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The use of data for adaptive, tailor-made education can be beneficial for students with learning
difficulties. While evaluating the effects of a data-based decision-making (DBDM) intervention
on student outcomes, considerable variation between intervention effects, ranging from high-
intervention effects to small or even negative intervention effects, across schools was found.
The main purpose of this study was to investigate whether educator and school organizational
characteristics are related to the effects of a DBDM intervention on student achievement growth
by comparing 10 primary schools with strong intervention effects with 10 primary schools
with no intervention effects on student achievement. Supportive and hindering factors were
studied by means of surveys and interviews with school management teams, and by examining
school reports from the project trainers. Results indicate that schools with strong intervention
effects differed from schools with no intervention effects with regard to their teachers’ teaching
quality, staff’s attitude toward DBDM, and the school data culture.

Queen Beatrix Elementary and Lake View Elementary1 are
two primary (K-6) schools, belonging to the same school
board in a suburban area in the Netherlands. These are 2
of 101 schools that participated in the same 2-year large-
scale intervention study to implement and sustain data-based
decision making (DBDM) in their schools with the aim of
improving student performance. After 2 years, the staff of
Queen Beatrix Elementary was quite enthusiastic and saw
the added value of working in a data-based way as student
performance had significantly improved compared to the pe-
riod before the intervention. However, in Lake View Elemen-
tary, the results were not that promising; the intervention did
not affect student performance at all. Teachers in this school
perceived DBDM as time consuming and involving a lot of
paperwork, and it failed to support their educational practice.

Why was the same DBDM intervention effective in Queen
Beatrix Elementary, but not in Lake View Elementary? In the
evaluation of the 2-year DBDM intervention in 101 schools,
we found evidence of a positive average intervention effect
on student outcomes (Keuning & Van Geel, 2016; Van Geel,
Keuning, Visscher, & Fox, 2016). However, we also found
considerable variation between intervention effects across
schools. In this article, we study what educator and school
organizational factors are associated with these differences in
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intervention effects. To do so, of the 101 participating schools
the 10 schools with the strongest intervention effects were
compared with the 10 schools with the smallest intervention
effects.

DBDM AND IMPROVED STUDENT OUTCOMES

Just like in other countries (Ferguson, 2008; Roy, Guay, &
Valois, 2013), there is a trend toward full inclusion in Dutch
education. This leads to more diversity in general educa-
tion classrooms, requiring teachers to adapt their instruc-
tion to more and larger differences between both advanced
and weaker learners. Many researchers argue that the use of
data can be beneficial for adapting instruction to students’
needs (Deno, 2003). For example, Stecker, Fuchs, and Fuchs
(2005) found that the use of data is beneficial for students
with learning difficulties, provided that data is used both for
identifying students with learning difficulties and for modify-
ing instruction timely. DBDM can be decomposed into four
components: (1) analyzing and evaluating data, (2) setting
SMART (Specific, Measurable, Attainable, Relevant, Time-
bound) and challenging goals based on the analysis of student
progress data, (3) choosing strategies to accomplish the goals
set, and (4) executing the chosen strategies (see Figure 1).

In a number of studies, DBDM influenced student out-
comes positively (Carlson, Borman, & Robinson, 2011;
Konstantopoulos, Miller, & van der Ploeg, 2013; Van Geel
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FIGURE 1 Schematic overview of DBDM.

et al., 2016). However, researchers also argue that there is still
much work to do in terms of investigating precisely how data
use can reach its full potential (Kaufman, Graham, Picciano,
Popham, & Wiley, 2014). In other words, more insight into
the conditions under which DBDM works is needed.

Factors Influencing Successful (Implementation
of) DBDM

In the international DBDM literature, a broad range of fea-
tures that might explain differences in DBDM effects are
mentioned. These features can be found at the level of the
data, the educators, and the school organization (e.g., Ike-
moto & Marsh, 2007; Mandinach, 2012; Schildkamp &
Poortman, 2015). The vast majority of the Dutch primary
schools use standardized student-monitoring tests and reg-
ister the results of these tests in their student monitoring
system, a system that provides graphs and tables represent-
ing various aspects of student performance. Therefore, al-
though we acknowledge the importance of having access to
high-quality data and the availability of technological tools
to make the data accessible and interpretable, in our con-
text, data features were not a concern. For the purpose of
this study, we focused on educator and school organizational
features.

Educator Features: Knowledge and Skills

Educators’ knowledge and skills regarding DBDM are im-
portant for successful DBDM. First, knowledge and skills
regarding analyzing and interpreting data, also called “data
literacy,” are essential. Educators need to know how to trans-
form raw data into actionable knowledge; therefore, skills
such as collecting and organizing data, analyzing and summa-
rizing data, and synthesizing and prioritizing data are needed
(Bennett, 2011; Mandinach, Honey, & Light, 2006). Next,
based on DBDM data analyses, users should know how to
set SMART and challenging goals (Locke & Latham, 2002),
and they need to be able to choose effective strategies to meet
these goals. Finally, users (more specifically, teachers) need
to execute the chosen strategies in daily classroom practice
(Anderson, Leithwood, & Strauss, 2010; Visscher & Ehren,
2011). In this matter, teaching quality comes into play. Next to
the basic, more general dimensions of teaching quality (e.g.,

creating a safe classroom climate, efficient classroom man-
agement, and providing clear instruction; Fauth, Decristan,
Rieser, Klieme, & Büttner, 2014), two other teaching skills
that are important for DBDM should be mentioned here,
challenging students and teaching them in a goal-oriented
way.

Educator Features: Attitudes toward DBDM

A positive attitude toward DBDM of all team members is
regarded as important for successful DBDM (Schildkamp &
Ehren, 2013; Schildkamp, Karbautzki, & Vanhoof, 2014). A
negative DBDM attitude of all or part of the school team can
severely hinder DBDM (Reeves & Burt, 2006). A negative
attitude of teachers toward testing was one of the major chal-
lenges principals faced when implementing DBDM in their
schools because teachers who did not see the value of testing
did not use test results effectively (Reeves & Burt, 2006).

