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Chapter 4 

Data-driven decision making: the effects of a professional 

development program on students’ mathematics achievement 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A revised version of this chapter has been submitted for publication as  
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Abstract 

In this study, we investigated whether a teacher professional development 

program on data-driven decision making positively influenced the mathematics 

performance of students. Core of the program was learning to use performance goals and 

performance data, and improving math instruction. To investigate the effects of the 

program, comparable groups of treated and control students were selected using 

propensity score matching on student and class characteristics. Treatment effects, based 

on 1054 matched students, revealed no significant effects. Including teacher 

characteristics in the matching further minimized bias, but did not lead to different 

findings. The findings show that it is not straightforward that or how teacher support in 

data-driven decision making is effective for raising student achievement. 

 

4.1 Introduction 

Although the Netherlands perform reasonably well internationally (Meelissen & 

Drent, 2008; Meelissen et al., 2012), the mathematical skills and performances of Dutch 

students raise concern, as students’ math proficiency level slightly but significantly 

declined over the last approximately 15 years (Expert group Continuous Learning 

Progression, 2008; Royal Netherlands Academy of Arts and Sciences, 2009; Meelissen et 

al., 2012). Moreover, the low spread between the proficiency levels and the fact that the 

number of excellent students is decreasing (Meelissen et al., 2012) make it doubtful 

whether all, especially good, students are challenged. Findings on Dutch teaching 

practices also make it questionable whether Dutch education maximizes student abilities 

(Ministry of Education, 2011): Especially in terms of using educational targets, data-

driven decision making, and differentiation, schools and teachers experience problems in 

optimally supporting student development (Educational Inspectorate, 2010, 2013; Royal 

Netherlands Academy of Arts and Sciences, 2009).  

The need for improvement on these aspects led us to develop a teacher 

Professional Development Program (PDP) on data-driven decision making (DDDM) for 

school improvement purposes. DDDM, or data use, can be defined as “systematically 

analyzing existing data sources within the school, applying outcomes of analyses to 

innovate teaching, curricula, and school performance, and, implementing (…) and 

evaluating these innovations” (Schildkamp & Kuiper, 2010, p. 482). This way of working 

is expected to indirectly influence student outcomes in a positive manner due to 

improved instructional decisions and aligned instructional adjustments by the teacher. 
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The aim of this study was to investigate whether teacher professionalization in data use 

was associated with better mathematics performance among students. 

 

4.1.1 Data-driven decision making 

Data, like information on standardized and curricular textbook assessments, daily 

work, and student behavior, inform teachers about the actual ability levels of students. 

Evaluating what skills and (conceptual) knowledge students possess raises teachers’ 

awareness of their zone of proximal development and, therefore, is expected to facilitate 

making and carrying out decisions on how to modify, fine tune, and target teaching 

practice (formative assessment - Black & William, 1998; Kingston & Nash, 2011). This is 

assumed to result in better student learning. Using (assessment data) not only informs 

teachers about how their students are developing, but also shows whether the 

instructional practices used by the teachers led to the desired level of student 

understanding; in other words, it shows whether they were effective.  

Feedback can be defined as ‘information provided by an agent regarding aspects of 

one’s performance or understanding’ (Hattie & Timperley, 2007, p. 81). In the case of 

DDDM the data, like the analyses from a (digital) monitoring system, can function like 

the agent and the teacher is considered the performer/learner. Feedback has been found 

to be an effective tool for raising performance (Hattie & Timperley, 2007; Kluger & 

DeNisi, 1996). According to Ramaprasad (1983), feedback necessarily assumes three 

elements: a) a goal - the reference level in Ramaprasad’s termininology, b) the actual 

level, and c) information on the gap between the goal and the actual level, which is used 

to close this gap (see also Hattie & Timperley, 2007; Black & William, 2009). The latter is 

crucial and conditional for activities to be called feedback: Feedback presupposes 

(instructional) changes in order to close the gap between the goal and the actual level 

(Ramaprasad, 1983).  

In essence, data-driven decision making also consists of these three key elements, 

i.e., establishing a goal, determining the actual performance level, and carrying out 

instructional modifications in order to reach the goal (Visscher & Ehren, 2011). These 

three features can be dealt with in a structured way using reflective cycles. Such cycles, all 

roughly modified versions of the well-known Plan-Do-Check-Act model (Deming, 1986), 

are used to procedurally support activities needed for data-driven decision making: 

setting goals; gathering, analyzing, and interpreting information; making and carrying 

out consequent decisions for future teaching; and evaluating the effectiveness of these 

teaching practices, which might be followed by establishing new goals, etc. (e.g., Black & 
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William, 2009; Datnow et al., 2007; Herman, Osmundson, & Silver, 2010, and in the 

Dutch context, the more test-result-based approach of Ledoux, et al., 2009). The three 

crucial elements of DDDM are further discussed below. 

Element 1: Establishing the goal 

Goals are a key feature of data-driven decision making, as they make the desired 

performance level explicit (Lai & Schildkamp, 2013; Levin & Datnow, 2012; Wohlstetter 

et al., 2008). They allow teachers to interpret different types of (assessment) data in 

terms of making progress towards the desired level of performance and deciding which 

instructional modifications are required.  

