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Abstract
Data-based decision making (DBDM) is an important element of educational policy in many countries, as it is assumed that
student achievement will improve if teachers worked in a data-based way. However, studies that evaluate rigorously the
effects of DBDM on student achievement are scarce. In this study, the effects of an intensive DBDM-intervention for Grade 4
teachers on students’ mathematical achievement were investigated in a randomized controlled trial. Multilevel analyses
showed that although no main effect on students’ mathematical achievements was found, students who received “extended
instruction” benefited significantly from the intervention. Based on the results, recommendations for the design of new
DBDM-interventions and for their evaluation are presented.
Keywords
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Introduction
Despite the worldwide emphasis in educational policy on
data use to enhance student achievement, research has not
shown convincingly that data use results in improved student
achievement (Lai & Schildkamp, 2013; Marsh, 2012; Slavin,
Cheung, Holmes, Madden, & Chamberlain, 2013). A possible explanation is that studies into the effects of data-based
decision making (DBDM) generally do not evaluate interventions aimed to support teachers in the implementation of
DBDM (Carlson, Borman, & Robinson, 2011; Coburn &
Turner, 2012; Lai & Schildkamp, 2013; Slavin et al., 2013).
Teachers training in DBDM might be crucial for improving
student achievement, as teachers have a considerable impact
on student learning (Hattie, 2009). Teachers need support in
developing their knowledge and skills for using student
achievement data to adapt classroom instruction to the students’ needs (Datnow, Park, & Wohlstetter, 2007; Goertz,
Oláh, & Riggan, 2009; Slavin et al., 2013).
This study aimed to provide evidence that data use can
enhance student achievement if teachers are trained intensively in DBDM. Participating teachers were trained in multiple aspects of DBDM, with a strong emphasis on the
implementation of DBDM in the classroom through
coaching.
At the classroom level, Dunn, Airola, Lo, and Garrison
(2013) defined DBDM as “the identification of patterns of
performance that unveil students’ strengths and weaknesses

relative to students’ learning goals as well as the selection
and planning of instructional strategies and interventions to
facilitate student achievement of learning goals” (p. 225).
Research has shown that Dutch teachers can be trained effectively in interpreting and analyzing data (Staman, Visscher,
& Luyten, 2014). However, working in a data-based way
requires more than data analysis (Gummer & Mandinach,
2015; Mandinach & Gummer, 2013, 2016a, 2016b) An
important prerequisite is that teachers provide instruction
that suits each student’s instructional needs (Means, Chen,
DeBarger, & Padilla, 2011). In other words, this requires the
acquisition of differentiation skills, whose mastery is rather
complex (Tomlinson et al., 2003). Only 52% of Dutch primary school teachers master both the basic didactic skills
(e.g., classroom management) and the more complex differentiation skills (Inspectorate of Education, 2014).
An effective way to support teachers in developing differentiation skills in the context of DBDM might be to coach
them in their own classrooms. Currently, several reform programs use “coaching” to support teachers in implementing
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Figure 1. Four components and levels of DBDM (Keuning, Van Geel, Visscher, Fox, & Moolenaar, 2016).
Note. DBDM = data-based decision making.

DBDM in the classroom. Coaches offer on-site coaching,
which is context-embedded and can promote reflection on
teacher practice (Marsh, Sloan McCombs, & Martorell,
2010). Indeed, positive effects from coaching on both teacher
practice and student achievement have been reported
(Biancarosa, Bryk, & Dexter, 2010; Marsh et al., 2010; Van
der Steeg & Gerritsen, 2013).
Based on the aforementioned DBDM principles, a
DBDM-intervention was designed to promote DBDM implementation in the classroom: a combination of general meetings for groups of teachers (where teachers were trained in
general DBDM-aspects, for example, data analysis) and
coaching sessions during which teachers were coached individually with respect to how to implement DBDM in their
classrooms. As the final goal of DBDM is improved student
achievement, the following research question is addressed by
means of a randomized controlled trial:
Research Question 1: What is the effect of an intensive
DBDM-intervention for Grade 4 teachers on students’
mathematical achievement?

Conceptual Framework
In this section, we elaborate on what DBDM in the classroom entails and why working in a data-based way is
expected to impact student achievement. Next, we discuss
what the scientific literature describes concerning effectively
preparing teachers for DBDM. Finally, the study hypotheses
are presented and explained.

DBDM in the Classroom
Although DBDM is widely promoted, the concept varies
somewhat between countries as educational policies and systems differ. Visscher and Ehren (2011) distinguished between
three core DBDM components:
1.

Determine the instructional needs of individual students and groups of students.

2.
3.

Define the SMART (Specific, Measurable, Attainable,
Realistic, and Time-Bound) and challenging learning
and performance goals.
Based on the information from Steps 1 and 2, teachers decide which instructional approach is most
promising for accomplishing the goals.

