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Abstract

The response process of problem-solving items contains rich information about

respondents' behaviours and cognitive process in the digital tasks, while the informa-

tion extraction is a big challenge. The aim of the study is to use a data-driven

approach to explore the latent states and state transitions underlying problem-

solving process to reflect test-takers' behavioural patterns, and to investigate how

these states and state transitions could be associated with test-takers' performance.

We employed the Hidden Markov Modelling approach to identify test takers' hidden

states during the problem-solving process and compared the frequency of states

and/or state transitions between different performance groups. We conducted com-

parable studies in two problem-solving items with a focus on the US sample that was

collected in PIAAC 2012, and examined the correlation between those frequencies

from two items. Latent states and transitions between them underlying the problem-

solving process were identified and found significantly different by performance

groups. The groups with correct responses in both items were found more engaged

in tasks and more often to use efficient tools to solve problems, while the group with

incorrect responses was found more likely to use shorter action sequences and

exhibit hesitative behaviours. Consistent behavioural patterns were identified across

items. This study demonstrates the value of data-driven based HMM approach to

better understand respondents' behavioural patterns and cognitive transmissions

underneath the observable action sequences in complex problem-solving tasks.
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1 | INTRODUCTION

Growing interests in assessing problem-solving skills and knowledge

in technology-related environments have been facilitated by the move

toward delivering assessments via computer and the internet (Bennett

et al., 2007, 2010). The use of computers as the delivery platform

enables the development of new and innovative item types

(i.e., interactive scenario-based items) and the collection of a broader

range of records in log files. The new data source provides informa-

tion not just on whether test takers are able to solve tasks but how

they approach the solution and how much time their efforts take

(He & von Davier, 2016).

As a test-taker attempts an interactive item, his/her actions are

recorded, in the form of an ordered sequence of multi-type, time-

stamped events. This sort of data contained in log files, referred to as

process data in this paper, provides information beyond response data

that typically show correctness or incorrectness only. This additional

information holds promise to help us understand the strategies that
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underlie proficient performance and identify key actions that lead to

success or failure (e.g., Arieli-Attali et al., 2019; Han et al., 2019; He &

von Davier, 2015, 2016; Liao et al., 2019).

The information extracted from process data is particularly valu-

able when examining interactive problem-solving tasks

(He et al., 2019, 2021). The analysis of process data has recently

gained strong interests, with a wide range of model- and data- driven

methods proposed to understand the types of strategies that contrib-

ute to successful and unsuccessful problem-solving, identify the

behavioural differences between observed and latent subgroups and

assess the proficiency on the trait of interests (e.g., Goldhammer

et al., 2013; He et al., 2019, 2021; He & von Davier, 2016;

LaMar, 2018; Tang et al., 2020).

However, to extract underlying information from process data,

one has to confront a couple of challenges: First, problem-solving

strategies are usually not well defined. Even though item developers

and content experts could pre-define optimal strategies that are the

most efficient ways to solve the tasks, the strategies may not be

exclusively recorded in advance (He et al., 2019). Also, there are

always unpredictable behaviour patterns in the incorrect response

group (Ulitzsch et al., 2021; Ulitzsch, He, & Pohl, 2021). Second, pro-

cess data are generally noisy, highly variable, and hard to perceive

(Tang et al., 2020). The loose structure of process data may bring

issues for model fit and interpretations. Third, to accomplish a

problem-solving task usually requires several steps or stages and iden-

tifying these stages from each sequence is helpful for understanding

test-takers' strategies (Kroehne & Goldhammer, 2018). However, the

segmentation of the observed process usually requires human judge-

ment, which is very time-consuming and laborious.

In this study, we implemented an application from the latent

sequence analysis to divide the complex problem-solving process into

several task states via a data-driven approach. The aim of this paper is

two-fold: first, to explore the latent states and state transitions under-

lying problem-solving process to reflect test-takers' behavioural pat-

terns, and second, to investigate how these states and state

transitions could be associated with test-takers' performance. Specifi-

cally, we applied the hidden Markov model (HMM) on action

sequences from two items in the Problem-Solving Technology-Rich

Environment (PSTRE) domain in the Programme for the International

Assessment of Adult Competencies (PIAAC) and compared the results

between correct and incorrect groups to characterize the problem-

solving processes of different performance groups. A correlation

study was performed to investigate the consistency of behavioural

patterns across items.

1.1 | PIAAC and PSTRE

As the largest and most innovative international assessment of adult

skills ever conducted, the PIAAC, organized by the Organization for

Economic Co-operation and Development (OECD), has been adminis-

tered in over 40 countries targeting adult populations, ranging from

age 16 to 65 (Schleicher, 2008). There are three core assessment

domains in PIAAC—literacy, numeracy, and PSTRE. A comprehensive

background survey was also included to assist in understanding the

interest, attitude, and ability of individuals to appropriately use socio-

cultural tools—including digital technology and communication tools—

to access, manage, integrate, and evaluate information, construct

knowledge, and communicate with others (OECD, 2011).

Of the three core assessment domains, the PSTRE domain

involves the most interactive item types and is available only on

computer-based assessment (CBA). Respondents were routed to the

CBA only if they self-reported having some prior computer experience

and passed the ICT core test (including the core ICT screening and

CBA core test which consisted of 3 literacy and 3 numeracy items)

(OECD, 2012).

Participants in the PSTRE domain fall within our research inter-

ests. In PIAAC, the PSTRE items were used to assess the ability to

“use digital technology, communication tools, and networks to acquire

and evaluate information, communicate with others and perform prac-

tical tasks” (OECD, 2009). The items assessed adults' competencies in

setting appropriate goals and plans, as well as accessing and making

use of information through computers and networks (OECD, 2009).

The assessment of PSTRE required individuals to engage with com-

plex tasks: for instance, they were required to click buttons or links,

select from dropdown menus, drag and drop, copy and paste, and so

on. These multitudes of different actions (i.e., all interactions between

the respondent and the testing platform) were recorded in log files.

Figure 1 exhibits an example PSTRE item in PIAAC. The layout of

this item is simple and straightforward. To solve this problem, test

takers are required to fill in the box by performing calculations based

on the table provided. Respondents must monitor progress as they

select files, checking against the provided criteria to know when

they have satisfied the constraints presented in the problem. Sorting

the songs by size would greatly facilitate the finding of the solution,

but respondents could also solve the items using other procedures.