School Organization Features: Leadership for DBDM

The school leader is considered to have a key role in the
successful implementation of DBDM in multiple ways (Ike-
moto & Marsh, 2007; Levin & Datnow, 2012; Schildkamp
& Lai, 2013). First, the school leader can play an important
role for the practical preconditions for DBDM, such as the
selection of a proper student monitoring system and provid-
ing teachers with time for DBDM activities and collabora-
tion (Datnow, 2011; Ikemoto & Marsh, 2007; Schildkamp &
Lai, 2013). Second, by promoting and facilitating data use, a
school leader can influence teachers’ attitudes toward DBDM
(Wayman, Cho, Jimerson, & Spikes, 2012). Finally, by pro-
moting a strong DBDM vision and by having clear rules and
norms for data use, the data culture of the school can be
positively influenced by the school leader (Marsh, 2012).

School Organization Features: Data Culture

A culture that fosters data use and is achievement ori-
ented is regarded essential for implementing and sustaining
DBDM (Mandinach, 2012). According to Lai and Schild-
kamp (2013), DBDM is best implemented in schools in which
team members feel the need to critically look at data, reflect
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on their own functioning, and, are open to changing their
practice when data reveals a need to do so. However, it is not
always easy to reflect on one’s own functioning when feeling
threatened (Marsh, 2012). A climate of trust is therefore es-
sential in establishing a data culture within schools (Ikemoto
& Marsh, 2007; Marsh, 2012; Visscher & Ehren, 2011). In
such a culture, data are not used to judge but to support im-
provement. Moreover, an explicit vision on data use, which
is clearly communicated by the school leader, is an essential
part of a data culture. Such a vision is characterized by “a
group’s appreciation for the importance and power that data
can bring to the decision-making process” (Hamilton et al.,
2009, p. 46).

School Organization Features: Collaboration

Strong collaboration patterns can also support DBDM within
a school (Schildkamp & Lai, 2013; Schildkamp & Poortman,
2015). In highly collaborative teams, teachers have more
access to knowledge and skills for analyzing data and also
have more opportunities to discuss performance goals and
share effective strategies for goal accomplishment. Strong
collaboration thus enhances a teams’ capacity to work in a
data-based way (Farley-Ripple & Buttram, 2015; Jimerson
& Wayman, 2015).

In sum, the DBDM literature presents a variety of fac-
tors that possibly influence the successful implementation of
DBDM. However, there is still limited empirical evidence
that these features affect student performance via DBDM.

RESEARCH QUESTIONS

As we noted in the introduction, the DBDM intervention
worked in Queen Beatrix Elementary but not in Lake View
Elementary. Differences in effects could have been caused
by a number of factors. We studied those factors in two
ways, first the school leaders of the 20 selected schools were
interviewed and reports from the project trainers were ex-
amined. This allowed us to answer the following research
question: Which educator and school organizational factors,
as perceived by trainers and school leaders, promoted and/or
hindered DBDM implementation in their schools?

Second, based on the theoretical framework for this study
the educator characteristics and school organizational char-
acteristics of schools with strong intervention effects were
compared with those of the schools without intervention ef-
fects. Here, the underlying research question was: What dif-
ferentiates schools that benefit from the DBDM intervention
from those that do not benefit from the intervention?

To our knowledge, this is the first study to relate pro-
moting and hindering DBDM factors to student achievement
growth. It was expected that staff in schools with strong in-
tervention effects (“strong-effect schools”) had more DBDM
knowledge and DBDM skills at the end of the intervention
compared to the group of schools with no intervention ef-
fects (reflected by higher data literacy, and higher teaching
quality). Furthermore, their attitude toward DBDM during
the intervention was expected to be more positive than the

schools without intervention effects. Regarding school orga-
nizational characteristics, it was expected that in strong-effect
schools, school leaders would be perceived as more achieve-
ment oriented, that the data-culture in such schools would
be stronger, and that teachers in strong-effect schools would
collaborate more on DBDM topics such as the discussion
of student achievement, achievement goals, and appropriate
instructional strategies.

METHODS

A total of 101 primary schools (53 schools in Focus II and
48 schools in Focus III) participated in a 2-year DBDM in-
tervention. Based on their calculated intervention effect on
student mathematics achievement, expressed in terms of im-
proved student achievement growth as described in Van Geel
et al. (2016), schools in each cohort were ranked from the
lowest (or no) intervention effect to the highest intervention
effects. From the 2011 to 2012 cohort, one outlier school was
excluded, as this was a very small school with unusual high
levels of student achievement at the start of the intervention.

Next, from each of the two cohorts, the upper and lower
five schools were selected. This resulted in a sample of 20
schools, of which the characteristics are presented in Table 1.
For the purpose of this article, the strong-effect schools are
coded SE1 to SE10 and the no-effect schools are coded NE11
to NE20. As can be found in Table 1, the no-effect schools and
the strong-effect schools differed from each other on a num-
ber of school characteristics. In Van Geel et al. (2016), we
already noted a significant interaction effect of school socio-
economic status (SES), also presented in Table 1, showing
that the majority of schools have a medium-SES population,
whereas a majority of no-effect schools have a medium-SES
population. Additionally, Table 1 shows that strong-effect
and no-effect schools differed from each other in school size,
urbanization, and intervention trajectory. The latter refers to
the subjects the schools started with, and the subjects they
added to their trajectory throughout the intervention period.
Apparently, schools that chose to focus on mathematics for
both years reached the highest intervention effects for math-
ematics while the schools that chose to add a new subject
in the second intervention year had no student achievement
effects at all. Although, the impact of the context factors
(school-SES and intervention trajectory) is important, the
current study was especially meant to clarify which educator
and school organizational features explain differences in the
impact of the intervention between schools.