Keuning, Van Geel, Visscher, Fox, and Moolenaar (2016)
have introduced a fourth step: the execution of the planned
strategy for goal accomplishment. The four components and
the levels of DBDM are shown in Figure 1.
DBDM at the class level, which is the focus of this study,
requires that teachers work systematically in addressing each
DBDM component (van der Scheer, 2016). Teachers need to
master each of the components; however, they need not necessarily execute them in the same order. For example, if a
teacher notices during teaching that the instructional strategy
does not fit the students’ needs, the teacher could adapt the
strategy (Component 3) without having to change the goals
first (Component 2).
The DBDM components in Figure 1 relate closely to the
framework of Ikemoto and Marsh (2007) and the MultiTiered Systems of Support (MTSS; Benner, Kutash, Nelson,
& Fisher, 2013). However, Ikemoto and Marsh (2007) elaborated more on the collection of data, whereas in Figure 1
“goal setting” is included as a separate component of
DBDM. This was done for two reasons. First, setting goals
is necessary for determining whether students have made
the expected (or required) progress. This way, data analysis
and interpretation have a clear purpose and no time is spent
on unnecessary analyses (Lai & Schildkamp, 2013). Second,
working with well-defined goals generally improves performance (Locke & Latham, 2002). As presented in Figure 1,
MTSS encompasses more than the approach to DBDM. It
includes DBDM, just as analyzing students’ behavior, and
interventions aimed at improving their behavior. In this
study, DBDM focuses predominantly on improving students’ cognitive achievements, as this is aligned with the
national goals for DBDM in the Netherlands (Inspectorate
of Education, 2010b).
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We will now describe in further detail all four DBDM
model components and their relation with student
achievement.
Evaluating and analyzing results. To gain insight into students’
instructional needs, data have to be analyzed and interpreted.
Student performance data can provide teachers with feedback on the results of their actions. Feedback can be an
important mechanism for improving performance (e.g., Hattie & Timperley, 2007), as “data can help teachers to monitor
their constantly changing environment, their functioning and
to what extent curriculum aims are met, and react timely and
in an evidence-based manner when problems need to be
solved” (Schildkamp & Kuiper, 2010, p. 482).
Teachers have to combine the results of the data analysis
with data from other sources (e.g., students’ daily work) to
adapt teaching in line with students’ needs (Ingram, Louis, &
Schroeder, 2004). Based on this information, learning and
performance goals can be formulated for each student.
Setting SMART and challenging goals. The ability to set clear
performance goals is not self-evident. Visscher and Ehren
(2011) found that teachers formulate “action-oriented” goals
like “we will strive for high scores.” Locke and Latham
(2002) found that setting SMART and challenging goals can
improve performance considerably. When combined, goal
setting and feedback synergize; feedback informs about the
degree of goal accomplishment, thereby serving as an
encouragement to try harder and/or explore alternative strategies for goal accomplishment (Locke & Latham, 2002).
Determining strategy for goal accomplishment. To decide on
suitable instructional strategies for each student, the data
analysis results and the goals have to be combined with
instructional and curricular knowledge to place the data in a
meaningful context; for example, (pedagogical) content
knowledge (Mandinach & Gummer, 2016a), knowledge
about learning progression, the structure of the curriculum,
effective instructional strategies, and lesson planning (Visscher & Ehren, 2011).
In the case of Dutch DBDM, the use of an instructional plan
is considered important to contemplate instruction carefully.
Such a plan is supposed to include the student performance
goals and the instructional strategies for each student. It is common practice in Dutch classrooms to distinguish between three
instructional groups: a low-performing group of students (the
“extended instruction group”), an average-performing group
(the “basic instruction group”), and the high-performing group
(the “shortened instruction group”). As whole-class instruction
provided to the entire class is not sufficient for students in the
extended instruction group, they receive supplementary
instruction. It is important that these students are not withdrawn
from whole-class instruction as this may weaken their performance (Braddock & Slavin, 1995; Houtveen & Van de Grift,
2012). High performing students might lose their interest when

confronted with non-differentiated instruction (McIntosh, as
cited in Tomlinson et al., 2003). Therefore, these students
should be allowed to work independently as soon as the new
subject-matter content is understood. As a result, they will have
more time for additional, more difficult assignments and
receive additional instruction at their own level (Inspectorate of
Education, 2014).
Executing a strategy for goal accomplishment. Planning
instructional strategies and formulating challenging and feasible goals are important prerequisites for effective differentiation (Tomlinson et al., 2003). However, although Dutch
teachers write instructional plans, only a minority realizes
these plans in the classroom (Inspectorate of Education,
2014). An explanation for this might be that differentiation
is a complex skill to master (Van de Grift, Van der Wal, &
Torenbeek, 2011), in that teachers need to work flexibly
across instructional groups, vary instructional material and
instruction as well as the pace of instruction in response to
students’ learning needs (Tomlinson et al., 2003). Moreover,
the mere division of students into instruction groups is not
effective; instruction has to address the needs of students
within each group (Deunk, Doolaard, Smale-Jacobse, &
Bosker, 2015).

Student Achievement
Each of the four components incorporates characteristics that
are supposed to be associated with improving student
achievement such as feedback, goal setting, and differentiation (Hattie & Timperley, 2007; Locke & Latham, 2002;
Tomlinson et al., 2003). The components together are supposed to encourage teachers to tailor their instruction to student needs, which in turn is expected to positively affect
student achievement (Campbell & Levin, 2009; Carlson
et al., 2011; Lai & Schildkamp, 2013; Van Geel, Keuning,
Fox, & Visscher, 2016).
Now that DBDM at the classroom level has been defined
in terms of its components and their relation with student
achievement, we will briefly focus on the kind of professional development that might be required.

Professional Development of Teachers
Several reviews on the characteristics of effective professional development programs (PDPs) point to five features
of such PDPs: “content focus,” “active learning,” “duration,”
“collective participation,” and “coherence” (Desimone,
2009; Van Veen, Zwart, & Meirink, 2012). Research shows
that the PDPs focusing on classroom practice (e.g., on the
subject-matter content and/or how to teach it) have more
impact on teacher cognition, classroom practice, and student
achievement, than PDPs focusing on topics that are not
directly related to classroom practice (Garet, Porter,
Desimone, Birman, & Yoon, 2001; Van et al., 2012). In our
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PDP, the content focus was incorporated, with each aspect of
the intervention focusing on daily classroom practice.
Active learning only requires that the instructional method
used in a PDP engages the participants; thus, it can take on
many forms (Van et al., 2012). This intervention incorporated several forms of active learning such as coaching and
making an instructional plan.
The duration of the PDP was one school year, consisting
of approximately 45 hr. This way, teachers had multiple
opportunities for in-depth discussion of the intervention-content to promote the integration of teacher knowledge and
skills, and with multiple opportunities to implement new
practices, receive feedback on them, and improve implementation (Garet et al., 2001).
According to Van et al. (2012), interaction and discussion
between teachers and the exchange of feedback between
them can be a powerful asset for the facilitation of learning.
Therefore, collective participation is considered important.
In our intervention, collective participation was assured by
organizing central meetings.
An important aspect of a coherent PDP is that the PDP is
in line with national as well as school policies, ensuring
teachers’ motivation to work on this professional development trajectory (Desimone, 2009; Van et al., 2012). Dutch
schools are evaluated by the Inspectorate on whether they
work in a data-based way, which implies that it was important for schools and teachers to work on DBDM.

