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Abstract

We aim to advance Therapeutic Change Process Research (TCPR), a field dedicated
to find out what treatment –by whom and under which set of circumstances– is
most effective for this individual with that specific problem. Our approach advo-
cates that assessing the therapeutic exchange between client and counsellor pro-
vides a possibility to open the ‘black box’ of therapy to learn more about What
Works When for Whom (WWWW). Web-based interventions provide an unique
opportunity for TCPR: as online counselling is effective, all active ingredients
of therapy should be included in the exchanged e-mails. Through seven propo-
sitions, we argue why the e-mail based ‘talking cure’ contains a wealth of in-
formation about the WWWW question, and present an approach that consists
out of three parts. In the first part of the thesis, we discuss the automated and
qualitative TCPR methods that are used to study language. In the second, we
discuss the TCPR models that are (and should be) used to model the results of
these methods. We reflect on the differences between the models and methods
through the automation-explication framework. We favour multilevel modelling
methods for TCPR, but these models have a shortcoming: they cannot assess
negative clustering effects. In the last part, we present a gentle introduction to
Bayesian Covariance Structure Modelling: an alternative TCPR model that is capable
of addressing the WWWW question by modelling negative clustering effects.

Nederlandse vertaling van het abstract

We beogen om het veld van Therapeutic Change Process Research (TCPR; vrij ver-
taald: ‘onderzoek naar therapeutische veranderprocessen’) voortuit te helpen.
Dit veld is gedreven door de vraag Wat [voor psychotherapie] Werkt er Wanneer
en voor Wie (WWWW; What Works When for Whom)? Onze aanpak bestaat uit het
bestuderen van de therapeutische interactie tussen client en counsellor om zo
de therapeutisch ‘black box’ te openen in antwoord op de WWWWvraag. Aan
de hand van zeven stellingen beargumenteren we dat veel van de informatie
die relevant is voor TCPR moet zitten in de e-mails die worden uitgewisseld
in online interventies. Onze aanpak bestaat uit drie delen die we in deze the-
sis uiteenzetten: in het eerste bediscussiëren we de geautomatiseerde en kwal-
itatieve TCPRmethoden die gebruikt worden om taal in e-mails te bestuderen.
In het tweede deel bespreken we de verschillende TCPRmodellen die voor dit
doeleinde gebruikt worden. We reflecteren op het verschil in de methoden en
modellen aan de hand van het automation-explication framework. We hebben een
voorkeur voor de (uitlegbare) multilevel modellen, maar deze modellen hebben
ook een tekortkoming: ze kunnen niet het negatieve (vrij vertaald: ‘divergente’)
effect van clusters modelleren. In het laatste deel van de thesis besteden we hier
aandacht aan en introduceren we Bayesian Covariance Structure Modelling. Dit al-
ternatieve TCPRmodel beantwoordt de WWWWvraag door juist deze divergente
effecten te modelleren.
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Often-used abbreviations.

TCPR Therapeutic Change Process Research

WWWW What Works When for Whom

LIWC Linguistic Inquiry and Word Count (pronounced as the name ‘Luke’)
a program by Pennebaker, Boyd, et al. (2015)

AdB Alcohol de Baas (translated from Dutch as ‘Look at your drinking’)

AUD Alcohol Use Disorder (in chapter 5)

MLM Multilevel Model (in chapter 6; LME in chapter 7)

LM Linear Model (in chapter 7)

LME Linear Mixed Effects model (in chapter 7; MLM in chapter 6)

BCSM Bayesian Covariance Structure Modelling (in chapter 8)
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Woody Oh, what?! What?! These are plastic. He can’t fly!

Buzz Lightyear They are a terillium-carbonic alloy and I can fly.

Woody No, you can’t.

Buzz Yes, I can.

Woody You can’t!

Buzz Can!

Woody Can’t! Can’t! Can’t!

Buzz I tell you, I could fly around this room with my eyes closed!

Woody Okay then, Mr. Lightbeer! Prove it.

Buzz All right then, I will. Stand back everyone!

Woody That wasn’t flying! That was falling with style!

From the movie Toy Story by John Lasseter (1995)
produced at Pixar Animation Studios
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1General introduction and outline

At last the Dodo said,

“Everybody has won, and all

must have prizes.”

Alice’s Adventures in Wonderland
(1865, p. 34) by Lewis Carroll

Introduction

Mark Twain –author of The Adventures of Huckleberry Finn and Tom
Sawyer– is one of the most famous American writers.1 Twain was
twenty-six years old when hostilities between the northern and south-

ern United States broke out, and his role in the Civil War has long been the sub-
ject of dispute (Brinegar, 1963): the issue is whether he participated, and –if he
did– on which side he fought (Larsen & Marx, 2012, p. 4). Twain always dodged
the question, and took the answer to his grave. So . . . case closed?

The short answer: no. I remember the surprise I felt in high school when
I read about statistical tools for automatic text analyses, and how they could
help to reassess cases like Twain’s. Some historians argue that ten essays in the
New Orleans Daily Cresent could solve the mystery (Larsen & Marx, 2012, p. 4).
Written by “Quintus Curtius Snodgrass”, the essays described the war through
the eyes of a member of the Louisiana militia.

However, the army’s archives do not contain anyone with the name ‘Snod-
grass’. Also, the letters display the sense of humour and irony that were typical
for Twain’s work (Larsen & Marx, 2012, p. 4). Did Twain –the pen name of
Samual Langhorne Clemens– also use Snodgrass as a pseudonym?

A simple method to answer this question is to count the words of Twain and
Snodgrass. The frequency by which an author chooses words form an author-
specific frequency distribution. In other words: statistical assessment of language-

1The following case comes directly from Larsen and Marx (2012, p. 4 − 5, p. 460 − 464).
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Table 1.1: The proportion of three-letter words of Mark Twain and Quintus Cur-
tius Snodgrass.

Mark Twain pp. QCS pp.

Sergeant Fathom letter 0.225 Letter I 0.209

Madame Caprell letter 0.226 Letter II 0.205

Mark Twain letters in Letter III 0.196

Territorial Enterprise Letter IV 0.210

First letter 0.217 Letter V 0.202

Second letter 0.240 Letter VI 0.207

Third letter 0.230 Letter VII 0.224

Fourth letter 0.229 Letter VIII 0.223

First Innocents Abroad letter Letter IX 0.220

First half 0.235 Letter X 0.201

Second half 0.217

Average pp. 0.232 0.210

Note. Reprinted from Larsen and Marx (2012, p. 5) by the permission of Pearson
Education, Inc.
pp. Proportion of the number of three-letter words.
QCS Quintus Curtius Snodgrass.

use could make text characteristics –such as word length, number of verbs, and the
proportion of personal pronouns– as unique as a fingerprint (Brinegar, 1963).

Table 1.1 displays the proportion of three-letter words that Twain and Snod-
grass use in several of their writings. With this Table, the question of whether
the authors are the same person is now a matter of choosing between one of the
following hypotheses (Larsen & Marx, 2012, p. 5):

H0: The difference between proportions is so small (i.e. close to 0) that it is
reasonable to rule out possibility that Twain and Snodgrass are different
persons (i.e. Twain = Snodgrass).

Ha: The difference between proportions is so large that the only reasonable
conclusion is that Twain and Snodgrass are not the same person (i.e. Twain
6= Snodgrass).

Based on Table 1.1 we calculated Twain’s average proportion of three-letter
words as 23.2%, and 21.0% for Snodgrass. These proportions are obviously not
similar, but do the proportions also differ with a degree of statistical significance?
Choosing between H0 and Ha is –in fact– a statistical problem that can be ad-
dressed by calculating the t-statistic.

2
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An Introduction to the Thesis

An Equation is helpful (but this paragraph can be skipped). We refer to
the average proportions of Twain and Snodgrass as x̄1 and x̄2 respectively. The
number of observed proportions for Twain is 8 (n1), and 10 for Snodgrass (n2).
The pooled standard deviation sp is 0.012.2 The corresponding t-statistic can
then be calculated as:

t =
x̄1 − x̄2

sp
√

1
n1

+ 1
n2

=
0.231− 0.210

0.012
√

1
8

+ 1
10

= 0.022. (1.1)

A t-statistic with a value as small as the one in Equation (1.1) favours H0.2

In other words, an analysis indicates that it is likely that Twain and Snodgrass
are one and the same person! So . . . case closed? The short answer is (again) no.
Is one statistical analysis sufficient for claiming that two authors are one and
the same person? Brinegar (1963) conducted a batch of analyses with other text
characteristics, and almost all favoured Ha, meaning that it is –in fact– highly
unlikely that Twain wrote the Snodgrass letters.

Profile of the thesis

Text mining offers to opportunity to systematically compare texts based on as-
pects that are not always straightforward to measure manually (such as the pro-
portion of three-letter words). But –as the example shows– it leaves open what
aspects of a text should be studied: it is not always straightforward how mean-
ingful conclusions can be based on text mining research. In this thesis, we will
argue that text mining questions pertaining to Therapeutic Change Process Research
(TCPR) require a multidisciplinary and multilevelled analysis. In the next section
we address the context that makes TCPR stand out.

And as this thesis is the result of what I’ve learned since I first read about the
Snodgrass letters, it felt natural to return to the case that introduced me to the
field (and don’t we all enjoy a mystery)?

Therapeutic Change Process Research

The overarching goal of the thesis is to advance TCPR. Our approach adheres to
the statistical analysis of language in similar fashion to the Snodgrass-case. In
the next section we discuss the research questions that we address throughout
the thesis, but first we discuss the global impact of mental health issues.

2For the full calculation, see Larsen and Marx (2012, p. 460 − 464).
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1.1. Therapeutic Change Process Research

The global impact of mental health issues

It is well-known that mental health problems are one of the most significant
causes of the global disease burden (Vos et al., 2015), with many people hav-
ing some degree of experience with a mental health issue. The staggering and
worldwide impact of mental illness is established through decades of research
(WHO; Degenhardt et al., 2018): more than one in three people meet criteria for
diagnoses of a mental disorder at some point in their life (Andrade et al., 2013;
Ginn & Horder, 2012; Steel et al., 2014), so it is not surprising that one in six
people experienced a mental health problem in the past week (McManus et al.,
2016).

These statistics stress the worldwide impact: around 25% of the global popu-
lation and about 33% of Europe have a mental health issue every year (Formánek
et al., 2019), and these numbers increase annually (Andrade et al., 2013). It is
likely that these numbers should be higher, as in some parts of the world it is
difficult to assess mental health of people (and the available numbers differ be-
tween reports; Harpham & Molyneux, 2001; Karpenko & Kostyuk, 2018; Lin,
1983; Que et al., 2019; van Voren, 2017).

In this thesis, we will advocate a methodological approach to advancing
TPCR. With this emphasis, we have to limit our scope and chose to focus on
two of the most common mental health disorders.

Depression

Depression alone is among the leading causes of disability worldwide, and a
major contributor to the burden of suicide and ischaemic heart disease (White-
ford et al., 2013). In the Netherlands alone, 18% of the adults between 18 and 65

years old suffered from mental illness during the last year, and around one mil-
lion individuals seek psychological treatment each year (de Graaf et al., 2010).
Mental health problems cause important limitations in social functioning and in
quality of life, and contribute to about a quarter of the losses in Dutch health life
years (de Graaf et al., 2011). There are various interventions available to treat
depression, but in this thesis, we specifically focus on web-based interventions
that rely on the exchange of e-mail between client and counsellor.

The ‘Op Verhaal Komen’-intervention The data we use to study depression
were collected as part of the Op Verhaal Komen-intervention (‘The stories we live
by’ in Dutch; Bohlmeijer & Westerhof, 2010). Lamers et al. (2015) used a ran-
domized controlled trial to investigate the short-term and long-term effects of

4
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an e-mail-guided intervention. We extent their analyses by assessing the content
of their e-mails through similar methods as the Snodgrass-case.

Alcohol use disorder

AUD is the most prevalent substance use disorders of all with 283 million in-
dividuals affected globally (Ball et al., 2006; Degenhardt et al., 2018; Rehm et
al., 2013). Alcohol-related problems are difficult to treat: total treatment dura-
tion of AUD is –on average– up to 18 years (Bruffaerts et al., 2007; Chapman
et al., 2015; Korbmacher, 2014), with only one in three problematic drinkers ever
seeking treatment (Cunningham & Breslin, 2004). However, especially for AUD
(Cloud & Peacock, 2001), it turns out that web-based interventions have a lower
threshold than face-to-face therapy (Vernon, 2010).

The ‘Alcohol de Baas’-intervention Because those who are alcohol dependent
are more active online nowadays, data from web-based interventions hold po-
tential for understanding AUD. The data we use for AUD were collected by
Marloes Postel (2011), in association with Tactus Verslavingszorg (‘addiction care’
in Dutch). Similar to the study of Lamers et al. (2015), the content of the e-mails
were not included in the original analyses, which is how we extent the work of
Postel (2011).

Research questions

Against this background, we can introduce the thesis’ research questions, listed
in Table 1.2. We focus on the aspects that fit the overall narrative. As our
overarching goal is to advance TCPR, we start with a basic question: why is
TCPR so important?

Many researchers agree that the relevance of TCPR lies in a ‘shortcoming’ of
randomized controlled trials (Elliott, 2010). Effect studies –like these RCTs– are
considered to be the golden standard of scientific research. These studies can
establish that an effect occurred, but as this is an average group-level effect, it is
unable to show which aspects of the intervention are related to the change that
the intervention establishes. As a consequence, how change occurs as a result
of therapy remains a black box, and the What Works When for Whom question
(WWWW) cannot be addressed.

5
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1.2. Research questions

Table 1.2: Research questions.

# Part Ch. Research question

i I 2 Which qualitative methods are used for TCPR?

ii I 2 Which of these methods have potential for automa-
tion?

iii I 3 Which text mining methods are used for TCPR?

iv I 4 What differences are there between research disci-
plines with respect to automation?

v I 4 What differences are there between research disci-
plines with respect to explication?

vi II 5 How can current state-of-the-art machine learning
models be used study e-mail data?

vii II 6 What makes multilevel models particularly suitable
for studying e-mail data?

viii III 7 How do negative clustering effects affect statistical
modelling?

ix III 8 How can negative clustering effects help to under-
stand What Works When for Whom (WWWW)?

x III 8 Why is Bayesian Covariance Structure Modelling a valid
approach for studying WWWW?

PART I: TCPR methods

TCPR recognizes that effect studies alone are not the way forward. The history
of psychotherapy research is marked by a gradual increase in the understand-
ing of psychotherapeutic change processes (Braakmann, 2015; Orlinsky et al.,
2004). Aside from historical relevance, the main research question of TCPR also
closely aligns with the clinical practice (Norcross & Wampold, 2011): clinicians
are specifically interested in what treatment, by whom, is most effective for this
individual with that specific problem, and under which set of circumstances (Paul,
1967; Tasca et al., 2015, p. 111).

Because almost all treatments rely on the conversation between client and
counsellor (Garfield, 2006), we will argue that assessing the language use in this

6
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exchange provides an important avenue into the WWWW question. Because text
is a ‘data-format’ of language that is straightforward to analyse, it is no surprise
that TCPR has a long-standing tradition in the analysis of transcribed language
(see for example the work of Gottschalk, 1995; Gottschalk & Gleser, 1979).

As our approach to TCPR adheres to the study of natural language, the ma-
jority of the relevant TCPR methods is of qualitative nature (Elliott, 2010, 2012;
Street et al., 2009). To obtain a complete and thorough overview of all available
methods, our first research question is which qualitative methods are used for TCPR
(see Table 1.2).3 This question will be addressed in chapter 2. As automated
methods are becoming increasingly popular, chapter 2 also addresses the ques-
tion which of the qualitative methods have potential for automation. As there also
are many automated (i.e. ‘text mining’) approaches for studying texts, chapter 3

addresses the question which text mining methods are used for TCPR?

A systematic review of the literature is perhaps the best way to answer these
questions, because it involves a systematic evaluation and integration of all the
relevant literature. This is especially relevant for TCPR, as many researchers
formulated their own approach to TCPR, and the literature sprawled in many
directions. With these three research questions, part I of the thesis (see Table 1.2)
provides an overview of the state-of-the-art TCPR methods. As there are many
methods, we use the remainder of part I to reflect on the differences between ap-
plied domains such as psychology (chapter 2) and more technically orientated
fields (such as computer science; chapter 3). To do so, we identify two trade-offs
in chapter 4 that differentiate between technical- and applied-fields: the orienta-
tion of explication, and the method of automation. These two trade-offs form the
automation-explication framework, which can help to understand what differences
are there between research disciplines with respect to automation and explication?

PART II: TCPR models

Knowing specifically which automated TCPR methods are available is relevant
because technology is on the rise in psychology. Web-based e-mail interventions
improved access to psychotherapy for a wider audience (Hoogendoorn et al.,
2017), come at low-cost (Schweitzer & Synowiec, 2012), have no to (relatively)
short waiting lists (Amichai-Hamburger et al., 2014), are available during a pan-
demic (Peng et al., 2020), and can be as effective as face-to-face therapy (Anders-
son & Cuijpers, 2009; Barak et al., 2008; Gainsbury & Blaszczynski, 2011; Howes
et al., 2012).

3In the remainder of this section, the research questions are all in italics, see Table 1.2 for an
overview.
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The e-mail conversations that we address in the thesis come from web-based
psychotherapeutic interventions where the client and counsellor are in differ-
ent locations, the client follows a (semi-)structured program in an online en-
vironment, the client is guided by the counsellor through e-mails for x given
weeks, and communication between client and therapist is mainly asynchronous4

(Chester & Glass, 2006; Novak & Pahor, 2017), as online counselling mainly relies
on the exchange of e-mail (Rochlen et al., 2004).

Based on the literature reviews we conducted in part I, we found a particu-
lar recurring theme: many researchers mention that TCPR would benefit from
statistical models that can appropriately analyse “sequentially dependent observa-
tions” in e-mail data (Elliott, 2010). Many researcher stress that TCPR requires
a “refinement of statistical methods [. . . ] to fully account for the multilayered complex-
ity of therapeutic processes” (Knobloch-Fedders et al., 2015). Models with these
properties exist, but as there are disciplinary differences, it is possible that many
models are unknown beyond their discipline. In part II, we reflect on the models
that are available for TCPR.

As different research disciplines have different (TCPR) preferences, it is not
surprising that various fields have a different opinion on what is ideal in the con-
text of TCPR. Almost all researchers will agree that a model should be suitable
for large scale analysis, can detect therapeutic change (in the exchange between
client and counsellor), and can address these changes over time. We discuss ma-
chine learning models that fit this description in chapter 5, and statistical models
in chapter 6.

In chapter 5 we discuss how current state-of-the-art machine learning models can
be used to study e-mail data from a web-based intervention for the treatment of
AUD. The models we use in chapter 5 are typical examples of models aimed at
maximising accuracy, rather than providing a good explanation. These machine
learning approaches contrast with the statistical model we discuss in the next
chapter. In chapter 6 we discuss why we favour the use of multilevel models
for TCPR. We address how text mining methods in general can be applied to e-mail
data, and argue why multilevel models in particular should be used for the analysis of
e-mail. As a proof-of-concept, we (re-)analyse the data from Lamers et al. (2015).
We also propose a slight reparametrization of multilevel models to adequately
assess therapeutic change.

By discussing the relevant TCPR models in chapter 5 and 6, part II of the
thesis presents an overview of the models that are available for TCPR. And even

4Asynchronous contact is the most common form of communication in web-based-treatment:
client and counsellor talk ‘in turns’ by responding to each others messages, and communication
is therefore time-delayed (Gainsbury & Blaszczynski, 2011).
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though we prefer the use of multilevel models for TCPR, there is one short-
coming that underlies all standard multilevel models. Without discussing the
content of chapter 6 in detail here, we have to address one specific aspect of the
multilevel model here, as it forms the basis of (our discussion of) part III of the
thesis.

Multilevel models have the advantage that they can incorporate the levelled
structure of data. This idea holds potential for TCPR, as change processes are
often multifaceted and multi-layered (Knobloch-Fedders et al., 2015). As a coun-
sellor has multiple clients, the clients are said to be ‘nested’ within a counsellor,
as clients with the same counsellor are exposed to a similar treatment environ-
ment (Kenny & Hoyt, 2009). By treating counsellors as a level in the hierarchy,
multilevel models make it possible to quantify the effect a counsellor has on his
or her clients.

PART III: An alternative TCPR model

While trying to model the effectiveness of the counsellors in chapter 6, we found
that we were unable to do so because multilevel models5 have an ill-understood
shortcoming. Further explorations of this ‘defect’ led us deep into almost com-
pletely uncharted territory about negative clustering effects (i.e. multilevel mod-
elling with ‘negative variance components’).

It turns out that it is impossible for (standard) multilevel models to assess
the negative associations between observations within clusters, which we show
in chapter 7. When the data is not independently sampled but positively cor-
related (i.e. observations are more similar to each other than randomly sam-
pled observations), we use multilevel models. However –as we show in chapter
7– multilevel models can only assess positively correlated data, and negatively
correlated data (i.e. negative clustering effects) are impossible to address with
standard multilevel models.

We also use chapter 7 to illustrate that the data we used in chapter 6 con-
tains these negative cluster effects. We present a simulation study to show how
negative clustering affects statistical modelling, and demonstrate the effects negative
clustering has on parameter estimation, the type-I errors, and hypothesis testing.

Chapter 7 leaves one important question open: if multilevel models can-
not assess negative clustering effects, how should these effects then be treated?
In chapter 8, we give a gentle introduction to the Bayesian Covariance Structure

5In chapter 6 we refer to these models as multilevel models, in chapter 7 as linear mixed models.
Multilevel models are also known as hierarchical linear models, mixed models, nested data models,
random coefficient, and random-effects models (Raudenbush & Bryk, 2002a).

9
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Modelling (BCSM) framework (Fox et al., 2017; Klotzke & Fox, 2019a, 2019b). We
show why BCSM is a valid approach for studying negative clustering effects, and pro-
vide a gentle introduction to the (mathematical) background of BCSM. We also
apply BCSM to the Lamers et al. (2015) data (we used in chapter 6) and show
that we were unable to estimate the counsellor effect in chapter 6, because the
counsellors had a negative clustering effect on their clients (also discussed in
chapter 7). We discuss that this effect is –in fact– an individualized effect, and
argue that negative clustering effects contain information about the WWWW question.

The final chapter: a general discussion

A roadmap through the thesis would be helpful: in part I we introduce TCPR,
a research discipline devoted to studying the WWWW question, and present an
overview of the available TCPR methods. In part II, we discuss different TCPR
models, and argue for the importance of multilevel models. In part III we intro-
duce BCSM, an alternative TCPR model capable of assessing negative clustering
effects, which are intricately related to the WWWW question. So, in part I we
synthesize what is already done, in part II we apply existing models to e-mail
counselling, and in part III we explore a new approach.

We conclude the thesis with chapter 9, where we summarize (and where
possible) integrate part I, II, and III. We also addresses the general limitations of
our research projects, and provide an overview of the implications for future re-
search. We summarize the results of the thesis by posing seven research question
(see Table 9.1).
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The impetus for this article is to make the case for more
research on mechanisms of therapeutic change. This is
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ii2Towards Text Mining Therapeutic
Change: A Systematic Review of

Text-Based Methods for Therapeutic
Change Process Research

Abstract

Therapeutic Change Process Research (TCPR) connects within-therapeutic change pro-

cesses to outcomes. The labour intensity of qualitative methods limit their use to small

scale studies. Automated text-analyses (e.g. text mining) provide means for analysing

large scale text patterns. We aimed to provide an overview of the frequently used

qualitative text-based TCPR methods and assess the extent to which these methods

are reliable and valid, and have potential for automation. We systematically reviewed

PsycINFO, Scopus, and Web of Science to identify articles concerning change processes

and text or language. We evaluated the reliability and validity based on replicability,

the availability of code books, training data and inter-rater reliability, and evaluated the

potential for automation based on the example- and rule-based approach. From 318

articles we identified four often used methods: the Innovative Moments Coding Scheme,

the Narrative Process Coding Scheme, the Assimilation of Problematic Experiences Scale, and

Conversation Analysis. The reliability and validity of the first three is sufficient to hold

promise for automation. While some text features (content, grammar) lend themselves

for automation through a rule-based approach, it should be possible to automate higher

order constructs (e.g. schemas) when sufficient annotated data for an example-based

approach are available.

Keywords: Therapeutic Change Process Research (TCPR), systematic review,
text-based qualitative methods, text mining, automation
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Introduction

Big data and automated analysis methods are nowadays so omnipresent
that they change traditional scientific research practices. Publications
investigating new possibilities that these methods bring forth appear al-

most on a daily basis in every scientific discipline, and the field of psychotherapy
research is no exception (Owen, 2013). The rising popularity of machine learn-
ing methods to automatically analyse large bodies of data or texts accelerates
research not only by allowing new kinds of research questions to be answered,
but also by re-establishing the relevance of known questions which require the
analysis of (text) data.

As early as Freud’s talking cure, the importance of looking at language to
understanding the therapeutic process has been recognized (Smink, Fox, et al.,
2019).1 The idea that the verbal exchange between counsellor and client con-
tains important ingredients of therapy fuelled psychotherapy research (Imel et
al., 2015). There is a long-standing tradition of studying the linguistic ‘products’
of therapy (e.g. homework exercises, diaries, transcripts) in order to under-
stand therapeutic change. The underlying idea is that the assessment of natural
language use can reveal the process and changes over the course of therapy
(He, 2013). Thus, counsellor and client transcripts could potentially be a direct
observation of the therapy process (Elliott, 2012; Gelo et al., 2012; Murphy et
al., 2015). From this perspective, the psychotherapeutic process is considered a
highly structured form of interaction, of which many important aspects are of
linguistic nature.

Text-based therapy research has mainly relied on manual coding and hu-
man interpretation (Elliott, 2010). With the rise in available therapeutic texts in
this digital age, automated analysis is making its entry into therapy research.
There is now a growing number of studies on automated screening and diagno-
sis (Adler, 2012; Andersson & Cuijpers, 2009; Atkins et al., 2014; Tanana et al.,
2015), and interest in automated analysis of the therapy change process is also
picking up (cf. Howes et al., 2014). In our view, automated analyses in this field
did not yet reach full potential because there are privacy and ethical concerns
with sharing data from clients and patients (Bennett et al., 2010; L. Bishop, 2009),
and because the field is pragmatically organized. This means that data driven
approaches prevail (there are –of course– exceptions, cf. Cariola, 2015; Mergen-
thaler, 1996; Murphy et al., 2015), and that –for some methods– the availability of
data for automated analysis determined the research questions and approaches,
rather than that these decisions are based on psychological theory and research.

1Smink, Fox, et al. (2019) is chapter 6 of this thesis.
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We propose that human interpretation and computer-based automated anal-
ysis can benefit from each other, and each have their distinct function. The large
body of existing theories, models and methods for text-based analyses devel-
oped for understanding therapeutic change are currently underutilized. Yet, we
would argue that these theories, models and methods are crucial for generating
meaningful questions for automated analysis, and for a meaningful interpreta-
tion of patterns detected by a computer. Vice versa, the idea is that computers
can be trained to perform (at least part of) the very labour intensive work of
coding large bodies of text. This would enable the testing of hypotheses at an
unprecedented scale, which is difficult to do with many of the existing methods
that assess therapeutic change processes (Elliott, 2010).

Therefore, we have the ambition to align automated analyses with existing
text-based methods for therapeutic change processes. A prerequisite of a well-
founded, meaningful development of automated text analysis is an overview of
the available qualitative methods developed for the purpose of understanding
psychotherapeutic change. Towards that end, we present our systematic review
of literature on relevant peer-reviewed, published text-based methods for study-
ing therapy change. In the remainder of this introduction, we first describe the
field of Therapy Change Process Research (TCPR; Smink, Fox, et al., 2019), followed
by a description of what text mining is, and what text mining has to offer in
the context of understanding therapeutic change processes. We conclude with a
discussion of rule- and example-based approaches for text mining.

Therapeutic Change Process Research

Over a third of the people in most countries report problems at some time in
their life which meet criteria for diagnosis of one or more of the common types
of mental disorder (WHO; Degenhardt et al., 2018). For example in the Nether-
lands, mental health problems contribute to about a quarter of the losses in
Dutch health-life years (de Graaf et al., 2011). In light of these statistics, it is
not surprising that more than a thousand different psychotherapies have been
developed (Garfield, 2006). Hundreds of studies already demonstrated that pro-
fessional treatment can help people change in desired ways (Lambert & Bergin,
1994). To ensure that these therapies are supported by sufficient empirical evi-
dence the APA adopted a resolution on the effectiveness of psychotherapy (L. F.
Campbell et al., 2013).

However, progress in psychotherapy research is not made by only demon-
strating the effectiveness of a treatment. In spite of thousands of studies pub-
lishing the outcomes and effects of therapies (Barkham et al., 1993; Elliott, 2012;
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Nock, 2003), the most intriguing questions remain: why and how do treatments
work for whom? Studies aimed at average effects at group level fail to under-
stand vast individual differences in responsiveness to therapy (Kazdin & Nock,
2003; Kent & Hayward, 2007; Norcross & Wampold, 2011; Tasca et al., 2015).
Therefore, TCPR “aims to identify the mechanisms through which psychological treat-
ments bring about positive and therapeutic change” (Smink, Fox, et al., 2019).

TCPR is accordingly defined as “the scientific investigation of what occurs dur-
ing psychotherapy, with regard to its clinical meaningfulness; in other words, it investi-
gates the process through which clinically relevant changes occur within psychotherapy”
(Gelo & Manzo, 2015, p. 259). Smink, Fox, et al. (2019) noted that various names
and definitions are used throughout the literature: Change Process Research (CPR;
Elliott, 2010; Greenberg, 2007), Psychotherapy Process Research (PPR; Gelo et al.,
2012), and some of the early works simply refer to ‘change’ (cf. Braakmann, 2015;
Hill & Corbett, 1993; Shapiro, 1995). To emphasize that we are dealing with
change resulting from therapy, we propose to describe change processes as Ther-
apeutic Change Process Research (TCPR; Smink, Fox, et al., 2019). We use the terms
therapy and therapeutic synonymously with psychotherapy and psychotherapeutic.
‘Change’ in TCPR then refers to the (positive) improvement in the client that
is the result of psychotherapy (i.e. psychotherapeutic change). Although it is
conceivable that therapeutic interventions (also) have negative effects, we limit
ourselves here to the positive and beneficial effects of therapy.

Greenberg –who formally defined [T]CPR in 1986– was, together with Carl
Rogers (1961), among the firsts to argue for the importance of understanding
change. Since then, many different TCPR methods have been developed (Braak-
mann, 2015; Elliott, 2010; Wallerstein, 2001). Like other psychological research
methods, TCPR methods also vary in their reliance on forms of statistical infer-
ence (Mörtl & Gelo, 2015). In a rather broad definition, qualitative psychological
methods mainly rely on the interpretation of natural language (Hill & Corbett,
1993). Contrasting are quantitative linguistic TCPR research methods, that in
practice usually equate to forms of counting of words (cf. Linguistic Inquiry and
Word Count, LIWC; Pennebaker, Boyd, et al., 2015). LIWC, pronounced as the
English name Luke, appears to be one of the forefront of the quantitative meth-
ods; in our current work, we however focused on the qualitative approach. For
a more complete overview of (the differences between) quantitative and qualita-
tive methods, see Gelo and Manzo (2015, p. 259).

Most examples of qualitative approaches adhere to the interpretative study
of the natural language used in therapeutic interaction (Elliott, 2010, 2012; Street
et al., 2009), and are based on the assumption that word use reflects various psy-
chological processes and change mechanisms (Arntz et al., 2012). For example,
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Wynn and Wynn (2006) identified cognitive, affective, and sharing empathy in
sequences of therapeutic talk.

Over time, qualitative and quantitative approaches to TCPR developed into
rather independent and different communities of researchers (Braakmann, 2015;
Salvatore et al., 2012; Wallerstein, 2001). By systematically reviewing the qual-
itative TCPR approaches, we intend to present the state-of-the art, allowing for
more integration of the two approaches. Clearly, there is room for doing so: the
recent increase in web-based interventions (there is a variety of different names
for online therapy methods, see Barak et al., 2008; Oh et al., 2005), like e-mail sup-
ported life-review interventions (e.g. Amichai-Hamburger et al., 2014; Lamers
et al., 2015), generate textual data directly, discarding the need for transcriptions
(Chung & Pennebaker, 2007; Imel et al., 2015), omitting this labour-intensive
process. Also, data of therapeutic sessions are nowadays more easily collected
than ever (Andersson & Cuijpers, 2009; Andrews et al., 2010; Hoogendoorn et
al., 2017).

Nevertheless, the increased availability of these data did not lead to a sub-
stantial increase or popularization of TCPR research in general (Gelo & Manzo,
2015): all developments resulted in larger availability of data, although this does
not also automatically result in larger access to datasets for research. Partly, this
is because the privacy of respondents is protected by ethical protocols and strict
legislation, which prohibits data sharing and making datasets publicly available
for TCPR (Bennett et al., 2010; L. Bishop, 2009). Another reason –and one that
we shall discuss in detail– is because “the technology for evaluating psychotherapy
[for the qualitative field] has remained largely unchanged since Carl Rogers first pub-
lished verbatim transcripts in the 1940s: sessions are recorded and then evaluated by
human raters” (Atkins et al., 2014). Indeed, development of the automated re-
search methods is –relatively– slow (in comparison to other fields in Psychology
and Psychiatry; Abbe et al., 2016).

Text mining therapeutic change

As some argue that the amount of textual data currently available makes human
evaluation no longer a feasible, valid or reliable method given realistic time- and
budget constraints (Basit, 2003; Imel et al., 2015; Snow et al., 2008), it should
not come as a surprise that text mining methods appear to be on the rise in
psychology (Sools et al., 2019).2 Text mining refers to a general methodological
framework that includes several automated methods to analyse large corpora
of texts. Practically, text mining approaches in psychology include counting

2Sools et al. (2019) is chapter 3 of this thesis.
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words, identifying topics, and coupling the terms to a domain-specific ontology
(Hoogendoorn et al., 2017). As text mining combines techniques and methods
from many disciplines –including linguistics, statistics, computer science, natu-
ral language processing (NLP), artificial intelligence, information retrieval and
data mining– it is not surprising that terms referring to the automatic extraction
of information from text are used interchangeably, such as text mining and NLP
(Jurafsky & Martin, 2014). Therefore, text mining is broad umbrella term that
refers to a general methodological framework that includes several automated
methods to analyse large corpora of texts.

We recommend novel and aspiring practitioners of text mining the works of
R. Feldman and Sanger (2007) and Jurafsky and Martin (2017), and Manning
and Schütze (1999). We recommend aspiring text mining practitioners the NLTK

library, which is available in the programming language Python, and has an
extensive step-by-step manual written by Bird et al. (2009, which can also be used
by those with little to no familiarity to programming or Python). We recommend
Sools et al. (2019) to those especially interested in text mining TCPR.

It is possible to identify a framework of studies that model change processes
similar to what we aim to achieve by combining text mining and TCPR. For our
purpose, we distinguished these works as theory- and data-driven approaches.
The most well-known automated theory-driven text analysis tools is perhaps
LIWC (Pennebaker, Boyd, et al., 2015). This text analysis program counts words
in psychologically meaningful categories, and because it relies on previous re-
search and theory to establish the relevance of the word categories it is con-
sidered a theory-driven method. Empirical results using LIWC demonstrate
its ability to detect meaning in a wide variety of experimental settings, such as
showing attentional focus, emotionality, social relationships, thinking styles, and
individual differences (Pennebaker et al., 2003).

Data-driven techniques are often developed to be broadly applicable, and
regularly apply standard text mining tools to data with less reliance on a spe-
cific text analysis theory developed for that field. An example of a data-driven
method is topic modelling, which refers to the use of type of statistical to dis-
cover abstract topics occurring in a collection of documents (Blei et al., 2003).
For example, Atkins et al. (2012) used this technique to analyse transcripts of
therapy sessions from couples in a randomized trial, where the topic model es-
tablishes which words tend to occur together in transcript documents (e.g. mom,
mother, dad, sister, and brother all belong the topic family).

The distinction between theory- and data-driven methods is then character-
ized by the extent to which methods incorporate theoretical knowledge. LIWC
is a method that relies mainly on theory, whereas topic models are mainly data-
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driven. The characterization of theory- or data-driven methods becomes relevant
in the context of what we would call the distinction between the rule- and exam-
ple-based approach.

The former is based on annotated data and coding schemes, whereas the lat-
ter is based on linguistic information and text feature extraction. For example,
Pfäfflin et al. (2005) examined patterns across therapy by labelling utterances
and sessions with several client-counsellor relationship variables. These manu-
ally labelled texts were then used for the text mining analyses. The rule-based
approach is characterized by a more or less ‘automatic’ extraction of text features
from texts through a set of pre-defined rules. For example, Anderson et al. (1999)
determined several process verbs, and counted their occurrence in therapeutic
sessions. Another example is Atkins et al. (2014), who rely on topic-modelling
to cluster sessions based on similarities in word use in the in-therapeutic utter-
ances.

Within the theory-driven approaches, we distinguish between those relying
on rule- and example-based approaches. As we will argue, this differentiation
within the text mining field is relevant to the question how TCPR research can
(best) be automated. The distinction between theory- and data-driven methods
is not made formally: the majority of methods is a hybrid, and –if one intends
to classify methods based as theory- or data-driven– it is perhaps best to place
methods a continuum where theory- and data-driven mark the edges.

Rule- and example-based approaches to automation

There are multiple approaches for text mining; we will discuss and highlight the
importance of rule- and example-based approaches. Especially rule-based mod-
els are best understood in their historical context, but we keep the discussion
of the history of the field to a minimum here (we refer the interested reader to
Jurafsky & Martin, 2014).

The rule-based approach

The earliest applications of what is now known as text mining come from com-
puter scientists who –just after the Second World War– tried to model, anal-
yse and understand speech and written natural language through rule-based
language models (Johnson, 2009; Jurafsky & Martin, 2014). The work of these
pioneers emphasized the core of rule-based models: some input (a text or ver-
batim) is mapped to an output (a label or a category) through some function.
Rule-based language models describe a set of models that explicitly define the
relation between input and output through a set of hand-coded rules for the
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function (Mykowiecka et al., 2009). The rule-based approach thus mandates that
the researcher explicitly specifies the routine by which lexical clues will be ob-
tained, or that the researchers specifies exactly in advance which words contain
relevant information.

For example, a comprehensive search string (a ‘regular expression’; Brzozowski,
1964; McNaughton & Yamada, 1960) was used to detect whether an utterance
contains a check question, suicide ideation, appreciation or surprise (Althoff et
al., 2016). Similarly, decision trees with hand-crafted rules were used to classify
sentences to open-ended questions (Gallo et al., 2015). The rule-based approach
was also used to distinguish differences between linguistic measures and out-
come measures was examined in high and low verbalized affect segments (An-
derson et al., 1999). Others used the rule-based approach to show the correlation
between verb repetition and differences in affective arousal (Halfon et al., 2017).
This approach comes with the advantage that the researcher has direct control
on what is extracted from the text. The other advantage is that theoretical knowl-
edge can be directly applied: researchers often have a good idea on which words
or expressions are related to their outcome of interest. The disadvantage is that
when a researcher does not have theory to dictate what is important, it can be
difficult to decide which words or information is are ‘more’ relevant than others.

Another disadvantage that limited the practical use of rule-based models is
that the number of rules necessary to model natural language needs to be ex-
tremely large. Over the years, scientists from different fields (such as computer
science and electrical engineering; Jurafsky & Martin, 2014) began experimenting
with language models that were not based on comprehensive sets of rules, but
that ‘learned’ to model language based on ‘raw’ examples from texts. Around
1990, this led to what many refer to now as a ‘statistical revolution’ (Martinez &
Martinez, 2015); example-based (machine learning) models became more promi-
nently featured in text mining than rule-based models (Johnson, 2009; Manning
& Schütze, 1999).

The example-based approach

Around the 90s, computational resources and the availability of data both greatly
increased (for example the large Linguistics Data Consortium became available; Ju-
rafsky & Martin, 2014; Liberman, 2002), making way for example-based models,
which typically demand more data and computational power than rule-based
models. It turned out that the probabilistic data-driven models from statistics
and machine learning were better suited for modelling natural language (Sofaer
et al., 2019). In about the span of a decade, example-based models completely
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took over the field (Martinez & Martinez, 2015).

To sharpen the contrast with rule-based models, we propose to call these
models example-based, instead of ‘statistical’ or ‘machine learning’ models. The
core of example-based models is that they rely on statistical inference to auto-
matically learn the ‘rules’ of a language through the analysis of large corpora of
typical real-world examples (instead of through specific hand-written rules; M.
Bates, 1995). More formally: the function is ‘learned’ by providing an exampled-
based algorithm with specific examples of how the input and output should be
associated.

The example-based approach is characterized by the application of text min-
ing algorithms in order to find meaningful relations between human annotator
derived labels (or ratings) and lexical cues in the data. The example-based ap-
proach mandates sufficiently large hand-coded datasets where differences in the
text are related to differences in the outcome data (Basit, 2003). For example,
language models trained on (i.e. ‘machine learning’) hand-labelled counsellor
utterances for low and high empathy sessions are used to predict empathy in
sessions (cf. Xiao et al., 2016). Annotated data are also used to automatically
distinguish ‘change’ and ‘sustain talk’ in the client and counsellor utterances in
motivational interviewing (Tanana et al., 2015). The practice is clear: without
specification of any formal rule (that characterizes the rule-based approach), the
example-based approach is able to learn, classify and predict labels with satis-
factory accuracy if sufficient hand-coded data is available.

This approach comes with two drawbacks for the psychological practice.
First, it requires a lot of hand coded data, which is not always available (because
data sharing is not always allowed under strict privacy regulation Bennett et al.,
2010; L. Bishop, 2009). Second, the construction of such datasets is extremely
expensive in both annotator-hours and cost (Snow et al., 2008). Since the perfor-
mance of many natural language processing tasks is limited by the amount and
quality of data available to them (Banko & Brill, 2001), one promising alternative
for some tasks is the rule-based approach.

Note that our distinction between example- and rule-based approaches does
not mean that these two approaches are mutually exclusive. Figure 2.1 reflects
our view on the matter: the two approaches form the ends on a spectrum. A
method can rely on both approaches for automation, but usually one of the two
can be preferred over the other when a first attempt is made at automation.

25



ii

2.2. Method

rule-based
approach

example-based
approach

Figure 2.1: Research methods in TPCR can automated based on the extent by
which they rely on a rule- or an example-based approach for automation.

Research goals

TCPR aims to connect in-therapy change processes to outcomes. Qualitative in-
struments are commonly used to study the linguistic products of therapy. How-
ever, due to the dependence on human interpretation these methods are limited
in analysing the large bodies of text that are nowadays available, limiting their
use to small scale research. We therefore advocate the combination of TCPR and
text mining. Towards that end, we present a systematic review in which we aim
to provide an overview of the commonly used methods, peer-reviewed qualita-
tive text-based TCPR methods, assess to what extent these methods reliable and
valid, and assess the extent to which these methods are automatable based on
the rule- or example-based approach.

Method

A commonality of TCPR is the frequent co-occurrence of ‘process research’ and
‘change process’. We expressed interest in psychological treatments through the
queries ‘psychotherapy’, ‘counselling’, and ‘treatment’. We identified qualitative
TCPR through the queries ‘language’, ‘text’ and ‘transcripts’, including ‘narra-
tive’, ‘discourse’ or ‘conversation’ analysis, see Figure 2.2 for an overview of our
search query.
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Title

“change
process”

“process
research”

psycho-
therapy therapy therapeutic treatment counse*ing

qualitative
analysis

conver-
sation

discourse/
discursive

narrative language transcript text

AND
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Figure 2.2: Search query used to search the PsycINFO, Web of Science and Scopus databases. The key-words have blocks with
round corners; blocks with sharp corners indicate the search query’s domain (assessment of the title, or the full-text).
∗ indicates the use of a wild card, when different forms of spelling can be used.
/ indicates that two words are treated as equivalents.
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We used the first and third block of Figure 2.2 to search titles, abstracts and
full-texts, the second block was used to search only titles. As treatment-related
queries frequent in all psychotherapy articles, inclusion of these terms for full-
text searches led to an increase of many articles not directly related to the re-
search question. To ensure good coverage, we included several important and
impactful TCPR publications, for which we consulted TCPR experts.

Databases

We searched three scientific databases: PsycINFO, Scopus, and Web of Science.
PsycINFO should contain many TCPR records as it centres on psychology, the be-
havioural and the social sciences. We also used Scopus, as it contains the MEDLINE
databases, which also span psychiatry and medical psychology. To also include the
humanities, we also searched Web of Science.

Inclusion The inclusion criterion is that a study has to report on a TCPR in-
strument through the assessment of language or text-components, such as transcripts,
diaries, e-mails, psychotherapeutic assignments.

Exclusion Reasons for exclusion besides not meeting the inclusion criterion
were: not a scientific publication (e.g. commissioned report, organizational
project paper, book or book review); not an empirical study (e.g. theoreti-
cal perspective on change or therapy); aimed at another change process than
therapy (e.g. career counselling, flourishing); not a target group with common
mental health disorders (e.g. stuttering, sexual offenders HIV patients); and
not measuring (individual) client-counsellor interactions (e.g. group-therapy,
family-therapy).

Identification and selection of methods and studies

After removing duplicate articles, the first and last author independently screened
all titles and abstracts for inclusion and exclusion criteria. Identifying the arti-
cles to exclude turned out to be relatively straightforward. Agreement upon
inclusion was not so easily reached, and we calculated Cohen’s κ < .70. This
statistic mainly reflects that TCPR-related literature was addressed by multiple
different disciplines under a variety of different names, making it difficult to
reach agreement upon inclusion.

One of the two screeners was an experienced TCPR-researcher, the selection
of this screener turned out to mark more articles for inclusion. To avoid the
risk of excluding relevant articles –which is the largest risk when κ is below

28



ii

A Systematic Review of Text-Based TCPR Methods

the cut-off point of .70– we decided to include all articles that either one of
raters selected for inclusion. All literature marked for inclusion was then fully
read. Both screeners labelled the articles with the method that the authors used.
Finding the frequently used methods then –essentially– boiled down to counting
all the methods that were found.

We chose to only give an elaborate description the methods that were men-
tioned more than twice in the literature. We made the assumption that the
methods that were used only once or twice could not have had an lasting impact
on the TCPR field.

Data analysis

We assessed the full-texts of the articles that used frequently occurring methods
in three steps, one for each of the three research questions. Data analysis in these
three steps was conducted by the second author and checked by the first author.
As basis for the analysis we identified one key article for each of the methods.
The first article where the method was described in detail, or the article that
was referred to by all other articles using that method, the ‘source’-article. This
was supplemented by an analysis of articles citing the key article and/or using
the same method. We choose the key article to be the article that first proposed
the method, or contained the most information on how to specifically apply the
method.

Step 1. Description of the methods Here we describe, mainly on the basis
of the key article, if and how the theoretical background and main concepts of
the method are provided by the authors of the method. We paid attention to
how explicit and elaborated underlying theoretical models and concepts were
described.

Step 2. Assessment of quality criteria We looked at the reliability and validity
of the included methods. For our assessment, we first analysed if and how
authors provided argumentation to explicitly address the validity and reliability
of their method. This analysis of explicit accountability for the quality of the
methods was complemented by our own analysis of more implicit evidence for
the quality of the methods either within the key article, or by reference to other
articles adopting the same method. For assessment of the validity of a method,
we looked at internal and external validity.

Validity We deemed a method internally valid to the extent that claims and
constructs were substantiated with existing theories and models, and/or empir-
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ically validated using transcripts and examples. Internal validity increases to
the extent that an underlying theoretical framework or model (for the method
as a whole and/or for key constructs to be measured), is made explicit and de-
tailed by authors. In anticipation of the question about the automatibility of the
method, we additionally described whether applicability included the availabil-
ity of linguistic markers for the identification of labels (this also added to the
reliability of the measure).

The external validity of a method increased when transferral to other contexts,
client groups, or therapies is made plausible. As indications for transferability
of the method, we looked at explicit argumentation by the authors, and for
evidence that the method has been used in various applications. In addition,
we looked for more implicit indications for transferability, such as the provision
of points of comparison which enable analogical reasoning necessary to discern
commonalities and differences with other cases where the method could have
been applied (Smaling, 2003).

Reliability We deemed a method reliable when the description of the method
demonstrated consistency (the extent to which data can be analysed independent
from other raters and arrive at the same conclusions) and transparency (the possi-
bility to virtually replicate the procedures, failures, and successes of the original
study). We assessed the consistency of a method based on the reporting of the
inter-rater reliability score of the coding scheme (if provided), and the trans-
parency of the method depending on the presence of a manual or coding system
with good labels, examples of texts and a clear operationalization.

Step 3. Assessment of automatibility Because these qualitative methods were
not originally meant for automation, we deduced the potential for automation
from the combination of traditional criteria for methodological quality, e.g. reli-
ability and validity. In our view, reliability is a necessary condition for a method
to have potential for automation: if human raters cannot reach good reliability,
automated methods cannot be expected to do better. While this may generally
apply to all forms of text mining, we made a distinction between a rule- and
example-based approach for text mining, to let the qualitative research practice
better align with the nature of text mining methods.

An example-based approach to text mining requires the availability of a good
coding scheme with high inter-rater reliability. Based on large amounts of man-
ually coded data, a computer can be trained to repeat the analysis. The accuracy
of the computer in analysing which text segments are associated with which
codes, can then be tested using a test set (again consisting of annotated data).
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Table 2.1: Number of articles that mention different TCPR methods.

Methods Articles
Once 50 50

Twice 8 16

Often used 4 29

Total 62 95

Note. The 62 methods were disaggregated to whether they were mentioned once,
twice, or more than twice in the literature. We assessed the full-texts of 45 articles
(out of 95 in total, 47.4%) of methods that were mentioned twice or more often.

A rule-based approach to text mining on the other hand, does not require any
manual coding, but rather depends on the availability of linguistic markers for
TCPR-related constructs. The more information about word use, grammar, or
other linguistic features form text are provided, the higher chances that a suit-
able text mining tool can be identified (or developed) for mining the construct.

Results

Our search resulted in 192 articles in Scopus, 167 in PsycINFO, and 100 in Web
of Science, see Figure 2.3. After removing the 194 duplicates, the first and last
authors independently screened (the methods described by) 318 articles. Inde-
pendently, both raters selected (in total) 95 unique articles. These 95 articles
described a total of 62 methods that met the inclusion criteria in the opinion of
either one or both of the authors, see Table 2.1. 80.6% of these methods were
only mentioned once, covering 52.6% of all the included literature (percentages
can be calculated from Table 2.1). The other 12 methods, which are described
by 45 articles see Table 2.2 (and Figure 2.3), therefore also covered (slightly less
than) half of the included literature, but are far more likely to have impacted the
field. Eight of these methods were used only twice (see Table 2.1 and 2.2); the
other four methods occurred more than twice (see Table 2.2), and cover 64.4% of
all methods that occur more than once (see Table 2.1). After reading the full-texts
of the 29 articles describing the often used methods (see Figure 2.3), we entered
N = 7 articles in our study (see Figure 2.3), describe N = 4 TCPR methods (see
Figure 2.3).

Terminology

We included these four frequently used methods (by including their –in total– 7

manuals) in our review: Assimilation of Problematic Experiences (APES; Stiles et al.,
1990; Stiles et al., 1991), Innovative Moments Coding Scheme (IMCS; Gonçalves et
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Construction of the search
query (see Figure 2.2)

Search of key-words

PsycINFO
n = 192

Scopus
n = 167

Web of
Science
n = 100

Total number of papers
(n = 512)

Papers after du-
plicates removed

(n = 318)

Expert
suggestions
n = 10

Snow-
balling
n = 43

Duplicates removed
(n = 194)

Papers screened
(n = 318)

Excluded for various rea-
sons (see Methods section)

(n = 223)

Papers marked for inclu-
sion by both screeners

(n = 95)

Excluded meth-
ods used once

(n = 50)

Assessment of
the full-texts

(n = 45)

Excluded, see Ta-
ble 2.1 and 2.2

(n = 16)

Papers describing the
often used methods

(n = 29)

Excluded because
not the manual, first
or key publication

(n = 22)

Manuals included in
qualitative synthesis
and species analyses

(n = 7)

See Table 2.3 for the
manuals of the often
used TCPR methods

Total number of
TCPR methods

(n = 4)

The often used meth-
ods are APES, IMCS,
NPCS, and CA (see
Table 2.2 and 2.3)

Figure 2.3: Flowchart of the information through different phases of the system-
atic review. In total, we included 7 articles describing 4 methods, see Table 2.3
for the abbreviations of the methods and the corresponding articles.
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Table 2.2: Methods and how often they were encountered in the literature search.

# Methods Abbr. Count

1 Innovative Moments IMCS 16

2 Conversation Analysis CA 5

3 Assimilation Analysis APES 4

4 Narrative Process Coding Scheme NPCS 4

5 Comprehensive Process Analysis 2

6 Core Conflictual Relationship Theme 2

7 Discourse Analysis 2

8 Metaphor Analysis 2

9 Return-to-the-problem markers 2

10 Structural Analysis of Social Behaviour 2

11 Thematic Analysis 2

12 Therapeutic Collaboration Coding Scheme 2

Note. The first four methods are the methods that were used most often. We included
these four methods in our review. In total, we found 29 articles describing the four
often used methods, see Figure 2.3. We also included the abbreviations of their
manuals and codebooks, see Table 2.3.

al., 2010; Gonçalves et al., 2011), Narrative Process Coding Scheme (NPCS; Angus et
al., 1996), and Conversation Analysis (CA; Peräkylä, 2012; Voutilainen et al., 2011),
with IMCS clearly outranking the other three methods in terms of frequency (16

articles using this method as opposed to 5 times conversation analysis, and 4

times the other two methods, see Table 2.2).

We extensively studied 7 articles, describing 4 methods, see Table 2.3. The
terminology that we used to denoted the methods and articles will be in similar
fashion, to which we (sometimes) refer interchangeably. To avoid confusion, we
explicitly described the methods and their manuals in Table 2.3.

Coding schemes

We answer the research questions for each of these four methods. The first
(description of background and main concepts) and second research question
(assessment of their validity and reliability) culminate in the third question (po-
tential for automation). This assessment was done by the first two authors. See
Table 2.4 for an overview our findings on the quality assessment of these meth-
ods. We will discuss the content of Table 2.4 in detail in the four following
sections, one for each method, starting the most often used methods (see Table
2.2). If training data is present, we checked whether a references was made to
this training set (for example Gonçalves et al., 2011, refer to their training data).
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Table 2.3: Manuals of the often used methods.

Short Scale Manual

IMCS Innovative Moments
Coding System

Gonçalves et al. (2010)
Gonçalves et al. (2011)

CA Conversation
Analysis

Peräkylä (2012)
Voutilainen et al. (2011)

APES Assimilation of Problematic
Experiences Scales

Stiles et al. (1990)
Stiles et al. (1991)

NPCS Narrative Process
Coding System Angus et al. (1996)

Note. The seven manuals belong to the four methods mentioned in Table 2.2 and
Figure 2.3.

Table 2.4: Overview of the quality of the frequently used methods.

Method External
validity

Internal
validity Reliability Annotated

data Linguistic

IMCS Medium Medium High High ?

CA Low Low Low Low Low

APES High High Medium Partly Promising

NPCS ? Medium High High Promising

Note. We abbreviated the four often used methods: Assimilation of Problematic Expe-
riences (APES; Stiles et al., 1990; Stiles et al., 1991), Innovative Moments Coding Scheme
(IMCS; Gonçalves et al., 2010; Gonçalves et al., 2011), Narrative Process Coding Scheme
(NPCS; Angus et al., 1996), and Conversation Analysis (CA; Peräkylä, 2012; Vouti-
lainen et al., 2011). "?" refers to unknown, or not assessable in its current form.
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Innovative Moments Coding Scheme

IMCS screens therapy sessions for innovative moments (IMs). IMs are defined
as “episodes in which the person did, thought, imagined, or felt something different, or
related to others in a new way, distinct from the rules that the problematic self-narrative
‘prescribes’ for his or her life” (Gonçalves et al., 2010, p. 107). An IM is a concept
derived from narrative therapy. The underlying narrative approach to change
is contrasted with traditional psychotherapeutic models (e.g. social rather than
psychological, focused on re-authoring of alternative stories rather than repair-
ing deficit). While starting out as an alternative to traditional therapeutic mod-
els, the method is proposed to have wide applicability even extending to the
study of change in everyday life. The authors make their aim of generalizing the
method to diverse psychotherapeutic models and different populations explicit.
A further claim for the external validity of the method is presented by emphasiz-
ing its compatibility with mixed methods, including statistical procedures and
analyses, see Table 2.4.

Five types of IMs are distinguished: action, reflection, protest, reconceptual-
ization, and performing change IMs. These five types are clearly defined and
corroborated with literal excerpts. The methodological procedures for conduct-
ing IMCS involve data analysis by two raters who are blind with respect to the
outcome (therapy success) of the cases under analysis. Rater training involves
the identification of the on-set and off-set of IM as well as categorizing them
into the five types. The authors developed a coding training protocol, which
when followed successfully results in Cohen’s κ of at least .75. So, IMCS fulfills
requirements for consistency and transparency.

Linguistic markers which can provide an avenue for the rule-based approach
for the five categories are not clearly given in the codebook, but in the theoretical
background description, some of the main concepts are discerned with a keen
eye to grammar and word use, as can be seen in the distinction between an in-
ternal account of oneself (“My problem is that I have a low motivation to study”) and
an intentional state formulation (“My problem is that I feel that my parents want me
to . . . , or “I’m not so sure that I want that . . . ”). The existence of a reliable coding
scheme for the analysis of IMs makes this method suitable for the example-based
approach. The presented linguistic markers for identity and agency related con-
cepts show promise for translation into the rule-based approach, see Table 2.4.

Conversation Analysis

Under the umbrella term of CA, we found 5 articles that applied to this method
to study TCPR, but –like discourse analysis– with great variations in its applica-
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tion. Although CA for TCPR tends to be used “more generally and descriptively
at the conversation structure of therapy sessions rather than specifically focusing on
the change process” (Elliott, 2010, p. 129), there are notable exceptions such as
Voutilainen et al. (2011). However, the method’s reliance on in-depth analysis of
change sequences within a single case, together with its highly context-bound
nature, contribute to low external validity. The authors’ own suggestion that
the method can be viewed as a complement to other therapy change process
methods such as assimilation analysis supports the impression that there is no
specific theory or model guiding the method (Voutilainen et al., 2011). So, while
the method seems to be a promising addition to TCPR by offering a method for
understanding the interaction between counsellor and client, the internal valid-
ity of therapy change (the central concept), is low, see Table 2.4.

Regarding reliability, it should be noted that transparency is high in the sense
that literal citations are presented with elaborate argumentation anchored in the
text. We could not find one specific codebook, procedure or approach that sev-
eral authors repeatedly used for TCPR purposes (see Voutilainen et al., 2011, for
an overview of CA applied for psychotherapeutic research). Commonly, TCPR-
researchers referred to Peräkylä (2012), and Voutilainen et al. (2011), see Table
2.3. All in all, the low validity and reliability (at least concerning consistency) of
CA, makes its suitability for the example- and rule-based approach highly un-
likely in its current form. However, CA is more generally known as a rigorous
method, here evidenced by high transparency and adherence to CA rigorous
guidelines for anchoring analysis in actual text (Peräkylä, 2012). This charac-
teristic of CA potentially renders it automatable using a rule-based approach
to text mining, however, this potential is relatively low in comparisment to the
other three methods, see Table 2.4.

Assimilation of Problematic Experiences Scale

The APES method is –compared to the other three methods– based on the most
integrated model of therapy change, and presents a generic model to study
change that is common to all psychotherapies. Its external validity is substan-
tiated by a wide range of concepts and phenomena from various therapeutic
approaches as diverse as cognitive behavioural therapy and psychodynamic ap-
proaches. The central idea is that these diverse approaches share a common
component: the assimilation of problematic experiences. As the experiences
are assimilated, clients move through predictable stages. The generalizability of
the assimilation concept is dealt with in a paragraph dedicated to its general-
ity (Stiles et al., 1990, p. 416). That external validity is an explicit goal of this
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method, can also be seen its comparative objective of providing “a reference point
for evaluating the effectiveness of alternative techniques” (Stiles et al., 1990, p. 411).