Instruments and Data Collection

Multiple instruments were used to gather data about the fac-
tors potentially influencing DBDM implementation. Data
collection took place at the start of the intervention (T1),
the end of the first intervention year (T2a), the start of the
second intervention year (T2b), and at the end of the second
intervention year (T3).
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TABLE 1
School Context Characteristics

Strong-Effect Schools No-Effect Schools

(N = 10) (N = 10)

School size Small (<150) 2 20 percent 5 50 percent
Medium (150–350) 8 80 percent 3 30 percent
Large (>350) 0 0 percent 2 20 percent

School-SES High 1 10 percent 3 30 percent
Medium 3 30 percent 6 60 percent
Low 6 60 percent 1 10 percent

Urbanization Rural 1 10 percent 4 40 percent
Suburban 5 50 percent 5 50 percent
Urban 4 40 percent 1 10 percent

Intervention trajectory M-M-M 6 60 percent 1 10 percent
M-M-X 2 20 percent 1 10 percent
M-X-X 1 10 percent 5 50 percent
X-M-M 1 10 percent 2 20 percent
X-M-X 0 0 percent 1 10 percent

Note. The intervention trajectory was chosen by the schools. Schools decided whether they wanted to focus on Math (M) during the first intervention year or
another subject such as spelling, vocabulary, or reading comprehension (X). In the second year, schools were offered the opportunity to add another subject or
stick to the same subject. Halfway through the second year, schools could again choose to add another subject or stick to the same subject. This resulted in five
different intervention trajectories.

Qualitative Data

To answer research question 1 and gain insight into school
leaders’ experiences regarding the factors contributing to and
hindering the implementation of the DBDM intervention, in-
terviews with school leaders were held using the storyline-
method (Beijaard, Driel van, & Verloop, 1999; Huizinga,
Handelzalts, Nieveen, & Voogt, 2015). This method offered
school leaders the opportunity to reflect on their DBDM im-
plementation process experiences during the entire interven-
tion period. First, the trainer explained the storyline method
to the school leader and, in some cases, the academic coach
or other members of the school management team. School
leaders were provided with an empty graph. Time (in months)
was displayed on the x-axis and the y-axis ranged from 1 to
10. School leaders were asked: “How would you rate the
process of implementing DBDM in your school during the
Focus-project?” They could rate the process with a score
between 1 and 10. School leaders answered this question by
plotting a storyline in the empty graph, starting at “now”
(thus, at the end of the project), and then, while thinking
back to the start of the project, rating the various time points
of the process by giving grades between 1 and 10.

After they had plotted the storyline, school leaders were
asked to which factors had caused the peaks and valleys in the
storyline they had drawn (e.g., the acquisition of data-analysis
competences caused enthusiasm versus an intervention meet-
ing of which the content was considered to be too repetitive
by participants). Additionally, the interviewer asked which of
the more general factors had promoted or hindered DBDM
implementation (e.g., general collaboration within a school
team vs. poor teaching quality). The interviewer made notes
during the interview and summarized the outcomes for each
school. All schools received a summary to which they could
respond in case information was missing or incorrect. These
notes and summaries were used for our study.

In addition, prior to their interviews with a school leader,
trainers wrote down their own experiences per school in a
report using the same storyline method. In this report they,
answered the same questions as the school leaders.

Quantitative Survey Data

Quantitative data were collected about teaching quality,
school leadership, data culture, collaboration, and staff mem-
bers’ attitude toward DBDM. In Table 3, an overview of data
collection activities and the features of the data collected is
presented.

An Intervention for Improving DBDM

Since DBDM is still not common practice in educa-
tion (Farley-Ripple & Buttram, 2015; Means, Padilla, &
Gallagher, 2010), the University of Twente developed a
2-year team training, called “The Focus-intervention” with
the aim to implement and to sustain DBDM within the whole
school organization. In Table 2, an overview of intervention
meetings is provided. In the first year, the basic knowledge
and skills for DBDM were covered in seven team meetings.
Note that in meeting 2, the emphasis was on diagnosing
individual students’ learning needs. Teachers, for example,
learned how to conduct a student interview in order to identify
misconceptions within the zone of proximal development. As
a result, teachers learned how to select an instructional strat-
egy to meet students’ needs.

The second year included five team meetings in which
schools chose to broaden their scope to a new subject, or to
deepen DBDM for the subject they had already worked on
throughout the first year. In addition to the team meetings,
the project trainer discussed the schools’ progress with the
school leaders and, if applicable, the academic coach twice
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TABLE 2
Overview of the Intervention Meetings

Year Meeting Type of Meeting Content

Y1 School leader/school board meeting Fulfilling practical preconditions and stressing the importance of the role of the school
leader/school board

1.1 Team meeting Analyzing test score data from the student monitoring system
1.2 Team meeting Subject matter content—curriculum

Individual diagnosis of students’ learning needs
1.3 Team meeting Goal setting and developing instructional plans
1.4 Team meeting Instructional plans in practice

Monitoring and adjusting instructional plans based on test data from content mastery tests and
daily work in class

School leader/school board meeting Discussing progress and the goals for the next period (trainer, school leader, and school board)
1.5 Team meeting Team meeting: evaluating standardized test performance data

Additional: math content and curriculum
1.6 Team meeting Collaboration in the school: how to learn from each other by using classroom observations

School leader/school board meeting Discussing progress and goals for the next period (trainer, school leader, and school board)
1.7 Team meeting Team meeting: evaluating standardized test performance data

Y2 2.1 Team meeting Option 1: Continue with the same subject: based on issues raised by school
Option 2: New subject: tests and analysis for new subject, content, and curriculum

2.2 FII: Team meeting Option 1: Continue for math: based on issues raised by the school
Option 2: New subject: content and curriculum

FIII: Classroom observations Classroom observations
2.3 Team meeting Team meeting: evaluating standardized test performance data

Optional: adding another subject, tests and analysis for new subject
2.4 Classroom observations Classroom observations
2.5 Team meeting Team meeting: evaluating standardized test performance data.

a year. In these meetings, the importance of fulfilling the
practical preconditions for DBDM was stressed; schools’
progress regarding DBDM was discussed and school leaders
were supported in preparing the team meetings during which
the results of students in the various grades, as well as the
effectiveness of educational strategies to improve student
learning and achievement were evaluated.