Hypotheses for the Present Study
In this study, teachers were trained during one school year
with respect to the knowledge and skills required to work in
a data-based way in the classroom, in line with the four components. The PDP was designed in line with the five core
features of effective PDPs and in line with current teaching
practices in Dutch primary schools (to strengthen the latter as
much as possible).
The PDP-effects on mathematical achievement were
investigated based on the three hypotheses:
Hypothesis 1: Mathematical achievement of students
taught by teachers in the experimental group will be
higher on the posttest than mathematical achievement of
students in the control group.
Furthermore, teachers in the intervention were encouraged
to work with three instruction groups, which, as previously
indicated, is in line with most Dutch school policies. Based on
data analysis, extended instruction group students received
additional instruction matching their needs, while high-performing students could work more independently (shortened
instruction group). Therefore, it was expected that the students in the extended and in the shortened instruction group
would be the ones to benefit most from the intervention.
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Hypothesis 2: A positive interaction effect is expected for
students who are in both the extended instruction group
and in the experimental group.
Hypothesis 3: A positive interaction effect is expected for
students who are in both the shortened instruction group
and in the experimental group.

Research Method
Initial Sample
Primary schools with a high percentage of low-SES (socioeconomic status) students were contacted by email to participate in the project.1 It was decided to approach these schools,
as the Inspectorate of Education showed that schools with a
high percentage of low-SES students underperform more
often (Inspectorate of Education, 2010a), and therefore
require more support.
Contacted school leaders and teachers were informed
about the design of the study, about what was expected from
participating schools, and the content of the DBDMintervention. Grade 4 (9-10 year old students) teachers of 60
different primary schools agreed to participate and were randomly allocated to an experimental group (30 classes, 39
teachers) or a control group (30 classes, 34 teachers). The
experimental group received a 1-year DBDM-intervention
during the school year 2013-2014; teachers in the control
group (business as usual) only provided student achievement
data and student and teacher background information.
Control group teachers were not offered any support other
than feedback from a student questionnaire filled out by their
students and they were not involved in another DBDMintervention during the intervention year. Control group
teachers could participate in the intervention in the next
school year (2014-2015).
In the case of part-time teachers, both teachers of a class
had to participate if they were responsible for at least two out
of five mathematics lessons a week. These teachers, responsible for the same student group, will be referred to as a
“teacher pair” in this article.
Treatment fidelity. To retain a power of .80 (α = .05) for detecting an effect of 0.22 of a standard deviation, we started with
60 classes (assuming an average class size of 20 students);
power calculations were done with PINT2.12. Despite clear
agreements beforehand regarding what participation would
require from teachers prior to the intervention, 11 classes
could not be included in the analysis. Three teachers dropped
out of the intervention group at an early stage due to motivational difficulties. Four teachers were absent from school for
more than 4 months during the intervention year (due to illness, other than a burn-out attributed to workload) and one
teacher had participated in another intensive intervention
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Table 1. Teacher Characteristics for the Experimental and the Control Group.
Experimental group
n
Classes
Teachers
Teacher pair
Teacher gender
Men
Women
Multigrade classroom

Teaching experience in years
Class size

%

19
25
6

Control group
n

Test for differences
%

χ2 (df)

29
33
4

p

.13

7
18
6

28.00
72.00
31.58

8
25
10

24.24
75.76
34.48

0.11 (1)
0.04 (1)

.75
.84

M

SD

M

SD

t (df)

p

12.80
18.79

10.20
4.04

11.97
19.28

10.56
4.07

0.30 (56)
−0.41 (46)

.77
.69

Note. Degrees of freedom are in parentheses.
**p < .05.

during the intervention year. In three classrooms, teacher
training institute students took over the teaching activities
during the second half of the year (for 3 or more days a week).
As the reasons for exclusion were either unrelated to the intervention (e.g., considered irrelevant by teachers) or a common
relevant teacher characteristic (e.g., poor teaching quality),
we expected the included and excluded teachers to be similar.
Indeed, no significant differences were found between the 19
experimental classes and the 11 excluded classes on any of
the student and teacher background characteristics (teacher
and student gender, teacher pair, teaching a multigrade classroom, class size, teaching experience, student age, and pretest
scores). Thus, the remaining 19 experimental classes were
deemed representative of the entire experimental group.
In the control group, one teacher turned out not to teach
Grade 4 students. The remaining 29 classes from the control
group were included in the analyses.

Final Sample
Teacher characteristics for the experimental group and the
control group are presented in Table 1. Chi-square tests (for
teacher gender, teacher pair (Fisher’s exact test), multigrade
classroom) assessed for significant differences between the
control and experimental group. The differences in class size
and teaching experience were tested with an independentsamples t test.
Table 1 shows that no significant differences were found
between the experimental and the control group with respect
to teacher characteristics.
Student characteristics for the experimental group and the
control group are presented in Table 2. A distinction was made
between instruction groups: the extended instruction group,
the basic instruction group, and the shortened instruction
group. The control and experimental groups were compared

using chi-square tests for the distribution of students within
instruction groups and student gender. Furthermore, differences in student age and pretest scores were tested for with an
independent-samples t test.
As expected, student pretest scores varied across instructional groups but not between the experimental and control
groups. Table 2 shows that no systematic differences existed
between students from the experimental and the control
group prior to the intervention.