Setting performance goals has been found to positively relate to performance 

(Fuchs et al., 1985; Fuchs et al., 1989; Locke & Latham, 1990), especially in cases of high 

commitment and high self-efficacy, and when feedback is received on progress towards 

reaching the goal. The rationale behind working with goals is that goals motivate people 

to reach them and, therefore, are expected to direct their behavior and enhance effort 

(Locke & Latham, 1990; Maehr & Zusho, 2009). In educational settings it is assumed that 

teachers who set goals for their students not only know what the desired level of 

individual students’ proficiency is, but also are motivated to support their cognitive 

development in such a way that the goals will be reached. The resulting reflection and 

actions are assumed to promote adaptive and targeted instruction for all students and, 

consequently, lead to better student achievement (Fuchs et al., 1985; Ravitch, 1995; 

Schildkamp, Ehren, & Lai, 2012). Fuchs et al. (1985; 1989) showed that ambitious goals 

are related to better student performance, but also stressed the importance of realistic 

goals: The most effective goals seem to be challenging but attainable.  

In Dutch primary education a goal-oriented way of working is not ubiquitous. 

Only 25% of primary schools was found to establish explicit goals for their students 

(Educational Inspectorate, 2010). Studies on the use of school self-evaluation systems 

have also shown that not all schools define clear goals or targets. Of those schools that do 

set clear targets, not all use these goals for evaluating student performance (Schildkamp, 

Rekers-Mombarg, & Harms, 2012). Overall though, it is found that schools that formulate 

explicit and shared goals tend to use the feedback from the systems more effectively 

(Verhaeghe, Vanhoof, Valcke, & Van Petegem, 2010). 

Element 2: Establishing the actual performance level 

The actual level of performance can be obtained by gathering information from 

daily observations on student behavior and work, and from informal or formal 
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assessments. Worldwide, student monitoring systems are used more and more in order 

to monitor student performance on (standardized) assessments. These monitoring 

systems are designed to help teachers analyze and interpret data; some even make 

suggestions for instructional focus/adaptations (Fuchs, Hamlett, & Stecker, 1991; 

Ysseldyke & Bolt, 2007).  

Several researchers have distinguished four ways in which schools/teachers use 

data (Hellrung & Hartig, 2013; Verhaeghe et al., 2010; Visscher & Coe, 2003). Educators 

were found to demonstrate direct, conceptual, convincing, and strategic uses of data. 

Direct use means that data are used as a starting point to base decisions on (policy-

related decisions or instructional modifications based directly on data). Conceptual use 

refers to cases where data do not directly lead to adaptations, but may influence (teacher) 

thinking. For instance, the use of data might support teachers in finding explanations for 

student outcomes. Data are used in a convincing way when teachers/principals use data 

to support their point of view in discussions. Strategic uses can be found in an 

accountability context, where teachers focus on specific content (teaching to the test), 

exclude low achievers from the test, and change test-taking circumstances (for example, 

by allocating extra time or giving hints).  

Teacher use of performance data as the (sole) basis for immediate instructional 

modifications – direct use of data - is rather low, but teachers do report that the data 

trigger reflection – conceptual use (Hellrung & Hartig, 2013). Although performance data 

have been found to promote reflection, it seems that they do not sufficiently prompt 

actual teaching adjustments (Educational Inspectorate, 2010; 2013) and thus are not 

optimally used in a formative sense. The effective use of performance data might in part 

be impeded by the difficulty teachers experience in analyzing them: Teachers (and school 

leaders) often lack sufficient statistical skills to analyze data correctly (Williams & Coles, 

2007; Hellrung & Hartig, 2013). A recent Dutch study on teachers’ ability to interpret 

results from the student monitoring system came to a similar conclusion (van der Kleij & 

Eggen, 2013). More than 70% of the school staff did not reach the standard of accurate 

interpretation (the standard was 85% of the items used in a questionnaire answered 

correctly), with teachers performing significantly worse than school leaders and senior 

support coordinators. Another potential barrier to using data are educators’ attitudes 

towards using the feedback information and whether teachers and school staff believe 

that data use can improve teaching (Vanhoof, Verhaeghe, Verhaeghe, Valcke, & Van 

Petegem, 2011).  
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Oláh, Lawrence, and Riggan (2010) interviewed 45 teachers in 9 schools about 

their use of data, to determine whether interim assessment data fostered teachers’ deeper 

analyses of student understanding to base their instructional decisions on. They came to 

the conclusion that, although teachers differed in their use of data, the data were often 

used in a rather superficial way. Most teachers used a personal threshold in evaluating 

student results, they mainly investigated students’ procedural misconceptions - like using 

the wrong algorithm or making mistakes in calculations -, and their instructional 

adjustments mainly concerned re-teaching. The teachers reported less often that the 

inspection of data led to a focus on the actual level of students’ conceptual knowledge. 

Goertz, Oláh, and Riggan (2009) stressed the importance of diagnosing students’ 

mathematics problems and misconceptions. According to Goertz et al. (2009), diagnostic 

information on student’s conceptual understanding is essential for the effective use of 

data: the in-depth information is needed for teachers to make well-considered 

instructional adjustments.  

