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Chapter 1

General introduction
Public sector policies during the 1980s and 1990s created a climate in which
school evaluation systems and school outcome measures (i.e. student assessments) became important (Heritage & Yeagley, 2005). Educational policies increased school accountability pressure. Schools were held accountable for their
performance on the basis of student performance indicators (Figlio & Loeb,
2011). The importance of using objective and empirical data and measures in
school evaluations was emphasized (Kaufman, Graham, Picciano, Popham, &
Wiley, 2014; Reis, McCoach, Little, Muller, & Kaniskan, 2011).
The trend of data-based accountability stimulated the development of student assessment systems for measuring educational effectiveness (Ehren & Swanborn, 2012). The No Child Left Behind Act in the United States has contributed to the development of a broad range of student assessment systems
(Heritage & Yeagley, 2005). In the Netherlands the Ministry of Education requires primary schools to take standardized student assessments in the middle
and at the end of the school year. Furthermore, primary schools are encouraged
to register and to analyze student assessments results for instructional decisions
(Ministry of Edcuation, 2007). So, student assessments became important elements of evaluation systems in primary schools (Hofman, Dijkstra, & Adriaan
Hofman, 2009), and it was assumed that student assessments gave an indication of school effectiveness and made the quality of education of schools more
transparent for governments and for parents (Ehren & Swanborn, 2012).
In addition, governments expected that such evaluation systems would improve student achievement (Mandinach, 2012). This is for example illustrated
by the definition of Ikemoto and Marsh (2007) of data-based decision making
(DBDM): “DBDM typically refers to teachers, principals, and administrators
1

systematically collecting and analyzing data to guide a range of decisions to
help improve the success of students and schools” (p. 108). Furthermore, from
this definition follows that DBDM can be executed by administrators at the
school board level, by principals at the school level, and by teachers at the
classroom level. In this dissertation we focus on the implementation of student
data systems and their use by teachers at the classroom level.
Since student assessments have become more important an increasing number of schools use a digital system to process, organize, summarize, and analyze
student data (Van Geel, Keuning, Visscher, & Fox, 2017; Vanhoof, Verhaeghe,
Verhaeghe, Valcke, & Van Petegem, 2011; Wayman, Stringfield, & Yakimowski,
2004). In DBDM student data is supposed to be collected and used in a systematic way. Student data has to be identified, collected, analyzed, and interpreted
before instructional decisions can be made (Ikemoto & Marsh, 2007; Schildkamp
& Kuiper, 2010; Van der Kleij, Feskens, & Eggen, 2015). Digital systems often offer tools for analyzing students’ progress, provide graphics that visualize
progress, organize assessment results, and offer benchmarks to compare assessment results with. Therefore, such digital systems might support teachers in
the process of translating student assessment data into informed instructional
decisions (De Witte, Haelermans, & Rogge, 2015; Koedinger, McLaughlin, &
Heffernan, 2010; Sheard, Chambers, & Elliott, 2012; Verhaeghe, Vanhoof, Valcke, & Van Petegem, 2010).
In this dissertation we examine the use of digital student data systems for
instruction planning, and the effects of such systems on student achievement.
Student data systems can be used for formative assessment practices at the
classroom level (Cheung & Slavin, 2013; Sung, Chang, & Liu, 2016). Formative assessment practices are all those activities undertaken by teachers, or by
their students, which provide information to be used as feedback, to modify the
teaching and learning activities in which they are engaged (Black & Wiliam,
1998a) (p.82). In this dissertation we will use the term digital formative assessment tool (DFAT) for student data systems. The acronym DFAT refers to
a digital tool that supports teachers during instruction planning by providing
feedback to teachers based on student assessments. This definition stresses the
formative use of any type of student assessment, which includes for example
daily (digital) assessments in the classroom but also standardized assessments
administered just a few times during a school year.
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1.1

Digital formative assessment tools

As the use of DFATs is increasing, it is important to study the effects of these
tools and also how they can be implemented best (Cheung & Slavin, 2013; De
Witte et al., 2015). Research is necessary to clarify whether and how DFATs
contribute to the quality of teaching and learning activities. Most studies so
far find positive effects on student achievement (Bokhove & Drijvers, 2012b;
Koedinger et al., 2010; Pape et al., 2012; Sheard et al., 2012; Wang, 2011). However, further research remains necessary as previous studies are often based on
small samples and short study durations (Muis, Ranellucci, Trevors, & Duffy,
2015; Narciss et al., 2014; Sung et al., 2016; Wang, 2011, 2014). Furthermore, the DFATs are usually not integrated in the regular curriculum. As a
result, much is still unknown about the contribution of the tools to teaching
and learning activities in real classroom settings. Finally, the lack of randomized experiments (Bokhove & Drijvers, 2012a; Hunsu, Adesope, & Bayly, 2016;
Koedinger et al., 2010), makes it hard to attribute changes in the quality of
teaching and learning activities to a DFAT, especially if no data on the intensity of the use of the tool is collected (Haelermans & Ghysels, 2015; Hunsu et
al., 2016).
To investigate the effects of a DFAT on mathematics achievement, spelling
achievement, and on motivation in real classrooms settings we conducted a
randomized experiment in third grade primary education (n schools = 79, n
students = 1808). Experimental schools used a DFAT called Snappet whereas
control schools used their regular, non-digital teaching methods and materials.
Data included standardized achievement pre-posttest data, student motivation
survey data, classroom observation data, and student log files. With this study
we tested the following hypotheses:
 The DFAT has a positive effect on mathematics and spelling achievement.
 The DFAT has a positive effect on student motivation.
 The DFAT is more effective when students and teachers use the tool to

a greater extent.
 The effect of the DFAT differs between low-performing, average, and

high-performing students.

3
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1.2

Differentiated instruction

Instructional strategies ideally are be based on student progress data and
adapted in line with differences in instructional needs between students. Differentiated, targeted, or adapted instruction is a frequently mentioned aspect
of DBDM (Black & Wiliam, 1998b; Hamilton et al., 2009). A well-known definition of differentiated instruction (DI) is provided by Tomlinson et al. (2003):
“Teachers proactively modify curricula, teaching methods, resources, learning activities, and student products to address the diverse needs of individual
students and small groups of students to maximize the learning opportunity
for each student in a classroom” (p. 121). According to this definition DI
is proactive. Teachers plan a lesson beforehand to address learner variance.
Secondly, teachers work with flexible and small teaching-learning groups that
differ in their student performance levels. Thirdly, teachers provide variation
in learning materials, instruction time, and pace in their classrooms. A final
important characteristic of DI is the learner-centered classroom. In a learnercentered classroom teachers focus on the needs of all students and as a result
use a wide variety of instruction strategies and practices.
Roy, Guay, and Valois (2013), used two distinct components in their conceptualization of DI: instructional adaptation and academic progress monitoring.
An important difference with the definition of Tomlinson et al. (2003) is that
Roy et al. (2013) greater emphasis on the need of academic progress monitoring for instructional adaptations, whereas Tomlinson et al. (2003) argue that
DI should be proactive. According to Roy et al. (2013), academic progress
monitoring depends of the degree to which teachers evaluate the effects of their
instructional adaptations, the degree to which teachers analyze data about student progress, their use of student data for instructional decisions, and finally
of how frequent teachers assess low-performing students’ rates of improvement
(Roy et al., 2013).
Two important DI-characteristics emerge from both conceptualizations. First,
DI is a planned activity and instructional decisions should be based on the analysis of student data. Secondly, what makes DI observable in the classroom is
the variation in learning goals, instruction content, instruction time, assignments, and learning materials aimed at addressing varying learning needs.
The use of DFATs is promising for instruction improvement (Carlson, Borman, & Robinson, 2011; Konstantopoulos, Miller, & van der Ploeg, 2013; Mandinach, 2012; Van Kuijk, Deunk, Bosker, & Ritzema, 2015), however, our knowl4

General introduction

edge on how the use of DFATs effects student achievement is scarce. The aim
of our second study was to contribute to filling that knowledge gap. We tested
to what degree the two DI-characteristics (i.e. DI is a planned activity based on
the analysis of student data, and DI is observable in the classroom in the variation in learning goals, instruction content, instruction time, assignments, and
learning materials aimed at addressing varying learning needs) explain student
achievement growth. The relationship between DI and student achievement was
examined in a DBDM context. All teachers selected for this study participated
in a DBDM intervention. Classroom observations (n classroom observations =
144) and teachers’ instructional plans (n instructional plans = 89) were used
for measuring teachers’ differentiated instruction practices and for predicting
mathematical achievement of second grade (seven/eight year old students) and
fifth grade students (ten/eleven year old students) (n students = 953). With
this study we tested the following hypotheses:
 Students’ achievement levels are higher in classrooms of teachers who

differentiate their instruction more.
 Students’ achievement levels are higher in classrooms of teachers who

pre-plan differentiated instruction more.
 Students from different ability groups do not benefit to the same degree

from a teacher who differentiates his/her instruction.

1.3

DFAT features and intervention features

The informative function of student progress data and the assumed positive
influence of feeding back student progress data to teachers is underlined in
the scientific literature (Black & Wiliam, 1998a; Hellrung & Hartig, 2013).
However, research findings show that teachers experience difficulties when using
student data for improving instruction. Teachers reflect little on what is being
assessed and see assessments more as a tool for grading students rather than for
evaluating the effects of their own instruction (Vanhoof et al., 2011; Verhaeghe
et al., 2010; Young & Kim, 2010). Also, even if teachers consult and act on
student data, the instruction they implement does not always address the cause
of students’ underperformance , and instructional strategies are implemented
in a trial-and-error approach (Oláh, Lawrence, & Riggan, 2010). A possible
explanation for the experienced difficulties is that teachers have problems with
5
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analyzing student data, interpreting data, and converting assessment data into
instruction (Hellrung & Hartig, 2013; Oláh et al., 2010; Wayman, Shaw, & Cho,
2011).
The use of a DFAT might support teachers in the process of translating
student assessment data into informed instructional decisions (Verhaeghe et
al., 2010). Features of DFATs differ as well as the features of the interventions
supporting teachers to implement a DFAT. Four DFAT features are especially
important. First, the frequency of feeding back data to teachers should enable teachers to link assessment data to instruction (Hellrung & Hartig, 2013;
Koedinger et al., 2010). Second, the content of the data influences if, and
how teachers (can) improve instruction (Hattie & Timperley, 2007; Kluger &
DeNisi, 1996; Locke & Latham, 2002). Third, a DFAT should include class
level data besides student level data as class level data is more informative
for optimizing the quality of classroom instruction (Verhaeghe et al., 2010).
Fourth, a DFAT often includes predictive data the tool compares student performance with national standardized assessment data, which teachers can use
as a benchmark and/or for goal setting. Important features of interventions
supporting teachers to implement a DFAT are the frequency of an intervention, the content of the intervention (e.g., technical information on the DFAT
only, or also teacher support during school visits and consultations) and the
target group of the intervention (i.e., only focused on teachers, or also on school
principals and members of the school board).
The aim of our third study was to investigate if DFATs support teachers
and, consequently improve student achievement. Since, both the DFATs and
the interventions for implementing them differ between studies, we also examined which combination of these features are most important for the effectiveness of a DFAT. We conducted a systematic literature review to worldwide
find all experimental studies in primary and secondary education in which the
effect of the implementation of a DFAT on student achievement was studied.
In total, 91 studies were screened based on our eligibility and methodological
inclusion criteria. Fourteen studies met all inclusion criteria and proved to
include quality evidence on the effects of DFATs. Included studies were coded
on DFAT and intervention features. Our meta-analysis of the studies answered
the following two questions:
 Is there an effect of teachers using a DFAT on student achievement?
 Which DFAT features, and which DFAT intervention features influence

6
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the effect on student achievement?

1.3.1

Structure of the dissertation

Each of the three introduced studies are reported in a separate chapter in
this dissertation. In chapter two the effects of the DFAT called Snappet on
mathematics achievement and student motivation are presented, and chapter
three reports the results of the effects of Snappet on spelling achievement and
student motivation. Chapter four provides the results of the DI classroom
observation study, whereas in chapter five the results of the meta-analysis of
the effects of DFATs on student achievement can be found. Finally, chapter
six provides a summary and synthesis of the results of the three studies, and
a discussion of the contribution of this dissertation to educational science and
educational practice. The dissertation concludes with recommendations for
future research.

7
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The effects of a digital formative
assessment tool on mathematics

2

achievement and student motivation:
Results of a randomized experiment

Published in Computers & Education, 2017; 106, 83-96.

J.M. Faber, H. Luyten, & A.J. Visscher
9

Abstract
In this study a randomized experimental design was used to examine the effects
of a digital formative assessment tool on mathematics achievement and motivation in grade three primary education (n schools = 79, n students = 1808).
Experimental schools used a digital formative assessment tool whereas control
schools used their regular teaching methods and materials. The tool provides
student feedback, feedback to teachers, and adaptive assignments. Data included standardized achievement pre-posttest data, student motivation survey
data, classroom observation data, and student log files. Multilevel analysis revealed positive effects on student achievement and motivation. Students’ intensity of use measurements support the effects found on student achievement and
motivation. Furthermore, achievement effects were higher for high-performing
students.

Key words: elementary education; improving classroom teaching; teaching/learning strategies
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2.1

Introduction

The use of digital learning tools in education has increased in recent years
(Hwang & Tsai, 2011; OECD, 2015; Sung et al., 2016), and so has the impact
of such tools on teaching and learning processes in classrooms. It is therefore
important to study the effects of such tools, and how they can be implemented
best (Cheung & Slavin, 2013; De Witte et al., 2015). Digital learning tools
offer various advantages compared with traditional learning tools, and metaanalysis findings already revealed positive effects on achievement (Cheung &
Slavin, 2013). In particular the use of these tools for formative assessment can
be beneficial (Haelermans & Ghysels, 2015; Sung et al., 2016). With digital
learning tools like mobile devices, or individualized online learning environments students can practice with assignments adapted to their learning needs.
Moreover, students can receive feedback immediately after assignments or assessments are completed (Bokhove & Drijvers, 2012b; Pilli & Aksu, 2013; Van
der Kleij, Feskens, & Eggen, 2015; Wang, 2014). Teachers can receive feedback on the progress of their students, at the level of the individual student
(e.g. feedback on a specific learning strategy used by a student), and at the
classroom level (e.g. a comparison between class performance and national
benchmarks) (Koedinger et al., 2010; Pape et al., 2012).
Research is necessary to clarify whether, and how digital formative assessment tools (DFATs) contribute to the quality of teaching and learning. The
effectiveness of the use of these tools among other things will depend on the
level of implementation in the classroom (De Witte et al., 2015). Teachers can
have reservations concerning new technologies (Haelermans & Ghysels, 2015).
Furthermore, Voogt et al. (2013) argue that most teachers use digital tools to
improve student learning, and to a lesser extent for the evaluation and improvement of their own instructional activities. The effectiveness of student feedback
in DFATs has been studied extensively and in most studies positive effects on
educational outcomes are found (Bokhove & Drijvers, 2012b; Koedinger et al.,
2010; Pape et al., 2012; Sheard et al., 2012; Wang, 2011). However, further
research remains important as the studies are often based on small samples
in combination with a short study duration (Muis et al., 2015; Narciss et al.,
2014; Sung et al., 2016; Wang, 2011, 2014). Especially for investigating motivation effects this can be problematic, as such effects can be caused by novelty
effects which do not sustain (Sung et al., 2016). Furthermore, the formative
assessment tools and the regular curriculum often are not integrated. As a re11
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sult, strong conclusions cannot be drawn about the contribution of the tools to
teaching and learning in real classrooms settings. Finally, the lack of randomized experiments (Bokhove & Drijvers, 2012a; Hunsu et al., 2016; Koedinger
et al., 2010), makes it hard to attribute effects to DFATs, especially when no
data on the intensity of the use of the tool is collected (Haelermans & Ghysels,
2015; Hunsu et al., 2016).
This study examines the effects of a digital formative assessment tool called
Snappet on student achievement and student motivation (1), it examines to
what extent the intensity of use of DFATs affects student achievement and
motivation (2), and whether student achievement effects vary between lowperforming, average and high-performing students (3). A randomized experiment was conducted to examine the effects on mathematics achievement and
motivation in grade three of primary education (most students are eight or
nine years old). First, we now will summarize the research on DFATs comparable with Snappet. We start our review with a brief description of Hattie and
Timperley (2007) model of feedback.

2.2

Review of the research literature

Digital learning tools might improve the effectiveness of formative assessment
activities in classrooms (Cheung & Slavin, 2013; Sung et al., 2016). Black and
Wiliam (1998a) define formative assessment as: “all those activities undertaken
by teachers, and/or by their students, which provide information to be used as
feedback to modify the teaching and learning activities in which they are engaged (p.82)”. Feedback is an important part of formative assessment, and the
effectiveness of DFATs will therefore depend to a great extent on the nature of
the feedback given by such tools. The impact of feedback on learning outcomes
has been under research for several decades (Bangert-Drowns, Kulik, Kulik,
& Morgan, 1991; Lysakowski & Walberg, 1982). Meta-analysis findings have
revealed that the effectiveness of feedback depends on the content of the feedback (e.g. information about the correctness of an answer, or norm-referenced
feedback), the timing of the feedback (i.e. direct, or delayed feedback), and the
context in which the feedback is given (e.g. the learning domain, the type of
assessment) (Bangert-Drowns et al., 1991; Hattie & Timperley, 2007; Kluger
& DeNisi, 1996). Ideally, the feedback content and the timing of the feedback
are adapted to the context in which the feedback is given. Following Kluger
12
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and DeNisi (1996) meta-analysis, Hattie and Timperley (2007) developed a
model to explain how feedback can be effective. First, this model implies that
students and teachers need an answer to three feedback questions to improve
teaching and learning processes:
1. Where am I going (feed up)? Feedback which answers this question helps
students and teachers to construct attainable and challenging learning
goals. Learning goals are necessary to direct learning activities and to
monitor progress towards those goals (Locke & Latham, 2002).
2. How am I going (feedback)? Feedback answering this question gives students and teachers information about the progress between their current
learning levels and the intended learning goals.
3. Where to next (feed forward)? Students and teachers need feedback
about learning activities which support, or hinder their progress towards
learning goals (Hattie & Timperley, 2007).
Second, Hattie and Timperley (2007) distinguish four feedback levels in
their model: the task, the processing of the task, self-regulation, and the selflevel. Feedback directed at the task level gives information about a specific
task. Task level feedback emphasizes often one solution, or learning strategy,
and can hinder the transition to more complex tasks and the development
of new learning strategies which can be beneficial for other tasks (Kluger &
DeNisi, 1996). Feedback directed at the level of the processing of a task can
be supportive for the development of new learning strategies. Feedback at the
process level is often more effective for complex tasks than for simple tasks,
while feedback at the task level seems to be more effective for simple tasks.
The third feedback level is the level of self-regulation. Feedback directed at
this level explains how effective learning tasks are executed by the student, or
the teacher. Feedback directed at the self-level has no relation with learning
tasks but refers to the self as a person. Feedback directed at the self-level often
is not effective for learning, while feedback at the other three levels can improve
learning processes.
The studied digital formative assessment tool (i.e. Snappet) includes three
components: feedback to students, feedback to teachers, and adaptive assignments. The findings of research on those three components in computer-based
environments are presented below.
13
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2.2.1

Student feedback

Feedback effectiveness studies reveal the extent to which Hattie and Timperley (2007) feedback model is supported by research findings. Shute (2008)
reviewed studies on the effects of student feedback. According to Shute (2008),
a stepwise presentation of feedback is often more effective than presenting all
feedback together, as feedback overload can be overwhelming and the feedback
can be rejected. Feedback is more effective if students have time to independently work on a learning task. So, delayed feedback is often more effective
than direct feedback, while low-performing students seem to gain more from
direct feedback. Feedback proves to be less effective if it includes praise, or a
comparison with the performance of other students (Kluger & DeNisi, 1996;
Shute, 2008). This finding supports Hattie and Timperley’s model (2007), who
argued that self-level feedback is ineffective as it focuses on the self instead of
on learning tasks.
In other studies the effectiveness of student feedback was examined in a
computer-based environment. Feedback provided by computers in many cases
is delivered faster to students than feedback given by teachers, and different students can receive feedback at the same moment. Findings in a study with college students showed that there was no difference in effects on writing abilities
between feedback perceived by students as computer-generated, and feedback
perceived by them as teacher-generated (Lipnevich & Smith, 2009), indicating
that the content of feedback matters most, and the feedback modality (teacher
feedback versus digital feedback) to a lesser extent. Findings indicate small
positive effects of ‘knowledge of results’ feedback (i.e. feedback which provides
the correct answer), and feedback which informs students whether their answer
was wrong, or correct. However, larger positive effects were found for elaborated feedback (Lipnevich & Smith, 2009; Van der Kleij, Feskens, & Eggen,
2015). Examples of elaborated feedback are feedback which informs students
on which mistakes were made, and feedback which gives an explanation of the
correct answer. Elaborated feedback, especially is more effective than simple
feedback (knowledge of results), if students work on complex assignments (Van
der Kleij, Feskens, & Eggen, 2015). Studies into the effectiveness of a digital
formative assessment algebra (Bokhove & Drijvers, 2012a) and mathematics
tool (Wang, 2011) support this notion. However, achievement effects were
lower for high-performing students (Bokhove & Drijvers, 2012a).
Overall, these findings indicate that student feedback effects are influenced
14
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by student characteristics (e.g. low-performing or high-performing) and the
complexity of assignments (Narciss et al., 2014; Shute, 2008), so, ideally DFATs
adapt the feedback they provide based on such characteristics and assignments.

2.2.2

Adaptive assignments

DFATs often provide assignments adapted to individual students’ learning
needs. Haelermans and Ghysels (2015) found positive effects on numeracy
achievement of seventh grade students and they argue that the effects were
caused by the personalized nature of the formative assessment tool. Wang
(2014) also found positive effects of adaptive learning materials and assignments.

Those effects were, however, only positive for low-performing stu-

dents. The author states that without adaptive assignments and materials,
low-performing students tend to be disorientated in a digital environment, while
high-performing students have less difficulty with the selection of appropriate
materials and assignments. In contrast, Van Klaveren, Vonk, Cornelisz, and
Cornelisz, I., Van klaveren, C. and Vonk (2017) reported no effects of adaptive assignments and even found a negative effect on the achievement of highperforming students. They argue that the non-adaptive assignments prepared
students better for the summative test than the adaptive assignments in their
tool did.

2.2.3

Feedback to teachers

DFATs give teachers feedback about the performance and progress of individual students as well as feedback aggregated to the class level. The latter informs teachers about the performance and progress of the whole class. Teacher
feedback effectiveness studies report inconsistent findings; some found positive
effects on student achievement (Nunnery, Ross, & McDonald, 2006; Pape et al.,
2012); some only found positive effects for specific student age groups (Konstantopoulos et al., 2013); and in other studies positive effects were found after
a correction for the intensity of feedback use by teachers (Ysseldyke & Bolt,
2007). An explanation for the aforementioned effect differences of feedback to
teachers may be that teachers do not always necessarily use the feedback they
receive. Effects will be stronger if teachers use the feedback to improve instruction, and if their instruction is more aligned with the learning needs of students
(Ysseldyke & Bolt, 2007). The frequency of teacher feedback might also ex-

15
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plain differences in the effects found. Not all assessments are frequently administered, and as a result the feedback may not reflect students’ actual learning
needs (Konstantopoulos et al., 2013). Besides the frequency of the feedback
other DFATs characteristics also influence the effectiveness of teacher feedback.
The timing of the feedback for example is important: teachers who receive
feedback immediately after assignments have been completed by their students
may make a better connection between instruction and student achievement,
than teachers who receive delayed feedback (Hellrung & Hartig, 2013; Yeh,
2009). The accessibility of the feedback also influences its effectiveness (Visscher, 2015). Clear graphical representations of class and/or student progress,
for example, make feedback more accessible for teachers. Another important
characteristic regarding the effectiveness of DFATs is the content of the teacher
feedback: feedback can be criterion-, norm-, or individual-referenced (Hellrung
& Hartig, 2013), it can be specific and inform teachers about those elements of
a learning domain students (do not) master (Bangert-Drowns et al., 1991), but
it can also be more broad feedback, and only indicate the number of correct
student answers.
Audience response programs have small positive effects on student achievement (Hunsu et al., 2016). Such programs aggregate students’ responses on
questions formulated by teachers. These programs are also used to foster student engagement and classroom discussion (Pape et al., 2012; Shirley & Irving,
2015; Shirley, Irving, Sanalan, Pape, & Owens, 2011). Teacher interviews have
revealed that the implementation of audience response programs in classrooms
is stimulated by collegial support and technological support. Curriculum pressure (i.e. the pressure of summative assessments which only include items about
the subject matter content included in the curricula) (Shirley et al., 2011), and
time pressure proved to hinder the implementation of these programs. Furthermore, teachers experienced and valued the improved monitoring and overview
of student progress. The teacher feedback informed them on all students’ learning needs rather than only on the needs of those students who quickly respond,
or to whom teacher questions usually are directed (Shirley et al., 2011).
Some DFATs combine student and teacher feedback: ASSISTment, Questions for Learning and Gotit?! are examples of such tools. Positive effects of
ASSISTments and Gotit?! were found for mathematics (De Witte et al., 2015;
Koedinger et al., 2010). Questions for Learning had a positive effect on student
achievement for grammar (Sheard et al., 2012). Low-performing students, and
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students who used these tools more intensively seemed to profit to a greater
extent (De Witte et al., 2015; Koedinger et al., 2010; Sheard et al., 2012). Furthermore, achievement effects of student feedback were stronger, than effects
of teacher feedback (Koedinger et al., 2010). ASSISTment was more effective for students who did not use the tool intensively but whose teacher often
read the teacher feedback, than such students with teachers who did not read
the teacher feedback regularly (Koedinger et al., 2010). Furthermore, teachers
used the feedback more to plan their next day instruction, than to adapt their
instruction during the current lesson (Sheard et al., 2012).