Intervention
Teachers in the experimental group followed a DBDM training course, which included seven meetings (or 36 hr contact
time) and four coaching sessions on how to implement
DBDM in the classroom. Teachers were divided into five
groups based on their schools’ location. The intervention was
delivered by a trainer who had a university master’s degree,
was a primary school teacher, and is experienced in training
teachers and schools in DBDM.
All meetings were attended by 68% of the teachers, 24%
attended six meetings, and 8% (two teachers) attended five
meetings. Generally, if teachers could not attend a meeting
this was due to sickness and, in most cases, their teacher pair
colleague was present to attend the meeting. All but one
teacher were coached 4 times; one teacher was coached 3
times. After each meeting and coaching moment, teachers
filled out an evaluation form; overall, they indicated the topics and assignments they worked on during the meetings
were (very) useful. Furthermore, significant positive effects
of the intervention were found on teacher efficacy and the
use of instruction groups during the lessons (van der Scheer,
Glas, & Visscher, in press; van der Scheer & Visscher, 2016).
During the seven meetings, teachers were trained to work
in line with the four DBDM components (see Figure 1); an
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Table 2. Student Characteristics for the Experimental and the Control Group.
Experimental group

Instruction group (IG)
Total
Extended IG
Basic IG
Shortened IG
Student gender
Boy
Girl

Pretest
Total
Extended IG
Basic IG
Shortened IG
Student age
Months

Control group

Test for differences
2

n

%

n

%

χ (df)

p

269
74
115
80

27.51
42.75
29.74

404
116
183
105

28.71
45.30
25.99

1.15 (2)

.56

142
127

52.79
47.21

188
216

46.53
53.46

2.53 (1)

.11

M

SD

M

SD

t (df)

p

77.20
64.55
76.38
90.07

14.40
10.99
9.44
12.01

75.66
62.61
76.28
89.00

14.30
11.98
10.12
9.14

1.36 (671)
1.12 (188)
0.08 (296)
0.69 (183)

.17
.26
.93
.49

125.11

6.45

125.56

6.05

−0.93 (671)

.36

Note. Degrees of freedom are in parentheses.
**p < .05.

extensive description of how each component was addressed
is presented now.
Evaluating and analyzing results. Dutch students are assessed
by means of standardized assessments twice per school year
(as described in more detail in the “Instruments” section).
During the first, fifth, and seventh meeting, participating
teachers analyzed the results of the most recent standardized
mathematics test for their own classrooms by means of a student monitoring system (SMS) that was already in use by
their schools. These analyses are incorporated in the SMS
(for an overview, see Staman et al., 2014) and allow teachers
to draw conclusions about a student’s current ability level
relative to students’ prior ability level and the national benchmarks. In addition, the class’s performance can be compared
with that of prior classes from the same school and to national
benchmarks. Moreover, detailed conclusions can be drawn
regarding mathematical topics, which individual students or
groups of students have not fully mastered yet.
Teachers were taught how to use their SMS and how to
draw conclusions based on their findings. During the first
meeting, the trainer showed and explained which kinds of analyses could be performed using the SMS and how to interpret
the content of the resulting graphs and tables. Next, teachers
were provided with an analysis protocol, including a step-bystep guide for retrieving the different graphs and tables, and
requiring them to perform analyses while answering questions
such as, “Please describe how your class performed at the last
assessment in comparison with the previous assessment” and
“Could you describe which students developed differently