Element 3: Closing the gap between goal and performance  

The adjustment of teaching practice to be more targeted and better aligned to 

student needs is crucial for effective DDDM, but is difficult for teachers (Heritage et al., 

2009): teachers tend to insufficiently modify instruction based on the data (Educational 

Inspectorate, 2014). A lack of instructional suggestions to accompany the data has been 

reported as a possible explanation (Hellrung & Hartig, 2013; Verhaeghe et al., 2010). 

Training teachers in linking data with instructional changes is therefore recommendable 

(Shaw & Wayman, 2012). Slavin and colleagues (2013) further argued that teachers 

should be supported in selecting and using evidence-based instructional methods that 

have been proven to enhance student outcomes.  

Two such evidence-based instructional methods are Direct Instruction and 

Modeling. The use of these instructional practices is assumed to foster clear, targeted 

instruction. Direct instruction (DI) is a teacher-centered instructional method, in which 

the whole lesson is focused on mastering the key learning objectives (Muijs & Reynolds, 

2011). If teachers 1) focus students’ attention on these key lesson goals, 2) activate 

existing student knowledge on the topic, 3) draw explicit relations between students’ 

existing knowledge and the new information, and 4) provide clear and stepwise 

instruction aimed at mastering the goals, this has been found to positively affect student 

achievement, especially in the lower grades (Borman et al., 2003; Muijs & Reynolds, 

2011; d'Agostino, 2000). An important element of DI is evaluating whether the key 



 

73 

 

objectives are mastered at the end of the lesson. This step is crucial for the teacher to 

informally examine students’ actual levels of understanding, necessary to adjust (future) 

instruction to these levels and for evaluating the progress towards reaching the desired 

proficiency level. Modeling, the instructional form in which teachers explicitly 

demonstrate their own strategy use to students, is also known to positively affect student 

learning (Anghileri, 2006; Muijs & Reynolds, 2011; Bandura, 1977), especially of weak 

students (Zheng, Flynn, & Swanson, 2013). When teachers explicitly think aloud, 

students experience ‘good practices’ that they themselves are expected to use and 

internalize, leading to improved achievement and meta-cognitive skills (van Gog, 2013). 

 

4.1.2 Data-driven decision making and student outcomes 

Although evidence is growing that using data is promising for improving student 

performance (e.g., Datnow et al., 2007; Lai et al., 2009; McNaughton et al., 2012; 

Timperley & Parr, 2009), the findings of some large-scale studies have shown only 

modest or no significant effects on student performance (Carlson et al., 2011; Henderson 

et al., 2007; Quint et al., 2008). In the randomized trial studies of Carlson et al. (2011) 

and Slavin et al. (2013), the 4-year program of the Centre for Data-Driven Reform in 

Education (CDDRE) was evaluated. This program was carried out in 549 schools in 59 

states. Both studies took the effects of the program on student performance in math and 

reading into account. Carlson and colleagues investigated the effects of the first year, in 

which the use of benchmark assessments on state assessment scores was evaluated. The 

researchers found a small significant effect, only for math (d=.06). Slavin et al. explored 

the results on student outcomes in all 4 years, investigating not only the use of 

benchmarks, but also whether the promoted selection and use of evidence-based 

instructional methods was related to student performance on state assessments. They 

found directionally positive effects for both math and reading in grades 5 and 8, but not 

all effects were significant (Hedges’ g=0.01, see Faber and Visscher, 2014). Slavin’s 

hypothesis that the implementation of evidence-based instructional methods is crucial 

for effective data use, seemed to be supported by a tendency for student performances - 

especially in reading - to profit from the program in the third and fourth years, the years 

in which these methods were implemented (Slavin et al., 2013). Exploratory analyses 

further revealed that the program mostly affected student results in the schools that had 

implemented the instructional methods best.  

A recent meta-analysis by Faber and Visscher (2014) focused specifically on how a 

formative use of information from the digital student monitoring system influences 
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student performance. Based on 40 effect sizes from fifteen studies, Faber and Visscher 

found a weighted average effect (Hedges’ g=.07) of such intervention programs on 

student achievement. The effect size depended strongly on the focus of the study: small 

effects were found when large-scale interventions were aimed at improving the cognitive 

outcomes of all students at school or district level (Hedges’ g=.06), whereas smaller-scale 

studies in which only small groups of students were addressed showed much higher 

effects (Hedges’ g=.40). The effect on student achievement was further found to be 

higher in interventions in which the frequency of data-feedback from the digital student 

monitoring system was high (at least on a monthly basis), in which teachers/school staff 

were supported in interpreting the data at least once a month, and in which teachers were 

provided with suggestions on students’ instructional needs. Thus, it seemed that focusing 

on data-informed instructional modifications, while providing enough concrete (and 

well-aligned) recommendations, is crucial for data use to result in higher student 

outcomes.  

The results of a recent study that was similar in content, set-up and context to the 

current study seem to underline this need for taking action (van Kuijk et al., in press). In 

this study the effects of a teacher PDP on students’ performance in reading 

comprehension were investigated, showing a positive small to medium effect (d=.37). 