Reliability of the method is also mentioned from the outset of the article by
emphasizing the aim of developing “a concise, internally consistent, researchable
model”. This ambition is then made concrete in definitions of the main concepts
(e.g. schema, problematic experience, assimilation and accommodation), and de-
scriptions of the partly overlapping stages of assimilation (unwanted thoughts,
awareness, problem clarification, insight, problem solution). The main concepts
vary in the extent to which linguistic markers are specified to identify their
occurrence in therapy text. For example “therapists and clients develop words or
phrases that bring to mind a constellation of concepts or memories, that is, re-evoke use-
ful schemata” is much more abstract than example phrases indicating problematic
experience (e.g. “I don’t know what this is about”, “this is not like me”, or “I can’t
stand this about me”; Stiles et al., 1990, p. 412). Application of the method is illus-
trated using two session summaries, where in-session citations are used to link
actual word use to overarching concepts (e.g. schemata). No session transcripts
are provided. We found no public access to the mentioned codebook.

All in all, APES scores highest in terms of external and internal validity, but
we could not fully assess its reliability due to lack of publicly available infor-
mation about a code book or inter-rater reliability results. Therefore, we expect
that automation through the example-based approach of APES is possible, pro-
viding that highly reliable manually coded data become available, see Table 2.4.
The potential for a rule-based approach to APES is dependent on the abstraction
level of the constructs to be mined. We would suggest that problem experiences
are detectable by text mining methods and techniques on the basis of content
and grammar, whereas identification of a higher order concept such as schema
is much more difficult to automate.

Narrative Process Coding Scheme

The main concepts in NPCS are narrative disclosure, emotional differentiation
and reflexive meaning-making. These three concepts allow the identification
of three process modes: storytelling, emotion, and meaning-making/reflection.
The internal validity and coherence between these concepts is given explicit at-
tention by the authors, who use the dialectical constructivist model to substan-
tiate the presented coding scheme (Angus & Greenberg, 2011). The application
of this method is from the outset of this article presented as specific to emotion-
focused therapy, although the underlying dialectical constructivist model of ther-
apeutic change appears to have wider relevance to other kinds of therapy. There-
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fore, external validity in terms of generalizability of the method to various types
of therapy does not appear to be an objective of the authors.

In contrast, reliability of the coding scheme is made an explicit point of at-
tention throughout the article, starting with “a two-step procedure that enables re-
searchers to reliably subdivide and characterize therapy session transcripts into topic
segments” (Angus & McLeod, 2004, p. 90). Topic segments are defined by key is-
sue and relational focus. These topic segments are then further divided into the
three process modes. Identification of these modes requires interpretation of a
text excerpt of “at least ten transcript lines in length” on the basis of three interpre-
tive questions: storytelling refers to text addressing the question “what happened
to me”, emotion to the question “what was felt by the client”, and reflection to
“what does it mean to me now”. The authors report that “good levels of inter-rater
agreement were established” at the level of topic segments as well as process mode.
Literal citations of session excerpts are presented, yet no specific word use in-
dicative of the three modes is mentioned. However, the authors mention that
they have recently found problem markers (e.g. same old story, empty story),
and change markers (e.g. unexpected outcome stories, healing stories). Notably,
these markers are at the abstraction level of stories and not at the level of specific
utterances.

In sum, we conclude that NPCS as presented in the key article, is in our view
both internally valid and reliable, yet its external validity in terms of applicabil-
ity beyond emotion-focused therapy of depression is unclear. We consider the
feasibility of the example-based approach of NPCS high, because of the exis-
tence of a highly reliable coding scheme. Despite the lack of linguistic mark-
ers reported for the three modes (storytelling, emotion, reflection), we consider
the rule-based approach possible, considering that the three modes correspond
closely to some of the widely used LIWC categories (cognition, emotion).

Discussion

Because half of the coding schemes we found were used only once or twice, we
have come to the conclusion that TCPR is a fragmented field with few attempts
for unifying the field. We included the seven manuals of the the four frequently
used TCPR methods in our review: IMCS, NPCS, APES, and CA. The first three
methods mainly focused on the improvement of the client, CA focused on the
interaction between client and counsellor. CA has a low validity and reliability
score, rendering both the example- and rule-based approach highly unlikely in
its current form. Incidentally, the CA literature on psychotherapy is perhaps
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best considered as a specific application of CA, because CA is –primarily– a
methodology for the analysis of social interaction, which has –on occasion– been
applied to therapeutic data. We therefore do not include CA in the general
reflection on the example- and rule-based approach that we give below. We
refer the interested reader to Peräkylä (2012) for a review on specific areas of
CA and psychotherapy, to Voutilainen et al. (2011) for an example of how CA
can be applied in a TCPR-setting, and to Stivers (2015) for a discussion of CA
and coding.

The other three methods are in its present state ready for automation to
varying degrees, depending on whether an example- or rule-based approach is
adopted. Both approaches require an investment for each of the three methods.
If sufficient hand-coded data is available, the example-based approach would
be very feasible for all three methods; if not, then researchers considering this
approach should reflect on whether investing in (manually) annotated datasets
outweighs the costs. The rule-based would then perhaps be more feasible.

Example-based approach

We conclude that the existence of a reliable coding scheme for the correct clas-
sification of important moments makes the IMCS suitable for automation based
on the example-based approach. For the APES, we estimate that example-based
automation of APES is possible, providing that highly reliable manually coded
data become available. We consider example-based feasibility of NPCS high,
because of the existence of a highly reliable coding scheme.

Rule-based approach

The presented linguistic markers for identity and agency related concepts of the
IMCS show promise for translation into the rule-based approach. The poten-
tial for a rule-based approach to APES is dependent on the abstraction level of
the constructs to be mined. Despite the lack of linguistic markers reported for
the three modes (storytelling, emotion, reflection), we consider a rule-based ap-
proach possible, considering that the three modes correspond closely to some of
the widely used LIWC categories (cognition, emotion).

Strengths and limitations

We aimed to cover the whole TCPR field, but only intended to include the fre-
quently used methods in our review. We started by developing a comprehensive
search string, but ensured good coverage of all relevant publications of the TCPR
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field by also including suggestions of experts. As our systematic review was de-
signed to let the most important and influential publications surface, we felt that
we can indeed give an adequate description of the TCPR field.

We also devoted special care to development of our search string as the TCPR
field appeared to be a fragmented field. We included queries that covered the
psychological literature broadly, the TCPR literature specifically, and text-based
methods exclusively. The combination of these queries were used such that we
included the whole TCPR field in the initial phase of our review. Because our
search string was able to produce the entries that were suggested by experts,
we felt that our search strategy covered the literature sufficiently. We adopted
the PRISMA standard to ensure that our search was reported transparent and
completely.

To avoid placing emphasis on the lesser used methods we focused our study
on the commonly used methods, which spanned half of the literature. In doing
so, we feel that we included the methods that with a high to good reliability and
validity. These quality criteria can only be established through frequent usage,
which mandates a focus on the methods used often enough to rightfully claim
sufficient reliability and validity. We also valued repeated use of the method
particularly because re-use also indicates applicability to multiple data-types
and is proof of external validity.

We noticed that the methods that we included mainly focused on the im-
provement of the client, rather than methods that were tailored to the counsellor.
CA focused on the interaction between client and counsellor, but is in its current
form not suitable for automated TCPR research. A reasons why we did not find
such methods could be because we excluded scientific books from our search.
However, as we reviewed the peer-reviewed literature extensively, publications
using methods described in books should have surfaced.

It was our choice to exclude methods that were not often used. However,
we would like to encourage the researcher interested in these excluded methods
–or a specific method– to use our search string. Researchers interested in the
(specific) active change processes itself (rather than the TCPR methods), should
review the literature with search queries aimed specifically at these processes.
From our search, we conclude that these processes do not arise from generic
search queries aimed specifically at therapeutic change processes.

We chose to focus only on the text-based methods to study TCPR because we
wanted to establish the potential of text mining. Hence, we focused specifically
on texts and we did not include non-verbal and behavioural aspects. These
aspects contribute to the therapeutic process; however, as they are not textual,
they fell outside of the scope of our review. Explorations of these aspects is
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therefore open for other TCPR researchers.

Ethical and privacy concerns remain a practical issue for data sharing among
TCPR researchers. To stimulate sharing, future research into high quality data
anonymization software is now more important than ever. Another option could
be for researchers to collaborate in national or international colloquia, that –
under strict rules and in line with legislation and informed consent– allow for
datasets to be shared internally.

Final remarks

One of the intriguing questions of psychotherapy is how therapeutic processes
bring about therapeutic change. As the amount of therapeutic texts is rising
in this digital age, new computational methods and research questions became
available. These methods enable the investigation of large bodies of therapeutic
texts. To facilitate the transition of TCPR from small(er) to Big data, we discussed
potential for automation of the most used TCPR methods.

We hope that our systematic review contributes to the unification of the TCPR
field. Determining the commonly used methods helps both aspiring and sea-
soned TCPR researchers to get some perspective on the different research direc-
tions in TCPR. Investigation of the potential for automation (of these methods)
could also help researchers to determine whether automation is an interesting
research direction. We think that automation is important because the (auto-
matic) detection of change processes in therapeutic texts can stimulate the what
works when for whom discussion, which is not only relevant for psychotherapy
researchers, but also for clinical practitioners.

Establishing the potential for automation through the example- or rule-based
approach helps TCPR researchers to decide if their datasets are suitable for au-
tomation. It also aids in the consideration whether automation is worthwhile.
Automated text-analysis methods could also bridge the quantitative and qual-
itative disciplines, which are sometimes viewed as two different branches of
research. Texts –or other forms of verbatim– are usually considered to be the
domain of qualitative research, however, large bodies of text mandate the use of
quantitative methods.

We therefore strongly feel that automated methods ultimately hold the poten-
tial to accelerate psychotherapy research by enabling the investigation of therapy
models within and across treatments, groups and settings. Automated methods
can thus help gain insights in –for example– innovative moments, or the de-
velopment of therapeutic change processes over time. Interpretation of these
research findings will always require human interpretation, which inevitably

41



2.4. Discussion

inspires new research questions.
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3Text Mining Research of
Psychotherapeutic Processes: A

State-of-the-Art Review

Abstract

Computerized methods for analysing language are increasingly used in psychological

research. Therapeutic Change Process Research (TCPR) is a promising field of applica-

tion aimed at investigating the linguistic structure underlying psychotherapeutic pro-

cesses. We provide a State-of-the-Art review of the research objectives, data character-

istics and methods of analysis governing automated text mining approaches to TCPR.

Combining a systematic keyword search (PsycINFO, Scopus) with snowballing to en-

sure coverage of psychological and computer science literature we found 32 English

peer-reviewed articles. We identified four streams of research: A) Change Analysts an-

alyzing emotion-abstraction patterns over time in psychodynamic therapy; B) Engineers
upscaling and technically advancing motivational interviewing research; C) Explorers
developing new, complex text mining techniques for theoretical constructs; D) Digitals
connecting linguistic process markers to therapy outcome in internet counselling. These

streams differ in strategies regarding research objective, approaches to data handling

and analytical complexity. After discussing the pros and cons of these strategies, we

suggest directions for future research that would contribute to the promise of automated

TCPR.

Keywords: Text Mining, Natural Language Processing, Literature Review, Fu-
ture Directions, Psychotherapy Research, Process-Outcome Research

This chapter has been submitted as: Sools, A. M., Smink, W. A. C., Van der
Zwaan, J. M., Schuffelen, P. C. J., Tjong Kim Sang, E., de Vries, B. L., Veldkamp,
B. P., & Westerhof, G. J. (2019).
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Introduction

Language plays an important role in psychological research and practice.
People use language to attribute meaning to themselves and their lives
as well as to communicate with others. Psychological research focuses

on language to infer mental states like emotions and motivations, as well as to
determine attributes of relationships, like empathy or conflict (Elliott, 2012; Gelo
& Manzo, 2015; Imel et al., 2015; Pennebaker, Boyd, et al., 2015; Salvatore et al.,
2015; Schegloff, 2007; Street et al., 2009; Tausczik & Pennebaker, 2010). In ev-
eryday practice psychologists use language to motivate others for behavioural
change and to promote mental health and well-being (Miller & Rollnick, 2012).
Now that psychologists increasingly use computational methods to automati-
cally analyse language use, insight is needed in the current state of knowledge
in the field. Therefore, this article provides a state-of-the-art review of automated
methods that have been used to analyse textual data in psychology, with a focus
on clinical applications in individual psychotherapy, notably Therapeutic Change
Process Research (TCPR; Greenberg, 2007; Smink, Fox, et al., 2019).1 TCPR aims
to “identify, describe, explain and predict the effects of the processes that bring
about therapeutic change” (Greenberg, 1986, p.4). TCPR represents a sub-field in
psychology, with broader relevance for text-based analysis of change over time.
Based on the state-of-the-art review, we will also set priorities for future inves-
tigation and research (Grant & Booth, 2009) that can assist both aspiring and
experienced researchers to develop future research in automated text analysis in
psychology.

Text mining in psychology

There are two approaches to the automatic extraction of information from text:
Text Mining (TM) and Natural Language Processing (NLP). Both combine tech-
niques and methods from many disciplines, including psychology, linguistics,
statistics, computer science, artificial intelligence, information retrieval and data
mining. TM has a statistical origin and was originally developed for informa-
tion retrieval, extraction, and summarization in library collections (Miner et al.,
2012). Nowadays, it is used to turn all kinds of structured and semi-structured
text into numbers, allowing for the application of computer algorithms for fur-
ther analysis. NLP brings together computer science and linguistics in de-
veloping computational methods to learn, understand, and produce language
(Hirschberg & Manning, 2015). Its early applications are as diverse as machine

1Smink, Fox, et al. (2019) is chapter 6 of this thesis.
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translation, speech recognition, and speech synthesis, while more recently NLP
is also applied in the creation of dialogue systems and the study of social me-
dia (Hirschberg & Manning, 2015). Whereas not all TM is NLP and vice versa,
the two computational approaches have a considerable overlap in studying the
structure and meaning of texts. In this article we will use TM and NLP in-
terchangeable, to reflect that our review covers both fields. This will open up
NLP research to psychology and psychological TM research to the NLP research
community.

Over the last few years, TM and NLP are gaining terrain in psychological re-
search. Over the past decades, people have come to use digital media to express
themselves, like in social media messages and Internet blogs or in chats and
emails in e-health intervention and Internet therapy. Besides these so-called born
digital data, the automatic recognition of characters, handwriting, and speech
makes it much easier nowadays to digitize data (cf. C. M. Bishop, 2006). The
wealth of data that thus becomes available asks for sophisticated methods of
analysis in order to better understand psychological processes (cf. Smink, Fox,
et al., 2019).

The focus of TM and NLP research in psychology is primarily on social me-
dia data. Examples include language use on Facebook in relation to person-
ality traits and life satisfaction (Kern et al., 2016), the broader digital footprint
that people leave on Facebook (including likes) in relation to personality traits
(Kosinski et al., 2016), negative emotional content of Twitter posts after different
traumatic events (Jones et al., 2016), and the prediction of PTSD using posts on
a forum for people seeking mental health care (He et al., 2017).

A scoping review of NLP focused on mental health in non-clinical texts, and
showed that common data sources include Twitter, Facebook, blogposts on Live-
Journal, and a digitized collection of suicide notes (Calvo et al., 2017). These
data sources were then used to measure mood and emotion, and to detect de-
pression or other mental health issues. The different NLP approaches in the
review used showed face validity, for example that tweets show a more posi-
tive mood in the weekends and during seasons with longer days (e.g., Golder
& Macy, 2014). Furthermore, others showed that classifying algorithms are able
to identify mental disorders based on texts and self-report measures (He et al.,
2012), as well as by correlating texts with other data, for example Twitter mood
with country-level surveys on life satisfaction (e.g., Schwartz et al., 2013), or a
social media depression index with depression prevalence or prescription rates
for antidepressant drugs (Choudhury et al., 2013; van den Eijnden et al., 2016).
Besides these analytic issues, the authors identify important challenges in this
domain such as the interdisciplinary collaboration between psychologists and
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computer scientists, the availability of data as well as ethical issues when data
are analysed without explicit informed consent of social media users.

These issues arguably play an even larger role in therapeutic contexts, be-
cause of the importance of client confidentiality and anonymity. TM studies in
clinical settings can roughly be divided in research on screening and diagnosis
(Anderson et al., 1999; Kothalkar et al., 2018; Tanaka et al., 2014) and research
on the therapy process. We focus our review on the latter application of TM,
because of its promise of radically advancing TCPR. TCPR encompasses both
qualitative and quantitative approaches. Qualitative approaches are strong in
addressing therapy complexity and achieving high ecological validity yet suf-
fer from small sample sizes due to intensive manual labour involved in coding.
Quantitative approaches have the advantage of enabling hypothesis testing in
large samples, but have limited ecological validity and typically measure only a
limited number of variables (Elliott, 2010).

The promise of TM research is that the advantages of qualitative and quan-
titative TCPR are combined, resulting in a potential break-through in TCPR by
enabling large scale testing of therapy change theories and models with high
ecological validity. In addition to the potential for theory testing, the application
of TM to TCPR also has great practical potential in terms of the improvement
of treatments, and training of psychotherapists. In short, a TM approach to
TCPR facilitates opening the black box of therapy and allows the investigation
of what works when for whom. To investigate how current applications of TM
to TCPR fulfill this promise and what is needed to further develop the field,
we conducted a state-of-the-art review of research on automated approaches to
understanding the linguistic structure underlying psychotherapeutic processes.
Our main research question is: what kind of data are mined with which methods of
analysis and for which purposes? This leads to the following three sub questions:
1) what are the research objectives reported in TM research on psychotherapy processes
2) what are the characteristics of the data and of data handling used in TM research on
psychotherapy processes; and 3) what are the characteristics of the methods of analysis
used in TM research on psychotherapy processes?

Introduction to Text Mining and NLP

As it can be difficult for newcomers to obtain a thorough understanding of the
techniques and terminology that are commonly used, we provide in this section
background information to understand the main TM techniques found in our
review. For more detailed information the reader is referred to R. Feldman and
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Sanger (2007) and Jurafsky and Martin (2017), or Manning and Schütze (1999).
We refer the aspiring practitioner of TM to (Bird et al., 2009; Chen & Wojcik,
2016). Readers already familiar with TM can skip this section and go straight to
the method section.

Text Pre-Processing, Feature Extraction, and Feature Selection

As a rule of thumb: the text you start with, is not the one you can analyse.
In order to be able to automatically analyse text, it must be transformed into a
format that is suitable for automatic processing (Snow et al., 2008). Data prepa-
ration generally consists of three steps: text pre-processing, feature extraction,
and feature selection (Denny & Spirling, 2018). Preparing the texts for TM is
called pre-processing. Pre-processing involves deciding on the major entity of
study, the unit of analysis, which could be the text documents (which is usually
the case), books, web pages, e-mails, tweets, or other text bearing formats. The
fundamental unit of each text is a word, but before words can be analysed, the
unit of analysis needs to be converted into a ‘raw’ text format: words without any
form of typesetting. Then, researchers have to decide on the segmentation of (the
texts in) their collection of documents, usually referred to as a corpus. Depend-
ing on the research question, researchers may want to extract client or counsellor
text only, divide chat sessions into consecutive sequences of 250 words, speaking
turns, or select tweets only from a specific period of time. After deciding on the
unit of analysis, a raw text is created for each unit of analysis.

Subsequently, the text in these documents is normalized. Normalization can
involve spelling corrections, spelling normalization (e.g., by removing punctua-
tion from abbreviations), and reducing word inflections by applying stemming
or lemmatization. Stemming converts words of a sentence to non-changing por-
tions (e.g., ‘translation’, ‘translating’, ‘translated’, and ‘translator’ all result in the
stem ‘translat’): the most popular stemming algorithm is Porter (1980). Lemma-
tization is the process of converting the words of a sentence to its dictionary, or
root, form (e.g., the lemma of ‘meeting’, is ‘meeting’ if the word is a noun, and
‘meet’ if the word is a verb).

In order to allow for the extraction of text features, raw text documents are
represented early on in the preprocessing by a feature-vector (Salton, 1971). In the
simplest form, each word is represented as a vector (a ‘row of several numbers’),
and the elements in the vector (i.e. the numbers in the row) express, for exam-
ple, how often the word occurs. Through these features, it becomes possible to
compare documents. The tf-idf weighting scheme is commonly used to do so
(Salton & McGill, 1986). It assigns a higher weight to words that occur in some
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documents and a lower weight to words that occur in all documents (such as
articles and prepositions). Weights adjust the elements of the vector relative to
their occurrence, or other criteria set by the researchers.

The similarity between two documents can then be measured through these
feature-vectors, for example by calculating the cosine similarity. This refers to
the ‘angle’ between feature-vectors; a small angle indicates that the documents
are similar, while for dissimilar documents the angle is large. For normalized
vectors, cosine similarity is the equivalent to Pearson’s correlation coefficient.
For example, Althoff et al. (2016) use the cosine distance to quantify differences
between counselling conversations with a positive and negative outcome. The
feature-based vector model of a document is also called a ‘bag of words’ model,
because the order of the words in a document is lost. To also capture (some of)
the information carried in the order of the words, it is common to use n-grams.
An n-gram is a sequence of consecutive words. Sequences up to two or three
words (i.e., bigrams and trigrams) are in practice used most often to represent
documents.

Other aspects of preprocessing features include part-of-speech (POS) tags and
parse trees. POS tagging refers to the process of assigning categories to words
(e.g., noun, verb, adjective, adverb). A parse tree is representing the syntactic
structure of a sentence. Both POS tags and parse trees are abstractions that might
capture meaning that is relevant for TM. For example, Pérez-Rosas et al. (2017)
show that parse trees of counsellor utterances improve classifier performance for
the task of predicting whether an utterance is a reflection or not. The number of
extracted features in POS and parse trees procedures can get extremely large (i.e.
‘explode’) relatively fast. Because not all words are equally meaningful (that is to
say, not all features are meaningful), the data preparation phase usually involves
feature selection, the third step. Feature selection can be as simple as removing
frequent or infrequent words or removing stop words. More sophisticated meth-
ods, such as dimension reduction techniques like principal components analysis
(PCA), are used often (Gibson et al., 2015) but beyond the scope of this paper
(cf. Hastie et al., 2016).

Text Mining and Natural Language Processing Techniques

After pre-processing, the TM analysis of language use relevant to the research
questions can commence. We will describe the four most common TM tech-
niques in Psychology: dictionary methods, rule-based methods, supervised ma-
chine learning, and unsupervised machine learning.
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Dictionary-Based methods (DB)

The main assumption behind dictionary-based TM methods is that relevant psy-
chological information is conveyed through a person’s word use irrespective of
their literal meaning and independent of the context in which they occur (Pen-
nebaker et al., 2003). A dictionary contains words that are indicative of the
phenomenon the researcher is interested in and can be used to analyse the con-
tent of text (i.e., what is being said), and its style (i.e., how it is being said). The
prime example of a dictionary-based approach to TM is the well-established pro-
gram Linguistic Inquiry and Word Count (LIWC, pronounced as the English name
‘Luke’; Pennebaker, Boyd, et al., 2015). This is a software program that counts
the number of words in multiple psychologically relevant categories and reports
proportions of words in each category per text. The most recent version of
the English dictionary contains almost 6,400 words in 75 categories. Categories
include standard language dimensions (e.g., articles, prepositions, pronouns),
psychological processes (e.g., positive and negative emotion), relativity-related
words (e.g., time, verb tense, motion, space), and traditional content dimensions
(e.g., sex, death, home, occupation). Words were included in the dictionary
based on ratings by human judges. LIWC has been applied in hundreds of stud-
ies (Tausczik & Pennebaker, 2010), and translations have been made to many
different languages. LIWC uses unweighted dictionaries, but dictionaries can
be weighted too. As an example, the Weighted Referential Activity Dictionary
(WRAD) contains 696 words with associated weights indicating the degree to
which language reflects connection to non-verbal experience (Bucci & Maskit,
2006). Weighted dictionaries for larger text units (e.g., sentences or speaking
turns) can be estimated by applying functions to the norms of the individual
words that occur in the text (Malandrakis et al., 2013), for example by calculat-
ing the average across words in a text. Based on their review, Calvo et al. (2017)
conclude that although all common feature selection and classification proce-
dures have been applied, LIWC is by far the most widely used (Pennebaker,
Boyd, et al., 2015).

Rule-Based methods (RB)

Rule-based TM techniques include regular expressions, decision trees, and context-
free grammars. A regular expression is a (word)pattern that is used to detect the
presence of specific sequences of characters in a text. Regular expressions can
also be used to count the number of occurrences of the pattern in the text, which
is typically done after documents are represented as feature-vectors. For exam-
ple, Althoff et al. (2016) use regular expressions to detect whether a counsellor
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utterance contains a check question, suicide ideation, appreciation, hedges, or
surprise. A decision tree is a set of hierarchically organized classification rules.
These rules can be hand-crafted, or automatically derived from data. To clas-
sify a piece of text, the tree is traversed from root to leaves. At each node, (an
attribute of) the input data is subjected to a test. For each outcome of the test,
there is a branch in the tree. The branch corresponding to the outcome of the
test is followed until a leaf-node is reached, where the input data is assigned the
final decision (classification). For example, Gallo et al. (2015) use a decision tree
based on hand-crafted rules to classify sentences as open-ended questions. Last,
a context-free grammar is a set of production rules that can describe all possible
strings in a language ‘free of context’.

Supervised Machine Learning (SML)

Psychologists are –perhaps unknowingly– quite familiar with supervised ma-
chine learning techniques. The difference between supervised and unsuper-
vised machine learning is described most clearly by contrasting the two. He
et al. (2012) collected self-narratives of people with and without PTSD. Based
on these classifications, they then tried to find the words that could differen-
tiate the PTSD-patients from the people without PTSD. Now, suppose that this
PTSD/non-PTSD classification was not available. Then, a possibility would be to
assess whether groups (of people) can be clustered based on only their word use.
The former scenario, where outcomes are available, describes supervised machine
learning; the latter, where no (outcome)labels are available describes unsupervised
machine learning.

The goal of supervised machine learning is to (automatically) find or ap-
proximate a function that ‘maps’ the input variables (i.e., a feature representa-
tion of the text) to an output variable (e.g., whether a treatment was successful).
The type of the output variable determines whether a classification or regression
should be used. Classification tasks have categorical output variables (e.g., em-
pathic or not empathic), and regression tasks have continuous output variables
(e.g., empathy score). In practice, regression is often used as a method to solve
classification tasks, e.g. logistic regression for binary classifications.

Generally, supervised machine learning consists of two phases: training and
validation, which requires a split of the dataset in a training and validation set.
In the training phase, the ‘optimal’ approximation between in- and output is
calculated based on the training data. This result is then validated by assessing
the predictive performance (usually through a confusion matrix) on the (left-
out) validation set. It is beyond the scope of this review to describe the many
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different available algorithms for training-validation in further detail: we refer
the interested reader to C. M. Bishop (2006) or Hastie et al. (2016).

Unsupervised Machine Learning (UML)

In contrast to SML, unsupervised methods do not assume a predefined set of
criteria that is used to characterize aspects of the data. Instead, these unsu-
pervised methods are completely data-driven; their goal is to come up with a
meaningful characterization of the data. Two unsupervised methods that are
used in psychology are topic modelling and sequence labelling. Topic mod-
elling is a technique to uncover the underlying ‘topics’ of a document collection.
It is based on the assumption that words that often co-occur, belong to the same
topic. The most widely used topic modelling method is Latent Dirichlet Allocation
(LDA; Blei et al., 2003). The LDA, perhaps better known as the topic model, is a
method to discovering the abstract ‘topics’ in a corpus by clustering documents
based on the similarity of words.

Sequence labelling is the task of assigning categories to a sequence of obser-
vations, e.g., assigning codes to a sequence of utterances from a motivational
interview (Xiao et al., 2012). The advantage of labelling sequences through n-
grams, instead of single instances is that the context of the current observation
can be taken into account when predicting the label assignment. The label of
the current observation often depends on the labels of the surrounding observa-
tions. For example, if the previous utterance is a question, it is more likely that
the current utterance is an answer to that question than a greeting.

Method

Search strategy

The search strategy typically used for State-of-the-Art reviews aims to be com-
prehensive, yet does not have to be exhaustive (Grant & Booth, 2009). We aimed
to be comprehensive by covering both psychological and computational bodies
of literature. Therefore, we searched the literature for relevant publications us-
ing two complementary strategies: a systematic keyword search and snowballing.
The main difference between the two search strategies is that a keyword search
starts with the many and then reduces to the few most relevant publications
based on exclusion criteria, whereas snowballing starts with a few key pub-
lications and builds from there a wider set of relevant publications based on
inclusion criteria. Snowball sampling refers to an iterative process of identifying
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relevant publications from other publications by checking references from the
related work section and performing searches to find publications that cite this
work. We also aimed for a comprehensive time-frame, to allow the full scope of
the field to become visible. This means that we considered earlier work in the
field as relevant to the current state-of-the-art. Although technically the earlier
work may not represent cutting edge research, theoretically it is remains relevant
as interest in TM appears to be on the rise and the (research) potential of early
work is still far from exhausted.

Databases

Two scientific databases were used for the systematic keyword search: PsycINFO
and Scopus. With many records centred on psychology, the behavioural and the
social sciences, PsycINFO is the database that is most likely to cover relevant
Psychological literature. We also decided to use the all-round database Scopus,
which comes with the additional benefit that it can retrieve records from psychi-
atry, medical psychology and other relevant medical records as it also includes
the database MEDLINE (Falagas et al., 2008). In addition, Scopus includes at
least some technologically oriented conferences such as IEEE.

Search query

Our search query consisted of two parts. To cover the TM literature, we used
terms “text mining”, “nlp”, “natural language processing”, “computational linguis-
tics”, and “text analysis” combined by the OR Boolean operator. The second part
covered the psychological aspects and consisted of the terms “therap*”, “psy-
chotherap*”, and “treatment”, again combined by the OR Boolean operator. These
two parts were combined using the AND operator.

Snowballing

We started our snowball-search with Althoff et al. (2016) and Atkins et al. (2014),
and Howes et al. (2014). Additionally, we screened the 2014, 2015, 2016, 2017,
and 2018 proceedings of the Computational Linguistics and Clinical Psychology
workshop (dedicated to research on language in clinical psychology), and the
proceedings of INTERSPEECH (the Annual Conference of the International Speech
Communication Association). The snowball search was completed by using the
‘cited by’-functionality of Google Scholar to find references of the selected refer-
ences, and to screen manually the reference list of found papers for potentially
relevant additional references.
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Identification and selection of methods and studies

We screened the titles, abstracts, and keywords of the articles resulting from
both search strategies based on the following four inclusion criteria: (1) peer-
reviewed scientific articles and conference proceedings published in the English
language (notably articles about software for other languages than English were
included); excluded were publications such as commissioned report, organiza-
tional project paper, book or book review); (2) studies using one or more TM
techniques applied directly to psychotherapy or counselling conversations with
single clients led by a professional (excluded were indirect measures such as
therapist notes as well as screening/diagnosis of for example PTSS, depression
and schizophrenia; group-, family, and relation therapy; manuals containing a
description of TM tools without applying them to data); (3) sufficiently detailed
description of what the researchers did, e.g. when multiple versions of the same
study were available the most detailed journal article was selected; (4) TM-only
studies (e.g. multi-modal studies which triangulated text with speech or visual
modalities were excluded).

In total, our search query retrieved 2174 articles: 926 articles from PsycINFO,
and 1248 results from Scopus. After duplicates were removed, the inclusion
criteria were applied first on titles, then abstracts and finally full articles when
information in title and abstract was insufficient to determine whether a criterion
applied. This resulted in 18 publications. In parallel, an iterative snowball search
was conducted by applying the same inclusion criteria as we used for the search
strategy in the databases until we gathered a set of 29 publications. Fifteen of
these publications overlapped with our query-based search. After combining the
results of the systematic keyword search and snowball sampling and reducing
duplicates, a total of 32 articles was included in our final selection.

Method of analysis

We extracted information from the abstracts and full texts of the selected arti-
cles. Because for State-of-the-Art reviews no formal criteria for assessment exist
(Grant & Booth, 2009), we created a codebook based on expert consultation with
a multidisciplinary team of experts (psychology, computer science and statis-
tics), for analysing the articles in relation to the three sub questions. Below, we
describe the different categories that were coded. The specific codes and abbre-
viations used can be found in Table 3.1 (the four streams mentioned in Table 3.1
will be explained at the beginning of the result section).
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Sub-question 1: research aim

Objectives. The research objective was assessed on the basis of the main and
(when applicable) secondary and tertiary objectives as explicated by authors.
These could be (a) technical (comparing human with machine coding, compar-
ing machine learning approaches or finding best features for an existing con-
struct) or (b) substantive (operationalizing a new construct, relating linguistic
process markers to outcome measures, mapping change over time).

Sub-question 2: data characteristics

Client population refers to the kind of patient populations covered by the dataset.
In case diverse samples (e.g. multiple client groups diagnosed with different
disorders) were used, then this variety was made explicit with multiple codes
for each client group. In case multiple disorders were reported within single
clients, then the code co-morbidity was used.

Treatment refers to the kind of psychotherapeutic treatment covered by the
dataset used in the study. Codes were assigned to the most frequently used
treatments (i.e. motivational interviewing and psychodynamic treatment), and
infrequent treatments were clustered into a code ‘other’.

Sample size. We decided to use number of sessions as indication for sample
size, because we found this to be the common denominator used in two types
of articles: a) articles adopting a population-based rationale for chosen sample
size (e.g. number of clients and/or counsellors) and b) those focused primarily
on data structure (e.g. number of sessions, utterances, words or tokens). The
latter often lacked information about the number of clients and/or counsellors.
In addition to number of sessions, we decided to make a distinction between
single (S) and multiple (M) case study designs (respectively those focusing on
one client over time versus those comparing data from more than one client
and/or counsellor – this could usually be inferred even when the exact number
of clients/counsellors was not specified) so that the focus of sample size deci-
sions becomes more distinct. It should be noted that single case study designs
sometimes included more total sessions (hence effectively used a larger corpus)
than multiple case studies where a targeted selection of sessions per case was
analysed. Multiple case study designs were further specified into small, medium
and large sample sizes based on the number of sessions that were actually used
for analysis in the article. This is relevant to mention, because many studies
report having made selections from a larger dataset.

Annotation level details the level of the dataset that is annotated (i.e., provided
with labels). Annotation could be based on pre-existing labels or labels created
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specifically for the research at hand. The levels are treatment level (e.g. meta-
data such as client characteristics like gender or outcome measures of overall
client improvement), session level (e.g. level of empathy shown by counsellor),
and within-session level (e.g. utterance, excerpt or word level annotations). Few
studies did not annotate the data, but only used automated analysis.

Sub-question 3: data-analysis

Construct complexity describes the complexity of the constructs that are investi-
gated. A single complex construct such as empathy is operationalized by mul-
tiple text features. A single reduced construct breaks a construct into aspects or
dimensions (e.g. type of reflection) and only focuses on part of the full construct.
Also indicated is whether the linguistic structure of one or multiple psycholog-
ical constructs were investigated. A last code is assigned when the temporal
unfolding of linguistic features over time is the explicit topic of investigation
(rather than aggregating over treatments or sessions).

The unit of analysis can be client and/or counsellor and/or the relation be-
tween client and counsellor. In cases when annotated datasets are re-used with
labels for more than one unit of analysis, the actual unit of analysis chosen for
the study at hand is coded.

Reproducibility of the pre-processing procedure is indicative of the reliability (trans-
parency and trackability) of the procedure. The codes here cover the range from
articles where the reported procedure is unspecified to limited, partially, and
completely reproducible (e.g. available on GitHub or similar).

Text mining or NLP technique refers to which of the (combination of) four main
TM techniques described in the background section in this article were used in
the article: DB (dictionary based), RB (rule based), SML (supervised machine
learning), UML (unsupervised machine learning).

Under Software we differentiated between the most frequently used soft-
ware (LIWC, Therapeutic Cycles Model; TCM) other existing software, and
self-developed software. Some articles did not explicitly mention the kind of
software used.

The statistical and technical methods of analysis are clustered into codes indi-
cating the extent to which these methods (a) belong to the standard repertoire
of psychologists, (b) need additional basic programming expertise and software
or (c) need high level programming expertise or specialized software. The latter
two categories are currently not commonly used by psychologists, although they
may be standard in computational linguistics. This classification gives insight in
the kind of analytical repertoire psychotherapy researchers need to conduct TM.
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Table 3.1: Codebook with abbreviated codes, code descriptions and frequency
counts per category for all four streams.

Abbreviation Description NA NB NC ND N

Research aim (technical, n = 30; or substansive, n = 31)
CHM Comparing Human-Machine 1 8 3 0 12

CML Comparing Machine Learning ap-
proaches

1 3 0 0 4

FBF Finding Best (text)Features 1 10 1 2 14

RPO Relate linguistic Process markers to
(treatment/session level) outcome

4 2 4 2 12

OC Operationalize (propose new) Con-
struct

1 3 5 1 10

MCT Mapping Change over Time 6 0 3 0 9

Client population
SA Substance Abuse 0 13 0 0 13

DA Depression and/or Anxiety 6 0 1 2 9

PD Personality Disorder 4 0 2 0 6

ED Eating Disorder 0 0 0 0 0

O Other 4 2 2 0 8

U Unspecified 1 1 5 0 7

Co (Co-morbidity) Multiple disorders
within single patients are reported

2 0 0 0 2

Treatment
PA (brief) Psychodynamic or psychoana-

lytic treatment
6 1 5 0 12

MI Motivational Interviewing 0 13 0 0 13

CBT Cognitive Behavioral Therapy 1 2 0 1 4

U Unspecified 1 0 1 0 2

O Other, e.g. client-centred therapy, cri-
sis, counseling, group therapy, pre-
vention

0 1 2 1 4

58



iii

Text Mining Research Psychotherapeutic Processes

Table 3.1 continued from previous page
Abbreviation Description NA NB NC ND N

Sample size
S One client followed over time 3 0 4 0 7

MS Small 2 or more clients, total session
number up to 100

2 2 1 0 5

MM Medium total session up 100 and 800 3 10 2 0 15

ML Large total session number over 800 0 2 0 2 4

Annotation level
T Treatment level annotated or meta-

data at corpus-level
5 2 3 1 11

S Session Level annotated 4 10 1 1 16

WS Within-Session Level annotated 1 10 6 1 18

None Only automated analysis was per-
formed

1 0 1 0 2

Construct complexity
Single complex Single construct defined by multiple

features
4 6 6 0 16

Single reduced Single construct partial or reduced
aspect or dimension

1 2 0 0 3

Multiple Multiple constructs 2 5 1 2 10

Temp Attention to temporal unfolding 6 10 0 0 16

Unspecified Not specified 0 1 0 0 1

Unit of analysis
Cl Client language 8 6 8 2 24

Co Counselor language 5 14 4 1 24

R Relation between client and coun-
selor language

4 2 1 0 7
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Table 3.1 continued from previous page
Abbreviation Description NA NB NC ND N

Reproducibility of pre-processing
Completely Software is specified and pre-

processing steps are described so
that the procedure is repeatable
and transparent (e.g. available on
GitHUB or similar)

0 0 0 0 0

P Software is specified and an overview
is given of the pre-processing steps

3 2 1 2 8

L No software is specified but an
overview is given of the pre-
processing steps

4 12 6 0 22

U No software is specified and no
overview of pre-processing steps is
provided, but reference to descrip-
tion in previous article may be made

1 0 1 0 2

Text mining / NLP techniques
DB Dictionary Based 8 4 5 2 19

RB Rule Based 1 8 5 1 15

SML Supervised Machine-Learning 0 6 2 2 10

UML Unsupervised Machine-Learning 0 2 1 1 4

Software
TCM Therapeutic Cycles Model 7 0 0 0 7

LIWC Linguistic Inquiry Word Count 1 5 1 2 9

OSS Other existing Software Specified
(name in brackets)

1 2 5 0 8

DOS Developed Own Software 0 0 3 1 4

NM Not mentioned 0 8 0 0 8
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Table 3.1 continued from previous page
Abbreviation Description NA NB NC ND N

Statistical and technical methods
Basic (GC, PL,
MP)

Methods and techniques that are
standard available in psychology
(Group Comparison, Predict Label,
Model Performance)

8 19 9 0 36

Intermediate
(LDA, NG,
ROC)

Methods and techniques that re-
quire additional programming skills
and/or software (Latent Dirichlet Al-
location, N-Grams, ROC-curves)

0 7 1 0 8

Advanced (NN,
SVM, HMM)

Methods and techniques that require
high level technical programming ex-
pertise and/or specialized software
(Neural Networks, Support Vector
Machines, Hidden Markov Models)

0 8 1 2 11

Results

We found a total of 32 English peer-reviewed articles with the first publications
emerging in the 1990s [1, 2, 23; numbers refer to references in Table 3.2]. Based
on analysis of the research aims, data characteristics and data analysis methods
reported in these articles, we identified four streams of research (see for details
Table 3.1 and 3.2). After characterizing each stream separately in the following
sections, we will give an overview of the field as a whole. We assigned multiple
sub codes to each article, therefore, the frequencies mentioned in Table 3.1 can
have a higher total than the 32 articles that entered the review.

A. Change analysts: Analyzing emotion-abstraction patterns

over time in psychodynamic therapy

Stream A (n = 8) represents one of the historically first groups (and collabora-
tions of this group with members of researchers in other countries), based in Ger-
many, that pursued automated text analysis of psychotherapy text with the first
articles appearing in 1996. Drawing on research on cycles of therapeutic change,

61



iii

3.4. Results

the TCM (Therapeutic Change Model) software was created. This model aims at
analysing emotion-abstraction patterns over time. The four patterns that have
been identified (relaxing, experiencing, connecting and reflecting) are considered
to represent change cycles that apply across treatments and psychopathologies,
and are hypothesized to meaningfully connect to treatment outcomes.

The research aims in this stream are predominantly substantive in nature,
with as common thread a focus on mapping change over time [1-6; number
refers to the numbers in Table 3.2] and connecting process to outcome [1, 4, 5,
7]. Only two articles report explicit technical aims [2 and 8]. The studies in this
stream mainly focus on depression, anxiety and personality disorder patients
undergoing psychodynamic or psycho-analytic treatment with one exception [6]
applying TCM to Cognitive Behavioral Therapy (and one article [3] with un-
specified treatment). The datasets under investigation vary and may be derived
from widely researched databases such as the Penn Psychotherapy Study [1] or
databases derived from practice (e.g. forensic psychiatry [3]). Typically, a pur-
posive selection from larger datasets is made in two steps. First, case selection
takes place of either exemplary cases to detect for example significant change
moments [4, 6, 8] or contrasting cases comparing most and least improved clients
[1, 2, 5, 7]. Second, an additional selection of sessions out of a larger number of
sessions per client is made, apparently to limit time-consuming manual annota-
tion. Three single case study designs [3, 4 and 6] and five multiple case study
designs [1, 2, 5, 7, 8] have a medium sample size of on average 153 annotated
sessions (SD = 202). Most frequently used are annotations at treatment level
(n = 4) and annotations at session level (n = 4). Within session level annota-
tion (n = 1) and no annotation (n =1) are rare in this stream. Treatment level
annotations use a combination of clinical ratings, self-report and questionnaires
for depressive symptoms and global functioning. Annotations at session and
within session level cover measurements for session quality, therapeutic alliance
and helpful aspects of therapy.

The main construct in this stream, consisting of the cycles in abstraction-
emotion language, is complex with its attention to temporal complexity (e.g.
how language develops over time both within sessions and over sessions). The
unit of analysis is predominantly client language (n = 8), but also counsellor
language (n = 5) and the relation between counsellor and client (n = 4) are
often included. The researchers in this stream pay attention to making the pre-
processing procedure reproducible (limited and partial in 7 out of 8 articles),
without however making the procedure available on a software developer plat-
form. Reliance on TCM Software with accompanying dictionaries is distinctive
for this stream, with one study making adaptations to the dictionary [7] and
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one adding LIWC [8]. With DB as main text mining technique and group com-
parison as preferred method of analysis, this stream is technically basic. What
is compared differs between studies, e.g. comparison between most and least
improved clients [1, 5, 7], between psychotherapies [2], between client groups
[3], or between different parts of the therapy [4, 6, 8]. For this comparison, re-
searchers often adopt a mixed method approach in which machine analysis and
human interpretation go hand in hand.

Overall, this stream combines technically basic analysis with theoretically
complex analysis to study a potentially widely relevant construct (therapeutic
cycles) with a good basis in the TCPR tradition. The studies in this stream show
that therapeutic cycles can indeed be meaningfully identified in a variety of
client populations, but the evidence for trans-treatment validity is currently lim-
ited (mostly psychodynamic). The step-wise reduction of initial larger datasets
results in actual medium sample sizes that could theoretically have been larger.
Datasets are typically not re-used, which limits possibilities for gradually build-
ing larger annotated datasets. More advanced machine learning approaches are
not employed in this stream, which may be due to the initial head start of the
pioneering group who started the TCM research.

B. Engineers: Upscaling and technically advancing motivational

interviewing research

The second stream (n = 14) is geographically predominantly located in the US,
where researchers from various universities joined forces to use automated text
analysis for upscaling motivational interviewing research. At the basis of their
collaboration (with the first article in 2010), lies a corpus consisting of up to six
datasets from previous research on counsellor skills in Motivational Interview-
ing (MI) targeting substance abusers (n = 13). The MI corpus is sometimes
complemented with additional datasets such as the Switchboard DAMSL (Di-
alog Act Markup in Several Layers) dataset [12] and the Alexanderstreet corpus
[14], presumably to increase sample size. Two studies are boundary cases of
this stream: One involves MI research by authors apparently unconnected to the
main group of collaborating authors and using a different corpus [21], the other
with overlap in collaborating team members but concerning CBT rather than MI
[22]. The MI corpus is partially annotated (and appears to have received addi-
tional annotations along the way) predominantly at within session level (n = 10)

and session level (n = 8) with MISC (Motivational Interviewing Skill Code; Miller
& Mount, 2001) and MITI (Motivational Interviewing Treatment Integrity; Moyers
et al., 2005) coding schemes for assessing counsellor fidelity to motivational in-
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terviewing. With an average of 372 sessions used for analysis, the typical sample
size in this stream is medium with two outliers [12, 14] showing large sample
sizes of over 1300 and 1500 sessions. Overall, random selections of annotated
sections of larger samples are made for actual analysis, hence effectively reduc-
ing potentially larger sample sizes available.

In this stream, technical research aims (n = 21) clearly outweigh substantial
research aims (n = 5). Over time, there appears to be a gradual shift from studies
aimed at showing that automated analysis is a good alternative to human coding
(n = 8) to studies aimed at optimizing the operationalization of the main con-
structs (i.e. counsellor fidelity and empathy) through finding best text features
(n = 10) and comparing computer models (n = 3). The optimization process
appears to strike a balance between accuracy and efficiency (e.g. optimizing
prediction based on reduced construct operationalizations) versus validity and
nuance (e.g. seeking linguistically more fine-grained operationalizations). Ex-
amples of efficiency-driven studies are those investigating the predictive power
of one aspect or dimension of counsellor skills such as reflections [9, 17]. Ex-
amples of nuance are studies investigating the sequence of utterances within
sessions [10]. Most studies show construct complexity in either looking for sin-
gle complex constructs (n = 6), temporality (n = 10) or multiple constructs (n =

5). When attention is paid to temporality, it is usually about sequences within
sessions, rather than development over sessions. All studies in this stream fo-
cus on counsellor language (n = 14), although there is some attention to client
language (n = 6) and the relation between counsellor and client (n = 2).

All 14 studies in this stream provide limited information relevant to repro-
ducing pre-processing steps, which may be due to the fact that many publi-
cations are conference proceedings with limited space. We did not find evi-
dence that the procedure is made available on a software developer platform
like GitHub. Similarly, there is also a lack of specification about the program-
ming software that is used (n = 8) and of the 7 cases in which the software
is mentioned this mainly concerns LIWC (n = 5) and not the software used
for the other TM techniques. Researchers in this stream typically use multiple
TM methods and techniques within single studies with RB (n = 8) and SML
(n = 6) outweighing DB (n = 4) and UML (n = 2). The methods of analysis
also show a wide variety with predominantly basic methods (n = 19) followed
by advanced methods (n = 8) and intermediate methods (n = 7). Although
group comparison is also a popular method of analysis in this stream (n = 7),
model performance is the most frequently used method (n = 8). Neural net-
works are the most frequently employed advanced method (n = 4), suggesting
a move toward unsupervised learning to circumvent labor-intensive annotation
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procedures.
Overall, we get the impression of a technically oriented group with good

access to computer engineering expertise, who are dedicated to upscaling MI
research and experimenting with new technological solutions. While we ob-
serve that researchers in this stream take an effort to increase sample sizes by
combining datasets (with upscaling analysis as explicit goal), we also noticed
that selections of annotated sessions prevent full-scale use of available datasets.
Experiments in this stream point towards unsupervised machine learning as up-
coming solution for this annotation problem.

C. Explorers: Developing new, theoretically complex text mining

approaches

This stream (n = 8) is a mixed bag of researchers from various geographical
locations who have in common that they each work toward developing TM ap-
proaches for constructs that are not covered with existing approaches. These
are either theoretically or linguistically complex constructs. Four of the articles
[23-26] in this stream concern operationalizations of affect (e.g. valence, arousal;
emotional access), which can be seen as alternative or complements to LIWC.
More advanced approaches to language concern speaking or language style [23,
24], Discourse Flow Analysis [27] and context-sensitive meanings [28]. The last
two articles respectively offer a set of linguistic features to analyse body bound-
ary [29] and repair language [30]. Most articles are published in the 2010s with
earlier exceptions in 1999 [23] and 2007 [24] that however do not seem to have
received a follow-up, at least not in TCPR applications.

Substantive research aims (n = 12) dominate this stream with the proposi-
tion of new constructs as its main feature (n = 5). There is some attention to
technical aims, notably comparison of human and machine interpretation (n =

3). The datasets used vary per study and could be either derived from practice
or involve counsellor training data or data collected for effect studies. Psychody-
namic treatment is the preferred choice for the affect studies, while the remain-
ing studies concern other therapies, e.g. client centred therapy [29]. Strikingly,
the client population is in more than half of the studies unspecified (n = 5). This
stream is characterized by small sample sizes (average of 76 sessions, SD = 80)

with relatively few cases (e.g. clients) as shown also in the frequent choice for
single case studies (n = 4). Within-session level annotations are most frequently
employed (n = 6) as compared to treatment level (n = 3) and session level (n =

1), hence showing an interest in micro-level processes.
The constructs under investigation show high complexity regarding multiple
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aspects of a phenomenon such as language style [24] attended to (e.g. referential
activity, affect and reflection, disfluency, non-verbalized vocalized responses).
All studies focus on client language, with some attending also to either counsel-
lor language (n = 4) or the relation between client and counsellor (n = 1). The
pre-processing procedure is relatively limited, at least when compared to more
elaborate description of mostly newly developed software dedicated to the new
construct that is proposed, e.g. CALAS [23], DAAP with WRAD dictionary [24,
26], Turkish language affect analysis system [25], DFA [27], ACASM [28], body
type dictionary [29]. This new software mostly adopts DB (n = 5) and RB (n =

5) text mining techniques, with some attention to SML (n = 2) and UML (n =

1). Finally, most studies (n = 6) in this stream use one or more basic methods
of analysis (notably group comparison and model performance). Two studies
use intermediate and/or advanced methods, e.g. neural networks [27], Support
Vector Machines and Latent Dirichlet Allocation [30].

All in all, the constructs in this stream show theoretical and linguistic com-
plexity. For this purpose, new dictionaries are developed and complemented
with RB approaches. Technically, this stream appears to employ relatively basic
methods and techniques, with some use of more advanced ones. Sample size is
relatively small, and re-use of software and datasets seems limited. This reflects
that these are newcomers in the field for which the future will tell whose work
may eventually develop into their own streams and research groups.

D. Digitals: Connecting process to outcome in internet

counselling

Despite the small number of studies (n = 2), we felt that a separate cluster
should be dedicated to an upcoming stream of researchers investigating chat-
and SMS-texting-based counselling. Because only two studies are in this stream,
the following characterization is rather tentative. Characteristic of the born digi-
tal data studies in this stream is that they have large sample sizes available (up to
15,555 sessions). Alongside the substantive research aim focused on connecting
linguistic process markers to outcome, both studies also report the technical aim
of finding best features. To connect process to outcome, the first study [31] has
labels at treatment level (meta-data for gender, age, etc.) and session level pre-
and post-test labels for depressive and anxious symptoms. The second study
[32] has session level binary labels (improved and not improved). Howes et
al. (2014) analyse discussion topics and sentiment to show that written therapy
can be compared with face-to-face data. However, they conclude that patient
progress can only be “captured by finer-grained lexical features suggesting that as-
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pects of style or dialogue structure may also be important.” Similarly, the findings of
Althoff et al. (2016) indicate that a more comprehensive model achieved the best
performance. Both studies derive construct complexity from including multiple
text features that go beyond mere word counts to include for example ambiguity
and creativity [32]. Although both studies use LIWC as starting point for their
analysis, they note its limitations and use additional TM techniques, e.g. SML
[31 and 32], RB and UML [32]. Moreover, they both use an advanced method
of analysis (i.e. Hidden Markov Model), making these studies to be among the
technically most advanced of the field.
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Table 3.2: Characteristics of the 32 articles included in our review, divided in four streams.

Reference Aim Client
Treat-
ment

Sample
size

Annotation
level

Construct(s) complexity
Unit of
analysis

Pre-
proc.

TM Software
Statistical
methods

Stream A. Emotion-abstraction patterns in single cases of psychodynamic therapy (NA = 8) 153 sessions (SD = 202)

1. Mergen-
thaler (1996)

MCT,
RPO,
OC

DA,
PD,
O

PA MM;
108

T + S Single complex + temp:
Therapeutic Cycles
(emotion abstraction
patterns: relaxing, ex-
periencing, connecting,
reflecting)

Cl + Co L DB TCM basic (GC)

2. Mer-
genthaler
& Kachele
(1996)

CML,
MCT

U,
DA

PA MS;
64

None Multiple + temp: for-
mal, grammatical, and
substantial text features

Cl + Co +
R

P DB,
RB

TCM basic (GC)

3. Päffflin et
al. (2005)

MCT Co U S; 62 S Multiple + temp: Emo-
tional experience, cog-
nitive mastery, connect-
ing

Cl P DB TCM basic (GC)

4. McCarthy
et al. (2011)

MCT,
RPO

Co PA S, 16 S Single complex + temp:
Therapeutic cycles (see
under 1)

Cl + Co +
R

U DB TCM basic (GC)
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Reference Aim Client
Treat-
ment

Sample
size

Annotation
level

Construct(s) complexity
Unit of
analysis

Pre-
proc.

TM Software
Statistical
methods

5. McCarthy
et al. (2014)

RPO,
MCT

PD,
DA

PA MM;
400

T Single complex + temp:
Therapeutic cycles (see
under 1)

Cl + Co +
R

L DB TCM basic (GC)

6. Sassaroli
et al. (2014)

MCT DA CBT S; 10 WS Temp: CBT interven-
tions (assessing, disput-
ing, and reframing bi-
ased beliefs)

Cl + Co +
R

P DB TCM basic (GC)

7. Boldrini et
al. (2017)

RPO DA,
PD,
O

PA MM;
540

T Single reduced: Mental-
ization measured by re-
flective functioning

Cl L DB OSS
(CRF)

basic (GC)

8. McCarthy
et al. (2017)

FBF,
CHM

PD,
DA

PA MS;
20

T + S Single complex: Signif-
icant events (emotion,
reflection language and
alliance strengthening)

Cl L DB LIWC,
TCM

basic (GC)
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Reference Aim Client
Treat-
ment

Sample
size

Annotation
level

Construct(s) complexity
Unit of
analysis

Pre-
proc.

TM Software
Statistical
methods

Stream B. Upscaling motivational interviewing research (NB = 14) 372 sessions (SD = 463)

9. Can et al.
(2012)

CHM SA MI MS;
57

WS Single reduced + temp:
Counsellor reflection

Co L SML NM basic (MP),
intermediate
(NG), advanced
(HMM)

10. Xiao et al.
(2012)

FBF,
CHM

SA MI MM;
116

T + S
+ WS

Single complex + temp:
Counsellor empathy

Co L SML NM basic (PL),
intermediate
(PL), advanced
(SVM)

11. Atkins et
al. (2014)

CHM,
FBF

SA MI MM;
148

S +
WS

Single complex: Coun-
sellor fidelity

Co L DB,
UML

NM basic (GC, MP),
intermediate
(LDA, ROC)

12. Can et al.
(2015)

CHM,
FBF

SA MI ML;
1303

S +
WS

Multiple + temp: Empa-
thy and spirit

Co L SML OSS
(ASR
lattices)

basic (MP, PL),
intermediate
(NG)

13. Gibson et
al. (2015)

FBF,
CHM

SA MI MM;
148

S +
WS

Single complex: Coun-
sellor empathy

Co L DB,
RB

LIWC,
OSS
(Semval-
2014)

basic (GC, MP)
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Reference Aim Client
Treat-
ment

Sample
size

Annotation
level

Construct(s) complexity
Unit of
analysis

Pre-
proc.

TM Software
Statistical
methods

14. Imel et al.
(2015)

OC SA,
O

CBT,
PA, MI,
CCT,
other

ML;
1553

T + S Multiple: Sensible
topics, therapist state-
ments, therapeutic
relationship

Cl + Co L UML NM basic (GC),
intermediate
(LDA)

15. Lord et
al. (2015)

FBF SA MI MM;
112

S Single complex + temp:
Counsellor empathy
(synchrony in lan-
guage style, therapist
reflections)

Co + R L DB,
RB

LIWC basic (GC, PL)

16. Tanana et
al. (2015)

CML,
CHM

SA MI MM;
356

WS Multiple + temp: Coun-
sellor fidelity, client
change talk, client
sustain talk

Cl + Co L RB,
SML

NM basic (PL), ad-
vanced (NN)

17. Can et al.
(2016)

CHM,
FBF

SA MI MS;
57

WS Single reduced + temp:
Counsellor fidelity (re-
flections only)

Co L RB,
SML

NM intermediate
(ROC), ad-
vanced (HMM)

18. Gibson et
al. (2016)

FBF,
RPO

SA MI MM;
348

S +
WS

Single complex + temp:
Counsellor empathy

Co L RB NM advanced (NN)
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Reference Aim Client
Treat-
ment

Sample
size

Annotation
level

Construct(s) complexity
Unit of
analysis

Pre-
proc.

TM Software
Statistical
methods

19. Tanana et
al. (2016)

CML,
CHM

SA MI MM;
341

S +
WS

Multiple + temp: Coun-
sellor fidelity; client
change talk, client sus-
tain talk

Cl + Co L RB LIWC basic (MP), ad-
vanced (NN)

20. Gibson et
al. (2017)

FBF,
CML

SA MI MM;
337

WS Unspecified Cl + Co P RB NM basic (GC, MP)

21. Pérez-
Rosas et al.
(2017)

OC,
FBF,
RPO

SA,
O

MI MM;
277

S +
WS

Multiple + temp: Coun-
sellor empathy; partici-
pant engagement; par-
ticipant mimicry pat-
terns; discussion topics

Cl + Co +
R

P RB LIWC basic (GC, MP)

22. Flemo-
tomos et al.
(2018)

OC,
FBF

U CBT MM;
92

S +
WS

Single complex + temp:
CBT Competency

Cl + Co L DB,
SML

LIWC basic (GC, MP,
PL), advanced
(NN)
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Reference Aim Client
Treat-
ment

Sample
size

Annotation
level

Construct(s) complexity
Unit of
analysis

Pre-
proc.