from the expected based on the relevant norm group?”
Furthermore, they were asked to explain findings (e.g., “Could
you explain, per student, why the student did not perform as
expected?”). This way, teachers were encouraged to think more
profoundly about the performance of their students. The trainer
provided individual feedback, for example, on whether the
conclusions drawn were correct. Research has shown that
teachers can improve their SMS skills this way (Staman et al.,
2014). Furthermore, teachers learned how to relate a student’s
ability level to the mathematics learning progression, that is, to
determine the student’s zone of proximal development. As the
founders of the standardized tests provide a clear overview of
how their tests relate to the learning progression, the trainer
could easily explain this to the teachers (the learning progression was also extensively discussed in Meeting 3).
Setting SMART and challenging goals. Teachers had to make an
instructional plan twice (during the second and fifth meeting
when new student progress data were available). This plan
had to include performance goals for all students, the allocation of students into instruction groups (extended, basic, or
shortened instruction group), planned instructional strategies
for the instruction groups and for individual students, and
student assignment to special learning groups.
Teachers were taught how to set two types of goals; contentrelated goals that were directly related to the mathematical curriculum or curriculum-based tests and norm-based goals that
were aligned with the standardized mathematics tests. As
teachers were taught how to determine students’ zones of proximal development, they had the required knowledge to set
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relevant curriculum goals. The trainer presented examples of
these goals. Teachers could base their norm-related goals on
benchmarks of average ability growth for mathematics in
Grade 4 and for various categories of students.
Determining strategy for goal accomplishment. To accomplish
the goals, teachers were required to formulate instructional
strategies. Teachers were encouraged to form instruction
groups. They divided students over these groups based on
mathematical achievement (according to the results of the
standardized test) and student performance ratings in the
classroom, for example, based on daily work and curriculum-based tests. In addition, teachers formed special learning groups to plan extra support for few students on specific
topics; it was advised that students from the shortened
instruction group would be one of these groups. Teachers
planned this additional support mostly once or twice a week
during their mathematics lessons, for example, in lessons
when students have to work independently. The instructional
plan was an important aspect of the intervention as planning
is an important prerequisite for effective differentiation (Lou
et al., 1996; Tomlinson et al., 2003).
After all teachers had made their instructional plans, they
were asked to evaluate and discuss each other’s plans in
pairs. Each teacher identified similarities and differences
between the two plans, wrote down questions regarding its
practical feasibility, and planned execution. Then, these
questions were discussed critically to improve their instructional plans. This evaluation resulted in not only very practical questions (e.g., “How do you organize this in your
classroom?”), but also in more critical questions regarding
the feasibility of the instructional plan (e.g., “Are you able to
work with four special learning groups, when you work in a
multigrade classroom?”). Moreover, the trainer provided
each teacher with individual feedback on the instructional
plan, the match between the analysis and the instructional
plan, and on the appropriateness of the selected instructional
strategies. In the fifth meeting, teachers were encouraged to
evaluate their own instructional plan, for example, by evaluating whether and why goals were met or not. In this meeting, teachers also adapted their instructional plans based on
the new data analysis.
Executing a strategy for goal accomplishment. The implementation of the instructional plan in the classroom was encouraged by means of coaching, reflection on one’s own teaching
practices, and peer feedback. Coaching offers teachers the
opportunity to actively apply and integrate new knowledge
into practice (Knight, 2009). Coaching interventions can differ, for example, in who the coach is (a peer teacher or an
expert teacher) or in the focus of the coaching activities
(Cornett & Knight, 2009; McKenna & Walpole, 2008).
In this study, an external coach supported the execution of
the instructional plan in the classroom, especially working
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with three instruction groups. Thus, teachers were encouraged
to provide their instruction, while allowing shortened instruction group students to work independently soon after the start,
and providing additional instruction to students in the extended
instruction group.
During four individual coaching sessions, each teacher
received feedback from the trainer mainly on how he or she
implemented the instructional plan in his or her classroom,
and on the extent to which instruction was in line with the
varying instructional needs of students. After the observed
lesson, the trainer and teacher discussed the various lesson
phases: the introduction, the formulation of the lesson goal,
the presentation of new subject matter, independent work by
students, and the evaluation of the lesson goal. Teachers first
presented their opinions regarding their strengths and weaknesses for each lesson phase. Subsequently, the trainer provided his own opinion on the phases. Finally, the teacher and
trainer discussed how the teacher could improve the implementation of DBDM. The trainer indicated that the content
of the discussions varied considerably between teachers and
over the course of the intervention. Especially at the beginning of the intervention, the discussions were focused on
organizational aspects (how to organize a classroom that
allows additional instruction for a small group of students).
During the last few coaching sessions of the intervention, the
discussions focused more on mathematical content, for
example, on the kind of instructional strategy that would
have suited the lesson or an individual student better. Each of
the lessons observed by the trainer were recorded and teachers were able to re-watch these lessons online.
In the fourth and sixth meeting, teachers received and provided peer feedback on their own videotaped lessons
(reduced to approximately 20 min of the original lesson) and
on a selection of the recorded lessons. The lesson was evaluated and discussed based on a feedback form either in a
teacher pair (Meeting 4) or with all attending teachers
(Meeting 6). Guiding questions were formulated for each
lesson phase, for example, “What are the strong aspects?”
and “What could be improved?” Despite of initially reserved
attitudes among most teachers, all teachers indicated on an
evaluation form that they experienced these meetings as very
useful. The trainer indicated that for most teachers, these
activities led to more awareness about their own teaching
behavior. It appeared to be rather difficult to have critical,
content-focused discussions based on a short video fragment,
but teachers exchanged tips and tricks on how to approach
instructional topics and deal with organizational difficulties
in the classroom.
An overview of the content of the intervention is provided
in Table 3.
As shown in Table 3, the first three meetings were held
during the first 2 months of the school year to ensure that
teachers could start working in a data-based way almost
immediately.
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Table 3. Intervention Content.
Meeting

Month

Duration

Content

1

September

8 hr

2

September

8 hr

3

October

4 hr

Coaching Session 1
4

November

4 hr

Observation mastery lessons
Observation videotaped lessons in teacher pairs
Peer teachers provide feedback on videotaped lessons
Feedback focused on how to differentiate instruction in the classroom

February

4 hr

As Meetings 1 and 2

April

4 hr

As Meeting 4

June

4 hr

As Meeting 1

Coaching Session 2
5
Coaching Session 3
6
Coaching Session 4
7

Background of DBDM
Explanation Cito assessments
Explanation use and interpretation SMS
Analyze and interpret own data with a SMS by means of a protocol
Individualized feedback on the SMS-protocol
Drawing up an instructional plan
Formulating SMART goals
Individualized feedback on instructional plan
Explanation Dutch core goals
Learning progression mathematics
Instructional models
Drawing up personal improvement goals

Note. DBDM = data-based decision making; Cito = (Dutch central institute for test development), SMS = student monitoring system; SMART = Specific,
Measurable, Attainable, Realistic, and Time-Bound.

Instruments
Student achievement was measured by means of the standardized mathematics tests from the Dutch Central Institute
for Test Development (Cito), used by about 90% of Dutch
primary schools (Ledoux, Blok, & Boogaard, 2009). The
Dutch COTAN (responsible for assessing the quality of the
tests used in the Netherlands) assessed the quality of the
mathematics Cito test (e.g., reliability and validity) for six
criteria as “good,” and for one criterion as “not applicable”
(ToetsGids, 2014). Test results are converted into a student
ability score, depicted on a vertical ability scale (ability
scores can be compared across grades).
In this study, a student’s ability score at the end of Grade
3 (administered between May 15, 2013, and August 1,
2013) was used as a pretest score, the mid-grade 4 assessment (administered between January 1, 2014, and March 1,
2014) as the midtest. The end-of-grade-4 test (administered
between May 15, 2014, and August 1, 2014) was used as a
posttest score. This entails that the pretest scores were
mostly administered by teachers other than those participating in this study, as the students were not taught by the
participating teachers during third grade. An average score
was calculated for those students who underwent multiple
assessments during the specific time period.2 The data from
the schools’ SMSs provided us with both students’ achievement scores and students’ demographic characteristics
(e.g., gender).