The sorting function can be used either through the dropdown menu

or clicking on the shortcut button on the smart portal.

1.2 | Leveraging process data to understand
problem-solving skills

Compared with traditional tests, in which a univariate response is

observed for each item, detailed response process records from

computer-based tests contain much richer information concerning the

respondents. Dynamic records of actions generated during the item-

response process form a distinct sequence derived from test-taker

input. Appropriate analysis of these process/sequence responses pro-

motes the understanding of how people plan, evaluate, and select

operations to achieve certain problem-solving goals. This advance in

technology offers a great opportunity to enhance educational assess-

ment and presents great challenges, both conceptually and technically,

to education researchers (Tang et al., 2020).

The existing methods that engage in extracting meaningful infor-

mation from complex process data in educational assessments could be
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roughly classified into three categories: feature-based approach, gram-

based approach, and sequence-based approach. The feature-based

approach often starts with generating features or deriving variables

from certain log events from process data (Goldhammer et al., 2017),

such as the number of tool usage on one page, or time spent on one

webpage. A typical example of a generated feature is the “vary one

thing at a time” strategy (VOTAT) generated in problem solving items in

Programme for International Student Assessment (PISA) 2012 (Greiff

et al., 2015). In this study, a behavioural indicator—whether the respon-

dent followed a VOTAT strategy or not—was found to be highly corre-

lated with correctness in solving the task.

The gram-based approach on process data mainly refers to dis-

assembling a long action sequence into mini-sequences with n-grams

(i.e., unigrams, bigrams, trigrams, and even higher-order) in each unit.

The grams are generally assumed to be independent of each other

while the elements within the gram (e.g., bigram) may show the depen-

dence when taking the action co-occurrence and order into account.

This approach is sourced from the n-gram linguistic feature representa-

tive method (Damashek, 1995) in natural language processing. He and

von Davier (2015, 2016) first introduced the n-gram model to extract

sequence patterns from process data in one PSTRE item and deter-

mined the most robust grams using the chi-square feature selection

method (Oakes et al., 2001) to differentiate behaviours of successful

and unsuccessful test-takers during the problem-solving process. Given

the straightforwardness in deriving features from observed sequences,

n-gram based approaches have been often employed in recent studies

related to process data (e.g., Han et al., 2019; Liao et al., 2019; Stadler

et al., 2019). These studies demonstrate the effectiveness of the n-

gram method in analyzing process data and comparing behavioural pat-

terns across groups. However, this method unavoidably divides the

action sequence into independent pieces. While the order of observed

actions is partly retained within n-gram based mini-sequences, the

entire behavioural process is often broken down and information may

not be completely preserved (He et al., 2019).

The sequence-based approach features in regarding the entire

sequence as an input with considerations on local dependencies

between actions, which can further be roughly divided into two cate-

gories. In the first category of sequence-based analysis, distances

between two or multiple sequences are often computed. For instance,

He et al. (2019, 2021) applied the longest common subsequence

F IGURE 1 An example item with a single environment used in the PIAAC PSTRE test (OECD, 2012) [Colour figure can be viewed at
wileyonlinelibrary.com]
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method (Hirschberg, 1975, 1977; Sukkarieh et al., 2012) to identify

how different the action sequence taken by a test taker to solve an

item is from the action sequence that subject matter experts consider

optimal to solve the problem. The longer the distance from the

predefined action sequences, the less likelihood of a correct response.

The second category of sequence-based approach is to model the

relationship between every two actions according to the input

sequences of all respondents, like social network analysis (SNA; Zhu

et al., 2016), Bayesian Networks (BNs; Levy, 2014, 2019), and hidden

Markov model (HMM; Rabiner, 1989; see also Boyer et al., 2011;

Jeong et al., 2008). Biswas et al. (2010) used HMM as a direct proba-

bilistic representation of the internal states and interpret these states

in terms of theoretical learning strategies, which facilitated identifica-

tion, interpretation, and comparison of student learning behaviours at

an aggregate level. Like students' mental processes, the states of an

HMM are hidden, meaning they cannot be directly observed but pro-

duce observable output (e.g., actions in a learning environment).

Among those, Markov and hidden Markov models are increasingly

popular in educational measurement (e.g., LaMar, 2018; Li et al., 2016;

Wang et al., 2018) and in analyses of process data with serial depen-

dence (e.g., Bergner et al., 2017; Dutilh et al., 2010; Shu et al., 2017). The

assumption of the Markov property in the model can describe the

dependence between actions. Compared with Markov models, HMMs

that were also used in this paper can further capture an underlying layer

of unobservable stochastic structures that is thought to influence obser-

vations. These structures are referred to task states or behaviour states,

and can be related to and interpreted as cognitive states or problem-

solving strategies (e.g., Biswas et al., 2010; Boyer et al., 2011).

In educational research, HMM is commonly used in the form of

Bayesian Knowledge Tracing (BKT; Corbett & Anderson, 1994; van de

Sande, 2013) to model the student's changing knowledge state during

learning process. As a special case of an HMM (Pel�anek, 2017), BKT

assumes the known or unknown state of each skill as a binary variable.

The observations are the outcomes (correct or incorrect) of the stu-

dent's item responses and each hidden state are the updated skill

mastery state of the student at each time node. The state transition

probability reveals the probability of learning a skill if the student does

not know the skill previously. In the application of this paper, we used

only the generic form of HMMs to model respondents' action

sequences to one item. The observations in our study are unordered

categorical actions and the hidden states may uncover the different

stages during the process of solving items, which could indicate

respondents' behavioural patterns or characteristics.

1.3 | The present study

A problem-solving task usually involves several necessary stages

(or subtasks) to achieve the solution. At each stage, test-takers would

exhibit different observable behaviours. Finding these stages behind

the observed action sequence will help us gain a deeper

understanding of test-takers' problem-solving processes. As a specific

probabilistic generative model with a “built-in” state transition system,

HMM provides a framework for this. The task states learned in HMM

can be treated as different problem-solving stages or subtasks.

Therefore, the present study aims to explore the latent states of

test-takers' problem-solving processes underlying the observed action

sequences. In particular, we are interested in three research questions:

(1) what latent states can be extracted under one PSTRE scenario-

based environment and how these latent states are transitioned;

(2) whether these latent states can be well reflected by action

sequences and validated by predefined problem-solving strategies;

and (3) whether the test takers show differences in behaviours and/or

engagement by their problem-solving competence in the latent states

and whether their behaviour patterns show consistency across items.