TM Software
Statistical
methods

Stream C. Developing theoretically and/or linguistically complex new TM techniques, tools and software (NC = 8) 76 sessions (SD = 80)

Affect (CALAS / LAVAS and DAAP)

23. Ander-
son et al.
(1999)

RPO PD,
U

PA MS;
32

WS Multiple: Affect, speak-
ing style, stylistic com-
plexity

Cl + Co L RB DOC
(CALAS)

basic (GC)

24. Bucci
& Bernard
(2007)

CHM U PA S; 16 S +
WS

Single complex: lan-
guage style (referential
activity, affect and
reflection, disfluency,
nonverbalized vocal-
ized responses)

Cl + Co L DB OSS
(DAAP
with
WRAD)

basic (GC)

25. Halfon et
al. (2016)

OC,
CHM,
MCT

DA,
O

PA
(play
ther-
apy)

MM;
120

T +
WS

Single complex: Affect
(valence and arousal)

Cl L RB DOS
(Turkish
affect
analysis)

basic (GC, MP)

26. Halfon et
al. (2016)

OC,
MCT

U PA S; 30 WS Single complex: Emo-
tional access (verb rep-
etition + Referential Ac-
tivity)

Cl L DB,
RB

OSS
(DAAP
with
WRAD)

basic (GC, MP)
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Reference Aim Client
Treat-
ment

Sample
size

Annotation
level

Construct(s) complexity
Unit of
analysis

Pre-
proc.

TM Software
Statistical
methods

Discourse Flow Analysis (DFA)

27. Nitti et
al. (2010)

OC,
MCT,
RPO

U PA S; 43 None Single complex: Pa-
tient therapist commu-
nicative flow (amount
of activity, superorder
nodes, connectivity)

Cl + Co +
R

L DB,
RB,
SML

OSS
(DFA)

advanced (NN)

Automated Co-occurrence Analysis for Semantic Mapping (ACASM)

28. Salvatore
et al. (2012)

OC,
CHM

PD O S; 48 WS Context-sensitive mean-
ings

Cl U RB,
UML

OSS
(ACASM)

basic (GC)

Body Boundary
29. Cariola
(2015)

OC,
RPO

U O
(client
cen-
tered
ther-
apy)

MM;
240

T Single complex: Body
imagery linguistic vari-
ables (i.e. anger, body,
plural and singular pro-
nouns)

Cl L DB LIWC,
DOS
(Body
type)

basic (GC, MP)
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Reference Aim Client
Treat-
ment

Sample
size

Annotation
level

Construct(s) complexity
Unit of
analysis

Pre-
proc.

TM Software
Statistical
methods

Repair
30. Howes et
al. (2012)

RPO,
FBF

O U U T +
WS

Single complex: Repair Cl + Co P DB,
SML

OSS
(Weka
toolkit,
SVM
Light)

intermediate
(LDA), ad-
vanced (SVM)

Stream D. Connecting process to outcome in internet counseling (ND = 2)

31. Howes et
al. (2014)

RPO,
FBF

DA CBT ML;
882

T +
WS

Multiple: discussion
topics and sentiment,
patient progress

Cl P DB,
SML

LIWC,
DOS
(Stanford
classi-
fier)

advanced
(HMM)

32. Althoff et
al. (2016)

RPO,
FBF,
OC

DA O (cri-
sis
inter-
ven-
tion)

ML;
15555

S Multiple: Counsellor
adaptability; Ambigu-
ity; Creativity

Cl + Co P DB,
RB,
SML,
UML

LIWC advanced
(HMM)
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Overview of the field across the four streams

Overall, substantial aims (n = 31) and technical aims (n = 30) both occur equally,
with stream B taking the bulk of the technical aims (21 out of 30), stream A and C
focusing on substantive aims, and stream D aiming to achieve substantive aims
by technical advancements. Datasets used in stream A and B have rather ho-
mogenous population and treatment characteristics (e.g. depression and anxiety
clients undergoing psychodynamic treatment in stream A; substance abusers in
motivational interviewing data in stream B). Interestingly, CBT, by far the most
used and most widely researched psychotherapeutic treatment in the Western
world, is clearly under-represented (n = 4) in the studies included in this re-
view.

Stream D has the largest sample size (<1000), followed by medium sample
sizes of over a hundred sessions in stream B (372) and A (153), and small sam-
ple size (<100) in stream C. In all but stream D, actual sample sizes are a result
of a selection process in which parts of a larger dataset are sampled based on
availability of annotations (or space within the project to create additional anno-
tations). About half of the studies use a multiple case study design of medium
sample size, with stream A, C and D typically reporting sample size (also) at
population level (number of clients and/or counsellors), and stream B gener-
ally privileging data structure to indicate sample size (number of words, tokens,
sessions). Within session annotations (n = 20) outweigh session (n = 16) and
treatment level (n = 10) annotations, but this distribution is skewed (stream B
outnumbers all other streams). Only two studies report no use of annotations,
making the use of annotated data for TM the preferred option in this field.

Except for some studies aiming for construct simplicity (explaining more
with less features), most studies prefer to add complexity either by adding text
features (n = 16), by including multiple constructs (n = 10), or by seeking the-
oretically or linguistically more complex constructs (with stream C as prime
example). Half of the studies (n = 16), all in streams A and B, pay attention to
temporal complexity. This is in stream B typically mapping change in language
use within sessions, and in stream A both within and across selected sessions.
We did not find any studies mapping change over the course of a complete ther-
apy trajectory of one or more clients. Overall, there is much less attention to the
relation between client and counsellor language (n = 7) than to language use
of client (n = 24) and counsellor (n = 24) separately (with counsellor language
with n = 14 distinctive for stream B). Most studies do not provide information
about the pre-processing steps with a level of detail that allows for immediate
reproduction (n = 24), and we found no studies reporting to have made avail-
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able pre-processing steps on a software platform such as GitHub. This may be
explained by the change to open science standards that become more prevalent
nowadays when compared to the time when the majority of these studies were
published. DB is the most frequently used TM technique (n = 19) often as part
of the TCM model in stream A. Of the other dictionaries, LIWC is the most fre-
quently used one (n = 9). Second in line are RB approaches (n = 15), followed
by SML (n = 10) and UML (n = 4). Group comparison (n = 21) is the preferred
(basic) method of analysis across all streams. Stream B and stream D show the
greatest variety in TM methods used within single studies with model perfor-
mance (n = 8) as the most popular one. These streams also adopt the technically
most advanced methods of analysis.

Discussion

In this literature review we investigated the state-of-the-art in the field of auto-
mated text-based approaches to psychotherapy research. For this purpose, we
performed a State-of-the- Art review to investigate which kind of data are mined
with which TM methods and techniques and for which purpose. We observed
four main research streams in the field (e.g., A. Change Analysts, B. Engineers, C.
Explorers, and D. Digitals). These four streams differ in decisions and considera-
tions regarding three closely related methodological aspects, which correspond
to the three sub research questions in this article: 1) the research aim, the way
they handle 2) data issues and 3) analytical issues. In Figure 3.1, an overview
of these decisions is presented that can help both aspiring and experienced re-
searchers to inform their study designs.

In response to the first research question about the research aim, we con-
clude that the division between researchers prioritizing substantive versus tech-
nical research aims indicates different developmental phases in the field. The
difference between streams A and C suggest subsequent phases of software de-
velopment and wider implementation. After initial development of a new model
(e.g. TCM), stream A has invested in building a knowledge base supporting the
external validity of the model across client populations (but not yet across treat-
ments). Stream C researchers are in the initial development phase of software
for linguistically and theoretically complex constructs, and the future will tell
whether their models and techniques will be taken up by other researchers to
become established techniques. The relative priority given to technically ad-
vancing motivational interviewing research in stream B may reflect the need to
first develop better TM approaches and acquire larger annotated datasets before
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Analytical

· Construct complexity
- single or multiple
- including temporality
· Unit of analysis

- counsellor
- client
- treatment
· TM methods and software

- existing or new
- (un)supervised
· Methods and techniques

- available (technical) expertise
- required (technical) expertise

Data

· Type
- born-digital or digitized
- re-use or collect data
· Sampling

- size
- selection
· Annotation level

- treatment
- session
- within-session
- none

Aim and audience

· Substansive or technical?
· Open course output?

Figure 3.1: Overview of decisions involved in designing Text Mining research.

actual testing of hypotheses comes into view. In stream D the requirement of
large annotated datasets is fulfilled, hence laying the foundation for large scale
research on the connection between process and outcome. However, the rela-
tive weight attributed to substantive and technical research aims appears to be
also influenced by the disciplinary background and composition of the research
teams (e.g. computer sciences or psychology). Therefore, the issue of choice at
formulating the research objective appears to be partly pragmatically informed
(e.g. based on available technical expertise and dataset specifications) and partly
on (discipline-specific) substantial interest.

In response to research question two, data characteristics, we found two main
factors affecting sample size decisions: 1) availability of annotated data, and 2)
role of human interpretation. Even when large (video- or audiotaped) datasets
are available, often only a selection is used to circumvent labor intensive tran-
scription and annotation tasks. While selective use of data is understandable and
often necessary within the scope of a research project, this practice also hinders
using the full potential of machine learning, which benefits from large datasets.
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We found some inventive strategies to solve the annotation problem in stream
B that might be useful for other researchers as well. They re-used datasets and
gradually built a larger annotated corpus, they combined datasets, looked for
more efficient coding schemes, and adopted unsupervised machine learning to
circumvent labor intensive manual annotation. However, these solutions may
not always be possible or desirable. Re-use of datasets for example may be dif-
ficult because of privacy and informed consent issues. Moreover, the practice
of selecting sessions may be informed by the important role attributed to hu-
man interpretation by many TCPR researchers. This could explain why fully
automated and unsupervised machine learning is not more frequently adopted.

However, instead of limiting the number of sessions in advance based on
theory or logic (e.g. the first or third session), we recommend making informed
selections based on human interpretation of language use detected automati-
cally over the whole corpus. This procedure may allow to find new, unexpected
findings of what counts as significant moments in therapy, and to detect prede-
cessors of these moments. In addition, the rise in internet-based treatments has
the exciting prospect of using born-digital data on a wider scale. These datasets
are among the largest currently available in the studies included in this review.
A big advantage of born-digital data is that time-intensive transcription of face-
to-face conversations is not needed. In this respect, automatic transcription soft-
ware also offers possibilities, but we did not encounter this application in our
review. With only 2 studies (distinctive for stream D) using born-digital data
this potential is underutilized. Notably, the small number of born-digital studies
was also due to the exclusion criteria (two articles of group-wise internet-based
counselling and one about a medical application were excluded). We would ar-
gue that beyond pragmatic choices for born digital conversations, TM research
opens a host of psychologically relevant (new) research questions such as what
the therapeutic relation looks like in web-based counselling.

In answer to the third research question about data analysis methods, we
conclude that we see a trend towards seeking either theoretical, linguistic, or
technical complexity in each stream. We also noticed lack of crossovers between
streams, except for stream D, indicating fragmentation of the field. Stream A
researchers started out with a theoretically complex construct, using basic tech-
nical and statistical methods to show the external validity of this construct. Gen-
eralizability of the therapeutic cycles to different client populations is found, yet
generalizability to psychotherapy treatments other than psychodynamic therapy
needs to be tested in future research. This stream is comprehensive in includ-
ing all units of analysis (client, counsellor, relationship and temporality). Even
more comprehensive future research could entail including complete client tra-
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jectories (not selections), and comparing more clients to build a more robust
evidence base. Moreover, including software developed for linguistically and
theoretically more complex constructs in stream C could enrich the TCM model.
This is important, because the initiative to develop TCPR-specific software (in
stream A as well as C) shows that LIWC is not the primary choice in the field
of TCPR although it is sometimes used as starting point or benchmark (n = 9

out of 32 articles). We also recommend looking at neighboring disciplines (e.g.
computational linguistics) for potentially relevant NLP approaches. Examples of
computational linguistics relevant for psychology and TCPR include for exam-
ple empathy in call center conversations (Podsiadlowski et al., 2013), embodied
meaning in child language (J. Feldman & Narayanan, 2004), embodied emotions
in historical texts (van der Zwaan et al., 2015), computational modeling of nar-
rative (Mani, 2012).

Stream B focuses on technically advancing the field to find more fine-grained
ways of detecting (mainly) counsellor fidelity, with mixed results. Completer
models, in particular when features are enriched with contextual information,
tend to yield better performance than simpler ones. However, interpretation can
be difficult in for example deep learning approaches that are becoming more
popular (although we only encountered neural networks). Therefore, investing
in optimizing seems worthwhile, providing that is recognized that the optimiza-
tion process takes time, resources and patience. The choice for empathy and
reflection as main constructs may stretch the potential relevance of the approach
in this stream beyond MI to other treatments, but this may require better embed-
ding in psychological theory to be successful. In case the trend to include client
talk and synchrony between client and counsellor language [15, 21] continues,
this will increase the attractiveness of stream B for researchers outside the MI
field. Finally, connecting (within) session level processes to treatment outcomes,
similar to the studies in stream D, could also be an important next step to test
when and how counsellor fidelity matters. In light of current open science re-
quirements (for example motivated by Woelfle et al., 2011), we recommend to
make software and code used to pre-process and analyse the data available on
an online repository, such as GitHub.

Conclusion

Overall, we conclude that TM research in the field of psychotherapeutic change
is a relatively small yet promising field of pioneers. A potential explanation
is that the complexity of therapeutic change processes requires going beyond
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basic TM methods and techniques. Evidence for this idea can be found in the
search for increased theoretical, linguistic and technical complexity. The four
streams we identified seem to specialize in either theoretically, linguistically or
technically advancing the field. The streams also differ in a focus on comprehen-
siveness (client, counsellor, relationship, with eye for temporality) or upscaling
TCPR research. A big obstacle lies in the lack of structured, complete, and
comparable datasets (Veldkamp, 2018): most data are unstructured text with no
clearly identifiable structure and/or predefined data model (He, 2013, p.1). Cur-
rent strategies to reduce data handling complexity reflect the preparatory status
of the field. With expected technological developments (automatic speech de-
tection) and the increase in born-digital data, the conditions for upscaling TCPR
research are expected to improve over the next few years. However, to speed
up the preparatory process investment in the creation of sharable datasets with
comprehensive annotation systems will be needed. When sharing of datasets
is difficult (for example due to privacy issues which are abound in this field),
then at least re-use of TM methods and techniques between researchers from the
four streams would be highly recommended. Finally, interdisciplinary knowl-
edge exchange would be vital to bring the ambition of a unified field capable of
answering comprehensive research questions closer into view.
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4The Automation and Explication of
Research Methods: Understanding

their Interplay through a Framework,
with Therapeutic Change Process

Research as an Use-Case

Abstract

There are differences between the research goals, models and methods of the developers

of text mining applications and the users of these text mining applications. To get insight

in these differences, we introduce the automation-explication framework and show why

disciplinary preferences make it difficult to automate qualitative research methods with

text mining. As an use-case, we classify the four streams of text mining Therapeutic

Change Process Research (TCPR). The framework shows that the rule-based approach

prevails for methods aimed at explanation, whereas the example-based approach pre-

dominates for methods aimed at improving the accuracy of predictions. By visually

showing the disciplinary differences, we hope that the framework can bring users and

developers of text mining methods closer together (or that it at least becomes easier to

communicate over the borders of disciplines).

Keywords: automation-explication framework, Therapeutic Change Process Re-
search (TCPR), text mining, automation, explication

This chapter has been submitted as: Smink, W. A. C., Sools, A. M., Tjong Kim
Sang, E., Veldkamp, B. P., & Westerhof, G. J. (2020).
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Introduction

Even though there are many parallels between text mining and qualitative
research methods, not all qualitative methods are –in their current form–
well-equipped to analyse the large volumes of data that are available

nowadays (Ho Yu et al., 2011). Even though the ‘talking cure’ lies at the heart
of psychotherapy, none of the methods for Therapeutic Change Process Research
(TCPR) are –in their current form– suitable for the analysis of ‘Big data-sets’
(Smink, Sools, van der Zwaan, et al., 2019).1 In the current paper we argue that
the cause lies (in part) in the difference between the goals, methods and mod-
els of the developers of (new) text mining applications (who are usually mainly
computer scientists), and the users of these text mining applications (such as psy-
chologists). We identify two trade-offs that can give insight in these differences:
the orientation of the explication, and the method of automation. Understanding
how users and developers differ with respect to these trade-offs could stimulate
the interdisciplinary collaboration that psychotherapy research requires in this
day and age.

We aim to facilitate the multidisciplinary nature of psychotherapy research
in two ways. First, we introduce the automation-explication framework (which
links the two trade-offs), and second we demonstrate how the framework can be
applied. To do so, we discuss how automation and explication differ between
the streams of text mining TCPR that were identified by Sools et al. (2019).1

By emphasizing what approaches can be used for automation (we make a dis-
tinction between rule- and example-based approaches) it becomes clear there is a
difference in how conclusions can be explicated (we distinguish between models
aimed at accuracy and explication).

Towards that end, we organised this article as follows. In the remainder of
this introduction, we will discuss how the two sides of both trade-offs co-exist. In
the framework-section, we discuss the four quadrants of the framework. We then
discuss the use-case of TCPR in the application-section. We address the general
and TCPR-specific implications of the framework in the implications-section.

Explication

Because the co-existence of accuracy and explanation is relevant for all research
disciplines that work with data, (some form of) the trade-off is addressed by
machine learning, data science and statistics (Donoho, 2017). We mainly relied

1Smink, Sools, van der Zwaan, et al. (2019) and Sools et al. (2019) are chapter 2 and 3 of this
thesis.
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input model output

x −→ f(x) −→ y

Figure 4.1: The (statistical) model f(x) maps the independent variable x to the
dependent variable y.

on Breiman (2001b) and Shmueli (2010) to cover the statistical science; for ma-
chine learning and data science we used arXiv.org publications (Duval, 2019).
We will first discuss the trade-off broadly, and then discuss the relevance in the
field of TCPR. We like to stress that accuracy and explanation are not mutually
exclusive, but researchers are implicitly confronted with a choice between these
concepts when models need to be optimized. For example, for basic and very
simple cases, it is possible to obtain 100% accuracy, but 100% explication is not
an objective that makes much sense (i.e. what is the difference between 95%
and 100% explanation). Nevertheless, in practice, it is common to distinguish
between accuracy and explanation as the two orientations of research goals.

The explication trade-off can be understood through the three elements in
Figure 4.1: the independent variable x (also known as the input variable), the
dependent variable y (the output), and the model f(x) that associates x and y.
The trade-off arises because the predictive accuracy of the model f(x) improves
at the expense of its explanational value (Kuhn & Johnson, 2018). To phrase it
differently, the difference between accuracy and explanation lies in the complexity
that is allowed for f(x): modelling non-linear (or non-smooth) relations between
x and y results in more accurate predictions for y. However, as a result, the
complexity of f(x) increases, which reduces the explanational value of f(x).

In the literature, it is not uncommon that different names are used for the
concepts of accuracy and explanation. Improving the accuracy is also referred
to as predictive, algorithmic, or optimized modelling. Explanation is also known as
interpretative, informative, transparent, or simple modelling. We prefer the terms
accuracy and explanation because they inherently express the two different goals
of data analysis, and organised these concepts as the trade-off in Figure 4.2.
We propose to use the term explication to address the trade-off itself, as the
term expresses that there are two approaches to explicate a statistical model (see
Figure 4.1 and 4.2).
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accuracyexplanation

Figure 4.2: The explication-axis describes whether the model aims for explanation
or accuracy.

The explication trade-off

So, the complexity that is allowed for f(x) (see Figure 4.1) differs for both sides
of the trade-off in Figure 4.2. It turns out that, in practice, different research
disciplines favour different sides of the trade-off. Applied researchers (such as
social, economical or medical scientists) mainly value explanation: they perform
data analysis to increase their (theoretical) knowledge about how the input vari-
able x and output variable y are associated in f(x). That becomes difficult if
f(x) is too complex and non-explainable to a (human) researcher. To give an
example, a model that simply lists all the patients at risk of developing a certain
mental health issue is not helpful without offering insight in the specific risk
factors.

There are also disciplines that do not emphasize the explanation of f(x):
knowing how x and y are related in f(x) is of secondary importance, as long as
f(x) returns good predictions for y. Because model complexity is not-restricted,
the model is ‘allowed’ to use everything for good predictions, so it can ‘choose’
to employ complex, non-smooth, and non-linear functions for f(x). As a result,
the predictions for y become more accurate, at the price that f(x) becomes a
black-box (i.e. is not explainable). A translation algorithm is a good example:
correct translations are more important than an understanding of how this result
is achieved. Certainly, an understanding of what makes translations ‘good’ is
helpful, but the goal of the application is prediction (rather than explanation).

So, the practical difference between the two approaches (i.e. two sides of Fig-
ure 4.2) is what exactly is required of the model f(x). Some disciplines mainly
value accuracy, others prefer explanation. Because explanation is the result of
restricting the model complexity, accuracy and explanation are often in conflict
as accuracy requires increased complexity (which is why presenting these con-
cepts as a trade-off in Figure 4.2 is appropriate). Arguably, this is also one of
the reasons why an interdisciplinary collaboration is not straightforward to or-
ganise: the type of preferred conclusions differ between research disciplines. In the
application-section, we will show that technically orientated disciplines appear to
pursue accuracy-related models more often than domain-specific research like
psychologists (and that this relation is the other way around for explanation).
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Observed
positive

Observed
negative

True Positive (TP )
False Negative (FN)

Type II error

False Positive (FP )
Type I error True Negative (TN)

Predicted positive Predicted negative

Precision
TP

TP+FP

Neg. Pred. value
TN

TN+FN

Sensitivity
TP

TP+FN

Specificity
TN

TP+FP

Figure 4.3: The confusion matrix.
Note. Often used measure for the overall model performance are the accuracy
(calculated as the sum of all the correct classifications, the true positives and
true negatives, divided by the sum of all measures in the Figure, and the F1-
score, calculated as the (harmonic) mean between the precision and sensitivity.
Neg. Pred. is an abbreviation for negative predictive.

Type of conclusions

With the risk of over-generalizing, those valuing accuracy are –arguably– less
sensitive to the explanation-issue because they rely on the confusion matrix (see
Figure 4.3) to assess model performance. Complex (and therefore less explain-
able) models are more accurate and lead to a ‘better’ confusion matrix (i.e. a
higher accuracy and F1-score, see Figure 4.3). However, the matrix itself does
not address model complexity, which is why model evaluation based on the
confusion matrix alone could make the developers of new text mining methods
less sensitive to the needs and preferences of the users of their models. These
users typically prefer explainable (and therefore less complex) models, which
also means that the confusion matrix is going to consist out of suboptimal per-
formance metrics (which is not the goal of model optimization).

Even when model complexity is considered, it turns out to be difficult to
determine what an acceptable level of model complexity is. What could be an
insignificant increase of complexity for a developer, could mean the difference
between a model that does or does not have value for an user. On the other hand,
the small increase of 4% accuracy (from 95% to 99%) could mean the difference
between an application that does or does not have value for practical use (for
example, voice-controlled applications only have value if they perform nearly
perfect). All in all, being unaware of these subtle but important differences
leads to explanation-preferences that do not translate well across the borders of
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disciplines.

Relevance for TCPR

As we intend to go beyond a theoretical discussion alone, we also discuss ex-
planation in the context of TCPR, a field dedicated to find an answer to the
question what treatment, by whom, is most effective for this individual with that
specific problem, and under which set of circumstances (Norcross & Wampold,
2011; Paul, 1967; Tasca et al., 2015). Arguably, this What Works When from Whom
(WWWW) question lies at the heart of psychotherapy research, which makes
TCPR a relevant field for many researchers (hence our choice for this specific
use-case).

Two recent literature reviews of TCPR present an overview of the field.
Smink, Sools, van der Zwaan, et al. (2019) concluded that there was potential for
automation for the majority of the often-used qualitative TCPR methods (which
is the topic of the next section), but “due to their dependence on human interpreta-
tion, these methods are limited in analysing the large bodies of text that are nowadays
available, limiting their use to small scale research.” In other words, Smink, Sools,
van der Zwaan, et al. (2019) note the importance of explication, but limit their
conclusions to automation (the topic of the next section) alone.

The other review, conducted by Sools et al. (2019), distinguished four streams
of automated TCPR research: change analysts, engineers, explorers, and digitals.
Sools et al. (2019) concluded that the streams differ with respect to the research
objectives, methods and data characteristics. However, Sools et al. (2019) do not
address the difference in explication between streams explicitly, and only cover
automation briefly. We will discuss the study of Sools et al. (2019) in detail in the
application- and implication-section. Based on these two reviews, we conclude
that the concept of explication is not yet explored for TCPR.

We also chose this field because we expected that it would have long-standing
discussion with respect to explication. We expected to find different approaches
–with different historical roots– to the WWWW question. In line with the be-
haviouristic tradition, we expected to find some who argued that an accurate
prediction tells ‘everything’ about behaviour (i.e. ‘accurately predicting be-
haviour = understanding behaviour’). We also expected that others took the po-
sition that the mechanisms that underlie therapy are more important for under-
standing change, and thus favoured explainable models (i.e. explainable models
= understanding behaviour). The two reviews that we use in the current article
do not discuss these questions in detail, and –to our surprise– this discussion
was absent in the literature.
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Automation

Due to their dependence on human interpretation, qualitative research methods
are limited in analysing the large bodies of text that are nowadays available,
constraining their use to smaller samples. To adequately understand why au-
tomation of qualitative methods is not straightforward through a text mining
approach (aside from difference in explication), we (also) need to consider the
automation-trade-off. Automation is when a piece of machinery, technology, or an
algorithm performs a process or procedure without –or with minimal– human
assistance. We use the verb automating to describe the process of replacing hu-
man labour by an automatic process (i.e. ‘outsourcing the labour to technology’).

Text mining is a framework of automated methods for the automatic pro-
cessing of natural language. There is more than one approach for automatic text
analysis, in our context of text mining –and similar to Smink, Sools, van der
Zwaan, et al. (2019)– we will discuss and highlight the importance of rule- and
example-based automation. Because rule-based automation is best understood in
its historical context, we shortly discuss the history of the field first (Jurafsky &
Martin, 2014).

Rule-based models

The roots of text mining are closely intertwined with those of Natural Lan-
guage Processing: NLP originated in computer science, and one of its earliest
applications was deciphering the encrypted Morse-code messages sent by Nazi-
Germany. After the Second World War, others also tried to model natural lan-
guage through rule-based language models (Johnson, 2009; Jurafsky & Martin,
2014). The work of these pioneers emphasized the core of rule-based models:
input variable x is mapped to output y through some function f(x) (Figure 4.1
is also helpful here). Rule-based language models describe a set of models that
explicitly define the relation between x and y through a set of unambiguous
rules for f(x). Because of the explicit definition of rules, these models can typ-
ically be well-understood by humans: even though the relation between x and
y is ‘complex’ (e.g. y = ex), rules are concise, explainable, and therefore easy to
understand (Weiss & Indurkhya, 1995).

Typical rule-based language models include (Brzozowski, 1964; Chomsky,
1956; Cremers & Ginsburg, 1975; McNaughton & Yamada, 1960; Porter, 1980):
regular expressions (a sequence of characters that define a search pattern), context
free grammars (a set of rules used to generate all possible word combinations
based on an input string), and stemming (reducing inflected (or sometimes de-
rived) words to their word stem; i.e. an algorithm tasked with the goal of finding
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the verbs ending in ‘-ing’). There are some models, such as named entity recogni-
tion (a model that locates named entity mentions such as person names, organiza-
tions, locations, medical codes, time expressions, and quantities), that nowadays
have rule- and example-based alternatives, but that are in practice still mainly
rule-based (Marrero et al., 2013). For rule-based approaches, each word in the
text –x in Figure 4.1– is represented by a set of features (Salton & McGill, 1986),
these features are then compared against rules for f(x), and a specific rule is ap-
plied if a match between x and one of the features is found (so that x is mapped
onto y).

For the majority of practical purposes, rule-based models did not age that
well, with some exceptions in educational settings (Muñoz & Montoyo, 2007;
Yoon et al., 2008). Practical applications of language models require the speci-
fication of an unworkably large set of rules, which turned out to be infeasible
given realistic time- and budgetary constraints. Although rule-based models
are concise and explainable, they are typically plagued by a low sensitivity (So-
faer et al., 2019): these models only work for (very) specific cases (like regular
expressions, context free grammars, and stemming) that all need to be pre-defined
explicitly and well-tested before they can be used in practice.

Sensitivity refers to a trait of the confusion matrix in Figure 4.3. The precision
(also from the confusion matrix) of rule-based models is relatively high for these
specific use-cases, but not prone to erroneous input, which is almost always a
part of human produced language. Familiarity with the confusion matrix can
help researchers understand why rule-based models are less popular nowadays,
as these models cannot be scaled easily beyond the specific application for which
they were developed, which greatly limits their value to their specific use-case
(Himmel et al., 2009). This is also the main reason why the history of text mining
and NLP are marked by a gradual shift away from rule-based models.

Over the years, scientists from different fields (such as computer science and
electrical engineering) began experimenting with language models that were not
based on rules, but that ‘learned’ to model language based on ‘raw’ examples
from texts (Jurafsky & Martin, 2014). Around 1990, this led to what many refer
to now as a statistical revolution (Martinez & Martinez, 2015): example-based
machine learning models became more prominently featured in text mining than
rule-based models (Johnson, 2009; Manning & Schütze, 1999).

Example-based models

Around the 90s, computational resources and the availability of data both greatly
increased (for example, the Linguistics Data Consortium became accessible for ev-
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eryone), making way for example-based models, which require a lot of data and
computational power (Hilbert & López, 2011; Jurafsky & Martin, 2014; Liber-
man, 2002). It turned out that the probabilistic data-driven models from statis-
tics and machine learning are better equipped for yielding a high precision and
–when sufficient training data is available– a similar recall as rule-based models
(Sofaer et al., 2019). In about the span of a decade, these example-based models
completely took over the field (Martinez & Martinez, 2015).

To sharpen the contrast with rule-based models we propose to call these mod-
els example-based, instead of ‘statistical’ or ‘machine learning’ models (Smink,
Sools, van der Zwaan, et al., 2019). This name also expresses the core of these
models (M. Bates, 1995): they rely on statistical inference to automatically learn
the ‘rules’ of language by analysing large text corpora containing typical real-
world examples of language (instead of analysing language through explicitly
and pre-defined rules). Example-based models ‘learn’ the function f(x) by pro-
viding a (machine) learning algorithm with specific examples of how input x
and output y should be associated. Based on these examples, the model then
searches for an form of f(x) that mimics the these associations.

The result is that example-based models typically focus on learning the com-
mon cases of a text, as f(x) is most ‘familiar’ with these cases. When writ-
ing rules for rule-based models it is not always obvious where the (first) effort
should be directed at (Franke et al., 2016), because there is an extremely large
number of candidate rules available for each language (making the question of
where to start difficult). Example-based models have several other advantages:
they handle exceptions to (grammar-)rules (or spelling) well (without specifying
all these exceptions), they can model words and verbatim that were not fea-
tured in the training set, and they are relatively robust against erroneous input.
Another advantage is that the accuracy of example-based models is simply a
function of the amount of input data: training f(x) with more examples of how
x and y are associated leads to better model performance (Banko & Brill, 2001;
Martinez, 2010). There are more advantages, but we focused on those with the
largest impact on practical use (Jurafsky & Martin, 2017; Manning & Schütze,
1999). The disadvantage of example-based models is that the larger they get,
the more they start to behave as accurate models in Figure 4.2 (and as a result it
requires considerably more effort to make these models explainable). In practice
this means that if the number of examples becomes (quite) large, the explication
of the models is affected (hence the reason why we propose to organise these
concepts in a trade-off, see the application-section). It turns out to be difficult to
create models that both perform well in terms of accuracy, and that at the same
time explainable.
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The prominence of example-based automation also had another effect on the
field: it also meant that Chomsky’s theories of linguistics became of less impor-
tance (Norvig, 2017). The theoretical underpinnings of Chomsky discourage the
use of ‘corpus linguistics’. “One of the big insights of the scientific revolution, of mod-
ern science, at least since the seventeenth century. . . is that arrangement of data isn’t
going to get you anywhere. You have to ask probing questions of nature. That’s what is
called experimentation, and then you may get some answers that mean something. Oth-
erwise you just get junk” (Aarts, 2001). Indeed, Chomsky was a fierce critic of the
implicit assumption that example-based models make: he believed that simply
modelling more data about language did not lead to a better understanding of
language (Sanyal, 2009).

Different methods of automation

Because TCPR has a long standing tradition in the analysis of studying the lin-
guistic ‘products’ of therapy (e.g., homework exercises, diaries, transcripts, p.
303, 392), there are many different qualitative TCPR methods available (Gelo et
al., 2015). As there is more (text) data available nowadays, it becomes even more
important to consider automated approaches to these traditional methods (Sools
et al., 2019). In the previous section, we made a case for a distinction between
rule- and example-based approaches to automation by discussing their differ-
ences and historical origins. Although perhaps less relevant for practical pur-
poses in text mining, a distinction between rule- and example-based approaches
is important when assessing the potential of automation of qualitative methods
in general, and for TCPR specifically. These approaches express how a researcher
can automate a research method in practice: they can either specify a large set of
rules, or they can present annotated examples of the in- and output variables.

In the application-section, we will show that there is not much difference
between the fields that develop new text mining applications and fields that
apply text mining applications, but there is a difference between what is consid-
ered to be a ‘simple’ method. For example, the Linguistic Inquiry and Word Count
software of Pennebaker, Boyd, et al. (2015) could be considered as a standard
example-based application of text mining with low accuracy, but is of great use
and importance for applied fields such as psychology also because of its great
applicational value. To reflect that research methods can rely on both approaches
(such as named entity recognition), the rule- and example-based approach form
the two ends of the automation-axis in Figure 4.4. The automation axis indi-
cates that function f(x) from Figure 4.1 can be approximated by either ‘giving
examples’ or by ‘defining rules’.
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rule-based
approach

example-based
approach

Figure 4.4: Similar to Smink, Sools, van der Zwaan, et al. (2019,
doi:10.1371/journal.pone.0225703.g001), automation can be seen as an uni-
dimensional trait which can be achieved either through an example-based ap-
proach, or a rule-based approach, with hybrid methods in-between.

Goals

We distinguished the differences in explication (accuracy or explanation), and
automation (rule- and example-based approaches). In the next section, we use
these two concepts as axes in a framework. In doing so, we explicitly assume
that these two concepts are independent of each other, and that both accuracy
and explanation can be achieved through a rule- or example-based approach. We
also introduce the framework itself in the next section; in the application-section
we demonstrate how the framework can be used by applying it to TCPR.

The framework

With explication and automation addressed in Figure 4.2 and 4.4 respectively, we
can now introduce the automation-explication framework. Under the framework
presented in Figure 4.5, the explication-trade-off (accuracy and explanation) co-
exists with two different approaches to automation (example- and ruled-based).
It follows directly from the framework that different approaches to automation
can be associated with different types of explication. This coexistence lies at the
heart of the framework: when considering how to automate qualitative research
methods, researchers are confronted with a choice between accurate or explainable
models, guided by example- or rule-based automation.

The four quadrants of the automation-explication framework

These trade-offs differ between the four quadrants of the framework (i to iv in
Figure 4.5). We discuss the framework through these four quadrants and give
some examples from TCPR methods. We have to note that –as with any theoret-
ical model– it is possible to have different opinions on how certain methods and
models could (and should) be classified. We used our own experiences working
as an interdisciplinary team as the main method of analysis for the framework.
As a result, the strengths and limitations of what we present here is what is
‘common sense’ for us, guided by the question ‘what does this mean in practice for
an interdisciplinary approach’.

93

https://journals.plos.org/plosone/article/figure?id=10.1371/journal.pone.0225703.g001


iv

4.2. The framework

explanation

accuracy

rule-based
approach

example-based
approach

i ii

iii iv

Figure 4.5: The automation-explication framework is a balance of automation
approaches (rule- and example-based) and the kind of explication (explainable or
accurate models). These two axes distinguish four quadrants (i − iv).

Quadrant i

The core of methods in quadrant i is that they rely on the example-based approach
with the goal of advancing explanation. Their key trait is that they are dictionary-
based (Pfäfflin et al., 2005), and often used to summarize certain psychological
characteristics that are expressed in text (e.g., emotional experience, cognitive mas-
tery, connecting). As the name implies, dictionary-based methods typically com-
prise of a ‘dictionary’, a list –or several lists– of words that reflect some sort of
domain-specific ontology of a psychological category (Hoogendoorn et al., 2017).
For example, anxiety could be operationalized by words such scared, panic, and
afraid. The underlying assumption is that relevant psychological information is
conveyed through word use (Sools et al., 2019).

To assess this information, a dictionary contains a (finite) list of words (i.e.
examples) that should be recognized by the method, which are used as an in-
dication of the theoretical phenomenon that the researcher is interested in. The
LIWC program by Pennebaker, Boyd, et al. (2015) is the prime example of a
dictionary-based method. LIWC counts words into (pre-defined) meaningful
categories and allows for predictions of behavioural outcomes, as well as identi-
fying words that reflect the underlying psychological state of a person (Sools et
al., 2019). For example, McCarthy et al. (2017) used LIWC to identify significant
events in treatment (such as emotion, reflection, language and alliance strengthen-
ing).
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Strengths

The main strength of quadrant i methods is that they are able to explore theoret-
ically relevant text-characteristics. Dictionary-based methods are often used for
psychotherapy research (Sools et al., 2019). Because dictionary-based methods
can assess a large number of texts simultaneously (Smink, Sools, van der Zwaan,
et al., 2019), they opened up new possibilities of text research. Back et al. (2011)
used LIWC analyse the emotional words used in the 422,502 text pager messages
sent on September 11, 2001.

Potential pitfalls

One drawback of quadrant i methods is that they are dependent on the written
and standard version of a language, and therefore insensitive for the differences
in spoken language or dialect (Kamps et al., 2004). LIWC is available in ten
different languages: English, Chinese, Arabic, Spanish, Dutch, French, German,
Italian, Russian, and Turkish (Pennebaker, Boyd, et al., 2015). Although it is
always possible to ‘simply’ translate a dictionary from one language to another,
it is not guaranteed that this results in a useful translation. Unfortunately, the
language-dependency limits the usability of the method outside that language.
Often, quadrant i methods are available in English and sometimes also in a
second language, frequently the mother-tongue of the research group, such as
Italian (Sassaroli et al., 2014).

Dictionary-based methods require only the specific words for the psycholog-
ical construct of interest, but it can be difficult to determine which words are
relevant without a theoretical overview or advice from experts. If a researcher
wants to explore a construct beyond the available examples, it i difficult to do
so without text-data on the topic. For example-based approaches in general it is
not enough to have only a few examples, since constructs need to be supported
by sufficient data to constitute a dictionary.

Quadrant ii

The core of methods in quadrant ii is that they rely on the rule-based approach
to advance explanation. These methods are used to extract text-characteristics
through rules based on theoretical knowledge of the construct. In doing so,
these methods provide a basis for further development or adjustment of theory.
Regular expressions and decision trees are typical rule-based methods. Althoff
et al. (2016) used regular expressions to detect whether a counsellor utterance
contained a check question, suicide ideation, appreciation, hedge, or surprise. An-
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derson et al. (1999) discriminated between ‘good’ and ‘poor’ counsellors, and
from high affect segments they extracted and labelled verbs as basic, experiencer,
or benefactive based on several rules they developed. Gallo et al. (2015) used a
decision tree based on hand-crafted rules to classify sentences as open-ended
questions.

Strengths

The main advantage of these is ease of implementation. It is straightforward to
specify a rule-based model, and put it to work quickly to see what kind of results
it returns. Rule-based approaches are therefore also a good first exploratory step.
If the research objective is achieved through only a few rules, the rule-based
approach of quadrant ii often suffices.

Potential pitfalls

If a researcher intends to use a rule-based model outside of the specific example
that it was developed for, then usually a large set of (additional) rules need to
be specified. This means that the rule-based methods of quadrant ii typically
involve a lot of manual work which require a deep (and usually a graduate
level of) understanding of the specific field. Also, complex theoretical constructs
are not easily extracted through only a few rules. It is therefore not surprising
that some traditional methods from this quadrant are less used nowadays (but
quadrant ii is where automated text analysis originated).

Quadrant iii

The core of methods in quadrant iii is that they rely on the example-based ap-
proach with the goal of improving accuracy (with little to no attempt to make
these methods explainable). The origin of these methods lie in problem solving,
such as speech, image and handwriting recognition, non-linear time series pre-
diction, and prediction in financial markets (Breiman, 2001b). For example, Nitti
et al. (2010) designed a neural network to identify patterns of functioning of the
discursive network and to verify the clinical validity of these patterns in terms
of their association with specific phases of the psychotherapeutic process.

Strengths

The main advantage of these methods is that they have good predictive prop-
erties, and can work relatively autonomously. We limit the discussion between
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supervised and unsupervised methods here by simply addressing that unsuper-
vised methods can be applied to data that is relatively unstructured, or to data
that has relatively few structured data categories. Note that this is an advantage
with respect to the theory based methods in quadrant i and ii, which require
theoretical knowledge for all analyses or data-exploration.

Potential pitfalls

As the methods in quadrant iii are mainly aimed at improving accuracy, there are
research disciplines where these methods are less applicable. These disciplines
are inherently in pursuit of advancing theoretical knowledge; the disciplines
were quadrant iii methods stand mainly focus on engineering. The extent by
which fields rely on producing ‘practical knowledge’ differs, and so does the
applicability of methods from quadrant iii.

Quadrant iv

The core of methods in quadrant iv is that they rely on the rule-based approach
with the goal of improving accuracy. These methods are aimed at good per-
formance for specific tasks and include task-oriented / interactive systems, or
specific optimizations. Examples include search-engines and automatic summa-
rization, but also automatic approaches for anonymization. In fields that work
with privacy sensitive data (such as psychotherapy and mental health), the iden-
tifiable aspects of data should be removed before data can be used for research.

Losada and Parapar (2017) used summarization to automatically select and
extract psychological features based on salient sentences from psychotherapeu-
tic texts. Trani et al. (2018) used entity linking tasks to automatically identify
and link the entities mentioned in texts to their resource in an knowledge base.
Schaefer et al. (2011) conducted a social-network analysis to test how extracur-
ricular activities helped adolescents maintain existing friendships and develop
new ones. Smink, Sools, Postel, et al. (2020)2 removed all person names, lo-
cations, organizations, numbers and dates from e-mails to anonymize the data
from a web-based intervention.

Strengths

Adopting a rule-based approach with the goal of advancing accuracy typically
requires (advanced) expertise in computer science. On the other hand, the theo-
retical constructs also mandate psychological expertise on the topic. It is a great

2Smink, Sools, Postel, et al. (2020) is chapter 5 of this thesis.
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asset to combine expertises from different fields for a multidisciplinary collabo-
ration in pursuit of new research areas.

Potential pitfalls

However, the level of technical expertise, theoretical knowledge and interdis-
ciplinary willingness to collaborate is one of the largest obstacles of research
methods in quadrant iv. Whether or not these methods could be employed is
mainly based on available technical expertise and dataset specifications. A rel-
atively straightforward application of anonymization requires additional basic
programming expertise, which usually is beyond the level of technical familiar-
ity of psychologists.

Application

In the previous sections we discussed the analytical properties of the framework.
We discuss how the framework can be applied in this section. Because the impact
that the field could have on psychotherapy research is mainly dependent on
the automatability of research methods, we choose the field of TCPR for this
purpose. For this section, we again relied on what we think is common sense
for teams working in interdisciplinary settings.

In Figure 4.6, we plotted the streams of text mining TCPR that were identified
by Sools et al. (2019) in the automation-explication framework. The four streams
are: Change Analysts (analysing emotion-abstraction patterns over time in psy-
chodynamic therapy; stream A), Engineers (upscaling and technically advancing
motivational interviewing research; stream B), Explorers (developing new and
complex text mining techniques for theoretical constructs; stream C), and Digi-
tals (connecting linguistic process markers to therapy outcome in internet coun-
selling; stream D).

Stream A: Change Analysts

Stream A mainly represents the efforts of psychologists who study therapeutic
change (McCarthy et al., 2017; McCarthy et al., 2014; McCarthy et al., 2011; Mer-
genthaler & Kachele, 1996; Pfäfflin et al., 2005; Sassaroli et al., 2014). Stream A
researchers mainly study the Therapeutic Change Model (TCM), a software pack-
age for automatic analysis of psychotherapeutic texts (Mergenthaler, 1996). Ac-
cording to Mariani et al. (2013), the TCM mainly studies referential activity (RA),
which measures “the degree to which language is connected to non-verbal experience,

98



iv

The automation-explication framework

explanation

accuracy

rule-based
approach

example-based
approach

A

B

C

D

i ii

iii iv

Figure 4.6: Sools et al. (2019) identified four streams of research: A) Change
Analysts, B) Engineers, C) Explorers, and D) Digitals.

including bodily experience, imagery and affect” (p. 431). The four RA patterns
(relaxing, experiencing, connecting, and reflecting) represent change cycles across
therapy; the TCM aims to connect these cycles to treatment outcomes (Lo Verde
et al., 2012).

Many researchers in stream A explore RA in the language of the client to
study how intense the client is engaged with the psychotherapeutic process (Lep-
per & Mergenthaler, 2007). A high level of RA is characterized by a vivid lan-
guage style (which evokes similar experiences in the reader or listener), whereas
low RA can be identified as vague, general, or abstract language (Bucci & Maskit,
2006; Maskit et al., 2015). All research in stream A is primarily aimed at advanc-
ing theoretical knowledge on TCPR (and stream A relies on both approaches to
automation). This is a typical example of models that are explainable.

Rule-based approaches Mergenthaler and Kachele (1996) used several “computer-
assisted measures” to analyse past events of patients in written texts. The majority
of these measures is automated through the rule-based approach. The concept
abstraction is measured by the proportion of words with endings such as -ity, -
ness, -nce, -ment, -any, -ncy, -ship, -dom, -ing, -ion, and their plural forms. Another
example is redundancy (R), which is measured as the first-order redundancy fol-
lowing R =

∑
pi log2(1/pi)/ log2(m), where m is the number of repeated words,

and pi the probability of the repetition. Redundancy is a clear example of the
application of a rule.
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Example-based approaches RA is also studied through dictionary-based ap-
proaches: the Weighted Referential Activity Dictionary (WRAD) is often-used (Bucci
& Maskit, 2006). Stream A researchers also proposed their own dictionaries, for
example, Mergenthaler (1996), used dictionaries to identify (dis)pleasure, (dis)approval,
(dis)attachment, and surprise.

Conclusion

Because the change analysts of stream A rely on rule- and example-based ap-
proaches to deepen their theoretical understanding of TCPR, stream A equally
belongs in quadrant i and ii, see Figure 4.6.

Stream B: Engineers

The engineers from stream B are mainly motivated by upscaling Motivational In-
terviewing (MI) research (Miller & Rollnick, 2012; Miller & Rose, 2010). Their MI
corpus is partially annotated, and received additional annotations over several
years with the MISC (Miller & Mount, 2001; Miller et al., 2008), MITI (Moyers
et al., 2005), and YACS (K. M. Carroll et al., 2000). Many of the applications
proposed in stream B require technical expertise to implement, and the majority
of these researchers hold advanced degrees in computer science.

Researchers in stream B from various universities joined forces to use auto-
mated text analysis for upscaling motivational interviewing research. The com-
monality is that they predominantly use advanced technological applications
–such as neural networks and Hidden Markov Models– to compare human and
(automatic) machine annotations (Can et al., 2016; Gibson et al., 2016; Tanana et
al., 2015). For example, Flemotomos et al. (2018) used deep learning to predict
empathy ratings based on transcripts of the therapeutic interaction. The goal
of stream B researchers often involves showing that novel technical applications
works better, for example demonstrated by the title of the work of Tanana et al.
(2016): “A Comparison of Natural Language Processing Methods for Automated Coding
of Motivational Interviewing”. Many studies –such as Flemotomos et al. (2018)– in
stream B have similar goals (“we show that this method outperforms training the deep
neural network end-to-end in a single stage”), or demonstrate that a certain score
is more suitable for a specific evaluation (“our combined feature set (which the
authors proposed) achieved a correlation of 0.56 between predicted and expert-coded
empathy scores”), see Xiao et al. (2012).
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Conclusion

In stream B, technical research aims prevail (we found no substantially or theo-
retically guided research goals). This stream is a typical example of researchers
motivated by improving accuracy rather than obtaining new theoretical insights.
Because the engineers of stream B apply rule- and example-based approaches,
they equally belong in quadrant iii and iv, see Figure 4.6.

Stream C: Explorers

Stream C is characterized by the development of new text mining approaches
for complex theoretical constructs in psychology. These constructs are complex
from both a theoretical and linguistic viewpoint (Cariola, 2015; Howes et al.,
2012), and include the study of concepts body boundary construct and repair (“this
correlational study examines the use of words and changes in body boundary finiteness”
. . . “by measuring the strengths of associations between barrier imagery, as measured
using the Body Type Dictionary”, “we investigate whether particular types of repair can
be detected from high-level dialogue features and/or lexical content, with encouraging
results”). These concepts are mainly pursued by psychologists, who –to our
impression– appear to be motivated to study novel theoretical constructs (that
are ‘more exciting’) than the currently available TCPR methods allow for.

Others stream C researchers proposed software to study theoretical con-
structs (Anderson et al., 1999; Bucci & Maskit, 2007; Halfon et al., 2016; Halfon
et al., 2017; Nitti et al., 2010; Salvatore et al., 2012): examples include the study
of affect, Discourse Flow Analysis (“the present work is an attempt to improve quality
research into the therapeutic process by means of the combination of statistical method-
ologies, enabling clinical interaction to be analysed”), and Automated Co-occurrence
Analysis for Semantic Mapping (“the development of the efficacy and efficiency of meth-
ods of textual analysis is worth considering” . . . “intends to contribute to such develop-
ment”).

Conclusion

The explorers of stream C are motivated by developing their own alternatives
to text mining, which are guided by a desire to explore theoretical constructs.
Because this goal is pursued through a rule-based approach, stream C belongs
in quadrant ii, see Figure 4.6.
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Stream D: Digitals

Because Sools et al. (2019) identified only two studies in stream D, the following
is rather tentative. A characteristic of the born digital data studies in this stream
is that they have large sample sizes. Althoff et al. (2016) connecting linguistic
process markers in the therapeutic conversation through unsupervised machine
learning models. Howes et al. (2014) apply topic modelling and sentiment anal-
ysis to show that written therapy can be compared with face-to-face data.

Conclusion

Stream D relies on large example-based (machine learning) models to connect
processes to outcomes in internet counselling. “Working with data” appears to
be the goal, rather then obtaining more theoretically relevant features (Howes
et al., 2014). Stream D therefore belongs in quadrant iii, see Figure 4.6.

Implications

It was our choice to specifically apply the automation-explication framework to
the field of TCPR. The next step already presents itself: to organise a research
project around the framework. For TCPR, this can be done in two ways. The first
option is to extent upon the research projects that are currently conducted in the
four research streams (‘solidifying the existing streams’). We consider this to be
the safer option, as it is inline with the standard way TCPR is being conducted
now.

The more interesting possibility is to ‘chart the unknown’ and start research
projects that lie in the unexplored (i.e. ‘blank’) areas of the framework. TCPR is
inherently an interdisciplinary field: the framework shows that many different
research disciplines are involved with the study of TCPR, but that relatively few
work interdisciplinary. Let the middle of the framework represent the theoretical
optimum, where all researchers agree on the research goals. Evidently, this
requires an interdisciplinary approach, as the goals and methods to these goals
require multidisciplinary attunement, which the framework shows is not always
present in TCPR (and we expect this to be the case for more fields).

Implications for the four streams

We will now apply the two options from the previous section to the four streams.
For the change analysts (stream A), the first option could imply ‘business as
usual’, so stream A researchers would continue to invest time and effort into the
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theoretical foundations that support the TCM model. The second option could
imply an extension in external validity (from the client population alone) across
different treatments. As stream A has a strong tradition with models aimed at
explanation, another possibility would be to aim for more accurate models. As
the framework shows, an increase in accuracy comes at the expense of expla-
nation. However, as the goal of stream A is to describe, identify and analyse
the essential aspects of the therapeutic process, it could be that this stream is
so inherently motivated by explanation that an accuracy-based approach does
not suit the research goals of stream A very well. Nevertheless, this could be an
option for future research: when the TCM model is trained with a lot of data, it
should be possible to use the model to predict the therapeutic process of client.
This requires technical expertise, and is a step towards more interdisciplinary
collaborations in stream A.

For the engineers (stream B), the first option could imply that a wider array of
models is employed to further annotate the data. This would then result in more
research projects that propose new routines to automatically annotate MI data,
or more elegant ways to evaluate the data. The second option could imply that
more effort is put into manually annotating larger datasets, so that it becomes
possible to explore more theoretical goals (rather than optimizing the annota-
tion). This requires expertise from psychologists or clinicians experienced with
several of the MI coding-schemes, and is a step towards more interdisciplinary
collaborations in stream B.

For the explorers (stream C), the first option could imply that the software
development is advanced further. The theoretical and linguistic foundations are
already laid out, so there is room for further technical developments. It is note-
worthy that in stream C, the first option is quite close to the second one, as
increasing the developments implies that more advanced models are used as
well (now stream C appears to mainly on basic models). Doing so would auto-
matically imply that stream C starts to use models that are aimed at accuracy,
and –given that the goals now appear to be mainly of explanational nature–
would imply that this is a step towards more interdisciplinary collaborations in
stream C.

For the digitals (stream D), the first option could imply a further upscaling
of the data samples (this stream is quite small, so this is rather tentative). The
second option could imply the use of more ambiguity and creativity in the theo-
retical constructs (now mainly basic theoretical constructs are used). As this im-
plies that the theoretical underpinnings of the stream are strengthened, it would
mean that stream D starts to use models that are aimed at explanation, and do-
ing so requires seeking for interdisciplinary collaborations to further advance
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stream D.

The TCPR-specific goal of the framework

We hope that others will find the automation-explication framework helpful
in this respect, as it helped us to give some direction to our own research
projects. Based on our own experience, we known that interdisciplinary goal-
setting and communication is not always straightforward to organise. In the
context of TCPR: we found relatively few research groups who work in an in-
terdisciplinary way, as the framework shows that computer scientists work in
different quadrants than the psychologists (and vice versa). It is not always
straightforward to organise interdisciplinary collaborations; we hope that the
automation-explication framework can facilitate discussion in interdisciplinary
and collaborative research projects (and gave suggestions to do so for each of
the streams).

When considering automation of qualitative research methods through text
mining, researchers are confronted with a choice between an example- or rule-
based approach, which can be aimed at accuracy or explication. These trade-
offs are described by the automation-explication framework. We showed that
research disciplines differ in their preferences with respect to automation and
explanation. This is also one of the reasons why interdisciplinary collaborations
are difficult organise. The automation-explication framework can be helpful here
as well, as it offers aspiring collaborators a thorough understanding of positions
the collaborating parters. By placing the four streams of TCPR research that
Sools et al. (2019) identified in the framework, we showed potential users of text
mining which directions their research can take.

Conclusion with respect to text mining

From the classification of the streams it becomes apparent that there are two
main contrasts: one between stream A and B, and another one between stream
C and D. Stream A is placed in in the middle of both quadrant i and ii, and
stream B at its polar opposite, in the middle of quadrant iii and iv. Stream C
and D are also placed at each others (polar) opposites in quadrant ii and iii.

Difference between accuracy and explanation The main difference between
stream A and B is the orientation of research goals: stream A consists of psy-
chologists who use the TCM (Mergenthaler & Kachele, 1996); stream B consists
computer scientists motivated by upscaling MI annotations. TCM is a text min-
ing model based on theoretical change cycles to investigate specific aspects of
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emotion-abstract language. MI is not a theoretical framework, it is a facilitation
of the interpersonal relation for eliciting behaviour change, aimed at exploring
and resolving ambivalence. The framework helps to map out the differences
between fields. The difference between fields mainly lies in the preferences of
explication (stream A relies on models that are explainable; stream B aims for
accurate models), and the specific theoretical embedding.

From the classification of stream A and stream B it becomes apparent that
psychologists and computer scientists pursue different goals with their data
analysis. They equally rely on the rule- and example-based approach.

Difference between example- and rule-based approach to text mining Stream
C and D have different preferences with respect to automation and explication.
The psychologists of stream C appear to be motivated by developing new, the-
oretically and linguistically complex text mining approaches. These explorers
values some theoretical construct to such a great extent, that they developed
their own alternative to text mining. Yet, stream C mainly relies on straightfor-
ward applications of rule-based approaches to operationalize (or propose) new
constructs.

The computer scientists of stream D are mainly dedicated to investigate data
from chat- and SMS-texting-based counselling. The central theme of the research
of these digitals appears to apply text mining to data that is already available and
collected. Their goal is to finding the best (or optimal) text features, rather than
obtaining more theoretically relevant features (i.e. “finer-grained lexical features”).
The goal of stream D is technical, and consists of finding the best ways to model
the data through the example-based approach, with differences with respect to
accuracy and explication.

From the classification of stream C and stream D it (again) becomes apparent
that psychologists and computer scientists pursue different goals with their data
analysis. Perhaps, psychologists mainly use rule-based approaches because they
are more straightforward to implement, psychologists mainly use rule-based
approaches. More advanced example-based models are predominantly used in
stream D.

General implications of the framework

When considering a text mining alternative to a qualitative research method,
the automation-explication framework describes two trade-offs: explication and
automation, with four (crossed) variations. The most accurate predictions are
typically achieved through complex ‘black-box’ models. These are often crit-
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icised because their inner workings are non-explainable. Explainable models
on the other hand are easy to understand, but impoverished in their predictive
accuracy.

Combining this trade-off with rule- and example-based approaches aids re-
searchers in deciding whether their methods (and data) are suitable for automa-
tion. It is difficult to automate qualitative research methods through a text min-
ing approach because there is a difference between the goals and models of the
developers of (new) text mining applications (who are mainly computer scien-
tists), and the users of these text mining applications (such as psychologists). In
the current paper, we identify two trade-offs that can give insight in the differ-
ences between these preferences: the orientation of explication, and the method of
automation. We introduce the automation-explication framework, which can bring
users and developers text mining methods together and can stimulate interdis-
ciplinary discussions. As a specific use-case, we use TCPR as an example.

Although we did not directly address the difference between qualitative
and quantitative methods, automated text-analysis methods could bridge these
branches of research, or at least form the basis for an interdisciplinary discus-
sion. Texts –or other forms of verbatim texts– are usually considered to be the
domain of qualitative research, but large bodies of text mandate the use of quan-
titative methods. Depending on the application or research question, the model
should have the ability to explain why certain predictions are made. Quali-
tative research methods almost always offer this insight, but (highly accurate)
text mining models do not always have this property. It is not very useful to
know which individuals changed over the course of therapy without any expli-
cation of what exactly changed. So what should be used for text mining? The
automation-explication framework describes that this is typically a trade-off.

Strengths and limitations

The different orientations of explication are well-known throughout the litera-
ture. However, for automated approaches to qualitative research, this trade-off
appears to be less well-known although it –arguably– is even more relevant. Text
mining essentially involves the analysis of language, which draws researchers
from many disciplines, such as the humanities, linguistics, statistics, and com-
puter science to name a few. Understanding the trade-off between automation
and explication can help researchers from different disciplines understand the
strengths and limitations of each others preferences, as it is common that fund-
ing for scientific grants requires on interdisciplinary collaboration. The frame-
work demonstrates that that it is not as simple as it may seem, as researchers
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from different disciplines have their own applications, and it is good to create
more awareness about the difficulties that surround interdisciplinarity.

The framework is based on the assumption that automation and explication
are two different and independent concepts. However, the way the four streams
are classified could indicate that explication and automation are not as indepen-
dent as we assumed. The framework indicates that the example-based approach
predominates accuracy orientated research, whereas the rule-based approach
frequent in explainable research. The technological advancements of text min-
ing appear to be in line with this observation: throughout the history of machine
learning (the statistical revolution) example-based models became more promi-
nently featured in text mining than rule-based models (Johnson, 2009; Jurafsky
& Martin, 2014; Manning & Schütze, 1999; Martinez & Martinez, 2015).

So, are automation and explication independent constructs? We have to con-
clude that –even though we still think that from a theoretical point of view these
constructs are independent of each other– perhaps this distinction is more diffi-
cult to maintain in practice. The field of automation was –around the 1990’s– in
a transition away from rule-based methods to example-based methods because
these models worked better in practice. This is a limitation of our framework:
what we presented to be two perpendicular concepts are perhaps oblique in
practice.

Nevertheless, even though we cannot present empirical evidence for this
claim here, we do feel that automation and explication are two independent
constructs. The difficulty here is that more often than not, the availability of
(annotated text-)data determines the direction of the research projects (Smink,
Sools, van der Zwaan, et al., 2019). So, the framework describes the ideal situ-
ation at the beginning of a text mining project, before data is collected. Then,
researchers are confronted with two choices: what kind of model explication is
desirable, and through which automation approach should this be operational-
ized. How automation and explication relate to each other is determined by the
data that is used in practice.