In August 2011, the first cohort of 53 primary schools be-
gan the intervention (Focus II), after which in August 2012, a
second cohort of 43 primary schools began the intervention
(Focus III). In both cohorts, the same content was taught to
the participants and the training included the same sequence
of meetings. Nevertheless, the two cohorts differed slightly
on the subject they focused on during the first year; for ex-
ample, in Focus II all schools started the intervention focus-
ing on “mathematics.” In the second year, Focus II schools
had the possibility to broaden their scope to “spelling.” In
contrast, Focus III schools could choose the subject they
wanted to start with in the first year: mathematics, spelling,
reading comprehension or vocabulary. In the second year,
Focus III schools could broaden their scope to a second
subject. Additionally, in Focus III, an extra observation
round was included in the second year, instead of a meeting
(as in Focus II).

Cohorts received trainings from different project trainers,
however, all trainers had been appointed by the University of
Twente for this project. Furthermore, the implementation of
the training was supervised by the first two authors of this
article, who themselves were not directly involved in working
with the schools.

To ascertain that the DBDM training was as consistent
as possible across schools and trainers, each meeting had a

central topic that was the same for every participating school.
The content of these meetings was fixed for all schools, the
same PowerPoint slides were used and the same exercises
were conducted. Prior to each meeting, the trainers discussed
the content for that specific meeting intensively to assure that
each of them would present the information in the same way.
The time a trainer spent on a specific topic within a meeting
varied somewhat between schools, as school teams’ prior
knowledge, team members’ needs, and the subject chosen by
a school varied.

Data Analysis

The researcher used Atlas.ti to code trainer reports and
the summaries of the interviews with the school leader.
Table 3 presents, for each of the quantitative sources used for
this study, the analyses that were conducted for computing the
values used. In most cases, the analyses were performed for
all schools that participated in the DBDM intervention. As
can be seen in Table 3, the quantitative measures of teaching
quality, data literacy and teachers’ attitude were measures us-
ing multivariate multilevel pre-post-post item response the-
ory (IRT), a detailed description of these analyses can be
found in Keuning and Van Geel (2016). The items in all scales
had acceptable discrimination and difficulty parameters.

RESULTS

To answer our first research question, about the factors that
school leaders and/or trainers perceived as having promoted
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TABLE 3
Overview of Quantitative Data Collection, Data Analysis, and Software Used

Instrument Target Group Features of the Data Data Analysis
Outcomes Used for this

Study

Data literacy test
(T1/T3)

All participants 15 general questions and 10–15
system-specific interpretation
items, all coded 1 if answered
correctly and 0 if answered
incorrectly.

Multivariate multilevel pre-post
IRT using a modified version
of the “mlirt” program of Fox
(2007)

For all participants an
ability score

Student survey
about teaching
quality
(T1/T2b)

Students in grades
2–6

36 items, five teaching quality
scales: (1) safe climate, (2)
classroom management, (3)
clear instruction, (4)
challenging students, (5)
goal-oriented teaching, scored
on a 5-point Likert scale.

Multivariate multilevel pre-post
IRT using a modified version
of the “mlirt” program of Fox
(2007)

For teachers in grades 2–6
an ability score on all
five latent teaching
scales.

Teacher survey
about attitudes
(T1/T2a/T3)

All participants Four scales can be divided:
attitude toward (1) DBDM in
general; (2) the SMS; (3)
goal-setting; (4) collaboration.

Multivariate multilevel pre-post
IRT using a modified version
of the “mlirt” program of Fox
(2007)

For all participants an
ability score

Teacher survey
about school
leadership
(T1/T2a/T3)

All participants
(except for
school leaders)

13 items, 4-point Likert scale.
Reduced to 3-point Likert scale

Multilevel latent class analysis
using Mplus 7.3 (Muthén &
Muthén, 2004)

For each school the
assigned class
(SL1–SL5)

Teacher survey
about school
culture
(T1/T2a/T3)

All participants 10 items, 4-point Likert scale.
Reduced to 3-point Likert scale

Multilevel latent class analysis
using Mplus 7.3 (Muthén &
Muthén, 2004)

For each school the
assigned class
(SC1–S5)

Social network
survey (T1,
T2a, T3)

All participants 3-items: discussing student
achievement, goals,
instructional strategies

Calculating density, reciprocity,
centralization using
R-package: Sna (Butts, 2014)

For each school: Density,
Reciprocity,
Centralization

or hindered DBDM implementation the results from the
interviews with school leaders and trainer reports are
presented for each factor studied. Next, in order to answer
the second research question, concerning the differences
between “no-effect schools” and “strong-effect schools,” the
results from the questionnaires are presented. The results
on the educator characteristics are presented first, followed
by the results on the school organizational characteristics.
Two factors, not included in our theoretical framework but
considered important by the school leader and/or the trainer,
are presented at the end of this section.

Educator Characteristics

Educators’ Knowledge (Data Literacy)

Based on the school leaders’ storylines, we found that the
first four meetings of the intervention resulted in a peak in
the implementation process. Sixteen of 20 schools reported
that these meetings, in which the basic knowledge and skills
for DBDM were acquired, were very beneficial for DBDM
implementation in their school. No differences were found
between strong-effect and no-effect schools based on quali-
tative data. For example, the school leader of NE20 said:

After meeting 1.1 there was a peak, we had no idea what
the possibilities of our student monitoring system were, and

teachers were very enthusiastic when they found out they
could for example graph their students’ achievement growth.

Based on the findings from the data literacy test, no differ-
ences were found between no-effect schools and strong-effect
schools in terms of their data literacy growth. As can be seen
in Figure 2, in both groups data literacy strongly improved
during the intervention.

Teaching Quality

Based on trainer reports, it appeared that teaching quality was
an important factor for successful DBDM implementation.
Moreover, the trainers mentioned clear differences between
no-effect and strong-effect schools. Trainers reported that in
seven of 10 strong-effect schools, overall teaching quality
was “sufficient” to “excellent.”

Moreover, in the Focus III second lesson observation
round, most teachers had improved compared to the first
lesson observation round. The trainer of school SE1 noted:

Compared to the first round of lesson observations, the teach-
ers in this school really improved their teaching practice.
They have used the feedback to resolve issues that deserved
attention, which I now regard as qualities.