Given these research objectives, we employed the HMM to identify

test takers' hidden states during the problem-solving process and ana-

lyzed the behaviour characteristics of different performance groups.

We conducted comparable studies in two PSTRE items with a focus

on the US sample (N = 1355) that was collected in PIAAC 2012.

The remainder of this article is structured as follows. In Section 2,

we introduce the instrument, data, theoretical model and application

of HMM conducted in this study. In the following section, we present

the results from the HMM analysis by showing the latent state plots

by each item, comparing the transition paths against predefined

problem-solving strategies, and comparing results between perfor-

mance groups and between items. Finally, we discuss the findings of

this study and its generalizability.

2 | METHOD

2.1 | Instrument and sample

A total of 14 items were administrated in the PSTRE assessment by two

clusters. Each cluster had seven items, all in a fixed sequence order. Two

PSTRE items, U19a and U19b, which located as the first two items in

the second PSTRE cluster (PS2) were used in this study. These two items

shared a common context (bike club membership) but required respon-

dents to use different strategies to solve the tasks, respectively.

Item U19a involved two environments, a spreadsheet and email.

Respondents were asked to find the ID of a particular member from

the spreadsheet and then to send it by email to a pre-specified email

address. The spreadsheet entailed four columns of information for

each club member. The length of the table was sufficient for attracting

respondents to use tools (searching or sorting) to facilitate the identi-

fication process. This item was dichotomously scored according to

whether the correct ID was sent. Item U19b shared the same spread-

sheet environment as U19a and involved another word processor

environment. The respondents were asked to identify the members

who meet multiple conditions in the spreadsheet and mark their

records (click checkbox). The information could most efficiently be

located within the long spreadsheet by using a sorting function. The

information about those conditions was given in the word processor

(OECD, 2017). There were four rows satisfying all the conditions, thus

recorded as correct answers. To better profile the behavioural
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patterns by respondents with different proficiency levels, we used

finer-grained scoring rules by counting the number of correct identifi-

cation (i.e., 0—no correct row marked, 1—one correct row marked, 2—

two correct rows marked, 3—three correct rows marked, and 4—total

four correct rows marked).1 There was no penalty on the incorrect

rows marked. It is noted that respondents typically had only one visit

to each item. No re-visit allowed when the respondent confirmed to

proceed to the next item.

A total of 1355 test-takers of the United States who responded

to both items U19a and U19b were focused in this study. Among this

PIAAC subsample, 46.5% of them were male. Approximately half of

the respondents attained a level of education higher than a high-

school diploma, while the other half, that is, 40.3% and 9.2% of the

respondents reported the high-school and lower than high school as

their highest level of education, respectively.

2.2 | Action sequence

Action sequences that were collected in U19a and U19b were re-coded

in this study,2 which resulted in 39 and 47 unique action types for these

two items (U19a and U19b), respectively. A list of actions and their

corresponding interpretations, as well as their frequencies, are summa-

rized in Appendix A. Based on the recoded actions, the length of

observed sequences followed a slightly positively skewed distribution in

both items. In U19a, respondents averagely used 8.73 actions (median= 8

actions), with a minimum of 3 actions and 46 as the maximum. Compara-

tively, the length of action sequences in U19b followed a sparser distri-

bution with a longer tail in the end of large value. On average,

respondents used 19.72 actions (median = 14 actions) to solve the item,

with a minimum 3 actions and 263 as the maximum.

To solve these two PSTRE items, respondents can and are

expected to use interactive tools such as searching and sorting engine

to speed up identifying key information. A typical example of a test-

taker's action sequence in U19a is listed in the box below.

This action sequence could be interpreted as: the test taker starts

an item (START), clicks on the spreadsheet page (SS), and types in the

full name of a specified person to execute a search (SS_ TYPE_FN).

Then, the test taker switches to the email environment (MC) to fill in

the answer and sends the email out (MC_SEND). Finally, the test taker

clicks on the forward-arrow button in navigation pane to move on to

the next item (NEXT) and confirms the choice in a pop-up dialogue

box (NEXT_OK).

2.3 | Modelling

HMMs are useful when one can think of underlying events probabilis-

tically generating surface events (Manning & Schütze, 2002). In an

HMM, each observation in an input sequence is assumed to be gener-

ated by a hidden state according to the emission probability distribu-

tion of that state. The observations are conditionally independent

given the underlying hidden state sequence, and the state sequence is

often a first-order Markov chain with a finite number of latent states.

Figure 2 shows a time-slice representation of an HMM. Each round

node represents a hidden state St at time point t and each square

node denotes an observation Yt. The arrows denote the conditional

probability that the hidden state evokes the observation or that the

previous hidden state transits to the current state. Given

the sequence of length T, the joint likelihood of observable actions

Y1 : T = (Y1,Y2,…,YT) and latent states S1 : T = (S1, S2,…, ST) can be writ-

ten as (Ghahramani, 2001):

P Y1:T ,S1:Tð Þ¼P S1ð ÞP Y1jS1ð Þ
YT

t¼2
P StjSt�1ð ÞP YtjStð Þ ð1Þ

where St belongs to a set of K latent states, P(S1) represents the

probability of the initial state, P(Ytj St) represents the conditional

probabilities of the action Yt given the latent state St (which is

called emission probability), and P(Stj St�1) provides the transition

probability between states, independent to the time point t. These

three types of probability values are the parameters to be esti-

mated by the model given the observed sequences and the number

of possible states.

Model estimation can be implemented through the expectation–

maximization (EM) algorithm for a given number K of latent states.

The HMMs with different number of states can be compared through

two model fit indexes, AIC (Akaike information criterion;

Akaike, 1973) and BIC (Bayesian information criterion; Konishi

et al., 2004). A lower value of AIC or BIC indicates a better model fit,

which helps determine the optimal number of states.

Due to the assumption that observable actions are probabilisti-

cally emitted by hidden states, given the trained model, the most

probable sequence of states underlying an observed action sequence

can be found by the Viterbi algorithm (Forney, 1973; Rabiner, 1989;

Viterbi, 1967). This algorithm determines the sequence of states

which maximizes the likelihood of the joint distribution of the hidden

states given the entire observed sequence.