 

4.1.3 The current project  

As argued above, data-driven decision making consists of three main elements: a) 

establishing a goal, b) establishing an actual performance level, and c) closing the gap 

between goal and actual level. A multicomponent professional development program 

(PDP) was set up that focused on these three interrelated elements, operationalized in 

terms of goal setting, data analysis, and (mathematics) instruction. The PDP lasted one 

school year and consisted of 9 after-school meetings. Four meetings were organized as 

general assemblies (duration: 2,5 hours), and 5 meetings took place at the school with 

members of that school team (duration: 1,5 hours). Additionally, teachers were given 

homework assignments, like making data analyses for their own students or conducting 

diagnostic interviews. The estimated amount of time teachers were requested to spend on 

the PDP was 40 hours. 

The total set-up of the project and the way we operationalized the three key 

elements of DDDM are schematically presented in Table 1 and briefly discussed below.   
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Table 1: Overview of the Core Elements of DDDM and their Operationalization in the 

PDP 

Core elements of DDDM Operationalization 

 Aim Activities 

Goal setting Challenging but 

realistic goals  

- Setting performance standards 

- Setting performance goals 

Determination of the actual 

performance level 

Use of data and 

improved data-

analysis skills 

- Gathering information 

(assessment data, diagnostic 

interviews) 

- Analyzing information 

- Interpreting information 

Pedagogical strategies to 

reach the goal (i.e., closing 

the gap between goal and 

performance) 

Improved   

instructional 

knowledge and 

behavior 

- Modification of instruction 

- Direct Instruction 

- Modeling 

- Math-specific instruction 

 

Goal setting: Setting performance standards and goals 

In our PDP, performance standards were determined and used by the teachers. 

The merit of educational standards is that they explicitly specify what is to be taught and 

what kind of performance is to be expected (Ravitch, 1995). As such, they provide 

common expectations for all students involved. Two kinds of standards are distinguished: 

content standards establish what the students are expected to learn in a specific subject 

domain and performance standards determine their degree of proficiency, the level of 

performance at which students master content (Hambleton & Pitoniak, 2006). This 

performance level is indicated by a test score on a proficiency scale. In Dutch primary 

education, performance standards are only determined for grade 6, to smoothen 

transition to secondary educational tracks. In the current project, performance standards 

- reflecting the performance expectations - were established for students in grades 2 and 

grade 3. For four different math ability levels, PDP participants were asked to think about 

and determine performance standards for their students in grades 2 and 3. This was done 

using a standard-setting procedure (SSP), namely, the Bookmark procedure (Mitzel, 

Lewis, Patz, & Green, 2001). In this procedure the participants individually as well as 

collaboratively examined and judged both the task characteristics and the task difficulty 

of 30 test items, yielding four general performance standards per grade.11 From these 

four performance standards five performance categories – below minimum, minimum, 

                                                   

11
 For more information on the SSP see Deunk et al., 2014. 
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proficient, average, and advanced - were derived by using the intervals between the 

performance standards. Performance categories were adapted for practical use in class by 

requesting teachers to set a challenging but attainable performance goal for each student 

in their class, in terms of the five general performance categories; the teacher-set 

performance goals were thus based on content examination. The goals were set by means 

of a step-by-step procedure using different data-sources (performance data and team 

input).  

Actual level: Use of data and improved analysis skills 

PDP participants were trained in using the student monitoring system, so that 

they could carry out simple and more complex analyses themselves. Interpretation skills 

were trained using practical examples of fictitious groups of students, but also by using 

the outcomes of the students in teachers’ own class. By monitoring student results from 

the student monitoring system and by discussing student performance on curricular 

assessments as well as daily work, teachers maintained awareness of possible gaps 

between goal and actual level. Teachers also practised using diagnostic interviews to 

determine students’ actual levels of mathematical understanding.  

Data-discussions took place in professional learning communities, as 

collaboration is a facilitator for a successful implementation of DDDM (Huffman & 

Kalnin, 2003; Wayman et al., 2006). During the meetings, collaboration was stimulated 

within the school team, but also with colleagues from other schools. Data use in general 

was discussed by teachers from different schools during general assemblies, and the 

performances of teachers’ own students were elaborated on in team settings during the 

school meetings.  
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Closing the gap between goal and performance: Instructional knowledge and 

behavior 

As part of the PDP, suggestions for instructional changes to close the gap between 

the goal and the actual level were discussed. Teachers were further supported in 

improving their skills and knowledge in the two general instructional methods, direct 

instruction and modeling. These were addressed and practiced, and their use by the 

teachers was evaluated in the form of personal feedback on lesson observations. The two 

general instructional methods were supplemented with math-specific recommendations. 

To improve students’ problem-solving approaches, teachers were stimulated to use 

anecdotes concerning real-life situations during the day. Teachers also learnt how to use 

explicit instruction in approaching word problems (Gersten et al., 2009; Griffin & 

Jittendra, 2009; Jitendra et al., 2007).12 Teachers’ differentiation and grouping practices 

were also discussed, as having different goals for different students assumes that teachers 

adapt their teaching to the different student needs and use the results of data analyses to 

align their differentiation practices to actual student abilities (Moon, 2005).  

 

4.1.4 Research question 

The central question in this study was whether a comprehensive PDP on data use 

would positively affect student achievement in mathematics. Central to the PDP was that 

teachers were supported in establishing a goal, in determining the actual level of the 

students, and in closing the gap between goal and performance level. Enhancing 

knowledge and skills in the interrelated practices of goal setting, data analysis, and 

instruction was supposed to lead to better student outcomes as a consequence of 

improved, targeted teaching by the teachers. This led to the following research question: 

 

Does a professional development program for teachers focused on data-driven decision 

making, consisting of the three interrelated components goal setting, data analysis, and 

instruction, lead to improved student performance in mathematics? 