In contrast, in three of 10 no-effect schools, trainers re-
ported teaching quality as sufficient. In one school, the trainer
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FIGURE 2 Schools’ data literacy scores on the pretest plotted against posttest scores.

could observe too few lessons to judge teaching quality.
Moreover, trainers reported weak to moderate lessons in two
no-effect schools, for example, in school NE17:

The lessons I observed were not in line with the instructional
plans the teachers had written. Overall, lesson quality was
not that bad, but there was considerable room for improve-
ment. First of all, classroom climate, classroom management,
and providing clear instruction should be up to standard, be-
fore teachers try to implement the more complex instructional
strategies they described in their plans.

In four schools, trainers observed considerable variation
in teaching quality between teachers, which they reported as
a hindering factor for implementing DBDM.

Quantitative teaching quality measures, which were only
available for the Focus III schools, confirmed trainers’ ob-
servations. As can be seen in Table 4, at pretest, students
in the strong-effect schools rated their teacher, on average,
more positively on all five teaching scales than did students
in the no-effect schools. At posttest, teachers in the no-effects
schools, in the eyes of their students, improved considerably
on classroom management, challenging students, and goal-
oriented teaching. However, teachers in the strong-effects
schools still outperformed teachers in the no-effect schools.
As presented in Table 4, the difference between strong-effect
schools and no-effect schools was largest for the “challeng-
ing students” and “goal-oriented teaching” teaching scales,
which are especially important for DBDM. As judged by stu-
dents, the majority of teachers improved their teaching skills
with regard to these DBDM skills; however, teachers in the
strong-effect schools showed more improvement compared
to teachers in no-effect schools. Moreover, especially for the
factor goal-oriented teaching prior to the intervention, the
majority of teachers in the no-effect schools scored below
the population average of zero.

TABLE 4
Means and Standard Deviations per Teaching Quality Scale in

Strong-Effect Schools (N = 32) and No-Effect Schools (N = 21) for
Focus III Schools

Teachers Teachers

in Strong-Effect Schools in No-Effect School

Pre Post Pre Post

M (SD) (SD) M (SD) M (SD)

F1: Creating a
safe climate

.13 (.49) .11 (.47) .04 (.50) .04 (.40)

F2: Classroom
manage-
ment

.19 (.64) .19 (.46) .01 (.64) .14 (.46)

F3: Clear
instruction

.19 (.40) .11 (.31) –.07 (.41) –.09 (.38)

F4:
Challenging
students

.28 (.48) .55 (.37) –.10 (.47) .25 (.37)

F5: Goal-
oriented
teaching

.11 (.38) .49 (.45) –.33 (.40) .03 (.43)

Attitude

In seven strong-effect schools and in four no-effect schools,
trainers identified positive team attitudes as a promoting fac-
tor. A positive attitude was characterized by a highly mo-
tivated team, one eager to learn and change their practice
based on the feedback they received from the trainer. These
teams recognized the usefulness of the intervention. Because
trainers reported such a positive attitude in both groups of
schools, a positive attitude did not seem to be a cause of
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differential intervention effects. However, a negative attitude
toward DBDM implementation did seem to cause differ-
ences between strong-effect and no-effect schools. Trainers
reported negative attitudes toward the intervention or toward
DBDM as a hindrance to implementation. In the no-effect
schools, teachers were more often critical toward DBDM
compared to teachers in strong-effect schools. In seven of 10
no-effect schools, the project trainers reported that, at some
point during the intervention, they experienced a negative at-
titude and resistance toward DBDM. In contrast, trainers re-
ported negative attitudes in three of 10 strong-effect schools.
Reports from the trainer revealed that this negative attitude
toward DBDM in the no-effect schools had multiple reasons.
Some schools had a negative attitude at the start of the in-
tervention, which was mostly caused by a lack of agreement
within the team to participate in the DBDM intervention. For
example, the school leader at school NE14 stated:

Participation in the intervention was demanded by the school
board, therefore, the school team was initially unmotivated.

Other schools started as motivated, but became demoti-
vated in the second intervention year. For example on school
NE17, the trainer reported:

During the first year, the teachers were very dedicated and
enthusiastic. They were critical but motivated, and worked
hard on implementing DBDM. During the second year, there
was a lot of discussion but no decisions were made. A lack of
leadership and clear agreements led to diversity in, for ex-
ample, the instructional plans and the depth of data-analysis,
and eventually to a stagnation in DBDM implementation.

Furthermore, in some schools a negative attitude toward
DBDM and the DBDM intervention was mentioned as a
result of “confusion” within the team. This, for example,
applies to school NE11, in which the information presented
in the first meetings was not in line with how the school
already worked in terms of DBDM.

Although not all members in the no-effects schools had
a negative attitude toward DBDM project, trainers reported
that if a team displayed a negative attitude, DBDM imple-
mentation within the whole school could be delayed. For
instance, the trainer of school NE20 stated:

All teachers attended all meetings, but only the teachers
in the higher grades participated actively in the meetings.
Kindergarten teachers were not motivated and were just there
because they felt they had to. I think the intervention therefore
had an effect on individual teachers, but not on the school as
a whole.

In contrast, in those strong-effect schools (three of 10)
in which negative attitudes were mentioned, trainers only
experienced this at the start of the intervention, for example,
in school SE07:

During the first four meetings, the team was not motivated
and teachers were afraid DBDM would only imply a lot
of paperwork. However, after meeting 1.5 in which student
achievement was discussed for the first time, they became
aware of the benefits of DBDM.

Our quantitative data supplement the findings from the
trainer reports. Four scales were used to measure attitude.

The first scale concerned participants’ general attitude toward
DBDM. As can be seen in Figure 3A, large variation between
the 20 schools was found. On average, team members in the
no-effect schools started with a less positive attitude toward
DBDM. Additionally, the average attitude toward DBDM de-
creased in the no-effect schools, while the attitude remained
positive in strong-effect schools.

Aside from the general attitude scale (Figure 3A), the
attitude toward specific DBDM components (analyzing stu-
dent achievement data with the student monitoring system;
setting goals based on data; and collaboration during the
DBDM process) was measured. Figures 3B–D, show that for
all three scales the same trend was found as in the general
attitude scale, great variability between schools and, in gen-
eral, a more positive attitude in strong-effect schools. As can
be seen in Figure 3, in both groups of schools the attitude
slightly declined over time. Remarkably this decrease was
stronger for the strong-effect schools.