In the current study, the HMM was learned on the action

sequences of 1355 respondents in U19a and U19b separately. It was

noted that there were 15 missing responses in U19a, thus only 1340

respondents' performance scores were used in analyzing the relation-

ship between the latent states derived from HMM and respondents'

problem-solving proficiency in this item. Also, the missing responses

were not included in the study to investigate the consistency of

behaviours between the two items.

Considering only marginal differences were reported between

results with and without sampling weights in previous studies using

the same PSTRE item (U19a) in process data analyses (He & von

Davier, 2015, 2016), we did not expect a substantial difference in sim-

ilar settings in the current study, hence, we conducted the whole set

of analyses without sampling weights.

Example: START, SS, SS_TYPE_FN, MC, MC_SEND, NEXT, NEXT_OK.
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2.4 | Analytic procedure

Given concerns on the different number of unique action types

(i.e., 39 and 47 in U19a and U19b respectively) and knowledge on a

variety of respondents' underlying strategies learned from the previ-

ous studies (He et al., 2019, 2021), we pre-specified the number of

states in HMM in a range from 1 to 9 in U19a and a bit broader range

from 1 to 12 in U19b because of its higher complexity. The optimal

number of hidden states in each item was determined by the mean-

ingful interpretations on the derived model and the common model

selection criteria AIC and BIC, where lower values are preferred in

both criteria, to assess comparative model fit. All computations of

HMM learning on respondents' action sequences were performed

using the depmixS4 package (Visser & Speekenbrink, 2010) in

Program R.

The parameter learning task in HMMs is to find, given an output

sequence or a set of such sequences, the best set of state transition

and emission probabilities. That is, we were interested in the most

likely sequence of hidden states that could have produced the output

action sequences. This could be evaluated by the joint probability of

both the state sequence and the observations for each case. We sum-

marized the frequencies of states and state transitions given each

respondent's action sequence per item, and compared the distribution

of frequencies of hidden states between different performance

groups. Specifically, we used the Wilcoxon rank-sum test (Mann &

Whitney, 1947; Wilcoxon, 1945) to compare the frequency of states

and/or state transitions between two groups (correct vs. incorrect) in

U19a, and used the Kruskal-Wallis test (Kruskal & Wallis, 1952), an

extension of Wilcoxon rank-sum test among more than two groups, in

U19b, where five scoring groups were defined (0—incorrect, 1 to 4 as

the number of correct marked entries). The Bonferroni correction for

the p-value were also performed for comparisons among more than

two groups. Because the two PSTRE items U19a and U19b has par-

tially shared similar subtasks, we further computed the Spearman cor-

relation between the state (transition) frequencies to investigate

behavioural consistency across items.

3 | RESULTS

3.1 | Model selection

We first checked the model fit statistics to ensure the data could be

well explained under the HMMwith the best optimal number of latent

states. The model fit results were summarized in Table 1. Aligned with

the principle of model selection of the minimized value from AIC and

BIC, a 7-state HMM resulted in the best fit in U19a given its lowest

values in the two indexes. More complicated results were found in

U19b. Valley points in AIC and BIC were both shown at two states—

the 8-state model and 11-state model. However, the 11-state model

was far more challenging in meaningful interpretation than the 8-state

model. Therefore, to keep the model simple and interpretable, we

selected the 8-state model for U19b, and will only report 8-state-

model results for U19b thereafter.

3.2 | Model interpretation

Per the first research question, we extracted the hidden states for the

two items U19a and U19b by their best fit model (stated above),

7 states and 8 states, respectively. The estimated response and transi-

tion model parameters for U19a and U19b are respectively displayed

in Appendix B and Appendix C in the form of probabilities. Each hid-

den state was interpreted based on its emission structure

(i.e., response model), as well as the state transition matrix. Following

each hidden state, we could get a better understanding on respon-

dents' problem-solving strategies at the group level. To facilitate

understanding in a more intuitive way, Figure 3 and Figure 4 show the

main results of two learned HMMs in a graphic fashion.

3.2.1 | Item U19a

Figure 3 presents the seven hidden states and corresponding actions

in item U19a. Each box represents a state (abbreviated as “St” in the

figure), and all actions that would be emitted with a probability of

greater than 0.1 in that state are listed inside, as well as the

corresponding probability values. Arrows indicate transitions between

states, and the numbers next to them are the corresponding transition

probabilities. For clarity, the transitions with probabilities less than 0.1

are not shown.

When the actions and transitions of the resulting states were

inspected from Figure 3, the following observations could be made

for item U19a. The initial state was State 1 with a probability of

1, and State 1 contained only one action START, so we labelled this

state as “Start”. State 2 mainly included the correct markup of the

required member record (SS_flag_T with the emission probability of

0.571) and the start of searching and sorting engines on spreadsheet

page (SS_Se and SS_So with a probability of 0.237 and 0.142 respec-

tively), indicating the “Use of tools”. State 3, basically, involved the

F IGURE 2 A representation of the
HMM. the square nodes denote the
observed data sequence while the round
nodes represent hidden states
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conditions specified by the respondent for sorting or searching,

among which sorting by the second column (“Name”) in the first

choice (SS_So_1B) and searching with the surname or spelling mis-

takes (SS_TYPE_SM, SS_TYPE_SN) were more common. We referred

to this state as “Tool settings”. State 4 indicated environment

“Switching and Exploration”, as it was dominated by switching to

spreadsheet or email pages and clicking on non-useful options in the

toolbar. State 5 was dominated by the actions of sending email and

switching to the email page, in which the emission probability of the

former action was 0.743, more than three times of the probability of

the latter. Therefore, this state could be regarded as a representation

of “Email delivery”. State 6 emitted NEXT in the probability of 1, rep-

resenting the “Request to end”. State 7 was comprised of the confir-

mation and cancellation of ending this item, representing a selection

state after a respondent clicks on NEXT, so we called it “End state” in
this study.