2
2.2.4

Motivation effects

In just a few studies on the effectiveness of DFATs motivation effects are examined, while DFATs can enhance student motivation. Examples of motivation
supportive conditions are (positive) feedback, and the personalized character
of adaptive assignments. Both might foster feelings of competence. However,
negative feedback and a highly structured digital environment might also reduce feelings of autonomy, and, as a consequence, motivation (Ryan & Deci,
2000). According to Ryan & Deci’s (2000) Self-determination Theory (SDT),
conditions which foster competence and autonomy feelings facilitate intrinsic
motivation. More specifically, feelings of competence influence motivation only
if accompanied by a sense of autonomy. Meta-analysis findings reveal that
interventions based on the SDT produce positive effects at the student level
in terms of self-reported interest, achievement, and behavioral outcomes (Lazowski & Hulleman, 2015). Hunsu et al. (2016) reported positive effects of audience response programs on non-cognitive outcomes like student engagement
and interest. Also, Pilli and Aksu (2013) found a positive effect of a digital
formative assessment tool on students’ attitudes towards mathematics. Furthermore, motivation effects might improve students’ feedback use, as research
findings indicate that motivation is related to positive feedback behavior like
feedback seeking, feedback study time and attention paid to feedback(C. Timmers & Veldkamp, 2011; C. F. Timmers, Braber-van den Broek, & van den
Berg, 2013). These positive findings contrast with the findings of Muis et al.
(2015) who found negative effects on the motivation of five year old children.
One possible explanation for these findings may be that effects on motivation
are negative if the feedback is negative, and if feelings of competence are high.
Effects are positive if the feedback is positive, and if feelings of competence are
17
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low, whereas effects are neutral if the feedback confirms competence feelings
(Carver & Scheier, 1990).

2.2.5

Hypotheses

Overall, based on the literature, it was expected that the digital formative
assessment tool studied (i.e. Snappet) would have a positive effect on mathematics achievement (hypothesis 1). Furthermore, it was expected that Snappet
would have a positive effect on student motivation (hypothesis 2). Both student
and teacher feedback are expected to enhance student effects. Therefore, it is
expected that Snappet is more effective if students (hypothesis 3), and teachers (hypothesis 4) use Snappet to a greater extent. Previous research findings
indicate that student feedback effects are influenced by student characteristics.
Thus, it is expected that the effect of Snappet differs between low-performing,
average, and high-performing students (hypothesis 5).

2.3
2.3.1

Method
Participants

Ninety-seven primary schools were recruited for this study. Schools in the
Dutch province Overijssel (East of the Netherlands) were informed about the
project by e-mail and after a week school principals were asked whether they
were willing to participate, or not. Schools could only participate if their teachers and students of grade three did not have any experience with Snappet.
Grade three students are eight or nine years old. Participating schools were
randomly assigned to the experimental condition (n=40), the control condition
(n=50), or to a waiting list (n=7). Two experimental and eleven control schools
decided not to participate after the randomization, and as a consequence, two
schools from the waiting list were added to the experimental group. The randomization was at the school level, not at the classroom level, as school principals decided which of their grade three classes would participate in the study.
The initial sample comprised seventy-nine schools: forty experimental schools
with 822 students, and thirty-nine control schools with 986 students. In the
experimental condition, 53% of the students was male. In the control condition
this percentage was somewhat lower (47%). In the experimental condition, the
percentage of disadvantaged students was nine, in the control group it was six
18

Effects on mathematics and student motivation

(in the Netherlands, primary schools receive extra funding for such students: a
child belongs to this category if neither of both parents attained a higher educational qualification than lower vocational education). Experimental schools
used Snappet for five months (between January the 19th, and July the 4th),
during the same period control schools used their regular teaching methods and
materials (‘business as usual’).

2.3.2

The digital formative assessment tool: Snappet

With Snappet students complete assignments on their own Snappet tablets.
These assignments are comparable to the assignments used in traditional paperbased settings, and with Snappet the same instructional content is taught as
in the regular curriculum. Figure 2.1 respectively shows students’ start screen,
an assignment example, and the feedback a student receives after (s)he has
completed an assignment. In the start screen the assignments belonging to one
lesson are presented: green blocks represent correct answers, red blocks incorrect answers, whereas orange blocks represent corrected assignments, and blue
blocks new assignments. Students open assignments from the start screen and
receive simple feedback immediately after they have completed an assignment.
The feedback informs students whether there answer was correct (green curl)
or incorrect (red cross). By ticking the plus sign in the start screen students
go to their adaptive assignments. Predicted student ability levels are the basis
for selecting assignments of matching ability levels. An Item Response Theory
model is used to predict student ability levels on the basis of previous responses.
Ability levels are recalculated after a new assignment has been completed by
the student. Teachers decide which assignments students need to work on:
curriculum assignments belonging to one lesson, the adaptive assignments, or
both. In most lessons students first complete all curriculum assignments, and
then work on adaptive assignments during the remaining time of the lesson.
Teachers follow students’ progress on their dashboard. This dashboard includes three options: teaching, progress monitoring, and extras. With the
teaching option, teachers preview assignments belonging to a lesson, and they
select assignments for their students. With the progress monitoring option,
teachers follow the progress of a lesson, of an individual student, or of the entire
class. The progress of a lesson option shows to teachers how many assignments
each student completes during a lesson, and whether student answers are correct, or incorrect. Information on the progress of individual students informs
19
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Figure 2.1: The Snappet environment for students.

Image left: assignments
overview. The first column on the left presents various lessons (lessons 1 – 10).
The blocks after each lesson represent the curriculum assignments belonging to a
lesson. If students click on the plus sign with the red circle an adaptive assignment
is presented on the screen. Middle image: assignment example in Dutch: “add the
following numbers: 3 + 5 + 7 + 5”. Image on the right: student feedback. Positive (green curl), and negative feedback (red line) in response to the answer given
(correct/false).

teachers about how a student performs on a specific learning goal (e.g., add
numbers till 100) compared with that student’s performance on other learning
goals. An example of the class progress monitoring option is presented in Figure 2.2. Teachers see how their class performs on learning goals compared with
the performance of other Dutch classes who also use Snappet, also teachers see
how each student performs on specific learning goals compared with the students’ performance on other learning goals. With the option ‘extra’, teachers
can select a quiz function, a timer function, and they can also use instruction
videos.
Teachers in the experimental condition followed an introduction lesson (one
afternoon) in which they received information about how to integrate Snappet
in their classroom lessons. Furthermore, teachers could follow an additional
lesson about how to interpret and use Snappet feedback for differentiating
instruction. All teachers were supervised by a coach who they could consult in
case of difficulties with the use of Snappet. Twenty-four teachers attended the
introduction lesson, the additional lesson, and were supervised at least three
times by their coach. Four teachers followed the introduction and the additional
lesson, ten teachers only attended the introduction lesson, and two teachers did
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Figure 2.2: Teacher dashboard which shows how a class progresses. (1) How this
class performs on learning goals compared with other classes who use Snappet. (2)
Benchmark legend, e.g., blue represents the 25% highest scoring students/classes. (3)
Description of the learning goals. (4) The performance of each student compared
with other students’ performance of the same grade that use Snappet.
This dashboard depicts the Snappet mathematics package screenshots, the design of
teachers’ spelling dashboard is the same as the mathematics package design.

not participate in these activities at all (non-response of four teachers).

2.3.3

Instruments and data collection

Data were collected using four instruments: standardized assessments, a student motivation survey, classroom observations, and student log files. Descriptive statistics for these instruments are presented in Table 2.1. We informed all
parents by email/letter about the study and the data collection procedures, and
no data were collected from children whose parents did not provide permission
for the participation of their children.
Standardized assessments. Cito standardized mathematics assessments (Cito
is the Dutch Institute for Test Development) were used to measure student
achievement. Cito spelling assessments were used to control for comparability between experimental and control groups. Most Dutch primary schools use
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these assessments during the entire primary school period. Scores from different
grades can be expressed on the same ability scale. Mathematics assessments in
grade three measure two domains: arithmetic and geometry, time, and money
calculations. Cito assessments are administered twice a year in January, or
February, and in June. We used two mathematics student achievement variables in the analyses: posttest (the June, 2015 assessment), and pretest (the
January/February, 2015 assessment).
Student motivation survey. A student survey was used to measure students’ mathematics motivation. The following five items were included in the
mathematics motivation scale: Mathematics lessons are boring (1), I like mathematics (2), I enjoy doing mathematics assignments (3), I think mathematics
is interesting (4), I think mathematics is important (5) (α=0.84). Items were
based on two Dutch studies, the COOL 5-18 cohort study (Driessen, Mulder, &
Roeleveld, 2012), and the Intrinsic Motivation Inventory (Meijer, Eck, & Felix,
2008). Items were measured on a five-point Likert scale (1=strong disagree,
5=strong agree), and the reliability of this scale was calculated using Cronbach’s alpha. Experimental and control students responded to the survey at
the end of the intervention. Students from all experimental schools, and from
thirty-three control schools filled out the questionnaires.
Classroom observations. Classroom observations were conducted in the
experimental schools only. They were used to measure the degree to which
teachers, based on Snappet feedback, differentiated their teaching in line with
the instructional needs of individual students, and/or groups of students. In
general three mathematics lessons of each teacher were observed, the first observation took place at the end of April, the second at the end of May, and the
last observations were conducted at the end of June. Due to scheduling problems and maternity leave, of five teachers only two lessons could be observed.
In each observation an entire lessons was observed, including the introduction to new learning topics, the completion of assignments by students, and a
lesson evaluation (the average observation time was 54 minutes). The observation instrument was developed by the researchers based on the differentiation
literature (Roy et al., 2013; Tomlinson et al., 2003), and in line with the differentiation support provided by the Snappet feedback. In a pilot study in fifteen
additional classrooms the instrument was tested and optimized. The initial
instrument included eight items which were scored on a five-point scale (low
- high). The Cronbach’s alpha coefficient for the reliability of the instrument
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was α=0.69 (see Appendix A for the final instrument).
Lessons were rated by three raters after they had been trained by means of
recorded classroom observations. During the training the recorded lessons were
rated and discussed afterwards (to maximize rater reliability). The training
lasted approximately seven hours (two afternoons). Raters’ scores at the end of
the training were used to calculate the intraclass correlation coefficient (ICC)
as an indicator of the agreement between raters. In the actual study each
lesson was observed by one rater. The ICC was 0.50 (reliability interval: 0.05
- 0.77, Model Two way random, Consistency, IBM SPSS Statistics version 22),
indicating a moderate agreement between raters.

2

Snappet log files. Snappet log files were used to measure students’ intensity
of Snappet use. Measures that were included in the analyses were the number
of total assignments completed, and the percentage of adaptive assignments
out of the total number of assignments completed. These data were registered
by the Snappet software and provided by Snappet for the present study.

2.3.4

Data analysis

The quality of the randomization was examined using an independent two sample t-test. We used students’ gender, the percentage of disadvantage students,
Cito mathematics and spelling results of June 2014, and January/February
2015, to examine the comparability of experimental and control groups before
the intervention.
In order to test the five hypotheses a multilevel regression model was used,
as the students are nested within classes (Snijders & Bosker, 1999). Fixed effects were calculated for all variables except for the random intercept effect.
The model was built up from an empty model with only student mathematics posttest scores, or student motivation as dependent variables, to the final
model that included the interaction effect between student pretests scores and
the Snappet condition. This interaction effect was examined in order to answer hypothesis 5 (the expectation that the effect of Snappet differs between
low-performing, average and high-performing students). The scores on all variables included in the multilevel analysis were converted to z-scores except for
the dichotomous variables student gender (0=girl), and the Snappet condition
(0=control group). This facilitates the interpretation of the multilevel findings.
Effects on student achievement and student motivation were examined using
two separate analyses. All analyses were performed using IBM SPSS Statistics
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version 22.
Table 2.1: Descriptive statistics
Students
Gender (male)
% disadvantaged students
Posttest mathematics June 2015
Pretest mathematics January/February 2015
Mathematics June 2014
Spelling January/February 2015
Spelling June 2014
Motivation*
Total assignments
% adaptive assignments
Teachers
Item 1 observation*
Item 2 observation*
Item 3 observation*
Item 4 observation*
Item 5 observation*
Item 6 observation*
Item 7 observation*
Item 8 observation*
* scale is 1 (low) – 5 (high)

2.4

Experimental n = 822
Mean (Sd.)
53%
9%
83.0 (13.2)
73.0 (13.7)
65.5 (14.1)
128.7 (6.7)
122.7 (6.6)
3.74 (0.90)
2947.6 (1116.8)
24.9 (12.8)
Experimental n = 44
3.06 (1.21)
2.39 (0.94)
2.30 (1.08)
1.45 (0.77)
2.68 (1.56)
2.83 (1.17)
2.66 (1.10)
2.45 (1.17)

n
819
533
803
810
750
619
555
778
792
820

Control n =
Mean (Sd.)
47%
6%
81.7 (12.2)
74.7 (13.5)
66.0 (14.1)
128.6 (6.6)
123.1 (6.8)
3.60 (0.97)

986
n
957
707
971
974
882
963
858
772

127
127
127
127
127
127
126
127

Results

The results of the independent t-test are reported first, thereafter the effects
on student achievement and motivation are presented. No significant difference was found between the experimental and control condition with respect
to the percentage of disadvantaged students (t = 1.00, p = 0.32), mathematics
achievement in June 2014 (t = 0.68, p = 0.50), spelling achievement in June
2014 (t = 1.08, p = 0.28), and spelling achievement in January/February 2015
(t = 0.41, p = 0.68). The percentage of boys was significantly higher in the
experimental schools (t = 2.34, p < 0.05). Furthermore, a significant difference was found on the pretest mathematics scores in January/February 2015
(t = 2.71, p < 0.05), indicating that students in the experimental condition
performed lower than students in the control condition at the start of the intervention. Gender, and pretest mathematics scores of January/February 2015
were therefore both included as covariates in the multilevel analyses.
The results of the multilevel analysis predicting student achievement are
shown in Table 2.2. The null model included only the intercept, the results
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1
SE

Fixed
Intercept
0
0.04 −0.03
0.03
Gender (0=girl)
0.06∗ 0.03
Pretest
0.82∗∗ 0.01
Snappet
Snappet x pretest
Total assignments
% adaptive
Observation score
Random
Variance student level
0.95∗∗ 0.03
0.31∗∗ 0.01
Variance group level
0.05∗∗ 0.02
0.03∗∗ 0.01
N students
1774
1738
*p < 0.05 one-sided testing **p < 0.01 one-sided testing
a
models with experimental student data only

Predictors

Model

0.03
0.03
0.01
0.04

SE

0.31∗∗ 0.01
0.01∗∗ 0
1738

−0.13∗∗
0.06∗
0.82∗∗
0.21∗∗

Coeff.

2

0.03
0.03
0.02
0.04
0.03

SE

0.31∗∗ 0.01
0.01∗∗ 0.01
1738

−0.13∗∗
0.06∗
0.78∗∗
0.21∗∗
0.08∗∗

Coeff.
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0.16∗∗ 0.03
0.05
0.03
0.06∗ 0.03
0.30∗∗ 0.02
0.01
0.01
772

0.30∗∗ 0.02
0.02∗ 0.01
772

SE

0.16∗∗ 0.03
0.05
0.03

Coeff.

0.10∗∗ 0.04
0.02
0.04
0.82∗∗ 0.02

SE

5a

0.10∗∗ 0.04
0.02
0.04
0.82∗∗ 0.02

Coeff.

4a
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show that a large proportion of the variance in student achievement is situated
at the student level. The proportion of group level variance of the total variance
was 0.05. Covariates were included in the first model. Pretest scores (β = 0.82,
p < 0.01) and gender (β = 0.06, p < 0.05) had a significant effect on student
achievement, indicating that students with high pretest scores performed higher
on the posttest, and that boys performed slightly better than girls on the
posttest.
There was a significant and positive effect of Snappet (β = 0.21, p < 0.01)
(hypothesis 1 confirmed). Students’ achievement in the experimental condition was significantly higher than the achievements of students in the control
condition at the end of the intervention period. Their advantage amounts to
one fifth of a standard deviation over the five month period. Interestingly,
the interaction reveals that experimental students with high pretest scores performed significantly better than students with high pretest scores in the control
condition (β = 0.08, p < 0.01) (hypothesis 5 confirmed), indicating that highperforming students profit more from Snappet than lower performing students.
This effect is shown in more detail in Table 2.3. The average learning gains are
broken down by ability level. The highest ability level include the students in
the top 20% on the mathematics pretest. The second ability level include the
next 20%, and so on. All ability levels show more learning gain in the experimental condition, but the difference in mean achievement growth is highest
for the 20% best performing students (mean achievement growth of 5.69 on
mathematics assessments).
Table 2.3: Student achievement growth of different ability levels
Ability level

Group

Student achievement growth (Mean, Sd.)

Mean differences

I (highest 20%)

Control
Experimental
Control
Experimental
Control
Experimental
Control
Experimental
Control
Experimental

1.48
7.17
7.57
8.85
7.83
10.11
8.87
11.09
10.25
13.29

5.69

II
III
IV
V (lowest 20%)

(8.52)
(9.67)
(6.73)
(6.24)
(6.57)
(7.47)
(6.07)
(6.13)
(7.32)
(8.31)

1.28
2.28
2.22
3.04

Model four and five include data of the experimental condition only. There
was a significant positive effect of total assignments completed with Snappet
(β = 0.16, p < 0.01) on achievement. No significant effect was found for the
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percentage of adaptive assignments (β = 0.05, n.s.). The correlation between
total assignments and the percentage of adaptive assignments was r = 0.38,
p < 0.01, indicating that these variables overlap to some extent. Together
these results partly support hypothesis 3: Snappet is more effective if students
use Snappet to a larger extent. A small positive effect was found for teachers’
classroom observations scores (β = 0.06, p < 0.05), indicating that student
achievement was higher for students whose teachers scored relatively high on
classroom observations (hypothesis 4 confirmed).
The results of the multilevel analysis predicting student motivation are
shown in Table 2.4. The results in the null model show that a large proportion
of the variance in student motivation scores is situated at the student level, the
proportion of group level variance of the total variance was 0.08. There was a
significant positive effect of the covariate pretest (β = 0.21, p < 0.01). Effects
of gender were not significant in the first models, small significant effects were
however found in the later models (β = −0.18 and -0.17, p < 0.05), indicating
that boys were less motivated for mathematics than girls. A significant positive effect of Snappet on student motivation was found (β = 0.16, p < 0.05),
these findings support hypothesis 2: it was expected that Snappet would have
a positive effect on student motivation. Again, only significant positive effects
were found for total assignments (β = 0.19, p < 0.01). This indicates that students who made more assignments were also more motivated. Furthermore, no
significant positive effect for teachers’ observation scores on student motivation
was found (β = 0.08, n.s.).

2.5

Discussion and conclusions

It is important to study whether and how digital learning tools contribute to the
improvement of teaching and learning processes since the use of digital learning
tools in education is growing rapidly. The purpose of the present study was to
examine the effects of a digital formative assessment tool (i.e. Snappet) on student achievement and motivation. A randomized experiment was conducted to
examine these effects in grade three primary education. Furthermore, teachers’
and students’ intensity of DFATs-use measurements were included to gain more
understanding of the use, and effects of DFATs in regular classrooms settings.
The findings of this study indicate that a digital formative assessment tool
can have a positive impact on mathematics achievement of students in grade
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0.04

SE

SE

0.07
0.05
−0.09
0.05
0.21∗∗ 0.03

Coeff.

1

Random
Variance student level
0.92∗∗ 0.03
0.88∗∗ 0.03
Variance group level
0.08∗∗ 0.02
0.08∗∗ 0.02
N Students
1550
1501
*p < 0.05 one-sided testing **p < 0.01 one-sided testing
a
models with experimental student data only

Fixed
Intercept
Gender (0=girl)
Pretest
Snappet
Total assignments
% adaptive
Observation score

Predictors

Model

0.06
0.05
0.03
0.08

SE

0.88∗∗ 0.03
0.07∗∗ 0.02
1501

−0.02
−0.1
0.21∗∗
0.16∗

Coeff.

2

0.81∗∗ 0.04
0.08∗∗ 0.03
740

0.81∗∗ 0.04
0.08∗∗ 0.03
740

0.19∗∗ 0.06
0.03
0.06
0.08
0.05

SE

0.19∗∗ 0.06
0.04
0.06

Coeff.

0.18∗∗ 0.07
−0.17∗ 0.07
0.16∗∗ 0.04

SE

4a

0.18∗ 0.07
−0.18∗ 0.07
0.16∗∗ 0.04

Coeff.

3a

Table 2.4: Multilevel models predicting student motivation

Chapter 2

Effects on mathematics and student motivation

three. This finding is in line with previous research (Bokhove & Drijvers,
2012a; De Witte et al., 2015; Haelermans & Ghysels, 2015; Koedinger et al.,
2010; Sheard et al., 2012; Wang, 2014). Students’ intensity of use measurements
show that experimental students who used the tool to a greater extent (i.e. the
total number of assignments completed) performed better than experimental
students who used the tool to a lesser extent. However, we cannot state that
students’ greater use of Snappet is causing the effect, since it could be that (for
example) in the experimental group the more motivated students used Snappet
more and that this caused the effects. Still, the intensity of use measurements
support the student achievement differences found between the students (randomly) assigned to the experimental group, and the students assigned to the
control group.
Student feedback and adaptive assignments are important characteristics
of Snappet. Since the assignments for experimental and control students were
comparable, and control students did not receive knowledge of result feedback, we could conclude that the feedback element contributed to the effect on
achievement. On the other hand, the opportunity for experimental students
to make more assignments and spend more time on assignments might also
explain the effectiveness. Since no data on the total number of assignments
completed by students in the control group was available, this explanation was
not tested. It was also expected that the number of adaptive assignments
would positively affect student achievement as adaptive assignments are more
targeted on student learning needs than regular curriculum assignments. However, the analyses do not show a significant effect of the percentage of adaptive
assignments of the total number of assignments on achievement. One explanation might be that students who complete many assignments also have a high
percentage of adaptive assignments as students often completed adaptive assignments after they had finished the regular curriculum assignments. Effects
of adaptive assignments on student achievement prove to differ (Haelermans
& Ghysels, 2015; Van Klaveren et al., 2017; Wang, 2014). Effects depend on
the domain of learning, the type of assignment or assessment, and on how
techniques are used for selecting adaptive assignments for individual students
(Huang, Lin, & Cheng, 2009; Merrell & Tymms, 2007). Further research on the
effectiveness of adaptive assignments is therefore important, to specify when,
and how adaptive assignments affect student achievement in the intended ways.
Effects of feedback to teachers on student achievement were lower than
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effects of feedback to students. This finding is in line with the findings of
Koedinger et al. (2010) who also found stronger effects of student feedback.
The relationship between teachers’ observation scores (indicating their differentiation practices with Snappet) and student achievement suggests that the
effectiveness of DFATs also depends on if, and how intensive DFATs are used by
teachers in the classroom. An important advantage of Snappet is that teachers
received frequently feedback based on students’ daily assignments. Teachers
in the present study reported a better overview of the progress of lessons, and
of students’ understanding of the assignments. Furthermore, teachers reported
that they were more able to respond quickly and purposefully to students’
questions and learning needs. Since in the present study the intervention for
teachers was limited and teachers’ observation scores showed that teachers on
average did not use the teacher feedback to a great extent, larger effects of feedback to teachers may be feasible. Furthermore, DFATs might have a stronger
impact on student achievement if the whole school team is trained, as teachers’
colleagues can have an important supportive role during the implementation
of new tools (Shirley et al., 2011).
The present study shows that Snappet was most effective for high-performing
students. This finding matches with the findings of another Snappet research
project executed in other grades (Molenaar & van Campen, 2016) (Molenaar, unpublished), indicating that these findings on the achievements of highperforming students are quite persistent across studies. The finding in a way
is remarkable as in most studies larger effects of DFATs were found for lowperforming students (Bokhove & Drijvers, 2012a; Koedinger et al., 2010; Sheard
et al., 2012).