School Organizational Characteristics

Educational Leadership for DBDM

In both groups of schools, project trainers reported that the
school leader was either a promoting or hindering factor
during the implementation of DBDM. A school leader who
was not involved in the innovation process was regarded as
a hindering factor. In most of these cases the school leaders
delegated the responsibility of leading the DBDM process to
their academic coach. For example, in school SE5, the trainer
reported:

In this school, the academic coach was key to the entire pro-
cess of change. The school leader and deputy school leader
showed a lack of knowledge with regards to the student mon-
itoring system, and expected the academic coach to analyze
and interpret data at the school level.

Other reasons for mentioning the school leader as a hinder-
ing factor for DBDM implementation were (1) weak commu-
nication within the management team or (2) a school leader
without authority. Finally, trainers felt that overprotective
school leaders delayed the implementation of DBDM, by
skipping, or postponing intervention parts because of fear
that staff members were too busy to work on all DBDM
components.

Trainers described school leaders who promoted the im-
plementation of DBDM were as “involved,” knowledgeable
about the needs of their team members, and communicative
about the added value of DBDM. According to the trainers,
such school leaders were particularly important during the
meetings in which the school leader presented the student
achievement results of the school followed by discussion
with the whole team. A trainer at school SE10 stated:

This school really celebrated success. The school leader
brought a cake to celebrate the raise in student achieve-
ment and complimented teachers for the good job they had
done. He made sure he attributed the success to the teachers
and the way they implemented DBDM.
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FIGURE 3 Schools’ attitudes toward (a) DBDM in general; (b) analyzing student achievement data with the student monitoring system; (c) setting goals
based on data; and (d) collaboration during the DBDM process. The bold dotted line represents the average strong-effect school attitude; the bold solid line
represents the average no-effect school attitude.
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TABLE 5
Assigned School Leader Classes and Assigned Data Culture

Classes for T1, T2, and T3

Strong-Effect Schools No-Effect Schools

(N = 10) (N = 10)

T1 T2 T3 T1 T2 T3

School leader classes
SL 1 1 1 1 1 2 1
SL 2 5 3 2 4 2 3
SL 3 2 4 3 4 2 2
SL 4 0 0 2 1 1 1
SL 5 2 2 2 0 2 3

Data culture classes
DC 1 2 0 0 3 0 0
DC 2 3 2 0 5 5 2
DC 3 4 1 2 0 1 3
DC 4 1 4 6 2 3 5
DC 5 0 3 2 0 0 0

Furthermore, during these meetings strong school leaders
made clear agreements with their team members and ensured
that these agreements were met.

Quantitative data revealed no meaningful differences be-
tween school leaders in strong-effect schools compared to
school leaders in no-effect schools. School leaders’ back-
ground characteristics were similar. In both groups, there
were six male school leaders and four females, the majority
of them in the age group 51–60. Most school leaders had
a Master’s degree. In all schools selected for this study, the
same person fulfilled the formal role of school leader during
the entire intervention.

Table 5 presents the assigned school leader classes for
T1, T2, and T3, where classes of leadership for DBDM are
ordered from the least DBDM oriented (SL1) to the most
DBDM oriented school leader (SL5). No remarkable dif-
ferences with regards to assigned school leadership class
were found between strong-effect and no-effect schools. Ad-
ditionally, in the strong-effect schools, four school leaders
were assigned to the same leadership class at the start. Four
school leaders moved to a higher class at the end of the in-
tervention, and one school leader moved to a lower class. In
the no-effect schools, three schools were assigned the same
leadership class, while six school leaders moved to a higher
class, and one to a lower class.

Data Culture

In the interviews with the school leaders and in the trainer
reports, “data culture” was not often mentioned as a pro-
moting or hindering factor. A possible explanation might be
that the term “data culture” is a more scientific concept and
not commonly used by educators. As was mentioned in the
previous, educators’ DBDM attitude was often reported as a
hindering or promoting factor for DBDM, and this attitude
is often related to “data culture.”

In Table 5, the number of schools per assigned data cul-
ture class is presented for each time point. Data culture class
1 (DC1) represents a weak data-oriented culture, whereas
data culture class 5 (DC5) represents a strong data-oriented
school culture. At T1, the majority of no-effect schools
were assigned a low data culture class, while the strong-
effect-schools were more often assigned as higher data cul-
ture classes. For all strong-effect schools, and six no-effect
schools, a higher data culture class was assigned at the end of
the intervention rather than at the beginning of the interven-
tion. For the other four no-effect schools, data culture class
remained the same before and after the intervention.

Collaboration

In the interviews with school leaders, in both strong-effect
and in no-effect schools, “collaboration” was mentioned as
a factor promoting DBDM implementation. Such collabo-
ration included discussing student performances in upper,
middle, and lower grades, and in parallel classes (including
searching for explanations for high or low student outcomes),
sharing experiences and best practices, and discussing in-
structional plans with each other. Furthermore, openness,
trust, and reflection skills as perceived by school leaders
were prerequisites for quality collaboration. School leaders
reported that, as a result of the DBDM intervention, collab-
oration among their staff increased. However, schools also
struggled with providing time for collaboration, for exam-
ple, the trainer of school NE20 noted:

There proves to be more collaboration between teachers,
especially after meeting 1.6. The younger teachers share
their instructional plans with the rest of the team and help
other teachers. Due to illness however, the school leader and
the academic coach have not yet been able to accomplish
teacher peer coaching in classrooms.

To quantitatively study collaboration, schools’ social net-
works were studied. The “achievement network,” the “goal-
network,” and the “instructional strategies network” were
examined based on the matched data set, meaning that only
those respondents who were present at T1, T2, and T3
were included in the network analyses. The density (the
concentration of relationships in a social network), reci-
procity (the extent to which relationships in a network are
reciprocal), and centralization (the degree to which a net-
work is centralized around one or more popular actors) of
these three network types were calculated for the three time
points. This resulted in nine outcome variables per time point
(density, reciprocity, and centralization at T1, T2, and T3).
For two schools (one in the strong-effect group and one in
the no-effect group), network measures were not available
because such measures would be too severely influenced by
the small number of respondents (fewer than five) in these
schools. Additionally, for one school (NE19), no network
measures were available at T2, so this school was also re-
moved.