We feel that this specific point deserves more attention, and that this is the
greatest strength of our framework. If it is true that the example-based approach
is more often associated with accurate models, than perhaps then a machine
learning / data science / Big data approach sounds good on a grant application,
but it could fundamentally not be what the research project requires if theoretical
goals are being pursued. We hope that the framework will contribute to this line
of thinking and advocates a nuanced understanding of how the practice of Big
data interacts and changes the psychological science.
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Transferability

It was our choice to focus on TCPR as a specific use-case, which means that some
of our conclusions that we draw are specific to TCPR, and are less generalizable
to other research disciplines. However, we base our TCPR findings on reviews
of the literature, so we feel confident that we indeed covered the majority of
the relevant TCPR field. Although some of our conclusions are perhaps not
so generalizable, this –in no way– implies that the our proposed framework is
not transferable. Both approaches to automation and the explication are deeply
embedded in the literature, which establishes that these discussions are also
relevant elsewhere (that is, outside of TCPR). If other fields match some of the
key-traits of TCPR that we shall discuss here, it should be straightforward to
apply the framework in another field (Smaling, 2003).

The first aspect is that the other research discipline should predominantly
rely on text-analysis as well. In other words, the field should be predominated
by qualitative research methods. Additionally, automation should be a relevant
theme, so there should be attempts (or at least the intention) to automate some
of the available methods. So, for transferability, it is important that the research
discipline is in some sort of similar transition away from qualitative methods
towards more automated methods. To apply the framework in a similar way to
what we did, there also needs to be a some sort of literature review available.
We based our work on a scoping / state-of-the-art review, but we expect more
types of reviews are suitable.

Future possibilities

Because so many fields could potentially benefit from text mining, it should
come as no surprise that the ideal way to cover the field is by describing the
field in terms of automation and explication. Although we are confident that
these two discussions indeed span the important topics, it is of course possible
to plot alternative trade-offs. The characteristics of a concept that could be used
in a similar framework are that it: a) in fact, has a trade-off consisting of two al-
ternatives, which b) can be organised as two opposing ends of a spectrum, with
c) hybrid possibilities in between the two ends. A few examples of other (poten-
tially interesting) trade-offs are: the difference between supervised and unsuper-
vised research methods, the distinction between theory- and data-driven methods,
and the variation between (statistical) conclusions adhering to either the group
or the level of the individual.
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The term [Therapeutic] Change Process Research
([T]CPR) was introduced more than 20 years ago to re-
fer to research that overcomes the old process-outcome
dichotomy by focusing “on identifying, describing, ex-
plaining, and predicting the effects of the processes that
bring about therapeutic change” (Greenberg, 1986, p.4).
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5Analysis of the e-mails from the
Dutch Web-Based Intervention

‘Alcohol de Baas’: Assessment of
Early Indications of Drop-Out in an

Online Alcohol Intervention

Abstract

Nowadays, traditional forms of psychotherapy are increasingly complemented by on-

line interactions between client and counsellor. In (some) web-based psychotherapeutic

interventions, meetings are exclusively online through asynchronous messages. As the

active ingredients of therapy are included in the exchange of several e-mails, this verbal

exchange contains a wealth of information about the psychotherapeutic change process.

Unfortunately, drop-out related issues are exacerbated online. We employed several

machine learning models to find (early) signs of drop-out in the e-mail data from the

‘Alcohol de Baas’ intervention by Tactus. Our analyses indicate that the e-mail texts

contain information about drop-out, but as drop-out is a multidimensional construct, it

remains a complex task to accurately predict who will drop-out. Nevertheless, by taking

this approach, we present insight in the possibilities of working with e-mail data and

present some preliminary findings (which stress the importance of a good working al-

liance between client and counsellor, distinguish between formal and informal language,

and highlight the importance of Tactus’ internet forum).

Keywords: Therapeutic Change Process Research (TCPR), alcohol use disorder
(AUD), drop-out, web-based psychotherapeutic interventions, e-mail data

Smink, W. A. C., Sools, A. M., Postel, M. G., Tjong Kim Sang, E., Elfrink, A.,
Libbertz-Mohr, L. B., Veldkamp, B. P., & Westerhof, G. J. (2020). Under review.
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Introduction

As addictive dependencies have a global impact (Whiteford et al., 2013),
almost everyone will have some degree of experience with an ad-
diction, with alcohol use disorder (AUD) as the prevailing substance

abuse disorder (Degenhardt et al., 2018). It is estimated that –around the world–
283 million individuals suffer from AUD, representing around 5.1% of all adults
(Hammer et al., 2018). As these numbers are predicted to increase globally
–especially in low-income countries (Whiteford et al., 2013)– the need for ac-
cessible therapy for AUD is now more apparent than ever. Web-based psy-
chotherapeutic interventions have established themselves as a valid intervention
for AUD (Pedersen et al., 2016; Postel, de Haan, & de Jong, 2010), it is –however–
well-known that these online alternatives to treatment are plagued by high rate
of drop-out (Kelders et al., 2012; Melville et al., 2010). The problems of high
drop-out in drug- and alcohol-treatment are frequently reported (Copeland &
Hall, 1992; Schroder et al., 2009), and these problems are exacerbated online
(Kelders et al., 2012). It is our aim to see whether the e-mails from a web-based
psychotherapeutic intervention –or ‘online psychotherapy’, a variety of different
terms address what is essentially the same concept (Lau et al., 2013; Oh et al.,
2005)– are helpful to obtain a better understanding of drop-out.

Our specific interest in web-based interventions for AUD comes from the
possibility to target the (potentially AUD) affected early on. There is large delay
between the onset of alcohol dependency and first treatment contact (Chapman
et al., 2015). Even when there is a high-density and high accessibility of pri-
mary and specialised care, the treatment delay is –on average– up to 18 years
(Bruffaerts et al., 2007; Chapman et al., 2015; Korbmacher, 2014). With only one
in three problematic drinkers ever seeking treatment (Cunningham & Breslin,
2004), it is safe to say that those who are alcohol dependent keep to themselves:
more than one-third of those who feel they have problematic drinking behaviour
had a medical or mental health visit, but more often than not their drinking be-
haviour was not discussed (Weisner & Matzger, 2003). However, a growing
number of those who expect they have some form of AUD resort to online solu-
tions for their drinking problems early on (Cloud & Peacock, 2001; James et al.,
2018). It is therefore not strange that traditional face-to-face therapy is in transi-
tion towards (more) online supplements, as the affected are more active online
nowadays (Vernon, 2010).
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Web-based interventions for AUD

Some general advantages of web-based interventions are that they have a lower
threshold for first treatment contact (Amichai-Hamburger et al., 2014; Hoogen-
doorn et al., 2017), some online interventions are as effective as traditional face-
to-face therapy (Barak et al., 2008; Gainsbury & Blaszczynski, 2011; Howes et al.,
2012), come at low-cost (Schweitzer & Synowiec, 2012), and have usually no to
(relatively) short waiting lists (Amichai-Hamburger et al., 2014). Online many
clients feel they can maintain their privacy (Berger et al., 2005), feel less stigma-
tized (Postel, de Haan, ter Huurne, Becker, et al., 2010; Rooke et al., 2010), and
(sometimes even) prefer the impersonal nature of the web, as they do not have
to disclose their feelings and problems in person (Griffiths, 2005). Online inter-
ventions for substance abuse form a large part of the online offer, with many
targeting AUD specifically (M. A. A. Rogers et al., 2017).

The specific advantage of web-based interventions for AUD is the all-time
availability. Websites can be accessed every hour of the day (and every day of
the year), which is a great advantage over face-to-face treatment for those who
cannot attend to treatment at business hours (Moritz et al., 2013). This is of spe-
cial importance when treating AUD (Cloud & Peacock, 2001), as the willingness
of a client to change his (or her) drinking behaviour is often of volatile nature
and easily affected by (negative) events, that can –for example– also occur dur-
ing holidays (Cunningham et al., 1994). Even though web-based interventions
make it difficult for a counsellor to react to the non-verbal cues of clients, they
are a helpful and welcome addition to the treatment of AUD.

There is no debate about the biggest drawback of web-based interventions
(Fernández-Álvarez et al., 2017; Karyotaki et al., 2015): all online interventions
are plagued by a high rate of drop-out, which is on average 50% (Kelders et al.,
2012). Online treatment adherence is sometimes as low as 1% (Christensen et
al., 2009; Farvolden et al., 2005), with drop-out rates going up to 99% (Andrade
et al., 2016; Karyotaki et al., 2015). The problem of high drop-out for the online
alternatives for AUD specifically are well-known as well (Copeland & Hall, 1992;
Kelders et al., 2012; Schroder et al., 2009), and frequently addressed in the liter-
ature (Copeland & Martin, 2004). To give an impression of the online drop-out
rates for AUD: Postel (2011) reported a drop-out rate of 54%, and 84.5% dropped
out in the study of Linke et al. (2007).

Drop-out

We did not find studies that set out to specifically address the reasons for
dropping-out of an online intervention for AUD (if reported, it usually appears
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to be one of many complementary analyses). Several qualitative investigations
report that clients drop-out because they have no reliable computer access, lack
computing experience, face computer or Internet problems, dislike computers,
prefer face-to-face treatment, or lack the necessary peace and quiet in their com-
puting environment (Stark, 1992). Drop-out is referred to in the literature as pre-
mature termination, non-usage, low attrition or retention (Lau et al., 2013; Melville
et al., 2010; Oh et al., 2005). Who should be labelled as a drop-out is not univer-
sally agreed upon: some argue that only those who did not finish the complete
intervention are drop-out, others argue that drop-out are all the clients who did
not reach a certain cap of required attended sessions (Swift & Greenberg, 2012),
and some say that only the judgement of the counsellor can determine who is a
drop-out, as it is possible that a client dropped out because he or she already ex-
perienced the beneficial effects of therapy (Krishnamurthy et al., 2015; Zandberg
et al., 2016).

These distinctions matter, as the requirements for treatment completion affect
the drop-out rate (Yeung et al., 2015). In line with Eysenbach’s Law of Attrition,
in this study, the drop-out are those who did not finish all the treatment sessions
that required to complete the treatment protocol (Eysenbach, 2005). Aside from
difficulties in definition, the studies that analyse drop-out often use different
sample groups, diffuse treatments, and diverse subtypes of disorders (Khazaie
et al., 2016), which makes it even more difficult to compare drop-out between
studies. This is a shortcoming in the (AUD-)literature: knowing who is likely
to benefit from the intervention provides a better basis for an evidence-based
allocation of clients to treatment (Lincoln et al., 2014). We are not aware of
studies that rely on text mining (or other automated) approaches to study drop-
out.

‘Alcohol de Baas’

We will use the web-based intervention ‘Alcohol de Baas’ (‘AdB’; translated from
Dutch as ‘Look at your drinking’) as the use-case example (Postel et al., 2008; Pos-
tel, de Haan, ter Huurne, Becker, et al., 2010). The goal of AdB is to reduce the
alcohol consumption of clients who registered themselves with (self-reported)
drinking problems. AdB is an evidence-based intervention for treating AUD:
Postel (2011) demonstrated that the intervention led to a significant decrease in
alcohol consumption, that was maintained at a six months follow-up (p. 14,
66−67, 74, and 95). According to Postel (2011), AdB had 897 users in 2005, and
885 users in 2009 (p. 68, 118; which we consider to be a substantial interest
given the size of the Dutch population). AdB is rooted in cognitive behavioural
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therapy and motivational interviewing (p. 14), both empirically substantiated
approaches for the treatment of substance abuse (Miller & Rollnick, 2012; Miller
& Rose, 2010).

The structure of web-based interventions often adheres to client and counsel-
lor exchanging e-mails (Chester & Glass, 2006; Rochlen et al., 2004), and AdB is
no different in this respect. Yet, relatively few studies actually analyse the con-
tent of the e-mails (Smink, Sools, van der Zwaan, et al., 2019; Sools et al., 2019):1

more often than not, the difference between (several) pre- and post-therapeutic
measurements is studied (Smink, Fox, et al., 2019).1 This creates a gap between
the information that is available, and the data that have been used. The content
of the e-mails potentially contains a wealth of information about several open
questions and issues, for example about drop-out (which is also substantial in
AdB). The AdB intervention has one important distinction with other web-based
interventions: it was free, meaning there were no financial reasons for dropping
out. Therefore, Postel, de Haan, ter Huurne, Becker, et al. (2010) concluded
that the main reasons for drop-out of AdB were personal and unrelated to the
program. To understand drop-out better, we resort to the early e-mails of the in-
tervention, to see if these texts can be helpful to discriminate between drop-out
and completers.

Studying the therapeutic exchange

So, why and how can drop-out be studied by looking at e-mails? Throughout the
history of psychology, language has established its importance for understand-
ing the human mind (Greenberg, 1986; Hill & Lambert, 2004), and it is no sur-
prise that the verbal exchange between client and counsellor is the cornerstone
of almost every ‘on’- and ‘offline’ psychotherapeutic intervention (Anderson et
al., 1999; Muntigl & Horvath, 2005). Language gives the unique opportunity
to express and communicate emotions, thoughts, motivations, and intentions
(Tausczik & Pennebaker, 2010). It is well-known that constructing a life story
has therapeutic effects, as it can help to process disturbing life events and result
in less rumination (Pennebaker & Seagal, 1999). Also, the mere act of articulating
emotions and troublesome thoughts is beneficial to (short-term) improvements
of mental well-being (Bucci, 2013). This result has been replicated for AUD: a
verbal reflection on alcohol consumption can noticeably reduce the consumed
amounts (Kypri et al., 2007; Meier et al., 2018; Schrimsher & Filtz, 2011).

Therapeutic Change Process Research (TCPR) is concerned with studying

1Smink, Sools, van der Zwaan, et al. (2019), Sools et al. (2019), and Smink, Fox, et al. (2019)
are chapter 2, 3, and 6 of this thesis.
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the ‘active ingredients’ that underlie these (change) effects (Greenberg, 1986), as
the field aims to “identify, describe, explain, and predict the effects of the processes
that bring about therapeutic change over the entire course of therapy” (p. 4). An
application of TCPR for AUD is the work of Blankers (2011), who compared
the drinking behaviour of individuals following an online self-help course with
either automatic or counsellor feedback. The goal was to improve self-control,
management of cravings, and (realistic) goal setting. In the three months follow-
up, Blankers (2011) found that the feedback of the counsellor could be associated
with the strongest drop in alcohol consumption (Postel, de Haan, ter Huurne,
Becker, et al., 2010). We are not aware of many other applications of TCPR for
AUD, as [T]CPR and related terms are not widely used as of yet, making it
difficult to identify and find these studies (Elliott, 2010; Greenberg, 1986; Smink,
Sools, van der Zwaan, et al., 2019).

Because –in the case of AdB– the client and counsellor primarily used e-mail
to establish the beneficial effects of e-mails, the therapeutic process should be
included in these e-mails. The exchanged verbatim is therefore a valuable source
for studying the beneficial therapeutic change processes in clients. However, as
the drop-out issues that plague traditional interventions are exacerbated online,
we study the AdB e-mails to see if they contain any early ‘warning’ signs of
drop-out. Because drop-out usually is so high, we focus on the early e-mails
from the intervention (i.e. the first four), because these are generally available
for the majority of the respondents. To the best of our knowledge, this has not
been done before and we did not find applications of text mining applications
specifically tailored to study drop-out for AUD.

Text mining TCPR

In our view, text mining can be defined as a broad methodological framework
(rather than just one specific research method) that entail three types of tasks
(Hoogendoorn et al., 2017): counting the frequency of words in texts, counting
words into pre-defined categories (“coupling words to domain-specific ontology”,
i.e. dictionary-based approaches, the Linguistic Inquiry and Word Count –LIWC–
program is a prime example here), and identifying the topics in a text. As all
ingredients that elicit therapeutic change within clients should be within the
written correspondence, we are curious to see what we can learn more about
drop-out through some basic text mining approaches. We will therefore do two
things: first, we will ‘simply’ count the most frequently used words in e-mails
through unigram models (Lioma & Keith van Rijsbergen, 2008), and second,
given the popularity of dictionary-based approaches in psychology (Sools et al.,
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2019), we also use LIWC.

The dictionary-based program LIWC by Pennebaker, Boyd, et al. (2015) has
perhaps the most widespread use in (general) psychological research. Aside
from the fact that LIWC is easy to use, it is also available in many other lan-
guages than English alone. As LIWC is available with demonstrated validity
in Dutch (Boot et al., 2017; van Wissen & Boot, 2017), we choose to use LIWC.
LIWC encompasses many aspects of the e-mail texts (such as the function words
and punctuation) and calculates the degree to which various categories of words
frequent in a text, which allows for the exploration of emotional, cognitive, and
structural components of verbatim (Pennebaker et al., 2003). See Liehr et al.
(2010) for an example: they assessed self-change by applying LIWC to written
stories and studied stressful feelings over the course of an intervention for sub-
stance abuse.

Research goal

Drop-out plagues the evaluation of all types of treatments, but especially AUD
interventions. First treatment contact is (on average) years later than the onset
of problems, but online help is sought earlier. Unfortunately, the problems of
drop-out are exacerbated online, so there is clear value in understanding drop-
out in web-based interventions. TCPR is a research discipline that is concerned
with understanding the underlying processes that could affect drop-out, and
text mining methods provide means to analyse large text corpora. We will (re-
)analyse the data from AdB, an online intervention aimed at reducing the alcohol
consumption of clients who registered themselves with (self-reported) problems.
Our goal is to find which textual aspects in the early e-mails improve our un-
derstanding of drop-out.

Method

Aside from discussing our own study, we have to address the original Alcohol de
Baas (AdB, loosely translated from Dutch as ‘Look at your drinking’) study here
as well (Postel, 2011). We will first describe the clients we included, see Figure
5.1 for the flow of drop-out. For a more in-depth characterization of the clients,
we refer the interested reader to the four case descriptions that Giesler (2019)
and Krstić (2019) provided in the Appendix.

121

http://alcoholdebaas.nl
http://alcoholdebaas.nl
http://lookatyourdrinking.com


v

5.2. Method

1987

available clients
from Tactus

1983

clients gave
informed
consent

4 excluded
retracted their

informed
consent

923

followed
intensive
treatment

1060 excluded
did not start

the intervention
(‘non-starters’)

791

sent one or
more e-mails

132 excluded
did not send
any e-mails

770

sufficient
non-missing

data available

21 excluded
too much

missing data

770

clients included
in the sample

354

completers
(44.8%)

437

drop-out
(55.2%)

Figure 5.1: Flowchart of the (excluded) clients.

Respondents

Tactus used broad criteria for the inclusion of clients: everyone over 16 (which
was the legal drinking age in the Netherlands) could register and participate in
AdB. Prior to starting the treatment, all respondents gave their informed con-
sent that their data could be (re-)used, but had the right to withdraw at any
moment (which four respondents did, see Figure 5.1). Postel, de Haan, ter Hu-
urne, Becker, et al. (2010) received ethical approval for (re-)analysis of AdB. Not
all of the available 1987 clients were eligible for inclusion, we had to exclude
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Table 5.1: Overview of the client’s age, years of problematic alcohol consump-
tion, and the average units of consumed alcohol.

Drop-out Completer
M SD Min. Max. M SD Min. Max.

Age 44.4 11.0 17 78 47.7 10.2 19 75

Cons. years. 17.9 10.5 3 35 19.3 11.5 5 40

Av. cons. alc. 8.1 7.0 0 25 7.0 5.0 0 24

several clients (see Figure 5.1). In total, 770 clients were included in our study,
their median age was 46, with age ranging between 17 and 78 years old, see
Table 5.1. See Table 5.2 for an overview of the demographic characteristics of the
clients.

The majority of the clients we included reported to identify as female, were
of the Dutch nationality (and spoke Dutch), were married, and finished a higher
vocational degree. They smoked occasionally, but did not use drugs, nor did
they gamble. Their main reason to start with treatment was because they wor-
ried about their drinking behaviour: the median consumed units of alcohol
pear week was 36 (at the beginning of the program). About half of the sam-
ple frequently experienced feelings of depression or other psychological prob-
lems (Cunningham et al., 1994). For an overview of the physical ailments of the
respondents, see Table 5.3.

Procedure

We present an overview of the procedure in Figure 5.2. The data available to
us included the clients up to 2017, who registered themselves for AdB with self-
reported alcohol problems (Postel et al., 2005). The data contained the responses
of the clients on several questionnaires (administered ‘pre’ and ‘post’ of the in-
tervention), and the e-mails that the clients and their counsellors exchanged.
Depending on the part of the program, the e-mails are more (or less) tailored
to each individual client. AdB consists out of two parts: the first focuses on
drinking habits, the second on behaviour change (Postel, de Haan, ter Huurne,
Becker, et al., 2010). The goal of AdB is to reduce drinking, or stop alcohol intake
completely (Postel, de Haan, & de Jong, 2010).

In the first part of AdB, the counsellor helps the client to analyse his (or her)
drinking habits. This is done through several assignments and assessments, that
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Table 5.2: Overview demographic characteristics in-take questionnaire, split to
drop-out and completer.

Variables
Drop-out
(N = 424)

Completer
(N = 346)

N % N %

Gender
males 209 61.3 133 38.7
females 215 50.2 213 49.8

Nationality
Dutch 22 44.9 27 55.1
no answer 402 55.8 319 44.2

Education
primary 5 55.6 4 44.4
lower vocational education 0 0.0 0 0.0
school of higher general secondary

education / pre-university education 56 62.9 33 37.1

intermediate vocational education 103 60.2 68 39.8
higher vocational education 137 52.5 124 47.5
university 40 40.8 58 59.2
no answer 11 0.1 19 0.0

Ever followed treatment before
yes 25 48.1 27 51.9
no 308 56.2 240 43.8
no answer 91 53.5 79 46.4

Reason starting the intervention
I think I am drinking too much 334 59.6 264 40.4
I want advice about my alcohol consumption 14 58.3 10 41.7
something happened and I want to change

my drinking behaviour 36 53.7 31 46.3

others think I am drinking too much 14 70.0 6 30.0
other reasons 24 45.3 29 54.7
no answer 2 25.0 6 75.0

Tobacco use
never 164 46.7 187 53.3
now and then 36 60.0 24 40.0
daily 224 62.4 135 37.6

124



v

Drop-Out in a Web-based Alcohol Intervention

Table 5.3: Overview physical ailments assessment-questionnaire, split to drop-
out and completer

Variables
Drop-out
(N = 424)

Completer
(N = 346)

N % N %

Diarrhoea
yes 286 53.9 245 46.1
no 138 57.7 101 42.3

Epileptic seizures
yes 14 70.0 6 30.0
no 410 54.7 340 45.3

Memory problems
yes 322 53.4 281 46.6
no 102 61.1 65 38.9

Palpitations
yes 218 52.8 195 47.2
no 206 57.7 151 42.3

Headache
yes 277 53.4 242 46.6
no 147 58.6 104 41.4

Hyperventilation
yes 97 59.9 65 40.1
no 327 53.8 281 46.2

Stomach ache
yes 223 54.9 183 45.1
no 201 55.2 163 44.8

Fatigue, lack of energy
yes 374 55.4 301 44.6
no 50 52.6 45 47.4

Sexual problems
yes 193 51.2 184 48.8
no 231 58.8 162 41.2
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are followed-up by feedback from the counsellor. The first part ends with a
personalized advice to the client. The second part of the intervention focuses on
changing the dysfunctional drinking habits of a client, and aims to replace the
thoughts associated with alcohol cravings by more helpful ones. After 10 weeks
(but the duration varies slightly between clients), AdB ends with the formulation
of an action plan for maintaining the new drinking behaviour or sobriety to
prevent relapse. Table 5.4 contains an outline of the treatment protocol with the
activities for each week, accompanied by quotes from the the e-mails between
client and counsellor.
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All (e-mail)
data from Tac-
tus up to 2017

See Figure 5.1
for the flow of

respondents
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All e-mails
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LIWC scores
of first four
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Figure 5.2: Overview of the procedure. The pre-processing and anonymisation
were adjusted and optimized several times.
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Table 5.4: Overview of the content of the intervention with typical quotes from each week of treatment. Table comes from Libbertz-
Mohr (2020).

Treatment
Procedure

Content Counsellor Client

Beginning Welcoming Dear PER, welcome. My name is PER and I am
counsellor for LOC. In this message I will talk
about your registration and discuss the program
in more detail (. . . ).

Dear PER, I checked this only until this morning. I
still have to adapt to how this is working. There is
something wrong with my computer. It says you
sent me another message earlier and some home-
work assignments, so I am looking for it right now.

Part I 1. Advantages
and disadvan-
tages of drink-
ing

In the list of medical conditions, you mention that
you sometimes feel overly tired. Did you already
talk with your general practitioner about that? This
problem can be related to alcohol consumption.
Less alcohol gives you more energy. What do you
think about that?

Alcohol helps me tremendously to relax after a
stressful day. Even stronger, I find it difficult to
relax without alcohol. (. . . ). Distorted sleeping
rhythm, if a bottle of wine or beer is on the ta-
ble, I am no longer willing to go to bed. I keep on
drinking until I am dead tired.
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Table 5.4 continued from previous page
Treatment
Procedure

Content Counsellor Client

2. When and
how much do
you drink?

I see that your consumption is equally high in
weeks that you work and in weeks that you stay
at home and your consumption was lower when
you were on vacations. Just as you had predicted.

My girlfriend is anti-alcohol and anti-smoking. I
do not smoke but every now and then I like having
a beer. Now, during the weekends when we are
together, I do not drink. However, during the week
I am alone. (. . . ). When I come home and I do not
have to work the following day or have a nightshift,
I grab a beer. Yet, that beer becomes easily NUM
and NUM beers.

3. Analysis of
drinking situa-
tions

That was an awful situation. You said that deep
inside you something began to tremble. In your
moment description I read that you drank a glass
of wine to calm down. Did the glass of wine have
the effect you had anticipated? What did you do
after you drank the glass of wine? What did this
do with your feelings?

My stumbling block is that I do not feel well when I
come home from work. The work itself is fun, but
my director is just an idiot. When I come home
stressed and do not feel well, I will drink some
glasses of wine. It is like a break for me, just like
NUM years ago when I was still smoking.
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Treatment
Procedure

Content Counsellor Client

4. Recognize
drinking situa-
tions

Based on the different situations that you described
it seems that you often feel like having a drink
when you are: out of house, at the golf club, at
home with your partner, in a restaurant or café,
at a party, at weekends. These we call your risk-
situations. In these situations, you seem to have a
higher urge to drink.

I had a partner that liked to drink. Now, there are
no days on which I do not drink. Currently I drink
some more because the vacation period is over and
there are other circumstances like some nice parties
and gatherings. I almost always drink NUM or
NUM beers after work. Additionally, I always have
a glass of red wine when eating. Mainly around
NUM o’clock or between Num and NUM in the
evening. What I drink above of that is mainly due
to being in social gatherings.

Part II 5. Set a drink-
ing goal

The choice to drink less is a good choice. I think
that this is achievable (. . . ). You can always drink a
little. This means that you don’t have to get ner-
vous when you are offered a drink somewhere.
Also, you avoid questions by others that you might
consider uncomfortable.

I do not want to reach the point where a doctor
tells me that due to a cirrhosis of the liver I may
never drink again. (. . . ). In short, I do not want
to set myself up for a severe alcohol addiction and
detox clinics. I want to try to drink on a ‘not harm-
ful to health’ level for half a year.
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Treatment
Procedure

Content Counsellor Client

6. Identify-
ing unhelpful
& helpful
thoughts

You are going to investigate your own unhelp-
ful risky thoughts and try to change them into
more positive helpful thoughts. Helpful thoughts
are thoughts that aid you in achieving your goals
and that support you in your plans. Unhelpful
thoughts tempt you to drink more than you had
intended. (. . . ). One risky thought you mentioned
earlier was ‘Now I really need wine to get me
through this‘

The function of alcohol after parties, or other
events, was like a reward. Or if I had an annoy-
ing meeting then I had at least something to look
forward to at home. (. . . ). You asked whether I
wanted to think of helpful thoughts.
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Treatment
Procedure

Content Counsellor Client

7. Formu-
late helpful
behaviors for
moments of
craving

Just like your thoughts, behaviors can also be dis-
tinguished in helpful and unhelpful behaviors. An
unhelpful behavior can be that you accepted the
glass of wine that was offered to you at a family
dinner. Such a risk behavior does not help you
in moments you actually do not want to drink. It
is better to do other things instead. Searching a
distraction or doing something nice can help you
overcome your craving. It can be difficult to come
up with alternatives just when the craving arises,
so it can be useful to think of some activities be-
forehand and make a list of them. You do not have
to choose complicated activities and even simple
ones like vacuum-cleaning or taking a shower can
be very effective.

I bought a training DVD and restored my
stepping-machine. When I feel stressed, I will use
the stepping-machine for NUM minutes and for
NUM days a week I train with the DVD.
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Table 5.4 continued from previous page
Treatment
Procedure

Content Counsellor Client

8. Decision-
making

For the task ‘decisions-making’ you create a
schema of Decision-making moments that you go
through before you decide to drink. For each mo-
ment in your decision-making there is the chance
to step out. Read carefully and try to imagine what
you can or could do at the different moments of
decision-making.

NUM days ago, I wanted to drink a glass of wine.
It was after lunch and I really felt that I needed
to sit down with a glass of wine to relax. Yet, I felt
that I had made so much progress in the last weeks
and I did not want to risk it. I decided to try and
make a cup of coffee instead and drink it. It helped
and I did not need to have the wine.

9. Formulating
an action plan*

We now reached step NUM, creating an action
plan, so that you have something that can serve as
a guide XXXX and to prevent a relapse. You have
read that there are moments when you can take
other actions instead of choosing to drink. For the
task ‘actionplan’ you will make a short, condensed
overview of your personal motivation as well as
your helpful thoughts and behaviors. It is good to
have this all together in one place.

I am curious how we will proceed with the action
plan and how this can increase my efforts to reach
my goal. I am also interested in where you see my
personal pitfalls and what, according to you, the
mechanisms are that make me drink more than I
plan.
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Table 5.4 continued from previous page
Treatment
Procedure

Content Counsellor Client

10. Wrapping
up

Dear PER, thank you for the message. I like read-
ing that the moments in which you want to drink
but do not become more and more normal to
you. Also, that you perceive the advantages of not
drinking as greater to the advantages of drinking.
We will wrap up the treatment here and therefore I
want to give you a summary of the treatment. (. . . ).
For the next half year, you can always come back
online to check your files and to re-read what we
did. This can help you in solidifying the changes
that you achieved. (. . . ). For now, I wish you much
success and all the best!

Dear PER, (. . . ). Thank you for the conversations
we had the past weeks. The fun thing is, that what
you wrote in ‘Subject’ (Subject of the e-mails) al-
ways described the essence well. Especially in your
last mail. ‘Taking the matters in your own hand’.
You are exactly right, and I think that this is the
process that I have started. Thank you, I am on
a good path and I think it will become better and
better. I want to keep on improving. Thank you
again!

Aftercare
& Con-
clusion

Dear PER, it is nice to read that you are feeling
well, and things have turned out just as you had
hoped for.

I am feeling much better than I had expected. The
life I had seems to be so far away now, instead of
the actual NUM months. I never want to go back.

Note. Names, dates, numbers, locations, medical problems, and other (‘miscellaneous’) entities are replaced by the abbreviations ‘PER’, ‘DATE’, ‘NUM’, ‘PRO’, and
‘MISC’ respectively.
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Pre-processing

Before we could conduct our analyses, we had to pre-process the e-mails to
restructure them into a format suitable for data-analysis. We mainly used Frog
(van den Bosch et al., 2007) and NLTK (Bird et al., 2009) to do so. NLTK is a
Python library that has detailed documentation (Bird et al., 2009), which is easily
accessible for those with little to no programming experience. Python itself is
an interpreted, high-level, and general-purpose programming language (Python
Software Foundation, 2020). NLTK tallies sentences by counting word-terminal
end-of-sentence punctuation like the period, question- and exclamation marks.

NLTK has a list of abbreviations, which are not included in the punctuation
and sentence count. Word-internal punctuation, like the first period in “e.g.,” is
ignored. Handling of interjections depends on their punctuation, for example,
“Oh?” is a separate sentence while “Oh,” is part of the following sentence.
Sentence fragments and quotes with end-of-sentence punctuation are counted
as separate sentences.

We first divided the text into tokens and sentences. Some clients included
texts from a previous e-mail by the counsellor in their own e-mails. As these
quotes were not written by the client, we removed these from earlier e-mails
(making use of Python). We only considered texts containing twenty words or
more, and then normalized all texts by converting all capitals to lower case char-
acters.

Anonymisation

As can be seen in Table 5.4, the names, dates, numbers, locations, medical prob-
lems, and other (‘miscellaneous’) entities were replaced by the abbreviations
‘PER’, ‘DATE’, ‘NUM’, ‘PRO’, and ‘MISC’ respectively (Tjong Kim Sang et al.,
2019). As the identity of the client could be revealed though these entities,
we used the Frog-program for named entity recognition and for anonymization
of these entities (van den Bosch et al., 2007). All data we used passed the
anonymization process, see Figure 5.2. For example, the sentence “Mary went
home earlier for Bob and for John, but also for Lisa, because she had her second day of
exams”, was changed to “PER went home earlier for PER and for PER, but also for
PER”. Below, we give an example of an anonymized (and translated) e-mail (Van
den Hazel, 2020):

“Dear [PER], my name is [PER]. I am going to try my best to answer
your questions, though there are quite many! I think the quantity
has stayed the same these last years. Of course, I have looked on
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this website before, and I know I drink too much. I think that it has
fluctuated in the past from some to a lot of glasses per week. So I
actually tried to monitor it for a while, which is is why the quantity
is stable (though still too high). For the onset of my drinking habits
I need to go back to my past. I am from a traditional family where
smoking and drinking were not allowed. So I did not drink much
in my childhood. From a young age, I socialized in groups where
(heavy) drinking was the norm.”

As can be seen from the example, the anonymisation removed personal infor-
mation, while it remained possible to understand what the e-mail was about.
Because named entity recognition is a machine learning task, the anonymisation
procedure was not without flaws. In part, this was due to the fact that entities
could be misspelled (for example, the city ‘Asmterdam’ is not recognized as a
location). To ensure that all personal information was removed, we checked the
analyses of Frog repeatedly and adjusted the anonymization and pre-processing
accordingly (reflected by the dotted arrows in Figure 5.2).

Safe-keeping

After anonymisation, each client was assigned a (random) number. None of the
researchers working with the data knew the identity of the client (or the coun-
sellor). The data were stored on encrypted USB-sticks that were only accessible
with a password. Incorrectly entering the password multiple times would result
in the USB stick deleting all data. To ensure that the e-mail data was not stored
anywhere else, the USB-sticks only made contact with a computer when work-
ing with the data. The anonymisation and pre-processing were done at Tactus,
so no non-anonymised version of the data left their office.

The LIWC program

After pre-processing, we analysed the content of the e-mails making use of the
LIWC by Pennebaker, Boyd, et al. (2015), see Figure 5.2 (we give an example in
the results section). LIWC consists out of several dictionaries with subcategories
(Chung & Pennebaker, 2007; Tausczik & Pennebaker, 2010). For example, pos-
itive emotion words consisted out of the words happy, pretty, and good; and is a
subcategory of affective processes. LIWC processed each e-mail, and counted the
number of matches in the dictionaries with all words in the e-mails, see Figure
5.2.
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If LIWC found a match, the score of that category increased (Pennebaker,
Boyd, et al., 2015). For each text file, the output contained 76 variables. All
values were divided by the number of detected words in the LIWC dictionary,
so the number 0.25 means that a quarter of all the words in the text were also
in that specific LIWC category. In addition to these repeated measures, we also
calculated one average for each LIWC category (for each client across the four
e-mails). We used the Dutch translations of LIWC (Boot et al., 2017; van Wissen
& Boot, 2017).

Labelling client data

All the available e-mails were read into Orange (Demšar et al., 2013) making use
of the mail loader widget (that we developed for specifically for working with e-
mail data). With the widgets mark duplicates and remove marked text, the duplicate
texts from e-mails were marked and removed. The widget corpus viewer was then
used to read the e-mails without the duplicate texts in chronological order. All
e-mails were then read so that clients could be labelled as either a ‘drop-out’ or a
‘completer’, see Figure 5.2.

The clients were labelled as ‘completer’ when they had received an e-mail
with the word afsluiting (Dutch for closure). These e-mails were inspected to
make sure that they were indeed related to a completed treatment which, for ex-
ample, included finishing the final assignment actieplan (‘action plan’ in Dutch).
All clients which did not qualify for these criteria, were labelled as ‘drop-out’.
The labelling of e-mails of was conducted by Van den Hazel (2020).

Drop-out From 770 clients, only 346 completed the full treatment, resulting in
a drop-out rate of 55.1%, see Figure 5.1. Because drop-out is our main variable
of interest, Table 5.2 is disaggregated to those who completed the intervention
(‘completers’), and to those who dropped-out (‘drop-out’). The mean number of
e-mails written by clients was 20.8, with a maximum number of 116 e-mails.

Data-analysis techniques

We employed three types of statistical models: a logistic regression, a neural
network, and decision trees (see Figure 5.2). For all analyses, we reported the
precision, recall, accuracy and the F1-score, and were performed in Python. We
analysed the demographic variables and the LIWC counts for the first four e-
mails as repeated measures, but also as averages over these (four) e-mails, see Figure
5.2. The averages consisted out of 76 LIWC variables; the repeated measures out
of 76 × 4 variables. In order to adequately assess model performance while still
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maintaining an acceptable training-test-set ratio, we used 5-fold cross-validation.
We will only discuss test-set performance (the confusion matrices in the next
section only report the test-set numbers).

First, we included all demographic variables in our analyses (gender, age,
education, depressive symptoms, reason for starting treatment, baseline alco-
hol intake, smoking and gambling behaviour). In our second batch of analyses,
we also included all text-variables to see what could be gained from the text-
analyses. So, we used two different versions of the LIWC scores (as repeated
measures and as averages), we also conducted two types of analyses (models
containing only the demographic characteristics, and that in addition also in-
clude the text variables), and we employed three types of analyses (a logistic
regression, a neural network, and a decision tree).

Logistic regression Because the outcome variable consisted out of ‘drop-out’
and ‘completers’, a random (or ‘naive’) distribution of clients would result in
a correct classification of around 50%. Because both groups (roughly) had an
equal number of observations (see Figure 5.1), we used 50% as our base rate:
about half of the sample can be classified correctly with a naive classification.
To also have an impression of the ‘baseline’ performance of statistical models,
we first conducted a (standard) logistic regression. For all models, our outcome
variable was drop-out, and we used all demographic characteristics and LIWC
categories as independent variables. The training method we used for the logis-
tic regression was mini-batch gradient descent, with the binary cross-entropy as the
loss function. See Table 5.5 for an overview of the specific parameters that we
used.

Neural network Neural networks are well-known for their predictive accuracy
on complex tasks (C. M. Bishop, 2006; Smink, Sools, Tjong Kim Sang, et al.,
2020),2 and are often applied in text mining (Gibson et al., 2016; Hoogendoorn
et al., 2017; Ji et al., 2018; Tanana et al., 2015; Xiao et al., 2016). We used a multi-
layer perceptron, with five fully-connected layers. We used the rectified linear unit
as the activation function in the hidden layers. The training method was mini-
batch gradient descent, with the binary cross-entropy as a loss function, see Table 5.5
for the specific parameters.

Repeated measures neural network This repeated measures neural net-
work used a slightly different architecture: the first layer of the network only

2Smink, Sools, Tjong Kim Sang, et al. (2020) is chapter 4 of this thesis.
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Table 5.5: Hyperparameters after fine-tuning.

Model Eta Epochs Batch Drop Momentum Tree depth

Average
Logistic Regression .01 100,000 16 .1 0 -
MLP .05 10,000 16 0 0 -
Decision Tree .001 10,000 - - - 2

Repeated Measures
Logistic Regression .01 200,000 16 0 0 -
MLP .01 5000 64 .5 .2 -
Decision Tree .005 1000 - - - 2

Advanced NN .01 5000 16 .5 .2 -
MERF Time - 30 - - - -
MERF Client - 30 - - - -

takes the demographic data as input, and the LIWC scores only enter the net-
work in the second layer. Maity and Pal (2013) showed that this architecture
could improve results when dealing with repeated measures data. The training
method was mini-batch gradient descent, with binary cross-entropy as a loss func-
tion, see Table 5.5 for the specific parameters.

Decision tree Decision trees are well-known for the insightful ‘decision-maps’,
that are relatively straightforward to interpret (Breiman, 2001a, 2001b; Kot-
siantis, 2013). Ensemble methods are a class of decision tree models that have
better predictive performance (Ji et al., 2018), and these so-called boosting meth-
ods combine several ‘weak’ classifiers to improve prediction of the final boosted
classifier (Bonab & Can, 2016). We applied XGBoost (Chen & Wojcik, 2016), a
(boosted) decision tree that –for many tasks– is known to outperform standard
tree-based models (Hoogendoorn et al., 2017). The training method was batch
gradient descent, with the hinge as the loss function, see Table 5.5 for the specific
parameters.

Repeated measures random forest We also used two Mixed Effect Random
Forests (MERF; ‘longitudinal decision trees’). A MERF enhances the standard
decision tree by including mixed (or ‘random’) effects, which can lead to sub-
stantial performance improvements when dealing with clustered data (Hajjem et
al., 2014). To our understanding, the MERF software of Hajjem et al. (2014) does
not include the option to asses both clustered structures simultaneously. There-
fore, our first MERF used the repeatedly observed LIWC scores as clusters, and
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Table 5.6: Top ten most commonly used words in the e-mails for those who
completed the intervention, and for those who dropped out.

Completers Drop-out
English Dutch English Dutch

that die you (formal) u1

was was have heb
he hij your (formal) uw1

felt voelde Dear (formal) Beste
glass glas detox detox
also ook general practitioner huisarts2

counsellor therapeut2 are zijn
cancer kanker kind vriendelijke

it het use gebruik
pain pijn your (plural) jullie

forum forum3 regards groet

Note. This Table presents the results of the unigram model; we discuss the observa-
tions numbered 1 to 3 in the results section.

as a result, the MERF-model took the longitudinal structure of the data into ac-
count. The second MERF used the clients as clusters. The training method we
used was Expectation-maximization, with the Generalised Log-Likelihood as a loss
function, see Table 5.5 for the specific parameters.

Results

We first studied the most frequently used words in the e-mails of the drop-
out and the completers, see Table 5.6 for an overview of (the translations of)
these words. Table 5.7 contains the performance metrics of the models that we
employed: we report the accuracy, F1-score, precision and recall. We assign the
most weight to the first two scores, as they balance the other two (and some
other aspects of correct and incorrect classifications). Table 5.7 also contains a
‘naive’ baseline model: it does not base the classification of clients on anything
else other than random chance, or a naive assignment of all to the same category.

As can be seen in Table 5.7, the unigram model does not outperform baseline
classification. This means that none of the words in Table 5.6 is able to discrim-
inate between the drop-out and completers. In other words, Table 5.6 indicates
that it is not possible to identify an e-mail of a drop-out or completer based on
the unigrams alone. However, some word classes in Table 5.6 stand out as they
could indicate some potentially relevant differences between the drop-out and
completers: we discuss these three word classes in the next section.
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Table 5.7: The performance metrics of the models.

Model Accuracy Precision Recall F1-score

Baseline
Negative only .551 0 0 0

Positive only .449 .449 1 .620

.449 chance of positive .505 .449 .449 .449

N-grams
Unigrams .591 .538 .633 .582

Average
Logistic regression .560 .509 .322 .372

MLP .575 .568 .272 .346

Decision tree .610 .562 .638 .594

Demographic only
Logistic regression .571 .525 .218 .286

MLP .570 .525 .293 .356

Decision tree .587 .540 .570 .551

LIWC only
Logistic regression .534 .381 .158 .222

MLP .529 .458 .208 .283

Decision tree .579 .523 .717 .604

Repeated measures
Logistic regression .595 .533 .721 .609

MLP .525 .522 .302 .374

Decision tree .612 .548 .799 .648

Advanced NN .566 .519 .537 .522

MERF Timing .541 .533 .474 .501

MERF Client .525 .514 .471 .491
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Word use

Our first observation involves the usage of informal pronouns; in Dutch there is
a formal and informal way for addressing others. Three of the most frequently
used words by the drop-out are formal (see number 1 in Table 5.6), and were
used by the clients to address the counsellor in a somewhat remote manner (“I
don’t know what you can do for me, aside from forwarding my file”). Aside from
the ‘distance’ between the client and counsellor, formal language is also used to
express some sort of misconception (“Did I understand you correctly, you want me
to answer all the questions? That will take ridiculously long for you to read”).

Second, the completers often refer to a psychotherapist, whereas the drop-out
frequently mention a general practitioner (see number 2 in Table 5.6). It appears
that the completers –in addition to the counsellor from Tactus– also have a psy-
chotherapist (“Yes, I really believe I need a therapist with whom I can fight about my
ideas and thoughts”). This therapist is often perceived as a source of support (“My
therapist agrees that I could benefit from these situations as well”), and it appears that
the therapist often discusses topics that are similar to the ones in the Tactus
intervention (“I discussed this yesterday as well with my therapist”).

The drop-out on the other hand often mention their general practitioner: the
Tactus-counsellors refer the excessive drinkers to a general practitioner (“I went
to my general practitioner, and my blood pressure was good”). The general practitioner
of some appears to be aware of the alcohol dependency (“My general practitioner
knows about my alcohol abuse”), whereas this is not the case for others (“I tried to
discuss this with my general practitioner, but I was shocked by the reaction I got”).

Thirdly, the completers mention a forum (see number 3 in Table 5.6). In ad-
dition to the AdB-program, Tactus also offers access to an online internet forum
where it is possible to discuss and meet with other participants of the program.
According to Postel (2011), the forum receives great user satisfaction, and offers
support, motivation, and engagement (p. 136). It appears that the drop-out do
not use this forum, as they do not mention it.

LIWC analyses

We analysed the e-mails from the AdB intervention with LIWC (for an overview
of the e-mails, see Table 5.4), which resulted in output similar to what we present
in Table 5.8. We used these LIWC results as input features for our analyses (see
Figure 5.2). We first address the results of the LIWC-averages (‘average’ in Table
5.7). The confusion matrices corresponding to results of these average results
follow in Table 5.9. As the confusion matrices of the LIWC repeated measure
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Table 5.8: An example of LIWC2015 output for an example e-mail.

LIWC dimension Score
I-words (I, me, my) 13.8
Social words 10.3
Positive emotions 1.1
Negative emotions 2.3
Cognitive processes 15.5

Summary
Analytic 19.1
Clout 21.0
Authenticity 94.2
Emotional tone 11.0

Table 5.9: Confusion matrix for the models using the averaged LIWC scores.

Observed
Model + -

+ 44 34

Logistic regression
- 26 29

+ 55 39

MLP
- 15 24

+ 53 43

Decision tree
- 17 20

Note. A completer is labelled with a ‘+’,
drop-out is labelled with a ‘-’. Only the
test-set (N = 134) has been included.

analyses were similar to Table 5.9, we did not include these here for the sake of
brevity.

Table 5.7 does not indicate that any analyses based on the LIWC-averages
outperforms naive classification: the accuracy and F1-score rarely exceed the
random baseline classification. For the LIWC averages, the F1-scores are low
for the logistic regression and the multilayered perceptron (MLP in Table 5.7),
mainly due to poor recall. The decision tree performed slightly better, with a
higher accuracy and a recall that is substantially higher than for the other two
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models.

To see if we could improve classification, we also employed longitudinal
models that were specifically tailored to the repeated measures structure. For
this purpose, we used a repeated measures logistic regression, a (simple and
advanced) repeated measures neural network, and repeated measures decision
trees (MERF). These results are also displayed in Table 5.7.

Even though we expected an increase in model performance, Table 5.7 in-
dicates that model performance remains similar to the naive classification. The
performance of the longitudinal decision tree and MERF are on par with the
neural network of the LIWC averages. Even though we included all LIWC cate-
gories and demographic characteristics as input in our analyses, Table 5.7 does
not indicate that the longitudinal models are (better) capable of predicting drop-
out (so for the sake of brevity we did not discriminate between the analyses that
did and did not include the demographic variables, mainly because we did not
find differences in model performance). Given that we employed a wide array of
models, we conclude that there are no ‘large’, ‘powerful’, or ‘strong’ predictors
of drop-out in the first four e-mails.

Discussion

Web-based psychotherapy is an established alternative to classic face-to-face
therapy, with the large drawback that almost all online interventions are plagued
by a high rate of drop-out. In our data, we found a drop-out rate of nearly half,
which was high, but also expected based on past studies (Kelders et al., 2012).
So, why did these clients drop-out? We tried to answer this question by testing
whether we could differentiate between the first four e-mails that the completers
and drop-out sent. We studied these e-mails through a wide array of models,
but could not associate the e-mail texts exclusively with either the completers or
drop-out.

As some clients drop-out because they already experienced the benefits from
the intervention, we conclude that drop-out is a complex and multidimensional
construct (see Figure 5.3). Perhaps (LIWC-)dictionaries that target the nuances
indicated by Figure 5.3, or dictionaries that are specifically tailored to AUD, will
be more helpful in understanding drop-out. Our list of the most frequently used
words could be helpful first step, even though these words cannot be exclusively
associated with one of the two categories.
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drop-out

losing clients
to follow-up

non-usage

drop-out of the
intervention
experience

benefits

Figure 5.3: Drop-out is not a straightforward proxy of therapeutic success, as it
could reflect multiple aspects, and not all are related to therapeutic success.

A qualitative interpretation of the frequently used words

The reason that we are cautiously optimistic is because a qualitative analysis
of the frequently used words does indicate that (some of) these words have
potential. The (Dutch) words ‘u’ and ‘uw’ –all polite and formal ways to address
the counsellor– were used with greater frequency by the drop-out. This could
stress the importance of the therapeutic alliance between client and counsellor
(G. Clarke et al., 2005; Horvath & Luborsky, 1993). The fact that the completers
do not address their counsellors in a formal way could be an indication that
they feel they have a stronger therapeutic alliance (Eubanks et al., 2018). The
use of formal language could also indicate that it takes some experience to work
with a counsellor: it is not straightforward to immediately trust someone with
your thoughts. Establishing trust and other aspects of the alliance require effort
and become easier with experience (which is perhaps too difficult for the drop-
outs to do online). It is possible that the clients who know ‘how to work with
a counsellor’ could be further in their process of becoming less dependent on
alcohol, which brings us to the second point.

There is also a difference between the usage of (the word) therapist (by the
completers) and general practitioner (by the drop-out). For some the interven-
tion could be a recommendation from their general practitioner (the unigrams
indicate that this group could be the drop-out), while others could have found
the intervention on their own because they are further in the process of seeking
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help for their alcohol dependency (the unigrams indicate that they could be the
completers). This difference in word-use could also indicate that the drop-out
could perceive their alcohol usage as a medical problem, whereas the completers
could perceive their drinking behaviour to be of psychological nature (and –as
a result– they are more open for psychological and psychosocial help). It could
be possible that viewing alcohol dependency as a psychological –rather than a
medical– problem has benefits (McMurran, 1994).

It is not unlikely that there could be a generational effect as well (but this
is speculative): some clients of a certain generation perceive medical care to be
the only form of ‘real’ healthcare, as they do not have much faith in psycholog-
ical counselling (we have the impression that some older clients could perceive
counsellors in general to be ‘tree-huggers’, or geitenwollensokken-types in Dutch).
As a result, they could invest less in the therapeutic alliance (as indicated by the
use of formal words), because they were less likely to see counselling as a from
of help in the first place. Another possibility is that older people simply use
more formal language online.

Our last observation is that the Tactus forum could be a great source of sup-
port, as only the completers frequently mention the forum. In line with the first
observation, it could be that the drop-out are less engaged with the interven-
tion, and try to keep some distance between themselves and the intervention.
It could also be that those who actively participate in the forum are further in
their own psychotherapeutic process, as they know it also takes some effort from
themselves to become less dependent on alcohol. It would therefore not be far-
fetched to recommend that the intervention could try to establish more tie-ins
with the forum (and vice versa).

LIWC is unable to extract information relevant for drop-out from the first
four e-mails

Given the popularity of the program, we expected that LIWC would be help-
ful in determining the textual aspects of therapy that are relevant for drop-out.
However, we were unable to achieve satisfactory predictive accuracy based on
the features from LIWC. We are confident that we employed many models that
suit this data set, but to no avail. We therefore conclude that we were not able to
use LIWC to extract information relevant for drop-out from the first four e-mails.

Perhaps LIWC is too ‘crude’ to pick of the nuances that are present in text
data. For example “I was so angry when I was a child” is equally counted to the
category anger as “I am so angry right now”, even though the first sentences de-
scribes a statement from the past, that might have very well changed by now.
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Also, “I hate my family ” and “I love my family” both contain words for the fam-
ily LIWC category yet have a entirely different emotional connotation. So the
category family in this example does not allow for a meaningful differentiation
between these two statements. As a result, it becomes difficult to target the
nuances indicated by Figure 5.3.

The value of e-mail data

Ever since Sigmund Freud introduced the talking cure, conversation is the cor-
nerstone to most forms of psychotherapy. Given the central position of the ther-
apeutic exchange, a careful assessment of the therapeutic language could pro-
vide insight into what is happening in therapy. As AdB primarily relies on the
exchange of e-mails between client and counsellor, information about the ther-
apeutic processes (drop-out included) should be present in these e-mails. Even
though we were not able to produce models that were helpful in discriminat-
ing between the drop-out and completers, the qualitative interpretation of our
findings does suggest that the e-mails contain relevant information.

Open challenges: strengths and limitations

Web-based interventions offer the opportunity to bring new groups of patients
and clients to counselling (Postel, de Haan, ter Huurne, Becker, et al., 2010;
Postel et al., 2005), but online drop-out is (often) substantial (Postel et al., 2011).
To the best of our knowledge, there are no reports that explore the possibility to
study drop-out for AUD specifically through a text-mining approach. Having
a better understanding of how (and why) drop-out occurs does not only have
scientific value, it can also greatly benefit the clinical practice.

In our study we relied on the LIWC program, but the way we used LIWC
did not provide the information that we were interested in. Our choice for a
(relatively) ‘crude’ method such as LIWC does not contribute to a more nuanced
and fine-grained understanding of drop-out. Indeed, with respect to LIWC,
we present a null-finding. However, we are confident that others will find this
to be helpful: as LIWC is a popular tool among psychologists, it is helpful to
know the application where it works less well. Also, as we present one of the
first attempts to systematically study e-mails for AUD, we tried to go beyond
a qualitative analysis of all e-mails, which automatically brought us to LIWC
(as it is so well-established). Because there is too much e-mail data available, a
complete and ‘manual’ study of all the aspects from the is too labour-intensive
(Snow et al., 2008). The middle ground between rather technical text mining
models and a qualitative analysis of the e-mails is the LIWC program.
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Also, for a –relatively– small language such as Dutch, LIWC is the best and
only readily available alternative. Around 24 million people are estimated to
speak the Dutch language. Compared to the English language, that is not a lot.
It could be that there are more relevant dictionaries available than LIWC, but
that these are only available in English or another language. Simply translating
all the dictionaries through standard available translation-software is arguably
naive, as it could result in a loss of linguistic and culture nuances (or otherwise
context-specific aspects of language).

One of the main limitations is that we worked with a relatively small dataset.
However, from the viewpoint of Tactus (that includes counsellor- and client-
perspective), it would be reasonable to stress that a dataset such as the one
we analysed is quite large, especially in the Netherlands. However, from the
perspective of machine learning efficiency, it is also true that the data is not large.
There are (in total) not as many data-points as one would prefer for machine
learning. It is indeed possible to make two equally valid argumentations, that
would result in the conclusion that the data is both small and large at the same
time (stressing how context dependent these terms are).

Future research

Our first recommendation for future research is in line with one of the main
limitations of our work (we intend to give some general recommendations): in-
clude the nuances of drop-out. It took us a lot of time to clean and pre-process
the data for the analysis, and it would take even more time to prepare and label
the data to pick up this nuance as well. The AdB intervention ran for a couple
of years: if it would have been easier to perform some simple text data-analysis
during the intervention, we are confident that this nuance would have come to
light early on. If counsellors could then mark the specific cases of drop-out, and
it would become straightforward to explore drop-out in a more meaningful way.
TPCR related studies would therefore benefit from structured datasets that in-
clude more labelling from the counsellor, so that it becomes possible to conduct
a more nuanced analysis of the text constructs. It should be possible to decrease
the time spend on pre-processing, while the value of the data analysis increases
greatly.

Developing systems that are more suitable for the export of the (relevant)
texts from e-mails is important for numerous reasons. As of yet, more often
than not this requires some familiarity with programming, which is –to the best
of our knowledge– not part of the standard curriculum of psychologists trained
at the graduate level. For the clients it was also natural to include quotes from
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the counsellors in the data, but that posed some challenges in analysing the data.
If it would have been possible to perform some simple text analyses during the
intervention, it would have been easy to spot this as problematic. Some sort of
labelling during the intervention would have been helpful here as well.

Conclusion

Web-based interventions are effective, but are also plagued by a high rate of
drop-out. For alcohol dependency, there is an astoundingly large gap between
first treatment contact and the onset of problems. Often, online help is sought
earlier, but alcohol dependency is typically associated with high drop-out. Nowa-
days, there is a plethora of new research methods available, which re-establish
the importance of understanding the (underlying) change processes. As tra-
ditional forms of psychotherapy are increasingly complemented by online in-
teractions between client and counsellor, there is also data available for these
purposes. As the active ingredients of therapy are included in the exchange of
several e-mails, this verbal exchange should contain a wealth of information on
the psychotherapeutic change process. Although we did not find effects of con-
siderable size, we are confident that our manuscript is of value to future studies
that explore drop-out through the linguistic features of e-mail data.
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Appendix: Case descriptions

To further characterize the clients that were included in our sample, we give four
anonymised case descriptions. All case descriptions rely on the information that
respondents reported about themselves on the assessment questionnaire, and
include some of the things they wrote about themselves in the e-mails. The case
descriptions come from Giesler (2019) and Krstić (2019).

Case 1 A 38 year old female, who regularly consumed alcohol for over ten
years. At the onset of the treatment, she consumed 62 units of alcohol per week.
Her goal of participating was to reduce alcohol intake to prevent health problems
from reoccurring, and to make progress in her studies. The main motivation for
drinking includes its rewarding and relaxing effect. Previous drinking habits
have caused her loss of memory, missing lectures, self-sabotaging patterns (in
terms of diet), headaches, and sleeping problems. An important factor for this
client is also her husband, with whom she drinks on many occasions. The client
noticed that she had problems quitting even when others around her were not
drinking.

Case 2 A 49 year old male, living with his wife and two children. The level
of consumption at the beginning of the treatment included between 20 and 50

units per week. The client set the goal of reducing consumption, but emphasized
the social and practical factors that justified the drinking behaviour. The client
reported several physical problems including memory loss, tiredness, decrease
in sexual arousal, and depression. His wife is an important factor during the
treatment, and is described as a “regular drinker”. During the treatment, mood
swings were dominant. Alcohol was important for the job of the client, as it was
an important contributor to closing (business) deals. Mood swings were also
frequently reported in the e-mails, emphasizing that alcohol is perceived as a
reward.

Case 3 Client is a 27 year married female, who got pregnant during the treat-
ment. The client had a medical history of potential eating disorders (she reported
binge eating, dieting, and excessive exercises). Physical symptoms include fa-
tigue, headaches, and sleep deprivation. At the beginning of the treatment,
the client consumed 32 units of alcohol per week. Alcohol is perceived as a
rewarding, socializing, and self-empowering factor. Due to her working envi-
ronment, the client feels that she cannot deny drinks that are offered to her. On
an emotional level, the client referred to disappointment and frustration, which
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are related to her self-esteem problems that are also reflected in her problems
with body-image and previous binge eating episodes. For this client, establish-
ing control over her symptoms are of great importance. Due to pregnancy, the
client decided to alter her goal from reduction to complete abstinence.