A possible explanation for our finding might be that high-

performing students complete more mathematics assignments by using Snappet
than high-performing students in business as usual settings. Teachers decide
what students will do after the curriculum assignments have been completed,
and Snappet offers teachers opportunities to let students work on additional
mathematics assignments. Teachers do not have these opportunities, or only
to a lesser extent in business as usual settings. Moreover, students of different ability levels are more equally challenged by the adaptive assignments.
As high-performing students are often less challenged by regular assignments
than low-performing, and average-performing students, this in particular is in
their advantage. Another possible explanation for the effect on high-performing
students may be found in the Dutch educational context. International com-
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parative research findings reveal that Dutch high-performing students perform
low compared with high-performing students in other countries (Meelissen et
al., 2012). It is argued that schools in the Netherlands are more focused on the
improvement of low-performing students than on challenging high-performing
students. So, in business as usual settings regular instruction and assignments
are often less targeted on the learning needs of high-performing students.
Motivation effects were also examined in this study. The expected positive
effects on student motivation were confirmed by the findings. Such positive
effects were expected since students would receive (mostly) positive feedback
during the intervention, and positive performance feedback can enhance feelings of competence (Ryan & Deci, 2000). Because of the adaptive assignments,
students with Snappet can complete more assignments suited to their own
learning needs, and thus have to complete fewer assignments that are too demanding. Motivation effects of Snappet might be stronger if students will have
more opportunities for self-regulated learning, as Snappet is well-structured
and teachers mostly decide which assignments their students will complete.
Additionally, in the experimental groups high motivation correlates with high
Snappet usage by students. However, it remains unclear if students in the experimental group who used Snappet to a larger extent became more motivated,
or, if more motivated students make more assignments than students who are
less motivated.
Besides the contributions of this study there are also some limitations.
Snappet included student feedback, feedback to teachers, and adaptive assignments, which all may have contributed to the effects found. The intensity of use
measurements suggest which of these characteristics contributed most to the effect. However, the intensity of Snappet-use measurements were only measured
in the experimental condition, making it difficult to draw strong conclusions
about the contribution of the different DFATs elements on student achievement. Therefore, in further work an experimental design with three conditions
(e.g., business as usual, an experimental condition with adaptive assignments,
and an experimental condition without adaptive assignments) should be conducted. Second, no validated observation instrument was used since we did not
find a classroom observation instrument which met our content criteria. Reliability analysis on the scores of our newly developed observation instrument
revealed a moderate consistency between raters’ observation scores. Therefore,
the observation scores of different rater pairs (i.e., rater 1 and 2, rater 1 and 3,
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rater 2 and 3) were included separately in the analysis. No differences in results
were revealed, indicating that the moderate rater consistency had no impact
on the conclusions drawn from teachers’ use measurements. A third study
limitation is our randomization at the school level instead of at the classroom
level. School principals decided which of their grade three classes would participate in the study after the randomization procedure. Principals with more
than one grade three classes in their school often decided to participate with
one, or two classes instead of with all grade three classes, while schools in the
control condition participated with all grade three classes. This explains why
in the control condition more students participated than in the experimental
condition. More information on the randomization procedure can be requested
from the corresponding author. Furthermore, in further work it would be interesting to study whether our findings still holds for older age groups who work
on more complex assignments and where, presumably, more elaborated feedback is needed (Hattie & Timperley, 2007; Van der Kleij, Feskens, & Eggen,
2015). Positive effects on student achievement are not always found in elaborated feedback studies (Van der Kleij, Eggen, Timmers, & Veldkamp, 2012),
or there is no effect difference between elaborated and simple feedback (Maier,
Wolf, & Randler, 2016). Therefore, further research is important to specify how
(elaborated) feedback can be most beneficial, and how effects are moderated by
characteristics of students and learning tasks (Maier et al., 2016; C. Timmers
& Veldkamp, 2011; Van der Kleij et al., 2012).
Overall, the present study findings confirm that DFATs can have a positive effect on student achievement and motivation. An important contribution
of the study is that the findings reveal that DFATs can also contribute to
the performance of high-performing students, besides the contribution to the
performance of low-performing students, which was frequently found in other
studies. Furthermore, the findings indicate that the more teachers were able
to differentiate their instruction, based on the Snappet feedback, the more this
affected student achievement. The same applies to the extent to which students
used the DFAT: more intensive use went together with higher levels of mathematics achievement, and mathematics motivation. We also found that there
is room for more intensive DFAT use. It may well be that if we will be able
to promote teacher DFAT use (e.g. by means of teacher professionalization),
then the effects on student achievement also will be stronger.
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Abstract
In this study, a randomized experimental design was used to examine the effects
of a digital formative assessment tool on spelling achievement of third grade
students (eight- to nine-years-olds). The sample consisted of 30 experimental
schools (n = 619) and 39 control schools (n = 986). Experimental schools used
a digital formative assessment tool, whereas control schools used their regular
spelling instruction and materials. Data included standardized achievement
pre-posttest data, the number of total assignments completed, and the percentage of adaptive assignments completed by students. Although the results
did not show that the use of a digital formative assessment tool affected spelling
achievement, the findings point to important issues upon which future research
can build.

Key words: formative assessment; elementary education; improving classroom teaching; teaching/learning strategies
36

Effects on spelling

3.1

Introduction

Mobile digital tools like tablets can be beneficial for formative assessment practices in education (Sung et al., 2016). Formative assessment can be defined as
“ all those activities undertaken by teachers, and/or by their students, which
provide information to be used as feedback to modify the teaching and learning
activities in which they are engaged” (Black & Wiliam, 1998a, p.82). Digital
formative assessment tools (DFATs) can provide students and teachers with
feedback regarding the progress of (individual) students (De Witte et al., 2015;
Koedinger et al., 2010; Sheard et al., 2012). As the use of such tools is increasing, it is important to study whether DFATs improve the quality of teaching
and learning processes (Hwang & Tsai, 2011; Sung et al., 2016). In this study,
a randomized experiment was conducted to examine the effects of a digital formative assessment tool on spelling achievement of third grade students (eight
or nine year olds). With this tool, students complete assignments on their
own tablets and teachers follow students’ actual progress on their dashboards.
Positive effects of this digital formative assessment tool called ‘Snappet’ on
mathematic achievement and mathematic motivation were found in a previous
study (Faber, Luyten, & Visscher, 2016). Before we explain Snappet, and the
method used, we will provide a brief summary of what can be learned from
feedback effectiveness studies in general, as the provision of feedback is an
important characteristic of Snappet, and DFATs in general.

3.1.1

Theoretical framework

The effectiveness of feedback has been under research for more than a hundred
years already. Meta-analysis findings have revealed that feedback can affect
performance positively (Bangert-Drowns et al., 1991; Hattie & Timperley, 2007;
Kluger & DeNisi, 1996; Lysakowski & Walberg, 1982). However, feedback does
not unconditionally result in positive performance effects. Feedback content,
characteristics of the learning tasks, characteristics of the feedback receiver,
the feedback frequency and timing, all influence whether and how feedback
will affect performance (Bangert-Drowns et al., 1991; Kluger & DeNisi, 1996;
Shute, 2008).
Let us first focus on feedback timing and frequency. Whether immediate
(feedback right after a response), or delayed feedback (later than right after
a response, mostly defined as ‘relative to immediate feedback’) is more effec37
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tive, depends on the task characteristics. Shute (2008) found in her review
that immediate feedback seems most effective for tasks which, relative to students’ capacities, are complex, whereas delayed feedback seems to be more
effective for simpler tasks. Regarding teachers as feedback receivers, teachers
connect the feedback they received to the assessments of their students in their
follow-up instruction if feedback is received immediately after students finish
their assessments (Hellrung & Hartig, 2013; Yeh, 2009). Furthermore, teachers’ feedback seems more effective when it is based on frequent assessments,
as frequently administered assessments reflect students’ actual learning more
accurately (Konstantopoulos et al., 2013).
The feedback content and the learning tasks on which feedback is given
also influence the effectiveness of feedback. Feedback which drives attention
to the learning task can be effective, whereas driving attention to the ‘self’
as a person is not effective (Kluger & DeNisi, 1996). Examples of the latter
are praise, discouragement, and normative feedback (i.e., contrasting student
performance to that of others). The simplest form of learning task feedback
content is referred to as ‘knowledge of results feedback’ and only informs the recipient whether the answer is (in)correct. More complex learning task feedback
is known as ‘elaborated feedback’. Elaborated feedback includes, among other
things, information on why the response is (in)correct and guides the feedback
receiver towards the right direction: how to improve if the answer was wrong
and/or information about the misconceptions the student may have. In general, elaborated feedback is more effective for learning than simple feedback
(Bangert-Drowns et al., 1991; Shute, 2008). Furthermore, feedback is more effective when combined with setting performance goals (Locke & Latham, 2002).
Goals direct learning activities and allow students and teachers to monitor the
degree of progress from current learning levels towards the goals set (Hattie
& Timperley, 2007). Studies on the effectiveness of computerized feedback for
students support the view that elaborated feedback positively influences performance. Smaller effects were found for simple feedback, and for feedback
which provides the correct response (Lipnevich & Smith, 2009; Van der Kleij,
Feskens, & Eggen, 2015). More complex tasks are those requiring elaborated
feedback (Van der Kleij, Feskens, & Eggen, 2015), a finding confirmed by studies on the effectiveness of DFATs on algebra (Bokhove & Drijvers, 2012b) and
general mathematics achievement (Wang, 2011).
Characteristics of the feedback receiver influence how much is learned from
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feedback. Findings show that motivated students pay more attention to feedback and spend more time on studying feedback (C. Timmers & Veldkamp,
2011; C. F. Timmers et al., 2013). The use of DFATs and feedback can also
positively affect students’ engagement, interest, and their attitudes towards
the learning tasks on which feedback is provided (Hunsu et al., 2016; Pilli &
Aksu, 2013). On the other hand, if students receive mostly negative feedback
while their feelings of competence are high, then the use of DFATs might lower
their motivation (Carver & Scheier, 1990; Muis et al., 2015). Feedback effects also vary among high-performing and low-performing students. In her review, Shute (2008) concludes that high-performing students benefit more from
delayed feedback. High-performing students need facilitative and verification
feedback (i.e., fewer hints) as it is assumed that they learn more in environments
that are challenging and allow for greater autonomy. Low-performing students
need immediate feedback, as they perceive new tasks as more complex and
need direct support in their learning. Furthermore, low-performing students
benefit more from directive and explicit feedback, as they need guidance and
structure when they learn. In most DFATs studies, larger effects are found for
low-performing students (Bokhove & Drijvers, 2012b; Koedinger et al., 2010;
Wang, 2014). Each of these studies provides a different explanation to account
for this finding. For instance, the methods effective for novice students may lose
their effect for more experienced students (Bokhove & Drijvers, 2012b). Alternatively, teachers may be more capable of letting special education students
take part in regular classroom instruction with the digital formative assessment tool (Koedinger et al., 2010). Finally, the selection of assignments and
text by the digital formative assessment tool may be especially beneficial for
low-performing students (Wang, 2014). Surprisingly, for the DFAT Snappet,
in mathematics larger effects were found for high-performing students (Faber
et al., 2016; Molenaar & van Campen, 2016). An explanation might be that
with Snappet, high-performing students can easily complete more assignments
than normal, and that students are more equally challenged by the adaptive
assignments Snappet provides.

3.1.2

Snappet

In this section, we describe the features of Snappet as a tool and, more specifically, the characteristics of the feedback Snappet provides. When working
with Snappet, students complete assignments on their own tablets. Students
39
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and teachers both receive feedback based on the progress of students on these
assignments. The learning tasks on which students received feedback in this
study are spelling tasks.
Grade three students learn spelling rules (e.g., recognize the distinctions
between words with a sch/schr sound, s/z sound, and words with an f/v sound)
and apply these rules in the assignments they complete on their tablets. For
example, students have to fill in the blanks to complete words in assignments,
or they have to write or choose words corresponding with images presented on
the tablet. Spelling in the Dutch language generally is considered to be not
that difficult compared to spelling in other languages; the sounds of letters (i.e.
letters not in a word) are often the same as the sounds of the same letters in
a word. Nevertheless, Dutch language has quite a few grammatical rules and
exceptions to those rules.

3.1.3

Feedback to students

On the tablet’s start screen, students can select the lesson assigned by the
teacher and see an overview of the curriculum assignments belonging to the
lesson they had picked. In this overview, green blocks represent correctly completed assignments, red blocks stand for incorrectly completed assignments,
orange blocks represent corrected assignments (assignments that were not immediately answered correctly), and blue blocks represent unfinished assignments. Students select the blue blocks to start working on the assignments.
They receive feedback immediately after they give a response. The feedback
given is ‘knowledge of results’ feedback, it tells whether the answer is correct
or incorrect (a green curl (check mark) or a red cross). Besides the standard
curriculum assignments, there is an extra option to work on specific spelling
learning goals. With this option, students practice only assignments belonging
to the same learning goal. Examples of third grade spelling learning goals are
words ending on d or t, words with double consonants like in the Dutch word
‘bruggen’ (meaning bridges), or in ‘petten’ (caps). In another overview, students can see how well they performed on each learning goal relative to their
performance on other learning goals; performance is ranked from low to high
by zero to four stars. Furthermore, Snappet provides adaptive assignments.
When choosing these assignments students can practice with assignments that
match their performance level. Snappet uses an item-response theory model to
predict students’ ability levels based on students’ previous responses. These are
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used for selecting assignments matching students’ ability levels. Most teachers
require students to complete the curriculum assignments first and then continue
with the adaptive or learning goals assignments.

3.1.4

Feedback to teachers

Teachers can access their own teachers’ dashboard through which they can
monitor students’ progress. During the lesson, teachers could track in real-time
the number of assignments students completed during that lesson and whether
students’ responses were immediately correct, correct after first having given
an incorrect response, or incorrect. Teachers can request normative feedback at
any time. Normative feedback includes a comparison of a student’s performance
on a specific learning goal with the performance of other students, or with
other classes using Snappet. Snappet uses the following performance categories:
students and classes belonging to the 25% highest scoring students, the 5075% group, the 25-50% group, the 10-25% group, and the students and classes
belonging to the 10% lowest scoring students; see Figure 2.2 (Faber et al., 2016,
p.88). Furthermore, teachers could request self-referenced student feedback,
i.e., the learning goals on which students perform high/low compared to their
own performance on other learning goals.

3.1.5

Hypotheses

Based on feedback effectiveness studies on DFATs that are comparable to Snappet (Bokhove & Drijvers, 2012b; Koedinger et al., 2010; Sheard et al., 2012;
Wang, 2011), and based on the Snappet effects found in previous research, we
expected that Snappet would have a positive effect on spelling achievement
(hypothesis 1). Furthermore, it was expected that the effectiveness of Snappet
would be greater, the more students used Snappet (hypothesis 2). Based on
previous Snappet research findings, it was also expected that Snappet would
be more effective for high-performing students’ (hypothesis 3).

3.2
3.2.1

Method
Participants

Schools were informed about the study by e-mail, and after a week, school
principals were asked whether they were willing to participate. In a previous
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study, schools were required to participate with a math Snappet package and
could additionally choose to participate in this study with a spelling package.
Only schools with teachers and students in grade three who did not have any
experience with Snappet were allowed to participate. Grade three students
are usually eight or nine years old. Seventy-nine primary schools in the East
of the Netherlands were recruited and randomly assigned to the experimental
group (n schools = 40), the control group (n schools = 50), or to a waiting
list (n schools = 7). Randomization was done at the school level as school
principals decided which of their grade three classes would participate. Two
experimental schools and eleven control schools decided not to participate after
they were informed of the randomization outcome; two schools on the waiting
list were added to the experimental group. Furthermore, ten experimental
schools decided to participate only with math. The initial spelling sample
comprised 30 experimental schools (n students = 619) and 39 control schools
(n students = 986). In the experimental group, 52.2% of the students were
male, in the control group 46%. In the experimental group, the percentage
of disadvantaged students was 5.8% and 4.4% in the control group; a child
belongs to the disadvantaged category if none of the parents attained a higher
educational qualification than lower vocational education. In Table 3.1, more
descriptive statistics for the students in the experimental and control groups
are presented.

3.2.2

Procedures

Experimental schools used Snappet between January 19 and July 4 (2015),
whereas control schools used their regular teaching methods and materials during the same period. With Snappet, the same instructional content is taught
as in the regular curriculum. Thus, the experimental group students completed
comparable curriculum assignments on their tablets to those used in traditional
paper-based settings. In addition, experimental group students could work on
assignments belonging to a specific learning goal and on adaptive assignments
(see also section 2.2.3). In most Snappet lessons, teachers required students to
first complete all curriculum assignments and then work on either the adaptive
assignments or the learning goals assignments for the remainder of the lesson.
At the start of the intervention, teachers in the experimental condition followed a short introduction program (one afternoon). Teachers learned how to
integrate Snappet in their classroom and were given the opportunity to follow
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an extra training program (one additional afternoon) on the interpretation of
the Snappet teacher feedback and how to use that feedback for classroom differentiation. Teachers were free to choose how to integrate Snappet in their
lessons. All participating teachers could consult a Snappet coach by telephone
in case of questions or difficulties. Twenty-four teachers of the mathematics and
spelling teacher sample (n teachers = 44) attended the introduction program
and the additional program, and consulted the Snappet coach at least three
times. Four teachers followed the introduction program and the additional program. Ten teachers attended only the introduction program and two teachers
did not participate in any of the activities (non-response of four teachers).

3.2.3

Data collection

Prior to data collection, all parents were informed by email/letter about the
study and the data collection procedures. We used standardized tests, a student survey, and student log files for data collection (see Table 3.1 for the
descriptive statistics for the students).
Standardized tests. Cito standardized spelling and mathematics tests (Cito
is the Dutch national institute for test development) were used to measure student achievement. Most Dutch primary schools use Cito assessments during
the entire primary school period, which are administered twice a year in January or February, and in June. Scores from tests in different grades can be
expressed on the same ability scale. The spelling tests of June 2015 were used
as a posttest. To control for the quality of randomization, the spelling and
mathematics tests of June 2014 and January/February 2015 were used.
Student survey. A student survey was used to measure spelling motivation. Items were measured on a five-point Likert scale (1 – strongly disagree,
5 – strongly agree) and scale reliability was calculated using Cronbach’s alpha. Experimental and control students responded to the survey at the end of
the intervention. For spelling motivation, the following five items were used:
“Spelling lessons are boring”, “I like spelling”, “I enjoy doing spelling assignments”, “I think spelling is interesting”, “I think spelling is important” (α =
0.86).
Snappet log files. Snappet log files were used to measure the extent to
which students used Snappet. Data included in the analyses were the number
of total assignments completed and the percentage of these that were adaptive
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assignments. These data were registered by the Snappet software and provided
to us by Snappet for this study.
Table 3.1: Descriptive statistics
Students
Gender (male)
% disadvantaged students
Spelling June 2014
Spelling January/February 2015
Spelling June 2015
Mathematics June 2014
Mathematics January/February 2015
Motivation*
Total assignments
% adaptive assignments
* scale is 1 (low) – 5 (high)

3.2.4

Experimental

n = 619

Control

n = 986

Mean (Sd.)

n

Mean (Sd.)

n

52.20%
5.8%
122.7 (6.59)
128.7 (6.70)
132.1 (7.65)
65.02 (14.58)
72.93 (14.24)
3.81 (1.00)
2108 (727)
21.72 (11.09)

616
424
554
619
619
550
600
580
618
591

46.00%
4.4%
123.1 (6.82)
128.6 (6.57)
131.8 (7.52)
66.02 (14.10)
74.72 (13.50)
3.61 (0.99)

957
707
858
963
962
882
974
772

Data analysis

As students are nested in classes, a multilevel regression model was used to
test our hypotheses (Snijders & Bosker, 1999). We calculated fixed effects for
all variables except for the random intercept effect. Results of an independent
two-sample t-test showed that the experimental and control group were comparable in the proportion of disadvantaged students, mathematics achievement in
June 2014, spelling achievement in June 2014, and for spelling achievement in
January/February 2015 (just before the intervention). The percentage of males
was significantly higher in the experimental schools (t = 2.34, p < 0.05). A
statistically significant difference was found on the pretest mathematics scores
in January/February 2015 (t = 2.71, p < 0.05), indicating that students in
the experimental schools performed lower than students in the control schools.
Therefore, gender and pretest mathematics scores were included as covariates
in the multilevel analyses. Variables which were included in the analyses are (in
order of inclusion to the models): spelling posttest (dependent variable), gender
(covariate), mathematics pretest (covariate), spelling motivation (covariate),
Snappet (independent variable: yes/no Snappet user), spelling pretest January/February 2015 (interaction with Snappet), and, finally, the total number
of assignments and the percentage of adaptive assignments of the experimental students as dependent variables. Scores on all variables were converted to
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z-scores except for the dichotomous variables student gender (female = 0) and
the Snappet condition (control group = 0). All analyses were performed using
IBM SPSS Statistics version 22.

3.3

Results

The results of the multilevel analysis predicting spelling achievement are shown
in Table 3.2. Results of the null model showed that a large proportion of the
variance in student achievement was situated at the student level (0.94), and
the proportion of group level variance of the total variance was 0.07. Covariates were added in the first model. There was a significant negative effect of
gender (β = -0.25, p < 0.05) on the spelling posttest, indicating higher performance among females. However, gender was no longer significant in model
three in which spelling pretest scores were included. The significant positive
effect of mathematics (β = 0.46, p < 0.05) indicated that students with higher
mathematics results also performed better on spelling. This effect of mathematics decreased in model three (β = 0.11, p < 0.05) after including the
spelling pretest scores. Furthermore, the effect of spelling motivation on the
spelling posttest was significant (β = 0.19, p < 0.05), but also decreased after
the spelling pretests scores were included (β = 0.08, p < 0.05).
The results of the second model showed that there was no significant effect of Snappet (hypothesis 1 not confirmed). Spelling achievements in the
experimental group were no greater than the achievements of students in the
control group at the end of the intervention period. The results of model three
indicate that there was no interaction effect between the spelling pretest scores
and Snappet (hypothesis 3 not confirmed), meaning that the use of Snappet
was not more effective for high-performing students in this study.
Model four only included the data of the experimental group. The results
of this model show that there was a small significant positive effect of the total
number of assignments completed (β = 0.09, p < 0.05), and of the percentage of
adaptive assignments (β = 0.11, p < 0.05) on the spelling posttest. These findings support hypothesis 2: The effectiveness of Snappet is greater for students
who used Snappet more.
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Coeff.

0
SE

Coeff.