Findings showed strong variation between schools for
the three network measures. At the start of the interven-
tion, on average 15 percent of all possible relationships in
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the “achievement network” actually existed (density) in the
strong-effect schools whereas the density was 20 percent in
the no-effect schools. At the end of the intervention, den-
sity remained comparable in the no-effect schools (20 per-
cent) and had, on average, slightly increased in strong-effect
schools (19 percent).

No differences were found at the start of the intervention
regarding the extent to which relationships in the achievement
network were reciprocal. At the end of the intervention, a
small average difference in favor of the strong-effect schools
was found. In these schools, 62 percent of all relationships in
the achievement-network were reciprocal versus 56 percent
in the no-effect schools. Similarly, no clear differences were
found for centralization, the degree to which a network was
centralized around one or more “popular” actors.

Results for the achievement network were very similar
to the findings for the goal network and the instructional
strategies network with no significant differences between
strong-effect and no-effect schools.

Two Additional Factors Mentioned by School
Leaders and Trainers

In addition to the factors that were identified as influential
to the implementation of DBDM in literature, school leaders
and trainers also indicated two additional factors that they
perceived as influential. These factors consisted of the pres-
ence of a supportive academic coach and pressure from the
inspectorate of education.

The Academic Coach

In both no-effect (five of 10) and strong-effect schools (seven
of 10), trainers felt DBDM implementation benefitted from
a supportive academic coach. Such an academic coach was
characterized by the trainers as a person knowledgeable re-
garding DBDM and dedicated to its implementation. Sup-
portive academic coaches were also critical toward the inter-
vention, making sure it would be consistent with the school’s
procedures. According to the trainers, such academic coaches
were even greater driving forces of DBDM implementation
than school leaders.

The trainers of five of 10 no-effect schools reported issues
with the academic coach hindering DBDM implementation.
In these schools academic coaches did not have enough time
to fulfill their role, lacked the required knowledge and skills to
support colleagues in the DBDM process. One school lacked
an academic coach. In strong-effect schools, no problems
with the academic coaches were reported.

Inspectorate

Three of 10 strong-effect schools had been reported as a
“weak school” by the Dutch inspectorate of education. In
these schools, the pressure from the inspectorate was men-
tioned as both hindering and promoting. On the one hand, this
pressure increased motivation for improvement. On the other

hand, the work pressure was high and overly stressful. None
of the no-effect schools reported pressure from the inspec-
torate as promoting or hindering for DBDM implementation.

DISCUSSION

The main purpose of this study was to explore why identical
DBDM interventions led to improved student achievement in
some schools, while not in other schools. Previous research
(Van Geel et al, 2016) into the impact of the focus interven-
tion has revealed that school-SES and schools’ intervention
trajectories partly explain intervention effect differences. In
the current study, we examined whether other factors influ-
enced the differences in intervention effects between schools.
Findings showed that factors we consider most relevant based
on the DBDM literature (e.g., educators’ knowledge and
skills, their attitudes toward DBDM, school leadership, data
culture, and school internal collaboration) were also men-
tioned by our school leaders and trainers as important factors
with regard to explaining intervention effects. The schools
and project trainers mentioned two additional factors: the role
of the academic coach and the pressure from the inspectorate
of education. Some school leaders reported this pressure as
motivational, whereas others indicated that it caused high
pressure and stress for their staff members.

To answer our second research question (What differenti-
ates schools that benefit from the DBDM intervention from
those that do not benefit from the intervention?), survey data
were examined. Three factors proved to be directly associ-
ated with strong intervention effects on student achievement
growth: educators’ DBDM attitudes, a school’s data culture,
and teachers’ teaching quality.

Factors Explaining Differences between
Strong-Effect and No-Effect Schools

This study confirmed our expectation that strong-effect
schools, in comparison with no-effect schools, would be
characterized by teachers with higher teaching quality, by
staff who are more positive toward DBDM, and by a school
culture that is more data oriented and achievement oriented.
Findings from the exploration of the survey data showed that,
prior to the intervention, schools already differed in terms of
the quality of their teachers, their DBDM attitude, and data
culture. At the start of the intervention educators’ attitudes
toward DBDM were higher, the culture was more achieve-
ment oriented, and teachers on average were rated higher by
their students on all teaching scales in strong-effect schools
when compared to no-effect schools.

During the intervention, educators’ attitudes either re-
mained stable or became a little less positive in both groups
of schools. Moreover, although a more achievement oriented
data culture developed during the course of the intervention
in both groups, the initial difference between schools with
regards to data culture still existed at the end of the interven-
tion. A similar trend was found for teaching quality. Although
teachers in the no-effect schools showed improvement on all
teaching quality scales, except for clear instruction, they did
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not reach the starting levels of the teachers in the strong-effect
schools.

These findings from the survey data were confirmed by the
trainer reports. Trainers also reported stronger teaching qual-
ity behavior in strong-effect schools compared to no-effect
schools. Moreover, they more often faced a negative attitude
from staff members in no-effect schools. Data culture was
not mentioned in trainer reports or school leader interviews,
probably because educators infrequently use this theoretical
construct.

Factors Not Explaining Differences between Both
School Groups

Our expectations with regard to the impact of staff data liter-
acy, school leadership, and collaboration on DBDM imple-
mentation, were not confirmed in this study. School leaders
did mention improved knowledge and skills as a valuable
result of the intervention. However, data literacy improved
to the same extent in both groups of schools; therefore, it
does not explain differences in intervention effects between
schools. A possible explanation of the fact that educators’
data literacy considerably increased but did not explain dif-
ferences between schools may be that data literacy is a nec-
essary precondition rather than a sufficient precondition for
successful DBDM implementation. Teachers may be per-
fectly capable of interpreting and analyzing data, but im-
proved student outcomes are not likely to occur if they do
not know how to change classroom practice based on the
analyses.