Case 4 A 48 year old male, living alone and has a conflictual relationship with
his sister. His mother is in a nursing home, and he often interacts only with
one friend. The initial consumption included 105 units per week. The client
reported having a breakdown, due to which he consumed blood pressure and
cholesterol medication. The most dominant emotions in the e-mails were anxiety,
frustration, and overall dissatisfaction with his relationships, work, and life. The
client showed indications of suicidal ideation and is often apologetic towards the
counsellor. He perceived alcohol as a social factor, highlighting that “there is no
life or parties without alcohol.”

151



What
Works
When

for
Whom



vi

6Understanding Therapeutic Change
Process Research through Multilevel

Modelling and Text Mining

Abstract

Nowadays, traditional forms of psychotherapy are increasingly complemented by on-

line interactions between client and counsellor. In (some) web-based psychotherapeutic

interventions, meetings are exclusively online through asynchronous messages. As the

active ingredients of therapy are included in the exchange of several e-mails, this verbal

exchange contains a wealth of information about the psychotherapeutic change process.

Unfortunately, drop-out related issues are exacerbated online. We employed several

machine learning models to find (early) signs of drop-out in the e-mail data from the

‘Alcohol de Baas’ intervention by Tactus. Our analyses indicate that the e-mail texts

contain information about drop-out, but as drop-out is a multidimensional construct, it

remains a complex task to obtain accurate predictions. Nevertheless, by taking this ap-

proach, we present insight in the possibilities of working with e-mail data and present

some preliminary findings (which stress the importance of a good working alliance be-

tween client and counsellor, distinguish between formal and informal language, and

highlight the importance of Tactus’ internet forum).

Keywords: Therapeutic Change Processes Research (TCPR), Multilevel Models
(MLMs), text mining, process data, web-based interventions, text variables
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Introduction

Traditional forms of psychotherapy are nowadays increasingly supple-
mented by online interactions: it is not uncommon that a counsellor
seeks contact with a client through e-mail, text, chat, or other text-

bearing messages. As the contact between counsellor and client becomes in-
creasingly digitally mediated, it should be possible to trace the factors that con-
tributed to the beneficial outcome of treatment back to these textual interactions.

In this light, the field of Therapeutic Change Process Research (TCPR) re-establishes
its importance. TCPR aims to identify the mechanisms through which psycho-
logical treatments bring about positive and therapeutic change (Elliott, 2010,
2012; Greenberg, 1986; Orlinsky et al., 2004). TCPR has a long-standing tradi-
tion of studying the linguistic ‘products’ of therapy (e.g., homework exercises,
diaries, transcripts) in order to understand therapeutic change (Imel et al., 2015;
Kazdin & Nock, 2003).

The rising popularity of Internet-based interventions (cf. Hoogendoorn et al.,
2017) allow researchers to ask new TCPR research questions and re-establish
the relevance of several known questions. Questions pertaining to the change
processes that are beneficial to clients necessitate investigation of the ‘active in-
gredients’ of therapy, of which many are linguistic (Imel et al., 2015; Muntigl &
Horvath, 2005). TCPR has thus the potential to reveal the fundamental processes
that are related to change. Aside from insight in what helps patients improve
their functioning and reduce (clinical) symptoms, the importance of TCPR is also
related to the rising number of people diagnosed with mental health disorders
(Andrade et al., 2013; Whiteford et al., 2013).

Over many decades, researchers attempted to answer TCPR questions; Or-
linsky et al. (2004) estimated that there are more than 2000 published process-
outcome studies of psychotherapy. Crits-Christoph et al. (2013) discuss several
(methodological) issues related to TCPR, and express that “individual psychother-
apy is not based just on an individual: it is a dyadic relationship consisting of a patient
and therapist”. Similar to Kenny and Hoyt (2009), Crits-Christoph et al. (2013)
argued that –from a statistical point of view– patients are nested within their
therapist, hence, TCPR is concerned with multi-level models (MLMs; also known
in the literature as hierarchical linear models, mixed models, random coefficient,
or random effects models).

Yet, we found few studies that applied MLMs specifically to study therapeu-
tic language. In the current work, we will present an approach for the study of
therapeutic change processes based on text mining and MLMs by (re-)analysing
e-mails send between counsellor and client (Lamers et al., 2015). We do so by
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first making a comprehensive argument for the importance of understanding
multi-layered change processes (Knobloch-Fedders et al., 2015), and argue for
the use of text mining to study TCPR.

TCPR: Therapeutic Change Process Research

Progress in psychotherapy research is not made by only demonstrating the (av-
erage) effectiveness of a treatment; the history of psychotherapy research is
marked by a gradual increase in the understanding of psychotherapeutic change
processes (Braakmann, 2015; Orlinsky et al., 2004). Hence, psychotherapy ben-
efits from a greater understanding of TCPR,1 which is defined as the scientific
investigation of what occurs during psychotherapy, with regard to its clinical
meaningfulness; in other words, it investigates the process through which clini-
cally relevant changes occur within psychotherapy (Gelo & Manzo, 2015, p. 248).

Questions concerning the underlying processes that benefit the client also
align with the interests of many clinical practitioners (Norcross & Wampold,
2011): what treatment, by whom, is most effective for this individual with that
specific problem, and under which set of circumstances (Paul, 1967; Tasca et al.,
2015, p. 111)? Studies aimed at demonstrating average effects at group level fail
to show what aspects of the intervention are related to the change the interven-
tion realized (Barkham et al., 1993; Nock, 2007). Still, more effort is devoted to
the analysis of the outcomes of psychotherapeutic interventions.

TCPR and the study of the therapeutic conversation

As early as Freud’s talking cure, the importance of looking at language to un-
derstand the therapeutic process has been recognized. Conversation is still the
interactive medium central to most forms of psychotherapy (Muntigl & Horvath,
2005). The idea that the verbal exchange between counsellor and client contains
important ingredients of therapy fuelled TCPR (Elliott, 2010; Greenberg, 1986;
Hill & Lambert, 2004), which is known for its a long-standing tradition of study-
ing the linguistic ‘products’ of therapy (e.g., homework exercises, diaries, tran-
scripts) in order to understand therapeutic change (Gelo et al., 2015, p. 303, 392).

1It should be noted that various terminologies are used in the literature, e.g., Change Pro-
cess Research (CPR: Elliott, 2010; Greenberg, 2007), Psychotherapy Process Research (PPR: Gelo
et al., 2012), and some of the early works simply refer to ‘change’ (Braakmann, 2015; Hill &
Corbett, 1993). The term ‘process-outcome research’ is also often used, for example by Orlinsky
et al., 2004, who defined it as “(primarily) the actions, experiences, and relatedness of patient
and therapist in therapy session when they are physically together, and (secondarily) the actions
and experiences of participants specifically referring to one another that occur outside of therapy
sessions when they are not physically together” (Crits-Christoph et al., 2013, p. 311). To em-
phasize that we are dealing with change resulting from therapy, we propose to describe change
processes as TCPR: Therapeutic Change Process Research.
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For example, the Narrative Processes Coding System “focused on the strategies and
processes by which a client and counsellor transform the events of everyday life into a
meaningful story that both organizes and represents the client’s sense of self and others
in the world” (Angus et al., 1999).

Another reason to specifically choose text over other types of TCPR data
is that a valid understanding of psychotherapeutic processes require measure-
ments collected from multiple perspectives, including that of the client, counsel-
lor, and (possibly) external observers (Knobloch-Fedders et al., 2015). A good
way to do so is to study the text-based representation of the therapeutic interac-
tion. Because these transcripts are a direct observation of the therapeutic process,
they reflect what actually happened in therapy. Transcripts can thus provide the
basis to obtain the perspective of the client, counsellor and (or independent) ob-
server on the therapeutic process. Such interpretations are usually measured by
questionnaires or interviews, and are retrospective reflections. Transcripts come
with the additional benefit that they are relatively straightforward to obtain after
providing transcripts of the therapeutic conversation.

In this light, it is not unsurprising to see TCPR moving towards web-based
interventions (a variety of different terms is used for –essentially– the same con-
cept; Oh et al., 2005). Aside from being cost-efficient, web-based self-help in-
terventions directly produce the textual interaction between therapist and coun-
sellor, and come with the additional benefits that they are effective (Andersson
et al., 2014; Andrews et al., 2010; Andrews et al., 2004), and easily accessible by
large groups of people (Barak et al., 2008; Hoogendoorn et al., 2017; Wang et al.,
2007). Just like transcripts, assessment of the interaction between counsellor and
client in a web-based intervention has the potential of being a direct observation
of the therapy process (Elliott, 2012; Gelo et al., 2012; Pennebaker et al., 2003;
Schegloff, 2007).

Transcription and manual analyses mark the labour-intensive nature of TCPR,
which is also the main reason why the field did not yet reach its full potential
(Smink, Sools, van der Zwaan, et al., 2019).2 Traditional research methods start
with the recording and transcription of a psychotherapeutic intervention so that
human raters can (manually) code and analyse these transcripts (Atkins et al.,
2014). Because the understanding of change processes mainly relies on qualita-
tive analysis, these methods are only as fast as the researcher(s) conducting the
research, which in practice limits their use to small scale studies (Atkins et al.,
2012; Imel et al., 2015).

To strike a balance between TCPR’s ambition to unravel the black-box through

2Smink, Sools, van der Zwaan, et al. (2019) is chapter 2 of this thesis.
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which therapy attains its effects and the labour-intensity of the TCPR methods,
we propose to use automated text analysis methods. Text mining, a compu-
tational approach to text analysis, can be used to automatically extracted text
features that can contribute to the understanding of the active ingredients of
therapy. We are observant of the criticisms that algorithms have yet to achieve
the same exploratory depth of analysis as humans. However, in our view, it
would be a shortcoming to TCPR’s ambitions if the insights that basic text fea-
tures can offer remain unused. In the next session we will discuss how text
mining can scale up TCPR by finding text-based predictors –also known as in-
put variables or independent variables– from therapy related texts. We will do
so making use of multi-level models (MLMs), an advanced statistical model that
is able to capitalize on the hierarchical structure of text data.

Text mining: scaling up TCPR

As language is an important mediator of psychotherapeutic processes, obtaining
information about these processes through texts is one of the first applications
of text mining. Mergenthaler (1996) compared five computer-assisted measures
for the analysis of textual data of two psychotherapies, and was among the
first to apply text mining for psychology. He used text mining, which he then
called “computer assisted analysis of textual data”, to identify turning points
in sessions, which could then be explored more deeply by humans through
(qualitative) analyses methods. Anderson et al. (1999) developed Computer As-
sisted Language Analysis System (CALAS) to examine the relationship of various
linguistic measures to outcome measures in high and low verbalized affect seg-
ments. Many applications of text mining are still centred around finding key
moments in the therapeutic process (cf. Fontao & Mergenthaler, 2008; Lepper &
Mergenthaler, 2005; Pfäfflin et al., 2005), which is also a common approach in
TCPR (e.g. the ‘Significant Events Approach’ in Elliott, 2010).

Practically, typical text mining approaches in psychology include counting
words, identifying topics, and coupling the terms to a domain-specific ontol-
ogy (Hoogendoorn et al., 2017). Text mining3 refers to a general methodological
framework that includes several automated methods to analyse large corpora of
texts (cf. Jurafsky & Martin, 2017). As text mining is a methodological frame-
work that combines and includes numerous techniques and methods from many
disciplines, it is not surprising that terms referring to the automatic extraction of

3We recommend R. Feldman and Sanger (2007) and Jurafsky and Martin (2017), and Manning
and Schütze (1999) for a detailed overview of text mining. For aspiring text mining practitioners,
we recommend the NLTK library available in the programming language Python (Bird et al.,
2009).
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information from text are used sometimes interchangeably, such as text mining
and NLP.

Text mining emotions

The Linguistic Inquiry and Word Count (LIWC) software by Pennebaker, Boyd, et
al. (2015) is used by many researchers, and has showed to be effective in predict-
ing therapist empathy (Gibson et al., 2015), counsellor behaviour (Pérez-Rosas
et al., 2017), and identifying emotional and cognitive process in psychotherapy
(McCarthy et al., 2017). LIWC categorizes word usage by counting the percent-
age of words that reflect –among other categories– thinking styles, emotional
states, and social concerns (Hirsh & Peterson, 2009; Pennebaker, 1997; Tausczik
& Pennebaker, 2010). LIWC taps into the underlying idea that word use is one of
the most direct means of expressing thoughts and feelings (Fast & Funder, 2008),
as the way individuals talk and write provides a window into their emotional
and cognitive worlds psychological characteristics (Pennebaker, Francis, et al.,
2015; Pennebaker et al., 2003).

The writing intervention by Lamers et al. (2015) focused on different life
themes, with one theme central to each of the seven modules. By asking clients
to describe specific positive and several difficult memories, clients adjusted their
life stories step-by-step by integration of these memories. Lamers et al. (2015)
did not include the content of the e-mails in their study.

Previous studies showed that positive therapeutic outcomes from writing
interventions are associated relatively high rate of positive emotion words, few
negative emotion words, and with an increasing number of ‘cognitive’ words4

throughout the intervention (e.g., R. Campbell & Pennebaker, 2003; Pennebaker,
1997; Pennebaker, Francis, et al., 2015). As the intervention of Lamers et al.
(2015) focuses specifically on positive and difficult memories and emotions with
the aim of integrating these two, we study words the reflective of these aspects in
e-mails. As the intervention by Lamers et al. (2015) aims to improve integration
of positive and negative memories, we expect that LIWC’s ‘cause’ and ‘insight’
categories are mostly reflective of that process. We aim to find further evidence
for these findings in data from Lamers et al. (2015), by relying on text mining
and multi-level models.

Text mining and MLMs

Although the idea to relate words or textual aspects (in psychotherapeutic texts)
to outcomes is well-established in TCPR, there are methodological issues that

4Cognitive words are a word category from the LIWC program.
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are specifically relevant when analysing text data. Studying change processes in
e-mails mandates accounting for the dyadic relation (Crits-Christoph et al., 2013,
p. 301), and is therefore dependent on both the counsellor and client.

While the assumption of independence of observations is the basis for traditional
statistical models, such as the ANOVA or regression model, some text mining
models relax this assumption. For example, the naive Bayes classifier assumes
independence assumptions between observations. The model classifies units to
the category that has the highest probability; a common application of the model
is the spam-filter, where e-mails are classified as either spam or ‘ham’ (no-spam).
He et al. (2012) used naive Bayes to find words that could discriminate between
texts written by soldiers with or without PTSD.

Naive Bayes is a family of algorithms based on the assumption that the value
of a particular (text)feature is independent of the value of any other feature. This
independence assumption is too strong (‘naive’); in reality, independence does
not hold for texts that are written by the same person. In doing so, the model
‘naively’ neglects the nesting of e-mails within person, ignoring the assumption
of independence. In the next section work, we will argue for the importance of
applying MLMs to analyse textual data for correct statistical inference, as MLMs
do not violate the non-independence in e-mail data (Kenny et al., 2002). A con-
sequence of failing to recognize the nested and hierarchical structures in e-mails
is that standard errors of the estimated coefficients are underestimated, leading
to an overstatement of statistical significance. MLMs recognize the existence
of hierarchies in data by allowing for residual components at each level of the
hierarchy.

Psychotherapy as a multi-levelled procedure

Because MLMs offer the possibility to include predictors at the level of the indi-
vidual, the group and at any other level of organization, the model arises quite
naturally for TCPR (Raudenbush & Bryk, 2002a). Many individual change phe-
nomena can be represented through a two-level hierarchical model. The first
level represents each clients’ development by an individual growth trajectory
that depends on the repeated measures for each client. The second level unit
represents variables that are not repeatedly measured, such as gender, income,
or depressive symptoms. The first level consists out of –for example– experi-
enced pain at the beginning, middle, and at the end of therapy. The second level
consists of the clients themselves, who could be (at a third level) nested within
their therapist, for examples see Baldwin and Imel (2013), and Baldwin et al.
(2007).
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From a statistical viewpoint, TCPR practically equates to research questions
concerning either a (longitudinal) development over time (Adler, 2012; Baldwin
et al., 2007; Crowder & Hand, 1990; Fitzmaurice et al., 2011; Nissen-Lie et al.,
2010), an (dyadic) interaction between a counsellor and its client (Crits-Christoph
et al., 2013; Kenny & Hoyt, 2009; Tasca & Gallop, 2009), or to both. MLMs are
–compared to traditional statistical methods– particularly useful to both of these
situations as they capitalize on hierarchically organized data. Many kinds of
data, including observational data collected in the human and biological sci-
ences, have a hierarchical or clustered structure.

Considering that the psychotherapeutic practice is a multi-levelled proce-
dure, it becomes apparent that client and counsellor are the two pre-eminent
levels of organization. As counsellors (almost) always treat more clients, clients
could be viewed as grouped within their counsellor, similar to the students be-
ing nested within their class (Crits-Christoph et al., 2013; Kenny & Hoyt, 2009).
Crucial to any MLM is that the unit of analysis at the lowest level (the students
or clients) are nested within higher level units (classes or counsellor), that it-
self could also be nested within (higher) even higher units (schools, therapeutic
practices, or clinical institutions).

Many of the applications of MLMs in psychotherapy resolve around the ques-
tion of how to assess psychotherapeutic effectiveness. Adelson and Owen (2012)
examined the influence of psychotherapists on clients’ clinical outcomes. Bald-
win et al. (2007) and Marcus et al. (2009) both showed that higher rates of ther-
apeutic alliance could be relate to better therapeutic outcomes through MLMs
(Crits-Christoph et al., 2013). Baldwin and Imel (2013) searched the literature
for studies comparing outcomes of therapists. Nissen-Lie et al. (2010) accounted
for variation in early patient-rated alliance by means of various self-reports of
therapists providing treatment in a naturalistic outpatient setting.

Research questions

Online a client is treated essentially through the language their counsellor uses,
therefore the verbal interaction contains many important ingredients that bring
about change. TCPR faces two challenges: first, how to derive meaningful
change processes from (the) large bodies of texts (that web-based interventions
produce)? Second, how to assess these complex, varied and multi-layered pro-
cesses? These two questions are intimately linked: insight in complex change
processes gives an indication of how to derive other meaningful processes, and
visa-versa.

We therefore advocate the combination of text mining and MLMs: the former
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offers tools and methods to discover patterns and trends in texts; the latter can
analyse processes that vary at multiple levels. As the study by Lamers et al.
(2015) is a writing intervention of which the writing assignment, the e-mails
themselves, and the outcomes of the intervention are available, we give a proof-
of-concept based on data from this study.

Method

Participants

The dataset derived from 174 clients who were recruited by Lamers et al. (2015)
through advertisements in Dutch newspapers and websites. Only participants
who felt depressed and were interested in writing about their life were included
by Lamers et al. (2015). The sample was thus a self-selected group of individuals
who had expressed interest in the program.

All participants had moderate depressive symptomatology and were ran-
domly allocated to either the life-review ‘the stories we live by’ (auto-biographic
writing; AW), or the ‘expressive writing’ (EW) intervention, or a waiting list con-
dition. The mean age of the participants in the AW condition was 57.7 (SD =

10.3) years old, and the majority was female (75.9%). The mean age in the EW
condition was 56.8 (SD = 7.9), and the majority was female (77.6%). In both con-
ditions, the majority of the participants received a higher form of education (i.e.
universities or colleges; AW: 48.3%, EW: 37.9%). For more details see Lamers
et al. (2015).

Design: Study by Lamers et al. (2015)

We discuss the design of the current study in two sections. First, we discuss the
design of the study by Lamers et al. (2015), then we discuss the design of the
current study.

Auto-biographic Writing (AW) The AW condition was a life-review self-help
intervention that consisted of homework assignments, divided over modules
that had to be completed over the course of ten weeks. Clients communicated
about their progress with trained counsellors through a weekly e-mail interac-
tion. According to Lamers et al. (2015) the self-help model program was based
on insights from the autobiographical memory (Brewin, 2006; Serrano et al.,
2004; Williams et al., 2007), narrative therapy (White, 2007; White & Epston,
1990), and life-review (Birren & Deutchman, 1991; Bluck & Levine, 1998; Butler,
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1963; Haight & Webster, 1995; Westerhof, Bohlmeijer, & Webster, 2010), and has
been shown effective in previous studies (Korte, 2012; Westerhof et al., 2017).

Expressive Writing (EW) According to Lamers et al. (2015) the EW intervention
was based on the method of expressive writing (Pennebaker, 1997). The method
consisted of daily writing about emotional experiences, for 15 − 30 minutes
on 3 − 4 consecutive days during one week. Lamers et al. (2015) extended
and adapted this method to an intervention with seven modules, to make it a
comparable with the life-review intervention.

Design: Current study

Our first intention was to demonstrate how text mining can be used to obtain
change processes from e-mails. Lamers et al. (2015) concentrated their efforts on
the analysis of the outcomes of the interventions but did not analyse the content
of textual characteristics of the e-mails. After pre-processing, we obtained the
insight, cause, positive and negative emotion words from the LIWC program.

Our second intention was to demonstrate how multi-level models (MLMs)
can be used to assess text-based measures of e-mails to aid understanding of
the change processes. Similar to Lamers et al. (2015) we used the post-treatment
measurement of the CES-D scale as the main outcome variable.

Materials

Questionnaires

The data available to us included the pre- and post-therapeutic measurements
of the CES-D. The Center for Epidemiologic Studies Depression Scale (CES-D) is
a brief self-report questionnaire to measure severity of depressive symptoms
in the general population (Radloff, 1977). Lamers et al. (2015) used the Dutch
version of the CES-D (Beekman et al., 1997); higher CES-D scores indicated more
depressive symptoms (20 items, range 0 − 60, α = 0.78).

The intervention of Bohlmeijer and Westerhof (2010) teaches participants
about autobiographical reasoning by specifically improving the ability to rea-
son about the autobiographical self (Lamers et al., 2015). This form of reasoning
describes the process of relating episodic memories to the conceptual self (Pa-
supathi & Carstensen, 2003; Thorne et al., 2004). By making the moral of an
individual’s life-story explicit, (s)he obtains insight in what the particular mem-
ory could reveal, explain, cause, give insight, or provide a (life) lesson learned
about the (autobiographical) self. These processes are extensively researched by
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–for example– Pennebaker and Chung (2011), mainly in the context of showing
how analogue experiences, such as emotions, are translate to digital forms that
bear meaning, such as of stories.

This process is operationalized by phrases that LIWC analyes can detect from
the insight (e.g. “I now realize that . . . ”) and cause (e.g. “I understand why . . . ”;
Pennebaker & Chung, 2011). As the increase in insight and cause words are
intricately related to emotional writing, we also study the (increase in) positive
words, and (decrease in) negative words from LIWC (Pennebaker & Chung,
2011; Westerhof, Bohlmeijer, van Beljouw, et al., 2010).

Software

We used the LIWC software of Pennebaker, Francis, et al. (2015) to analyse the
e-mails for the emotion and insight categories. We used the NLTK library of Bird
et al. (2009) in the programming language Python (Python Software Foundation,
2020, version 3.6), for pre-processing and dividing the e-mail texts in words and
sentences.

For our statistical analyses, we relied on the programming language R (R
Core Team, 2020, version 3.5.1). We used the lme4-package for estimation and
evaluation of our MLMs (D. Bates et al., 2015), and the psych-package for making
descriptions of our variables (Revelle, 2018).

Data

The data included the pre- and post-therapeutic measurements of the CES-D
scale, and the e-mails exchanged between counsellors and clients (2079 e-mails
in total).

Complete cases

In total, data of 174 clients was available to us from Lamers et al. (2015). We only
used clients with no missing data. 166 of the 174 clients (95.4%) had a complete
CES-D score. Not all e-mails were available, so we could only analyse the e-
mails of 104 clients (59.8%). After removing duplicates, we included 97 clients
in our analyses (55.7%, all percentages calculated against the original total of 174

clients).

Anonymization

Identifying information has been removed from the dataset that contained the
outcomes (‘structured’ data), we identified clients based on a unique four digits
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number. The e-mails (‘unstructured’ data) have been anonymized by removing
all (e-mail) addresses, phone numbers, names of persons, organizations, and
locations. Client names and counsellor names have been replaced by the pre-
viously mentioned unique four digits number so that it remained possible to
identify which mails were written by the same person and which clients were
treated by the same counsellor. The counsellors were also anonymized.

Process data

The e-mails of Lamers et al. (2015) should include the whole therapeutic process
because they are the only form of interaction between counsellor and client. The
e-mail procedure is explained (in Dutch) in detail in Bohlmeijer and Westerhof
(2010). We will give some quotes that we translated from Dutch to English to
give an impression of process data in a therapeutic context.

The first quote comes from a female participant: “My trust in people is damaged
pretty badly, I’m no longer in such good faith as I was in the past”. In response, the
counsellor asks: “Can you tell us a bit more about this? How did this happen? Are
there times when you feel that you can trust people?”.

In the second week a male participant writes: “By writing about myself, and
especially naming the nice aspects about my life, I notice that writing is already paying
off ”. In the sixth week he writes: “I feel that I am coming back to who I am”. He also
expresses his graduate towards the counsellor: “I do not have a specific question for
you, a reaction from you based on my writing already is already enough. However, if
you do ask questions, that would help me even further”.

The third example comes from a (different) female participant: “How should
I continue with my life? Is it okay? Almost thirty years ago I lost my brother and my
sister-in-law. I lost my 10-year-old daughter. . . Losing a child is pretty much the worst
thing that can happen to you”. In week seven she wrote (about her daughter): “The
tears are rolling down my cheeks as I think about you intensively. Over the duration of
the course I have learned to balance between positive and negative emotions by means
of communication or through writing. I succeeded, because I know that you knew that
I am still an optimist in life. You and dad have a share in this. You were both never
judgemental, but always stimulating”.

Procedure

Selection of the text variables from LIWC

We chose to use the number of insight and cause words from the cognitive process
category, and the number of positive and negative words form the LIWC program
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(Pennebaker, Francis, et al., 2015). We had several reasons for doing so, first of
all, past studies showed that positive therapeutic outcomes are associated with
writing assignments of individuals that include relatively high rates of positive
emotion words, few negative emotion words, and with an increasing number
of cognitive words throughout the intervention (L. F. Campbell et al., 2013; R.
Campbell & Pennebaker, 2003; Pennebaker, 1997; Pennebaker, Francis, et al.,
2015). Secondly, these basic text features are –as the name implies– relatively
straightforward to obtain from an e-mail. Third, it is our ambition to show how
textual information can be obtained through text mining and analysed with MLMs.
We do not aim to advance TCPR theory in our current paper: determining which
textual predictors are meaningful is beyond the scope of our work. We intend
to show how TCPR can be modelled in e-mails. Lastly, by bridging text mining
and MLMs other TCPR researchers are enabled to to advance TCPR theory using
these two methodologies.

Pre-processing

We used the NLTK library to preprocess the e-mails. NLTK counts sentences by
counting word-terminal end-of-sentence punctuation like the period, question
mark and / or exclamation mark. NLTK has a limited list of abbreviations, which
are not included in the punctuation/sentence count. Word-internal punctuation,
like the first period in “e.g.,” is ignored. Handling of interjections depends on
their punctuation, for example, “Oh?” is a separate sentence while “Oh,” is part
of the following sentence. Sentence fragments and quotes with end-of-sentence
punctuation are counted as separate sentences.

NLTK is an often used Python library for text pre-processing, as it provides
detailed documentation in Bird et al. (2009) on the order and content of the
preprocessing steps.

Pre- and post-therapeutic measurements of the text-variables

We calculated the pre- and post-therapeutic scores of the text-variables (insight,
cause, positive and negative words form LIWC program) by averaging over the
number of these words as counted by Pennebaker, Francis, et al. (2015) in the
first and last three e-mails of the intervention by (Lamers et al., 2015). The
original intervention also included a third time-point (T0 a depression measure
at the onset of the writing treatment, T1 a measure at the end of the treatment,
and T2 a follow-up measure). However, only for the first two measurements
(those at the beginning and end of therapy) we had e-mail data available. Hence,
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we dropped the follow-up measure (T2) from our dataset, as we could not use
in our text mining models.

Analyses

In total, we estimated five MLMs, see Figure 6.1 for an overview and the R code.
The regression equations below will give an indication of how the R code and
equations are related. The data we used were the pre- and post-therapeutic
measurements of the CES-D and the insight, cause, and the positive and negative
emotion words of the LIWC (Pennebaker, Francis, et al., 2015).

The pre- and post-therapeutic measurements of the CES-D scale were consid-
ered to be an outcome variable of the MLMs. Each MLM had a random intercept
for the client to describe the variability in outcome scores across clients. An in-
dex i is used to refer to a pre-therapeutic score (i = 1) or post-therapeutic score
(i = 2), and an index j is used to refer to the jth client. Then, the outcomes can
be described with a MLM, which is represented by

CES-Dij = µ+ u0j + Xijβ1 + eij. (6.1)

The errors eij are assumed to be normally distributed with a mean of zero
and variance σ2

e , and the random intercepts u0j is also assumed to be normally
distributed with mean zero and variance τ . The parameter µ is the general mean
across scores. The predictor variables are stored in a matrix X.The common
effects, β1, represent the effects of the predictor variables on the outcomes CES-
D. The predictor variables X explain variance in scores across the pre- and post-
therapeutic measurement, and do not explain any change between the pre- and
the post-therapeutic scores.

To assess change, an indicator variable is used for the post-therapeutic mea-
surement with D1j = 0 for all the pre-measurements, and D2j = 1 for the
post-measurements. A significant interaction between the post-therapeutic mea-
surement scores and a predictor variable would identify a change. The MLM
described in Equation (6.1) can be recognized as a repeated measures model,
where the model describes the profile of two measurements for each subject.
The well-known models for pre- post-therapeutic measurements are the change-
score model (the difference in outcomes is regressed on the predictor variables)
and the regressor variable method (ANCOVA; the post-therapeutic measure-
ment is regressed on the pre-therapeutic measurement and predictor variables,
e.g. Allison, 1990).

Allison (1990) and Kutner and Brogan (1982) showed that the repeated mea-
sures model is more general than the change score model, which is more restric-
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tive and provides less information about the data. Furthermore, it is possible
to control for additional group differences at the pre-therapeutic measurement
by including additional predictor variables (Schmidt et al., 2016). This can be
beneficial for instances when different groups have not been randomly assigned
to different treatments and pre-therapeutic measurement differences between
groups need to be accounted for to measure treatment effects. According to
the repeated measures model, the MLM for the CES-D scores using the post-
therapeutic measurement indicator D is given by,

CES-D1j = µ0 + u0j + Xjβ1 + e1j

CES-D2j = µ0 + u0j + Xjβ1 + µ1I(D2j = 1) + XjI(D2j = 1)β2 + e2j.

The parameters β1 represent the common effects of the predictor variables
X on the outcomes CES-D and explain part of the common variance in the pre-
and post-therapeutic measurements. The intercept µ0 represents the average
score level at the pre-therapeutic measurement, and the µ1 the average change
in scores between the pre- and post-therapeutic measurements. Given the ef-
fects of the predictor variables, the µ1 represents the assessed average change in
measurements that is not explained by any predictor variable. The parameters
β2 represents the contribution of the predictor variables in explaining unique
variance in the post-therapeutic measurement scores. Significant interaction
β2 effects identify and explain a change in scoring between the pre- and post-
therapeutic measurements.

The first model, our ‘null’ model, acted as a baseline, hence the name M0.
In M0, we test whether a random intercept for each client explains variability
in outcome scores across clients. In ME1, we test whether the text-predictor
variable positive emotion words contributes to explaining the unique variance
in post-therapeutic scores. In ME2, MCP1, and MCP1 we test similar hypotheses,
but then with the number of the number of negative emotion, insight and cause
words.

Results

We intended this section as a guideline for TCPR researchers who aspire to use
text mining for multilevel modelling. We start with a statistical summarization
of the variables that we used in our five multilevel models. Then we present and
interpret the fixed and random effects of these models, and the corresponding
goodness of fit measures. In doing so, we hope to give guidance of how these
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Table 6.1: Descriptive statistics of the CES-D score, insight, cause, positive and
negative emotion words from the the e-mails of the clients on the pre- (T0) and
post-therapeutic (T1) measurement.

Variable Time M SD Med. Min. Max.

CES-D T0 23.41 7.51 23 10 49

T1 15.42 8.07 14 1 37

positive
emotion

T0 36.78 20.73 35 2 110

T1 43.71 32.07 34 0 162

negative
emotion

T0 25.47 16.17 22 1 77

T1 17.76 13.76 14 0 62

insight T0 50.52 27.03 50 1 143

T1 45.86 29.84 41 2 173

cause T0 21.32 12.92 18 2 59

T1 20.54 15.25 18 0 85

Note. ‘Med.’ is an abbreviation for the median score of the variable; ‘Min.’ and
‘Max.’ refer to the minimum and maximum score.

two frameworks should be combined, without presenting results of statistical
significance.

Variable descriptions

In total, we used five variables, one from the intervention from Lamers et al.
(2015); we obtained the other four (text) variables from the LIWC program by
Pennebaker, Francis, et al. (2015). The CES-D score (M = 19.42, SD = 8.75),
the number of positive emotion words (M = 40.25, SD = 27.15), the number of
negative emotion words (M = 21.62, SD = 11.73), the number of insight words
(M = 48.19, SD = 28.49), and the number of cause words (M = 20.93, SD =

14.1) are summarized in Table 6.1 (mean and standard deviations in the text are
combinations of the pre- and post-therapeutic measurements).

Multilevel models

In total, we estimated five multilevel models (see Figure 6.1). The post-therapeutic
measurement of CES-D was the main outcome. In M0, model 0, we estimated
the post-therapeutic measurement based on a random intercept for each client.
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M0 is nested under the other four models. In ME1 (‘Model Emotion’), we es-
timated the post-therapeutic effect of the number of positive emotions words
and a random intercept for each client. ME2 was similar to ME1, but instead
of positive emotion words, we estimated the effect of (the number of) negative
emotions words. MCP1 (‘Model Cognitive Process’) was similar in the same re-
spect: we estimated the effect of insight words (instead of positive or negative
words), and in MCP2 we estimated the effect of cause words.

# Modelling the null / basic model.

M0 <- lmer(cesd ~ post + (1 | id), data)

# Modelling of the positive and negative words categories.

ME1 <- lmer(cesd ~ post*posemo + (1 | id), data)

ME2 <- lmer(cesd ~ post*negemo + (1 | id), data)

# Modelling of the insight and cause categories.

MCP1 <- lmer(cesd ~ post*insight + (1 | id), data)

MCP2 <- lmer(cesd ~ post*cause + (1 | id), data)

Figure 6.1: R code of the five multi-level models (M0, ME1, ME2, MCP1, and
MCP2) using the lme4-package. In all models, we estimated the post-therapeutic
measurement of CES-D (cesd) based on a random intercept for each client (id).
In ME1 we estimated the post-therapeutic effect of the number of positive emo-
tion words as the interaction effect between the number of positive emotion
words (posemo) and an indicator variable (post). The other models have a simi-
lar structure but different variables: in ME2 we estimated the effect of the num-
ber of negative emotion words (negemo), in MCP1 we estimated the effect of the
number of insight words, and in the MCP2 we estimated the effect of the cause

words. M0 is nested under each of these models. In R, a hashtag (#) comments a
line, instructing R to ignore whatever text comes after the hashtag.

Interpretation of the results

The data do not support our hypotheses that the writing intervention improves
the number of positive, insight and cause words, while decreasing the number of
negative words. Rather than using the data of Lamers et al. (2015) as a case to ob-
tain new insights about TCPR, we present it as a use case for process researchers
who wish to investigate e-mail data through multilevel models. Accordingly, we
assessed the results in Table 6.2 in four steps.
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Table 6.2: Model fit, parameter estimates and corresponding standard errors of the fixed and random effects of the five multilevel
models.

Baseline Emotion Cognitive Processes
M0 ME1 ME2 MCP1 MCP2

Fixed
intercept 23.41 (0.79) * 22.83 (1.52) ** 22.61 (1.40) ** 21.62 (1.59) ** 21.69 (1.45) **
post-indicator -7.99 (0.86) * 0.02 (0.04) 0.03 (0.05) 0.04 (0.03) 0.08 (0.06)
variable † -5.60 (1.74) * -6.33 (1.65) ** -5.33 (1.82) * -5.50 (1.66) **
interaction ‡ -0.06 (0.04) -0.08 (0.07) -0.05 (0.03) -0.12 (0.07)

Random
σ2
e 35.74 35.37 35.80 35.46 35.66

τ 25.06 24.89 25.21 25.21 24.72

Model fit
deviance 1327.38 1323.48 1325.89 1324.58 1324.24

AIC 1335.38 1335.48 1337.89 1336.58 1336.24

BIC 1348.45 1355.09 1357.50 1356.19 1355.85

logLik -663.69 -661.74 -662.95 -662.29 -662.12

χ2
3.89 1.48 2.80 3.13

χ2 df 2 2 2 2

Effect size
Ω2

0 df 0.67 0.68 0.67 0.68 0.67

Note. Coefficients (and standard errors). * p < .01; ** p < .001

† The mean of the text-variable, indicated by ‘variable’ in the Table, changes between the five models: in ME1 it is the number of
positive words, in ME2 it is the number of negative words, in MCP1 it is the number of insight words, and in MCP2 it is the
number of cause words.
‡ The ‘interaction’ variable is the interaction between the text variable (see †) and the post-therapeutic indicator (‘post-indicator’).
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1. Fixed effects: intercept and post-therapeutic indicator

The post-therapeutic effect of the writing intervention is estimated as the inter-
action (‘interaction’ in Table 6.2) between the model specific variable (‘variable’,
with a varying meaning between the models, variable indicates the number of
positive emotion words in ME1, negative emotion words in ME2, insight words
in MCP1, and cause words in MCP2) and the post-therapeutic indicator in Table
6.2. As we are specifically interested in the post-therapeutic interaction effect,
we do not interpret the effect of the model specific variable and post-therapeutic
indicator in Table 6.2. The fixed effect of M0 is the grand mean (µ), which
is interpretable as the positive effect of the writing treatment, without specific
change effects of the word categories we included. We also estimated the effect
of the post-therapeutic indicator. However, this effect should not be interpreted,
as it merely acts as a dummy variable in our model.

2. Assess post-treatment effects

There are two ways to evaluate the model(s). The first is based on values of the
post-therapeutic interactions. Table 6.2 does not give an indication that models
ME1, ME2, MCP1 and MCP2 have significant post-treatment effects at the (p <

.05) level. Because all the relevant information lies in the interaction effect, the
effect of the (text-)‘variable’ should also not be interpreted.

The second way to evaluate models is based on model fit. Of the all the
model fit information in Table 6.2, the χ2-test is perhaps the most straightforward
to interpret, as it comes with a significance test. As none of the χ2-tests are
significant, the model fit information in Table 6.2 does not indicate that one of
the four models (ME1, ME2, MCP1, and MCP2) is a (significant) improvement
over the baseline model M0. The other fit criteria should be seen as measures
that indicate good model fit if they are closer to zero (there are several good
sources, we suggest Burnham & Anderson, 2004, as a starting point).

3. Random effects

The variance of the random effect τ express the variation in post-therapeutic de-
pression scores for individuals. The variance of the residual error σ2

e expresses
the variance of the measurement errors, conditional on the individuals (the ran-
dom effects). Table 6.2 shows that the main effect of the text variables are –
relative to the interaction effects– quite large. This is an indication that the sam-
ple (and population) are quite heterogeneous, making it difficult to estimate the
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effect of the writing intervention, as homogeneous treatment effect are simpler
to estimate.

4. Effect size

For the calculation of the effect sizes, we followed the suggestions of Xu (2003):
Ω2

0 in Table 6.2 is a generalization of the well-known R2 measure, which can be
interpreted as a measure for explained variance in multilevel models. Overall,
Table 6.2 shows that all models have a relative large proportion of explained
variance. However, as model fit is (decimally) similar for all models, we cannot
conclude that one model should be preferred over the others.

Discussion

Key questions of Therapeutic Change Process Research (TCPR) usually adhere
to obtaining a thorough understanding of the change processes that are (most)
beneficial to the client. For TPCR, the pertinent question is not whether psy-
chotherapy is effective, but how change occurs. It is common for TCPR to study
the language used in the (therapeutic) interaction between client and counsellor
in order to obtain answers to this question. Two challenges arise, how to obtain
text-measures that relate to change processes, and how to analyse these change
processes. We argued that text mining could be used for the first challenge, and
multi-levelled models (MLMs) to overcome the second.

Conclusion

The complete-data subset from Lamers et al. (2015) does not suggest that the
writing intervention contributes to change in the (number of) insight, cause,
positive and negative emotion words. The analyses show that the intervention
does decrease post-therapeutic depression, however, the data did not indicate
that this decrease could be associated with one of the text variables.

We aimed to make a case for the correct analyses of e-mail data, by obtaining
text variables from large bodies of text, not to obtain theoretical insights. We
showed that text mining is an appropriate tool to model change processes, as it
can answer questions related to change processes.

The second goal of our paper was to show how complex and multi-layered
change processes should be assessed. We presented a straightforward re-parametrization
of multi-level models, that allowed for assessing post-therapeutic change. The
way we parametrize our MLMs allows for modelling a baseline (pre-therapeutic

172



vi

Understanding TCPR through MLMs and Text Mining

score) and change (post-therapeutic score) over time, while accounting for the
dependency between pre- and post-therapeutic score of each client. This also
corresponds to growth modelling of multilevel data, where measurements are
nested within subjects (Muthén, 1997). The association of specific text variables
to the outcomes of the intervention was illustrative for these two points. Based
on this proof-of-concept, we conclude that obtaining and analyses of textual in-
formation through text mining and MLMs can indeed advance TCPR.

Relevance

The main advantage of these models is that it opens up the possibility to engage
more with clients in therapeutical settings. With web-based interventions on
the rise, there is clear room to do so. The information from texts, which is
directly accessible and does not require intensive transcription procedures, and
can then be used to steer the therapeutic process in the desirable direction. Text
mining can thus be used as a form of ‘direct feedback’, as MLMs allow for correct
modelling of the relations between variables.

Open challenges

We proposed that text mining can be used to identify the important change
processes within therapy related texts, and MLMs can be used to explain the
relations between processes and outcomes. Full demonstration of the capabilities
of this framework requires multiple datasets, and many of the problems that we
faced require the attention of more researchers. We start the discussion session
by describing these (open) challenges. Then, in the next section, we cover the
limitations specific to our study.

Operationalization

Operationalization is one of the first challenges that users of text mining for
TCPR face. Many of the TCPR constructs are theoretical, and need to be oper-
ationalized into linguistic features so that they are clearly distinguishable, mea-
surable, and understandable in terms of empirical observations. Examples of
these variables include emotional ventilation, dramatic relief, tension release,
abreaction, or catharsis (for more examples, see Grencavage & Norcross, 1990).
Operationalization is not only an important aspect for TCPR, nor is it limited to
psychology, the whole social and life sciences require good operationalizations.

The linguistic products of therapy (diaries, psychotherapeutic assignments,
or transcripts of the therapeutic interaction) provide rich source of research ma-
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terial, provided that the variables of interest are adjustable to texts. In our cur-
rent work, we used a basic text features from LIWC. We justified our use of these
basic text features because we aimed to give a proof-of-concept with the intend
of showing how TCPR and MLM can be bridged.

However, our choice for such a basic text variable leaves one of the largest
challenges open: what to (text) mine? Traditionally, the text mining commu-
nity was more concerned with collecting, storing and managing large bodies of
unstructured text rather than applying theoretical models from other fields. Ad-
vances in the field of computer science made technical issues less insurmount-
able than they were a decade ago (Mayer-Schönberger & Cukier, 2013, p. 8). As
a results, text mining is no longer reserved for those with a computer science
degree.

The increase in solved technical issues did not lead to insights in ‘what to
mine’. We did not aim to advance TCPR theory with our current paper; we
intended our work as a method paper, because with the current state of the liter-
ature, it is difficult to determine which textual predictors are meaningful. Also,
we feel that our proposition to bridge text mining and MLMs itself allows for
advancing TCPR theory. Constructs as described by Elliott (2010, 2012), Gren-
cavage and Norcross (1990), and Orlinsky et al. (2004) require a ‘translation’, or
adjustment, before text mining is applicable to these data types. Domain experts
in the TCPR field are well-equipped to face this question, but this requires an
interdisciplinary approach.

We showed how MLMs and text mining can be combined, but our proposi-
tion leaves open how TCPR concepts should be operationalized for text mining
metrics. That would require an interdisciplinary collaboration and discussion.
However, the future does look bright: based on our proof-of-concept study we
conclude that MLMs and text mining can indeed advance TCPR.

The next step in that direction, would be to –aside from LIWC– incorpo-
rate other existing text mining software, such as TCM (Therapeutic Cycles Model;
Mergenthaler, 1996), or CALAS (Computer Assisted Language Analysis System; An-
derson et al., 1999).

Measurement error

Elliott (2010) argued that TCPR is plagued by measurement error. Although
the term ‘error’ is often used, in our experience, it can refer to two different con-
cepts depending on the field of study. With the risk of over-generalization, in the
machine learning community and other fields that rely heavily on predictive an-
alytics, error often refers to the error or confusion matrix. The table of confusion
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reports the number of false positives and negatives, and the true positives, and
negatives. These measurement represent the performance of an algorithm. Error
then refers to measures of predictive error, the difference between the observed
values and the values predicted by the model.

In statistics, error is related to measurement error, which represents the dif-
ference between a measured value of a quantity and its true value. Measurement
error is often used to indicate whether or not measurement is reliable. Reliability
expresses how repeatable measurements are when remeasured. The reliability of
a measure is then a direct function of the amount of error is present in the mea-
surement. Because no behavioural measure is perfectly reliable, some degree of
measurement error will always occur. Therefore, reliability is low when there is
a abundance of error, and vice versa. The underlying idea is that every obser-
vation is a combination of the hypothetical true score plus some measurement
error.

Although nowadays ideas appear to be floating freely between machine learn-
ing and statistics (Wasserman, 2010, p. 8), some concepts –such as measurement
error– are traditionally more associated with one branch rather than the other
(see for example Donoho, 2017). Measurement error is well-established in statis-
tics, and has potential for machine learning disciplines such as text mining. Vari-
ables are simply an operationalization of the process, behaviour or item that we
are trying to measure. Estimation of the measurement error reflects the uncer-
tainty present in the estimate. Consistency of the research measures benefits
when accounting for measurement error.

In fact, with respect to measurement error, MLMs are the way forward.
MLMs recognize the existence of several levels, nesting and hierarchies in data.
MLMs capitalize on this concept by allowing for the inclusion of residual com-
ponents at each level of the hierarchy. Hence, the precision of the estimation of
measurement error increases, as the residual variance is partitioned.

Sample size

TCPR is rooted in qualitative research methods; MLMs come from the quantita-
tive sciences. Intensive case-studies are not uncommon for qualitative scientists,
but will lead to statistical power issues for MLMs. As MLMs introduce multi-
ple levels, the total number of units observed for each level become the sample
size. The relevant sample size for power issues depends on the parameters that
are being tested. Unlike the traditional regression, there is a difference between
testing a regression coefficient or a variance parameters in a MLM.

The main limit is the sample size at the highest level of organization. Natu-
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6.4. Discussion

rally, having multiple measures (at the first level) for one client (second level) is
less informative then having these same multiple measures for multiple clients.
The number of clients will therefore be one of the main issues for using MLMs
for TCPR, but it will limit the wide scale application of MLMs for TCPR.

Limitations

We already gave an impression of some overarching open challenges that –in
their current form– limit the applicability and wide-scale impact of the ideas we
presented in the current work.

Excluded therapy

Based on the design of Lamers et al. (2015), it would also have been straightfor-
ward to model the effect of treatment. Modelling treatment as a random effect
could have provided an insight in the efficacy of the treatment for each individ-
ual client. The fixed effect of treatment would have given some insight in the
average efficacy of the treatment groups in comparison with each other.

We however, as Lamers et al. (2015), we could not differentiate between the
two conditions of the treatment. They found both writing conditions to be help-
ful in comparison to the control group, but could not differentiate between the
expressive writing and autobiographical writing conditions.

We justified our exclusion furthermore because we only intended to show
that text mining can be used to obtain additional predictors for multilevel mod-
els. Our intend was not to offer new theoretical insights for psychological
writing interventions; we intended to offer methodological rather theoretical
insights.

Complete cases

We only included clients with complete cases and did not attempt to account for
the missing data. First of all, it was difficult to determine why certain measure-
ments where missing for an individual. Lamers et al. (2015) gave an overview
of drop-out and missing data: it was challenging for us to determine post-hoc
what the exact reason for missing data or drop out was for an individual based
on general information.

Because we did not understand the underlying reason for the occurrence
of missing data, we were hesitant in choosing an imputation technique. Also,
because we did not intend to draw theoretical conclusions from our work, we felt
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that the issues with generalisation and validity associated with ignoring missing
data were less relevant for our proof-of-concept.

Future research

MLMs come with the well-known advantage that the model can incorporate
the hierarchical structure of the data. This is idea holds potential for TCPR,
as change processes are often multifaceted and multi-layered. For example, an
interesting analyses would be to see the effect counsellors have on their clients.
As a counsellor almost always treats multiple clients, it is possible to estimate the
effect of a counsellor on its clients. Combining this form of nesting with other
forms of nesting, such as the treatment effect itself, it would then be possible to
estimate counsellor efficacy in different arms of the treatment. Accounting for
clustering influences the estimation of the treatment effect as these influences
are expressed as parameters in the model.

TCPR would also receive an enormous boost when change processes could
be automatically detected through text mining. Some methods, such as the Inno-
vative Moments Coding Scale (perhaps better known under its abbreviated name
ICMS, see Gonçalves et al., 2009; Gonçalves et al., 2010), already provided an
avenue for doing so.

We are optimistic about TCPR’s future through the happy marriage between
text mining and MLMs. Especially in the social sciences, many phenomena
can considered to be levelled, and the usage of text mining is already picking
up. Social scientists in general often intend to learn about relations between
variables in the population. In our view, in comparison with machine learning
models, MLMs are of use to social scientists because they can provide theoretical
insights in the relationships between, rather than building a black box model
with the goal of attaining good predictive qualitative. MLMs can thus be used
to explain relations between variables, whereas text mining can thus be used to
obtain important therapy related variables, given that other TCPR research point
in the direction of which important constructs are present in texts.
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In the social sciences, data structures are often hierarchi-
cal in the following sense: We have variables describing
individuals, but the individuals also are grouped into
larger units, each unit consisting of a number of indi-
viduals. We also have variables describing these higher
order units.

Once we have discovered this one example of a hier-
archical data structure, we see many of them.

Moreover, many repeated measurements are hierarchi-
cal. If we follow individuals over time, then the mea-
surements for any particular individual are a group, in
the same way as the school class is a group. If each in-
terviewer interviews a group of interviewees, then the
interviewers are the higher level. Thinking about these
hierarchical structures a bit longer inevitably leads to
the conclusion that many, if not most, social science
data have this nested or hierarchical structure.

Jan de Leeuw (Raudenbush & Bryk, 2002b, p. xix, xx)

Process research should be conducted at multiple levels
of abstraction.

However, additional refinement of statistical methods
is required to fully account for the multilayered com-
plexity of therapeutic processes.

Knobloch-Fedders et al. (2015)



What
Works
When

for
Whom



vii

7Small and Negative Correlations
Among Clustered Observations:
Limitations of the Linear Mixed

Effects Model

Abstract

The linear mixed effects model is an often used tool for the analysis of multilevel data.

However, this model has an ill-understood shortcoming: it assumes that observations

within clusters are always positively correlated. This assumption is not always true:

individuals competing in a cluster for scarce resources are negatively correlated. Ran-

dom effects in a mixed effects model can model a positive correlation among clustered

observations but not a negative correlation. As negative clustering effects are largely

unknown to the sheer majority of the research community, we conducted a simulation

study to detail the bias that occurs when analysing negative clustering effects with the

linear mixed effects model. We also demonstrate that ignoring a small negative corre-

lation leads to deflated Type-I errors, invalid standard errors and confidence intervals

in regression analysis. When negative clustering effects are ignored, mixed effects mod-

els incorrectly assume that observations are independently distributed. We highlight

the importance of understanding these phenomena through analysis of the data from

Lamers et al. (2015). We conclude with a reflection on well-known multilevel modelling

rules when dealing with negative dependencies in a cluster: negative clustering effects

can, do and will occur and these effects cannot be ignored.

Keywords: negative clustering effects, negative cluster correlation, negative
ICC, covariance structure models, Linear Mixed Effects model

Nielsen, N. M., Smink, W. A. C. & Fox, J. P. In press at Behaviormetrika.
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Introduction

The popularity of the linear mixed effects models (e.g., random effect mod-
els, multilevel models) is intuitively explained by the variety of different
names under which the family of statistical models for clustered data are

known. In clustered data (e.g., hierarchical data, multilevel data) observations
are associated, and not independently observed (Dorman, 2008). Dependencies
among observations in clusters can be expressed as a correlation, where posi-
tively correlated observations share similar information (Kenny & Judd, 1986),
and are not as informative as independent observations (Galbraith et al., 2010).
Only when accounting for the correlation between clustered observations, cor-
rect statistical inferences can be made. In the well-known multilevel modelling
framework (McCulloch et al., 2008), this correlation is modelled by a random ef-
fect –also known as a latent variable– where clustered observations are positively
correlated since they share the same random effect. The variance of the random
effect then determines the strength of the correlation. As a result, the multi-
level modelling frameworks restricts correlations to be positive, since a variance
parameter cannot be negative.

However, negative correlations among clustered observations can and do oc-
cur (Kenny et al., 2002). For instance, when fixed resources are divided among
group members, in non-random sampling when dissimilar groups are sampled
by intention, or when there is competitive social interaction: when individuals
compete for a scarce (and fixed) set of resources (e.g. litter mates are nega-
tively correlated in terms of food, water and living space), and the speaking
time of one individual is at the expense of another individual (Pryseley et al.,
2011). When observations within clusters are negatively associated, observations
within clusters are less alike than observations from different clusters (Kenny &
Judd, 1986). From a sampling perspective this is sometimes referred to as the
situation where observations within a cluster are even less alike than under ran-
dom assignment of observations to clusters (Molenberghs & Verbeke, 2007, 2011;
Verbeke & Molenberghs, 2003). Negative intra-cluster correlations (ICC; see Ta-
ble 7.1 for an overview of the often used abbreviations) can also be detected
in randomized experiments, when evaluating the effects of covariates that vary
systematically within each cluster (Norton et al., 1996).

In general, it is well-known that ignoring a small positive clustering leads
to the incorrect assumption that the observations are independently distributed.
It is our aim to extend this knowledge with the current article: we will show
that ignoring a positive and negative clustering leads to a violation of the inde-
pendence assumption. In fact, any violation of the independence assumption
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Table 7.1: List with the often used abbreviations in the current article.

Abbreviation Full term

CI Confidence Interval
CR Coverage Rate

ICC
Intra-Cluster Correlation,
Intra-Class Correlation,
Intra-class Correlation Coefficient

LM Linear Model
LME Linear Mixed Effects (model)
CSM Covariance Structure Model

SE Standard Error

VIF Variance Inflation Factor,
also known as the design effect

(positive and negative) results in inaccurate Type-I errors, which increase the
risk of accepting an incorrect hypothesis (P. Clarke, 2008). Barcikowski (1981)
quantified the effects of ignoring small positive correlations in clustered obser-
vations in a two-level study design (with a group and an individual level). He
showed that, when having ten observations per group, even the ignorance of an
ICC as small as .01 can lead to an inflation of making a Type-I error: a regression
effect will be assumed to be significant with a significance level of 5% although
the true significance level equalled 6%. Furthermore, Barcikowski showed that
the Type-I error increased for increasing values of the ICC. For an ICC of .05 the
Type-I error rate is .11 and for an ICC of .40 the Type-I error is .46. Moreover, by
increasing the number of observations per group the Type-I error is even more
inflated (the findings of Barcikowski are in line with those of many others, see
for example P. Clarke, 2008; Dorman, 2008; Rosner & Grove, 1999).

As negative clustering effects are largely unknown to the sheer majority of
the research community, we conducted a simulation study to detail the bias that
occurs when analysing negative clustering effects with the linear mixed effects
model in similar fashion as Barcikowski (1981). Towards that end, we demon-
strate that ignoring a small negative correlation leads to deflated Type-I errors,
invalid standard errors and confidence intervals in regression analysis. We high-
light the importance of understanding these phenomena through analysis of the
data from Lamers et al. (2015). We conclude with an updated reflection on well-
known multilevel modelling rules. In the remainder of this section, we discuss
negative dependencies between observations in clustered data, show how the
Linear Mixed Effects model (LME) deals with negative clustering effects, and
reflect on why the LME should include negative variance components.
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Type-I errors and positive and negative dependencies between

observations

The inflation of the Type-I error under violated of the independence assumption
can be explained by the variance inflation factor (V IF ), also referred to as the
design effect (Kish, 1965). In case of cluster sampling, a design effect that is
greater than one is known to indicate a positive within-cluster correlation, in-
dicating that observations are not independent of each other. When V IF > 1

the precision of cluster sample estimates are less than that of those based on a
simple random sample with a similar size. The homogeneity in clustered ob-
servations leads to less information in comparison to an independent random
sample. When ignoring a small positive ICC, the V IF is underestimated, which
leads to an underestimation of the standard errors (i.e. overestimating the preci-
sion), and the corresponding confidence intervals (CIs) are too narrow, and effect
sizes will then also be incorrect as they depend on standard error (SE) estimates
(Hox et al., 2010; Kenny et al., 2002). When the CI of an estimate is too narrow,
there is an increase in the probability to reject a correct null hypothesis, which
corresponds to an inflation of the Type-I error.

Although a few researchers have reported about negative clustering effects
(El Leithy et al., 2016; Kenny et al., 2002; Klotzke & Fox, 2019a, 2019b; Loeys
& Molenberghs, 2013; Molenberghs & Verbeke, 2007, 2011; Oliveira et al., 2017;
Pryseley et al., 2011; Verbeke & Molenberghs, 2003), the effects of ignoring neg-
atively clustered observations has hardly been recognized. Because negative
clustering effects are not considered by the majority of the multilevel modelling
community, these effects are not well understood. This is partly caused by the
fact that the mixed effect models (to which we also refer as ‘LME’, see Table 7.1)
can only describe positive correlations, and cannot handle negative correlations
among clustered observations (Searle et al., 1992). In the next section, it is ex-
plained why negative clustering effects cannot be modeled with LME, and we
reflect on the key principles of negative ICCs.

The LME cannot identify any negative correlation and will assume indepen-
dently distributed observations. Researchers usually fix negative ICC estimates
to zero and ignore any negative correlation within a cluster (Baldwin et al.,
2008; Maas & Hox, 2005). Furthermore, it is sometimes concluded that nega-
tive ICC estimates are caused by a small between-cluster variance (smaller than
the within-cluster variance) and that such a small between-group variance can
be ignored (Giberson et al., 2005; Krannitz et al., 2015; Langfred, 2007). Other
researchers relate negative ICC estimates to sampling error (cf. Eldridge et al.,
2009), which can be ignored. Others –such as Baldwin et al. (2008) and Norton
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et al. (1996), and Rosner and Grove (1999)– stated that the Type-I error will be
deflated when fixing a negative ICC to zero.

The Linear Mixed Effects model and negative dependencies

In this study, we consider two models: the LME and a Covariance Structure
Model (CSM, see Table 7.1). Both models can assess clustered data, where a
one-way classification structured is considered. In the one-way classification, a
common correlation is assumed among clustered observations, and observations
from different clusters are assumed to be independently distributed.

The Linear Mixed Effects model

Without making an explicit distinction between a random variable and a realized
value, the LME for the one-way classification is given by

yij = β0 + β1Xij + uj + eij, (7.1)

where the random effect is assumed to be normally distributed, uj ∼ N (0, τ),
and the error term is also assumed to follow a normal distribution eij ∼ N (0, σ2).
A total of j = 1, . . . ,m clusters are assumed with each i = 1, . . . , n observations,
which leads to a balanced study design. The common intercept and regression
parameter are referred to as β0 and β1, respectively. The outcome yij is assumed
to be independently distributed given the random effect uj .

It can be shown that the random effect uj defines a variance-covariance struc-
ture for the data. The covariance between two clustered observations is equal
to

cov (yij, ylj) = cov (E (yij | uj) , E (ylj | uj)) + E (cov (yij, ylj | uj))

= cov (β0 + β1Xij + uj, β0 + β1Xlj + uj) + 0

= cov (uj, uj) = var (uj) = τ, (7.2)

and the variance of an observation equals

var (yij) = var (E (yij | eij)) + E (var (yij | uj))

= σ2 + τ. (7.3)

189



vii

7.1. Introduction

The dependence structure of the observations in the clusters yj modelled by the
random effect uj is given by

var (yj) = Σ =


σ2 + τ τ . . . τ

τ σ2 + τ . . .
...