Then we focused on the transition between states with probabili-

ties greater than 0.1. The transition probability from State 1 to State

2 was 0.716, over three times of the probability of the transition from

State 1 directly to State 4. This suggested that, after starting the item

(State 1), respondents had a high probability of using tools to assist

problem solving (State 2), such as flagging the record or starting the

TABLE 1 Model fit of HMMs with
different numbers of states for U19a
and U19b

U19a U19b

AIC BIC AIC BIC

1-state model 59613.32 59893.68 1-state model 141341.80 141718.70

2-state model 51309.88 51892.73 2-state model 133351.20 134129.60

3-state model 45827.79 46727.89 3-state model 115480.30 116676.50

4-state model 42690.44 43922.55 4-state model 112235.50 113866.00

5-state model 39240.01 40818.88 5-state model 102098.20 104179.30

6-state model 39197.58 41137.97 6-state model 98452.15 101000.30

7-state model 34512.75 36829.41 7-state model 95427.63 98459.20

8-state model 35752.81 38460.49 8-state model 84521.88 88053.25

9-state model 37341.34 40454.80 9-state model 87041.94 91089.50

10-state model 80340.22 84920.35

11-state model 79598.69 84727.77

12-state model 80773.64 86468.07

F IGURE 3 A diagram summarizing the main results of the learned HMM for U19a each box represents a state (abbreviated as “St” in the
figure, the same below), and all actions that would be emitted with a probability of greater than 0.1 in that state are listed inside, as well as the
corresponding probability values. Arrows indicate transitions between states, and the numbers next to them are the corresponding transition
probabilities. For clarity, the transitions with probabilities less than 0.1 are not shown [Colour figure can be viewed at wileyonlinelibrary.com]
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sorting or searching engine. However, the respondents might also

explore different environments before figuring out solutions (State 4).

The transitions from State 2 to States 3 and from State 2 to State

4 were both in a moderate probability of 0.471. The change from

State 2 to State 4 mainly indicated that the respondent proceeded to

the next step after marking the record. Because State 2 might also be

the start of sorting or searching, it was logical that State 2 could

be followed by State 3 that represented the settings of sorting or

searching. The State 3 could be followed by either State 2 or State

4 or even stay in the same state, and the probabilities of all these tran-

sitions were about 0.3 to 0.4. Staying in State 3 implied that the

respondent set more than one sorting condition (since we recoded

the three options of sorting as separate actions) or searched more

than one time with different keywords. The transition from State 3 to

State 2 or State 4 indicated that the respondent moved forward (for

example, flagged or switched the environment) after finding an

answer; there was also a possibility that the respondent restarted the

searching or sorting. As shown in Figure 3, States 1, State 2, and State

3 eventually were converted to State 4. Among these transitions, the

path from State 1 to State 2 (to State 3 and back, if searching or

sorting is used) and then to State 4 corresponded to the first half of

the correct solution: starting the item, selecting the right member, and

switching to the email environment.

As shown in Figure 3, the remaining states following State 4, that

is, from State 4 to State 5, then to State 6, and finally to State 7, cor-

responded to the second half of the efficient solution: switching to

email page, sending the mail, requesting to end the item, and then

confirming the end. We examined the original process data and found

that respondents usually clicked on MC (switch to email page) or SS

(switch to spreadsheet page) several times in a row. This partly

explained the high probability (0.643) of State 4 to stay in itself, which

was almost three times higher than the probability of transition from

State 4 to State 5. The transition from State 4 to State 5 might also

indicate continuous clicks of the MC button as State 5 had a probabil-

ity of 0.23 to emit MC (switching to email page). These showed the

inefficient actions of respondents. The transition from State 4 to State

6 meant that the respondent switched the environment or explored

the toolbar and then clicked on NEXT, which had a low probability of

0.101. This also indicated some inefficient behaviours, or mistakes

due to a lack of understanding of the item content or carelessness.

After State 6 (Request to end), if the respondent regretted and can-

celled in State 7 (End state), it was likely to change to State 4, State

5, or State 6 in a similar probability around 0.3. The transition from

State 7 to State 4 (Switching environment and Exploration) showed

that the respondent was unsure about the previous response behav-

iours and came back to check the information in the spreadsheet. The

F IGURE 4 A diagram summarizing the main results of the learned HMM for U19b. Only the actions with probability larger than 0.05 are
shown in the plot of each state. A solid arrow indicates that the transition probability is greater than 0.15, a dashed arrow means that the
transition probability is between 0.05 and 0.15, and the transitions with a probability less than 0.05 are not shown [Colour figure can be viewed
at wileyonlinelibrary.com]
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transition from State 7 to State 6 indicated that the respondent

requested to end the item again after cancelling the move to the next

item. As the probability was 0.346, it was more likely to represent the

hesitation to end the item rather than a remedy for the previous

wrong cancellation. However, respondents in this transition did not

make new contributions to solve this item. Finally, the transition from

State 7 to State 5 possibly suggested the respondent recognized that

he/she had not completed a key step (i.e., sending mail).

3.2.2 | Item U19b

Item U19b shares similar content with U19a but with a more complex

problem-solving procedure to label the key information in request.

Analogously to the analysis in item U19a, we present the eight hidden

states and corresponding actions in item U19b in Figure 4. Similar as

U19a, this item started with an initial state which was labelled as

“Start”. Both State 2 and State 3 indicated environment switching and

exploration because they were dominated by the switch to spread-

sheet and word processor pages respectively, with a probability of

exceeding 0.7, and both of them could also emit a non-useful action

TOOLBAR with a probability of around 0.1. For convenience, we

labelled State 2 and State 3 as “SS” and “WP”, respectively. State
4 mainly represented the “Use of sorting”, as it involved the start and

confirmation of the sorting engine and the specific settings in sorting.

Both State 5 and State 6 were related to the mark of records. State

5 specifically reflected the flagging of incorrect records because the

emission probability of SS_flag_F exceeded 0.9, so we labelled it

“Incorrect mark”. State 6 included incorrect markup (SS_flag_F), cor-

rect markup (SS_flag_T1 to SS_flag_T4), and cancellation of incorrect

markup (SS_flag_FC). The latter two both belonged to correct markup

behaviours, and their emission probabilities added up to more than

0.7. Thus, State 6 could be considered as a representation of “Correct
markup behaviors”. State 7 could be seen as the “Request to end”
since it was dominated by NEXT with the emission probability nearly

1. State 8 was the “End state”, which was the same as State

7 in U19a.

According to the task content of U19b, the main part of the opti-

mal sequence could be mapped onto the path from State 1 to State

2, to State 4, then to State 6. It corresponded to starting and checking

the requirement in the word processor page, switching to spreadsheet

page, using sorting to find the correct records, and then marking them.