Demographic data concerning teachers (e.g., age) were
obtained via an online questionnaire. Teachers were also asked
to provide information on the instruction group in which students had been placed (extended, basic, or shortened). They
were asked to give this information for the first half and for the
second half of the school year 2013-2014. This resulted in 123
missing values for the first half of the year (out of 673 students) and 50 missing values for the second half of the year
(despite multiple requests to provide us with the information).
For the statistical analyses, the instruction group of the second
half of the year was used. For the 50 students with an unknown
instruction group for the second half-year, the instruction
group from the beginning of the year was used. This was considered reasonable as it was established from teacher reports at
both time periods that 75% of the students remained in the
same instruction group. However, for four students, it proved
to be impossible to find out in which instruction group they
had been taught, as such they were left out from the analyses.
Teachers from both the experimental and the control
group identified a total of 46 students as “having their own
learning progression” (5% of students in the experimental
group and 7% of students in the control group). These students neither follow daily classroom instruction (although
they are in that classroom) nor belong to any of the three
instruction groups. They underperform strongly and work
according to their own individual plan. They are predominantly supported by teaching assistants outside the classroom. As these students do not participate in the daily

315

van der Scheer and Visscher
Table 4. Average Ability Scores at the Pretest, the Midtest, and the Posttest, and Ability Growth of the Experimental Group and
Control Group.
Pretest

Experimental group
Total
Extended IG
Basic IG
Shortened IG
Control group
Total
Extended IG
Basic IG
Shortened IG

Midtest

Posttest

Growth

n

M

SD

M

SD

M

SD

M

SD

269
74
115
80

77.20
64.55
76.38
90.07

14.40
10.99
9.44
12.01

82.72
70.02
81.93
95.61

12.76
6.93
7.94
9.84

89.25
79.32
88.24
99.88

11.96
8.42
9.27
9.36

12.05
14.77
11.86
9.81

9.13
9.43
8.13
9.64

404
116
183
105

75.66
62.61
76.28
89.00

14.30
11.98
10.12
9.14

81.13
66.95
81.52
96.10

15.19
12.10
9.87
10.55

87.40
75.33
88.17
99.40

12.98
11.82
8.77
7.37

11.74
12.72
11.89
10.40

8.81
10.91
7.82
7.84

Note. IG = instruction groups.

mathematics routine, they also did not participate in the
DBDM-intervention and were therefore excluded from the
subsequent analyses.

Analysis
Grade 4 students from participating classes were included in
the analyses, if at least their pretest and posttest scores were
available. Grade 3 (114), Grade 5 (69), and Grade 6 (3) students in multigrade classrooms were left out of the analyses
as the intervention was aimed at Grade 4 students.
As students are nested within classes, two multilevel
regression models were estimated with student ability scores
at the midtest and the posttest as the dependent variables,
respectively. School was not considered as a level as all
classes were from different schools. The intraclass correlation (ICC) was calculated to assess whether multilevel modeling was required (using the following formula: design
effect = 1 + [n classes − 1] × ICC), that is, whether variation
at the class level was large enough. This resulted in an ICC
of .19 for the model with the midtest scores as dependent
variable (design effect of 10.13) and an ICC of .17 (design
effect of 8.99) for the model with the posttest scores as
dependent variable. These results show that multilevel modeling was necessary (Peugh, 2010).
To check for the effect of student and teacher background
variables, the following variables were first added to the
model: student SES (based on student weight), gender, age
(standardized), extended instruction group (yes/no), shortened instruction group (yes/no), pretest scores, teacher gender, number of years of teacher experience (standardized),
multigrade classroom (yes/no), teacher pair (yes/no), and
class size (defined as the total number of students in the
classroom). In the case of teacher pairs, the background
characteristics of the teacher who taught the class most of
the time were used. Significant background variables (p <
.05) stayed in the model, and this model was estimated again

to ensure that the included background variables were truly
significant. The remaining significant background variables
are presented in the “context model,” as shown in the
“Results” section. Next, the intervention effect was added to
the model to test the first hypothesis (the “intervention
model”). In the last model, the interaction effects Intervention
× Extended Instruction and Intervention × Shortened
Instruction were added (“instruction group model”). The
models were estimated with SPSS version 22, using maximum likelihood (ML) estimation to allow for model fit
comparison.

Results
Before presenting the results of the multilevel analyses, an
overview of the average ability scores on the pretest, midtest,
and the posttest, as well as the growth across the pretest and
posttest is provided in Table 4.
Table 4 shows that average ability growth is in favor of
the experimental group (12.05), although the difference is
limited: 0.31 ability score points. Students receiving extended
instruction in the experimental group showed most growth
(14.77).