1

Fixed
Intercept
−0.01
0.04
0.13∗
Gender (female = 0)
−0.25∗
Mathematics pretest
0.46∗
Spelling motivation
0.19∗
Snappet
Spelling pretest
Snappet x pretest
Total assignments
% adaptive
Random
Variance student level
0.94∗ 0.03
0.72∗
Variance group level
0.07∗ 0.02
0.06∗
* p < 0.05 one-sided testing
a
model with experimental student data only

Predictors

Model

0.09
−0.25∗
0.46∗
0.18∗
0.09

0.72∗
0.06∗

0.03
0.02

Coeff.

0.05
0.05
0.02
0.03

SE

2

0.03
0.02

0.06
0.05
0.02
0.03
0.08

SE

0.28∗
0.05∗

0
−0.05
0.11∗
0.08∗
0.05
0.77∗
0

Coeff.

3

0.01
0.01

0.05
0.03
0.02
0.02
0.06
0.02
0.03

SE

4a

0.04
0.04

0.09∗
0.11∗

0.02
0.03

0.03

0.71∗

0.28∗
0.08∗

0.06
0.05
0.02
0.02

SE

0.04
−0.04
0.08∗
0.06∗

Coeff.

Table 3.2: Multilevel model predicting student spelling achievement
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3.4

Discussion and conclusion

The use of digital formative assessment tools (DFATs) in education is increasing
rapidly. For example, within a few years, 2000 Dutch primary schools (out
of 6500 schools in total) have started to use the Snappet DFAT and their
number is growing daily. It is therefore important to study whether DFATs
improve the quality of teaching and learning. In this study, a randomized
experimental design was used to examine the effects of a digital formative
assessment tool on spelling achievement of third grade students (eight- to nineyear-olds). The findings of the study showed that there was no effect on spelling
achievement. However, Snappet log files data reveal that the achievements of
students who used the digital formative assessment tool to a larger extent
had higher achievements. We do not know whether students who completed
more Snappet assignments performed better on the spelling posttests because
they completed more assignments, or that higher performing students simply
completed more assignments.
One explanation for the absence of a spelling achievement effect might be
that the spelling software was less attractive to students (the lay-out and
the type of assignments) compared with the mathematics software. Indeed,
several teachers in the experimental condition mentioned this. Students may
have spent more time on adaptive mathematics assignments than on adaptive
spelling or learning goal assignments. Additional analyses show that compared with our mathematics study (Faber et al., 2016), students completed
fewer spelling assignments on their tablet (Table 3.3). Table 3.3 shows that
high-performing students completed more assignments with Snappet than lower
performing students, and the percentage of adaptive assignments is higher for
high-performing students than for lower performing students. Furthermore,
the percentage of adaptive assignments for all students is somewhat higher
for mathematics than for spelling. This might explain why the mathematics
effect was mainly driven by high-performing students, as those students generally finish the curriculum assignments faster and thus have more time for
additional tasks. If the number of assignments completed by students is the
reason for the differences found between mathematics and spelling effects, this
might imply that the mathematics achievement effect was mainly caused by
the fact that students complete more assignments, and to a lesser extent by
the student and the teacher feedback. Since we have no data on the number
of completed assignments in the control group students, we cannot test this
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potential explanation.
Our most important finding that students using Snappet do not perform
better in spelling contrasts previous DFATs studies showing positive effects
on mathematics and spelling achievement (De Witte et al., 2015; Faber et
al., 2016; Koedinger et al., 2010; Molenaar & van Campen, 2016; Sheard et al.,
2012). A meta-analysis of the impact of formative assessment also revealed that
formative assessment is effective for both complex subjects (i.e., mathematics
and science) and less complex subjects (i.e., English language arts), and that
larger effect sizes were found for less complex subjects (Kingston & Nash, 2011).
Sung, Chang, and Liu (2015) did not find significant differences in achievement
effects between different subjects in their meta-analysis on the use of mobile
devices. Slavin (2013) did not find meaningful differences between mathematics
and reading as a result of technological innovations in education. However, in
their review on the effects of (external) feedback reports to teachers, Hellrung
and Hartig (2013) concluded that the effects for mathematics achievements
were stronger than for reading. The authors stated that it might be easier
for teachers to recognize changes in student progress in the case of clearly
structured subjects as mathematics relative to more general subjects (Hellrung
& Hartig, 2013). Furthermore, reading and writing on a screen might lead
to poorer reading comprehension and writing skills than if this is done on
paper (Mangen, Walgermo, & Brønnick, 2013). However, Wollscheid, Sjaastad,
and Tømte (2016) did not find evidence in favor of the use of pen and paper
on writing skills compared to digital devices in their review of ten studies.
Another explanation for our findings might be that hearing word sounds, or
phonology, was not included in the digital formative assessment tool. Crucially,
phonological awareness correlates well with spelling skills and findings indicate
that beginner spellers rely more heavily on phonology (Bosman & Van Orden,
1997). Overall, as far as we know, our finding contradicts most other DFATs
studies. Only in one review study on the effects of external feedback reports to
teachers, the effects for mathematics were stronger than for reading. Perhaps
teachers were better at adjusting their teaching to students’ needs in light of the
Snappet mathematics teacher feedback, which provides progress information on
more clearly defined mathematics rules relative to the Snappet spelling feedback
to teachers.
This study contributes to our knowledge base on DFATs, two limitations
need to be considered when interpreting our findings. First, randomization

48

Effects on spelling

could only be done at the school but not at the group level. Some matters
beyond our control affected the characteristics of our sample. For instance,
some school principals in the experimental group decided not to participate
with all their grade three classes and school principals decided that their classes
would only participate for mathematics or for mathematics and spelling both.
Also, the withdrawal of eleven control schools adversely affected the quality
of our randomization. A second limitation of the study is that the data to
measure the extent to which students used Snappet were only measured in one
experimental group, making it difficult to draw strong conclusions on whether
DFATs are more effective if students use the tool to a greater extent.
Although the results of this study did not confirm that the DFAT studied
positively affected spelling achievement, the results point to important issues
upon which future research can build. The results indicate that further research into the effectiveness of DFATs on learning and teaching is needed as
the use of DFATs is growing rapidly, making it important to understand in
which conditions these systems are (in)effective. In future work, it will be important to study the effects and the use of DFATs in different subject areas
as our results clearly showed effect differences between spelling and mathematics. Especially, more in-depth qualitative research is needed into how teachers
and students use the feedback and which elements of the information teachers
and students receive form the Snappet tool information is especially helpful for
them in improving their teaching and learning (maybe this varies across subject
areas or between boys and girls). In future studies, it would also be interesting
to investigate whether the use of adaptive assignments is more effective than
static assignments, and whether DFATs are more effective in combination with
feedback to teachers than without feedback to teachers (by using an additional
experimental group). Further research on student feedback is also required as
our findings show that knowledge of result feedback was not effective for relatively simple learning tasks such as grade three spelling tasks. The intended
effects might have been accomplished by providing students with more elaborated feedback. Finally, it will be worth investigating how teachers can be
equipped for using the feedback they receive on student progress for differentiating their teaching. It is generally known that differentiating instruction in
line with differences between students is a very complex task for which teachers are only trained to a limited extent during their pre-service and in-service
training (Maulana, Helms-Lorenz, & van de Grift, 2015). We need to investi-
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gate what effective teaching with DFATs entails and how the skills needed for
such forms of teaching can be trained effectively.
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lowest**
40%
60%
80 %
highest

1730
1898
2138
2092
2410

(618)
(611)
(634)
(686)
(795)

79
101
84
157
170

2512
2761
2976
3218
3350

(920)
(920)
(1004)
(1104)
(1207)

139
161
142
181
159

N students

Mean (Sd.)

Mean (Sd.)

N students

Math total assignments

Spelling total assignments
19.7
20.4
20.3
21.1
24.7

(12.4)
(11.6)
(10.0)
(10.2)
(10.8)

85
105
90
159
179

23.1
23.1
23.7
25.7
26.8

(11.2)
(10.8)
(10.8)
(12.3)
(12.5)

144
169
147
187
163

N students

Mean (Sd.)

Mean (Sd.)

N students

Math % adaptive*

Spelling % adaptive*

Total
2108 (727)
591
2948 (1117) 792
21.7 (11.1) 618
25.0 (12.8) 820
* Percentage of adaptive assignments of all completed curriculum assignments and adaptive assignments.
** Groups were computed using Cito national student reference groups. Cito composes these groups using a representative
sample of Dutch students. Students fall within one of the five groups, ranging from the 20 percent highest scoring students
to the 20 percent lowest scoring students, based on their Cito results.

20%
20 –
40 –
60 –
20%

Students

Table 3.3: Spelling and mathematic assignments compared

Effects on spelling
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Abstract
In this study the relationship between differentiated instruction, as an element of data-based decision making, and student achievement was examined.
Classroom observations (n = 144) were used to measure teachers’ differentiated
instruction practices and to predict the mathematical achievement of second
and fifth grade students (n = 953). The analysis of classroom observation
data was based on a combination of Generalizability Theory and Item Response Theory, and student achievement effects were determined by means of
multilevel analysis. No significant positive effects were found of differentiated
instruction-practices. Furthermore, findings showed that students in low-ability
groups profited less from differentiated instruction than students in average or
high-ability groups. Nevertheless, the findings, data collection, and data analysis procedures of this study contribute to the study of classroom observation
and the measurement of differentiated instruction.

Key words: Differentiated instruction; Classroom observations; Item Response Theory; Multilevel regression analysis
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4.1

Introduction

Governments expect that data-based, or data-driven practices in education will
improve student achievement (Mandinach, 2012). Systematic evaluation procedures are encouraged by governments, and the importance of using objective
and empirical data for school improvement is emphasized (Kaufman et al.,
2014; Reis et al., 2011). The idea is that schools systematically collect and
organize data, for example student achievement data, classroom observation
data, or parent survey data, in order to represent aspects of school functioning
(Schildkamp & Lai, 2013). In this article, we use the definition of Ikemoto
and Marsh (2007) for data-based decision making (DBDM): “Teachers, principals, and administrators systematically collecting and analyzing data to guide
a range of decisions to help improve the success of students and schools” (p.
108).
Educational researchers study how schools implement DBDM-procedures.
So far, mostly qualitative research findings have indicated which conditions
might foster the implementation of DBDM (Blanc et al., 2010; Levin & Datnow, 2012; Schildkamp & Lai, 2013; Schildkamp, Poortman, & Handelzalts,
2015; Verhaeghe et al., 2010; Wayman et al., 2011, 2004), and which conditions
hinder DBDM-procedures in schools (Ehren & Swanborn, 2012; Schildkamp &
Lai, 2013). Research results pertaining to the actual effect of DBDM on student achievement vary (Marsh, 2012). Some researchers found no effect at all
(Cordray, Pion, Brandt, Molefe, & Toby, 2012), others only a significant effect
for specific groups of students (May & Robinson, 2007), and again others an
overall significant improvement of student achievement (Carlson et al., 2011;
Konstantopoulos et al., 2013; Van Geel, Keuning, Visscher, & Fox, 2016; Van
Kuijk et al., 2015). Although each of these studies focused on DBDM-practices,
the interventions varied (Marsh, 2012). In the study by Van Kuijk et al. (2015),
teachers, in addition to learning about DBDM, also learned new instructional
skills and knowledge for teaching reading comprehension, making it difficult
to interpret the contribution of DBDM to the effect found in the study. The
studies of Cordray et al. (2012) and May and Robinson (2007) both focused on
the use of assessment data for DBDM. In the first study teachers used adaptive
standardized tests administrated three to four times a year, while the data fed
back to teachers in the second study were based on a single state test. Furthermore, in some studies the whole school team including school principals
and academic coaches were involved (Van Geel et al., 2016), while in others
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only one teacher per school participated (Van der Scheer & Visscher, 2018).
In sum, we still know little about how DBDM can be best used to improve
student achievement. Interventions and their effects vary and, as DBDM quite
often is a component of an intervention package it is unclear precisely which
intervention component caused the observed student achievement effects.
DBDM seems a promising approach for school development and instruction improvement (Carlson et al., 2011; Konstantopoulos et al., 2013; Mandinach, 2012; Van Kuijk et al., 2015), however knowledge on how DBDM affects
achievement is lacking. The aim of this study was to contribute to filling that
knowledge gap. Differentiated, targeted, or adapted instruction is a frequently
mentioned aspect of classroom-DBDM (Black & Wiliam, 1998b; Hamilton et
al., 2009), as instructional strategies are supposed to be grounded on student
data, and adapted in line with differences in learning needs between students.
We therefore examined the relationship between differentiated instruction and
student achievement in a DBDM context. The Dutch Ministry of Education
encourages teachers, principals and administrators to develop their abilities to
analyze interpret and use student data to guide improvement (Ministry of Edcuation, 2007). Furthermore, the Ministry facilitated several DBDM-projects,
among others, the Focus intervention (Staman, Visscher, & Luyten, 2014; Van
Geel et al., 2016). In the Focus intervention whole school teams were trained
in DBDM. All teachers selected for this study participated in the Focus intervention. Before we explain the Focus intervention, we first characterize DBDM
and differentiated instruction.

4.1.1

Theoretical framework

DBDM has become an important area of interest within the field of educational
research (Hamilton et al., 2009; Mandinach, 2012; Schildkamp, Ehren, & Lai,
2012). Although the concept of using data to guide teacher and school improvement is not novel (Mandinach, 2012), as a result of DBDM data is supposed to
be collected and used by schools in a more systematic and cyclic way (Van Geel
et al., 2016). Data has to be identified, collected, analyzed, and interpreted
before actions can be taken (Ikemoto & Marsh, 2007; Schildkamp & Kuiper,
2010; Van der Kleij, Vermeulen, Schildkamp, & Eggen, 2015). In Figure 1 the
DBDM-cycle used in the Focus intervention is presented. This DBDM-cycle
starts with the analysis and interpretation of student achievement data, such
that teachers collect information on students’ progress. This information gives
56

Differentiated instruction

teachers an indication of the extent to which their instruction matches students’ needs or how effective their teaching was (Hattie & Timperley, 2007).
Based on this, teachers can set realistic performance goals for students. In the
case of clearly formulated and challenging goals, teachers can collect feedback
that is more targeted at goal accomplishment and they can better examine the
results of a new instruction strategy (Locke & Latham, 2002). In the third
step, determining the instructional strategy, teachers are supposed to choose
teaching strategies matching students’ needs, based on steps 1 and 2. Teachers implement their planned teaching strategies in the classroom in the fourth
step, after which the cycle starts again with the analysis of the effects of the
strategies implemented.
In DBDM, the four components of the cycle in Figure 1 are related and connected. The focus in this study, however, is on the last component: executing
an instructional strategy. The impact of a planned instructional strategy will
probably be more positive if the first three components have been carried out
successfully. As the strategies are based on data concerning the performance
of individual students, instructional strategies are ideally more individualized
since learning needs of students differ. When DBDM leads to an instructional
strategy which adapts to students’ learning needs, and when this strategy is
executed by teachers; student achievement might improve. However, teachers
require differentiation skills to execute such an instructional strategy (Mandinach & Gummer, 2013).

Figure 4.1: The components and levels of data-based decision making (Keuning &
van Geel, 2012). In this study we focused at the classroom level.

Differentiated instruction
A well-known definition of differentiated instruction (DI) was provided by Tomlinson et al. (2003): “Teachers proactively modify curricula, teaching methods,
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resources, learning activities, and student products to address the diverse needs
of individual students and small groups of students to maximize the learning
opportunity for each student in a classroom” (p. 121). Tomlinson et al. (2003)
also state that teachers should proactively modify teaching to address a broad
range of learners’ readiness levels, interests, and modes of learning. This definition is rather broad and Roy et al. (2013) argue that DI is a varied and adapted
teaching approach to match students’ abilities, or students’ readiness levels.
Tomlinson et al. (2003) and Roy et al. (2013) conceptualized DI differently.
According to Tomlinson et al. (2003) DI is proactive. Teachers plan a lesson
beforehand to address learner variance. Secondly, teachers work with flexible
and small teaching-learning groups. Since students differ in their readiness, interests, and modes of learning it is important to group them in a variety of ways.
Thirdly, teachers provide variation in learning materials, instruction time, and
pace in their classrooms. A final important DI-characteristic, according to
Tomlinson et al. (2003) is the learner-centered classroom. In a learner-centered
classroom teachers focus on the needs of all students and as a result use a
wide variety of instruction strategies and practices. Roy et al. (2013) used two
distinct DI components in their conceptualization of DI: instructional adaptation and academic progress monitoring. The first component, instructional
adaptation, overlaps to a large extent with Tomlinson et al. (2003) third DIcharacteristic (teachers provide for variation in learning materials, instruction
time, and pace in their classrooms). In addition to this, Roy et al. (2013) that
modifying the goals and expectations for students with difficulties is another
important aspect of instructional adaptation. An important difference between
the two conceptualizations is that Roy et al. (2013) places greater emphasis on
the need of academic progress monitoring for instructional adaptations, while
Tomlinson et al. (2003) only mentions that DI should be proactive. According
to Roy et al. (2013), academic progress monitoring can be measured by the
degree to which teachers evaluate the effects of their teaching adaptations, the
degree to which teachers analyze data about student progress, their use of student data for instructional decisions, and finally whether teachers frequently
assess low-performing students’ rates of improvement (Roy et al., 2013).
Two important DI-characteristics emerge from these conceptualizations.
Firstly, DI is planned and instructional decisions should be based on the analysis of student data. Secondly, what makes DI observable in the classroom is
the variation in learning goals, instruction content, instruction time, assign-
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ments, and learning materials aimed at addressing varying learning needs. In
the present study, we tested whether these DI-characteristics explain student
achievement.
Within-class grouping
In many cases providing DI for each individual student is unrealistic, as it is
in Dutch classrooms, for instance, accommodating twenty-three students on
average (Inspectie van het Onderwijs, 2015). Small instruction groups are
therefore often used to organize DI and to vary learning goals, instruction
content, instruction time, assignments, and learning materials within relatively
large classrooms. Meta-analysis findings reveal that small group instruction can
have a positive effect on student achievement (Lou et al., 1996). The effects are
however influenced by how the groups are composed. In homogenous groups
students of the same ability level are grouped in one group (ability grouping),
whereas heterogeneous groups include students from different ability levels.
Low-ability students seem to learn more in heterogeneous groups, averageability students learn more in homogeneous ability groups, and for high-ability
students the grouping composition does not make much of a difference (Lou
et al., 1996; Saleh, Lazonder, & De Jong, 2005). School characteristics also
influence the effects. Ability grouping has a positive effect in schools with a
homogenous student population, or a high-socioeconomic status (SES) student
population. In schools with a low-SES student population or a heterogonous
population, ability grouping effects prove to be negative for low-ability students
(Nomi, 2009). These findings seem remarkable for two reasons. First, assuming
that variation in instruction is necessary since learning needs differ (Smit &
Humpert, 2012; Tomlinson et al., 2003), one would expect that ability grouping
is required more in classrooms in which learning needs differ than in classrooms
in which learning needs are more similar (as in the case of a homogenous
student population). Second, assuming that regular classroom instruction is
mostly tailored to the average ability level, one would expect that especially
low-ability and high-ability students profit from ability grouping (instead of
average-ability students).
There are several explanations for these findings. The first may be that students learn by giving and receiving explanations. Following this assumption,
low-ability students learn in heterogeneous groups by receiving explanations
from peers. Average-ability students act to a greater extent as explanation
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receivers and providers in homogeneous groups, and high-ability students learn
in heterogeneous groups by being a tutor (Lou et al., 1996; Saleh et al., 2005).
These explanations relate to assumptions about the effectiveness of student
collaboration. Other explanations refer more specifically to DI. These explanations relates to the negative effects of DI on low-ability students. Teachers
might lower their expectations for these students (Campbell, 2014; Wiliam &
Bartholomew, 2004) and more time may be spent on behavior management
than on instruction (Wiliam & Bartholomew, 2004). The time spent by a
teacher on a specific group requires self-regulation skills from those students
who are not placed in that group, and especially low-ability students might
find this difficult (Hong, Corter, Hong, & Pelletier, 2012). Teachers might be
better equipped with curriculum materials and pedagogical skills tailored at
students in the middle of the ability range, which might explain the positive
effects on average-ability students (Hong et al., 2012).
The effectiveness of ability grouping will strongly depend on how teachers implement DI, and how they organize ability grouping. It is important
that teachers base the composition of their instruction groups on various data
resources, and not just on achievement data (Houtveen, Booij, de Jong, &
van de Grift, 1999; Lou et al., 1996). Other characteristics of effective grouping practices are that the groups are based on the skill being taught, that the
grouping composition is flexible (Deunk, Doolaard, Smale-Jacobse, & Bosker,
2015; Slavin, 1987), and that learning materials (Lou et al., 1996) and learning
time (Slavin, 1987) varies between ability groups. Although ability grouping
has been studied frequently (Deunk et al., 2015; Lou et al., 1996; Slavin, 1987)
more research is needed on the effect of using within-class homogenous ability
grouping on student achievement.
Hypotheses
Based on the literature, we tested the following hypotheses:
Hypothesis 1:

Students outcomes are higher in the classrooms of teachers
who differentiate their instruction more (observable
differentiation).

Hypothesis 2:

Student outcomes are higher in the classrooms of teachers
who preplanned DI more (planned differentiation).

Hypothesis 3:

Students from different ability groups do not benefit to the
same degree of a teacher who differentiates his/her
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4.2

Method

In this section we describe how a pretest-posttest observational study was used
to test our hypotheses. Furthermore, we describe the nature of our sample, instruments, data-collection procedures, and the data-analysis techniques used.
First the features of the Focus intervention and the context in which the research was carried out are described. Descriptive statistics are presented in
Table 4.1.

4.2.1

The Focus intervention

In the intervention entire primary school teams were trained in analyzing student data, formulating performance student learning goals, formulating instructional strategies that match students’ needs, and providing targeted instruction (Staman et al., 2014; Van Geel et al., 2016). To be more specific, teachers
learned how to analyze Cito assessment results (see section Standardized assessments for a description of these assessments) by using a student monitoring
system. Teachers learned how to design an instructional plan (which included
teachers’ differentiated instruction decisions) twice a year based on those assessment results. Furthermore, teachers learned how to assign students more
systematically, and in a data-based way, to ability groups by using Cito assessments. Students are categorized into one of five performance categories (A:
highest; E: lowest) based on the results of the Cito standardized test. However, the assignment of students to class ability groups depends on how the
students of that specific class performed on the test. Relative to the other students in the same class, the best performing students in a class are assigned to
the high ability group by their teacher, the lowest performing students of that
class are assigned to the low ability group, and all other students are assigned
to the average ability group. Ability groups are composed based on students’
test results and the choices teachers make based on these results. The use
of Cito standardized assessment data was the main focus of the intervention,
however, teachers were also stimulated to use other student data (e.g. their
classroom observations of students) for making instruction decisions, and not
to concentrate only on the results of standardized assessments.
The instructional plan included teachers’ differentiated instructional strategies. Instructional plans had to include three within-class homogenous ability
groups, an instructional strategy and learning goals for each of these three
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groups, just as an additional instructional approach for one, or a few individual students with specific learning needs. In the intervention teachers divided
students over three homogenous ability groups: in the ‘average’ group students
receive regular instruction, in the ‘low’ group students require some additional
instruction, and in the ‘highest’ group students only need a brief part of the
regular instruction (Van der Scheer, 2016). An instructional plan format was
used to ensure all elements of the instructional plan were covered by teachers.
Trainers of the Focus intervention delivered between five and seven school
team meetings, and attended two additional meetings with the school principal
in one school year (the duration of the whole intervention was two years).
During the first part of the intervention, the skills and knowledge required
for executing the DBDM-cycle (Figure 1) were trained. Teachers also received
feedback on their teaching based on classroom-observations. The meetings with
school principals were meant to support principals in motivating teachers for
DBDM. For a more detailed description of the Focus intervention, see Keuning,
van Geel, Visscher, Fox, and Moolenaar (2016), Staman et al. (2014) and Van
Geel et al. (2016).