It is noted that the default interface upon starting the item was the

word processor page, hence, respondents did not need to deliberately

switch environment to word processor, that is, transitioning to State

3, at the beginning. However, respondents might still click the word

processor page immediately after starting the item but with a quite

low probability of 0.089, as shown in Figure 4. The more likely transi-

tions from the initial state (State 1) were switching to spreadsheet

page (State 2) with a probability of 0.759, or directly requiring ending

the item (State 7), of which the probability was 0.152. The latter tran-

sition indicated an aberrant solving behaviour of a small group of test-

takers. The emission probability of transition in both directions

between State 2 and State 3 was in a high value, suggesting a com-

mon pattern of switching environment to solve this item. Respon-

dents might repeatedly check the requirements on the word

processor page when searching for information in the spreadsheet.

The sum of the probabilities of transitions from State 2 to State 6 and

State 5 (both related to markup behaviours) was about 0.30, which

was higher than the probability of 0.1 from State 2 to State 4 (Use of

sorting). This was primarily because respondents might switch back to

the spreadsheet multiple times to mark records or change previous

marks. Additionally, we noticed that a few respondents did not use

sorting function but merely used their eyes to screen for the key

information in the long spreadsheet. This also resulted in the transi-

tion from State 2 directly to states related to markup behaviours.

The most likely transition from State 4 (Use of sorting) was

remaining in itself with a high emission probability of over 0.8, which

implied respondents usually employed the sorting function by multiple

times.3 The transition from State 4 to State 6 represented an efficient

strategy to get the potential correct response, which could be inter-

preted as the respondents found results in spreadsheet using sorting

function, and then correctly marked them. In addition, State 4 and

State 6 had relatively low emission probabilities to transit to State

3, which might show a latent checking behaviour, for instance, a

respondent might switch to the word processor to double-check the

instruction and the task requirements. Similar as State 4, the most

likely transition from both State 5 (incorrect markup) and State 6 (cor-

rect markup) also remained in themselves with a high emission proba-

bility as 0.963 and 0.768 respectively. It suggested respondents

usually adopted multiple trials in flagging correct or incorrect entries.

After the main process of problem-solving, we arrived at the end-

ing states in U19b. The shortest transition sequence from State 6 was

to State 7, finally to State 8, corresponding to the request to end the

item after marking the records, and then a confirmation of the end.

However, respondents might also request to end after switching envi-

ronments, for instance, from States 2 or 3 to State 7 in a quite low

probability though with 0.07 and 0.11 respectively), possibly due to

the checking or aimless behaviours. The transitions from State 8 (End

state) to State 7 (Request to end), or to State 2 (SS) or State

3 (WP) had the similar interpretations as those in results of U19a,

revealing hesitative behaviours. However, the transition from State

8 to State 4 might cause an extra attention. After cancelling the

request to end the item, the respondent went back to use the sorting

function and this transition had a probability of 0.239. This uncom-

mon path might suggest the possibility of an unintentional click

on NEXT.

3.3 | Comparison of hidden states with expert-
predefined sequences

Per the second research question, we validated the underlying states

derived from HMM with the optimal strategies predefined by item

designers and experts, which were also regarded as “gold standards”
when measuring the similarity between individual problem-solving
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sequence and reference sequences (He et al., 2019, 2021). According

to the predefined optimal sequences, there were four optimal strate-

gies to solve the item U19a: using searching function through either

toolbar or menu and using sorting function through either toolbar or

menu. To map onto the latent stages, the core stages to extract key

information concentrated on State 2 and State 3 back and forth. The

whole predefined optimal strategies were mainly explained by

the latent state in sequential order, except that the transition from

State 4 was the highest emission probability to itself, implying higher

chances for respondents to execute repetitive behaviours in switching

and exploration.

The optimal strategy to solve the item U19b could be summarized

as: After starting the item, respondents should switch to the spread-

sheet page (word processor page is the default opening page), sort the

records by two conditions, then mark the correct records, and require

and confirm the end of the item. This corresponded to the hidden

states with the transition from State 1 to State 8 (i.e., State 1 ! State

2 ! State 4 ! State 6 ! State 7 ! State 8). It was noted that State

3 (switch back to word processer environment) and State 5 (incorrect

mark) were not compulsory in the predefined strategy, which made a

good sense. These two states exhibited the diversity of problem-

solving sequences in the sample.

F IGURE 5 Average frequencies of seven
states for incorrect and correct groups in U19a.
The asterisk indicates that for the state, the
frequency difference between the two groups is
significant (p < 0.05) with the Bonferroni
correction under the Wilcoxon test [Colour figure
can be viewed at wileyonlinelibrary.com]

F IGURE 6 Average frequencies of eight states for groups with different scores of U19b. The asterisk indicates that for the state, the
frequency difference between the five groups is significant (p < 0.05) with the Bonferroni correction under the Kruskal-Wallis test [Colour figure
can be viewed at wileyonlinelibrary.com]
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3.4 | Associations between hidden states and
performance

To address the third research question, we explored the relationships

between respondents' performance and extracted hidden states, as

well as the transition between states by each item. For U19a, the cor-

rect and incorrect groups had 882 and 458 respondents, respectively.

For U19b, the groups with scores of 0, 1, 2, 3, and 4 had 437, 31, 113,

189, and 585 respondents, respectively. The average frequencies of

states for two groups in U19a are shown in Figure 5 and the frequen-

cies for five groups in U19b are in Figure 6, in which asterisks indicate

the significance test results. The figures for state transitions of two

items are attached in Appendix D.

As Figure 5 shows, in U19a, the correct group had a higher fre-

quency than the incorrect group in four states (State 2, State 3, State

4, and State 5). According to these states' interpretations, the correct

group was found to use tools more frequently and switched between

environments more often, which may indicate their repeatedly check-

ing behaviours in the solving process. The correct group was also

found more likely to execute key actions (i.e., actions that are highly

related to credits). The incorrect group had a higher frequency in State

6 and State 7, which suggested the respondents were more likely to

click cancel button when approaching to end the task. We further

examined the frequency of transitions between states by each group.

The transition from State 4 to State 6 was observed more often in the

incorrect group, showing that these respondents more often chose to

end the item immediately after some explorations. These explorations

were likely to be non-targeted ones probably because of respondents'

misunderstanding on the content of the task or lack of motivation to

solve the item attentively. The incorrect group was also found to have

more transitions from State 1 to State 6, suggesting that many

respondents clicked the “NEXT” button immediately after starting the

item, which resulted in a direct skip without any efforts in the task.