Multilevel Regression Analysis
First, the effects of the DBDM-intervention during the first
half of the school year were estimated. The results are presented in Table 5.
In the “intervention model,” participation in the intervention hardly influences the scores on the midtest. The “instruction group model” shows that both interaction variables
(participating in the intervention and being in the shortened
or extended instruction group) do not have a statistically significant effect.
The results from the multilevel regression analysis with
the posttest as the dependent variable are presented in Table 6.
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Table 5. Multilevel Regression Analyses Predicting the Midtest Results.
Empty model
Fixed part
Intercept
Participation in intervention
Pretest
Extended instruction
Shortened instruction
Participation × Extended
Participation × Shortened
Multigrade
Random
Level: Class
Level: Students
−2 × log likelihood

Coefficients
82.30**

37.75
165.15
5,413.24

SE
1.04

10.32
9.33

Context model
Coefficients

SE

39.79**

2.13

0.55**
−6.40**
7.07**

3.12*
23.67
33.18
4,377.99

Intervention model
Coefficients

SE

0.03
0.67
0.66

39.93**
−0.35
0.55**
−6.41**
7.07**

2.22
1.52
0.03
0.67
0.66

1.60

3.11**

1.60

5.43
1.88

23.65
33.18
4,377.94

5.43
1.88

Instruction group model
Coefficients
40.06**
−0.54
0.54**
−6.91**
7.32**
1.27
−0.52
3.16*
23.43
33.08
4,375.77

SE
2.24
1.60
0.03
0.82
0.81
1.16
1.15
1.60
5.38
1.87

*p < .10. **p < .05.

Table 6. Multilevel Regression Analyses Predicting the Posttest Results.
Empty model
Fixed part
Intercept
Participation in intervention
Pretest
Extended instruction
Shortened instruction
Participation × Extended
Participation × Shortened
Multigrade
Random
Level: Class
Level: Students
−2 × log likelihood

Coefficients
88.55**

27.22
132.69
5,262.20

SE
0.89

8.00
7.52

Context model
Coefficients

SE

50.37**

2.17

0.49**
−5.48**
4.94**

2.85*
21.09
35.71
4,419.48

Intervention model
Coefficients

SE

0.03
0.69
0.68

50.11**
0.65
0.49**
−5.48**
4.94**

2.25
1.45
0.03
0.69
0.68

1.60

2.88**

1.53

5.09
2.02

21.00
35.71
4,419.28

5.07
2.02

Instruction group model
Coefficients
50.73**
−0.33
0.49**
−6.61**
4.64**
2.74**
0.89
3.01**
20.81
35.43
4,414.01

SE
2.26
1.54
0.03
0.85
0.84
1.19
1.19
1.53
5.03
2.01

*p< .10. **p < .05.

Table 6 shows that the main intervention effect is positive
in the “intervention model”; however, this effect is not statistically significant. The anticipated difference between the
experimental and the control group was not found; therefore,
the first hypothesis was rejected.
In the “instruction group model,” clear differences in results
are visible between Tables 5 and 6. In Table 6, the interaction of
participating in the intervention as a student and being in the
extended instruction group shows a statistically significant
positive effect on the posttest score. This implies that the posttest scores in the extended instruction group of the experimental group gain an additional 2.74 ability score points, and that
their posttest scores are on average 2.41 ability score points
higher than those of the control group with extended instruction. Model fit improved significantly (from 4,419.28 to
4,414.01) with the inclusion of the interaction effect (χ2 = 4.72,

df = 1, p < .05).3 The effect size of the interaction effect is d =
.19 (calculated by adding the intervention effect and the interaction effect Participation × Extended Instruction group,
divided by the pooled standard deviation of the posttest score).
Therefore, the second hypothesis was confirmed.
The third hypothesis that participation in the intervention
as a student while being in the shortened instruction group
leads to improved student achievement could not be confirmed based on our analysis.
Instruction groups are formed subjectively, as the teacher
decides in which instruction group a student belongs to. To
check whether the intervention effect also held for objectively
lower performing and objectively higher performing students,
the multilevel analysis was repeated by replacing the extended
instruction group variable with the weakest 28% of students
in each classroom (the percentage of students in the extended
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instruction group in this study). Furthermore, the shortened
instruction group variable was replaced with the 28% best
performing students from each classroom. The results showed
similar outcomes, but the interaction effects in this case were
not statistically significant. In other words, the intervention
was not effective for the objectively lowest performing students, but for those students who, from the teacher’s perspective, were most in need of extra instruction. The influence of
the teacher proves to be very important here.