4.2.2

Sample

A fraction of all schools involved in the intervention were selected for this
study. We contacted schools by email and also visited several schools. School
principals and teachers were informed about the purpose and design of the
study, and the planned classroom observations. Trainers of the intervention had
rated each of their schools as a ‘weak’, ‘average’, or ‘strong’ DBDM-school for
the school selection procedure of this study. Our goal was to include ten schools
from each of these three categories to ensure variation in DBDM-practices
between schools, however, not all invited schools agreed to participate. Twentysix schools agreed to participate: seven ‘weak’ DBDM-schools, nine ‘average,
and ten ‘strong’ DBDM-schools. Most of these schools had already finished the
whole intervention and six schools were in the last half year of the intervention.
Only second grade teachers (seven/eight year old students), and fifth grade
teachers (ten/eleven year old students) participated. Second and fifth grade
were selected, to ensure that teachers and students from the lower and the
upper grades participated. During the course of the study, one teacher refused
to be videotaped. As a result, the final sample included 26 primary schools, 51
teachers and 953 students (Table 4.1).
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Nineteen percent of the students had a student weight (in the Netherlands,
primary schools receive extra funding for these students, a child belongs to this
category of students if neither of both parents attained a higher qualification
than lower vocational education), which compared with a national average of
eleven percent, is rather high (Centraal Bureau voor Statistiek (CBS), 2014).
Thirty-two percent of the second grade classes and 35% of the fifth grade classes
were multi-grade classes. In multi-grade classes two different age groups are
combined. Eighty-four percent of the teachers in second grade and 65% in fifth
grade did not teach their class alone, but had a teacher-colleague teaching the
same class during part of the week. Of each classroom one teacher participated
in the study (e.g. the teacher who taught mathematics most in that classroom).
Since more than two-third of primary education teachers in the Netherlands
has a part-time teaching job, these numbers are not extreme (Inspectie van het
onderwijs, 2012).

4.2.3

Instruments and procedures

ICALT
We used the ICALT (International Comparative Analysis of Learning and
Teaching) classroom observation instrument to measure teachers’ observable
DI (hypothesis 1). The ICALT is based on research literature on teaching effectiveness and was validated in international comparative studies. Findings
indicated reliable and valid measurements of the six aspects of teaching included in ICALT (W. Van de Grift, 2007; W. J. Van de Grift, 2014). Each
aspect of teaching included items rated on a 4-point Likert scale ranging from
‘mainly weak’ to ‘mainly strong’. The following items were used:
 The teacher evaluates whether the lesson objectives have been achieved

at the end of the lesson.
 The teacher offers extra learning and instruction time to struggling learn-

ers.
 The teacher adapts his/her instructional activities to relevant differences

between students.
 The teacher adapts the assignments to relevant differences between stu-

dents.
63

4

Chapter 4

Since the first item lowered the scale’s internal consistency, this item was
excluded from the further analyses. Cronbach’s alpha for the remaining items
was α=0.73.
Generalizability studies have shown that reliable teacher ratings, on the
basis of lesson observations, require two or more observed lessons per teacher
in combination with two or more raters (Hill, Charalambous, & Kraft, 2012).
Therefore, three mathematics lessons of each teacher were taped and afterwards
rated by three trained raters. Recordings were spread over a period ranging
from November 2013 to May 2014. Teachers were asked to give an entire regular
mathematics lesson lasting between 45-60 minutes. We used the IRIS Connect
toolkit for recording the lessons: a system with two mobile devices simultaneously recorded the teacher and the students. Recordings were uploaded to a
secured, online environment. Principals of participating schools decided if and
how parents were requested for permission, and children of parents who did
not provide permission were not recorded. Raters followed a three day training course, and rated six observations independently of each other during this
course. Afterwards, rater variation was discussed and rating guidelines were
developed to maximize consensus between raters. Raters agreed to watch all
taped lessons randomly, to prevent order-based bias. Due to changes in teacher
teams (i.e. maternity leave, illness) or planning problems, not all participating
teachers were recorded three times. A total of 144 lessons were recorded (9
teachers with one lesson missing) and scored by each rater. Of nine teachers
their DI-scores were computed with data from two lesson observations instead
of three.
Instructional plan checklist
Teachers are supposed to plan DI in advance in order to address learner variance (Tomlinson et al., 2003). We collected teachers’ instructional plans to
measure their planned DI (hypothesis 2). Teachers in the intervention learned
to develop two instructional plans based on the standardized assessments in
January/February and May/June (see section Standardized assessments). Of
each classroom all mathematics instructional plans covering the same period as
the observations were collected. We collected 46 second grade plans (4 missing),
and 43 fifth grade plans (9 missing). To measure planned DI a checklist was
developed to evaluate the instructional plans. Prototypes of the checklist were
tested by Focus trainers to make sure all elements of the instructional plan as
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learned during the intervention were included. Since teachers learned to use a
format, teachers’ instructional plans were very similar. The checklist consisted
of 43 items to measure the degree to which teachers vary the following three
topics between ability groups:
1. Instruction (e.g. learning materials, learning pace),
2. Learning goals (e.g. the specification of a percentage of minimally required correct answers on the mathematics test),
3. Evaluation (e.g. the specification of follow-up actions in case learning
goals were not yet accomplished).
Furthermore, the degree to which teachers specified the instruction for students with specific learning needs was measured with this checklist (see appendix B). Two raters evaluated all instructional plans, and scored each item
in the checklist as ‘present’, or ‘not present’ (ICC=0.63, two-way mixed model,
absolute agreement, IBM SPSS Statistics version 22). Aggregated total checklist scores were included in the analyses (i.e. the average of four checklist scores:
two instructional plans, each scored by two raters).

4

Standardized assessments
Students’ results on the Cito standardized mathematic tests were used for the
dependent variable, student achievement (Cito is the Dutch institute for test
development). Most Dutch schools use these tests for the whole primary school
period (all grades). The results from different grades can be placed on one and
the same ability scale. The Cito mathematic tests measure three different
domains: (1) arithmetic, (2) proportions, fractions, and percentages, and (3)
geometry, time, and money calculations. Students take the tests twice a year:
in January or February, and in May or June. For the dependent variable
the standardized test results of May or June 2014 were used, whereas the
standardized results of the May or June 2013 test was used as a covariate
(pre-test). The percentage of missing data for the pre-test was 7.3% and for
the post-test it was 2.1%. Within-group regression, using the group mean and
the other test score as predictors, was used as an imputation method. So, a
regression model was estimated based on all complete cases, using the group
means and all available scores, and based on this regression model, the missing
values were estimated an imputed.
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Table 4.1: Descriptive statistics for students and teachers: means, standard
deviations and total number of respondents
Grade 2
N (missing)

Mean (Sd.)

Grade 5
N (missing)

Teachers
25
26
Multi-grade group
32.00%
35.00%
Students
466
487
Student weight low
18.5% (1.9%)
18.5% (3.3%)
Ability group
–Low
107
100
– Average
185
179
–High
168
146
–Missing
6
62
Cito May/June 2013
443 (4.9%)
46.24 (15.60)
441 (9.4%)
Cito May/June 2014
454 (2.6%)
64.80 (14.38)
479 (1.6%)
Differentiated instruction*
216 (3)
2.54 (0.70)
212 (1)
Planned DI**
46 (4)
17.7 (5.92)
43 (9)
* the numbers reflect the number of completed ICALT observation forms
** the maximum score for the instructional plan checklist was 43

4.2.4

Mean (Sd.)

91.97 (11.78)
106.68 (13.40)
2.67 (0.63)
16.18 (6.66)

Analysis

Since students are nested within teachers’ classes, a multilevel model was used
to test the hypothesis regarding the relation between students’ achievement
scores and teachers’ differentiated instruction skills. DI and planned DI are
classroom, or group level variables, all other variables included in the analysis
were measured at the student level. The level 1 model is given by:

Yij = β0j + β1 X1ij + β2 X2ij + β3 X3ij + β4 X4ij + β5 X5ij + Rij

(1)

where Yij represents the standardized posttest score for student i of teacher
j. The five covariates are the 2013 score, Gender, the Student Weight defined
in section Sample, and two dummy codes for Ability Group (high and low),
respectively. Note that R ij is a residual and that the intercept β0j is random
over teachers. The model for this random coefficient is given by:
β0j = γ0 + γ1 θj + γ2 Z2j + γ3 Z3j + U0j

(2)

where Z2j and Z3j are teacher-level variables Grade and Aggregated Planned
DI scores, respectively. U0j is the level 2 residual. Finally, θj stands for
the latent variable Differentiated Instruction (DI). So U0j
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deviations from the average score for teachers and the deviations of students
from the teachers’ average, given the covariates at the two levels (Luyten &
Sammons, 2010; Snijders & Bosker, 1999).
This latent variable was analyzed with a combined IRT model (Lord, 1980),
and a generalizability theory (GT) model (Brennan, 1992). All teachers were
rated by raters (indexed r ) using the same items (indexed k ) at all time points
(indexed t). The items were scored on a Likert -point scale with categories
indexed h (h = 0,. . . ,3 ). The IRT-model was the generalized partial credit
model. The function of the IRT model was to map the discrete item responses
to a continuous overall measure, that is, to a latent variable. For teacher j at
a time point k, the probability of a score in category h of item k denoted by
Ujtrk = h is given by:
P (Ujtrk = h) =

exp(hαk θjtr − δkh )
, h = 0, 1, 2, 3
P3
1 + g=1 exp(gαk θjtr − δkg )

(3)

where θjtr is the position on the latent variable of teacher j on time point t as
judged by rater r. Note that the responses were recoded from a scale that ran
from 1 to 4, to a scale from 0 to 3. Further, in formula (3) αk and δkh are the
parameters of item k; αk is an item discrimination parameter that gauges the
relation between the observed score and the latent scale, and δkh (h=1,. . . ,3 )
represent locations on the on the latent scale, that is, they gauge the salience
of the item. A GT model was imposed on the latent variables θjtr , that is:
θjtr = θj + τ1t + τ2r + τ3jt + τ4jr + τ5tr + εjtr

(4)

Note that θj is the main effect for the teacher, τ1t and τ2r are the main effects
for the time points and raters, and the other terms are the two-way interaction
effects and a residual.
The complete model, given by the equations 1 to 4, was estimated in a
Bayesian framework using OpenBUGS (version 3.2.3. rev 2012). We built the
model from an empty model with only the standardized posttest scores to the
final model that also included the interaction-effect between the ability group
division measured at the student level, and the latent DI scores measured at
the group level. Besides testing the hypotheses using the multilevel model, the
rater reliability was also of interest. This reliability was estimated using the
variance decomposition of the GT model, this procedure is generally known as
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a generalizability study (Brennan, 1992). The reliability coefficient is given by:
ρ=

σj2
σj2 +

2
σjt
3

+

2
σjr
3

+

σe2
9

(5)

2
2
where σj2 is the variance of teachers, σjt
and σjr
are the variances associated

with the interaction of teachers with time points and raters, and σe2 is the
error variance.
A Bayesian estimation as implemented in OpenBugs is an iterative process
based on a Markov chain Monte Carlo (MCMC) method. All parameters were
estimated with 4.000 burn-inn iterations and 16.000 effective iterations. The estimation procedures were repeated several times and the Monte Carlo standard
error for all parameters was always well below 5%. Standard prior distributions were used for all parameters. That is, means and regression parameters
had normal priors with mean zero and low precisions (0.25), the inverses of
variance parameters had uninformative Gamma distributions, the item discrimination parameters had normal priors with a mean of 1.0, and a variance
of 1.0, truncated to the positive domain, and the item location parameters
had standard normal priors. Furthermore, Pearson’s (frequentist) correlation
coefficients were computed using aggregated DI scores, aggregated planned DI
scores, aggregated and disaggregated student pretest and posttest scores.

4.3

Results

We first present the results of the estimation of the GT model to assess rater
reliability and obtain the latent teacher variables needed for the multilevel
model. Table 4.2 presents the variance components in classroom observations
data for the DI scale needed to compute rater reliability. Teachers’ variance
was set to 1.00 to identify the scale. It is important to note that analyses with
latent variables require an identification of the location and the scale. The
scale is identified using the teacher’s variance. This is done for convenience,
that is, it is the largest variance, but any other choice would have produced
exactly the same results since all variances would have been multiplied by the
same constant, and their ratio would not change. The percentages in the table
represent the percentages of variance explained by the specific component compared to the total variance. From the percentages it can be seen that almost
37 percent of the variance is explained by differences between teachers. This
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result indicated that most of the variance in the scale was due to differences
between teachers. Furthermore, the differences between the three observation
moments explained 19.33% of the variance. Compared to the other variance
components this is high. The proportion of variance explained by differences
between raters was much smaller (7.67%), indicating that raters predominantly
agreed upon the rankings of the teachers. This consistency in ratings is also
reflected by the reliability coefficient, this coefficient was 0.83 (Sd = 0.02) for
DI. The influence of different observation moments is reflected by the interaction between teachers and time moments, which shows the extent to which
the ordering of teachers over different time moments explains variance. This
interaction explains 12.72% of the variance.
2
2
σj2 is the variance of teachers, σjt
and σjr
are the variances associated

with the interaction of teachers with time points and raters, and σe2
Table 4.2: Variance components observation data
Component
σj
σt
σr
σjt
σjr
σtr
σe
Total

Name
Teachers
Time
Rater
Teachers x Time
Teachers x Rater
Time x Rater
(error)

DI
Variance

Sd.

Percentage

1.00
0.52
0.21
0.35
0.19
0.20
0.25
2.71

0
0.46
0.04
0.07
0.03
0.04
0.05

36.84
19.33
7.67
12.72
7.05
7.25
9.14
100.00

4

Sd. stands for posterior standard deviation, which can be interpreted
as a standard error

Table 4.3 shows the Pearson’s correlation coefficient between explanatory
variables and the dependent variable. Aggregated teachers’ DI and planned
DI scores were used for computing the correlations. DI has significant positive
correlations with the pretest scores (r DI pretest = 0.19, p < 0.01), and the
posttest scores (r DI posttest = 0.17, p < 0.01). Interestingly, the correlations
between planned DI and achievement were negative and significant (r pretest
= -0.13, p < 0.01 and r posttest = -0.15, p < 0.01). Also, the small and
non-significant correlation between DI and planned DI (r = 0.02, n.s.) is
remarkable, since it seems reasonable that planning DI is related to executing
DI-practices in the classroom. The same patterns are found in the correlations
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with aggregated student test scores (classroom-level), only these correlations
are somewhat higher (with regard to DI), or lower (with regard to planned DI).
Table 4.3: Correlations
DI
DI

Planned DI

Pretest

Planned DI
0.02

Pretest

Posttest

.19*

.17*
0.20*

0.22*
-.13*

-.15*
-0.16*

-0.18*
.92*

0.98*
Posttest
Scores below diagonal correlations with aggregated ( classroom level)
student pre- and posttest scores
*Correlation is significant at the 0.01 level (2-tailed).
The results of the multilevel analysis, as shown in Table 4.4, show that in the
empty model a large proportion of the variance is group level variance (variance
= 0.87, Sd. = 0.19), leading to a high intraclass correlation coefficient (ICC) of
0.69. This high proportion of group level variance is caused by combining the
assessment results from two different grades (second and fifth grade students)
into the model. The ICC drops in model 1 to 0.13, after including student
grade and student pretest scores. This result indicates that, as expected, most
variance is due to differences between students and to a lesser degree due to
differences between groups.
Covariates were included in model 1. Significant covariates were gender (β
= -0.08, p < 0.05, significance indicates that that the value zero is outside
the 1% Bayesian credibility region), grade (β = 0.39, p < 0.05), and pretest
(β = 0.76, p < 0.05). Similar effects for gender were also found in the next
models, which indicates that boys’ mathematic achievement was significantly
higher than girls’ mathematic achievement. As expected, the achievements of
students in second grade were lower than the achievements of students in grade
five. Furthermore, students with a high pretest scored higher on the posttest
than students with a lower pretest score. No significant effects of student weight
were found.
Explanatory variables were included in subsequent models. In model 2 stan70
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dardized planned DI-scores were added. No significant positive effects were
found for planned DI. This finding does not support hypothesis 2: students’
outcomes are higher in the classrooms of teachers who planned DI more. In
model 3, the latent DI observation scores were included. Again, no significant
positive effects were found. This finding does not support hypothesis 1: students’ outcomes are higher in the classrooms of teachers who differentiate their
instruction more.
Ability group and interaction effects were added in model 4 and 5. As expected, students in low-ability groups had significant lower achievement scores
than students in average-ability groups (β = -0.24, p < 0.05). Furthermore,
students in high-ability groups had significantly higher achievement scores than
students in average-ability groups (β = 0.41, p < 0.05). In model 5, the interaction between ability group and DI was included. From the results it follows
that students in low-ability groups, whose teachers had high DI-scores, had
significantly lower posttest scores than students in average-ability and highability groups with teachers who also had high DI-scores (β = -0.22, p < 0.05).
This finding supports hypothesis 3: Students from different ability groups do
not benefit equally from a teacher who differentiates their instruction. Our
results suggest that, compared with students in high or average-ability groups,
students in low-ability groups profit significantly less from a teacher with high
DI observation scores. No significant results were found for the interaction
between high-ability group students and DI.

4.4

Discussion and conclusions

DBDM-intervention effects on student achievement have been examined in several research projects (Carlson et al., 2011; Cordray et al., 2012; Konstantopoulos et al., 2013; May & Robinson, 2007; Van Geel et al., 2016; Van Kuijk et
al., 2015), however, our knowledge of how DBDM affects student achievement
is still very limited. The purpose of the present study was to investigate the
relationship between DI and student achievement in a DBDM context.
First, the findings of the generalizability study showed that, even though
most variance was explained by differences between teachers, there was much
variability between the lessons of the same teacher. These observation time
effects were also found in a study by Praetorius, Pauli, Reusser, Rakoczy, and
Klieme (2014), and such findings indicate that more research is needed on
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Mean

Sd.

Mean

Model 1
Sd.

Mean

Mean

0.20
0.03
0.12
error

0.19
1.04∗
0.03 −0.08∗
0.04 −0.02
0.08
0.38∗
0.03
0.76∗
0.03 −0.05
−0.02

Sd.

Model 3

0.01
0.01
0.03
standard

Model 2

Fixed
Intercept
−0.13
0.13
1.01∗ 0.20
1.05∗
Gender (1 = girl)
−0.08∗ 0.03 −0.08∗
Student weight (0 = no weight)
−0.02
0.04 −0.02
Grade (0 = second)
0.39∗ 0.08
0.38∗
Pretest
0.76∗ 0.03
0.75∗
Planned DI
−0.05
Differentiated instruction (DI)
Ability group
Low
High
Ability group * DI
Low * DI
High * DI
Random
Variance student level
0.37
0.02
0.20
0.01
0.20
Variance group level
0.87
0.19
0.03
0.01
0.03
ICC
0.69
0.04
0.13
0.03
0.12
Sd. stands for posterior standard deviation, which can be interpreted as a

Predictors

Model 0

Table 4.4: Multilevel analysis results

0.17
0.03
0.14

0.01
0.01
0.04

0.16
0.03
0.15

0.01
0.01
0.04

0.09
0.06

−0.20∗
−0.03
0.01
0.01
0.03

0.05
0.04

0.22
0.03
0.04
0.09
0.03
0.03
0.06

Sd.

0.04 −0.22∗
0.04
0.41∗

Mean

−0.24∗
0.41∗

Sd.

0.21 −0.37
0.03 −0.07∗
0.04
0.03
0.08
0.89∗
0.03
0.48∗
0.03 −0.05∗
0.05
0.05

Mean

Model 5

0.20 −0.40
0.03 −0.08∗
0.04
0.00
0.08
0.91∗
0.03
0.47∗
0.03 −0.05∗
0.05
0.00

Sd.

Model 4
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how valid and representative teacher observation scores can be obtained. Furthermore, our findings indicated that students from different ability groups
do not profit from DI to the same extent. This finding is in line with previous research: ability grouping can have a negative impact on the achievement
of students in low-ability groups; ability grouping is effective for students in
average-ability groups; and ability grouping has no impact on the achievement
of students in high-ability groups (Lou et al., 1996; Saleh et al., 2005). In
future research it would be worth investigating whether lower teacher expectations, less stimulating learning materials, and a lack of self-regulation skills
among low-performing students (Campbell, 2014; Hong et al., 2012; Nomi,
2009; Wiliam & Bartholomew, 2004) could explain the negative impact of DI
on the achievement of students in low-ability groups. Furthermore, we expected
that students taught by teachers who differentiate their instruction more, or
by teachers who plan DI more, have higher student achievement levels. No
such positive effects were found. A reverse causality between DI and student
achievement (i.e. DI-practices are executed more in classrooms with many
low-performing students and a very diverse student population) might be an
explanation for this finding (De Neve & Devos, 2015; Nomi, 2009). Another
explanation might be the impact of DI on non-cognitive outcomes such as students’ feelings of competence (Carver & Scheier, 1990). Especially for students
in low-ability groups there might have been an impact on non-cognitive outcomes, and consequently on student achievement. Also, these findings may
suggest that planning differentiation strategies in advance should always be
combined with responsive ad-hoc classroom differentiation practices. It may
be that a balance between preplanned instruction and responsive teaching is
most effective (Sawyer, 2004). In future studies such effects should be studied
to explain better how DBDM affects student achievement.
Even though no relation between DI (as a preplanned teaching approach)
and achievement was found in the present study, the findings still contribute
to the data collection procedures that can be used to measure DI. DI cannot
be measured with observations alone as it is necessary to know the rationale
behind the differentiation approaches observed (Allen, Matthews, & Parsons,
2013). Variation in learning material, instruction time, and assignments between students is easily observed by means of classroom observations, however,
it is difficult for the rater to judge whether this observed differentiation in
instructional activities matches the instructional needs of students. The find-

73

4

Chapter 4

ings of this study indicate that teachers’ differentiation practices in classrooms
and their preplanned differentiation practices on paper are not always related.
Therefore we recommend that in future DI-effectiveness studies, other measures aimed at determining the rationale behind differentiation activities will
be used to assess the fit between DI and actual instructional needs. For example, to determine the rationale behind the observed DI and examine whether
the observed DI indeed matched students’ needs, students and teachers could
be interviewed immediately after classroom observations. Research findings
have already indicated that students are able to judge teachers’ behavior, as
students’ perceptions of teacher behavior proved to be good predictors for student outcomes (Maulana et al., 2015).
Furthermore, data analysis procedures used in this study contribute to the
existing knowledgebase. The data analysis procedures used in this study solve
many problems of studies with observations made by multiple raters, on multiple time points, using itemized observation instruments. First of all, generalizability as such is a tool for disentangling the variance components in classroom
observation data, and for making an informed choice regarding the indices of
reliability and agreement that best fit the purpose of the observation. However, traditionally, the model is imposed on directly observed sum scores. This
ignores measurement error at the item level. Using an IRT model as a measurement error model can reduce bias, for instance caused by floor and ceiling
effects. Furthermore, IRT models are much more flexible in handling missing
item responses and better suited for optimization of measurement designs (for
instance by optimal item selection). Another aspect of the innovative approach
concerns the Bayesian framework combined with software such as OpenBugs.
The advantage here is that complicated and relatively unique models without
dedicated software can be built and estimated in a relatively simple way, using scripts that are both transparent and easily shared with other researchers.
The conclusion is that the combination of IRT and generalizability theory is a
worthwhile and recommendable methodology for other studies involving variables measured at different levels (students, classrooms), with observations
made by different raters at different time points, and using itemized measurement instruments.
Aside from the above-mentioned contributions, the present study also has
some shortcomings. One of them is that the relationship between DBDM and
DI was not examined. Based on the DBDM-literature it was assumed that

74

Differentiated instruction

DBDM could result in more data-based DI-practices in classrooms, and that if
this is the case, student achievement would consequently improve. If DBDM
does not result in more data-based DI-practices, then DI does not explain (potential) student achievement growth. So, our findings would have contributed
more to our understanding of how DBDM influences achievement, if the relationship between DBDM and DI could also have been examined. In addition to
this, the Focus intervention was based on the DBDM-literature and not on the
DI-literature. As a result, some effective DI-practices unfortunately were not
included in the intervention. Ability grouping effects are for example stronger
if student grouping is based on mixed data sources like classroom observations,
student interviews and achievement data (Lou et al., 1996), whereas teachers
in this study were trained to particularly use achievement data for their group
compositions. Differentiated instruction requires more information than students’ results on standardized assessments (National Research Council, 2001).
One can think of more qualitative information which teachers collect on a daily
basis in the classroom, and of the results of diagnostic tests as examples of information sources that can be used for matching instruction with what students
need. Furthermore, ability grouping effects are stronger if group composition
is flexible and students do not always stay in the same group (Deunk et al.,
2015; Slavin, 1987), whereas teachers in this study were trained to compose
ability groups only once every half year in their instructional plan. However,
teachers in the intervention were intensively trained at applying other characteristics of effective ability grouping, like composing groups on the basis of
specific subject matter topics and also to vary learning materials and instruction time between ability groups (Deunk et al., 2015; Lou et al., 1996; Slavin,
1987). A second shortcoming of the present study is that we were not able to
account for teachers’ colleagues effects. Two (or sometimes even three) teachers
sharing classes is quite common in Dutch primary education, due to the high
percentage of part-time jobs. Even though teachers who taught mathematics
most were asked to participate, and whole school teams were trained, the high
percentage of teacher colleagues in both grades still impacted the findings. It
is important to take account of this in the interpretation of the study results.
A third shortcoming is that teachers’ DI practices observed in the classroom
were measured with three items (variation between students’ learning time, instruction activities, and students’ assignments), and more items will be needed
to obtain a more validated measure of DI. Another limitation of this study is
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the validity of the instructional plan checklist. Low and negative correlations
between planned DI and DI-practices, pretest and posttest scores do not contribute to such validity, so the findings regarding the planning of DI should
be interpreted carefully. However, the low correlation between planned- DI
and DI-practices might also be the result of the fact that most participating
schools already had finished the Focus intervention. Perhaps the teachers of
those schools were, without the support of the trainer, no longer motivated to
develop the instructional plan in the way they had learned during the intervention.
Based on the high numbers of classroom observations and raters, in combination with data analysis procedures based on Generalizability theory and
Item Response Theory, our study revealed some valuable insights. Overall, the
present study enhances our understanding of DI. The expected variables to be
responsible for an achievement effect in a DBDM-context were not confirmed
by our findings, as no effects of planned DI and DI-practices executed in the
classroom were found. However, this study contributed to our knowledge of
the effectiveness of ability grouping and points to the importance of further research into why DI and ability grouping seems to be least effective for students
in low-ability groups. Based on our findings, we recommend valid measures of
DI-practices in classrooms, such that not only capture the variation in instruction but also the degree of appropriateness of observed instructional variation
for students’ instructional needs.
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A meta-analysis of the effects of digital
formative assessment tools on student
achievement

J.M. Faber, A.J. Visscher
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Abstract
This study investigated the effect of digital formative assessment tools on student achievement through a meta-analysis of the results of relevant experimental studies (n = 14). Studies were coded for four feedback features and
three intervention features, which resulted in three groups of digital formative
assessment tools and interventions. The meta-analytic findings indicate that
the use of a digital formative assessment tool has overall a small, statistically
significant, positive effect on student achievement. Small statistically significant positive effects were found for the use of DFATs in primary education, for
mathematics achievement in primary and secondary education, and for digital
formative assessment tools with a high feedback frequency, detailed and easy to
interpret feedback and interventions targeted largely at teachers. No statistically significant effects on achievement in the subjects of reading and language
or from the use of DFATs in secondary education were found. The results of
this study can be used for further investigating why some digital formative
assessment tools are more successful than others, and how particular factors
can be manipulated to make the use of these tools more effective.