 

Given the rationale that basing decisions on student understanding and 

performance leads to better aligned teaching practices and hence to higher student 

performance, DDDM seems to be promising. Up to now, positive effects have been found, 

                                                   

12
 Structural and explicit instruction on how to approach word problems or contextual problems is not 

provided by the Dutch curricular textbooks (Jacobse & Harskamp, 2011). 
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but especially in large-scale studies these effects tended to be small or nonsignificant. The 

small-scale studies included in Faber and Visscher’s (2014) meta-analysis indicated that 

it is the combination of data with suggestions for instruction and sufficient teacher 

support that is crucial for positive effects on student outcomes. Specifically because of the 

inclusion of an instructional component in our PDP, thereby supporting teachers to 

practice and select effective teaching methods, we hypothesized that the PDP would 

positively affect students’ math achievement. Differential effects were investigated as 

well, in an explorative manner. It was investigated whether the PDP led to differential 

effects for initially weak or strong performers, and for students in grades 2 and 3. Since 

teachers set challenging goals for all students and aimed at reaching all of them, no 

differential effects of the PDP were expected at forehand.  

 

4.2 Method 

The current study had a quasi-experimental pre-posttest control group design. 

Propensity Score Matching was used to model the selection process. 

 

4.2.1 Participants 

Nineteen school teams voluntarily took part in the PDP without charge of fee. The 

school teams consisted of teachers from grades 2 and 3, senior support coordinators, and 

school leaders. For this study, only the teacher information was used.  

The current PDP was part of a larger cluster of five teacher training courses, all 

targeting (aspects of) data use. Since all training courses were directed at different 

grades, it was possible to use students in grades 2 and 3 from schools that took part in 

one of the other four interventions as a control group: the current study was the only 

study that focused on grades 2 and 3. The current study was also the only intervention in 

which senior support coordinators and school leaders were engaged. Therefore, it was 

assumed that contamination of the grade 2 and grade 3 teachers in the control schools by 

information from the other teacher training courses was minimal. 

The cluster of projects took place from 2010-2012. All five intervention studies 

lasted one school year: in our PDP, teachers participated in the school year 2011-2012, 

while the other four projects took place in either 2010-2011 or 2011-2012. As a result, 

information from control students could be used from both 2010-2011 and 2011-2012, 

provided that their teacher was not actively engaged in one of the other projects. In the 

case of teacher participation during the second year of the project (2011-2012), their 

students could serve as possible controls during the school year 2010-2011. Some 
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students, being taught by teachers who were not actively engaged in the project at all, 

were used as possible controls twice, for grade 2 in 2010-2011 and for grade 3 in 2011-

2012. 

Grade 2 and 3 students could only serve as control students in the case of 

complete mathematics assessment information (pre- and posttest) and if they could be 

linked to a specific class and teacher. In total, the assessment and class information was 

available for 1442 students: 527 students who had a teacher who participated in the PDP 

and 915 students who served as possible controls. A second outcome analysis was done as 

well. Here, teacher characteristics were also taken into account. For this second analysis, 

sufficient information - i.e., information on the math pre- and posttest, on classes, and on 

teacher attitudes - was available for 1108 students: 439 students in the experimental 

condition and 669 students serving as possible controls.  

Construction of a control group: Propensity Score Matching 

Given the quasi-experimental set-up of the current study, selection bias had to be 

taken into account. Such bias can be reduced through Propensity Score Matching (PSM) 

(Harder, Stuart, & Anthony, 2010; Rosenbaum & Rubin, 1983; Stuart, 2010). A basic 

principle of PSM is that it separates the design phase, in which the propensity score 

analysis minimizes pre-treatment differences between treatment and control group, from 

the outcome phase, in which causal treatment effects are estimated (Rubin, 2007). The 

assignment mechanism is thus modeled before treatment effects are considered.  

In the current study, PSM was conducted at student level as we wanted to 

incorporate all relevant information, like the individual mathematics pretest scores, in 

the matching. This means that for each treated or control student a propensity score was 

estimated using logistic regression (Rosenbaum & Rubin, 1983). Such a propensity score 

– in the current study to be understood as the conditional probability that a student was 

taught by a teacher who participated in our PDP, given a set of observed covariates – 

balances these observed covariates such that at each value of the propensity score the 

distribution of the covariates in the experimental and control condition is the same, 

without the need for exact matches on the individual variables used (Rubin, 2007; Stuart, 

2010). As a result, the sample consisted of students who were considered similar on all 

covariates but the treatment of their teacher.   

When using PSM, two key assumptions have to be taken into account: a) Strong 

Ignorability and b) the Stable Unit Treatment Value Assumption (SUTVA: see Stuart, 

2010). The latter assumption, requiring that there be no interaction between students in 
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the treated and the control condition, raised no problem in this study. As students in the 

treated schools (and their teachers) attended different schools from their control 

counterparts, the outcomes of the treated students were not influenced by the control 

students. The first assumption, Strong Ignorability, assumes that there is no hidden bias. 