...
... . . . ...

τ . . . τ σ2 + τ

 . (7.4)

Thus, Σ = σ2In+Jnτ represents the dependence structure implied by the random
effect uj . The Jn is a matrix of dimension n with all elements equal to one and
In is the identity matrix.

The Covariance Structure Model

An alternative specification of the LME in Equation (7.1) can be given. In this ap-
proach, the covariance structure is modelled directly and not indirectly through
the specification of a random effect. The distribution of clustered observations
is assumed to be multivariate normally distributed with a covariance matrix Σ,

yj = β0 + β1Xj + ej, (7.5)

where the errors are multivariate normally distributed, ej ∼ N (0,Σ). We refer
to the model in Equation (7.5) as the CSM. The development and use of the
covariance structure model has a long history, which is intertwined with the de-
velopment of factor models. Classic works in covariance structure modelling can
be found in that tradition (e.g., Bock & Bargmann, 1966; Jöreskog, 1969, 1971).
Fox et al. (2017) and Klotzke and Fox (2019a), and Klotzke and Fox (2019b) devel-
oped a novel Bayesian modelling framework in which they directly modelled the
covariance structure of more complex dependence structures. In their Bayesian
Covariance Structure Modelling (BCSM) approach, dependencies among observa-
tions that are usually modelled through random effects are modelled directly
through covariance parameters under the BCSM.

When comparing the modelling structure of the CSM (also referred to as
BCSM; Klotzke & Fox, 2019a, 2019b) with that of the LME, it can be seen that the
τ is restricted to be positive in the model in Equation (7.1), since it represents a
variance parameter. However, in the model in Equation (7.5), the τ parameter can
also be negative since it represents a covariance parameter. This makes the CSM
more general than the LME, since the covariance parameters can be positive and
negative, which allows for more flexibility in specifying complex dependence
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structures (cf. Klotzke & Fox, 2019a, 2019b).

The Linear Mixed Effects model with negative variance

components

There are some restrictions on the variance-covariance components in the CSM.
From the definition of the error variance follows directly that the σ2 is restricted
to be greater than zero (i.e. 0 < σ2 <∞). However, the covariance parameter τ is
not necessarily restricted to be greater than zero. Under the CSM, the covariance
matrix Σ needs to be positive definite, which that implies the restriction –for
balanced designs– nτ + σ2 > 0. This important result follows from Rao (1973,
p. 32), where the determinant of a compound symmetry covariance matrix is
expressed as

det
(
σ2In + τJn

)
= det

(
σ2In

) (
1 + τ1t

n1n/σ
2
)

= σ2
(
1 + nτ/σ2

)
= nτ + σ2, (7.6)

and the covariance matrix is positive definite if the determinant is greater than
zero . Subsequently, τ needs to be greater than −σ2/n. However, when modeling
the covariance structure with the LME, the τ is restricted to be greater than zero,
since it represents the random intercept variance. In the literature, it has been
shown that the maximum likelihood estimate of the random effect variance can
become negative (El Leithy et al., 2016; Kenny et al., 2002; Klotzke & Fox, 2019a,
2019b; Loeys & Molenberghs, 2013; Molenberghs & Verbeke, 2007, 2011; Oliveira
et al., 2017; Pryseley et al., 2011; Verbeke & Molenberghs, 2003). For the (one-
way) LME (for balanced groups), two sums of squares are considered to estimate
the covariance components τ and σ2,

SSA =
m∑
j=1

n
(
yj − y

)2
,

SSE =
m∑
j=1

n∑
i=1

(
yij − yj

)2
. (7.7)

Consider the sum of squares SSA, which has as expected value nτ+σ2. It follows
that, τ̂ = SSA/(nm)−σ2/n, which leads to a negative estimate of τ if σ2 > SSA/m.
This scenario is often neglected or referred to as statistically incorrect, restricting
τ to represent a positive covariance among clustered observations.

For τ > 0, the ICC is often interpreted as the ratio of variance explained by
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the clustering of observations in comparison to the total variance in the data;
ρ = τ/(τ + σ2) (Oliveira et al., 2017; Raudenbush & Bryk, 2002b; Snijders &
Bosker, 2012). However, the ICC can also be considered to quantify the degree
of resemblance or average similarity of observations within a cluster, or as the
‘average correlation’ in each cluster (Kenny & Judd, 1986; Kenny et al., 2002).
Then, conceptually, a negative covariance (τ < 0) represents a negative ICC.
In that case, ρ becomes negative, and the ICC represents a negative association
among clustered observations (i.e. observations within clusters are less alike
than observations from different clusters). A negative ICC simply represents the
opposite of a positive ICC: if an observation in a cluster is below the population
mean, then it is more likely that another value in that cluster is above the pop-
ulation mean if the observations are negatively correlated (Kenny & Judd, 1986;
Kenny et al., 2002).

Even though negative clustering effects were discussed previously by others
(cf. Oliveira et al., 2017; Pryseley et al., 2011), there still appears to be a lack
of awareness about these effects. As the LME comes with the restriction that
observations need to be positively clustered, several suggestions can be found
in the literature that τ should be set to zero, when the ICC estimate becomes
negative (see for example Baldwin et al., 2008; Eldridge et al., 2009; Gibson et
al., 2015; Krannitz et al., 2015; Langfred, 2007; Maas & Hox, 2005). In the next
section, we will discuss our simulation study which aims to not only show that
fixing the ICC to 0 is –in fact– wrong, but also quantify the bias that arises when
negative clustering effects are ignored.

Method

The object of the simulation study was to quantify the estimation errors that
are made in the statistical analysis, when ignoring a (small) negative or positive
clustering in the data. While ignoring a small positive and negative ICC, the
accuracy of the intercept and regression parameter estimates, the SEs, the 95%
CIs, and the inflation and/or deflation of Type-I errors were assessed.

A large number of clusters can compensate for biases that occur due to ig-
noring small ICC values, where the number of observations per cluster affects
the magnitude of the Type-I error (Barcikowski, 1981; Dorman, 2008). In this
study, m = 10 clusters were considered to assess the bias, and the number of
observations per cluster n = {10,15,30} varied to examine the effects for small
sample sizes. The error variance σ2 was fixed to one, where τ took on values
ranging from −σ2/n to 0, in incremental steps of .02 and from 0 to .20 in steps
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of .05. The step size for τ < 0 were set to .005 for n = 30, so that at least
two negative values of τ were used for data generation. For each condition a
lower-bound was defined, τLb = −σ2/n, which represented the lower bound on
the allowable negative correlations in the clustered data. Only the CSM allowed
generating data with negative correlations, where under the LME data could
only be generated with positive correlations. The true value of the intercept and
slope parameter were set to 0 and 0.1 (β0 = 0, β1 = 0.1), respectively, and those
parameters were considered to assess the effects of ignoring the correlation in
the data. An intercept-only model and an intercept-slope were used to simulate
data.

A Monte Carlo simulation study was used to evaluate the appropriateness
of the LME as an analysis tool for negative clustering and small positive clus-
tering effects. Therefore, data were generated under the LME (see Equation
(7.1)) which only generated data with positively correlated observations in clus-
ters. Data with negatively or positively correlated observations were generated
according to the CSM (Equation 7.5), with a covariance matrix displaying the
dependence structure in a cluster. The LME was fitted to data generated under
the LME and under the CSM, and the parameter estimates (REML) for the LME
were obtained using the lme4-package in R (D. Bates et al., 2015; R Core Team,
2020). A linear regression model (LM) was also fitted that ignored any corre-
lation in the clustered observations (positive or negative). Parameter estimates
for the LM were obtained using the lm-function in the stats-package in R (the
stats-package is a core package in R Core Team, 2020). The lmerTest-package
was used to compute p-values of the fixed effects in the LME (Kuznetsova et
al., 2017), where Satterthwaite’s degrees of freedom method was used (Satterth-
waite, 1946). For each condition, a total of 1,000 data sets were generated, and
reported per condition the average p-value, coverage rate (CR), SE, and bias of
τ estimate. The bias was computed as the average over replications between the
estimate and the true parameter value. The average SE estimate across repli-
cations was computed and reported as the SE. The CR was computed as the
percentage of times the true parameter value was located in the 95% confidence
interval over data replications. The average of the computed p-values across data
replications was considered to be the average p-value. The ICC values were close
to the τ values, since the error variance σ2 was set to 1. Therefore, results were
mostly reported for τ and only sparsely for the ICC.
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Results

We use this section to first discuss the simulation study. We also include a real
data example to illustrate that not accounting for negative clustering can lead to
an increase of a Type-II error. For this example, we re-used data from Lamers
et al. (2015), and Smink, Fox, et al. (2019).1

Coverage rate and Type-I error

The 95% CRs were estimated for the intercept-only condition (β0 = 0, β1 =0),
and the intercept-slope condition (β0 = 0, β1 = .1; see Equation 7.1). For the
intercept-only condition, the results concerning the intercept are presented un-
der the label β0. For the intercept-slope condition, the results concerning the
slope are presented under the label β1. In Table 7.2, results are given of data
generated under the LME, which were analysed with the LME (model variant
1 in Table 7.2) and the LM (model variant 3), and results are given of data gen-
erated under the CSM which were analysed with the LME (model variant 2)
and the LM (model variant 4). For data generated under CSM, (model 2 and 4)
true values of τ were also allowed to be negative. For data generated under the
LME (model 1 and 3), the τ was restricted to be greater than or equal to zero.
Note that when τ = 0, the uj were equal to zero representing no variance across
clusters (see Equation 7.1). The simulated data for τ = 0 under the LME did not
contain any clustering effects. For data generated under the LME, the CR was
only computed for τ ≥ 0.

The reported CRs of the intercept in the intercept-only condition showed bias.
When the true value of τ was smaller than zero, the CR was greater than .95,
which means that the Type-I error was deflated. For all cluster sizes, the CR was
at least .97 for very small negative ICCs (τ = .01), with a maximum of one for
more negative ICCs. A similar bias in CR estimates were found for the LME and
the LM (model variant 2 and 4 in Table 7.2). Thus, for negative correlations the
LME performed similar to the LM. Under the LME, the random effect variance
τ was estimated to be (approximately) zero, which made the LME similar to the
LM as model for analysis for τ ≤ 0. Note that a CR of one is an upper bound,
but the width of the CIs still increased for more negative values of τ .

When the correlation was greater than zero, and the LM was used to analyse
the data, the CRs were highly underestimated, where the underestimation was
larger for n = 30 than for n = 10. When increasing the correlation, the CRs were
more underestimated. LM ignored correlation within groups, and the model

1Smink, Fox, et al. (2019) is chapter 6 of this thesis.
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Table 7.2: 95% coverage rates for the intercept (β0) and the slope parameter
(β1) for different cluster sizes (n = 10, 15, 30) and various correlations among
clustered observations (τ).

(1) (2) (3) (4)
GEN LME CSM LME CSM
ANA LME LME LM LME
τ β0 β1 β0 β1 β0 β1 β0 β1

Lb = −1/10, n = 10

−0.09 1.00 .93 1.00 .94

−0.07 1.00 .94 1.00 .94

−0.05 1.00 .95 1.00 .95

−0.03 .98 .95 .98 .95

−0.01 .98 .95 .97 .96

0.00 .96 .94 .97 .95 .95 .94 .95 .95

0.05 .93 .94 .94 .94 .89 .94 .90 .95

0.10 .94 .95 .94 .95 .86 .96 .86 .95

0.15 .94 .95 .93 .94 .81 .95 .80 .95

0.20 .94 .94 .94 .94 .76 .95 .80 .95

Lb = −1/15, n = 15

−0.06 1.00 .96 1.00 .96

−0.04 1.00 .95 1.00 .96

−0.02 .98 .94 .98 .94

0.00 .95 .95 .96 .94 .94 .95 .95 .94

0.05 .95 .95 .94 .95 .88 .95 .88 .95

0.10 .93 .96 .93 .95 .81 .97 .80 .95

0.15 .93 .94 .92 .95 .75 .94 .76 .96

0.20 .91 .94 .93 .96 .70 .94 .72 .95

Lb = −1/30, n = 30

−0.03 1.00 .95 1.00 .96

−0.01 .97 .96 .97 .97

0.00 .97 .95 .96 .94 .96 .94 .95 .94

0.05 .94 .96 .94 .95 .82 .95 .79 .94

0.10 .93 .94 .93 .93 .69 .93 .68 .93

0.15 .92 .95 .94 .94 .62 .94 .62 .92

0.20 .90 .96 .93 .95 .53 .94 .59 .94

Note. The τ is restricted to a lower bound of −σ2/n. For data generated under
the LME τ ≥ 0. LME is the linear mixed effects model, CSM is the covariance
structure model, LM is the linear regression model. GEN , the model that
generated the data; ANA, the model that analysed the data.
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assumed more information in the data than there actually was observed. This
led to an inflation of the Type-I error, since a significant result was more easily
obtained with estimated CIs that were too narrow. This bias was not expected
when the LME was used as model for analysis. However, in that case also an un-
derestimation of the CRs was observed. For increasing value of the correlation a
decrease in the CR was observed. This underestimation increased when increas-
ing the cluster size, and was observed for data generated under CSM as well
as for data generated under the LME. For medium cluster sizes (m = {15,30}),
and relatively high correlations within a cluster (.10−.20), the CRs were under-
estimated, although the LME was used as the model for analysis. For all cluster
sizes used in this simulation study, the coverage was at least .97 for small nega-
tive ICCs (τ ≤ −.01), which means that the Type-I error was deflated. This effect
was the same for the CSM variants. The LME cannot handle negative cluster
correlation. When the true τ was negative, τ was estimated to be around zero
under the LME, leading to similar results of the LME and LM.

For all model variants and all conditions, the CR of the slope parameter was
(approximately) equal to 95%, representing the finding that the 95% CI covered
the true value in 95% of the data sets. The estimated CRs for the slope parameter
did not show any bias. Even for negative correlations among clustered observa-
tions were the CRs around the level of 95%. It was concluded that the ignorance
of the correlation within groups did not have an influence on the Type-I error of
the slope parameter. Adjusting the level of correlation in the observations did
not affect the regression effect or its precision of the predictor variable. As the
slope was unaffected by the ignorance of the correlation, the remainder of this
results sections only concerns data generated under the only-intercept condition.

Standard error and p-value

Generally, when testing if the intercept is equal to zero, β0 = 0 and the true value
is zero, then p-values are expected to be uniformly distributed and centred at .50.
Furthermore, 5% of the p-values are expected to be smaller than or equal to .05.
When the p-value is biased upwards, less than 5% of the p-values take a value
of at most .05, which means that the Type-I error is deflated (i.e., a decrease in
the probability to reject a correct null hypothesis). For p-values that are biased
downwards, more than 5% of the p-values take a value of at most .05, which
means that the Type-I error is inflated (i.e., an increase in the probability to
reject a correct null hypothesis).

As can be seen in Table 7.3, for τ > 0 and the LME or CSM was used to gener-
ate the data, the p-values were centred around .50 for different positive values of
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τ . This confirmed that LME can be used to control for the positive correlation in
clustered data, and correct p-values were computed for the intercept. When the
LM was used to analyse the data, for τ > 0, the p-values were underestimated.
With increasing τ that was ignored, the model assumed more and more infor-
mation in the data than there actually was, which led to a higher percentage of
significant p-values than the significance level of 5%. This led to an increase of
the probability of rejecting a correct null hypothesis using a significance level of
5%.

For τ equal to zero, the p-value was always biased upwards for data anal-
ysed with the LME, since estimates of τ were upwardly biased when the τ was
negative or close to 0, see Table 7.4. This was caused by the lower bound for τ
under the LME. For negative τ , the p-values were always overestimated, when
analysing the data with LME or LM. This bias was similar under both models,
since the LME and LM cannot control for negative cluster correlation. It can also
be seen that the level of overestimation increases quickly for a small increase in
negative τ .

The bias of the p-value was larger for larger cluster sizes, which was caused
by a smaller sampling error and more data information about the intercept. For a
large number of observations per cluster, already a small negative correlation led
to a large bias in p-value. For example, for n = 30 the correct p-value of .50 was
increased by .06 for τ = −.01; and for τ = −.03 the p-value was overestimated by
.27. For smaller cluster sizes the bias was smaller. However, for a smaller cluster
size the lower bound for τ was also smaller, and for more negative correlations
among clustered observations the bias in p-values again increased.

Similar findings were made for the SE of the estimated intercept. When data
was generated under the LME or CSM, for τ greater than zero, results under
the LME showed that the SE estimates were slowly increasing for increasing
values of τ . The increasing correlation in the data led to an increase in the
reduction of information about the intercept. When the LM was used as model
for analysis, the SEs were underestimated, since the correlation in the data was
ignored. Both models cannot handle a negative correlation, which was ignored
and the SE estimates showed a slight decrease for more negative correlations.
The total variance in the observations was reduced for a negative τ (see Equation
8.3). This reduction in the total variance led to a reduction in the estimated SEs
under LME and LM.

In Figure 7.1, it can be seen that for τ ≥ .05, correct estimates of the p-values
(around .50) were obtained under the LME. For 0 ≤ τ < .05, the correlation
was (slightly) overestimated leading to an overestimation of the p-values under
the LME. When accounting incorrectly for intra-cluster correlation the data con-
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Table 7.3: Estimated SEs and p-values of the intercept (averaged across 1,000

replications) – which is set to 0 – for all four model variants, with varying num-
ber of observations per cluster (n).

(1) (2) (3) (4)
GEN LME CSM LME CSM
ANA LME LME LM LM
τ SE (p) SE (p) SE (p) SE (p)

Lb = −1/10, n = 10

−0.09 0.095 (.80) 0.095 (.80)
−0.07 0.097 (.68) 0.097 (.68)
−0.05 0.098 (.61) 0.098 (.61)
−0.03 0.100 (.57) 0.098 (.56)
−0.01 0.105 (.53) 0.099 (.51)

0.00 0.107 (.52) 0.107 (.53) 0.100 (.50) 0.100 (.50)
0.05 0.123 (.50) 0.124 (.52) 0.102 (.43) 0.102 (.45)
0.10 0.138 (.50) 0.139 (.50) 0.104 (.41) 0.104 (.40)
0.15 0.157 (.51) 0.156 (.50) 0.107 (.38) 0.106 (.37)
0.20 0.170 (.49) 0.168 (.51) 0.108 (.35) 0.108 (.36)

Lb = −1/15, n = 15

−0.06 0.079 (.76) 0.079 (.76)
−0.04 0.080 (.62) 0.080 (.62)
−0.02 0.083 (.57) 0.081 (.56)

0.00 0.087 (.52) 0.087 (.52) 0.081 (.49) 0.081 (.50)
0.05 0.108 (.52) 0.106 (.51) 0.084 (.43) 0.083 (.42)
0.10 0.127 (.50) 0.126 (.49) 0.085 (.37) 0.085 (.36)
0.15 0.144 (.49) 0.143 (.50) 0.087 (.33) 0.087 (.34)
0.20 0.157 (.49) 0.160 (.50) 0.088 (.32) 0.089 (.31)

Lb = −1/30, n = 30

−0.03 0.057 (.77) 0.057 (.77)
−0.01 0.059 (.56) 0.057 (.55)

0.00 0.062 (.53) 0.062 (.51) 0.058 (.50) 0.058 (.49)
0.05 0.088 (.51) 0.089 (.50) 0.059 (.38) 0.059 (.37)
0.10 0.111 (.50) 0.112 (.48) 0.060 (.32) 0.060 (.29)
0.15 0.132 (.49) 0.131 (.49) 0.061 (.26) 0.061 (.25)
0.20 0.147 (.47) 0.147 (.50) 0.062 (.23) 0.063 (.25)

Note. The τ is restricted to a lower bound of −σ2/n. For data generated under
the LME τ ≥ 0. LME is the linear mixed effects model, CSM is the covariance
structure model, LM is the linear regression model.
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Table 7.4: Estimates of τ , averaged across 1,000 replication, for different obser-
vations per cluster and n = 10 clusters under the LME.

(1) (2)
GEN LME CSM
ANA LME LME
τ τ̂ τ̂

Lb = −1/10, n = 10

−0.09 0.095 (.80)
−0.07 0.097 (.68)
−0.05 0.098 (.61)
−0.03 0.100 (.57)
−0.01 0.105 (.53)

0.00 0.107 (.52) 0.107 (.53)
0.05 0.123 (.50) 0.124 (.52)
0.10 0.138 (.50) 0.139 (.50)
0.15 0.157 (.51) 0.156 (.50)
0.20 0.170 (.49) 0.168 (.51)

Lb = −1/15, n = 15

−0.06 0.079 (.76)
−0.04 0.080 (.62)
−0.02 0.083 (.57)

0.00 0.087 (.52) 0.087 (.52)
0.05 0.108 (.52) 0.106 (.51)
0.10 0.127 (.50) 0.126 (.49)
0.15 0.144 (.49) 0.143 (.50)
0.20 0.157 (.49) 0.160 (.50)

Lb = −1/30, n = 30

−0.03 0.057 (.77)
−0.01 0.059 (.56)

0.00 0.062 (.53) 0.062 (.51)
0.05 0.088 (.51) 0.089 (.50)
0.10 0.111 (.50) 0.112 (.48)
0.15 0.132 (.49) 0.131 (.49)
0.20 0.147 (.47) 0.147 (.50)

Note. LME is the Linear Mixed Effects model, and CSM is the Covariance
Structure model.
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tained more information about the intercept than captured by the LME. Specifi-
cally, when the correlation was zero, the LME slightly overestimated the p-value
due to assuming that there was a small amount of correlation, while there was
no correlation in the data. This was caused by the fact that the level of zero
correlation is a lower bound under the LME. When the LM is used as model of
analysis, the deflation and inflation of p-values is shown for increasing values
of the correlation in each cluster. For τ > 0, the underestimation of the p-values
occurred when ignoring the correlation, which is shown under the LM. When
the level of correlation is negative, there is a steep increase in the overestimation
of the p-values for increasing negative values of the correlation under both the
LME and LM. It can be concluded the LME performs as poorly as the LM, when
it concerns a negative cluster correlation.

In Figure 7.2, the average SE estimates are shown for increasing values of the
correlation, where the LM and the LME is used as model of analysis. For τ > .05

correct SE estimates were retrieved under the LME, as it accounts for the positive
correlation in the clusters. It can be seen that under the LM as model of analysis,
the underestimation of the SEs became more severe for increasing values of the
correlation. This can be seen from the increase in difference in SE estimates
under the LM and the LME. For τ = 0, the LM was the correct model of analysis,
and in that case the SE estimate under the LME was slightly higher showing
that the LME incorrectly assumed more correlation in the data leading to an
overestimation of the SE. For τ < 0, the SE estimates under the LME were more
similar to those under the LM. However, even for small negative correlations, the
SE estimates under the LME were higher than those obtained under the LM. The
LME incorrectly assumed a positive correlation among clustered observations.
Furthermore, for negative correlations the total variance reduced leading to a
slight decrease in estimated SEs under both models.

Estimation of the correlation τ

The values of τ were estimated under the LME, and the data were generated
under LME and under CSM. The τ values for data generated under LME were
restricted to be greater than or equal to zero, where under CSM the τ values
were also negative. The reported estimates of τ in Table 7.2 were averaged values
across the 1,000 data sets. It can be seen that the estimated τ values under LME
were biased, when the true τ was less than .05 or negative. In specific, the τ

estimates were biased upwards, when the true value of τ was equal to zero. As
can be seen in Table 7.2, the bias was smaller for larger values of the cluster
size, because with an increasing sample size there was less sampling error. This
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Figure 7.1: Estimated p-values for the intercept (averaged across 1,000 replicated
data sets) for different levels of correlation among n = 10 clustered observations
and m = 10 clusters for the LME and the LM.

led to less variability in the data, which means that more information about the
fixed effect was included in the data. For a true positive correlation of τ = .05

still some bias was found in the estimates for small cluster sizes. When the true
positive τ values were greater than or equal to .10, the estimates of τ were not
biased. This effect was equal for all cluster sizes. However, for small negative τ ,
small positive correlations were estimated under the LME, when the cluster size
was small, and a zero correlation was estimated, when the cluster size increased
to 30 observations.

Regarding the p-values, the ignorance of a negative ICC led to an overes-
timation of the p-values in an LME analysis for data generated under CSM.
Furthermore, for an ICC greater than zero, the p-values were correctly estimated
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Figure 7.2: Estimated standard errors (SEs) for the intercept (averaged across
1,000 replicated data sets) for different levels of correlation among n = 10 clus-
tered observations and m = 10 clusters under the LME and the LM.

at about .50 by the LME as model of analysis. Similarly, the relation between
ICC and SEs correspond to the relation between τ and the SEs. The smaller the
ICC, the smaller was the estimated SE.

Real data example

The data from Lamers et al. (2015) were used to study negative clustering effects.
The dataset included 174 clients who were recruited through advertisements in
Dutch newspapers and web-sites. Only participants who felt depressed and
were expressed interest in writing about their life were included. Clients with
no missing data were used leading to a total of 90 clients, denoted as i = 1, . . . , n,
who were equally divided over m = 5 counsellors, denoted as j = 1, . . . ,m

(leading to a balanced study design). The study had two treatment-arms: auto-
biographic writing condition (AW), and expressive writing condition (EW).

The AW condition was a life-review self-help intervention that consisted of
homework assignments, divided over modules that had to be completed over
the course of ten weeks. Clients communicated about their progress with trained
counsellors through a weekly e-mail interaction. The EW intervention was based
on the method of expressive writing by Pennebaker (1997). The method con-
sisted of daily writing about emotional experiences, for 15 − 30 minutes on 3 −
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4 consecutive days during one week. The available data included the pre- and
post-therapeutic measurements, denoted as t = 1, 2, of the Center for Epidemi-
ologic Studies Depression Scale (CES-D) score. The CES-D is a brief self-report
questionnaire to measure severity of depressive symptoms in the general pop-
ulation. Higher CES-D scores indicated more depressive symptoms (20 items,
range 0 − 60, α = 0.78).

Interest was focused on examining the influence of the counsellor on the
health improvement of the clients. Therefore, a two-factor (LME) model was
examined, with a (nested) factor client (clustering the pre- and post measure-
ments), and clients were again clustered by counselors. The treatment indicator
was included to examine differences in scores among the treatment groups. The
LME represents this two-factor model, and is given by,

Yijt = β0t + β1Treatmentij + clientij + counselorj + eijt (7.8)

eijt ∼ N(0, σ2)

clientij ∼ N(0, δ)

counselorj ∼ N(0, τ).

The fit of this LME model led to estimation problems. The estimated covariance
matrix was singular, and the variance component representing the clustering by
counsellors was estimated to be zero (or less than zero, but LME4 does not report
information about negative variance component estimates; Smink, Fox, et al.,
2019). It was concluded that the model with counsellor as a random effect was
singular, and the model parameters could not be estimated.

The model can be rewritten as a multilevel SEM to allow for negative within-
cluster correlations, by assuming that the pre- and post measurements of each
client is multivariate normally distributed. The multilevel structure is defined
by clients (factor variable) who are nested within counselors (factor variable).
Then, the ML-SEM, referred to as M1, is represented by

Yij = β0 + Ληij + eij (7.9)

ηij = clientij + counselorj

clientij ∼ N(β1WTreatmentijI(Post), δ)

counselorj ∼ N(0, τ).

eij ∼ N(0, σ2I2),

where the vector of loadings, Λ, contains only ones, and the (within-counselor)
treatment effect is defined for the post measurements.
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Table 7.5: Real Data: Estimated ML-SEM parameters

Parameter Estimate Std. Error

M1

Fixed
Intercept Pre- 22.851 1.021

Intercept Post- 18.129 1.021

Treatment EW (W) −1.019 1.094

Treatment EW (B) −2.436 1.864

Random
Residual (W) 21.611 3.222

Client (W) 15.873 4.398

Counsellor (B) −1.110 0.343

M2

Fixed
Intercept Pre- 22.800 0.832

Intercept Post- 17.625 0.832

Treatment EW (W) 20.500 0.715

Treatment EW (B) 15.675 0.715

Random
Residual AW (W) 21.922 4.902

Residual EW (W) 17.422 3.896

Client AW (W) 14.463 6.553

Client EW (W) 9.865 4.894

Counsellor AW (B) −1.088 1.525

Counsellor EW (B) −0.852 1.083

Model M1 was fitted in Lavaan (version 0.6-5), and it reported convergence
of the estimation algorithm with a warning that some latent variable variances
estimates were negative. The fit indices did not indicate a misfit of the model;
CFI=1 and RMSEA=0. In Table 7.5, the parameter estimates and standard er-
rors are reported. It follows that on average the CES-D decreased from around
21.6 to 17.6 for those in the AW condition. Clients in the EW condition scored
approximately 1.4 points lower on the post-measurement. However, the within-
counselor treatment effect was not significantly different from zero.

The covariance among scores of clients of the same counselor was estimated
to be around -1.159, which differed significantly from zero. The negative corre-
lation made it impossible to investigate a homogenous treatment effect of coun-
sellors. The negative correlation among observations clustered by the counsellor
showed that scores differed substantially among clients who were treated by the
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same counsellor. The counsellor differentiated clients in their treatment, where
some clients benefitted much more from the treatment than other clients.

It was investigated of the negative correlation of clustered scores by coun-
selors differed across treatment levels. Therefore, a multivariate distribution
was assumed for the client scores in the EW and AW condition, where for each
condition an intercept (pre and post-measurement), residual variance, client and
counselor factor variance was defined. The parameter estimates of the multi-
level SEM are given in Table 7.5 under the label model M2. It can be seen that
on average the clients in the EW condition scored lower on the pre and post-
measurement. When examining the intra-cluster correlation (ICC) of the factor
variables, it follows that for the AW condition the ICC is around -8.1% (-1.088/(-
1.088+14.463)), and for the EW condition around -9.5% (-.852/(-.852+9.865)).
However, the differentiation in EW and AW counselor-specific cluster effects
led to non-significant cluster (co)variance estimates. Note that the negative ICC
shows that the counselor explained variability in client scores, but it led to more
dissimilarity between clients. The treatment effect of a counselor varied across
clients, where some clients benefitted from the treatment and others did not. A
positive ICC would indicate a homogenous treatment effect, where all clients
benefit from the treatment, but some more than others. A more negative ICC
leads to a greater distinction between clients treated by the same counselor who
benefit and who do not benefit from the treatment. Clients in the EW condition
were more likely to differentiate in the effect of their treatment than those in the
AW condition but the differentiation in clustering between EW and AW clients
was not significant.

The main conclusion was that counselors differed in their treatment of the
clients, leading to dissimilarity between clients treated by the same counselor.
This negative clustering effect indicated that the individualized treatment by
counselors only worked for some clients and not for other clients. The differen-
tiation in treatment effects between clients (most likely) led to a non-significant
main difference between the AW and EW condition.

Discussion

The purpose of this study was to confirm that estimates of the ICC were bi-
ased upwards for true small positive and negative values. The results confirm
that the ignorance of (small) positive correlation within groups leads to an in-
crease of Type-I error, p-values that are biased downwards and CIs that are too
narrow. The results for ignoring true positive correlation within clusters vali-
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date earlier research. The inflation of Type-I errors of this study correspond to
those reported by Barcikowski (1981). Regarding the different conditions, when
ignoring a positive correlation within groups, the results of this study also con-
firm earlier research. As reported by Barcikowski (1981) and Dorman (2008), the
smallest bias in Type-I error was found for a smaller number of observations
per group. When the number of observations per group increased, the inflation
of the Type-I error also increased. Furthermore, when increasing the positive
correlation, the Type-I error was increasing as well. Furthermore, the results
show that, in general, only the intercept parameter and not the slope parameter
was affected by ignoring a common correlation within clusters. Effects of slope
variables are not affected, when ignoring a common correlation the distortion
only concerns the intercept parameters.

Regarding the estimates of the correlation, the results show the negative ef-
fects of restricting the correlation among clustered observations to be positive.
Already for small positive correlation (τ < .05) the correlation was overesti-
mated. The bias was larger when the correlation was very small positive or
negative. However, for a positive correlation within groups larger than .05, the
LME model gave correct estimates, which validates the accuracy of the LME for
clustered data with positively correlated observations.

Next to ignoring a positive correlation, the ignorance of a (small) negative
correlation within groups was considered. The results showed opposite effects
compared to ignoring positive correlation within groups: a deflation of Type-I
errors, p-values that are biased upwards and overestimated SEs (i.e. CIs that are
too wide). The deflation of the Type-I error, when ignoring a negative correlation
has been mentioned by other researchers (Barcikowski, 1981; Rosner & Grove,
1999), but without quantifying the negative effects of ignoring the common neg-
ative correlation. Current findings indicate that when clustered observations are
negatively correlated, the data is more informative than it would be under in-
dependent sampling. This study adds that smaller biases of the Type-I error
and the SEs occur, when increasing the number of observations in a cluster. The
increase in sample size leads to smaller sampling error and more accurate esti-
mates. In addition, the bias of the Type-I error is examined, where a deflation of
the Type-I error by 2% can already occur for a true negative ICC of −.01. Fur-
thermore, the results indicate that p-values were biased upwards when negative
correlation within groups was ignored. For a larger number of observations per
cluster, even the ignorance of a very small negative correlation within groups
can lead to substantial bias of the p-value.

With respect to the results of the current study, it is recommended to be aware
of the fact that a negative correlation within groups can occur. The advise is to
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be very cautious with clustered data that possibly contains a common negative
correlation among observations within groups. Researchers need to be aware of
the fact that the maximum likelihood estimate of the between-cluster variance,
representing the covariance among clustered observations (see Equation 7.2) can
become negative. Common software packages for mixed effects models, such
as the lme4-package, restrict the random-effect variance estimate to be positive.
This means that the correlation among clustered observations is restricted to be
positive even when the true correlation is negative. This study showed that this
can lead to a deflation of Type-I errors, p-values that are biased upwards and SEs
that are overestimated. In addition, a large number of observations per cluster
does not compensate for bias. It is important to notice that with 30 observations
per cluster a very small true negative correlation of −.008 can lead to an inflation
of the p-value with 5%. It is also noted that for a smaller number of observations
per cluster, the correlation can become more negative than with a larger number
of observations. Thus, the bias of the p-value is smaller when the true negative
correlation between observations is small. However, in that case the correlation
can become more negative which can lead to more bias.

The findings of this study are limited in their application because, until now,
there is no proper tool known for detecting negative correlation within groups.
In case researchers are not aware that there might be negative correlation, the
LME model automatically assumes the correlation to be positive and close to
zero. This leads to bias that may not be recognised. In future research, it is es-
sential to find a tool or strategy to detect and model negative correlation within
groups. Finally, if the data have negative correlations the LME model will as-
sume that the observations are independently distributed, which makes the LME
model an inappropriate tool for analysing clustered data with negative correla-
tions. Note that bias in the estimated precision of the slope parameter can occur
when ignoring correlation among clustered observations. Consider a random
intercept-slope model,

yj = β0 + β1Xj + u0j + u1jXj + ej, (7.10)

where both random effects are normally distributed, u0j ∼ N (0, τ0) and u1j ∼
N (0, τ1). Subsequently, the implied covariance matrix for cluster j is represented
by Σj = σ2In +τ0Jn +τ1XjX

t
j . The estimated precision of the intercept contained

bias, when ignoring the common correlation τ0 in cluster j. In the same way,
the estimated precision of the slope parameter will contain bias, when ignoring
the common correlation τ1 modified by the outer product of Xj . However, more
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research is needed to quantify bias in the precision of the common regression
effect, when ignoring cluster correlation implied by a cluster-specific regression
effect.

What can be learned from our study?

We conclude with a discussion of what we found to be the most important
lessons (that can be learned based on our study), and we give an updated
overview of well-known multilevel modelling (golden) rules by including the
findings concerning negative clustering effects. This reflection highlights the
importance of understanding negative clustering effects.

Lesson 1: Negative correlations among clustered observations can –and do–
occur in practice

Although this has been addressed in the introduction, it is important to stress
that –although simulated data were used in the current study– negative correla-
tions can and do occur in practice. Several practical examples were discussed,
when the correlation τ is negative. Pryseley et al. (2011) and Kenny et al. (2002)
mention several examples: when individuals compare for a scarce (and fixed)
set of resources, the speaking time of one individual is at the expense of another
individual (i.e. ‘one’s pain is the other’s gain’). Litter mates are also negatively
correlated in terms of food, water and living space. In addition to that, it has
been shown that Bayesian Covariance Structure Modelling (BCSM; Klotzke & Fox,
2019a, 2019b) can be used to simulate these negative correlations in clusters. In
doing so, a simulation study was developed where observations are negatively
clustered and data were simulated that others, most notably Kenny et al. (2002)
and Oliveira et al. (2017), and Pryseley et al. (2011) described.

Lesson 2: The ICC has multiple interpretations

It is important to be aware of the multiple interpretations of the ICC, because
viewing it as the proportion of explained variance due to clustering restricts the
ICC to only positive values (Oliveira et al., 2017). It is good to stress that the
ICC remains a measure of correlation, and correlations can become negative.
A negative τ leads to a negative ICC, thus both values can become negative.
Researchers need to be aware that negative correlation between observations in
clustered data may occur, and that negatively correlated clustered data are not
(always) a modelling error.

208



vii

Small and Negative Cluster Correlations

Lesson 3: The LME ignores negative associations in clusters

The LME (e.g., multilevel model, random effects model) is an inappropriate tool
for analysing clustered data with negative correlations between observations
within clusters. The LME is a well-established tool to model the dependence
structure of the clustered data using random effects. However, this is only pos-
sible for positively correlated observations, but –as shown– the random effects
cannot model negative correlations, and consequently will ignore the negative
dependence between observations. When the LME is used for analysing data
with negative correlations within clusters, the model assumes the observations
to be independently distributed. Therefore, the LME is an inappropriate tool for
analysing clustered data with negative correlations within clusters.

Lesson 4: Do not fix the ICC or τ to 0

Fixing a negative ICC to zero forces the statistical model to ignore the clustered
structure in the data. Then, the observations are assumed to be independently
distributed while they are negatively correlated. It is shown that if a common
negative correlation in clusters is ignored, the Type-I errors are deflated, the
SEs are too large, and the p-values are also overestimated. Fixing the ICC to 0

forces the statistical model to assume that data are independently distributed.
Researchers should always account for a non-zero ICC, positive or negative.
Huang (2018) stated that “literally too many to list” suggested that it is not
necessary to account for relatively small (positive) ICC values. Given the fact that
ignoring a negative correlation can also have a large impact, it is stressed that
small positive or negative ICCs cannot be ignored. For instance, when having
ten observations in each group, ignoring an ICC of only −.029 (τ = −.03) leads
to an deflation of the Type-I error of around 6%. The occurrence of a Type-I
errors quickly increases: an ICC of −.047 (τ = −.05) deflates the Type-I error
with 11%.

Lesson 5: An increase in cluster size increases the bias

When the number of observations in each cluster n tends to get larger, the bias of
the Type-I error and the SEs increases. The results indicate that p-values were bi-
ased upwards (downwards) when negative (positive) correlation within groups
was ignored, and the bias increased with an increasing cluster size. When as-
suming more clustered observations to be independently distributed, while they
are correlated, the bias will increase since an incorrect assumption is made about
a larger data set.
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Lesson 6: Negatively correlated clustered observations cannot be ignored

It was shown that ignoring a small negative ICC leads to serious bias. It can also
be argued that a cluster sample with negatively correlated observations contains
more information than a simple random sample of the same size. The variance
inflation factor (V IF ; i.e. design effect; Kish, 1965) can be used to explain the
impact of the ICC (ρ). In the random selection of equal clusters, the V IF can be
expressed as a function of ρ;

V IF = 1 + (n− 1)ρ, (7.11)

where n is the number of observations in a cluster. The V IF represents the ratio
of the actual sample variance to the variance of a simple random sample (i.e.
independently distributed observations). In cluster sampling, when the ICC is
positive, the V IF is greater than one. There is a loss in precision (i.e., increase in
sample variance) due to the homogeneity of observations within each cluster. A
simple random sample of the same size contains more information than a cluster
sample with positively correlated observations. However, when the observations
are negatively correlated, leading to a negative ICC, the V IF will be smaller than
one, but greater than zero given that the ICC is greater than −1/(n− 1). In that
case, the cluster sample leads to a gain in precision in comparison to simple
random sampling. The cluster sample, with negatively correlated data provide
more information than a simple random sample of equal size.

Conclusion

Just as small (positive) clustering effects mandate adjustment, negative cluster-
ing effects also require the attention of researchers. It is shown that ignoring
negative clustering leads to deflated Type-I errors, an overestimation of the SEs,
and overestimated p-values. The LME is an inappropriate tool for the analysis
of negative clustering in data and can only handle positive clustering. Although
it seems obvious, the LME should not be used when there is no clustering.
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8Assessing an Alternative for
‘Negative Variance Components’: A

Gentle Introduction to Bayesian
Covariance Structure Modelling

Abstract

The multilevel model (MLM) is the popular approach to describe dependences of hier-

archically clustered observations. A main feature is the capability to estimate (cluster-

specific) random effect parameters, while their distribution describes the variation across

clusters. However, the MLM can only model positive associations among clustered ob-

servations, and it is not suitable for small sample sizes. The limitation of the MLM

becomes apparent when estimation methods produce negative estimates for random

effect variances, which can be seen as an indication that observations are negatively

correlated. A gentle introduction to Bayesian Covariance Structure Modelling (BCSM)

is given, which makes it possible to model also negatively correlated observations.

The BCSM does not model dependences through random (cluster-specific) effects, but

through a covariance matrix. We show that this makes the BCSM particularly useful for

small data samples. We draw specific attention to detect effects of a personalized inter-

vention. The effect of a personalized treatment can differ across individuals, and this

can lead to negative associations among measurements of individuals who are treated

by the same therapist. It is shown that the BCSM enables the modeling of negative

associations among clustered measurements and aids in the interpretation of negative

clustering effects. Through a simulation study and by analysis of a real data example,

we discuss the suitability of the BCSM for small data sets and for exploring effects of in-

dividualized treatments, specifically when (standard) MLM software produces negative

or zero variance estimates.

Keywords: Bayesian Covariance Structure Modelling (BCSM), individualized
treatment, negative variance estimates, negative clustering effects, multilevel
modelling

This chapter has been submitted as: Fox, J. P., & Smink, W. A. C. (2020).
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Introduction

Data are so often plagued by observations that are correlated (i.e. clus-
tered, not independently sampled) that it is difficult to overstate the
importance of multilevel models. This family of statistical models aids

researchers in understanding the clustered –or hierarchical– structures in their
data (i.e. ‘groups within groups’, ‘non-independent data’, or ‘hierarchical data’).
In the multilevel modelling framework, dependences among observations are
expressed as a covariance, which are modelled through a random effect, also
known as a latent variable. The variance of the random effect determines the
strength of the correlation among clustered observations. For a small variance,
clusters are similar to each other and observations within a cluster do not cor-
relate highly. With high random effect variance, the cluster-specific parameters
show large differences and observations within each cluster are much more alike
than those from different clusters.

However, modelling the clustering effect (i.e. magnitude of the –positive– cor-
relation between observations) as the variance of a random effect also introduces
a great –and relatively unknown– shortcoming of multilevel models. Multilevel
models impose the restriction that within-cluster correlations should be posi-
tive, since the variance of a random effect is restricted to be positive. However,
correlations are not restricted to positive values only, they can also be negative
or zero. Indeed, although not widely known, negative correlations among clus-
tered observations can also occur (Kenny et al., 2002), but the multilevel model
cannot assess these effects.

The multilevel model describes within-cluster similarity through a positive
random effect variance. From this perspective to describe within-cluster dis-
similarity with a multilevel model, a negative random effect variance would be
required. This has led to interest in estimating and interpreting negative vari-
ance components and identifying negative clustering effects (El Leithy et al.,
2016; Kenny et al., 2002; Molenberghs & Verbeke, 2007, 2011; Nelder, 1954;
Oliveira et al., 2017; Pryseley et al., 2011; Verbeke & Molenberghs, 2003). These
effects remain unknown to the sheer majority of scientific community. Further-
more, methods to apply multilevel modeling techniques for analysing within-
cluster dissimilarities are limited, and have not been expanded to address more
complex clustered data. Molenberghs and Verbeke (2011) discussed a marginal
model representation of the random intercept model (by integrating out the ran-
dom effect), and Snijders and Kenny (1999) adjusted a multilevel model with
correlated dummy variables to describe negative within-cluster dependence.

Recently, Fox et al. (2017) and Klotzke and Fox (2019a), and Klotzke and
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Fox (2019b), developed a rigorous new Bayesian modeling approach for clus-
tered data, referred to as Bayesian Covariance Structure Modelling (BCSM). Based
on multilevel modeling principles, BCSM can describe similarities and dissim-
ilarities. We intend to give a gentle introduction to the BCSM here, and stress
possibilities of the framework to deal with negatively and positively correlated
observations. BCSM is a relatively simple and flexible covariance structure mod-
elling approach, which avoids several restrictions of the popular multilevel mod-
els.

In short, in the BCSM approach, a dependence structure is not indirectly
modelled through random effect parameters. The dependence structure is di-
rectly modelled by specifying a structured covariance matrix. This structured
covariance matrix represents the correlations among clustered observations to
account for the fact that the observations are not independently distributed. Both
modelling approaches are discussed by considering the one-way random effects
model (i.e. random intercept model). This relatively simple model is used as
a vehicle to introduce the BCSM and its potential for modelling clustered data.
Subsequently, BCSMs for more complex dependence structures, for instance a
two-way (nested) structure, are described. The potential of the BCSM is sup-
ported by a straightforward Gibbs sampling method to estimate all model pa-
rameters, where (co)variance parameters can be directly sampled from inverse-
gamma distributions.

We organized the remainder of the this paper as follows. We give a gentle
introduction to modelling clustered data using random effects. Then, we in-
troduce BCSM, emphasizing –not technical rigour, but– understanding of the
framework. We aim to convince those who are potentially interested in BCSM
about the advantages of the approach by reporting on the results of our exten-
sive simulation study, which shows that BCSM can –indeed– detect positive as
well as negative within-cluster dependence. In addition to that, we show that
(very) small variance components of random effects (i.e. that are very close to
zero) can be accurately estimated. We also demonstrate that BCSM can describe
efficiently complex dependence structures with a few (co)variance parameters
making it particularly useful for small data samples. We assess a real-data exam-
ple, where differences in pre- and post-intervention depression scores between
two treatment arms are examined, while accounting for a clustering by counsel-
lors. The example illustrates why a negative clustering effect cannot be ignored,
as these effects also occur in practice. Our overall goal is to not only discuss
the statistical importance of negative clustering effects, but to show how nega-
tive effects should be interpreted. We will argue why clinical practitioners and
psychotherapy researchers (and all others who are interested in knowing what
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works when for whom; Norcross & Wampold, 2011; Smink, Sools, van der Zwaan,
et al., 2019; Tasca et al., 2015)1 are – in fact– interested in interpreting negative
clustering effects. Finally, the specific features of BCSM are discussed, including
its strengths and limitations.

Modelling Clustered Data

It is clear that various complex forms of clustering and hierarchical organisa-
tions arise naturally in a multitude of settings in psychological research. What
all these settings have in common, is that –in their fundamental form– each mul-
tilevel model consists out of a within and a between cluster component. With two
levels, the multilevel model (MLM) defines separate probability distributions
for the clusters and for individuals within these clusters. Under the cluster-
sampling design, clusters are assumed to be independently sampled from a
population, and individuals are assumed to be independently sampled from
each cluster. This two-stage sampling design is represented in the MLM, which
specifies a probability distribution for the cluster-specific parameters (i.e. ran-
dom effects) and a probability distribution for the lower-level observations. Fol-
lowing the properties of the two-stage sampling design, observations from in-
dividuals are assumed to be conditionally independently distributed given the
cluster-specific (random effect) parameters.

Cluster-specific parameters (i.e. random effects) are often used to model
clustered data and they are included in the mean regression component. When
conditioning on the cluster-specific parameters, the observations within the clus-
ter can be assumed to be independently distributed. In doing so, the assump-
tion of independence is no longer violated, as the correlation of the clustered
data is bypassed through inclusion of these cluster-specific parameters. This
technique is used in the very popular models as hierarchical linear regression
models (Raudenbush & Bryk, 2002b), random effect models (Longford, 1995),
multilevel models (Goldstein, 2011; Snijders & Bosker, 2012), and linear mixed
effect models (McCulloch et al., 2008; Verbeke & Molenberghs, 2009). We use the
term MLM to represent these type of (conditional) models. It is (also) good to
note that this class of models can be extended further: in the latent class mod-
els (Vermunt, 2008), or mixture models (McLachlan & Peel, 2000), observations
within each latent cluster are also assumed to be conditionally independently
distributed given the cluster-specific parameters.

We use the one-way random effects model (i.e. random intercept model) to

1Smink, Sools, van der Zwaan, et al. (2019) is chapter 2 of this thesis.

214



viii

Gently Introducing Negative Clustering Effects

demonstrate the modelling of the within-cluster correlation with a (random ef-
fect) variance parameter. Through standard equations, we will show now that
the within-cluster correlation is restricted to be positive, since the random effect
variance cannot be negative. The one-way random effects model is most com-
monly used for describing continuous data that are clustered in one way. With-
out making an explicit distinction between a random variable and a realized
value, the outcome yij is the j-th observation in the i-th cluster and expressed as
the sum of the general mean, µ, random effect αi, and residual error eij ,

yij = µ+ αi + eij, (8.1)

αi ∼ N(0, τ),

eij ∼ N(0, σ2).

The within-cluster error variance, σ2, represents the variation in observations in
each cluster i given the random effect αi. Aside from the term random effect,
the αi is also referred to as the blocking factor, grouping factor, or the treatment
factor. The random effect is assumed to be normally distributed with mean
zero and variance τ . The random effect variance τ represents the variation in
random intercepts across clusters, and is often referred to as the between-cluster
variance. Indeed, this restricts the τ to positive values only. The BCSM approach
will relax this restriction by introducing a different representation of the model,
and will later show why this is relevant.

The random effect variance parameter is not presented in a squared notation,
since this variance parameter also represents the covariance among clustered ob-
servations. A covariance parameter is not restricted to be positive, but squared
terms always are. The relation between the covariance and τ becomes imme-
diately apparent when considering the covariance between the two clustered
observations j and l in group i, which is represented by

Cov (yij, yil) = Cov (E (yij | αi) , E (yil | αi)) + E (Cov (yij, yil | αi)) ,

= Cov (µ+ αi, µ+ αi) + 0,

= Cov (αi, αi) = V ar (αi) = τ. (8.2)

Then, the variance of an observation equals

V ar (yij) = V ar (E (yij | eij)) + E (V ar (yij | αi)) ,

= σ2 + τ.

The intra-class correlation (ICC) represents the proportion of variance explained
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by the clustering. This is represented by

ρ =
Cov(yij, yil)

V ar(yij)
=

τ

σ2 + τ
. (8.3)

Under standard MLMs, the ICC is restricted to be positive since both the nu-
merator (τ) and the denominator (σ2 + τ) are variance parameters. Generally,
the interpretation of ρ stops here, as the general tendency is to think that an ICC
cannot be negative, restricting ρ to lie between zero and one (see for example
Eldridge et al., 2009; Huang, 2018).

However, the covariance component in the numerator in Equation (8.3) could
also be negative if τ represents the covariance among clustered observations,
and not also the random effect variance. It is this double function of the ran-
dom effect variance parameter τ that restricts the covariance among clustered
observations, and the ICC, to be positive.

Examples of Negative Clustering

We discuss several examples where researchers either encountered negative ICC
values, or where they could be expected. Note that it is currently difficult to give
a literature overview: researchers do not report on negative ICCs, nor that it is
well-known that these values in fact occur, and the common statistical software
packages do not allow for negative associations between clustered observations.
We visualize depict the following examples in Figure 8.1.

Multidisciplinarity

Nowadays in science –but also in society and everywhere where people collaborate–
it is increasingly important to think, act and create across boundaries. Therefore,
the cultural, ethical or scientific background of one individual should differ from
that of the others, which stimulates the dissimilarity in a group. This is a pat-
tern that can also be seen in the police force, in politics, and education. Other
forms of diversity in a group are co-morbidity, the number of co-morbid dis-
eases increases with age, or through smoking, development of dementia and
other diseases, human migration.

The boomerang effect

Another factor that can create negative clustering dependencies is referred to as
the ‘boomerang effect’ (Kenny et al., 2002): one set of observations may influ-
ence the other observations in the cluster to be different. Figure 8.1 gives an
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Figure 8.1: Four examples where the cluster variance τ is negative (scenario i -
iv). Outcome Yij , observed two times (e.g., repeated measures, 0 for the pre-, and
1 for the post-observation). Scenario i shows a reverse effect, all pre-observations
are reversed (‘reverse effect’) at the post-measurement; ii shows a setting where
individuals are competing for scarce resources (e.g., one’s pain is the other’s
gain); iii shows how other group members decrease as a reaction to the increase
of another group member (‘boomerang effect’; Kenny et al., 2002); and iv shows
that clustered individuals have dissimilar trajectories related to the personalized
intervention.

illustration of such pattern: in a pre-test post-test (or repeated measurements)
design, rather than individuals behaving more similar, one (or a small set of
observations) increases dissimilarity in a cluster. For example, in group or fam-
ily counselling, the behaviour of a narcissistic individual might decrease the
self-worth of others. A similar pattern might be noticed with a pessimistic indi-
vidual: one pessimistic individual may increase the mood of others. In Figure
8.1, this boomerang effect is shown for a repeated measures setting with two
measurement occasions, where the dissimilarity is increasing in the cluster.

Competing

Another source that can cause negative clustering effects is competing, which
was suggested by Pryseley et al. (2011). Figure 8.1, an illustration is given of how
competing can increase the variances among the mebers of a group. Individuals
often compete for the allocation of scare resources within the same group. The
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examples suggested by Pryseley et al. (2011) are litter mates, division of a fixed
reward, speaking time, and leadership. In Figure 8.1, this phenomena is referred
to as one’s pain is another’s gain.

Personalized interventions

The typical situation in studies of psychotherapy process and outcome is that one
counsellor treats several clients (Baldwin & Fellingham, 2013). When the clients
who see the same counsellor are more similar to each other than those clients
who are treated by different counsellors, outcomes of clients with the same coun-
sellor are expected to be positively correlated. The counsellor treats clients in a
similar way, which leads to a common positive correlation among the treated
clients. Although the efficacy – or clustering effect – of the counsellor is well-
known to be important, it is not always assessed. Doing so is straightforward in
the MLM approach (Baldwin & Fellingham, 2013; Kenny & Hoyt, 2009; Marcus
et al., 2009; Raudenbush, 2001). However, when the counsellor provides a per-
sonalized treatment, the effects of each treatment can differ substantially across
clients. Personalized interventions are designed for the individual (Smink, Fox,
et al., 2019):2 what treatment, by whom, is most effective for this individual with
that specific problem, and under which set of circumstances (Paul, 1967, p. 111)?
As a result, dissimilarity in a counsellor’s client group can occur when for some
individuals the personalized treatment works well but not for others. This can
lead to a negative correlation among the treated clients of a counsellor. In fact,
a negative correlation would indicate that some clients benefit highly from the
personalized treatment, where for others positive treatment effects are more dif-
ficult to realize. The negative correlations also provide information about the
counsellor who is able to improve the treatment of clients through personaliza-
tion leading to dissimilar client results, since clients still respond in different
ways to a personalized treatment.

The Bayesian Covariance Structure Model

The general idea of BCSM is to model directly the dependence structure of the
data, and not indirectly through random effect parameters. This dependence
structure can be implied by random effects. The BCSM is a more general ap-
proach for clustered data, since it can also identify a negative dependence struc-
ture and a dependence structure implied by non-identifiable random effects.
BCSMs have been developed for different applications to deal with complex cor-

2Smink, Fox, et al. (2019) is chapter 6 of this thesis.
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related data structures (Fox et al., 2017; Klotzke & Fox, 2019a, 2019b; Mulder &
Fox, 2019).

Consider the error terms αi and ei = (ei1, . . . , ein) to describe the dependence
structure for the clustered observations. The error component for cluster i, Ei =

αi +ei, is assumed to be multivariate normally distributed, where the covariance
matrix comprehends the common covariance among the clustered observations
(Equation 8.2) on the non-diagonal and the total variance (Equation 8.3) on the
diagonal. It follows that,

yi = µ+ Ei, (8.4)

Ei ∼ N(0,Σ),

where

Σ =


σ2 + τ τ . . . τ

τ σ2 + τ . . .
...

...
... . . . ...

τ . . . τ σ2 + τ

 . (8.5)

Under the BCSM, parameter τ is no longer a variance parameter and only rep-
resents the common covariance among clustered observations. The τ is a co-
variance parameter and not a variance parameter. This has three important
implications: 1) τ can now also be negative, 2) zero is no longer the boundary
value for τ , and 3) τ is not estimated as the random intercept variance. Indeed,
negative values for τ are now perfectly acceptable, since this merely corresponds
to the occurrence of negative within-cluster correlation. The implications of neg-
ative clustering effects will be discussed later. The only requirement is that the
covariance matrix is positive definite, which is the case when τ > −σ2/n (which
will be shown later).

Type of Dependence

It is straightforward to represent the covariance matrix in matrix notation. As-
sume that each cluster i has n observations, then Σ = σ2In + τJn, where the Jn

is a matrix of dimension n with all elements equal to one and In is the identity
matrix of dimension n. The dependence structure of this covariance matrix Σ

is straightforward: if there is no clustering in the data, the covariance τ is not
present (e.g. τ = 0). If τ is positive, the observations are assumed to be positively
correlated and the dependence structure is similar to that of the random inter-
cept model in Equation (8.1). If τ is negative, the observations are negatively
correlated within a cluster, a dependence structure that cannot be represented
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by a random intercept model. Thus, the BCSM elegantly represents three nested
models depending only on the sign and value of the covariance parameter. In-
deed, the BCSM simply extends the range of possible values to include zero and
negative values, without changing the interpretation of positive values.

Multiple Types of Dependence

In our real data example, for each client a pre-intervention and post-intervention
score was observed, and clients were treated by counselors. Thus, observations
were clustered by clients (type A clustering), who were again clustered by coun-
selors (type B clustering). The BCSM can be extended to describe any additional
type of clustering. To illustrate this, we consider our real-data design, where
observations were clustered according to type A, as described in Equation (8.1),
and that those clustered observations are again clustered according to type B.
In the two-way random effects model, a random effect β(i)j can be introduced
that represents the clustering of observations according to type B, which is rep-
resented by

yijk = µ+ αi + β(i)j + eijk, (8.6)

αi ∼ N(0, τa),

β(i)j ∼ N(0, τb),

eijk ∼ N(0, σ2).

It follows that objects in cluster i are nested (type A), where the τa represents the
common dependence among the clustered observations. Within each cluster i,
observations in each cluster ij are again nested (type B), where the τb represents
the dependence among those clustered observations. The random effect variance
parameters τa and the τb represent the dependence among clustered observations
but are both restricted to be positive.

In the BCSM for this two-way (nested) structure, the dependence structure is
directly modelled. To be complete, the covariance matrix is given for this design.
Let b clusters of type B each of size n be nested within the cluster of type A, with
in total a type-A clusters. Then, the BCSM covariance matrix is represented by

Σ =
(
Inbσ

2 + Jnbτa
)

+ (Ib ⊗ Jn) τb. (8.7)

The covariance matrix of the one-way clustering is extended with an extra com-
ponent that displays the nesting of observations in type B clusters. The Kro-
necker product ⊗ is needed to define which of the observations in each cluster
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A are again nested according to cluster B. It states that the b blocks of n ob-
servations are clustered with a common dependence of τb. The BCSM for the
two-way clustered data is represented by Equation (8.4) with the covariance ma-
trix defined in Equation (8.7).

In the BCSM any type of clustering is directly modelled through the struc-
tured covariance matrix, and this covariance matrix can represent multi-way
structured data. Furthermore, a hybrid version is also possible, where the mean
component also includes random effect parameters. For instance, a hybrid ver-
sion of a two-way BCSM can be defined by including the random effect β(i)j in
the mean term with the structured covariance matrix of the one-way model in
Equation (8.5). The BCSM represented in Equation (8.4) is also easily extended
to include explanatory variables with fixed effects. Let µ = Xiβf , the (design)
matrix Xi contains the explanatory variables for cluster i and the βf represents
the regression effects of the variables.