Key words: Meta-analysis; formative assessment; teacher effectiveness; feedback
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5.1

Introduction and research questions

More and more, teachers and schools are using some type of digital system to
store and analyze student assessment data (Faber, Glas, & Visscher, 2018; Van
Geel et al., 2017; Vanhoof et al., 2011; Wayman et al., 2004). Such systems
typically include a set of (standardized) tests to monitor students’ progress,
and the software to store, organize, process and analyze student assessment
data (Van Geel et al., 2017). Digital systems often provide graphics that visualize student progress, offer benchmarks to compare student achievement
with (national) standards and provide tools for aggregating (e.g., transforming
student-level data into class-level data), or disaggregating (e.g., transforming
class-level into student-level data) the data. The use of such tools can support teachers in the process of making grounded instructional decisions based
on student progress data (Staman, Timmermans, & Visscher, 2017; Verhaeghe
et al., 2010; Visscher & Coe, 2003), by making student assessment data more
accessible than they would be otherwise.
In the literature, the presumed informative function of student assessment
data for making instructional decisions and the assumed positive influence of
feeding back student achievement results to teachers are underlined (Black &
Wiliam, 1998a; Hellrung & Hartig, 2013). Formative assessment is based on
this informative and improvement-oriented role for student assessment data.
In this study, the definition of formative assessment is taken from Black and
Wiliam (2009) p.9 who stated that “practice in a classroom is formative to
the extent that evidence about student achievement is elicited, interpreted,
and used by teachers, learners, or their peers, to make decisions about the
next steps in instruction that are likely to be better, or better founded, than
the decisions they would have taken in the absence of the evidence that was
elicited”. Evidence obtained by teachers on the basis of student assessment
data can be considered to be feedback to teachers about the extent to which
their instruction matched students’ needs (Hattie & Timperley, 2007).
The term digital formative assessment tool (DFAT) used in this study refers
to digital tools for obtaining, storing, organizing, processing and analyzing student assessment data that support teachers during instructional planning, by
providing them with feedback based on student assessment results. This definition encompasses the formative use of any type of student assessment, including, for example, daily assessments in the classroom as well as standardized
assessments with a summative purpose.
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The aim of this study was to investigate whether the results of high quality
empirical studies confirm that DFATs are effective for the improvement of student achievement. Since DFATs differ, as do the interventions for implementing
them, we also examined which DFAT and intervention features are most effective. A meta-analysis was conducted to summarize the results of experimental
studies with teachers using a DFAT in primary and secondary education. This
study addresses the following questions:
 What is the effect of DFATs on student achievement?
 What DFAT features and DFAT intervention features influence the effect

of DFATs on student achievement?

5.2

DFAT features and intervention features

It was our expectation that the specific features of DFATs and of the interventions used to implement them influence the effect a DFAT has on student achievement. Therefore, DFAT features and intervention features that
are likely to matter are discussed here, starting with the features of DFATs.
First of all, the frequency with which a DFAT feeds back student assessment
data to teachers is expected to influence the effectiveness of a DFAT. Teachers
seem to make a better connection between assessment feedback and instruction
if the timespan between instruction and assessment feedback is short (Hellrung
& Hartig, 2013; Koedinger et al., 2010).
The content of the feedback is also likely to be important. Hattie and
Timperley (2007) argued that feedback is effective if it helps to answer three
questions. First, the feedback should clarify to teachers what goals they are
working on (i.e., feed up) (Kluger & DeNisi, 1996; Locke & Latham, 2002).
Second, feedback should provide teachers with information about progress towards these goals (feedback) and third, feedback ideally provides teachers with
information about the activities that may help with making better progress
towards the goals set (feed forward). So, from a feedback content point of
view, DFATs ideally provide information about student achievement scores to
aim at (goals), information about students’ growth between assessments, and
information about which instructional strategies might help in improving student progress. Teachers are probably better supported by concrete and detailed
feedback (e.g., information about specific subject matter topics such as divi82
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sion or subtraction in mathematics) than by a general score reflecting a whole
subject area (Verhaeghe et al., 2010).
In addition to feedback frequency and feedback content, the level of aggregation of the feedback might also influence DFAT effectiveness. DFATs often
provide student-level feedback and/or class-level feedback. Class-level feedback
is aggregated information on the achievement or progress of all students in a
particular class, and student-level feedback gives information about a single
student. DFATs should include both student-level and class-level feedback, as
class-level feedback is less affected by individual student characteristics than
student-level feedback and is therefore more informative about the general quality of instruction.
Fourth, DFATs often provide predictive feedback. In that case, the tool
predicts future student or, and class performance on a national standardized
assessment based on current performance. Teachers and schools can use predictive feedback as a benchmark or a goal, and goals in general have a directive
function and help improve performance (Locke & Latham, 2002).
The second group of factors expected to influence the effectiveness of DFATs
pertain to the interventions supporting the implementation of a DFAT. Teachers will probably use a DFAT better and more often if they are equipped for
and supported in using the DFAT. In this study, three intervention features are
investigated.
The first feature is the duration of an intervention. A study by Desimone
(2009) reported that although research on the length of effective interventions
did not indicate an exact ‘tipping point’, it did indicate that interventions that
are spread over a semester and that include a minimum of 20 hours of contact
time are more likely to be effective.
Second, the content of the intervention will also influence how teachers use
a DFAT. Interventions ideally include information about the technical aspects
of using a DFAT (Wayman et al., 2004). Teachers must learn how they can
store, organize, process and summarize student assessment data (Mandinach,
2012), especially if these steps are not automatically performed by the DFAT
itself. In addition to learning to ‘push the right buttons’, teachers should also
learn to find the graphs, tables or growth models representing relevant feedback
on students’ progress and instructional quality. It is likely that an intervention
will be more effective if teachers also learn how to translate feedback into instructional strategies (Hellrung & Hartig, 2013; Oláh et al., 2010; Wayman et
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al., 2011). An intervention ideally equips teachers with the skills and knowledge to interpret and use data, that is, with the knowledge and skills for the
transformation of numbers, statistics, and other forms of output into instructional strategies that meet students’ needs (Mandinach, 2012). Furthermore,
an intervention is expected to be more effective if the intervention is adjusted
to the specific context and needs of that school (Blanc et al., 2010; Verhaeghe
et al., 2010).
The third group of factors influencing the effectiveness of an intervention
refers to the intervention’s target group. Interventions can be targeted at a
teacher or teachers only, at teachers and the school administration, or even
at teachers, the school administration and the school board. More collective
participation in an intervention is considered to be important for effective professional development interventions, as it enables discussion and processing of
new information with colleagues, joint problem solving and peer support (Desimone, 2009; Wayman et al., 2011). The use of DFATs by teachers may be
better supported in schools if members of the school administration and school
board also have the skills and knowledge to analyze and use student assessment
data, and if they stimulate and support (e.g., in terms of resources) teachers
with critically reviewing and using student assessment data (Blanc et al., 2010).

5.3

Method

In this meta-analysis, the effects of DFATs on student achievement are estimated. The procedures followed for the literature search, the criteria for study
inclusion and the data analysis methods are described below.

5.3.1

Literature search

The scientific literature was searched in databases and by the consultation of
international contacts. A systematic search was conducted in Educational Resources Information Center (ERIC), Web of Science, Scopus, PsycINFO, Narcis
(Dutch) and International Dissertation Abstracts. In order to ensure that all
relevant DFAT studies would be found, research available as grey literature
(not published by means of academic distribution channels) was also included
in the search.
In each database, three combinations of a wide range of keywords were used.
The first combination of keywords was related to assessment: “accountability
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test” OR “benchmark assessment” OR “curriculum-based assessment” OR “diagnostic assessment” OR “formative assessment” OR “interim assessment” OR
“standardized achievement test” OR “diagnostic test” OR “high stakes test”
OR “low stakes test” OR “summative assessment”.
The second combination was related to formative assessment: “assessment
for learning” OR “curriculum-based measurement” OR “data-driven” OR “databased” OR “data analysis” OR “feedback” OR “formative evaluation” OR
“monitoring student progress” OR “performance-driven education” OR “progress
monitoring”.
The third combination of keywords were related to DFATs: “data analysis
tool” OR “data reporting system” OR “electronic data management system”
OR “pupil monitoring system” OR “school performance feedback system” OR
“student management system” OR “student monitoring system” OR “student
progress system”.
Each combination of keywords was also combined (using AND) with words
related to the research design (“matching” OR “regression discontinuity design” OR “random” OR “experiment” OR “control group”), and with keywords
related to primary and secondary education (“elementary education” OR “elementary secondary education” OR “primary education” OR “elementary school
teachers” OR “elementary school” OR “grade 1/2/3/4/5/6/7/8/9/10/11/12”
OR “secondary education” OR “secondary school teachers” OR “secondary
school”). Studies published before December 1990 were excluded, which means
that the timespan covered in the literature search was from December 1990 till
May 2017.
Studies were also searched for by emailing researchers who study the use of
DFATs. They were asked if they knew of relevant studies, or other researchers
who could be contacted for relevant DFAT studies; 126 international researchers
in 24 different countries were contacted.
The title, abstract and keywords of the articles found were screened, to
determine whether the effects of a DFAT on student achievement had indeed
been studied. The literature search and initial screening resulted in a pool of
66 articles and the (inter)national experts pointed to another 37 potentially
relevant articles. Twelve studies appeared in both groups; thus, a total of 91
articles were screened in greater depth, based on the inclusion criteria.
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5.3.2

Inclusion criteria

Two researchers independently screened all 91 studies using the following eligibility and methodological criteria:
1. Teachers in the studies had to use a digital tool that supported them
during instructional planning by providing feedback based on student
assessment results.
2. The interventions in the studies had to have lasted at least 12 weeks
(Slavin, 2008). The intervention time was measured from the beginning
of the intervention till the post-test (studies with interventions shorter
than 12 weeks might be too short to detect an effect, or the observed
effect may be a short-term effect that does not last).
3. The experimental and control group in the studies had to include a total
of at least 30 teachers/classes in the experimental and control groups
(Kreft & De Leeuw, 2002).
4. The studies had to have been conducted in a realistic school setting.
The studied DFAT had to be realistic in terms of its implementation
in a regular school system. Large interventions outside the school or
interventions that required too much time from teachers were therefore
excluded from the analyses.
5. Student achievement effects in the studies had to have been determined
by using mathematics, reading or language assessments to measure the
dependent variable. Studies were excluded if experimenter-made assessments had been used. Effect sizes in such studies can be biased, since
teachers in the experimental group receive information (via the feedback)
about a particular set of outcomes that are tested in the post-tests by
experimenter-made assessments, assessments which teachers in the control condition may never see (Cheung & Slavin, 2015).
6. An experimental research design had to have been used in the studies,
where student achievement in the experimental group was compared with
student achievement in the control group. A randomized controlled design, a propensity score matching design, or a regression discontinuity
design had to have been used for the assignment of groups.
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7. The pre-test scores of the experimental and the control groups in the
studies had differ by less than 50% of a standard deviation, allowing for
the comparison of the experimental and control groups. Larger pre-test
differences could be the result of underlying distributions/randomization
problems that cannot be controlled for effectively (Shadish, Cook, &
Campbell, 2002).

5.3.3

Data analysis

Effect sizes from the included studies were computed with Cohen’s d and
Hedges’s g (Lipsey & Wilson, 2000). Effect size d was computed as the difference between the post-test mean scores of the experimental and control groups,
divided by the pooled standard deviation. Since d tends to overestimate effects
of studies with small sample sizes, Cohen’s d was converted into Hedges’s g (all
studies). Regression coefficients or treatment effects and their standard errors
were used if the means of the experimental and control group were not given.
Study weights were used to compute the combined effect size of all included
studies. Study weights were computed using the standard error of each effect
size.
Mean scores belonging to different groups (e.g., separate mean scores for
grades 4 and 5) were reported in several included studies. Mean scores of
different groups who used the same DFAT and who had received the same
intervention under different circumstances that were not relevant for this study
were combined. What effects were combined is explained in Appendix C.
The following effect sizes were estimated in this meta-analysis: the effect of
DFATs on student achievement; their effect on achievement in mathematics,
reading, and language; their effect in primary education (through the 6th grade,
that is, up to and including 11- 12 year-olds), and their effect in secondary education (from the 7th grade on, that is, 12-13 year-olds and up). Furthermore,
effect sizes were estimated for digital formative assessment tools with similar
features and similar intervention features. Groups of similar assessment tools
and intervention features were composed based on DFAT features and intervention features (see section 5.3.4).
The analyses were carried out under the assumption of a random effects
model, since it was assumed that the studies had been done in different subpopulations. The comprehensive Meta-Analysis (CMA) software developed by
Biostat was used for computing study weights based on effect size variance,
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and for computing the combined effect sizes (see www.meta-analysis.com).

5.3.4

DFAT and intervention features coding

DFAT features and intervention features were coded by the first author based
on the literature described in section 5.1. All DFATs used in included studies
incorporated a combination of multiple DFAT features and intervention features. We grouped the studies into three types with very similar DFAT and
intervention features, in order to be able to investigate what DFAT features
and intervention features are most effective in improving assessment results.
The subcategories below were used for coding DFAT features.
Feedback frequency subcategories were:
 once or twice a school year;
 three to seven times a school year;
 more than once a month.

Feedback content subcategories were:
 assessment scores only;
 scores and progress information;
 scores, progress information and information on students’ mastery of spe-

cific instructional content (e.g., for spelling errors regarding the distinction between words with an f/v sound or errors in using one or two
consonants);
 scores, progress information, information on students’ mastery of specific

instructional content and instructional advice.

Feedback level was coded as:
 ‘yes’ if student-level and class-level feedback were provided;
 ‘no’ if only student-level feedback was provided.
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Predictive feedback was coded as:
 ‘yes’ if the DFAT predicted results on national summative assessments;
 ‘no’ if this was not the case.

The subcategories below were used for coding DFAT intervention features.
Intervention frequency subcategories were:
 once or twice a year;
 three to five times a year;
 monthly.

Intervention content subcategories were coded as:
 technical information (i.e., information about the technical aspects of

using a DFAT);
 information on how to translate DFAT feedback into instruction;
 class/school support involving visiting and advising users on how to use

DFAT feedback for improving instruction.

5

Intervention target was coded as:
 only teachers;
 teachers and school principals;
 teachers, school principals and members of the school board.

5.4

Results

Study selection and meta-analysis results are described below. We will first
explain what studies were not selected for the analyses, based on the inclusion
criteria.
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5.4.1

Study selection

Seventy-seven studies did not meet all inclusion criteria. Most excluded studies
did not meet the first criterion (i.e., teachers used a digital tool that supported
them during instructional planning by providing feedback based on student
assessment results, n = 46). The DFAT was often used only by students, or
such tools were only a small part of an intervention that was based on other
theories than formative assessment. In other excluded studies no control group
was used, the type of randomization was not clear, or no information was given
about the comparability of the experimental and control groups (criterion 6,
n = 15). Furthermore, in some studies effects for student achievement in
mathematics, reading or language had not been measured, or experimentermade assessments had been used (criterion 5, n = 13). In two studies, the
sample sizes did not meet the third criterion, and in one study teachers did not
participate in the intervention (criterion 4).
The remaining 14 studies were included in the meta-analysis (Table 5.1).
Three studies were from the grey literature and 11 studies were published in
peer-reviewed journals. In 11 studies, students, classes, schools or districts had
been randomly assigned to experimental and control groups. In three studies
a propensity score matching design was used. Statistically significant positive effect sizes that were reported ranged from 0.06 to 0.37, and statistically
non-significant effect sizes were reported in seven studies. A total of 493,574
students (249,739 experimental; 243,835 control) participated in the 14 studies.
Five studies did not report student sample sizes due to sample selection and
randomization of large samples at the school or the district level. The estimation of the student sample sizes for those studies is explained in Appendix
C.
In most studies, intervention effects on mathematics (n = 10) or/and reading (n = 9) achievement were calculated, language-related effects were investigated in two studies. The interventions in seven studies were targeted at
students in primary education (through 6th grade, 11-12 years old), two studies were conducted with students in secondary education (7th grade and up,
12-13 years old and up) and in five studies the interventions were targeted at
students from both age groups.
The effects of an intervention by the Center for Data-Driven Reform in
education (CDDRE) were estimated in two studies (studies 1 and 12 in Table 5.1). Effects of a DFAT using standardized assessments developed by the
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Dutch Central Institute for Test Development (Cito) were estimated in three
studies (studies 10, 13 and 14 in Table 5.1). Effects of the Snappet DFAT
and the accompanying intervention were estimated in two studies (studies 3
and 4 in Table 5.1). In these studies, the same Cito standardized assessments
were used for pre- and post-tests as in studies 10, 13 and 14. The effects of
mClass and Acuity and their accompanying interventions were estimated in
two studies (studies 6 and 7 in Table 5.1). Additionally, in three studies student achievement effects were measured for low-achieving students only or only
low-performing schools had been selected for the study (studies 1, 11 and 12
in Table 5.1).

5.4.2

Coding of the DFAT and intervention features

Table 5.2 presents an overview of the DFAT and intervention features in the
included studies. In four studies, the feedback was given once or twice a year; in
another four studies, the feedback frequency was between three to seven times
a year; and in six studies, teachers received monthly or even daily feedback
based on student assessments. In nine studies, the feedback included assessment scores, information on student progress between assessments, and information referring to specific subject matter topics measured in the assessments.
In two studies, the digital formative assessment tools provided information
about assessment scores only, and in one study, the system provided feedback
about student scores and student progress information. One DFAT also gave
instructional advice to teachers based on the analysis of the student assessment
data. Most systems provided feedback at both the student and the class level
(n = 11). Prediction of future student performance on national standardized
assessments based on actual current student performance was provided in nine
DFATs.
Intervention frequency and content of the interventions showed high variability across the studies. In two studies, the intervention frequency was twice
a year, but teachers had their own coach whom they could consult for questions
about the use of the DFAT. In three studies, a train-the-trainer model was used
(i.e., a few teachers at each school had two or three training sessions before the
start of the school year and these teachers trained their colleagues during the
rest of the school year). In five other studies, the frequency of the intervention was monthly; in most of these interventions, teachers, school principals
and/or members of the school board were trained in their schools and outside
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their schools in the use of their DFAT. In six studies, the intervention content
mostly focused on technical information about how to use the DFAT; in two of
those studies, teachers could consult a coach for questions regarding instruction. In two studies, the intervention included both technical information and
information about how to translate data into instruction, and in six studies,
the intervention also included class support or school support. Goal setting and
instructional differentiation (i.e., instructional material for classroom differentiation, information about the pace of instruction and instructional content,
or about composing instructional groups based on varying student needs) were
components of such interventions. Furthermore, some interventions included
information about and training activities with respect to effective instructional
strategies for mathematics or reading. Most interventions were targeted at
teachers (n = 9); in two studies, school principals were also involved, but the
focus of these interventions was also on teachers. In three studies, school board
members, or districts were involved. These interventions were targeted at district leaders, principals and key school staff, and less at teachers.
Three groups of studies with similar DFATs and intervention features were
composed (group membership is given in the right-hand column of Table 5.2).
DFATs included in group A had low feedback frequency (3-7 times a year, or
1-2 times a year) and the interventions were targeted at teachers, principals and
at the school board. In two of these DFATs, the feedback content included only
scores and in one DFAT the content included concrete and detailed feedback
(e.g., information on specific subject matter topics such as division or subtraction in mathematics instead of a general subject score). DFATs in group
A provided class-level feedback as well as predictive feedback. The frequency
of the intervention activities was monthly, or two training sessions (train-thetrainer model). The intervention content included either technical information
only or technical information and information about translating DFAT feedback into instruction as well as class/school support.
DFATs included in group B had low feedback frequency (3-7 times a year
or 1-2 times a year) and interventions were targeted at teachers, or at teachers
and school principals. The feedback content included concrete and detailed
feedback and one DFAT also provided instructional advice. Most of the systems in group B gave class-level feedback as well as predictive feedback. The
intervention frequency was monthly, 3-5 times a year or 2-3 times a year. The
intervention content comprised class/school support; in one intervention only
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technical information was given.
In group C, the feedback frequency was high (more than once a month) and
interventions were only targeted at teachers. The feedback content included
either concrete and detailed feedback, or feedback on students’ scores and students’ progress only (one DFAT). Class-level feedback was provided in four of
the six DFATs, and none of the DFATs provided predictive feedback. Intervention frequencies were 3-5 times a year or 1-2 times a year, and the intervention
content included technical information only, translating data into instruction
(one DFAT), or class/school support (one DFAT).