Since there ought to be no unobserved variables that cause differences between the 

treated and the control group, the assumption of Strong Ignorability can be met 

(Rosenbaum & Rubin, 1983) if a) the PS is between 0 and 1 for treated and control 

students, meaning that every possible control could have received the treatment and b) 

all relevant covariates related both to treatment assignment and to outcomes are taken 

into account in the PSM (Brookhart et al., 2006; Steiner et al., 2010). Shadish, Clark, and 

Steiner (2008) stress in this respect the importance of rich and carefully measured 

covariates. In the current study, hidden bias was expected to be minimized by using not 

only demographic and achievement information at student and class level, but also 

teacher attitudes in the PSM. 

The final matched samples resulted from assessing the matching quality of 

multiple matching algorithms. Given that balanced covariates minimize bias in the 

outcome analyses, unbalanced matching is assumed to raise inaccuracy in treatment 

effect estimates (Harder et al., 2010). Therefore, good balance was considered the leading 

criterion in the evaluation of the propensity score analysis. This balance is represented by 

the “standardized difference in means”.13 In the current study, the matching algorithm 

yielding the smallest standardized differences in means for the majority of the covariates, 

all being smaller than 0.25 (Stuart, 2010), was selected while retaining sample size. In 

case of good balance, the algorithm yielding the maximum number of treated students 

was used. 

In the matching procedure, based on student and class characteristics, one-to-one 

nearest-neighbor matching without replacement yielded the best result in terms of 

balance and sample preservation. Here, a specific control student could be matched to a 

treated student only once, resulting in 527 treated and 527 control students. For the 

subset, the optimal match was established by nearest-neighbor matching with 

replacement, using caliper 0.2. Caliper matching only matches students in the 

experimental condition to students in the control condition who have a propensity score 

within a certain tolerance level: in our study, 0.2 standard deviations (Caliendo & 

                                                   

13
 The standardized difference in means is calculated by dividing the difference in means of the 

experimental and control groups by the standard deviation of the full treated group (Stuart, 2010). 
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Kopeinig, 2008). In the subset, control students were allowed to be matched multiple 

times, which was adjusted for by using weights in the outcome analyses.14 Furthermore, 

the caliper matching discarded incomparable students, thereby causing the lost of one 

treated student. Matching on the subset led to 438 treated and 239 control students. For 

both matching algorithms, the means for the treated and control students as well as the 

standardized mean differences are shown in Table 2. Initial analyses had shown that the 

relation between the math pre- and posttest was not linear. A quadratic term (Math 

pretest2) was therefore added to the matching procedure.  

 

 

                                                   

14
 PSM with replacement yielded a weight for each control student so that they had a weight 

proportional to the number of treatment units. To adjust for differences in group size, sampling 

weights were based on these original PSM weights (the PSM weight was multiplied by 1.8325). 
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Table 2: Means and Standardized Differences for the Two Matching Procedures, before and after Matching 
 Nearest Neighbor – Full Sample Cailper 0.2 with Replacement – Subset 
 Before matching Std. 

Mean 
diff 

After matching Std. 
Mean 

diff 

Before matching Std. 
Mean 

diff 

After matching Std. 
Mean 

diff 
 Treat-

ment 
Control  Treat- 

ment 
Control  Treat-

ment 
Control  Treat-

ment 
Control  

No of students 527 915  527 527  439 669  438 239  
Propensity .41 .34 .56 .41 .40 .09 .54 .30 1.13 .54 .53 .02 
Math pretest  54.14 54.11 .00 54.14 55.80 -.10 55.13 55.45 -.02 55.05 54.13 .06 
Grade .45 .41 .07 .45 .45 -.00 .47 .47 .01 .47 .43 .07 
Sex .47 .48 -.02 .47 .44 .06 .48 .46 .02 .48 .48 -.00 
Class size 22.84 23.33 -.10 22.84 22.88 -.01 22.48 23.70 -.27 22.48 22.02 .10 
Multi-grade .62 .43 .39 .62 .63 .02 .64 .35 .61 .64 .60 .08 
Math pretest2 3208.42 3228.58 -.01 3208.42 3396.07 -.10 3314.55 3374.98 -.03 3302.37 3261..09 .07 
Mean pretest  54.14 54.11 0.00 54.13 54.85 -.07 55.13 55.45 -.03 55.13 54.81 .03 
Heterogeneity  13.46 13.04 0.12 13.46 13.22 .07 13.53 13.16 .12 13.51 13.68 -.06 
Sex (mean class) 0.47 .48 -.08 .47 .46 .03 .48 .46 .07 .48 .45 .16 
Pretest*sd 725.30 709.96 .05 725.30 738.46 -.04 3.87 3.60 .38 3.86 3.72 .21 
Pretest*mean 
pretest 