As Figure 6 shows, in U19b, the five performance groups signifi-

cantly differed in the frequency of five states. Like the findings in

U19a, the non-zero score groups (i.e., partial or full credit group)

switched more often between environments than the zero-score

group (i.e., fully incorrect group), reflected by more involvement in

State 2 and State 3. The frequency of State 4 varied significantly

among groups with different scores. The full credit group (score = 4)

used the efficient tool (i.e., sorting) significantly more often than the

partial credit groups (score = 1, 2, or 3). The fully incorrect group

resulted in the lowest frequency in this state, on average lower than

1, suggesting this group barely used the efficient tool when solving

the task. Interestingly, the groups with partial and full credits had high

frequencies in both State 6 (correct markup) and State 5 (incorrect

markup). Their frequencies in State 5 were even higher than those in

State 6, which might indicate the respondents retained marks for

some incorrect rows in addition to the correct rows. Within our

expectation, the group with no credit took fewer actions in State

5 and State 6 and their most actions occurred in State 5. Contras-

tively, in U19b, on average, the frequencies in State 7 (Request to

end) and State 8 (End state) were resulted both as 1 and no significant

differences were found between performance groups in these two

states. It suggested that the hesitative behaviour clicking on the can-

cellation button were not obvious in this item.

When examining the difference in transition frequency between

performance groups in U19b, we got the similar information as the

state frequency. For the transition from State 1 (Start) to State

7 (Request to end), the frequency of the group with no credit was

higher than that of other groups, suggesting a direct skipping behav-

iour in this item. The group with no credit also showed low transition

frequencies between State 2 and State 3, indicating limited explora-

tions in this item probably because of low motivation or lack of knowl-

edge in understanding the task.

3.5 | Link between results of U19a and U19b

The correlations of the state frequency are shown in Table 2.

Because the starting states were adopted by all the respondents in

each item, the correlation was always 1. We excluded this state

TABLE 2 Spearman correlations between state frequencies of two items

U19a

St2(Use of
tools)

St3(Tool
settings)

St4(Switching &
Exploration)

St5(Email
delivery)

St6(Request
to end)

St7(End
state)

U19b St2 (SS) 0.29** 0.27** 0.32** 0.34** 0.09** 0.09**

St3 (WP) 0.27** 0.23** 0.28** 0.30** 0.08** 0.07**

St4 (Use of sorting) 0.34** 0.48** 0.12** 0.13** �0.01 �0.01

St5 (Incorrect mark) 0.08** 0.04 0.11** 0.07** 0.09** 0.08**

St6 (Correct markup

behaviours)

0.16** 0.18** 0.24** 0.26** �0.05** �0.06**

St7 (Request to end) 0.11** 0.03 0.12** 0.09** 0.15** 0.15**

St8 (End state) 0.10** 0.03 0.12** 0.09** 0.16** 0.15**

Note: Values greater than or equal to 0.30 are in bold.
**p < 0.01.
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from both of the items when computing the correlation of state fre-

quency. State 2 (Use of tools) and State 3 (Tool settings) in U19a

are moderately correlated with State 4 in U19b (Use of sorting).

These states revealed the use of efficient tools for solving the

corresponding items. State 4 (Switching & Exploration) and State

5 (Email delivery) in U19a has the correlations of about 0.3 with

State 2 and State 3 in U19b, suggesting that the behaviour of

switching between environments was moderately consistent in the

two items.

The correlations of the state transition frequency are shown in

the form of a heatmap (see Figure 7). The consistency of behaviours

between the two items were illustrated more clearly. First, the transi-

tion from “Start” directly to “Request to end” had the highest correla-

tion (0.50) between two items (St1 ! St6 in U19a and St1 ! St7 in

U19b). And this transition in each item was negatively correlated to

productive actions in another item, such as St4 ! St5 (email delivery

after environment switch) and St5 ! St6 (from email delivery to

NEXT) in U19a, and St1 ! St2 in U19b (switch to spreadsheet page

F IGURE 7 The heatmap of spearman correlations between state transition frequencies of two items. The horizontal axis corresponds to the
transitions in U19a, shown by the suffix “(a)” in the horizontal axis labels. The vertical axis corresponds to transitions in U19b, denoted by the
suffix “(b)” in the labels. The colour of each cell indicates the magnitude and direction of the correlation between the frequencies of two
transitions from different items, as illustrated by the legend [Colour figure can be viewed at wileyonlinelibrary.com]
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after START). Second, strategic behaviours were positively correlated

between items. For example, St2 ! St3 in U19a (indicating the use of

searching or sorting functions) was correlated with the transitions

related to St4 (Use of sorting) in U19b. Also, St3! St2 and St3 !
St4 in U19a, the flagging action and environment switch after

searching or sorting, were positively correlated with St2 ! St4

(sorting after switching to spreadsheet page) and St4 ! St4 (Use of

sorting) in U19b.

4 | DISCUSSION

The response processes of problem-solving items contain rich infor-

mation about respondents' behaviours and cognitive process in the

digital tasks. In this study, we exploited the HMM on time-stamped

action sequence data to identify the latent states and transitions

between states underlying the problem-solving process in two PSTRE

items in PIAAC. We found significant differences in behaviour pat-

terns across latent states by response groups. The groups with correct

responses in both items were found more engaged in tasks and more

often to use efficient tools to solve problems, while the group with

incorrect responses was found more likely to use shorter action

sequences and exhibit hesitative behaviours. Consistent behavioural

patterns were also identified through a correlation study across the

two items.

This study demonstrated the advantages of HMM in process data

analysis from both person-level and item-level perspectives. From the

person-level aspect, HMM presented a deep insight of an underlying

layer from the observed action sequences by segmenting each long

problem-solving process into latent subtasks. This helped characterize

response profiles and test-taking behaviours of people by different

response groups (success and failure), thus providing potential fea-

tures to cluster people with homogeneous behaviour patterns. For

instance, Fincham et al. (2019) employed HMM to generate latent

learning state sequences, based on which, learners were clustered into

different learning strategy patterns. From the item-level aspect, the

output from HMM blueprinted the transition path between latent

states to help screening the abnormal behaviours that run out of item

designers' expectation. For instance, respondents might not need to

transit to the latent state of using tools (which is a compulsory step in

predefined strategy created by item developers and content experts)

but still could make correct responses following other strategies

(e.g., scanning spreadsheet by rows with eyes). In such a case, the

HMM could play an important role in examining the validity of a

problem-solving item and help readjust the predefined strategies if

they were too far away from the common individual problems-solving

process.