5.4.3

Meta-analysis

Table 5.3 presents the results of the meta-analysis. Twenty-five different effect
sizes were reported in the 14 included studies. Since the same student sample
was used for estimating mathematics and language achievement effect sizes in
studies 3 and 4, these effect sizes were combined by estimating the overall effect
size. Thus, thirteen combined effect sizes were included in the analysis of the
overall effect.
The overall weighted effect size was 0.02 (SE = 0.01); this effect was statistically significant at the p = 0.05 level. As expected, the Q statistic showed
significant heterogeneity among the studies, which indicates that a random
model fit the data better than a fixed model (Q = 43.82, p < 0.01). As Table 5.3 shows, statistically significant positive effects were found for DFATs in
primary education (ES = 0.06, p < 0.01), DFATs used for mathematics (ES =
0.02, p < 0.05), and for DFATs and interventions in group C (ES = 0.10, p <
0.05). No significant effects were found for DFATs in secondary education, for
reading or language achievement, or for the DFATs in groups A and B.

5.5

Conclusion and discussion

Schools are encouraged to use objective and empirical data for school improvement (Kaufman et al., 2014; Reis et al., 2011). As a consequence, many schools
use a DFAT to collect, store, organize, and analyze student data (Faber et
al., 2018; Van Geel et al., 2017; Vanhoof et al., 2011; Wayman et al., 2004).
The term digital formative assessment tool (DFAT) is used to refer to digital tools that support teachers during instructional planning, by providing
feedback based on student assessment results. The aim of this study was to
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A
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C
C
C
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** In each school, teachers were trained to train their colleagues. In study 7, participants were mainly administrators, coordinators or guidance counselors.

* Teachers were also stimulated to use students’ daily work and curriculum assignments; however, the focus of the intervention seemed to be on using the results of standardized assessments as provided by the DFAT.
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Table 5.3: The effect sizes in the included studies
95% CI
Group

n effects

k effects

ES

SE

LL

UL

Overall
25
13
0.02*
0.01
0
0.04
Primary education
13
9
0.06**
0.02
0.02
0.11
Secondary education
10
5
0.02
0.01 −0.01
0.04
Mathematics
12
10
0.02*
0.01
0
0.04
Reading
11
9
0.01
0.01 −0.01
0.03
Language
2
2
0
0.01 −0.02
0.01
Group A
9
3
0.01
0.01 −0.01
0.02
Group B
6
6
0.03
0.03 −0.03
0.09
Group C
10
5
0.10*
0.05
0.01
0.20
Note: n effects = the total number of effect sizes before combining effect sizes;
k effects = the number of included, combined effect sizes; ES = effect size; SE
= standard error of the effect size; CI = confidence interval, LL = lower
limit, UL = upper limit; * p < 0.05; ** p < 0.01

investigate whether DFATs are effective in supporting the improvement of student achievement. A meta-analysis was conducted to summarize the results of
the 14 studies with an experimental design that were identified as meeting the
criteria established. The 14 studies were coded on four DFAT feedback features
(i.e., feedback frequency, feedback content, feedback level, predictive feedback)
and three intervention features (i.e., intervention frequency, intervention content, intervention target). The coding resulted in three groups of DFATs and
interventions.
The meta-analytic findings indicate that the use of a DFAT has a significant
small positive effect on student achievement (ES = 0.02). More specifically,
positive effects were found for DFATs in primary education (ES = 0.06), for
mathematics achievement in primary and secondary education (ES = 0.06) and
for DFATs in group C (ES = 0.10; i.e., DFATs with high feedback frequency and
interventions targeted at teachers). These findings support the assumption that
the use of a DFAT can help teachers to improve student achievement (Staman
et al., 2017; Verhaeghe et al., 2010; Visscher & Coe, 2003). To interpret the
magnitude of these effects, the context of the studies is important (Lipsey &
Wilson, 2000). In randomized studies in which intervention effects are predicted
in terms of scores on standardized assessments, generally an average effect
size of 0.08 in primary education and an average effect size of 0.15 in middle
education is found (Lipsey, Puzio, & Yun, 2012). Compared to this, the effects
found in this meta-analysis are small.
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The magnitude of the effect can also be interpreted by looking at the target
group at which the intervention is aimed. The studies included in this metaanalysis differed much in this respect. Some studies were whole school programs
for all teachers, school principals and even members of the school board, while
in other studies only the teachers from some classes were involved. The target
group of the interventions in group C was teachers. In general, average effects of
0.18 are found in interventions aimed at teachers (Lipsey et al., 2012); compared
to this, the effect found for group C is small. Moreover, a number of DFATs
in group C gave feedback to students (although this was not coded for in our
study), and were therefore aimed not only at teachers but also at students.
For such interventions, an effect of 0.40 is generally found (Lipsey et al., 2012),
which makes the effect found in group C even smaller by contrast.
In sum, these results may be somewhat disappointing, since a lot of energy
and money are invested in DFATs worldwide. However, our results can be used
as a basis for further investigating why some DFATs are more successful than
others, and how particular factors can make the use of DFATs more effective.
In the discussion below we try to make a beginning with this and provide some
suggestions for further research.
For the subjects of reading and language, no statistically significant effects
were found, which was also the case for DFATs used in secondary education.
The finding that no statistically significant effects were found for reading and
language achievement is not in line with our assumptions or with the findings from previous research (Kingston & Nash, 2011). Findings from a metaanalysis of the impact of formative assessment in a more general sense (various
ways of collecting and using evidence about student progress) showed that formative assessment was effective for achievement in mathematics, science and
English language arts (Kingston & Nash, 2011). However, in a review of the
effects of written feedback reports about student achievement prepared by a
data institute external to the school for formative use by schools, effects for
mathematics achievement were stronger than effects for reading (based on 14
studies) (Hellrung & Hartig, 2013). The authors of that review argued that
it might be easier for teachers to recognize changes in students’ progress and
to instructionally adapt to such changes in clearly structured subjects such as
mathematics (i.e., structured in terms of addition, subtraction, multiplication,
division, and so on) as compared to subjects such as reading. A second explanation for the differences in significant effects between mathematics, language
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and reading achievement might be that mathematics teachers (in secondary
education) are more familiar with statistical terms (such as standard deviation
or average score) than language teachers, and, as a consequence, are better
equipped for interpreting student data (Hellrung & Hartig, 2013). In future
research it will be important to study not only the effects, but also the nature
of the use of DFATs in different subject areas in order to understand what information is especially helpful for teachers in improving their instruction, and
how this depends on subject matter content. Furthermore, the fact that no
positive effects were found for DFATs in secondary education is also contrary
to previous research, in which no notable differences were found between primary and secondary education (Kingston & Nash, 2011; Slavin, 2013). Again,
in future research it will be important to study not only the effects, but also
how DFATs are used for different student age groups in order to understand
what information is especially helpful for teachers in improving their instruction. Given the relatively small number of effect sizes on which some of the
analyses in this study were based (language k = 2 and secondary education k
= 5), caution is also urged in interpreting these results.
Our findings indicate that the DFATs and interventions in group C were
effective, while no statistically significant positive effects were found for DFATs
in groups A and B. DFATs in group C can be distinguished from DFATs in
groups A and B on three important characteristics. First, the feedback frequency in group C was high compared to the frequency of feedback of the
DFATs in groups A and B. The importance of high feedback frequency as a
DFAT feature has also been found in other research (Hellrung & Hartig, 2013;
Koedinger et al., 2010). Second, the effectiveness of DFATs in group C might
be explained by the fact that the DFATs and interventions in group C were
more suitable for, and more targeted at those who are actually responsible
for changing instruction (i.e., teachers) instead of those who are further away
from the instructional process (i.e., school principals and members of the school
board). DFATs were coded on the frequency of the intervention and on the
content of the interventions meant to support the implementation of the DFAT.
Surprisingly, intervention frequencies and intervention content for the DFATs
in group C were often less comprehensive than most of the interventions categorized in group B. A potential explanation for this finding might be that
the complexity of the feedback content, the feedback level and the absence of
predictive feedback in DFATs categorized in group C made the feedback more
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accessible and easier to digest for teachers. The feedback content of the DFATs
in group C was often easy to interpret and detailed (i.e., information on students’ mastery of specific instructional content). For example, information was
provided about how many errors students made during a lesson (by students
completing all classwork on a computer or tablet), on which assessments (or
assignments) the errors were made, or how many attempts a student needed to
complete an assessment (or assignment) correctly. Relatively simple feedback
content may make a more comprehensive intervention in terms of frequency
and content less necessary. The combination of high feedback frequency with
easily accessible and interpretable feedback for teachers might be supportive
for adjusting and improving teachers’ (daily) instructional planning and, as a
consequence, positively affect student achievement.
Interventions in group C were targeted at teachers only, while school principals and members of school boards were also involved in the interventions
in groups A and B. We expected that collective participation and support for
teachers by school principals and by the school board would positively impact
the effectiveness of a DFAT (Blanc et al., 2010; Desimone, 2009). However,
interventions in which members of the school board and school principals were
also involved were actually more focused on principals and school board members than on teachers.
DFATs in four of the seven studies in group C also offered feedback to
students. It is important to bear in mind that this meta-analysis focused on
DFATs that support teachers during instructional planning and not on supporting students. Still, this finding indicates that it would be worth to investigate
in greater depth whether and how the student and teacher feedback a DFAT
provides contributes to improving student achievement. Here again, given the
relatively small number of effect sizes on which some of the analyses in this
study were based (Group A, k = 3; Group B, k = 6; Group C, k = 5) caution
is urged in interpreting these results.
Besides the contributions this study makes to our knowledge about the impact DFATs have had in schools so far, the study also has some limitations.
First, due to our demanding inclusion criteria, the number of included studies
was small. A total of 14 studies were found (ten unique DFATs). Given the
relatively small number of effect sizes on which some of the analyses in this
study were based, caution is urged in interpreting these results. This especially
applies to the studies of whole school or even whole school district programs.
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Generally, small effect sizes are found in such studies (Lipsey et al., 2012),
which may not have been detected with the small sample size in this metaanalysis. Since little experimental research has as yet been carried out into
the effects of DFATs, it will be worthwhile to conduct further meta-analytic
research into the effects of DFATs when more experimental research becomes
available. Second, the idea of a meta-analysis is to combine results of several
studies that are considered to be combinable (Lipsey & Wilson, 2000). Even
with a clearly defined definition of DFATs and the screening of studies by two
researchers, the similarity of the selected DFATs may have been confounded
due to our interpretations. The eye of the beholder always plays a role, especially because the descriptions in the studies do not always include all required
information. This study limitation applies especially to the coding procedure,
and consequently to the categorization of DFATs and interventions in groups
A, B and C. A third study limitation is the threat of selection bias (Thornton
& Lee, 2000); the outcomes of the literature search and the meta-analysis may
have been influenced by the fact that studies in which negative or statistically
non-significant DFAT effects were found are likely to be published less often
than studies reporting positive results.
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General conclusions and discussion
This dissertation started with a description of how educational policy has led
to the increased importance of student assessments (Heritage & Yeagley, 2005).
The aim of that policy was that schools would account more for the quality
of their education (Ehren & Swanborn, 2012; Figlio & Loeb, 2011). It was
assumed that schools could use student assessments for improving the quality
of education (Ikemoto & Marsh, 2007; Mandinach, 2012). We examined in this
dissertation, at the level of the teacher, whether the use of data from student
assessments indeed can help accomplish higher levels of student achievement.
More specifically, we studied whether teachers use digital systems for analyzing
student assessments and take instructional decisions based on student assessment data resulting in positive effects on student achievement.
Teachers can use information from assessments as feedback about the extent to which their instruction matches students’ needs (Hattie & Timperley,
2007). The use of digital systems which include student assessment data relates to the definition of formative assessment by Black and Wiliam (1998a):
“all those activities undertaken by teachers, and/or by their students, which
provide information to be used as feedback to modify the teaching and learning
activities in which they are engaged” So, the term digital formative assessment
tool (DFAT) is used in this dissertation for digital tools for obtaining, storing, organizing, and analyzing student assessment data that support teachers
during instruction planning, by providing feedback to teachers that is based
on student assessments. This encompasses the formative use of any type of
student assessment. In the first study feedback to teachers was given based on
daily, non-standardized student assessments.
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Study one: the effects of a digital formative assessment tool
The first study examined the effects of a DFAT called Snappet on student
achievement. With this study we tested the following hypotheses:
 The DFAT has a positive effect on mathematics and spelling achievement.
 The DFAT has a positive effect on student motivation.
 The DFAT is more effective when students and teachers use the tool to

a greater extent.
 The effect of the DFAT differs between low-performing, average, and

high-performing students.
A randomized experiment was conducted to examine the effects on mathematics (1808 students) and spelling achievement (1605 students) in grade three
of primary education. In the study effects on mathematics achievement and
motivation (chapter two of the dissertation) and the effects on spelling achievement (chapter three of the dissertation) were studied. Both parts of the first
study (effects on mathematics and effects on spelling) are discussed in this
section here.
The findings of the study indicate that a DFAT can have a positive impact on mathematics achievement and motivation. However, a positive effect
on spelling achievement was not found. To investigate these effect differences
further students’ intensity of use data (i.e., the total number of completed
assignments and the percentage of adaptive assignments of all completed assignments) for spelling were compared with students’ intensity of use data for
mathematics. This showed that students completed fewer Snappet assignments
for spelling than for mathematics. The percentage of adaptive assignments was
also somewhat lower for spelling than for mathematics. The difference in the
number of completed assignments by students in the experimental groups compared to the number of completed assignments by students in the control group
was presumably larger for mathematics than for spelling based on these students’ intensity of use data. Since we do not have data on the number of
completed assignments in the control group, we could not test this assumption.
Furthermore, high-performing students completed more assignments than
lower performing students and this difference was somewhat larger for mathematics than for spelling. Our study findings also indicate that the DFAT was
104

General conclusions and discussion

most effective for high-performing students. Students’ intensity of use measurements show that experimental students who used the tool to a greater
extent (i.e. the total number of assignments completed) performed better than
experimental students who used the tool to a lesser extent (both for spelling
and for mathematics). We do not know whether students who completed more
Snappet assignments performed better on the posttests because they completed
more assignments, or that higher performing students simply completed more
assignments. This might imply that the mathematics achievement effect was
mainly caused by the fact that experimental students completed more assessments than students in the control group. Still, all students showed a higher
learning gain in the experimental condition for mathematics than the students
in the control condition and the positive difference in the mean achievement
growth is highest for the 20% best performing students.
In addition to the investigating the difference between spelling and mathematics achievement on the basis of students’ intensity of data use we also
searched for other factors that could explain the difference between spelling and
mathematics. One potential explanation could be that hearing word sound, or
phonology, is not included in the DFAT software for spelling while phonological awareness correlates well with spelling skills, and research indicates that
especially beginning spellers rely heavy on phonology (Bosman & Van Orden,
1997).
The effects of feedback to teachers are most important for this dissertation.
Teachers use information from a DFAT as feedback to improve instruction and,
as a consequence, student achievement improves. The relationship between
teachers’ classroom observation scores and student achievement levels in the
first study suggests that teachers use information from a DFAT as feedback
and that the effectiveness of a DFAT depends of how the feedback from DFATs
are used by teachers.

6
Study two: differentiated instruction
In the second study the relationship between differentiated instruction (DI) and
student achievement was investigated. In this study we tested the following
hypotheses:
 Students’ achievement levels are higher in classrooms of teachers who

differentiate their instruction more.
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 Students’ achievement levels are higher in classrooms of teachers who

pre-plan differentiated instruction more.
 Students from different ability groups do not benefit to the same degree

from a teacher who differentiates his/her instruction.
Based on two DI conceptualizations (Roy et al., 2013; Tomlinson et al., 2003),
two characteristics of DI were distinguished and measured. Firstly, DI should
be planned and instructional decisions should be based on the analysis of student data. Secondly, what makes DI observable in the classroom is the variation in learning goals, instruction content, instruction time, assignments, and
learning materials aimed at addressing varying learning needs. The first characteristic was measured by means of an analysis of teachers’ instructional plans
(n=89), the second characteristic was measured by means of classroom observations of teacher behavior (n=144) using three items from the International
Comparative Analysis of Learning and Teaching (ICALT) instrument.
In the second study no positive effects of DI on student achievement were
found. So, the effect of teachers using feedback from a DFAT to teachers in
study one was not confirmed in the second study. An important difference
between the DFAT (Snappet) in study one and the DFAT used in the second
study is the frequency (high or low) and timing (immediately or delayed) of the
feedback to teachers. The differences between the findings in the first and in the
second study could indicate that teachers make a better connection between
the feedback they receive and the instruction they gave and the instruction
they are planning to give if the time span between delivered instruction and
received feedback is short (Hellrung & Hartig, 2013; Koedinger et al., 2010).
The DFAT in the first study and the DFATs in the second study also differed
in terms of the content of the feedback provided by the tools. The DFAT
in the second study offered teachers more options for complex analyses (e.g.,
information on students’ scores for specific subject matter components such as
‘dividing’ or ‘subtraction’ in mathematics) compared to the analysis options
with the DFAT in study one. However, no effect of teachers using feedback
from a DFAT on student achievement was found in the second study, whereas
in the first study the teacher observation score effect seems to indicate an effect
on student achievement.
The findings of the second study also indicate that students from different
ability groups do not profit from DI to the same extent. This finding is in
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line with previous research, showing that ability grouping can have a negative
impact on the achievement of students in the low-ability groups, that it can be
effective for students in the average-ability groups and have no impact on students in the high-ability groups (Lou et al., 1996; Saleh et al., 2005). However,
positive effects of ability grouping have been found if the group composition of
the ability groups was flexible (Deunk et al., 2015; Slavin, 1987), and when the
composition of the groups was based on multiple data sources such as teachers’
observations and student assessment data (Lou et al., 1996). In the second
study teachers with the DFAT analyzed students’ assessment scores on a standardized, summative test that is taken twice a school year. Teachers were
trained to use the results, among other things, for determining the composition of the student ability groups they work with in their classrooms. Using the
DFAT for composing student ability groups was an important training component, however, perhaps not enough attention was given to the importance
of using ability groups flexibly (changing the composition of the groups when,
based on new information, there is reason to do so) and to using multiple data
sources for composing the ability groups.
Overall, the findings of the two studies seem to point to the importance of
immediate feedback to teachers. This may also stimulate teachers to compose
student ability groups more flexibly. In the third study a meta-analysis was
conducted to further study the critical characteristics of DFATs.
Study three: DFAT features and intervention features
The aim of the third study was to investigate whether the results of high quality
empirical studies in primary and secondary education confirm that the use of
DFATs by teachers is effective. Our meta-analysis of the studies answered the
following two questions:
 Is there an effect of teachers using a DFAT on student achievement?

6

 Which DFAT features, and which DFAT intervention features influence

the effect on student achievement?
After a literature search 91 studies were screened by using seven eligibility
and methodological inclusion criteria. Seventy-seven studies did not meet all
inclusion criteria, the remaining 14 studies were included in the meta-analyses.
The 14 studies were coded on four DFAT feedback features (i.e., feedback fre107
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quency, feedback content, feedback level, predictive feedback) and three intervention features (i.e., intervention frequency, intervention content, intervention
target). The coding resulted in three groups of DFATs and interventions (A,
B and C).
The findings of this third study indicate that the use of a DFAT has a
small positive effect on student achievement. More specifically, positive effects
were found for DFATs in primary education, for mathematics in primary and
secondary education, and for DFATs with a high feedback frequency, with detailed and easily accessible feedback. In the first two studies the importance
of a high frequency of teacher feedback and of immediate teacher feedback was
also shown; the results of the meta-analysis seem to confirm these findings.
The highly frequent, detailed, easily accessible and interpretable feedback to
teachers might be supportive for adjusting and improving teachers’ daily instructional planning and, as a consequence, positively affect student achievement.
The findings of the third study seem to indicate that DFATs are more effective for mathematics than for spelling, language or reading. However, findings
from another meta-analysis of the impact of formative assessment in a more
general sense (various ways of collecting and using evidence about student
progress) showed that formative assessment was effective for achievement in
mathematics and language both (Kingston & Nash, 2011). In another review
of the effects of written feedback reports about student achievement for formative use by teachers, effects for mathematics achievement were also stronger
than the effects for reading (Hellrung & Hartig, 2013). Hellrung and Hartig
(2013) argue that it might be easier for teachers to recognize differences in students’ progress and to instructionally adapt to such changes in very structured
subjects such as mathematics as compared to a subject such as reading. A
second explanation mentioned by Hellrung and Hartig (2013) is that mathematics teachers, in secondary education, might be more familiar with statistical
terms than language teachers, and, as a consequence, be better equipped for
interpreting student data.
Intervention frequencies and intervention content for the implementation
of the DFATs categorized in the most effective group were often less comprehensive than most of the interventions categorized in the other two groups. A
potential explanation for this might be that the low complexity of the feedback content and the absence of predictive feedback made the feedback more
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accessible and easier to use for teachers in the most effective group. Relatively
simple feedback content makes a more comprehensive intervention in terms of
its frequency and content maybe also less necessary.
General conclusions and practical implications
DFATs can have a positive effect on student achievement. The results of the
classroom observations in study one seem to indicate that teachers use information from a DFAT as feedback to evaluate the effects of their instruction, and
as feedback for planning follow-up adaptive instruction. However, the results
of the second and third study show that positive effects on student achievement
are not always found. The results of the three studies together give indications
of what effective characteristics of a DFAT might be;
 frequent and immediate feedback to teachers,
 detailed and concrete feedback to teachers,
 and easily accessible and easy to interpret feedback to teachers.