3032.45 3061.26 -.02 3032.45 3168.00 -.10 3.03 2.65 .40 3.03 3.06 -.02 

Pretest*sex 24.40 25.00 -.02 24.40 23.24 .04 2.36 2.28 .10 2.36 2.35 .00 
Pretest*grade 28.20 26.99 .04 28.20 29.37 -.04 29.83 30.66 -.02 29.68 26.83 .09 
Pretest*multigrade 34.26 23.80 .35 34.26 35.24 -.03 25.10 24.76 .01 25.15 25.04 .00 
Pretest*Class size 1231.64 1262.13 -.07 1231.64 1272.41 -.09 3140.06 3208.24 -.05 3135.37 3033.46 .08 
Att. basic skills       743.17 732.86 .04 740.72 739.56 .00 
Att. DDDM       35.82 19.94 .53 35.69 33.86 .06 
Att. Differentiation       1239.62 1312.84 -.16 1238.20 1202.35 .08 
Pretest*basic skills       214.18 199.36 .19 213.61 201.78 .15 
Pretest*att.DDDM      166.37 146.36 .28 166.11 164.32 .02 
Pretest*att.differentiation      130.49 126.52 .06 130.15 128.02 .03 
Att. basic skills*att.diff.      9.08 8.27 .23 9.07 8.67 .11 
Att.DDDM*att.diff      7.41 6..26 .30 7.41 7.33 .02 
Att. basic skills*att.DDDM      11.73 9.62 .49 11.72 11.41 .07 
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As can be seen in Table 2, after matching, the standardized differences in means 

on all covariates and on the propensity score were small, no standardized mean 

difference being greater than 0.25. Figure 1 further shows that both PSM analyses led to 

sufficient common support, meaning that the propensity scores in treated and control 

conditions overlapped sufficiently. By its nature, caliper matching already implies that 

such common support is met, given the built-in maximum range of differences in 

propensity scores. The left picture shows that the nearest-neighbor matching on the full 

sample also led to a sufficient and large region of common support. As a last check on 

group comparability, post hoc tests on students’ individual pretest scores on a 

standardized comprehensive reading assessment, serving as a proxy for general cognitive 

capability, were conducted on both final samples.15 Both Independent-samples t-tests 

yielded nonsignificant differences in reading between treated and control groups (p=.55 

for the matched full sample and p=.14 for the matched subset, respectively). 

 

  
Figure 1: Common Support for Nearest-Neighbor Matching on the Full Sample (left) and for  
Caliper 0.2 with Replacement on the Subset (right) 

 
 

4.2.2 Variables and Instruments 

Variables at student, class, and teacher level were used in this study. Two 

instruments were used for data collection: a) a teacher questionnaire, containing, among 

other things, questions on teacher attitudes towards DDDM, and b) standardized 

mathematics assessments, providing information on student performance. Both 

instruments were used before and after the teacher training.  

                                                   

15
 Due to the relatively large amount of missing data on the comprehensive reading assessment, these 

scores were not included in the matching procedure itself. We checked for possible group differences 

afterwards.  
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Table 3 summarizes the time frame in which data collection took place. Pre- and 

posttest scores on the mathematics assessment of students in the control group were 

collected in 2010-2011 or 2011-2012. For the control condition, the teachers filled in a 

questionnaire in 2010 (pre-treatment) and 2012. In the experimental condition, a teacher 

questionnaire was filled in in July/August 2011 (pre-treatment) and in June 2012; 

students’ math performance was assessed in June 2011 (pretest) and in June 2012 

(posttest). The matching procedure was based only on information that was collected 

before the start of the PDP. The variables used in the PSM and in the outcome analyses 

are discussed below. 

 

Table 3: Time Frame of the Data Collection, Experimental versus Control Condition  

 June-Sept 2010 June 2011 July/August 2011 June 2012 

Condition TQ Pre 

test 

Post 

test 

TQ Pre 

test 

Post 

test 

TQ Pre 

test 

Post 

test 

TQ Pre 

test 

Post 

test 

Experimental     X  X   X  X 

Control 2010-2011 X X    X    X   

Control 2011-2012 X    X     X  X 

TQ: teacher questionnaire; Pretest: mathematics pretest; Posttest: mathematics posttest 

 

Variables at student level 

Mathematics Assessment scores 

The Cito standardized assessments for mathematics are part of the Cito LOVS 

assessment system that is used in 85 percent of Dutch schools and by all our participants, 

including the control condition. The tests are used in primary school (grades 1-6), and 

students are assessed twice a year: mid-term assessment in January and end-of-term 

assessment in June. Test scores of all assessments from grade 1 to grade 6 are linked to a 

single proficiency scale, ranging from 0 to 169. The tests have a good overall reliability in 

all grades (Cronbach’s alpha is at least .91, Janssen et al., 2010). In this study, the 

mathematics assessment scores were used as pre- and posttest in the treatment effect 

analyses. Since math performance is known to be strongly related to prior achievement, 

pretest scores were used in the matching procedure.  
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Sex 

Ganley et al. (2013) refer to various studies in which a (small) sex difference in 

mathematics test performance was found, with boys outperforming girls in assessments. 

Sex, a dummy-coded variable with boys as reference group, was used as a covariate in the 

matching procedure. 

Grade 

The PDP focused on teachers in grades 2 and 3. To account for performance 

differences between students in these two grades, grade was used as a covariate in the 

matching procedure. Grade was dummy-coded with grade 2 as the reference group. 