Advantages of BCSM over MLM

To summarize the previous section: the BCSM is a novel Bayesian modelling
framework in which the covariance structure of a (complex) dependence struc-
ture is directly modelled. This makes the BCSM more flexible and more general
than standard MLMs. We give an overview of the specific features of BCSM
in comparison to MLM. Next to a theoretical discussion of the advantages of
BCSM, we specifically designed our simulation and real-data study to provide
more evidence in support of these claims.

Modelling Negative Clustering Effects

Negative correlations among clustered observations cannot be modelled with
the MLM. In the MLM, a positive correlation is modelled through a shared
group-specific effect among the group members. This modelling concept can-
not be translated to model negative dependences, since sharing a common com-
ponent always leads to a positive association. The BCSM has been developed
with the purpose to model in a similar way positive as well as negative correla-
tions among clustered observations, while using a common dependence struc-
ture across groups.

Although a well-known and widely applicable statistical model for nega-
tively correlated clustered data is lacking, the negative effects of ignoring nega-
tively correlated clustered data has been mentioned in the literature. Ignoring a
positive correlation in the data leads to an increase of the Type-I error, p-values
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that are biased downwards and confidence intervals that are too narrow. Stan-
dard errors of fixed regression effects are smaller than they should be, feigning
a precision of the estimates that is not actually supported in practice, leading to
spurious and erroneous results of statistical significance (Kenny et al., 1998). For
relatively small clustering effects (i.e. for small values of the ICC), Barcikowski
(1981) showed that for instance an ICC of 0.05 and 100 observations per group al-
ready inflates the probability of a Type-I error to 0.43. Next to ignoring a positive
correlation, the ignorance of a (small) negative correlation within groups leads to
opposite effects compared to ignoring positive correlation within groups: a de-
flation of Type-I errors, p-values that are biased upwards and overestimated SEs
(i.e. confidence intervals that are too wide). This deflation of the Type-I error,
when ignoring a negative correlation has been mentioned by other researchers
(Barcikowski, 1981; Rosner & Grove, 1999). Nielsen et al. (2020)3 also quantified
in detail the negative effects of ignoring the negative correlation.

There is an apparent risk of ignoring dissimilarity (i.e. negative correlations)
within clusters. Even the smallest dissimilarity between clustered observations
can seriously inflate the probability of a Type-I error. Kenny et al. (2002) argue
along the same lines: if positive clustering effects can cause various statistical
problems, then so do negative clustering effects. It is well known that when the
ICC is greater than zero, which often occur in psychology (Hox et al., 2010; Hoyle
et al., 2001), the use of MLMs is advised to analyse the data. However, when the
clustered data are negatively correlated, the dissimilarity in the clustered data
is usually ignored, despite the negative effects of ignoring a negative ICC. Even
though others –such as Kenny et al. (2002) and Pryseley et al. (2011)– already
drew attention to this phenomenon of dissimilarity, it is obvious that the nega-
tive counterpart is less well understood. Furthermore, a more pragmatic reason
is that until recently, the tools to study negatively correlated data is lacking (al-
though there are of course exceptions, Molenberghs & Verbeke, 2011; Verbeke &
Molenberghs, 2003). The opinion is that this risk of ignoring a non-zero ICC is
currently even greater under negative clustering effects, as MLMs cannot assess
negative clustering effects, and the effects of negative clustering effects appear
to be less well-known by researchers.

Go Beyond Sample Size Restrictions

To obtain stable parameter estimates for the MLM, the sample size needs to be
sufficient for the different levels of the model. For the one-way random effects
model, a sufficient number of clusters is needed to estimate the variability across

3Nielsen et al. (2020) is chapter 7 of this thesis.

222



viii

Gently Introducing Negative Clustering Effects

groups. For a multi-way random effects model, for each clustering type a suf-
ficient number of clusters are needed to obtain a stable random effect variance
estimate. Maas and Hox (2005) reported that a small sample size at level two
can lead to biased estimates of the second-level standard errors. A small num-
ber of level-two groups can lead to a zero level-two variance estimate, indicating
that there is simply not enough information. The Bayesian approach can intro-
duce a prior to by-pass this problem. However, a prior distribution can force the
variance estimate to be positive. This can highly depend on the specified prior
and might not represent correctly the variation across clusters in the population.
Furthermore, the motivation for doing a multilevel analysis is that the sample
size within each cluster is less than overwhelming. Then, the cluster-level vari-
ance is used as a weight to reduce the error in the cluster-specific estimates
by pooling information across clusters. However, the shrinkage in the cluster-
specific estimates might be less than desired, when the cluster-level variance is
overestimated.

In the BCSM, the dependence structure is modelled through a common co-
variance parameter for the clustered observations. This reduces the sample size
restrictions for the BCSM compared to the MLM. Furthermore, a prior for a
covariance parameter is not restricted to positive values. The BCSM can be
applied to a two-stage (or multi-stage) sample, where clusters are sampled inde-
pendently, and subsequently observations within each cluster are independently
sampled. However, by modelling directly the covariance among clustered ob-
servations, the BCSM also applies to a stratified sample in which independent
samples are drawn for the considered clusters.

We will demonstrate in our simulation study that even for two clusters stable
covariance parameter estimates can be obtained. Furthermore, the BCSM will
prove to be very useful for analysing small data sets. Under the BCSM, the prac-
tical definition of what is considered a small sample size changes considerably.
The BCSM in Equation (8.4) does not contain any cluster-specific parameters,
although cluster-specific estimates can be obtained from fitted residuals. As a
result, cluster-level variance estimates are not needed to shrink cluster-specific
parameters. This avoids the issue of estimating the variability across clusters,
and to use those estimates to reduce errors in the clusters-specific parameter es-
timates by shrinking them. This makes the BCSM much more suitable for small
sample sizes than the MLM. In the BCSM, it is not needed to explicitly model
variability across clusters and to estimate any cluster-specific (i.e. random effect)
parameters. Furthermore, due to the Bayesian modelling approach, it is also not
necessary to rely on large sample theory to make statistical inferences.
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Model Complexity

The BCSM represents a far more parsimonious way to model a dependence
structure than the random effects approach in MLM. Under the BCSM, the
number of covariance parameters to model the dependence structure does not
depend on the sample size. This in contrast to the MLM, where the required
number of random effect parameters depends on the number of clusters. In-
deed, increasing the number of clusters does not affect the complexity of the
BCSM, where the MLM becomes more complex. Furthermore, for each addi-
tional type of clustering, the dimensionality of the MLM increases and requires
an additional set of random effect parameters, where the BCSM requires just one
additional covariance parameter.

The BCSM can even model a dependence structure implied by non-identified
random effects. For instance, assume pre-intervention and post-intervention
data of persons, and let αi denote the person-specific random effect for the post-
measurement of person i, which is normally distributed with variance τa. The
cluster size is n = 1 (i.e. each person has one post-measurement), which makes
it impossible to estimate the random effect αi and the variance τa. Under the
BCSM, the parameter τa is identified and can be estimated, which provides in-
formation about the dependence of the post-intervention measurements. The
BCSM approach is straightforward and elegant: the covariance matrix has a
common error variance σ2 for the pre-intervention measurements and a variance
component τa is added to the common error variance for the post-intervention
measurements. The heteroscedastic error variances of the covariance matrix are
identified and can be motivated by the (unidentified) random effect αi. Thus,
under the BCSM, the dependence structure of a random interaction effect can be
estimated from clusters which only have one observation.

Unbiased Estimator: Include the Entire Parameter Space

Common maximum likelihood (ML) and Bayesian estimation methods restrict
the random effect variance estimate to be positive. Bayesian methods use a prior
which assigns a positive density to non-negative values; ML methods usually re-
strict the variance estimate to be positive, although negative variance estimates
are possible (see below). This leads to biased parameter estimates. We show here
that the random intercept model, Equation (8.1), gives support to data sets for
which the ML estimate is negative. As a result, when not allowing negative vari-
ance estimates, the ML estimator is biased, since the negative parameter space
of the sampling distribution of the estimator is ignored. This also holds for the
restricted maximum likelihood estimator and for (un)balanced designs. In the
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BCSM, the prior for the covariance parameter includes the negative parameter
space, for all values for which the covariance matrix is positive definite. As a
result, an estimator for the covariance parameter under the BCSM is not biased,
since the entire parameter space is taken into account.

A negative ML estimate of the random effect variance has received attention
(El Leithy et al., 2016; Kenny et al., 2002; Loeys & Molenberghs, 2013; Molen-
berghs & Verbeke, 2007, 2011; Oliveira et al., 2017; Pryseley et al., 2011; Verbeke
& Molenberghs, 2003), partly due to the embarrassment of obtaining a negative
estimate for a parameter which by definition is non-negative (Searle et al., 1992,
p.60). For the random intercept model in Equation (8.1), it can be easily seen that
the ML estimate for the random intercept variance τ can be negative depending
on the observed between-cluster and (within-cluster) error sum of squares. For
balanced groups, the two sums of squares are considered to estimate the covari-
ance component τ ,

SSA =
a∑

i=1

n (yi − y)2 ,

SSE =
a∑

i=1

n∑
j=1

(
yij − yj

)2
.

The sum of squares SSA/a has expected value nτ + σ2. It follows that,

τ̂ =

SSA

a
− SSE

n(a−1)

n

=
SSA

a
−MSE

n
,

using the MSE as an estimator for σ2. The estimate for τ is negative when
MSE > SSA/a. The negative estimates are neglected or referred to as statisti-
cally incorrect, restricting τ to be positive, 0 < τ ≤ ∞. However, the ML esti-
mate is not necessarily in this parameter space, which occurs with probability
P (MSE > SSA/a). As described by McCulloch et al. (2008), the ML estimator
has two possible outcomes

τ̂ =

{
τ̂ if SSA/a ≥MSE

0 if SSA/a < MSE.

The estimate of the variance is restricted to be zero, when the data gives support
to a negative estimate. Of course this makes sense, since τ represents a variance
component. However, for τ < 0 there is cluster dissimilarity, which will be
interpreted incorrectly as cluster similarity when τ is restricted to be positive.
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Solving Boundary Issues

In the MLM, the random effect variance is restricted to be greater or equal to
zero. This value of zero is a lower bound but also of specific interest. A random
effect variance of zero implies that the groups do not differ, where a positive
variance implies that the groups differ. It is well-known that classical test proce-
dures such as the likelihood-ratio test can break down and leads to inconsistent
testing, when testing if a parameter lies on the boundary of the parameter space.

In the Bayesian framework, test and estimation methods depend on the spec-
ified prior distributions. Specifying a prior for a random effect variance is a com-
plicated task, since the point zero is a boundary value. The popular conjugate
inverse-gamma prior only gives support to positive values. The exact specifica-
tion of the prior depends on the hyper parameter values. When the variance is
near zero the hyper parameters need to be close to zero. Most often the default
inverse-gamma prior is sharply peaked near zero to give support to variance
values near zero. Thus, an objective (non-informative) prior specification is not
possible without knowing the true parameter value. Otherwise stated, the poste-
rior distribution is sensitive to the hyper parameter values of the inverse-gamma
distribution. Gelman (2006) recommended different classes of priors such as the
half-t family of prior distributions, to improve the behaviour of the prior near
zero. However, the priors are not completely objective and, in general, place too
much mass on higher variance values when the true value is close to zero. This
phenomenon is shown in our simulation study.

Under the BCSM, the value τ = 0 is not a lower bound. Therefore, a
noninformative prior can be specified for those parameter values that ensure
a positive-definite covariance matrix. Following Fox et al. (2017), a truncated
shifted inverse-gamma prior can be specified that allows the parameter space to
cover also negative values while enforcing sufficient rules for the positive def-
initeness of the covariance matrix. These priors are not sharply peaked near
zero such as the default inverse-gamma priors but remain uninformative about
the presence of negative, positive, or zero correlation. In addition, with the
shifted inverse-gamma prior, more accurate estimates of a very small random-
effect variance can be obtained by avoiding too much prior support for higher
parameter values.

Parameter Estimation for the BCSM

A general technique is proposed to estimate the model parameters of the BCSM.
The estimation method is based on a Gibbs sampler (Markov chain Monte Carlo,
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MCMC), where the variance components of the BCSM can be directly sampled
from their conditional posterior distributions. The posterior distribution of each
variance component can be analytically derived from which parameter values
can be directly sampled. This technique is based on a balanced design, which
means that the number of observations is equal across the same type of cluster-
ing. Although the BCSM is by no means limited to balanced designs alone, the
extension to unbalanced designs is beyond the scope of our current study.

One-way Classification

Three steps can be defined to construct the MCMC algorithm for the BCSM for
the one-way classification in Equation (8.4). In step 1, the expected within-sum
of squares (SSE) is derived to construct the posterior distribution of the variance
parameter σ2. In a similar method, in step 2, the expected between-sum of
squares (SSA) is derived. In step 3, a shift-parameter is introduced for the result
of step 2, to obtain the posterior distribution of the covariance parameter τ .

The posterior distributions of the variance components σ2 and τ are derived.
In this model, the total sum of squares (SST ) is partitioned in a between- and
within-sum of squares, referred to as SSE and SSA (type-A clustering), respec-
tively,

SST = SSA + SSE (8.8)
a∑

i=1

n∑
j=1

(yij − y..)
2 =

a∑
i=1

n (yi. − y..)
2 +

a∑
i=1

n∑
j=1

(yij − yi.)
2 ,

where y.. =
∑a

i=1

∑n
j=1 yij/(na) and yi. =

∑n
j=1 yij/n. The part of the likelihood

that includes the general mean is excluded. This follows from partitioning the
likelihood;

p
(
y | µ, σ2, τ

)
= p (µ | y..) p

(
σ2, τ | SSE, SSA

)
,

see, for instance, McCulloch et al. (2008). As they follow directly from standard
Bayesian linear regression theory (Gelman et al., 2013), the posterior distribu-
tions of fixed effect parameters are not discussed.

The conditional model in Equation (8.1) in which observations are condi-
tionally independently distributed given cluster-specific parameters, is used to
find the model expressions for the cluster and sample-averaged observations. It
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follows that

yi. = µ+ αi + ei. (8.9)

y.. = µ+ α. + e.., (8.10)

where ei. ∼ N(0, σ2/n) and e.. ∼ N(0, σ2/(na)). The expressions are used to
obtain the expected sum of squares under the model.

Step 1 is carried out. Therefore, the expected value of the SSE is derived by
integrating the model expression for the cluster mean (Equation 8.9):

E(SSE) = E

(
a∑

i=1

n∑
j=1

(yij − yi.)
2

)

=
a∑

i=1

n∑
j=1

E ((µ+ αi + eij)− (µ+ αi + ei.))
2

=
a∑

i=1

n∑
j=1

E (eij − ei.)2

=
a∑

i=1

n∑
j=1

E
(
e2ij
)
− E

(
e2i.
)

= an

(
σ2 − σ2

n

)
= a(n− 1)σ2, (8.11)

where in the extraction of the binomial product the inner product cancels (from
the second to the third expression, and the third to the fourth expression), since
the expected value of each error term is zero. For a balanced design and pair-
wise independent SSE components, the SSE divided by their expected value is
(central) chi-square distributed (Searle, 1971, p.174).

Assume an inverse-gamma prior for σ2, σ2 ∼ IG(g1/2, g2/2). Then, the pos-
terior distribution of the σ2 is an inverse-gamma distribution with SSE as the
sufficient statistic (Gelman et al., 2013),

p
(
σ2 | y

)
∝
(
σ2
)−((a(n−1)+g1)/2+1)

exp

(
−(SSE + g2)/2

σ2

)
(8.12)

with shape parameter (g1 + a(n − 1))/2 and scale parameter (SSE + g2)/2. For
g1 = 0 and g2 = 0 the uninformative reference prior is specified for σ2.

In step 2, a similar procedure is followed for the covariance parameter τ .
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Consider the between sum of squares SSA,

E(SSA) = E

(
n

a∑
i=1

(yi. − y..)
2

)

= n

a∑
i=1

E ((µ+ αi + ei.)− (µ+ α. + e..))
2

= n

a∑
i=1

E ((αi − α.) + (ei. − e..))2

= n
a∑

i=1

E (αi − α.)
2 + E (ei. − e..)2

= n

a∑
i=1

(
E(α2

i )− E(α2
. )
)

+
(
E
(
e2i.
)
− E

(
e2..
))

= an

((
τ − τ

a

)
+

(
σ2

n
− σ2

an

))
= (a− 1)

(
nτ + σ2

)
, (8.13)

where the inner product of the binomial products is again zero, since the ex-
pected error terms are equal to zero. The SSA/n is considered as the sufficient
statistic for the term λ = τ + σ2/n, which has an inverse-gamma distribution.
The λ is restricted to be positive, which means that τ > −σ2/n with σ2 > 0.

In step 3, the shift parameter is introduced, which is the term σ2/n, and
allows the τ to take on negative values. This restriction on the parameter space
of τ can be defined in the noninformative prior for τ ;

p
(
τ | σ2

)
∝
(
τ + σ2/n

)−1
, (8.14)

since it restricts the τ to be greater than −σ2/n with λ = τ +σ2/n restricted to be
greater than zero. Following Fox et al. (2017) and Klotzke and Fox (2019a), the
posterior distribution of τ is referred to as a shifted inverse-gamma distribution

p
(
τ | y, σ2

)
∝
(
τ + σ2/n

)−((a−1)/2+1)
exp

(
−(SSA/n)/2

τ + σ2/n

)
.

It can also be shown that for all τ values above this lower bound the covariance
matrix in Equation (8.2) is positive definite (Fox et al., 2017). Parameter values
from this shifted inverse gamma distribution can be obtained by sampling λ(m)

from an inverse-gamma distribution with (a − 1) degrees of freedom and scale
parameter SSA/n in iteration m. Then, a sampled value for τ is obtained by
subtracting the sampled value for σ2, (λ(m) − σ2/n).
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Two-way Classification

This procedure to derive the posterior distributions of the variance compo-
nents can be extended to covariance parameters for other cross-classified and/or
nested factors. Without giving a general description, the two-way nested clas-
sification model in Equation (8.6) is considered to illustrate the procedure for
two types of clustering (referred to as type A and type B). Again three steps can
be defined, where step 1 is similar to the step 1 for the one-way classification.
Then, step 2a (obtain expected between sum of squares) and 3a (derive shift pa-
rameter) are defined to obtain the posterior distribution of parameter τa for the
clustering of type A. Analogously, step 2b and 3b are defined for the τb for the
clustering of type B.

The total sum of squares is partitioned in three components, the total sum of
squares (SST ), a sum of squares SSA (cluster A), a sum of squares SSB (cluster
B) and a within-sum of squares (SSE):

SST = SSA + SSB + SSe (8.15)
a∑

i=1

b∑
j=1

n∑
k=1

(yijk − y...)
2 =

a∑
i=1

nb (yi.. − y...)
2 +

a∑
i=1

b∑
j=1

n
(
yij. − yi.

)2
+

a∑
i=1

b∑
j=1

n∑
k=1

(
yijk − yij.

)2
.

Step 1: the expected value of the SSE is derived,

E(SSE) =
a∑

i=1

b∑
j=1

n∑
k=1

E
(
yijk − yij.

)2
=

a∑
i=1

b∑
j=1

n∑
k=1

E (eijk − eij.)2

= abn

(
σ2 − σ2

n

)
= ab(n− 1)σ2

It follows that the posterior distribution of the variance parameter σ2 is an in-
verse gamma distribution, with the SSE/2 as the scale parameter. The variance
parameter has an inverse-gamma distribution with shape parameter (g1 +ab(n−
1))/2 and scale parameter (g2 + SSE)/2.

Then in step 2b, the posterior distribution of the covariance parameter τb is
derived by determining the expected value of the SSB, which is the sufficient
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statistic. It follows that,

E(SSB) = E

(
a∑

i=1

b∑
j=1

n
(
yij. − yi..

)2)

=
a∑

i=1

b∑
j=1

nE
(
(µ+ αi + βij + eij.)− (µ+ αi + βi. + ei..)

)2
=

a∑
i=1

b∑
j=1

nE
(
βij − βi.

)2
+ nE (eij. − ei..)2

=
a∑

i=1

b∑
j=1

n
(
τb −

τb
b

)
+ n

(
σ2

n
− σ2

nb

)
= a(b− 1)

(
nτb + σ2

)
. (8.16)

The prior for the parameter τb is defined as

p
(
τb | σ2

)
∝
(
τb + σ2/n

)−1
, (8.17)

which allows τb to be negative but greater than −σ2/n. Step 3b: The posterior
distribution for τb is a shifted inverse-gamma distribution with shape parameter
a(b− 1)/2, scale parameter SSB/n and shift parameter σ2/n.

Step 2a: the posterior distribution of the covariance parameter τa can be
obtained in the same way, by considering the expected sum of squares of SSA,

E (SSA) = bn
a∑

i=1

E
(
(µ+ αi + βi. + ei..)− (µ+ α. + β.. + e...)

)2
= bn

a∑
i=1

E (αi − α.)
2 + E

(
βi. − β..

)2
+ E (ei.. − e...)2

= bna

((
τa −

τa
a

)
+
(τb
b
− τb
ab

)
+

(
σ2

bn
− σ2

abn

))
= (a− 1)

(
bnτa + nτb + σ2

)
. (8.18)

The SSA/(bn) is the sufficient statistic for the τa, then the prior for τa equals

p
(
τa | τb, σ2

)
∝
(
τa +

(
τb/b+ σ2/(bn)

))−1
. (8.19)

Step 3a: it follows that the posterior distribution of τa is shifted inverse-gamma
with shape parameter (a − 1), scale parameter SSA/(bn), and shift parameter
τb/b + σ2/(bn). The τa is restricted to be greater than −(τb/b + σ2/(bn)), where
τb > −σ2/(n).
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Multi-way Classification

In a more general description, for a balanced design a Gibbs sampling procedure
can be defined for any multi-way classification model, where different types of
clustering group the continuous data. The (lower-level) variance parameter has
an inverse-gamma posterior distribution, where the SSE is the sufficient statistic.
Each covariance parameter has a shifted inverse-gamma distribution, which is
constructed from the sum of squares representing the corresponding sufficient
statistic. The parameter space of the variance components covers those negative
values that still lead to a positive definite covariance matrix. In the Gibbs sam-
pling algorithm, the variance components can be iteratively sampled from their
posterior distributions, which leads to a very fast and efficient sampling method.

The MCMC algorithm is easily extended when including a sampling step for
fixed effect parameters. Consider the BCSM in Equation (8.4), and let µ = Xiβf .
The covariance matrix Σ has two parameters σ2 and τ , and the inverse of the
covariance matrix is known (Searle et al., 1992). When assuming an uniform
prior, the posterior distribution for βf is normal with variance and mean

V ar (βf | y,Σ) = Ω =
(
Xt
(
Ia ⊗Σ−1

)
X
)−1

,

E (βf | y,Σ) = ΩXt
(
Ia ⊗Σ−1

)
y,

respectively.

Simulation Study

The BCSM estimation method was investigated for small variance components
close to the lower bound of zero, for few clusters, few observations for each
cluster, and even for negative cluster dependences. Data were simulated un-
der a random intercept model, where the residual variance was equal to σ2

e =

5, 1, 0.5, 0.1, 0.01 and the random intercept variance was equal to τ = 5, 1, 0.5, 0.1, 0.01.
The general mean was simulated from a standard normal distribution. The num-
ber of clusters was equal to a = 50, 25, 10, 5, and the number of observations per
cluster n = 20, 10, 5, 2. All conditions were crossed with each other resulting
in 400 simulation conditions. For each condition, 1,000 data replications were
made according to the random intercept model defined in Equation (8.1), and
they are referred to as the conditional data. The conditional data was analysed
with LME4, which produced (restricted) maximum likelihood (REML) estimates
for the variance components. Furthermore, an MCMC estimation method was
used (JAGS), with (vague) inverse-gamma priors for the variance components
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(shape and scale parameter equal to .01), and a noninformative normal distribu-
tion for the general mean. The median of posterior distribution was used as a
point estimator for the variance components, since these distribution were often
asymmetric.

In the BCSM, the parameter τ is a covariance parameter, which can also be
negative. Therefore, data was also generated with τ negative but just above the
lowerbound; Lb = −σ2/n + 10−4, which assured that the covariance matrix was
positive definite. Data was simulated under the BCSM, as defined in Equation
(8.4), for the same conditions as described for the random intercept model. The
condition τ = Lb was added for each combination of a, n, and σ2. This led to
a total of 480 conditions. For each condition, 1,000 data sets were generated
under the BCSM, and referred to as marginal data. The data was analysed
with the BCSM, LME4, and JAGS. The main interest was the estimation of the
(co)variance component, τ .

The RMSE and 95% coverage rate (CR) was used as a criterion to evaluate the
estimation results. The estimated CR represented the proportion that the true
parameter value was covered by the 95% credible interval (CI) across the 1,000

data replications and should be around the advocated 95%. The 95% CIs were
computed using the MCMC samples. The MCMC algorithms for the BCSM and
random intercept model in JAGS were ran for 10,000 iterations, while using 500

iterations as the burn-in period. The MCMC samples showed good convergence
in each condition, which was inspected using the MCMC convergence tools in
the coda R-package. The effective sample size was around 90% for both MCMC
methods for all model parameters.

Negative cluster dependence was simulated in the marginal data under the
BCSM (Equation 8.4 and 8.5), since this could not be done with the random in-
tercept model. The results discussed below concerning a true negative cluster
correlation concerns the marginal data (generated under the BCSM). The condi-
tional data generated under the random intercept model was used to evaluate
the performance of LME4 and JAGS, when the true value of τ was positive. The
marginal data generated under the BCSM was used to evaluate the performance
of the BCSM for all values of τ .

Negative within-cluster correlation

In Table 8.1, it can be seen that the negative cluster dependence, τ , was accurately
estimated under the BCSM for all conditions. Table 8.1 also shows that biased
estimates were obtained with LME4 and JAGS. The negative lower bound Lb for
τ differs across conditions. The random intercept model cannot describe neg-
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Table 8.1: MSE and 95% coverage rates of the lower bound (Lb) of τ̂ .

a Lb n = 20 n = 10 n = 5 n = 2

LME4

50 −0.25 0.10 0.33 1.13 6.43

25 −0.50 0.15 0.40 1.21 6.52

10 −1.00 0.28 0.71 1.76 6.79

5 −2.50 0.50 1.08 2.39 8.36

JAGS
50 −0.25 0.08 (.00) 0.31 (.00) 1.18 (.00) 7.28 (.00)
25 −0.50 0.09 (.00) 0.33 (.00) 1.25 (.00) 7.71 (.00)
10 −1.00 0.10 (.00) 0.37 (.00) 1.38 (.00) 8.39 (.00)
5 −2.50 0.13 (.00) 0.44 (.00) 1.57 (.00) 9.61 (.00)

BCSM
50 −0.25 0.00 (.95) 0.00 (.95) 0.00 (.95) 0.00 (.95)
25 −0.50 0.00 (.95) 0.00 (.95) 0.00 (.95) 0.00 (.94)
10 −1.00 0.00 (.95) 0.00 (.93) 0.00 (.93) 0.00 (.95)
5 −2.50 0.00 (.95) 0.00 (.94) 0.00 (.95) 0.00 (.93)

ative cluster dependence, and estimation results under LME4 and JAGS show
high RMSEs and incorrect CIs for the cluster dependence. Table 8.1 shows that
accurate estimates were obtained under the BCSM even in the extreme condition
of just five groups with each two observations. The BCSM still performed good
with a total of only ten observations. In that condition the RMSE is still less than
.00 and the CR is around 93%.

Small variance component

The estimation methods, referred to as LME4 (REML), JAGS, and BCSM, per-
formed comparable in the conditions with sufficient data to estimate the param-
eters. When considering the τ estimates, the parameter estimates are alike when
the τ is positive (but not close to zero), and there is sufficient data with respect
to the number of groups and the number of observations per group. In Figure
8.2, the bottom plot shows the estimates for τ averaged across 1,000 replications
under LME4, JAGS, and the BCSM in the condition with a = 50 groups and
n = 5 observations per group with the residual variance σ2 and τ varying across
the different specified levels. For each τ value, data were generated with five
different residual variances ranging from 5 to .01. In total 30 estimates for τ are
plotted for each method. It can be seen that the estimates are close to the true
value. In the standard situations, Figure 8.2 shows that the BCSM performs on
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par with the standard estimation methods.

However, when the true value is almost zero or close to zero, then the BCSM
outperforms the other methods. In that case the BCSM still provides accurate
estimates for τ for all values of the residual variance. The upper plot shows
an extreme condition with just five groups with each two observations. It can
be seen that the BCSM estimates are still close to the true value, but it tends to
underestimate a true τ of five. With JAGS, the τ is overestimated in more cases
when the true value is close to zero or negative. The inverse-gamma prior for τ
led to an overestimation of the true value, although the hyper parameter values
were .01. The REML results with LME4 also overestimated the true value, when
it was negative. Furthermore, in the situation with a lack of prior information
and poor data information, the REML estimates were much higher than the true
values.

MSE

When considering the MSEs for the τ estimates, JAGS, LME4 and BCSM per-
formed comparably good when there is sufficient data information. However,
for true negative values of τ , the BCSM outperformed the other methods. Fur-
thermore, the MSEs of the REML estimates are much higher, when the residual
variance is equal to five. In the small sample conditions, the BCSM outper-
formed both other methods. The MSEs under JAGS and LME4 are higher when
the true value is close to zero or negative. When the residual variance is five, the
MSEs under LME4 are also much higher than for the other methods. For all the
considered conditions, the MSEs under the BCSM are close to zero.

Coverage

Finally, the 95% CRs were computed under JAGS and the BCSM method. Con-
fidence intervals for the variance components were not computed under maxi-
mum likelihood estimation (LME4), since this led to numerical problems and in-
valid CIs (e.g. using bootstrap function in LME4 to compute CIs). The estimated
CRs for JAGS were zero, when the true value was negative. The inverse-gamma
prior for τ restricted the posterior distribution of τ to only cover positive values,
which led to incorrect CRs. Under JAGS, the CRs were too large and close to
one, when the true value of τ was positive but close to zero, and when there
was not much data. In the situation without much data information, the poste-
rior was more stretched by the prior which led to wider credible regions than
expected under the data replications.
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Figure 8.2: Averaged parameter estimates for τ across 1,000 data replications
under LME4, JAGS, and the BCSM.

The data were generated for fixed values for τ , which means that the prior
variance was not included in the data replications under the BCSM and random
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intercept model. This led to an overestimation of the 95% CR in the extreme
data conditions, when the prior variance influenced the width of the credible
regions. For instance, for JAGS, with σ2 = 1 and τ = .01 the estimated 95%
CRs were around .98−1, but mostly one for all considered samples sizes. In
those conditions, the estimated CRs were still around 95% for the BCSM, except
when a = 5 and n = 2 the CR was also one. In general, accurate 95% CRs were
computed for the BCSM. Only in the extreme conditions, when the number of
clusters was five, and the residual variance and τ were both small (i.e., σ2 = .1,
τ = .01), the estimated CRs were close to one for the BCSM. For JAGS, the 95%
CRs were more often overestimated also for other values of the residual variance
and also for conditions with more than five groups. The inverse-gamma prior
for τ in JAGS influenced more the 95% credible regions and gave more weight to
higher values than the shifted-inverse gamma prior in the BCSM. This is a typical
issue for inverse-gamma priors for variance components in hierarchical models
(Gelman, 2006). In the BCSM, the shifted-inverse gamma prior performed better
simply by extending the parameter space to include negative values.

Personalized Treatment in E-mail Counselling

The effectiveness of BCSM is demonstrated for a real-data example. Lamers et al.
(2015) examined whether a combination of a self-help intervention with narra-
tive therapy is effective in alleviating symptoms of depression and anxiety. The
treatment consisted out of two conditions: the auto-biographic and the expressive
writing condition (AW and EW, respectively). The AW condition was a life-
review self-help intervention that consisted of homework assignments, divided
over modules that had to be completed over the course of ten weeks. Clients
communicated about their progress with trained counsellors through a weekly
e-mail interaction. The EW intervention was based on the method of expressive
writing. The method consisted of daily writing about emotional experiences, for
15− 30 minutes on 3− 4 consecutive days during one week. Lamers et al. (2015)
used a repeated measures ANOVA and found that depressive symptoms indeed
declined, but did not find a difference between the AW and EW condition (in
comparison with a waiting list control group). Smink, Fox, et al. (2019) adopted
a multilevel approach with client as a random effect, and also did not find a
significant difference between treatments.

The BCSM was used to identify individual variability in treatment effects
and to identify those who benefitted from the treatment, since a significant main
treatment effect could not be found. Furthermore, the object was to investigate
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the effect of the counsellor and how they contributed to the treatment of the
clients. Several clients in different treatment arms were treated by the same
counsellor, and negative clustering effects were expected since individualized
treatments were given by each counselor. Let i denote the index for the counsel-
lor and j the client. Each client was measured at a pre- and a post-intervention
occasion, which resulted in a yij1 and yij2 score, respectively. Scores of clients
who were treated by the same counsellor (i.e. counsellor i) were assumed to
be clustered, and we also assumed that scores coming from the same client (i.e.
client j) were clustered. Let factor variable αi represent the counselling effect,
and nested factor variable β(i)j the client effect. This leads to a two-way nested
factor model for the pre- and post-intervention scores presented in Equation
(8.6). In the corresponding BCSM, the covariance structure implied by the two
factor variables was directly modelled, allowing for the occurrence of potentially
negative cluster correlations.

Measuring client, counsellor and individual treatment effects

We first fitted a linear regression model, denoted as LM M0, which assumed in-
dependently distributed errors. Then, two BCSMs were considered, to which we
refer as M1 and M2, which had the same mean term as the LM M0. For all three
models, the intercept β0 represented the average score at the pre-intervention for
clients in the AW condition. The treatment variable was dummy-coded (with
a one for clients in condition EW, and a zero for those in condition AW). The
main effect of treatment, represented by β1, was included to correct for any
pre-intervention differences between the two treatment groups. The β2 repre-
sented the average contribution of the post-intervention in comparison to the
pre-intervention score, where indicator variable Postij was also dummy-coded
(with a one for the post-intervention scores, and zero for the pre-intervention
scores). An interaction variable Z with effect β3 was dummy coded, where a
one represented the interaction between the post-intervention measurement of
clients in condition EW.

BCSM M1 and M2 assumed dependence among scores from clients assigned
to the same counsellor, and M2 also assumed a dependence among pre- post-
intervention scores from the same client. To better understand the factor struc-
ture represented in the covariance structure of BCSM M2, consider the (condi-
tional) MLM with random effects for the counsellor and the client;

yijl = β0 + β1Treatmentijl + β2Postijl + β3Zijl + αi + β(i)j + eijl,

αi ∼ N(0, τa) (Counsellor)
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β(i)j ∼ N(0, τb) (Client)

eijl ∼ N(0, σ2),

where l = 1, 2 indicates a pre-intervention or post-intervention observation, re-
spectively. The MLM cannot detect negative clustering effects, and it needs 90

random client parameters and five random counsellor parameters to model the
dependence structure. This makes it unsuitable for the small data set. There-
fore, the dependence structure is directly modeled, which leads to the following
BCSM:

yi = β0 + β1Treatmenti + β2Posti + β3Zi + Ei, (8.20)

where the Ei is (multivariate) normally distributed. The three models –LM M0,
BCSM M1, and BCSM M2– can be represented by the model in Equation (8.20),
but each model has its specific (structured) covariance matrix Σ. For model LM
M0, the covariance matrix Σ = σ2In represents independently distributed errors.
For BCSM M1, a one-way clustering is assumed represented by the covariance
matrix Σ = σ2In + τaJn. For BCSM M2, the covariance matrix Σ is given in
Equation (8.7). The covariance matrix of M1 represents a one-way clustering
with τa the covariance of scores of those treated by the same counsellor. The
covariance matrix of BCSM M2 also includes a component τb, which represents
the covariance of scores of the same client.

For the BCSM models M1 and M2, an MCMC algorithm with 20,000 iter-
ations (with a burn-in of 1,000 iterations) was used to compute the parameter
estimates. The parameter estimates of BCSM M1 and M2 are given in Table
8.2. The BCSM M2, with a two-nested dependence structure, contained four re-
gression parameters and three (co)variance parameters. This makes the BCSM
particularly useful for small data sets. A trimmed mean estimator was used for
the covariance components, where 10% of the outlying values were ignored to
obtain more robust posterior mean estimates. The posterior standard deviations
were estimated using all sampled values. The parameter estimates of model M0

were obtained using the lm-function in R.

The parameter estimates of the regression effects did not differ much for the
different models. The adjusted R2 was around .91 under model LM M0. It can
be seen that on average on the post-intervention clients scored four points lower
than on the pretest, showing that depressive symptoms indeed declined. There
were no significant differences between the two treatment groups on the pre-
intervention. The interaction effect β3 was around −1.36, showing that those in
the EW condition scored on average lower than those in the AW condition at the
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Table 8.2: The e-mail-counselling study from Lamers et al. (2015): A BCSM
analysis of the pre- and post-therapeutic data.

LM (M̂ , S.E.) BCSM (M̂ , SD)
M0 M1 M2 M3

Fixed effect
Intercept β0 21.78 (0.91) 21.72 (0.84) 21.67 (0.79) 21.68 (0.80)
Treatment β1 −0.29 (1.29) −0.16 (1.29) −0.08 (1.29) −0.09 (1.31)
Post β2 −4.04 (1.28) −4.06 (1.29) −4.03 (0.99) −4.05 (1.01)
Interaction β3 −1.36 (1.81) −1.33 (1.82) −1.37 (1.42) −1.35 (1.43)

Random effects
Residual σ2

37.04 37.79 (4.03) 21.73 (3.32) 22.08 (4.89)
Counsellor τa −0.68 (0.44) −1.12 (0.49) −1.07 (0.51)
Client τb 15.83 (4.52) 15.54 (4.74)
Interaction τc 6.28 (7.79)

post-intervention. However, the posterior probability of a negative interaction
effect P (β3 < 0 | y) was around 84% under M2. There was no convincing data
evidence that on average the EW treatment outperformed the AW treatment.

When interpreting the estimated covariance components under M1 and M2,
it can be seen that the estimated covariance among scores of clients assigned to
the same counsellor was negative under the BCSM models, and around τa =

−.68 under M1. Thus, scores from clients treated by the same counsellor cor-
related negatively. This led to an increase of the residual variance estimate for
M1 in comparison to the estimated residual variance of model M0. The resid-
ual variance was underestimated under M0, since the residuals were not inde-
pendently distributed but correlated negatively. The standard deviation of the
intercept was around 8% smaller under M1 in comparison to M0. The negative
correlation among client scores affected the estimated standard deviation of the
intercept, where the standard deviations of the other regression components un-
der M1 were almost equal to the corresponding standard errors under M0. The
dependence structure implied by the clustering of clients by counsellors cannot
be represented by a counsellor random effect, since the estimated cluster corre-
lation was negative. This makes the BCSM particularly useful to model negative
cluster correlation.

When accounting for the dependence among client’s pre- and post-intervention
scores, the estimated covariance of τa was more negative under M2 than under
M1 and around −1.12. This led to a further reduction of the standard devia-
tion of the intercept to .79. This negative covariance of τa led to an increase of
the residual variance under M2. However, the estimated positive covariance of
τb = 15.83 led to a decrease of the residual variance to 21.73. The estimated
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standard deviation of the Post effect, β2 decreased to .99 due to accounting for
the correlation between client’s scores. The standard deviation of the interac-
tion effect also seriously decreased from 1.82 to 1.42. Note that the dependence
structure did not influence the standard deviation of the pre- post-intervention
difference between treatment groups (i.e. standard deviation of β1).

The negative correlation among client scores from the same counsellor indi-
cated that there was individual variability in treatment effects across the clients
of the same counsellor. In the same condition and for the same counsellor, some
clients benefited from the treatment, where others did not and even showed an
increase in score. This phenomenon of individual treatment effects was iden-
tified by the negative cluster correlation, which was also significant when con-
sidering the 95% HPD interval under M1 and M2. The negative cluster cor-
relation of −1.12 illustrated that there was more heterogeneity in test scores
than explained by the reduction in scores at the post-intervention and the (non-
significant) mean difference between the two conditions.

Post-intervention individual treatment effects

To investigate the individual treatment effect further, the model BCSM M3 was
defined with a random interaction effect. This represented random variability
in the treatment condition EW at the post-intervention across clients, while also
accounting for the clustering by clients and counsellors. The covariance structure
of M3 for the client scores of counsellor i is given by

Σi = Inbσ
2 + diag(Zi)τc︸ ︷︷ ︸

Interaction

+ Jnbτa︸ ︷︷ ︸
Counsellor

+ (Ib ⊗ Jn) τb︸ ︷︷ ︸
Client

, (8.21)

and the covariance matrix is counsellor specific due to the Zi. However, this
random interaction-effect cannot be estimated, since each client only had one
observation at the post-intervention. The interaction variable Zi is a diagonal
matrix in the covariance matrix with τc a residual variance parameter. Thus,
the random interaction effect implies an interaction-specific residual variance in
the covariance matrix. The dependence structure in Equation (8.21) represents
heteroscedastic residual variances, with σ2 the common residual variance and
σ2
1 = σ2 + τc the contribution of the random interaction variance to the common

residual variance. Note that the dependence structure is extended with just
one additional variance parameter representing the random interaction variance
for clients in the EW condition. There is data evidence in favor of individual
treatment effects of clients in the EW condition, when the residual variance σ2

1 is
greater than σ2. In the Appendix, the posterior distribution of σ2 and τc is given,
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and the adjustment of the shift parameters in the posterior distributions of the
other covariance parameters.

The estimates of BCSM M3 are given in Table 8.2. It can be seen that the fixed
regression effects did not change when including the random interaction effect.
The estimated residual variance was slightly higher. The standard deviation in-
creased, since less observations were used to estimate the common residual vari-
ance. The estimated cluster dependence of clients and of counsellors were also
around the estimated values of BCSM M2. The estimated random interaction
variance was around 6.28, which showed that there was more residual variance
in the post-intervention scores in the EW condition. In the Appendix it is shown
that the τc ≥ −σ2, and τc is allowed to be negative. The BCSM simply makes
it possible to evaluate the data support in favor of individual variation, since
the interaction variance is allowed to be negative. In this case, the interaction
variance was estimated to be positive with 80% posterior probability.

The effect of the EW-treatment varied across individuals, where some ben-
efitted more from the treatment than others. The relatively large individual
variation showed that for some clients the EW-treatment was very effective but
not for others. A main difference between treatments was not found partly due
to this individual variation. The posterior standard deviation of the interaction
variance was high and around 7.79, and around 20% of the posterior distribution
of the τc supported negative variance values. In that case, the random interaction
effect lead to a common reduction in the residual variance in the EW condition,
which provide more support for a main treatment effect and less support for
individual variation in the treatment effect. However, an effect of a negative
variance on the standard deviation of the mean interaction effect would be very
small, since this can only be accomplished through the covariance matrix of the
fixed effect, where it would be absorbed by other more influential factors. Nev-
ertheless, it can be argued that 80% posterior probability is sufficient to conclude
that there is individual variation in the EW-treatment effect.

Visualizing individual treatment effects

The individual variation in treatment effect is further illustrated. In Figure 8.3,
the posterior expected post-intervention scores are plotted against the expected
reduction in scores for clients treated by different counsellors. It is shown that
for counsellor 1 (filled squared box) and for counsellor 2 (filled circles), some
clients show a reduction below the average of -4, where other clients treated by
the same counsellor show an above-average reduction in scores. Clients treated
by the same counsellor show a large deviation in reduced scores. This hetero-
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geneity in reduced scores for clients of the same counsellor is manifested by a
negative cluster correlation. This means that the level of score reductions varies
across clients of the same counsellor. Therefore, it is not possible to identify a
common counsellor effect, since this would imply less heterogeneity in reduced
scores and a positive correlation. In fact, the effect of the counsellor varies across
clients, where some clients benefitted more from the counsellor than others. This
can be identified as the detection of an individualized counsellor effect. The
crossed marks in Figure 8.3 represent reduced scores of the ES treatment. Al-
though, reduced scores from clients in the ES condition of counsellor one are
all below the average, some clients of counsellor two scored above average in
this condition. The ES treatment is likely to be more effective for counsellor one
than for counsellor two. Therefore, the individualized treatment effects of the
counsellors may also include heterogeneity in the AW and EW treatments.

In Figure 8.4 (upper plot), the pre- and post-intervention scores are plotted
against the fitted residuals under BCSM M2. It can be seen that the residuals
are directly defined in relation to the outcome variable, and differences between
residuals are caused by the effects of categorical predictor variables. This illus-
trates that the BCSM is a parsimonious model. Despite the complex two-way
nested clustering structure, the fitted residuals can be directly explained by the
differences caused by the categorical predictor variables. Under a latent variable
model, the fitted residuals would have been scaled in relation to the estimated
latent variables. The lower plot shows the post-intervention scores against the
difference between the post- and pre-intervention residuals. The filled circles are
those related to counsellor one, and the filled squares to those of counsellor two.
It can be seen that for both counsellors, some clients showed a large decrease in
residual value, where others did not. This heterogeneity across clients treated
by the same counsellor in residual reduction from the pre-intervention to the
post-intervention shows again that some clients benefited from the treatment,
where others did not.

This analysis of the treatment effects was not possible with an MLM, since
the factor variable counsellor implied a negative cluster correlation. This led to
singular model, when using the LME4 package in R, and the random effects
structure was considered too complex to be supported by the data. However,
by ignoring the negative cluster correlation, relevant information was ignored.
Counsellors provided individual instructions to their clients, which led to a de-
crease in scores for some clients but not for others. The differential treatment
by counsellors was identified by the negative cluster correlation. The Bayesian
estimation procedure for the BCSM did not have any issues in estimating the
model parameters despite any negative clustering effects and the small sample
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Figure 8.4: The fitted residuals under the BCSM M2, and the post-intervention
scores against client’s post- minus pre-intervention residuals for different coun-
sellors.

Discussion

We introduced the novel statistical modeling framework Bayesian Covariance
Structure Modelling and emphasized the understanding of BCSM, rather than
discussing the underlying mathematical rigour. We designed a simulation study
and analysed real data to demonstrate that BCSM can 1) assess (very) small vari-
ance components (i.e. near the lower-bound of zero), 2) assess negative variance
components, 3) assess complex dependence structures given small data sets,
and 4) assess individualized effects (by modelling negative associations between
clustered observations). We discuss our findings, reflect on the limitations of our
study, and suggest further BCSM research.
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MLM software programs can produce negative variance estimates, which
in general is considered to be an objectionable characteristic of the estimation
methods, and limit the usefulness of variance component techniques (Thomp-
son, 1962). For instance, the online SAS documentation (section Negative Vari-
ance Component Estimates) reports that it is common practice to treat negative
variance components as if they are zero (assuming the model is appropriate
for the data, see https://support.sas.com/en/documentation.html). It is argued
that a larger sample size might be needed, outliers cause violations of model
assumptions, or the variability is too large. However, it is also stated that neg-
ative variance estimates can indicate that clustered observations are negatively
correlated. The BCSM gives support to modeling negatively correlated observa-
tions while using a very parsimonious modeling approach to make it suitable
for very small data sets. From a statistical point of view, the BCSM is the natural
extension of the MLM approach.

Many statistical models rely on multiple observations for proper model be-
haviour. Statistical modelling runs into problems when there are only a few
observations (i.e. when data is sparse), yet, small samples are by no means a
rare occurrence in many scientific disciplines. After all, a (relatively) small(er)
data set does not imply a lesser degree of importance, as there are a variety of
reasons why data sets could be small. Correct statistical modelling is arguably
even more important when, for example, the population of the target group is
extremely sparse (e.g., babies with a life-threatening orphan disease), difficult
to access (e.g., toddlers with autism from refugees), or very costly (e.g., heart-
lung transplants in infants). Small data sets are especially challenging for mixed
effects models, as the sample size restrictions apply to each (modelled) hier-
archical level in the data. Limited sample sizes greatly constrain meaningful
statistical inference, as the sample determines the sufficient number of clusters
(usually too few), and the size of the clusters themselves (usually too small).
To overcome these issues, researchers often simplify their hypotheses and corre-
sponding statistical models. Instead of doing that, our simulation study showed
that BCSM can deal with few clusters with a small number of observations.

The reason why small and even negative variance components are easily esti-
mated under BCSM, is because the so-called boundary effects can be weakened
by extending the parameter space to include negative values. Usually, zero is the
lower-bound of variance components because –in the standard multilevel mod-
elling approach– a random effect is used to model dependences among treated
individuals. However, the random effect variance is restricted to be positive and,
as a result, always implies a positive association among individuals. Negative
associations among measurements caused by the cluster (such as the counsel-
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lor, or the teacher), which increases the heterogeneity among treated individu-
als, would require the modelling of a negative random effect variance. Under
BCSM, it is straightforward to assess these effects. The covariance structure of
the BCSM can represent a random effect structure, but the random effects them-
selves do not have to be estimated. Many individual change phenomena can
be represented through a multilevel model, but these methods typically require
large samples and cannot always properly model heterogeneity within clusters.
An important advantage of BCSM is that the covariance structure can represent
a dependence structure implied by random effects, but the effects themselves
do not have to be estimated. The number of BCSM parameters is drastically
lower than for the standard MLM approaches, while the interpretation does not
change. Thus, BCSM allows for modelling complex theories with limited data.

Limitations

The main limitation is that data was assumed for a balanced design with a one-
way or two-way random effects structure. This textbook-case is –indeed– sim-
ple, but also illustrative. We choose these (balanced) dependence structures to
align with our ambition to also gently introduce the BCSM. The balanced de-
sign greatly simplifies the mathematical structure underlying our analyses. Ul-
timately, it is also our goal to include unbalanced designs, but to keep the scope
of our current article manageable, we focused on balanced designs. Of course,
because unbalanced designs are so ubiquitous in practice, the BCSM is going to
be extended to unbalanced designs. Furthermore, the statistical results obtained
for balanced designs will be the building blocks for unbalanced designs. Mean-
while, BCSMs have been defined for much more complex dependence structures
(as can be seen in Fox et al., 2017; Klotzke & Fox, 2019a, 2019b; Mulder & Fox,
2019).

Another limitation is that we relied on the default settings of the LME4 and
JAGS’s estimation method. We could have also adjusted and tweaked the es-
timation methods for optimal performance. All things considered, we justified
our choice based on the relative simplicity of the one-way random effects model.
The methods should be able to perform equally well (without any adjustments)
for these kind of models.

A final limitation lies within the computational efforts that are needed to es-
timate BCSM parameters. The Gibbs sampling procedure simply requires more
computation time than standard maximum likelihood methods. Ultimately, we
feel that the fact that the BCSM can estimate negative cluster correlations for
relative small samples far outweighs the computational cost. Also, while this
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generally true for all analysis of data: data collection (usually) takes way more
time, outweighing the computational time (usually) by a large margin.

Future research

The future of research into BCSM appears to be very relevant for various long-
standing statistical modeling problems. One of the foremost, is model selection.
As we have shown, under BCSM, zero is ‘just’ another value in the parameter
space of the (co)variance parameter instead of (an absolute) lower bound. In the
(standard) MLM, inferences about random effect variance parameters are prob-
lematic. For instance, a random-effect variance of zero, or a negative variance
estimate, can be of specific interest, but is now non-testable as both these val-
ues lie outside the boundary of the parameter space. Central to psychological
research is that theories or hypotheses are often expressed in the form of several
competing models (Klugkist et al., 2010; Wagenmakers & Farrell, 2004). It is
also often complicated to compare models that have small variance components,
as these variances lie near the lower bound, and testing near (or on) the lower-
bound is known to be problematic. With the BCSM, these so-called boundary
effects can be avoided, or at least weakened, by extending the parameter space
to include negative values, allowing not only for a more direct, but also testable
model comparison. In Bayesian hypothesis testing, hypotheses are restricted to
the parameter space of the prior(s). Thus, a major improvement of the BCSM
is the simple solution to have a prior distribution which gives positive support
to negative and positive intra-cluster correlations to make an objective decision
about the nature of the clustering.

Another interesting line of future research into BCSM is an extension to make
statistical inferences from (very) small data samples: BCSM has minimal sam-
ple size requirements, since it only requires two observations to estimate the
intra-cluster correlation, which is –indeed– the bare minimum of observations
required to compute a variance component. Data sets in the social and medical
sciences often remind us that not all data is ‘Big Data’: small samples are by
no means a rare occurrence. A small data set does not imply a lesser degree
of importance, as there are a variety of reasons why data sets could be small.
Correct statistical modelling is perhaps even more important when, for example,
the population of the target group is extremely sparse. Even for small data sets,
researchers in the social and medical sciences often have comprehensive theo-
ries available, which lead into the direction of testing many parameters with
multiple and complex dependencies. Fortunately, the complexity of the BCSM
is easily controlled, since each random effect structure is modelled in a separate

248



viii

Gently Introducing Negative Clustering Effects

layer of an additive covariance structure. Doing so is much more difficult in the
MLM approach, where each random effect introduces many model parameters
and the exact number of parameters depends on the fit of the model.

The final suggestion for future research concerns the estimation of individual
treatment effects. It is shown that the BCSM can detect individualized treatments
through negative intra-individual correlations, a next step is the estimation of
the effects. Estimated BCSM residuals contain the individual-specific regression
(random effect) parameters and a post-hoc estimation method is needed to es-
timate those random effects. For positively correlated clustered observations,
these estimated effects should resemble the random effect estimates under the
MLM. For negatively correlated observations, a different method is needed to
estimate the individual-specific contribution.

Conclusion

We hope that we have been able to show how our BCSM approach contribute to
standard multilevel modelling approaches and can be applied to evaluate indi-
vidualized interventions in psychology. Even though –as Pryseley et al. (2011)
pointed out– negative variance components received attention for more then half
a century (starting with Chernoff, 1954; Nelder, 1954), BCSM is a new way to
model directly dependences between measurements and individuals.

We strongly feel that BCSM affords the possibility of estimating rich and
realistic models for psychotherapy data. Given the relative importance of this
question in the psychology science, we hope that the BCSM accelerates relates
research into the question of how individuals change. We hope that the BCSM
that we suggested serve as a starting point for empirical analyses of individ-
ual change process research, ultimately to the benefit of not only psychological
science, but especially to those that rely on the benefits of (psycho)therapy.
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Appendix

The random treatment effect for the client, denoted as β3ij , does not define a
group effect, since each client ij has only one post-intervention observation.
Thus, the design matrix for the random treatment effect, Zi, is a diagonal matrix,
with a one for each client in the EW condition at the post-intervention and a zero
otherwise. The (conditional) MLM for counsellor i can be presented as

yi = β0 + β1Treatmenti + β2Posti + β3iZi + β(i) (Ib ⊗ 1n) + αi + ei,

αi ∼ N(0, τa) (Counsellor)

β(i) ∼ N(0, Ibτb) (Clients)

β3i ∼ N(β3, Inbτc) (Interaction)

ei ∼ N(0, Inbσ
2).

The covariance structure implied by the random effects for the clients of coun-
sellor i is given by

Σi = V ar (β3iZi) + V ar (αi1nb) + V ar
(
β(i) (Ib ⊗ 1n)

)
+ V ar (ei)

= ZiZ
t
iτc +

(
1nb1

t
nb

)
τa + (Ib ⊗ 1n) (Ib ⊗ 1n)t τb + Inbσ

2

= Inbσ
2 + ZiZ

t
iτc + Jnbτa + (Ib ⊗ Jn) τb

= Inbσ
2 + diag(Zi)τc︸ ︷︷ ︸

Interaction

+ Jnbτa︸ ︷︷ ︸
Counsellor

+ (Ib ⊗ Jn) τb︸ ︷︷ ︸
Client

. (8.22)

The posterior distribution of the residual variance σ2 and random effect variance
τc can be derived (Step 1). Consider the expected value of the sum of squares for
the scores of clients in the AW condition,

E (SSEAW
) = E

(
a∑

i=1

∑
j∈AW

n∑
k=1

(
yijk − yij.

)2)

= E

(
a∑

i=1

∑
j∈AW

n∑
k=1

(eijk − eij.)2
)

= n0 (n− 1)σ2,

where n0 is the number of clients in the AW condition across all counsellors.
Subsequently, variance parameter σ2 has an inverse-gamma distribution with
shape parameter (g1 + n0(n − 1))/2 and scale parameter (g2 + SSEAW

)/2. The
posterior distribution of the variance parameter τc is based on the sum of squares
of the post-intervention scores of the clients in the EW condition. The expected
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value is given by

E (SSEEW
) = E

(
a∑

i=1

∑
j∈EW

(yij2 − y2)
2

)

= E

(
a∑

i=1

∑
j∈EW

(eij2 − e2)2
)

= (n1 − 1)
(
σ2 + τc

)
,

where n1 is the number of post-intervention scores of clients in the EW condition,
and y2 the average post-intervention score of all clients in the EW condition. The
prior for σ2 is an inverse-gamma with parameters g1 and g2. The prior for the τc
is a shifted inverse gamma distribution, with the σ2 as the shift parameter, and
shape and scale parameter g1 and g2, respectively,

p
(
τc | σ2

)
∝
(
τc + σ2

)−g1−1 exp

(
−g2

τc + σ2

)
and τc ≥ −1/σ2. The posterior distribution of variance parameter τc is a shifted-
inverse gamma distribution with shape parameter (g1 + (n1 − 1))/2 and scale
parameter (g2 + SSEEW

)/2.

The posterior distribution of τa and τb depend on the average residual vari-
ance (see Equation (8.16) and (8.18); step 2a and step 2b). With heteroscedastic
error variances within a cluster i, a (pooled) average variance parameter is de-
fined. The average residual variance can be defined using a pooled variance
parameter. Consider the average residual variance,

E
(
e2ij.
)

= V ar

(
eij1 + eij2

2

)
=

{
σ2/2 AW condition
(σ2 + τc/2) /2 EW condition

This expression is used to define the average residual variance in cluster i using a
pooled residual variance parameter. Let n0i and n1i define the number of clients
in the AW and EW condition for counsellor i, respectively. It follows that,

E
(
e2i..
)

=
n0iσ

2/2 + n1i (σ2 + τc/2) /2

(n0i + n1i)
2

=

(
n0i

n0i+n1i

)
σ2 +

(
n1i

n0i+n1i

)
(σ2 + τc/2)

2 (n0i + n1i)

=
σ̃2

2 (n0i + n1i)
=
σ̃2

nb
,

with n = 2, and b = n0i + n1i, and σ̃2 the pooled residual variance parameter
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for cluster i. Finally, with n0 and n1 the total number of clients in the AW
and EW condition, respectively, a general pooled residual variance parameter
is defined using the weights n0/(n0 + n1) and the n1/(n0 + n1). This pooled
variance parameter is used to define the shift parameter in the shifted-inverse
gamma distribution of τa and τb (Step 3a and Step 3b).
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Woody Buzz, you’re flying!

Buzz Lightyear This isn’t flying, this is falling with style!

From the movie Toy Story by John Lasseter (1995)
produced at Pixar Animation Studios
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9General discussion

So we beat on, boats against

the current, borne back

ceaselessly into the past.

The Great Gatsby (1925, p. 261)

by F. Scott Fitzgerald

Introduction

We aim to advance Therapeutic Change Process Research (TCPR), a field
dedicated to answer the What Works When for Whom (WWWW; Nor-
cross & Wampold, 2011) question: what treatment, by whom, is

most effective for this individual with that specific problem, and under which
set of circumstances (Paul, 1967, p. 111). In the next section we pose seven
propositions that (we feel) can be substantiated based on the thesis (see Table
9.1). We use these propositions to reflect on the shortcomings and limitations of
our work, and conclude with suggestions for future research.

The seven propositions of this thesis

Effects studies can establish that an effect occurred, but knowing that ‘some-
thing’ happened is not an answer to the WWWW question (and how change
results from therapy remains a black box; Elliott, 2010, 2012). Ever since Sig-
mund Freud introduced the ‘talking cure’, conversation is the cornerstone to
most forms of psychotherapy (Garfield, 2006). Given the central position of the
therapeutic exchange (Imel et al., 2015), we argued that conversation is impor-
tant for understanding what happens in therapy, as language gives the unique
opportunity to express and communicate emotions, thoughts, motivations, and
intentions (Tausczik & Pennebaker, 2010).