These characteristics may make a DFAT suitable for improving teachers’
daily instructional planning and make a DFAT easier to integrate into teachers’
teaching practices.
The assumption in this dissertation is that teachers use information from
DFATs as feedback and, as a consequence, differentiate their instruction which
results in higher student achievement. An attempt was made to measure DI
and predict effects on student achievement in the first and second study. In the
first study a positive effect of DI on student achievement was found whereas
in the second study such an effect was not detected. These two studies differ
in many aspects, among other things the way in which DI was measured. A
comparison of the two instruments may provide some indications for a valid
way to measure DI in further research.
The following items from our Snappet classroom observation instrument
used in the first study were not present in the items of the ICALT instrument
used in the second study:
1. An item to measure whether teachers teach students who perform better
than other students in their class differently.
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2. An item to measure the extent to which teachers use feedback for investigating why students answered assignments incorrectly, or use feedback
as a signal for further investigation of why students made specific assignments incorrect. The following teacher actions were observed to measure
this:
(a) The teacher asked with which assignments students experienced difficulties,
(b) The teacher explained an assignment to all students based on Snappet feedback (i.e., an assignment which most students answered incorrectly),
i. AND: examined why most students made mistakes in specific
assignments (e.g., he/she asked several students to explain how
they had solved the assignment),
ii. In addition: these teacher actions were not only directed towards the whole class but also towards specific groups of students.
3. An item to measure the degree of flexible classroom management . Teachers that executed the following actions frequently during the observations
scored higher on this items than teachers who did not, or who to a lesser
extent executed the actions. Teacher actions observed were:
(a) The teacher composed flexible ability groups based on the Snappet feedback (i.e., no ability group composition based only on the
standardized tests taken twice a year).
(b) The teacher used assignments to support student collaboration.
(c) The teacher deviated from the planned instruction based on the
Snappet feedback.
(d) The teacher used other learning materials based on the Snappet
feedback.
(e) The teacher asked various (open) questions to assess students’ learning needs.
The last two items measure complex teacher’ skills. The second item reflects the importance of general analytical skills. Teachers that have such skills
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identify that students make mistakes on the basis of feedback, even more important is that they want to know why these mistakes were made and that
they investigate this by using DFATs feedback. The third item reflects the
importance of, as a teacher, being able to adapt, change your planned instruction, planned composition of student ability groups, and/or to use alternative
learning materials, if the teacher based on the DFAT feedback decides that this
is needed. Whether these two complex skills are important for effective DI, or
maybe even preconditional, should be further investigated.
Limitations of the studies and suggestions for further research
In this section a number of limitations of the three studies will be discussed,
as well as some directions for future research.
A limitation of the first study, on the effects of the DFAT Snappet, is the
absence of measures regarding the number of completed assignments in the
control group. Because of that we could not compare the completed number of
assignments between the control and experimental group, and if high, middle,
or low-performing students differed in the number of completed assignments. In
future research it would be worthwhile to also collect ‘intensity-of-use’ measures
in the control group that are comparable with the ‘intensity-of-use’ measurements in the experimental group.
A second limitation is that we did not observe DI in the control groups.
Therefore, we could not study how much the DFAT feedback to teachers contributed to the differentiation practices of teachers. A suggestion for further
research is to study if, and how DI changes if teachers use feedback from a
DFAT compared to teachers who do not work with a DFAT. In further research it could also be studied which DI activities prove to be most effective
for student achievement and if such effects differ between ability groups.
Third, the DFAT effects have been studied in grade three and it is uncertain to what extent the effects found can be generalized to other grades. It will
therefore be useful to study the effects of DFATs in higher grades in which students make more complex assignments and assessments, and as a consequence,
other feedback to students and teachers may be needed.
In the second study we examined whether DI and planned DI have a positive
effect on student achievement. A limitation of this study was the way in which
DI and planned DI were measured. Only three items were used for measuring
DI and a non-validated instrument was used for planned DI. Moreover, we found
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that DI cannot be measured with classroom observations alone as it is necessary
to know the rationale behind the differentiation approaches observed (Allen et
al., 2013). Therefore, a suggestion for further DI research is that students and
teachers are interviewed immediately after classroom observations to determine
the rationale behind the DI actions undertaken by teachers, and to examine
whether the observed DI indeed matched students’ needs. Research has already
shown that an approach in which a combination of research instruments are
combined, makes it possible to measure not only observable DI but also how
teachers reasoned about their executed DI practices (Keuning et al., 2017).
In the third study we examined the effects of DFATs on student achievement
using a meta-analysis. A limitation of this study is the low number of included
studies due to our criteria to include only studies with an experimental design.
For drawing stronger conclusions about the effects of DFATs, we need more
studies with an experimental design into the effects of DFATs. Furthermore, it
would be worthwhile to use a research design in which two or more experimental
groups are compared to each other and to a control group. In such a study it
can be studied which features (or combinations of features) of DFATs and of
DFAT interventions are (most) effective.
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Classroom observation instrument
The instrument included eight items scored on a five-point scale. A description
of observable teacher actions is given per item. Teachers received few points for
the first actions mentioned for an item, and higher scores for the actions mentioned later on for an item. Raters judged which teacher actions were (most)
observed during the observations.
Item 1: Teacher’s use of the dashboard.
Teacher actions:
1. The teacher has not opened the dashboard during the entire lesson (1
point).
2. The teacher has opened the dashboard but no actions, based on the feedback, were observed (2 points).
3. The teacher used the feedback during the lesson: to check students who
do not progress on their assignments, to give students feedback regarding
their progress, to help students who made several mistakes (3 points).
4. The teacher used Snappet feedback at the start of the lesson, to decide
which assignments each student needs to complete, or to distribute students over different instruction groups (4 points).
5. During the lesson teacher actions as described under point 3 and 4 were
observed (5 points).
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Item 2: Teacher’s use of Snappet to improve the instruction.
Teacher actions:
1. Snappet feedback was not used to improve the instruction (1 point). Example assignments, or/and instruction videos were used for instruction
(2 points).
2. Snappet feedback on the progress of students was used ,to compliment
students on their progress, or stimulate students to improve (3 points).
3. Snappet feedback on the progress of students was used to give extra attention to the instructional content and assignments most students faced
difficulty with (4 points).
(a) AND: Snappet feedback on the progress of students was used to
give extra instruction to specific students who faced difficulty with
instructional content and assignments (5 points).
Item 3: Instruction to low-performing students.
Teacher actions:
1. During the observation it was not clear which students performed low in
comparison with the average performance of the class (1 point).
2. During the observation low-performing students were grouped based on
their achievements scores on standardized tests. Low performing-students
received no additional instruction (2 points).
3. During the observation low-performing students were grouped based on
Snappet feedback. Low-performing students received no additional instruction (3 points).
4. During the observation low-performing students were grouped according to Snappet feedback. Low-performing students received additional
instruction (i.e. repeated instruction) (4 points).
(a) Low-performing students received extra instruction (e.g. with other
learning materials, other examples) instead of repeated instruction
only (5 points).
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Item 4: Instruction to high-performing students.
Teacher actions:
1. During the observation it was not clear which students performed high
in comparison with the average performance of the class (1 point).
2. High-performing students followed a shortened instruction (2 points).
3. High-performing students followed a shortened instruction, and were selected by the teacher based on Snappet feedback (3 points).
(a) AND: the teacher pointed high-performing students to additional
learning strategies during regular classroom instruction (4 points).
(b) AND: the teacher provided additional instruction about more complex mathematics topics to high performing students (5 points).
Item 5: Adaptation of assignments to learning needs.
Teacher actions:
1. All students completed the same assignments (1 point).
2. Some students completed more, or fewer assignments (2 points).
3. Some students completed more, or fewer assignments. Students who
completed their regular assignments thereafter completed adaptive assignments (3 points).
4. The teacher varied the number of assignments between students and ensured that all students had enough time to complete the adaptive assignments (4 points).
(a) AND: ensured that students completed the adaptive assignments
which belonged to the learning goals students faced difficulty with
(5 points).
Item 6: Flexible classroom management.
Teacher actions:
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 The teacher composed flexible ability groups based on Snappet feedback

(i.e. no ability group composition based only on the standardized tests
assigned twice a year).
 The teacher used assignments to support student collaboration forms.
 The teacher deviated from the planned instruction based on Snappet

feedback.
 The teacher used alternative learning materials based on Snappet feed-

back.
 The teacher asked various (open) questions to assess students’ learning

needs.
1 point: none of the teacher actions mentioned was observed.
2 points: one teacher action was observed.
3 points: two of the teacher actions were observed.
4 points: three of the teacher actions were observed.
5 points: all teacher actions were observed.

Item 7: Adaptation of learning goals to learning needs.
Teacher actions:
1. Variation in learning goals, or in teacher expectations towards students
were not observed (1 point).
2. The teacher gives additional attention to students who do not understand
the instructional content (2 points).
3. There is variation in learning goals, and/or teacher expectations of student performance (e.g., the teacher expects that some students complete
more assignments than other students) (3 points).
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4. There is variation in the number, and/or complexity of assignments, or
there is variation in the instructional content between students (4 points).
5. During the lesson teacher actions as described under point 3 and 4 were
observed (5 points).
Item 8: Examining of students’ understanding.
Teacher actions:
1. The teacher does not examine why students make mistakes (1 point).
2. The teacher asked with which assignments students experienced difficulties (2 points).
3. The teacher explained an assignment to all students based on Snappet
feedback (i.e., an assignment which most students answered incorrectly)
(3 points).
(a) AND: examined why most students made mistakes in specific assignments (e.g., he/she asked several students to explain how they
solved the assignment) (4 points).
4. In addition to 3 and 3a: these teacher actions were not only directed
towards the whole class but also towards specific groups of students (5
points).
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Checklist instructional plan
A checklist was developed to measure the quality of DI as planned by teachers. This checklist includes 4 topics (instruction; learning goals; evaluation;
instruction for students with specific learning needs). These topics cover 18
subtopics, which are measured by means of 43 items. Items were rated by the
raters as ‘present’ (1 score), or ‘not present’ (0 score) in the instructional plan.
In this appendix 18 subtopics of the checklist are presented, more information
on this checklist and the translation of the other items can be obtained from
the corresponding author.
1. Instruction
Ability-group composition
1.1. The composition of the ability groups is in line with the results of the
analyses of students’ assessments results, and students’ learning needs
(2 items)
Description of instruction
1.2. The teacher(s) has/have described an instructional approach to address
students’ learning needs (3 items)
1.3. This instructional approach differs between ability groups (3 items)
1.4. Students’ assignments, learning materials, and/or learning time differ
between ability groups (3 items)
1.5. The teacher(s) has/have specified how assignments and/or learning materials will be used, and for which students (3 items)
2. Learning goals
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2.1. The teacher(s) has/have formulated performance goals for each ability
group (a minimum percentage of correct answers for curriculum-based
assessments (unstandardized assessments) (1 item)
2.2. The teacher(s) has/have formulated performance goals for each ability group (a minimum score growth on a standardized assessment) (3
items)
3. Evaluation
3.1. The teacher(s) has/have formulated how, and when the results of the
instructional plan will be evaluated (4 items)
3.2. The teachers(s) has/have formulated teacher actions in case the learning goals will not be met (1 item)
4. Instruction for students with specific learning needs
4.1 Teachers’ selection of students with specific learning needs is supported
by the results of the analyses of students’ assessment (curriculumbased, and/or standardized assessments), and/or the results of an observation instrument (3 items)
4.2 Teachers’ description of students’ learning needs is supported by the results of the analyses of students’ assessment results (curriculum-based,
and/or standardized assessments) (2 items)
4.3 Formulated learning goals are in line with the description of students’
learning needs (2 items)
4.4 Learning goals are formulated in a SMART (specific; measurable; attainable; realistic; timely) way by the teacher(s) (3 items)
4.5 Summative assessment learning goals are formulated in a SMART way
by the teacher(s) (3 items)
4.6 The teacher(s) has/have given a description of the specific instructional
approach (1 item)
4.7 The teacher(s) has/have given a description of the learning strategies
students should learn (1 item)
4.8 Learning materials are mentioned just as a description is given of how
the learning materials will be used by the teacher(s) (1 item)
4.9 The teacher(s) has/have formulated the organization of instruction for
students with specific learning needs (4 items)
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Meta analysis: combined effect sizes
and estimated sample sizes
Combined effect sizes were computed for the following studies:
 Study 2. Grade 4 and grade 5 effects and standard errors were combined.
 Studies 3 and 4. The same student population was used for estimating

mathematics and language effect sizes. Therefore, these effect sizes were
combined for estimating the overall effect size, the primary education
effect size, and the effect size of the DFATs categorized in group C.
 Studies 6 and 7. Effect sizes of the same DFATs and interventions were

combined: the effects for the DFAT targeting students from Kindergarten
through grade 2 (mathematics and reading separately) and the effects for
the DFAT targeting students from grade 3 through grade 8 (mathematics
and reading separately) were combined.
 Study 9. Cohorts 2000-2001 and 2001-2002 effects were combined for

reading for grades 5 and 8.
Estimated student sample sizes
Not all included studies reported student sample sizes; in those cases the student sample sizes were estimated. The section below explains how student
sample sizes were estimated with the information presented in the relevant
publication/article.
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Study 1: Carlson, Borman, & Robinson (2011)
The mean number of enrolled students in the participating schools was 527
(see Table 5.1 in the publication). The number of participating schools in
the reading intervention was 524; the estimated number of enrolled students
is therefore 276,148 (524*527). The number of participating schools in the
mathematics intervention was 514, so that the estimated number of enrolled
students is 270,878 (514*527).
Study 6: Konstantopoulos, Miller, & van der Ploeg (2013)
The proportion of experimental schools was 0.63 (31/49), so the estimated student sample in the experimental condition was 11,344 (0.63*17931) (see Table
4 in study 6). The proportion of control schools was 0.37 (18/49), so the estimated student sample in the control condition was 6,587 (0.37*17931) (see
Table 4 in study 6).
Study 7: Konstantopoulos, Miller, van der Ploeg, & Li (2016)
In this study, the effects of mClass (DFAT grade K-2) and Acuity (DFAT
grade 3-8) were analyzed separately. To estimate the sample sizes for mClass
and Acuity, the reported descriptive statistics in Table 5.2 in the publication
were used. The total number of estimated students for mClass was 6,270 for
reading and 6,249 for mathematics. The total estimated number of students
for Acuity was 24,743 for reading and 24,868 for mathematics. The sample
sizes for both digital systems were added for the combined effect size of mClass
and Acuity.
Study 8. May & Robinson (2007)
A total sample size of 51,580 students is reported in Table 3.1 of the report.
Since 51 schools participated in the experimental condition and 49 in the control condition, the estimated student sample sizes were 26,306 (51,580/100 *
51) and 25,274 (51,580/100 * 49), respectively.
Study 12. Slavin, Cheung, Holmes, Madden, & Chamberlain (2013)
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Meta analysis: combined effect sizes and estimated sample sizes

Year 4 results were used, as the intervention had then been implemented fully.
For reading and mathematics in grade 5, a total estimated sample size of 61,505
was used. A total of 181,440 students were enrolled at the start of the intervention (59 districts) and 20 districts still participated at the end of the
intervention (181,440/59 * 20). For reading and mathematics in grade 8, a
total estimated sample size of 42,885 was used. A total of 126,510 students
were enrolled at the start of the intervention (59 districts) and 20 districts still
participated at the end of the intervention (126,510/59 * 20).
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Samenvatting
Besturen en scholen zijn verantwoordelijk voor de kwaliteit van hun onderwijs
en dienen hierover verantwoording af te leggen. Bij het afleggen van verantwoording over onderwijskwaliteit spelen de toetsgegevens van leerlingen een
belangrijke rol. In het primair onderwijs nemen scholen hiervoor bijvoorbeeld
halverwege en aan het eind van het schooljaar gestandaardiseerde toetsen af.
Scholen worden vanuit de overheid gestimuleerd om de resultaten van leerlingen op die toetsen te registeren en te analyseren, om daarmee de kwaliteit
van het eigen onderwijs in beeld te brengen, te evalueren en, waar wenselijk,
te verbeteren. Scholen gebruiken vaak digitale systemen voor het registeren
en analyseren van toetsgegevens. Deze systemen bieden mogelijkheden om de
ontwikkeling van leerlingen op verschillende leergebieden zichtbaar te maken
evenals mogelijkheden om de ontwikkeling van leerlingen te vergelijken met
referentiegroepen. Hierdoor krijgen scholen inzicht in de mate waarin leerlingen zich naar wens ontwikkelen en, indien dit niet het geval is, of de school
extra aandacht aan leerlingen moet besteden om het gewenste niveau alsnog
te behalen. De digitale systemen scholen kunnen scholen dus ondersteunen bij
het vertalen van toetsgegevens naar maatregelen voor kwaliteitsverbetering.
In dit proefschrift hebben we het hierboven beschreven proces op het niveau
van de leerkracht onderzocht. We hebben onderzocht of leerkrachten gegevens
uit de digitale systemen gebruiken als feedback over hun eigen lesgeven, of ze
op basis van de gegevens uit de systemen het lesgeven meer afstemmen op
de leerbehoeften van leerlingen en of dit vervolgens een effect op de leerresultaten heeft. De digitale systemen hebben we gedefinieerd als digitale formative
assessment tools (DFAT). Deze definitie verwijst naar systemen voor het organiseren, registeren en analyseren van gegevens uit toetsen. In het eerste
onderzoek is gekeken naar de effecten van een DFAT genaamd Snappet op de
rekenen-wiskunde, de spellingresultaten en de motivatie van leerlingen in groep

139

vijf van het primair onderwijs In het tweede onderzoek hebben we onderzocht
of leerkrachten hun onderwijs daadwerkelijk aanpassen op basis van feedback
uit een DFAT en of leerresultaten hoger zijn wanneer leerlingen les krijgen van
leerkrachten die dit meer doen, in vergelijking met leerlingen van leerkrachten
die dit minder doen. In ons laatste onderzoek hebben we een meta-analyse uitgevoerd. Hiervoor zijn de gegevens gebundeld van alle wereldwijd bestaande
onderzoeken waarin effecten van DFATs op leerresultaten onderzocht zijn, vervolgens hebben we de gemiddelde effecten in beeld gebracht. In deze samenvatting worden nu de belangrijkste resultaten uit de drie onderzoeken beschreven.
Onderzoek 1: Effecten van een DFAT op leerresultaten en motivatie
Snappet is een DFAT dat zowel leerkrachten als leerlingen feedback geeft en
daarnaast adaptieve opgaven aan leerlingen aanbiedt. Snappet geeft leerkrachten
en leerlingen feedback op basis van de resultaten op de dagelijkse opgaven die
leerlingen maken. Om effecten op resultaten en motivatie te onderzoeken werden de aan deze studie deelnemende scholen random toegewezen aan een controlegroep en een experimentele scholengroep. Scholen in de experimentele
groep gebruikten een halfjaar lang Snappet en scholen in de controlegroep
behielden hun gebruikelijke wijze van lesgeven. Nadat de experimentele scholen een halfjaar Snappet hadden gebruikt vergeleken we de resultaten voor
rekenen-wiskunde, voor spelling en voor leermotivatie met de resultaten hiervoor op de controlescholen. Daarnaast observeerden we gedurende het halfjaar
drie keer de leerkrachten in de experimentele groep, om te bepalen in welke
mate leerkrachten de feedback uit Snappet gebruikten om hun lesgeven vorm
te geven en af te stemmen op leerbehoeften bij leerlingen.
In het eerste onderzoek vonden we positieve effecten op de rekenen-wiskunde
resultaten en op de motivatie voor rekenen-wiskunde. Effecten op rekenenwiskunde waren sterker voor hoogpresterende leerlingen vergeleken met de
leerlingen die gemiddeld lager presteren op rekenen-wiskunde. Een verklaring hiervoor zou kunnen zijn dat hoog presterende leerlingen door Snappet
toegang hebben tot meer opgaven en tot meer opgaven van hogere leerjaren,
vergeleken met leerlingen die geen Snappet gebruiken. Hoogpresenterende leerlingen kunnen hierdoor meer op eigen tempo doorwerken. Mogelijk is het ook
vooral deze groep leerlingen die profiteert van de adaptieve opgaven die Snappet
biedt. Positieve effecten op spelling konden we niet aantonen in dit onderzoek.
Mogelijke verklaringen daarvoor zouden kunnen zijn dat de spelling software
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minder aantrekkelijk was voor de leerlingen, of dat leerlingen vergeleken met
rekenen-wiskunde minder spellingsopgaven maakten met Snappet.
Een belangrijke bevinding uit dit onderzoek is het met lesobservaties aangetoonde effect op het handelen van leerkrachten. Bij leerkrachten die meer gebruikmaakten van de feedback uit Snappet voor het vormgeven en afstemmen
van hun lesgeven behaalden leerlingen gemiddeld iets hogere resultaten voor
rekenen-wiskunde, dan leerlingen die les kregen van leerkrachten die dit minder deden.
Onderzoek 2: Effecten van differentiatie
In het tweede onderzoek hebben we de relatie tussen differentiatie en leerresultaten onderzocht. Met differentiatie doelen we op het (proactief) afstemmen
van het lesgeven op de uiteenlopende leerbehoeften van leerlingen. Aan het
tweede onderzoek deden leerkrachten van de groepen vier en zeven uit het primair onderwijs van 26 verschillende scholen mee, alle deze deelnemende scholen
hadden de Focus interventie gevolgd. In deze interventie werden leerkrachten
met name getraind in het analyseren van de Cito toetsgegevens met behulp van
een DFAT (Cito, ParnasSys en Esis). Leerkrachten werden bovendien getraind
in het ontwikkelen van een groepsplan waarin zij hun geplande acties voor gedifferentieerde instructie beschreven, deze acties waren onder andere gebaseerd
op de analyses op toetsgegevens. Leerkrachten werden gestimuleerd om twee
keer per schooljaar een groepsplan te ontwikkelen.
Differentiatie hebben we op twee verschillende manieren gemeten. Ten
eerste hebben we de inhoud van de groepsplannen gemeten, dat wil zeggen
we hebben een checklist ontwikkeld om te meten of aspecten van differentiatie
terug te zien waren in de groepsplannen. Ten tweede hebben we de uitvoering
van differentiatie in de lessen gemeten door middel van lesobservaties. Elke
leerkracht werd drie keer geobserveerd. Met deze lesobservaties scoorden we de
mate waarin leerkrachten differentieerden qua instructietijd, instructie-inhoud
en in de opgaven van leerlingen.
Voor zowel de geplande gedifferentieerde instructie in de groepsplannen
als voor de uitgevoerde gedifferentieerde instructie in de lessen vonden we
geen positieve effecten op leerresultaten. Verklaringen hiervoor zouden kunnen liggen in de wijze waarop differentiëren door leerkrachten werd uitgevoerd. Uit onderzoek weten we dat het belangrijk is om differentiatie te baseren
op meer gegevens dan alleen op toetsgegevens. Daarnaast lijken onderzoek141

sresultaten ook aan te tonen dat flexibiliteit belangrijk bij differentiatie, te
rigide vasthouden aan een groepsplan dat tweemaal per jaar opgesteld wordt
is wellicht onvoldoende om tegemoet te komen aan de zich wijzigende leerbehoeften bij leerlingen. Het gebruikte instrument van het onderzoek zou ook de
oorzaak kunnen zijn voor het ontbreken van een verband tussen differentiëren
in de klas en leerresultaten, het observatie-instrument bestond slechts uit drie
items.
Onderzoek 3: Meta-analyse van de resultaten van onderzoek naar DFATs
In het derde onderzoek hebben we de resultaten van eerdere onderzoeken naar
de effecten van DFATs onderzocht. We hebben de gemiddelde effecten op leerresultaten onderzocht evenals welke kenmerken van DFATs en van interventies
effecten op leerresultaten blijken te bevorderen.
Het onderzoek startte met een literatuuronderzoek waarbij we getracht
hebben om wereldwijd alle onderzoeken te vinden waarin de effecten van een
DFAT onderzocht zijn. In totaal vonden we 91 onderzoeken, waarvan er 14
voldeden aan onze inhoudelijke en methodologische inclusiecriteria. Deze onderzoeken zijn vervolgens gecodeerd op vier DFAT feedback kenmerken (feedbackfrequentie, feedbackinhoud, feedback-level en de aanwezigheid van voorspellende feedback) en op drie interventiekenmerken (frequentie van de interventie, inhoud van de interventie en de doelgroep waarop deze gericht was). Het
coderen van de onderzoeken resulteerde in drie groepen met daarin vergelijkbare DFATs en interventies.
De resultaten van het derde onderzoek tonen kleine maar positieve effecten
aan op leerresultaten. Positieve effecten vonden we voor DFATs in het primair
onderwijs. Voor het vakgebied rekenen-wiskunde vonden we positieve effecten
voor zowel het primair als voor het voortgezet onderwijs. Effecten op de taalen leesresultaten van leerlingen konden we niet aantonen. Verder bleek uit de
resultaten dat DFATs die op basis van de coderingen geplaatst waren in een
groep met daarin overwegend systemen met een hoge feedbackfrequentie, met
gedetailleerde en toegankelijk feedback voor leerkrachten en waarbij de interventies overwegend, of alleen, gericht waren op leerkrachten positieve effecten
hadden op leerresultaten.
Conclusies
Concluderend zouden we kunnen stellen dat DFATs een effect kunnen hebben
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op leerresultaten. De sterkste bewijzen daarvoor hebben we gevonden in de
eerste studie en, deels, in de derde studie. Uit de lesobservaties van de eerste
studie blijkt bovendien dat het er toe doet hoe leerkrachten een DFAT gebruiken en dat leerkrachten die het systeem meer gebruiken voor het vormgeven
van het lesgeven, of voor differentiëren, leerlingen hebben die gemiddeld iets
hoger presteren. Daarentegen laten de resultaten uit de tweede studie, maar
ook de resultaten uit de derde studie zien dat effecten op leerresultaten niet
vanzelfsprekend zijn. Wanneer we de resultaten uit de drie onderzoeken naast
elkaar leggen lijken belangrijke kenmerken van een DFAT voor hun effectiviteit
de volgende te zijn:
1. Frequente en directe leerkrachtfeedback,
2. Gedetailleerde en concrete leerkrachtfeedback,
3. Toegankelijke en eenvoudig te interpreteren leerkrachtfeedback.
Deze kenmerken maken een DFAT wellicht goed te integreren in de dagelijkse lespraktijk. Zonder al te ingewikkelde analyses en een te grote tijdsinvestering kan een leerkracht snel zien welke leerlingen de net gegeven instructie
begrepen hebben en voor welke leerlingen dat voor (een deel) nog niet geldt.
Daarmee lijken deze resultaten ook te wijzen op het belang van responsieve en
flexibele differentiatie in het lesgeven, naast een geplande differentiatie waarbij
meer rekening gehouden wordt met de ontwikkelingsdoelen van leerlingen op
langere termijn.
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je altijd kritische en academische blik op onderzoek. Sebastiaan en Hannah,
bedankt voor de prettige afleiding. Ik heb er geen seconde spijt van dat ik ons
gezin altijd op de eerste plaats heb gezet in een periode van ruim 4 jaar waarin
de afronding van mijn proefschrift samenviel met het krijgen van kinderen en
het starten bij nieuwe werkgevers.
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