Second, trainers reported the school leader to be important
for the DBDM process within the school, however, trainers
in both strong-effect schools and in no-effect schools re-
ported stronger and weaker school leaders. Moreover, our
findings from the teacher questionnaire did not confirm dif-
ferences in school leadership classes between strong-effect
and no-effect schools. In a previous study (Keuning & Van
Geel, 2016), we found that a strong data culture and DBDM-
oriented school leadership were positively associated. Seem-
ingly, the impact of a school’s data culture on DBDM-effects
is stronger than that of school leadership, perhaps other
staff (e.g., the academic coach) also contributed to the data
culture.

Third, in the interviews, school leaders of both strong-
and no-effect schools indicated that strong collaboration,
characterized by discussing student achievement data, shar-
ing experiences and best practices, promotes the DBDM-
implementation process. However, schools’ social network
measures varied from each other regardless of the school
group and did not allow for clear conclusions on the
explanatory power of the school internal collaboration
factor.

FUTURE RESEARCH
AND RECOMMENDATIONS FOR PRACTICE

The design of this exploratory study has a number of limi-
tations. First, 20 schools included were 10 schools with the

strongest intervention effects and 10 with the weakest inter-
vention effects of 101 schools participating in the interven-
tion. By doing so, we focused on the outliers in the original
sample. In particular, the comparison of the strong-effect
schools with the Dutch national primary school population
revealed that these schools were not representative, as these
schools were more frequently located in (sub)urban areas,
and low-SES schools were overrepresented. Thus, our selec-
tion procedure limits the generalizability of our findings. The
sample was also quite small. This sample size was chosen
to be able to conduct an in depth, exploratory study of those
factors that differentiate between strong-effect schools and
no-effect schools. We acknowledge that a large-scale follow-
up study, with a larger and more representative sample is
needed for more generalizable conclusions.

Moreover, schools were selected based on their
“intervention-effect,” which was calculated by comparing
student achievement growth during the two intervention
years with student achievement growth during the 2 years
before the intervention. It should be noted that the no-effect
schools were not, by definition, low-achieving schools. Some
of them were stable, high-achieving schools with stable per-
formance during the DBDM intervention. In contrast, the
majority of strong-effect schools were initially low-achieving
schools and thus more growth was possible in these schools.
It could be that no-effect schools already performed well
and that it was more difficult for them to further improve
their performance. In order to gain more insight into the
effects of DBDM, future research aimed at examining differ-
ences between schools in which DBDM was implemented
successfully versus unsuccessfully should use a DBDM-
measure, rather than the product of DBDM for selecting
the schools to be studied. For example, Van Geel, Teunis,
and Visscher (2015) used trainers’ overall grade (ranging
from 1 to 10), representing the degree to which DBDM had
been embedded in a school. This way it was possible to rank
schools.

Finally, the project trainers, all with their own profes-
sional opinion, conducted the interviews with the school
leader. This may have led to bias in the interpretation of
the interview data. By sending summaries to the schools as
a member check, we addressed this problem. The first two
authors supervised the intervention. They were not directly
involved in working with the schools and did not conduct
the interviews with the school leaders but they did decode
the summaries of the trainers. It could be that researchers’
involvement in the project resulted in bias as prior knowl-
edge about the intervention and the implementation process
may have influenced their judgments. Therefore, in future
research we would recommend using independent interview-
ers and independent decoders.

This article started by arguing that DBDM can be espe-
cially beneficial for students with learning difficulties since
DBDM enables the early identification of students’ needs
and consequently the early adaption of instructional strate-
gies (Stecker et al., 2005). The DBDM intervention studied
was aimed at implementing DBDM in the entire school orga-
nization; therefore, the focus of the analysis was at the school
level. We recommend that follow-up research into factors in-
fluencing DBDM implementation incorporate not only the



44 LEARNING DISABILITIES PRACTICE

school level, but also the individual student level. It could be,
for example, that students with learning difficulties benefit
even more from a teacher with strong teaching skills than
their classmates (see Espin et al., this issue).

As this study was aimed at “unpacking the package” of
promoting and hindering DBDM factors, factors were as-
sumed to separately influence DBDM-implementation. For
each variable, a separate comparison was made between no-
effect schools and strong-effect schools. However, as schools
are complex organizations, in which variables often are in-
tertwined with each other, it is plausible that the way in
which various variables interplay with each other causes dif-
ferences in DBDM-implementation. It also may be that some
factors compensate for others; for example, a school leader
who is not very achievement oriented may not be a prob-
lem in a school in which the academic coach is the driving
force for DBDM. Therefore, in future studies the investiga-
tion of clusters of variables by means of cluster analysis is
recommended.

Based on our survey findings, we argue that the success
of DBDM implementation is very dependent on the quality
of the last component of the DBDM cycle. This entails that
teachers are required to be able to differentiate their instruc-
tion in accordance with variation in student progress and stu-
dent needs (Visscher, 2015). Providing differentiated instruc-
tion is something many teachers experience difficulty with.
According to the Dutch inspectorate of Education, teachers
in about half of all Dutch elementary schools do not differen-
tiate instruction well enough to meet the needs of all students
(Inspectie van het Onderwijs, 2014).

Our survey data did not provide information about teach-
ers’ abilities to set SMART and challenging goals (the second
DBDM component) or their ability to determine strategies for
goal accomplishment (the third DBDM component). In fu-
ture studies, information about these two components should
also be collected. We expect that the third component is espe-
cially important for the execution of DBDM in the classroom.
Improved student outcomes are likely when teachers are able
to deliberately select the strategy that meets students’ needs.

Currently DBDM initiatives are often focused on skills
that teachers need to master outside the classroom, such as
the knowledge and skills for analyzing data (Mandinach,
2012; Marsh, 2012). The assumption is that, as a result of
developing these skills outside the classroom, changes in
teachers’ classroom behavior will follow (Desimone, 2009).
Our study clearly shows the importance of teaching skills for
DBDM. Therefore, when developing DBDM school reform,
we recommend that sufficient attention is paid to improving
these teaching skills within the classroom.

NOTE

1. School names are pseudonyms.
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