Because text is a ‘data-format’ of language that is straightforward to analyse,
it is no surprise that TCPR has a long-standing tradition in the analysis of tran-
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Table 9.1: Propositions of the thesis.

# Proposition

1. Different research disciplines rely on different methods for Thera-
peutic Change Process Research (TCPR).

2. E-mails are a valuable data-source for studying the therapeutic ex-
change.

3. There are different ways to model e-mail data, matching different
TCPR preferences.

4. Multilevel models are exceptionally suitable for TCPR, because of
the way they can model e-mail data.

5. Multilevel models cannot assess negative clustering effects.

6. Negative clustering effects are the key to understanding What
Works When for Whom (WWWW), TCPR’s main research question.

7. An approach to WWWW is Bayesian Covariance Structure Modelling.

scribed language. The systematic review in chapter 2 shows that the Innovative
Moments Coding Scheme (Gonçalves et al., 2010; Gonçalves et al., 2011), the Nar-
rative Process Coding Scheme (Angus et al., 1996), the Assimilation of Problematic
Experiences Scale (Stiles et al., 1990; Stiles et al., 1991), and Conversation Analy-
sis (Peräkylä, 2012; Voutilainen et al., 2011) are the often used qualitative TCPR
methods to assess the ‘therapeutic talk’.

The state-of-the-art review in chapter 3 identifies four research streams of
(automated) text mining methods that are used specifically for TCPR (proposi-
tion 1 in Table 9.1): change analysts (stream A), engineers (B), explorers (C), and the
digitals (D). In chapter 4, we show that the streams differ in research objectives,
and we characterize this as a distinction between automation and explication. We
use chapter 4 to show that the largest differences between these two concepts are
between the developers of (new) text mining applications (as discussed in chapter
3), and the users of these text mining solutions (mainly discussed in chapter 2).

As online counselling mainly relies on e-mail as the primary means of com-
munication (Chester & Glass, 2006; Rochlen et al., 2004), these interventions
directly produce the textual interaction between client and counsellor. As the
active ingredients of therapy are included in the exchange of several e-mails,
we argued in chapter 5 that these e-mails contain a wealth of information about
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the WWWW question (proposition 2). In this light, it is not surprising to see
TCPR move towards web-based interventions. Nowadays, there is plenty of
room to do so, as traditional forms of psychotherapy are increasingly comple-
mented by online interactions between client and counsellor (Barak et al., 2008).
For some web-based interventions, the client and counsellor exclusively meet on-
line through the exchange of e-mails. There are different approaches to model
e-mail data from these interventions (proposition 3): in chapter 5 we discuss
models that focus on accuracy; in chapter 6 we discuss an explainable model.

In chapter 5 we show how accurate models can be used to predict drop-out
in the web-based intervention of Postel (2011), which is aimed at reducing (prob-
lematic) drinking behaviour. Even though the Linguistic Inquiry and Word Count
program (LIWC; Pennebaker, Boyd, et al., 2015) is one of the most popular text
mining methods (as discussed in chapter 3), drop-out turns out to be a multidi-
mensional construct that is complex to associate with the e-mail texts through
LIWC alone (Stark, 1992). Nevertheless, by taking this approach, chapter 5 offers
insight in the possibilities of working with e-mail data through accurate models
and presents some preliminary findings (which stress the importance of a good
working alliance between client and counsellor, distinguish between formal and
informal language, and highlight the importance of Tactus’ internet forum).

We detail a specific explainable model in chapter 6. As many phenomena of
individual change can be represented through a two-level hierarchical model,
multilevel models arise naturally for TCPR (Raudenbush & Bryk, 2002a). The first
level of the model represents each clients’ individual growth trajectory through
the repeated measures for each client. The second level represents variables that
are not repeatedly measured (or that change throughout the intervention), such
as gender, income, or social economic status (Snijders & Bosker, 2012). Consid-
ering that the client and counsellor are the two pre-eminent levels of clustering
(with several clients treated by a smaller number of counsellors), it becomes ap-
parent that the psychotherapeutic practice is –essentially– a multilevelled proce-
dure (proposition 4; Adelson & Owen, 2012; Baldwin et al., 2005; Crits-Christoph
et al., 2013; Kenny & Hoyt, 2009; Marcus et al., 2009; Nissen-Lie et al., 2010).

In chapter 6 we let the first level of the multilevel model consist out of the
repeated measures (i.e. a pre- and post-therapeutic score) of well-being and
depression in clients who participated in the e-mail intervention of Lamers et al.
(2015). The second level consists out of the clients themselves, with several traits
of their writing style. We also tried to model the clients as nested within their
counsellors, so that we could assess the relative counsellor effectiveness. The
counsellors would then act as the third level of the model, but we found that we
were unable to do so, as it turns out that it is impossible for (standard) multilevel
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models to assess the negative associations between observations within clusters.
Multilevel models can only assess positive clustering effects (positively correlated
observations in clusters), and not the effects of negative clustering (negatively
correlated observations in clusters, proposition 5).

Negative clustering effects are relevant for TCPR, as they describe the hetero-
geneity of a treatment, or the heterogeneous effect a counsellor has on clients.
Whereas positive clustering effects describe the similarity among observations
in clusters, negative clustering effects describe the dissimilarity in clusters. Dis-
similarity indicates that the heterogeneity within clusters is larger than between
clusters, in other words, negative clustering effects describe the divergency in
clusters. In a repeated measures design, dissimilarity between observations
means that each individual in a cluster has his (or her) own change trajectory.
A proper assessment of this heterogeneity unveils the contribution of the cluster
to the divergency. In other words, when modelling the repeated measures of
clients nested within counsellors, it becomes possible to learn something about
WWWW (proposition 6). Although negative clustering effects received some at-
tention (El Leithy et al., 2016; Kenny et al., 2002; Molenberghs & Verbeke, 2007,
2011; Nelder, 1954; Oliveira et al., 2017; Pryseley et al., 2011; Verbeke & Molen-
berghs, 2003), they appear to be largely unknown (or are neglected by) the sheer
majority of the research community.

In chapter 7 we show that standard multilevel models incorrectly assume that
observations are independently distributed under negative clustering, and show
that ignoring these effects lead to invalid standard errors and confidence inter-
vals, and deflated type-I errors. We also discuss why negative clustering effects
are impossible to model through standard multilevel models: under the mul-
tilevel modelling framework, dependencies among observations are modelled
through a random effect, with a variance that determines the strength of the
positive correlations among clustered observations. Modelling negative correla-
tions between observations (i.e. the dissimilarity) would then require a random
effect with a negative variance. This cannot be done with the standard appli-
cations of multilevel modelling, which leaves an important question open: how
should these negative clustering effects then be assessed?

In chapter 8, we introduce an alternative framework that is capable of assess-
ing negative clustering effects: Bayesian Covariance Structure Modelling (BCSM).
As the framework can address negative clustering, we argue that the use of
BCSM can show for whom the personalized treatment worked (and for whom it
did not; proposition 7). A highly negative effect indicates that some clients ben-
efit highly from the personalized treatment, where for others positive treatment
effects are more difficult to realize. These negative correlations also provide in-
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formation about the counsellors who are able to help clients improve. In chapter
8 we also show that we were unable to model the counsellor effectiveness in
chapter 6, because the counsellor had a negative clustering effect on the clients.

Strengths and limitations

We discuss the shortcomings and strengths of our approach by reflecting on the
propositions, but first we address the two assumptions that determined the ori-
entation of our work. Our first assumption is that the therapeutic exchange between
client and counsellor lies at the heart of TCPR. By taking this specific position, we
limited our focus to forms of therapy where the therapeutic conversation be-
tween client and counsellor plays a central role. There are however also other
forms of therapy. We do not reflect on the therapeutic (change) processes from
psychiatric medication, eye movement desensitization and reprocessing (EMDR), or the
beneficial effects of –for example– physical exercise. Given that we embedded our
work in psychotherapy research (which often focuses on the elements of therapy
that are under direct influence of the counsellor), we feel that this is a justifiable
limitation of our scope, and one that is in line with the research goals of the
field.

An alternative approach to TCPR –that would have been within the scope
of our work (but was not explored in this thesis)– could focus on a specific
type of therapy, such as psychodynamic (psychoanalytic) psychotherapy, cognitive
behavioural therapy, cognitive analytical therapy, interpersonal psychotherapy, human-
istic therapy, family or couple (systemic) therapy. A discussion of TCPR within the
context of a specific type of therapy comes with the advantage that the results are
directly embedded in the clinical practice. A more general approach could focus
on the common effects that underlie the many different types of treatments. Men-
tal health professionals already noted that many forms of therapy share common
elements, and there is a growing body of researchers that advocates this type of
TCPR (Grencavage & Norcross, 1990; Messer & Wampold, 2002). Focusing on
the shared aspects of a ‘general therapeutic model’ has the potential to uncover
the roots of therapy, and also gives insight into the WWWW question.

It was our choice to adopt a methodological point of view: we wanted to care-
fully assess the common TCPR methods and models, so we did not address
specific types of therapy or variables. We are aware of the fact that we do not
present the first body of work that is directed at TCPR, but we are among the
firsts to advocate an interdisciplinary approach, and towards that end we dis-
cuss various qualitative, automated, and statistical approaches. With the respect
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to the latter, we present a novel modelling framework that is particularly suit-
able for TCPR. So, even though we limited our scope we are confident that we
present a coherent and interdisciplinary methodological approach to TCPR.

The second assumption that underlies our work is that transcripts are a valu-
able data-source for studying the therapeutic exchange, but –of course– therapeutic
texts do not (and cannot) include all relevant behaviour. There are many dif-
ferent transcription standards: some require a direction transcription of what is
said, for others paraphrasing is sufficient, and some standards require that all ut-
terances (i.e. ‘oh’, ‘err’, ‘hmm’) and changes in the tone of voice are made explicit.
These different transcription standards allow for different depths of processing,
but we did not reflect on these differences. Aside from that, transcripts do not
include non-verbal communication such as facial expression, posture, gestures,
eye contact, and touch. Any experienced counsellor could tell how important
these aspects of therapy are. So, our approach to TCPR does not consider how
something is said, instead we focused on exactly what is said in therapy. We pre-
ferred an in-depth study of the active ingredients in the therapeutic language
over other aspects.

We will now reflect on our propositions: our first is that that different research
disciplines rely on different TCPR methods. In chapter 2 and 3 we took the position
that diversification at expense of unification is not the way forward. We re-iterate
our plea for a more integrated and unified approach to TCPR: given the central
role that TCPR could play in psychotherapy research, we are positive that all
disciplines would benefit from a more integrated approach. With that in mind,
we like to draw attention Figure 9.1.

Figure 9.1: Standards, reprinted from xkcd comics.

Indeed, proposing to ‘do something differently’ (similar to proposing a new
standard in Figure 9.1) comes with the risk of ending up as one of the other
approaches (that set out with the same ambition). Aside from that, posing that
there should be more unification is –to an extent– naive to the fact that there is
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perhaps a good reason why there are so many different approaches, and maybe
this differentiation is a desirable trait. As many fields rely on the analysis of
language –such as for example the humanities, linguistics, social and computer
sciences– it should not come as a surprise that there are equally many different
approaches to do so.

We are aware of the possibility that our proposition could end up as one of
the many approaches to TCPR (similar to Figure 9.1), but we do not have the
impression that the TCPR methods we discussed in chapter 2 and 3 were devel-
oped with knowledge of one another (there are relatively few cross-citations and
almost all approaches appear to be rooted in different areas of psychotherapeutic
research). We are therefore confident that the two reviews that we presented in
these chapters are a valuable addition with respect to unification of the literature
(and will not contribute to more diversification). Especially because we present
the automation-explication framework in chapter 4: in part I of the thesis we not
only show that qualitative and automated approaches differ, we also show how
these fields differ.

Our first proposition in part II is that e-mails are (also) a value data-source for
studying the therapeutic exchange. Indeed, in addition to transcriptions, we argue
in in chapter 5 and 6 that e-mails also have many of the desirable properties that
transcribed language. However, working with e-mails also (implicitly) means
that some level of technical expertise is present in the research group, as text
is a difficult data-format. In addition to the difficulties of transcribed language,
web-based counselling sometimes happens in the absence of any physical pres-
ence. Counselling where the client and counsellor exclusively meet online limit
the counsellor in seeing and reacting to the non-verbal or voice cues of clients.
Written words sometimes have a different connotation than the spoken word,
and e-mails can be perceived as cold, distant and harsher than intended as a
result of writing style. Therapy through written text alone has some downsides,
the main of which is that the working alliance between client and counsellor is
established through different mechanisms (which chapter 5 also seems to indi-
cate).

This however is also the greatest strengths of e-mail data. As we know that
web-based counselling can be effective –and client and counsellor have exclu-
sively met via e-mail– the e-mails should contain the active ingredients of ther-
apy. A careful assessment of these texts should give some insight in how these
active ingredients bring about change over the course of therapy. As a result, the
e-mail interaction could provide an important avenue for the WWWW question.

In part II we again address the differences between research disciplines: in part
I we focused on different TCPR methods, in part II we discuss that as the TCPR
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preferences differer between fields (mainly with respect to explication), there are different
ways to model e-mail data. However, when looking at the results that we present
in both chapters, we do not find large effects. In chapter 5 we study drop-out
in clients with AUD, and in chapter 6 we study improvement in clients with
mild depressive symptoms, and for both purposes we use the LIWC program.
We chose for this program, as the majority of the specific TCPR instruments is
only available for the English language (and not for Dutch, which is the main
language of the datasets we used in chapter 5 and 6), others demonstrated the
validity of LIWC in Dutch (Boot et al., 2017; van Wissen & Boot, 2017), and
LIWC encompasses many aspects of the e-mail texts (such as function words and
punctuation). Perhaps we did not find large effects because the phenomena that
we studied are quite nuanced and context-dependent, and LIWC was developed
as a general tool aimed at general use-cases (for example, LIWC does not contain
dictionaries that are related to AUD).

Another shortcoming that underlies part II is that we do not return to the
qualitative methods that we mentioned in part I, as we posed that multilevel
models are particularly useful for TCPR. Our main reason for doing so was that
we spent our time developing the framework that we presented in part III. This
choice came with the downside that we could not further develop qualitative
research models.

Chapter 7 demonstrates that multilevel models cannot assess negative clustering
effects, however it is difficult to make general claims because negative cluster-
ing is not addressed uniformly in the literature. We present a simulation study
that assesses the effect under various circumstances, but –to the best of our
knowledge– related concepts –such as the negativity of certain variance com-
ponents, or the modelling of covariance matrices under the Structural Equation
Modelling framework– received some attention, but we are confident that over-
all negative clustering effects are largely unknown to the sheer majority of the
research community.

The few who wrote about the topic (El Leithy et al., 2016; Kenny et al., 2002;
Molenberghs & Verbeke, 2007, 2011; Nelder, 1954; Oliveira et al., 2017; Pryseley
et al., 2011; Verbeke & Molenberghs, 2003), do so with great diversity (with
few attempts of bringing these closer together). We feel that the overview in
chapter 7 provides a useful basis for a large and comprehensive investigation
into negative clustering effects. We hope that others find the lessons that we
present at the end of chapter 7 to be helpful.

In chapter 8 we claim that negative clustering effects are the key to understanding
for WWWW, the main research question TCPR, but this is a ‘very quantitative’ solu-
tion, with no widely available software. In part I, we discussed qualitative TCPR
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methods, and in part III we propose a quantitative model. Although we adopted
an interdisciplinary approach, we are aware that because of its technical nature
the BCSM model is –in its current form– not accessible to all.

We have to make another reservation: even though we present BCSM as a
solution, we do not present software that can be used by researchers outside
of our team. So, in its current form, it is not possible for others to also apply
BCSM to their own work. Eventually, all ambitions in research projects end up
facing some time constraints, BCSM would have benefited from having software
available so that others can apply BCSM to they own models. This brings us
to our last limitation: we presented BCSM as an approach to WWWW, but as of
right now BCSM only works for balanced datasets (which means that BCSM is
restricted to datasets where there are an equal number of observations for each
group). For BCSM to really demonstrate its capacities, ultimately BCSM also has
to address unbalanced designs.

Even though we were aware of these limitations, we had two reasons for
presenting chapter 8 the way we did. First, we had to keep the scope of chapter
8 manageable, and we focused on a basic model in a balanced setting. Second,
the mathematical derivations for balanced designs are less complex, which is
why we addressed balanced designs first. Although we do not provide the
evidence for this claim in the thesis, BCSM is not restricted to balanced designs
in any way, but we have not published about these results as of yet (but this is
of course one of our future ambitions).

Main implications and future directions

We hope that we have been able to show how BCSM contributes standard mul-
tilevel modelling approaches, and can be applied to evaluate personalized inter-
ventions for TCPR. Even though –as Pryseley et al. (2011) pointed out– negative
clustering effects received attention for more than half a century (starting with
Chernoff, 1954; Nelder, 1954), BCSM presents a novel opportunity to directly
model the dependences between measurements and individuals, and has sev-
eral advantages over the other approaches that are available. We strongly feel
that BCSM allows for the possibility of estimating rich and realistic models for
psychotherapy data. However, our purpose was –for now– not to examine these
personalized treatment effects per se, but rather demonstrate that BCSM is able
to model such effects. An examination into the effect of each individual would
require more experimental data (which requires software that is not yet devel-
oped). Given the relative importance of the WWWW question in the psychology
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science, we hope that BCSM accelerates research into the question of how indi-
viduals change. BCSM can serve as a starting point for empirical analyses of
personalized treatment effects for TCPR, not only to the benefit of the psycho-
logical science, but to everyone –public health officials, clinicians, and of course
the clients and patients– who relies on the benefits of (psycho)therapy.

In chapter 3, we identified four streams of text mining TCPR. Mainly for
the change analysts of stream A and the explorers of stream C will BCSM be an
outcome. These streams are plagued by two types of problems: the theoretical
complexity of the constructs they wish to explore is large, and often greater than
what the sample size allows for. BCSM is especially suitable for these types of
problems. BCSM has minimal sample size requirements, since it only requires
two observations to estimate the intra-cluster correlation, which is –indeed– the
bare minimum of observations required to compute a variance component. Sec-
ondly, the complexity of the BCSM is easily controlled, since each random effect
structure is modelled in a separate layer of an additive covariance structure. This
property of BCSM allows for the rich and in-depth exploration of the theoret-
ical constructs that are required for stream A and C, with less restrictions in
sample size and model complexity. Doing so is much more difficult under the
standard multilevel modelling approach, where each random effect introduces
many model parameters and the exact number of parameters depends on the fit
of the model.

The engineers of stream B and the digitals of stream D use large datasets. One
of the elegant aspects of the BCSM is that the properties that make the frame-
work so applicable for small datasets, also work favourably for large datasets.
The main advantage of BCSM for these disciplines is that the parameter com-
plexity does not increase when the amount of data grows. BCSM is even suitable
for exponentially large datasets with repeated measures for more than a million
respondents (which –again– would be more difficult to do under the standard
multilevel modelling approach). Although we do not present empirical evidence
for this claim in the thesis, it is straightforward to see why this is the case, as the
computation of variance components is based on the sum of squares and data
transformations that can be calculated regardless of the size of the data. This is
a welcome addition for stream B and D, who work with datasets of considerable
size. These TCPR researchers also often work with accurate models, because the
complexity of the constructs is usually too large for models that are focused on
explanation. As model complexity is less of an issue under BCSM, the frame-
work could be an attractive option for researchers who wish to use models that
are well-explainable.
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A Discussion of the Thesis

Conclusion

We reflected on the various models and methods that can assess the therapeutic
exchange between client and counsellor. By using the automation-explication
framework, we conclude that fields differ in the TCPR preferences for mod-
elling e-mail data. We argue that multilevel models are exceptionally suitable
for TCPR, because these models produce explainable relations between the out-
come of therapy and aspects of the therapeutic interaction. We posed BCSM as
an alternative with several attractive model features for TCPR: BCSM is suitable
for the analysis of small data samples (it is possible to model cluster effects with
only two observations in each cluster), BCSM can assess complex dependencies
(so that multifaceted theoretical constructs can be assessed, even with a small
dataset), and –unlike the standard multilevel models– BCSM can assess negative
clustering effects. Through a simulation study and by analysis of a real data
example, we argued that negative clustering effects are in fact personalized ef-
fects. In doing so, we presented a theoretical foundation that allows for further
examining individualized effects in pursuit of the WWWW question.

269



What
Works
When

for
Whom



Appendices

271





References

Aarts, B. (2001). Corpus linguistics, Chom-

sky and fuzzy tree fragments. In C.

Mair & M. Hundt (Eds.), Corpus lin-
guistics and linguistic theory (pp. 5–

13). Rodopi.

Abbe, A., Grouin, C., Zweigenbaum, P., &

Falissard, B. (2016). Text mining ap-

plications in psychiatry: A system-

atic literature review. International
Journal of Methods in Psychiatric Re-
search, 25(2), 86–100. https :/ /doi .

org/10.1002/mpr.1481

Adelson, J. L., & Owen, J. (2012). Bring-

ing the psychotherapist back: Ba-

sic concepts for reading articles

examining therapist effects using

multilevel modeling. Psychotherapy,

49(2), 152–162. https://doi.org/10.

1037/a0023990

Adler, J. M. (2012). Living into the story:

Agency and coherence in a longitu-

dinal study of narrative identity de-

velopment and mental health over

the course of psychotherapy. Jour-
nal of Personality and Social Psychol-
ogy, 102(2), 367–389. https : / / doi .

org/10.1037/a0025289

Allison, P. D. (1990). Change scores as

dependent variables in regression

analysis. Sociological Methodology,

20, 93–114. https : / / doi . org / 10 .

2307/271083

Althoff, T., Clark, K., & Leskovec, J. (2016).

Large-scale Analysis of Counsel-

ing Conversations: An Application

of Natural Language Processing to

Mental Health. Transactions of the
Association for Computational Lin-
guistics, 4, 463–476. https : / / doi .

org/10.1162/tacl_a_00111

Amichai-Hamburger, Y., Klomek, A. B.,

Friedman, D., Zuckerman, O., &

Shani-Sherman, T. (2014). The fu-

ture of online therapy. Computers
in Human Behavior, 41(1), 288–294.

https : / / doi . org / 10 . 1016 / j . chb .

2014.09.016

Anderson, T., Bein, E., Pinnell, B. J., &

Strupp, H. H. (1999). Linguistic

Analysis of Affective Speech in Psy-

chotherapy: A case grammar ap-

proach. Psychotherapy Research, 9(1),

88–99. https ://doi .org/10 .1080/

10503309912331332611

Andersson, G., & Cuijpers, P. (2009).

Internet-based and other comput-

erized psychological treatments for

adult depression: a meta-analysis.

Cognitive Behaviour Therapy, 38(4),

196–205. https://doi.org/10.1080/

16506070903318960

Andersson, G., Cuijpers, P., Carlbring, P.,

Riper, H., & Hedman, E. (2014).

Guided Internet-based vs. face-to-

273

https://doi.org/10.1002/mpr.1481
https://doi.org/10.1002/mpr.1481
https://doi.org/10.1037/a0023990
https://doi.org/10.1037/a0023990
https://doi.org/10.1037/a0025289
https://doi.org/10.1037/a0025289
https://doi.org/10.2307/271083
https://doi.org/10.2307/271083
https://doi.org/10.1162/tacl_a_00111
https://doi.org/10.1162/tacl_a_00111
https://doi.org/10.1016/j.chb.2014.09.016
https://doi.org/10.1016/j.chb.2014.09.016
https://doi.org/10.1080/10503309912331332611
https://doi.org/10.1080/10503309912331332611
https://doi.org/10.1080/16506070903318960
https://doi.org/10.1080/16506070903318960


References

face cognitive behavior therapy for

psychiatric and somatic disorders:

A systematic review and meta-

analysis. World Psychiatry, 13(3),

288–295. https://doi.org/10.1080/

16506070903318960

Andrade, A. L. M., Caraveo-Anduaga, J. J.,

Berglund, P., Bijl, R., Kessler, R. C.,

Demler, O., Walters, E., Kýlýç, C.,

Offord, D., Üstün, T. B., & Wittchen,

H. U. (2013). Cross-national com-

parisons of the prevalences and cor-

relates of mental disorders. Bulletin
of the World Health Organization,

78(4), 413–426. https://doi.org/10.

1590/S0042-96862000000400003

Andrade, A. L. M., de Lacerda, R. B., Go-

mide, H. P., Ronzani, T. M., Sartes,

L. M. A., Martins, L. F., Bedendo,

A., Souza-Formigoni, M. L. O., Vro-

mans, I. S., Poznyak, V., Fitzmau-

rice, G., Rekve, D., Martin Abello,

K., Kramer, J., Rosier, I., Tiburcio-

Sainz, M., Lara, M. A., Padruchny,

D., Ambekar, A., . . . Schaub, M. P.

(2016). Web-based self-help inter-

vention reduces alcohol consump-

tion in both heavy-drinking and

dependent alcohol users: A pilot

study. Addictive Behaviors, 63(1), 63–

71. https : / / doi . org / 10 . 1016 / j .

addbeh.2016.06.027

Andrews, G., Cuijpers, P., Craske, M. G.,

McEvoy, P., & Titov, N. (2010).

Computer Therapy for the Anx-

iety and Depressive Disorders Is

Effective, Acceptable and Practi-

cal Health Care: A Meta-Analysis

(B. T. Baune, Ed.). PLOS One, 5(10),

e13196. https://doi.org/10.1371/

journal.pone.0013196

Andrews, G., Issakidis, C., Sanderson, K.,

Corry, J., & Lapsley, H. (2004). Util-

ising survey data to inform pub-

lic policy: comparison of the cost-

effectiveness of treatment compar-

ison of the cost-effectiveness of

treatment of ten mental disorders.

The British Journal of Psychiatry,

184(6), 526–533. https ://doi .org/

10.1192/bjp.184.6.526

Angus, L. E., & Greenberg, L. S. (2011).

Working with narrative in emotion-
focused therapy: Changing stories,
healing lives. American Psychologi-

cal Association. https ://doi .org/

10.1037/12325-000

Angus, L. E., Hardtke, K., & Levitt,

H. (1996). Narrative Processes Cod-
ing System training manual. Unpub-

lished manuscript, Angus Narra-

tive Lab, York University, Toronto,

Ontario, Canada.

Angus, L. E., Levitt, H., & Hardtke, K.

(1999). The narrative processes cod-

ing system: Research applications

and implications for psychotherapy

practice. Journal of Clinical Psychol-
ogy, 55(10), 1255–1270. https : / /

doi . org / 10 . 1002 / (sici ) 1097 -

4679(199910)55:10<1255::aid-jclp7>

3.0.co;2-f

Angus, L. E., & McLeod, J. (2004).

The Handbook of Narrative and Psy-
chotherapy: Practice, Theory, and Re-
search. Sage Publications. https://

doi.org/10.4135/9781412973496

Arntz, A., Hawke, L. D., Bamelis, L.,

Spinhoven, P., & Molendijk, M. L.

(2012). Changes in natural lan-

guage use as an indicator of psy-

chotherapeutic change in personal-

274

https://doi.org/10.1080/16506070903318960
https://doi.org/10.1080/16506070903318960
https://doi.org/10.1590/S0042-96862000000400003
https://doi.org/10.1590/S0042-96862000000400003
https://doi.org/10.1016/j.addbeh.2016.06.027
https://doi.org/10.1016/j.addbeh.2016.06.027
https://doi.org/10.1371/journal.pone.0013196
https://doi.org/10.1371/journal.pone.0013196
https://doi.org/10.1192/bjp.184.6.526
https://doi.org/10.1192/bjp.184.6.526
https://doi.org/10.1037/12325-000
https://doi.org/10.1037/12325-000
https://doi.org/10.1002/(sici)1097-4679(199910)55:10<1255::aid-jclp7>3.0.co;2-f
https://doi.org/10.1002/(sici)1097-4679(199910)55:10<1255::aid-jclp7>3.0.co;2-f
https://doi.org/10.1002/(sici)1097-4679(199910)55:10<1255::aid-jclp7>3.0.co;2-f
https://doi.org/10.1002/(sici)1097-4679(199910)55:10<1255::aid-jclp7>3.0.co;2-f
https://doi.org/10.4135/9781412973496
https://doi.org/10.4135/9781412973496


References

ity disorders. Behaviour Research and
Therapy, 50(3), 191–202. https : / /

doi.org/10.1016/j.brat.2011.12.007

Atkins, D. C., Rubin, T. N., Steyvers, M.,

Doeden, M. A., Baucom, B. R., &

Christensen, A. (2012). Topic mod-

els: A novel method for modeling

couple and family text data. Journal
of Family Psychology, 26(5), 816–827.

https://doi.org/10.1037/a0029607

Atkins, D. C., Steyvers, M., Imel, Z. E.,

& Smyth, P. (2014). Scaling up the

evaluation of psychotherapy: evalu-

ating motivational interviewing fi-

delity via statistical text classifica-

tion. Implementation Science, 9(1), 9–

49. https://doi.org/10.1186/1748-

5908-9-49

Back, M. D., Egloff, B., & Küfner, A. C. P.

(2011). and Lessons Learned for the

Analysis of Large Digital Data Sets

Article in Psychological Science.

Psychological Science, 22(6), 837–838.

https : / / doi . org / 10 . 1177 /

0956797611409592

Baldwin, S. A., & Fellingham, G. W. (2013).

Bayesian methods for the analy-

sis of small sample multilevel data

with a complex variance structure.

Psychological Methods, 18(2), 151–

164. https : / / doi . org / 10 . 1037 /

a0030642

Baldwin, S. A., & Imel, Z. E. (2013). Thera-

pist Effects. In M. J. Lambert (Ed.),

Handbook of psychotherapy and behav-
ior change (6th ed., pp. 258–297).

John Wiley & Sons, Ltd.

Baldwin, S. A., Murray, D. M., & Shadish,

W. R. (2005). Empirically sup-

ported treatments or type I er-

rors? Problems with the analysis

of data from group-administered

treatments. Journal of Consulting and
Clinical Psychology, 73(5), 924–935.

https : / / doi . org / 10 . 1037 / 0022 -

006X.73.5.924

Baldwin, S. A., Stice, E., & Rohde, P.

(2008). Statistical analysis of group-

administered intervention data: Re-

analysis of two randomized trials.

Psychotherapy Research, 18(4), 365–

376. https : / / doi . org / 10 . 1080 /

10503300701796992

Baldwin, S. A., Wampold, B. E., &

Imel, Z. E. (2007). Untangling the

Alliance-Outcome Correlation: Ex-

ploring the Relative Importance of

Therapist and Patient Variability in

the Alliance. Journal of Consulting
and Clinical Psychology, 75(6), 842–

852. https://doi.org/10.1037/0022-

006X.75.6.842

Ball, S. A., Carroll, K. M., Canning-Ball,

M., & Rounsaville, B. J. (2006). Rea-

sons for dropout from drug abuse

treatment: Symptoms, personality,

and motivation. Addictive Behaviors,

31(2), 320–330. https://doi.org/10.

1016/j.addbeh.2005.05.013

Banko, M., & Brill, E. (2001). Scaling to

Very Very Large Corpora for Natu-

ral Language Disambiguation. Pro-
ceedings of 39th Annual Meeting of
the Association for Computational Lin-
guistics, 26–33. https://doi.org/10.

3115/1073012.1073017

Barak, A., Hen, L., Boniel-Nissim, M., &

Shapira, N. (2008). A comprehen-

sive review and a meta-analysis of

the effectiveness of internet-based

psychotherapeutic interventions.

Journal of Technology in Human Ser-

275

https://doi.org/10.1016/j.brat.2011.12.007
https://doi.org/10.1016/j.brat.2011.12.007
https://doi.org/10.1037/a0029607
https://doi.org/10.1186/1748-5908-9-49
https://doi.org/10.1186/1748-5908-9-49
https://doi.org/10.1177/0956797611409592
https://doi.org/10.1177/0956797611409592
https://doi.org/10.1037/a0030642
https://doi.org/10.1037/a0030642
https://doi.org/10.1037/0022-006X.73.5.924
https://doi.org/10.1037/0022-006X.73.5.924
https://doi.org/10.1080/10503300701796992
https://doi.org/10.1080/10503300701796992
https://doi.org/10.1037/0022-006X.75.6.842
https://doi.org/10.1037/0022-006X.75.6.842
https://doi.org/10.1016/j.addbeh.2005.05.013
https://doi.org/10.1016/j.addbeh.2005.05.013
https://doi.org/10.3115/1073012.1073017
https://doi.org/10.3115/1073012.1073017


References

vices, 26(2-4), 109–160. https://doi.

org/10.1080/15228830802094429

Barcikowski, R. S. (1981). Statistical Power

with Group Mean as the Unit

of Analysis. Journal of Educational
Statistics, 6(3), 267–285. https : / /

doi.org/10.2307/1164877

Barkham, M., Stiles, W. B., & Shapiro,

D. A. (1993). The shape of change in

psychotherapy: longitudinal assess-

ment of personal problems. Journal
of Consulting and Clinical Psychology,

61(4), 667–677. https://doi.org/10.

1037/0022-006X.61.4.667

Basit, T. (2003). Manual or electronic? The

role of coding in qualitative data

analysis. Educational Research, 45(2),

143–154. https://doi.org/10.1080/

0013188032000133548

Bates, D., Mächler, M., Bolker, B., & Walker,

S. (2015). Fitting Linear Mixed-

Effects Models Using {lme4}. Jour-
nal of Statistical Software, 67(1), 1–48.

https://doi.org/10.18637/jss.v067.

i01

Bates, M. (1995). Models of natural lan-

guage understanding. Proceedings of
the National Academy of Sciences of
the United States of America, 92(22),

9977–9982. https : / / doi . org / 10 .

1073/pnas.92.22.9977

Beekman, A. T. F., Deeg, D. J. H., van Lim-

beek, J., Braam, A. W., de Vries,

M. Z., & van Tilburg, W. (1997).

Criterion Validity of the Center

for Epidemiologic Studies Depres-

sion scale (CES-D): Results from a

Community-Based Sample of Older

Subjects in the Netherlands. Psy-
chological Medicine, 27(1), 231–235.

https : / / doi . org / 10 . 1017 /

S0033291796003510

Bennett, K., Bennett, A. J., & Griffiths,

K. M. (2010). Security considera-

tions for e-mental health interven-

tions. Journal of Medical Internet Re-
search, 12(5), e61. https://doi.org/

10.2196/jmir.1468

Berger, M., Wagner, T. H., & Baker, L. C.

(2005). Internet use and stigmatized

illness. Social Science and Medicine,

61(8), 1821–1827. https://doi.org/

10.1016/j.socscimed.2005.03.025

Bird, S., Klein, E., & Loper, E. (2009). Nat-
ural language processing with Python
(1st ed.). O’Reilly Media. https://

doi.org/10.2307/40925581

Birren, J. E., & Deutchman, D. E. (1991).

Guiding autobiography groups for
older adults: Exploring the fabric of
life. John Hopkins University Press.

https : / / doi . org / 10 . 1353 / book .

3469

Bishop, C. M. (2006). Pattern recognition and
machine learning. Springer. https://

doi.org/10.1016/c2009-0-22409-3

Bishop, L. (2009). Ethical Sharing and

Reuse of Qualitative Data. Aus-
tralian Journal of Social Issues, 44(3),

255–272. https://doi.org/10.1002/

j.1839-4655.2009.tb00145.x

Blankers, M. (2011). E-Mental Health Inter-
ventions for Harmful Alcohol Use: Re-
search Methods and Outcomes (Doc-

toral dissertation). University of

Amsterdam.

Blei, D. M., Ng, A. Y.-T., & Jordan, M. I.

(2003). Latent Dirichlet Allocation.

Journal of Machine Learning Research,

3(1), 993–1022.

276

https://doi.org/10.1080/15228830802094429
https://doi.org/10.1080/15228830802094429
https://doi.org/10.2307/1164877
https://doi.org/10.2307/1164877
https://doi.org/10.1037/0022-006X.61.4.667
https://doi.org/10.1037/0022-006X.61.4.667
https://doi.org/10.1080/0013188032000133548
https://doi.org/10.1080/0013188032000133548
https://doi.org/10.18637/jss.v067.i01
https://doi.org/10.18637/jss.v067.i01
https://doi.org/10.1073/pnas.92.22.9977
https://doi.org/10.1073/pnas.92.22.9977
https://doi.org/10.1017/S0033291796003510
https://doi.org/10.1017/S0033291796003510
https://doi.org/10.2196/jmir.1468
https://doi.org/10.2196/jmir.1468
https://doi.org/10.1016/j.socscimed.2005.03.025
https://doi.org/10.1016/j.socscimed.2005.03.025
https://doi.org/10.2307/40925581
https://doi.org/10.2307/40925581
https://doi.org/10.1353/book.3469
https://doi.org/10.1353/book.3469
https://doi.org/10.1016/c2009-0-22409-3
https://doi.org/10.1016/c2009-0-22409-3
https://doi.org/10.1002/j.1839-4655.2009.tb00145.x
https://doi.org/10.1002/j.1839-4655.2009.tb00145.x


References

Bluck, S., & Levine, L. J. (1998). Remi-

niscence as autobiographical mem-

ory: a catalyst for reminiscence the-

ory development. Ageing and Soci-
ety, 18(2), 185–208. https : / / doi .

org/10.1017/s0144686x98006862

Bock, R. D., & Bargmann, R. E. (1966).

Analysis of covariance structures.

Psychometrika, 31(4), 507–534. https:

//doi.org/10.1007/bf02289521

Bohlmeijer, E. T., & Westerhof, G. J. (2010).

Op verhaal komen. Je autobiografie als
bron van wijsheid [The stories we live
by]. Uitgeverij Boom. https://doi.

org/10.1007/bf03089415

Boldrini, T., Nazzaro, M. P., Genova, F.,

& Gazzillo, F. (2017). Mentaliza-

tion as a Predictor of Psychoana-

lytic Outcome: An Empirical Study

of Transcribed Psychoanalytic Ses-

sions Through the Lenses of a Com-

puterized Text Analysis Measure

of Reflective Functioning. Psycho-
analytic Psychology, 35(2), 196–204.

https : / / doi . org / 10 . 1037 /

pap0000154

Bonab, H. R., & Can, F. (2016). A theoret-

ical framework on the ideal num-

ber of classifiers for online ensem-

bles in data streams. International
Conference on Information and Knowl-
edge Management, Proceedings, 24-
28-Octo, 2053–2056. https : / / doi .

org/10.1145/2983323.2983907

Boot, P., Zijlstra, H., & Geenen, R. (2017).

The Dutch translation of the Lin-

guistic Inquiry and Word Count

(LIWC) 2007 dictionary. Dutch Jour-
nal of Applied Linguistics, 6(1), 65–76.

https://doi.org/10.1075/dujal.6.1.

04boo

Braakmann, D. (2015). Historical Paths

in Psychotherapy Research. In

O. C. G. Gelo, A. Pritz, & B. Rieken

(Eds.), Psychotherapy research: Foun-
dations, process, and outcome (1st ed.,

pp. 39–65). Springer. https://doi .

org/10.1007/978-3-7091-1382-0_3

Breiman, L. (2001a). Random forests. Ma-
chine learning, 45(1), 5–32. https://

doi.org/10.1023/A:1010933404324

Breiman, L. (2001b). Statistical Modeling:

The Two Cultures. Statistical Sci-
ence, 16(3), 199–231. https : / / doi .

org/10.1214/ss/1009213725

Brewin, C. R. (2006). Understanding cogni-

tive behaviour therapy: A retrieval

competition account. Behaviour Re-
search and Therapy, 44(6), 765–784.

https://doi.org/10.1016/J.BRAT.

2006.02.005

Brinegar, C. S. (1963). Mark Twain and the

Quintus Curtius Snodgrass letters:

A statistical test of authorship. Jour-
nal of the American statistical Associ-
ation, 58(301), 85–96. https ://doi .

org/10.2307/2282956

Bruffaerts, R., Bonnewyn, A., & Demyt-

tenaere, K. (2007). Delays in seek-

ing treatment for mental disorders

in the Belgian general population.

Social Psychiatry and Psychiatric Epi-
demiology, 42(11), 937–944. https://

doi.org/10.1007/s00127-007-0239-3

Brzozowski, J. A. (1964). Derivatives of

Regular Expressions. Journal of the
Association for Computing Machinery,

11(4), 481–494. https://doi.org/10.

1145/321239.321249

Bucci, W. (2013). The referential process

as a common factor across treat-

ment modalities. Research in Psy-

277

https://doi.org/10.1017/s0144686x98006862
https://doi.org/10.1017/s0144686x98006862
https://doi.org/10.1007/bf02289521
https://doi.org/10.1007/bf02289521
https://doi.org/10.1007/bf03089415
https://doi.org/10.1007/bf03089415
https://doi.org/10.1037/pap0000154
https://doi.org/10.1037/pap0000154
https://doi.org/10.1145/2983323.2983907
https://doi.org/10.1145/2983323.2983907
https://doi.org/10.1075/dujal.6.1.04boo
https://doi.org/10.1075/dujal.6.1.04boo
https://doi.org/10.1007/978-3-7091-1382-0_3
https://doi.org/10.1007/978-3-7091-1382-0_3
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1214/ss/1009213725
https://doi.org/10.1214/ss/1009213725
https://doi.org/10.1016/J.BRAT.2006.02.005
https://doi.org/10.1016/J.BRAT.2006.02.005
https://doi.org/10.2307/2282956
https://doi.org/10.2307/2282956
https://doi.org/10.1007/s00127-007-0239-3
https://doi.org/10.1007/s00127-007-0239-3
https://doi.org/10.1145/321239.321249
https://doi.org/10.1145/321239.321249


References

chotherapy: Psychopathology, Process
and Outcome, 16(1), 16–23. https://

doi.org/10.7411/RP.2013.003

Bucci, W., & Maskit, B. (2006). A Weighted

Referential Activity Dictionary. In

J. G. Shanahan, Y. Qu, & J. Wiebe

(Eds.), Computing attitude and af-
fect in text: Theory and applications
(pp. 49–60). Springer Netherlands.

https://doi.org/10.1007/1-4020-

4102-0_6

Bucci, W., & Maskit, B. (2007). Beneath the

surface of the therapeutic interac-

tion: The psychoanalytic method in

modern dress. Journal of the Ameri-
can Psychoanalytic Association, 55(4),

1355–1397. https : / / doi . org / 10 .

1177/000306510705500412

Burnham, K. P., & Anderson, D. R. (2004).

Multimodel Inference Understand-

ing AIC and BIC in Model Selec-

tion. Sociological Methods & Research,

33(2), 261304. https://doi.org/10.

1177/0049124104268644

Butler, R. N. (1963). The Life Review: An

Interpretation of Reminiscence in

the Aged. Psychiatry, 26(1), 65–76.

https://doi.org/10.1080/00332747.

1963.11023339

Calvo, R. A., Milne, D. N., Hussain, M. S.,

& Christensen, H. (2017). Natu-

ral language processing in men-

tal health applications using non-

clinical texts. Natural Language En-
gineering. https://doi.org/10.1017/

S1351324916000383

Campbell, L. F., Norcross, J. C., Vasquez,

M. J. T., & Kaslow, N. J. (2013).

Recognition of psychotherapy ef-

fectiveness: the APA resolution.

Psychotherapy, 50(1), 98. https : / /

doi.org/10.1521/psyc.2009.72.1.32

Campbell, R., & Pennebaker, J. W. (2003).

The secret life of pronouns: flexi-

bility in writing style and physical

health. Psychological Science, 14(1),

60–65. https ://doi .org/10 .1111/

1467-9280.01419

Can, D., Atkins, D. C., & Narayanan, S.

(2015). A dialog act tagging ap-

proach to behavioral coding: A case

study of addiction counseling con-

versations. Proceedings of the Annual
Conference of the International Speech
Communication Association, INTER-
SPEECH, 339–343.

Can, D., Georgiou, P. G., Atkins, D. C., &

Narayanan, S. (2012). A Case Study:

Detecting Counselor Reflections in

Psychotherapy for Addictions us-

ing Linguistic Features. Thirteenth
Annual Conference of the International
Speech Communication Association.,
2–5.

Can, D., Marín, R. A., Georgiou, P. G., Imel,

Z. E., Atkins, D. C., & Narayanan,

S. (2016). "It sounds like ...": A nat-

ural language processing approach

to detecting counselor reflections in

motivational interviewing. Journal
of Counseling Psychology, 63(3), 343–

350. https : / / doi . org / 10 . 1037 /

cou0000111

Cariola, L. A. (2015). Semantic Expressions

Of The Body Boundary Personal-

ity In Person Centered Psychother-

apy. International Body Pyschother-
apy Journal, 14(1), 48–64. https : / /

doi . org / 10 . 1080 / 17432979 . 2010 .

530060#.VBfsNC6wJRU

278

https://doi.org/10.7411/RP.2013.003
https://doi.org/10.7411/RP.2013.003
https://doi.org/10.1007/1-4020-4102-0_6
https://doi.org/10.1007/1-4020-4102-0_6
https://doi.org/10.1177/000306510705500412
https://doi.org/10.1177/000306510705500412
https://doi.org/10.1177/0049124104268644
https://doi.org/10.1177/0049124104268644
https://doi.org/10.1080/00332747.1963.11023339
https://doi.org/10.1080/00332747.1963.11023339
https://doi.org/10.1017/S1351324916000383
https://doi.org/10.1017/S1351324916000383
https://doi.org/10.1521/psyc.2009.72.1.32
https://doi.org/10.1521/psyc.2009.72.1.32
https://doi.org/10.1111/1467-9280.01419
https://doi.org/10.1111/1467-9280.01419
https://doi.org/10.1037/cou0000111
https://doi.org/10.1037/cou0000111
https://doi.org/10.1080/17432979.2010.530060#.VBfsNC6wJRU
https://doi.org/10.1080/17432979.2010.530060#.VBfsNC6wJRU
https://doi.org/10.1080/17432979.2010.530060#.VBfsNC6wJRU


References

Carroll, K. M., Nich, C., Sifry, R. L., Nuro,

K. F., Frankforter, T. L., Ball, S. A.,

Fenton, L., & Rounsaville, B. J.

(2000). A general system for evalu-

ating therapist adherence and com-

petence in psychotherapy research

in the addictions. Drug and Alcohol
Dependence, 57(3), 225–238. https://

doi . org / 10 . 1016 / S0376 - 8716(99 )

00049-6

Carroll, L. (1865). Alice’s Adventures in
Wonderland. Macmillan Publishers.

https : / / doi . org / 10 . 2307 / j .

ctvc7785k

Chapman, C., Slade, T., Hunt, C., &

Teesson, M. (2015). Delay to first

treatment contact for alcohol use

disorder. Drug and Alcohol Depen-
dence, 147, 116–121. https : / / doi .

org / 10 . 1016 / j . drugalcdep . 2014 .

11.029

Chen, E. E., & Wojcik, S. P. (2016). A Prac-

tical Guide to Big Data Research

in Psychology. Psychological Meth-
ods, 21(4), 458–474. https : / / doi .

org/10.1037/met0000111

Chernoff, H. (1954). On the distribution

of the likelihood ratio. The Annals
of Mathematical Statistics, 573–578.

https ://doi .org/10 .1214/aoms/

1177728725

Chester, A., & Glass, C. A. (2006). Online

counselling: A descriptive analysis

of therapy services on the Internet.

British Journal of Guidance and Coun-
selling, 34(2), 145–160. https://doi.

org/10.1080/03069880600583170

Chomsky, N. (1956). Three models for the

description of language. IRE Trans-
actions on information theory, 2(3),

113–124.

Choudhury, M. D., Gamon, M., Counts,

S., & Horvitz, E. (2013). Predicting

depression via social media. Pro-
ceedings of the Seventh International
AAAI Conference on Weblogs and So-
cial Media, 2, 128–137. https://doi.

org/10.1109/IRI.2012.6302998

Christensen, H., Griffiths, K. M., & Farrer,

L. (2009). Adherence in internet in-

terventions for anxiety and depres-

sion. Journal of Medical Internet Re-
search, 11(2), 1–17. https://doi.org/

10.2196/jmir.1194

Chung, C., & Pennebaker, J. W. (2007). The

psychological functions of function

words. In K. Fiedler (Ed.), Frontiers
of social psychology: Social communi-
cation (1st ed., pp. 343–359). Psy-

chology Press.

Clarke, G., Eubanks, D., Reid, E., Kelle-

her, C., O’Connor, E., DeBar, L. L.,

Lynch, F., Nunley, S., & Gullion,

C. (2005). Overcoming Depression

on the Internet (ODIN) (2): a ran-

domized trial of a self-help depres-

sion skills program with reminders.

Journal of Medical Internet Research,

7(2), 1–12. https : / / doi . org / 10 .

2196/jmir.7.2.e16

Clarke, P. (2008). When can group level

clustering be ignored? Multilevel

models versus single-level models

with sparse data. Journal of Epidemi-
ology & Community Health, 62(8),

752–758. https://doi.org/10.1136/

jech.2007.060798

Cloud, R. N., & Peacock, P. L. (2001).

Internet screening and interven-

tions for problem drinking: Results

from the www.carebetter.com pilot

study. Alcoholism Treatment Quar-

279

https://doi.org/10.1016/S0376-8716(99)00049-6
https://doi.org/10.1016/S0376-8716(99)00049-6
https://doi.org/10.1016/S0376-8716(99)00049-6
https://doi.org/10.2307/j.ctvc7785k
https://doi.org/10.2307/j.ctvc7785k
https://doi.org/10.1016/j.drugalcdep.2014.11.029
https://doi.org/10.1016/j.drugalcdep.2014.11.029
https://doi.org/10.1016/j.drugalcdep.2014.11.029
https://doi.org/10.1037/met0000111
https://doi.org/10.1037/met0000111
https://doi.org/10.1214/aoms/1177728725
https://doi.org/10.1214/aoms/1177728725
https://doi.org/10.1080/03069880600583170
https://doi.org/10.1080/03069880600583170
https://doi.org/10.1109/IRI.2012.6302998
https://doi.org/10.1109/IRI.2012.6302998
https://doi.org/10.2196/jmir.1194
https://doi.org/10.2196/jmir.1194
https://doi.org/10.2196/jmir.7.2.e16
https://doi.org/10.2196/jmir.7.2.e16
https://doi.org/10.1136/jech.2007.060798
https://doi.org/10.1136/jech.2007.060798


References

terly, 19(2), 23–44. https://doi.org/

10.1300/J020v19n02_02

Copeland, J., & Hall, W. (1992). A com-

parison of predictors of treatment

drop-out of women seeking drug

and alcohol treatment in a spe-

cialist women’s and two traditional

mixed-sex treatment services. Ad-
diction, 87(6), 883–890. https://doi.

org / 10 . 1111 / j . 1360 - 0443 . 1992 .

tb01983.x

Copeland, J., & Martin, G. (2004). Web-

based interventions for substance

use disorders. Journal of Substance
Abuse Treatment, 26(2), 109–116.

https ://doi .org/10 .1016/S0740 -

5472(03)00165-X

Cremers, A., & Ginsburg, S. (1975).

Context-free grammar forms. Jour-
nal of Computer and System Sciences,

11(1), 86–117. https://doi.org/10.

1016/S0022-0000(75)80051-1

Crits-Christoph, P., Gibbons, M. B. C., &

Mukherjee, D. (2013). Psychother-

apy Process-Outcome Research. In

M. J. Lambert (Ed.), Handbook of
psychotherapy and behavior change
(6th ed., pp. 298–340). John Wiley

& Sons, Ltd.

Crowder, M. J., & Hand, D. J. (1990). Anal-
ysis of Repeated Measures (1st ed.).

Chapman & Hall/CRC. https : / /

doi.org/10.1201/9781315137421

Cunningham, J. A., & Breslin, F. C. (2004).

Only one in three people with alco-

hol abuse or dependence ever seek

treatment. Addictive Behaviors, 29(1),

221–223. https://doi.org/10.1016/

S0306-4603(03)00077-7

Cunningham, J. A., Sobell, L. C., Sobell,

M. B., & Gaskin, J. (1994). Alcohol

and drug abusers’ reasons for seek-

ing treatment. Addictive Behaviors,

19(6), 691–696. https://doi.org/10.

1016/0306-4603(94)90023-X

Degenhardt, L., Charlson, F., Ferrari,

A., Santomauro, D., Erskine, H.,

Mantilla-Herrara, A., Whiteford,

H., Leung, J., Naghavi, M., Gris-

wold, M., Rehm, J., Hall, W., Sar-

torius, B., Scott, J., Vollset, S. E.,

Knudsen, A. K., Haro, J. M., Pat-

ton, G., Kopec, J., . . . Vos, T. (2018).

The global burden of disease at-

tributable to alcohol and drug use

in 195 countries and territories,

1990–2016: a systematic analysis for

the Global Burden of Disease Study

2016. The Lancet Psychiatry, 5(12),

987–1012. https : / / doi . org / 10 .

1016/S2215-0366(18)30337-7

de Graaf, R., ten Have, M. L., & van

Dorsselaer, S. (2010). De psychische
gezondheid van de Nederlandse bevolk-
ing: NEMESIS-2: opzet en eerste re-
sultaten. Trimbos-instituut [host].

de Graaf, R., Tuithof, M., van Dorsse-

laer, S., & ten Have, M. (2011).

Verzuim door psychische en somatis-
che aandoeningen bij werkenden Re-
sultaten van de ‘Netherlands Mental
Health Survey and Incidence Study-2’
(NEMESIS-2) (tech. rep.). Trimbos-

instituut. Utrecht.

Demšar, J., Curk, T., Erjavec, A., Gorup,
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De thesis in zeven stellingen

In deze thesis komen zeven stellingen naar voren (zie Tabel 9.1 voor een
overzicht in het Engels). Uitgangspunt is één van de centrale vragen in
de psychologie: Wat [voor psychotherapie] Werkt er Wanneer en voor Wie

(WWWW; What Works When for Whom)? Een kanttekening is dat we ons beperken
tot de effecten van psychologische therapie (met andere woorden: ‘talking therapy’).
De onderzoeksdiscipline die deze vraag probeert te beantwoorden is Therapeu-
tic Change Process Research (TCPR; vrij vertaald: ‘onderzoek naar therapeutische
veranderprocessen’).

Effectstudies, ook wel bekend als Randomized Controlled Trails (RCTs; geran-
domiseerd onderzoek met een controlegroep), zijn in deze context veel gebruikt,
maar hebben –in het licht van TCPR– ook een tekortkoming. RCTs kunnen alleen
vaststellen dat de behandeling effect heeft gehad, maar daarmee blijft open wat
nu precies het onderliggende veranderproces is geweest.

Hoe kunnen we de WWWWvraag dan wel beantwoorden? Omdat de ther-
apeutische conversatie tussen client en counselor de basis vormt voor bijna alle
vormen van psychotherapie, stelt de benadering die we hier uiteenzetten de
therapeutische conversatie centraal. Omdat tekst gemakkelijker te analyseren is
dan spraak, is het niet vreemd dat TCPR een lange traditie heeft in de analyse
van getranscribeerde taal. Omdat er zoveel verschillende onderzoeksdisciplines
zijn die met tekstdata werken (denk hierbij bijvoorbeeld aan de geestesweten-
schappen, informatica en linguïstiek), zijn er ook veel verschillende methoden
en benaderingen voor TCPR beschikbaar (dit is stelling 1 in Tabel 9.1). In deel I
van deze thesis staan we stil bij de TCPRmethoden.

Psychotherapeutische internetinterventies worden steeds populairder (onder
andere ook omdat ze beschikbaar zijn tijdens een pandemie). Er zijn interven-
ties waarbij de client en de counselor elkaar alleen online en via de e-mail ‘ont-
moeten’. Omdat uit eerder onderzoek al bekend is dat dit type interventies
effectief is (en e-mail daarbij het enige communicatiemiddel was), moet veel van
de voor TCPR relevante informatie ook in deze e-mails zitten (stelling 2).

Onderzoekers uit verschillende disciplines gebruiken ook verschillende
TCPRmodellen om met deze informatie uit e-mails aan de slag te gaan (stelling
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3). In deel II van de thesis gaan we in op de verschillende modellen1 die beschik-
baar zijn voor TCPR. We maken daarbij onderscheid tussen modellen die gericht
zijn op het doen van accurate voorspellingen en modellen die vooral gericht zijn
op het creëren van uitlegbare relaties tussen de verschillende TCPRvariabelen die
in het model zitten.

In deze thesis stellen we ons op het standpunt dat voor TCPRonderzoeks-
doeleinden met name multilevelmodellen geschikt zijn. Het specifieke voordeel
van multilevelmodellen is dat ze goed uitlegbaar zijn en dat TCPRinformatie
uit verschillende delen van de hiërarchische structuur meegekomen kan wor-
den in het model. Voor TCPR heeft dit meerwaarde, want data bestaat vaak
uit meerdere ‘lagen’ aan clusters: e-mails vormen het onderste cluster, de client
–die de e-mails stuurde– het tweede, en de counselor zelf is het derde cluster
in een multilevelmodel (stelling 4). Het multilevelmodel is dan in staat om een
duiding te geven aan iedere laag in het cluster, waardoor mogelijk wordt om
–bijvoorbeeld– de effectiviteit van iedere counselor te kwantificeren.

Helaas blijken multilevelmodellen ook een tekortkoming te hebben: ze zijn
niet in staat om de ‘negatieve’ (vrij vertaald: ‘divergente’) effecten die clusters
kunnen hebben te modelleren (stelling 5). In deel III staan we stil bij deze diver-
gente effecten, omdat –hoewel multilevel modellen populair zijn– dit specifieke
effect nog relatief onbekend is. Multilevel modellen zijn ontworpen om de ‘posi-
tieve’ (vrij vertaald: ‘convergente’) effecten in data te modelleren, waardoor het
uitgesloten is dat er nog naar de divergente effecten kan worden gekeken.

En laat nu juist deze divergente effecten relevant zijn voor TCPR: omdat
therapiesucces vaak het resultaat is van een interactie tussen client en counselor,
kan het zijn dat een counselor een betere klik heeft met één specifieke client. De
effectiviteit van de counselor kan dus variëren over de verschillende cliënten.
Het gaat hier dus inderdaad om een divergent effect (stelling 6). In de thesis
brengen we naar voren dat een gedegen begrip van de heterogeniteit van de
counselor is een stap in de richting van het begrijpen van de WWWWvraag.

Als multilevelmodellen niet in staat zijn divergente effecten te modelleren,
hoe moet dat dan wel? We introduceren Bayesiaanse Covariantie Structuur Matri-
ces (BCSM), een nieuwe benadering die wel in staat is om deze effecten –die van
nature divergent zijn– onder de loep te nemen (stelling 7). We presenteren een

1Modelleren houdt in dat aan de hand van een aantal statistische assumpties een wiskundig
model tot stand komt dat de relaties tussen verschillende variabelen tot uitdrukking brengt.
De input variabele x wordt dan door het model f(x) ‘afgebeeld’ (‘mapped’) op de uitkomst
variabele y. De relatie x −→ f(x) −→ y (zoals ook te zien is in Figuur 4.1 in hoofdstuk 4)
drukt dan uit hoe van input x uitkomst y te maken is. In de thesis kijken we onder andere naar
hoe verschillende tekstuele aspecten van e-mails kunnen worden gerelateerd aan de afname
in depressie: zo bestuderen we de relaties tussen de variabelen in tekst (x) en de afname in
depressie (y).
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aantal voordelen van het BCSM en laten zien welke voordelen de benadering
heeft voor TCPR door antwoord te geven op de WWWWvraag.

Conclusie

In deze thesis staan we stil bij de verschillende TCPRmethoden en -modellen die
gebruikt worden om de WWWW vraag te beantwoorden. TCPR wordt vooral-
snog gekenmerkt door een veelheid aan verschillende disciplines en benaderin-
gen. Omdat we (in deel I en II) in kaart hebben gebracht welke methoden en
modellen er precies gebruikt worden, zal het voor andere onderzoekers makke-
lijker moeten zijn om bij te dragen aan een verdere integratie van TCPR.

In deze thesis introduceren we (in deel III) ook BCSM, een statistisch model
dat in staat is om de WWWW te beantwoorden. De meerwaarde van de thesis
ligt dus niet alleen in het gegeven overzicht van het TCPRveld, we poneren ook
een model dat een stap verder kan gaan dan al het voorgaande.
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