Evidence-centered design (ECD) that was first introduced in Mis-

levy et al. (1999, 2003, 2006) presents the high-level models of the

conceptual assessment framework (CAF) and four-process delivery

architecture - examinee by examinee, the functions of selecting and

administering tasks, interacting as required with the examinee to pre-

sent materials and capture work products, and then evaluating

responses from each task and accumulating evidence across theme.

Evidence models under the CAF provide detailed instructions on how

we should update our information about person-level variables given

a performance in the form of examinees' work products from tasks.

An evidence model contains two parts, which play distinct roles in the

assessment argument: first, evidence rules describe how observable

variables summarize an examinee's performance in a particular task

from the work product that the examinee produced for that task; and

second, the measurement model provides information about the con-

nection between person-level variables and observable variables

(Mislevy et al., 2003). In the current study, in fact, the work products

are presented in the form of process data, specifically, time-stamped

action sequences in our study. An application of HMM produced a

hidden layer under the observational variables of work products.

Looking ahead, a joint model containing both the person-level

(response) variables and observable variables (i.e., action sequences

and derived hidden states and transition probability from the HMM) is

the machinery that effects probability-based accumulation and syn-

thesis of evidence over task performances.

In this study, different behaviour characteristics were detected in

successful and unsuccessful groups. These findings are consistent with

the previous results of He and von Davier (2015, 2016), who applied n-

grams model to explore the process data of the item U19a. In their study,

respondents in the correct groups were found to be more likely to

employ efficient tools, while those in the incorrect group were more

likely to display cancellation-related behaviours and/or skip the items

without executing any efforts. Unlike the n-gram model to segment the

observable long action sequences into mini-sequences to facilitate the

analysis, the application of HMM not only kept the action sequence as a

complete set, but also provided latent states underneath the observable

sequences, thus, made a further contribution to understanding the test-

takers' behaviour in solving a digital task with various constrains and

steps, especially in multiple environments related to spreadsheets and

emails.

The latent states derived from the HMM corresponded to the sub-

tasks disassembled from the problem-solving cognitive dimensions

(e.g., setting sub-goals, using tools, acquiring information, and utilizing

derived information) (OECD, 2012). For instance, the results related to

tool use in different performance groups supported the theoretical

importance of cognitive tools in assisting human problem solving

(Jonassen & Reeves, 1996). The sorting and/or searching functions in

both items in this study could help narrow the searching range, thereby

reducing cognitive load of problem solvers to save cognitive resources

for higher-order thinking skills. The results of the current study are also

aligned with the findings in Liu and Bera (2005) where problem-solvers

in the higher performance levels were found more likely to make appro-

priate use of cognitive tools than those at the bottom level.

The application of HMM also disclosed a variety of transition path

through latent states in the unsuccessful group, which could help pin-

point some reasons for respondents' failure. One possible reason

could be the respondents' low motivation to solve the digital tasks. A

typical low motivation of the skipping behaviour was following limited

transition paths in latent states or simply from the state of start
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directly to the end. The low motivation might reduce an allocation of

attentional resources to the task (Weith, 2005), thus resulted in a poor

performance. An increasing number of recent studies have paid atten-

tions to the association between behaviour patterns and motivations

by different performance groups, mostly focused on using observable

variables though. For instance, Sahin and Colvin (2020) suggested to

combine information on the time spent on task with information on

the number of performed actions to classify responses as rapid, disen-

gaged responses. Ulitzsch, He, and Pohl (2021) proposed using

sequence mining techniques by combining action sequences and time

intervals between actions to understand the incorrect behavioural

patterns on interactive tasks. It would be interesting to leverage these

observable variables with the latent states and transitions from the

HMM application in the future studies.

4.1 | Limitations and future directions

Some limitations also worth merit in this study. First, the extracted

HMM states were interpreted according to actions with high emission

probability. The validity of the latent states and transitions between

states would be recommended for a further check with item devel-

opers and content experts. It was noted that the actions with low

probabilities were not discussed in the current study, which might

lead to ignorance of some useful information in special cases

(e.g., some meaningful behaviour patterns that only occurred in a lim-

ited number of respondents).

Second, the two problem-solving tasks used in this study were

relatively easy items with an over 60% correct rate (including partial

credits) among respondents. The problem-solving strategies in

these items were rather straightforward compared with the com-

plex items. He et al. (2019) found that the task difficulty could lead

to different degrees of complexity in forming problem-solving strat-

egies, thus impacting respondents' behaviours. It would be interest-

ing to expand the difficulty range in a future study to evaluate how

respondents' behaviours would change under different situations.

Further, more evidence is expected to be collected from multiple

items across the PSTRE domain. A refined HMM approach would

be valuable to generalize findings across multiple tasks in a further

study.

Finally, because the current study only focused on using the pro-

cess data from one participating country in PIAAC, the culture and

country effects might not be revealed. An interesting direction for the

future work could be leveraging covariates (e.g., age, gender, country,

and low- and high- basic skills in literacy and numeracy) into the

HMM to compare the different behavioural patterns in transitions and

emission probabilities of latent states.

5 | CONCLUSIONS

This study presents the value of data-driven approach of HMM to

reveal latent states and transitions underneath the observable action

sequences to provide deeper insights of behavioural patterns in

complex problem-solving tasks. Note that the HMM method is not

restricted to time-stamped action sequences from complex problem-

solving tasks but might be employed to understand behavioural pat-

terns in various psychological assessment and digital learning set-

tings with interactive modes such as collaborative, game- and

simulation-based tasks, scenario-based environments, or learning

apps. As such, the present study may serve as a blueprint for

researchers seeking a better understanding of behavioural patterns

in various types of interactive tasks. The application of HMM in pro-

cess data analysis holds promise in better visualizing and dis-

assembling the problem-solving process into latent subtasks, which

could be helpful in evaluating the mastery of subskills from the com-

plex problem-solving competence. As showcased in the present

study, combining insights gained from the HMM application and

expert-predefined sequences may support examining the item valid-

ity and complementing insights into different aspects of behavioural

patterns and is therefore strongly advised.
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0 – no credit (no correct rows marked), 1 – half credit (partially correct),

and 2 – full credit (all correct) based on the number of correctly

marked rows.
2 The raw process data are openly available from the OECD website:

http://www.oecd.org/skills/piaac/data/piaaclogfiles/.
3 Each sorting option (i.e., change the sorting column name of sequence of

order) was recoded as one single action.
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