Discussion and Conclusion
The main aim of this study was to provide evidence, by
means of a randomized controlled trial, that DBDM can
enhance students’ mathematical achievement. Although no
intervention effect on mathematical achievement was found
across all students, the students in the extended instruction
group benefited considerably from the DBDM-intervention
(effect size of .19 for 74 students). These students had been
placed in the extended instruction group (based on their
mathematical achievement and their teacher’s assessment of
the student during daily classroom practice), and received
more instruction adapted to their needs than the students in
the shortened or the basic instruction groups.
At the posttest, extended instruction group students in the
experimental group scored on average 2.41 ability score
points higher than students in the extended instruction group
of the control group. In an entire school year (10 months),
Grade 4 students normally gain about 12 ability score points
in mathematics. Thus, the intervention students in the
extended instruction group of the experimental group grew
approximately two additional months in mathematics relative to their control counterpart.
It is not possible to describe exactly which part of the intervention caused this effect: the extended instruction time or the
deeper understanding and execution of the instructional strategies required for these students. However, effective differentiation requires not only additional instruction time, it also requires
that the content of instruction matches students’ instructional
needs (cf. Deunk et al., 2015; Tomlinson et al., 2003).
The goal of the intervention was that teachers provide
instruction that would suit the needs of all students better, but
the intended student achievement effects were only found for
the students in the extended instruction group. This could be
due to the features of the PDP.
During the PDP, extra support for students in the extended
instruction group was emphasized more in both the design of
the instructional plan that teachers had to make and in its
execution in the classroom (more than providing extra support to students in the basic, and in the shortened instruction
group). In their instructional plan, teachers planned extra
support for the extended instruction group as part of their
daily mathematics lessons, while extra support for a few of
the basic and shortened instruction group students was
planned less frequently by means of special learning groups.
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During the coaching sessions, in which the execution of the
instructional plan was promoted, the trainer could only provide feedback on how the teacher gave extra support for the
extended instruction group as the special learning groups
were generally not scheduled for these lessons. It may be that
teachers did not provide as much support to the students in
the special learning groups as intended and planned. As both
the amount of extra support and the execution of this support
for students in the basic and the shortened instruction group
were emphasized less during the PDP, this might explain
why these students did not benefit as much from the intervention. This is also supported by the results of the multilevel analyses, which assessed whether the effect for students
in the extended instruction group also held using a more
objective measure (the weakest 28% of the students). This
did not appear to be the case, which implies that the intervention was indeed helpful for the students allocated to the
extended instruction group and, as a result, treated as one
group of students in need of extra support.
For the interpretation of the effect size of .19 (the intervention effect for students in the extended instruction group),
the context of the study is important (Lipsey et al., 2012),
because the effect size standards as developed by Cohen
(1988) are based on interventions aimed at individual participants. In this study, the PDP was aimed at influencing the
behavior of teachers in their classrooms and, thereby, student
achievement (thus, not directly at students). Lipsey et al.
(2012) found that, on average, studies using a randomized
controlled trial aimed at the classroom level reported effect
sizes of .18 on student achievement.
Moreover, student achievement in this research was not
measured by means of a researcher-developed test but a standardized test. In the case of self-developed tests, the content
of the test is often closely aligned with the specific subjectmatter content covered in the intervention. Standardized tests
have been developed independently from a specific intervention and cover subject-matter content more broadly.
Consequently, it is harder to find an effect using a standardized test. Lipsey et al. (2012) found an average effect size of
.08 for randomized studies using a standardized test in elementary education.
Thus, the effect size found for students in the extended
instruction group is of a comparable magnitude to those from
other classroom-level studies, but larger than the effect sizes
in studies using standardized tests.
Although it is hard to compare the results of this study to
the effects of other DBDM effectiveness studies due to differences in subject matter, research design, and intervention
target group, the results of such studies may give an idea of
what effects are possible.
Other DBDM studies evaluating the effects of interventions on students’ mathematical achievement showed a small
effect (Carlson et al., 2011) or no effects (Slavin et al., 2013).
However, these interventions were aimed at districts and
school leaders rather than directly at teachers. The
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intervention used in the study of Van Kuijk (2014) was
directly aimed at teachers but was meant to improve students’ reading comprehension. A positive effect (d = .37) on
student achievement was found. Slavin et al. (2013), after
four intervention years aimed at reading, found a significant
positive effect (reported effect size of .50). Seemingly, reading interventions show stronger effects than interventions
aimed at improving students’ mathematics’ achievement.
Desimone (2009) stressed that improved student achievement can only be expected when it is preceded by changes in
teachers’ behavior within the classroom. Studies by Lockwood,
Sloan McCombs, and Marsh (2010) and Biancarosa et al. (2010)
show that it may take longer than one school year to find coaching effects for all students. Support for the latter is found in the
study of Slavin et al. (2013) and in the results of this study: No
effects were found in the first half-year (from pretest to midtest),
while the effect for students in the extended instruction group
appeared after the entire intervention year. As already mentioned, the trainer indicated that the discussions during the
coaching sessions at the beginning of the school year were
mainly focused on organizational aspects, but later on these
discussions became more about differentiation of the content of
mathematics lessons. As the emphasis was more on students
from the extended instruction group, this explains why an
effect was found for these students. Due to the complexity of
DBDM and the skills it requires, teachers may need more time
to fully learn to implement the newly acquired skills and, ultimately, improve the achievement of all students.
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expected to implement DBDM on his or her own. On the contrary, teachers have to adapt their activities considerably to work
in a DBDM-way. Changing old habits is difficult, especially
when it requires the development of new complex professional
skills. There is still much to learn about how data-informed,
deliberate teaching can be promoted further. The results of this
study can serve as a starting point for deliberately designed and
rigorously evaluated DBDM-interventions.4
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Notes
1.

2.

Future Research
Due to the costs of intensive PDPs such as the one reported
in this study (approximately US$2,500 per teacher for a
1-year intervention), it may be a challenge to support and
coach all teachers in school in this way. A practically more
feasible approach may be to train one or a few teachers from
a school intensively, who can then coach their colleagues.
This will be cheaper and teachers will have more time to
learn to implement DBDM gradually. This way, intervention
effects can be studied more protractedly and longitudinally.
A similar approach was followed in Florida, where internal
coaches worked at a school to support teachers in working in
a data-based way (Lockwood et al., 2010; Marsh et al.,
2010). Success for All Schools also work with school internal “program facilitators” who support teaches in their
schools to work in the intended way (Slavin, Madden,
Chambers, & Haxby, 2009).
Another way to promote the implementation of DBDM in
schools may be to make DBDM part of the curriculum of
teacher training institutions. Currently, DBDM is rarely
included in preservice training (Mandinach & Gummer,
2013).
Overall, this study indicates that DBDM can positively influence student achievement, while highlighting that this is not
easy to accomplish and that the average teacher cannot be

3.

4.

The socioeconomic status (SES) of students is based on
the parent’s level of education. A “weight” is given to students (0, 0.3, or 1.2: The latter two weights indicate that
the parents’ level of education is low). Schools receive extra
funding for each “weight”-student. Schools with an average
student weight of 0.15 were contacted for participation in
the study.
The test results are not reliable for students who perform way
above or below the national average; schools can therefore
decide to administer a test from another grade. Hence, a small
number of students have multiple ability scores for a specific
time period.
To calculate this effect, the model was re-estimated without the
non-significant interaction effect of Participation × Shortened
Instruction. The ModelFit −2 × log likelihood changed to
4,414.56, showing that the increased model fit is almost completely due to the interaction effect Participation × Extended
Instruction.
The authors would like to express their gratitude to Professor
Dr. R. J. Bosker and Dr. H. Luyten for their statistical advice.
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