Variables at class level 

Multi-grade classes 

Multi-grade classes are classes that contain more than one grade. These classes 

are quite common in the Netherlands. They are found in small schools in rural areas and 

in schools with uneven numbers of students in different grades. They can also be 

established for pedagogical reasons. No significant differences in academic achievement 

have been found between students in single and multi-grade classes (Veenman, 1995; 

1996). Yet teaching multi-grade classes is acknowledged to be more complex (Mason & 

Burns, 1997; Veenman, 1997) and students have to work on their own for longer periods 

(Mason & Burns, 1997). To account for these influences on teachers’ aptitude for the 

PDP, on teachers’ behavior (and, as a result, on student achievement), a dummy-coded 

variable was taken into account in the matching procedure, single-grade class being the 

reference group.  

Class size 

Students in small classes tend to have more individual teacher attention, seem to 

be more actively engaged, and spend more time on task (Blatchford, Bassett, & Brown, 

2011). In order to take such influences into account, class size was used in the matching 

procedure. Class size was defined as the total number of students in class. In multi-grade 

classes, the numbers of grade 1 or grade 4 students were also included. 

Percentage of girls in class 

The percentage of boys or girls in class has been found to influence cognitive 

performance (De Fraine, Van Damme, & Onghena, 2002). Therefore, the percentage of 

girls in the class was used as a covariate in the matching procedure.  
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Average mathematics assessment 

The overall ability level of the class can influence the individual student 

performance level (De Fraine et al., 2002). The general level of mathematical proficiency 

of the class was calculated using aggregated pretest scores per grade. In multi-grade 

classes, the mean test scores of students in grades 2 or grade 3 were used, mean test 

scores of students in grade 1 or 4 were neglected. If grades 2 and 3 were in the same 

multi-grade class, class means were calculated separately for each grade. 

Heterogeneity of the class  

There are differences between classes as regards their levels of heterogeneity in 

ability levels, which can influence the level of complexity of teaching. In rather 

homogeneous groups, teaching tends to be relatively easy, as teachers do not need to 

adapt instruction to different levels of ability (Hanushek & Wößmann, 2006; Huang, 

2009). In more heterogeneous classes, ability grouping is needed, which complicates 

teaching in terms of, for example, classroom management, instructional time, and 

making adequate instructional modifications. To account for these influences, math 

heterogeneity of the class, i.e., the spread in student mathematics achievement levels 

within a class, was taken into account in the matching procedure. Heterogeneity was 

determined using the standard deviation of the class’s math pretest scores, grades being 

considered distinct classes in multi-grade classes. In multi-grade classes containing both 

grades 2 and 3, heterogeneity was thus calculated for both grades separately. 

Variables at teacher level16 

Variables at teacher level were used in the matching procedure in order to avoid 

selection bias in terms of teachers’ motivation to participate in and implement (parts of) 

the PDP. These variables were only used in the second matching procedure that was 

conducted on the subset of students. 

Teacher attitude towards a focus on basic skills 

Attitudes towards the recent national educational policy of focusing on math and 

reading were determined using a scale score based on three items. The scale, α=.71, 

ranged from 1 (complete disagreement with an emphasis on basic skills) to 5 (complete 

agreement). Teachers who agreed with a strong focus on basic skills might behave 

differently from their colleagues who disagree. The first group might spend more 

additional time on math during the day, thereby increasing children’s opportunities to 

                                                   

16
 The teacher variables used in the PSM were derived from a study on teacher characteristics that was 

conducted on the complete cluster of data use studies (Deunk & Doolaard, 2013). 
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learn and time on task (Muijs et al., 2014). Further, these teachers were assumed to be 

more aware of their measurable outcomes. The PDP stimulated teachers to make their 

teaching more targeted in mathematics, a core subject. Differences in how teachers 

valued basic skills might have influenced their inclination to participate in the PDP and 

also the math performances of their students. 

Teacher attitude towards performances 

Attitudes were measured in terms of how teachers perceived the nature of student 

performance (stable or dynamic) and in terms of their willingness to constantly strive to 

bring about better student achievement, even in the case of good performance. These 

teacher attitudes were summarized in an index, representing the mean score on four 

items. This mean score reflected 4 categories (1=negative attitude, 4=positive attitude). 

Attitudes towards performance might influence teachers’ dedication to maximize the 

capabilities of their students. Therefore, these attitudes might indicate teachers’ 

inclination to participate in the PDP and may also be related to math performance.  

Teacher attitude towards differentiation 

The perceived need for additional support of specific groups of students (e.g., 

weak and/or strong performers) was measured using 4 items, summarized in an index 

and represented by their mean score. This mean score was also distinguished in 3 

categories (1=low attitude towards differentiation, 3=high attitude). The way teachers 

think about the needs of students with different achievement levels, and about which 

groups of students should be given the most support and/or challenges, might influence 

their differentiation practices in class. Given the rationale of the PDP, that teachers 

should determine and work on challenging goals for all students while using data to 

monitor progress towards reaching the goals, it follows that teachers were supposed to 

use some differentiation practices, at least in case of somewhat heterogeneous classes. 

Attitudes towards differentiation might, therefore, have had an impact on teachers’ 

tendency to take part in the PDP, on its implementation, and, as a result, on the math 

performances of their students. 
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4.3 Analyses 

PSM analyses were conducted, using the package “MatchIt” (Ho, Imai, King, & 

Stuart, 2007; Ho, Imai, King, & Stuart, 2011) in R. Student, class, and teacher 

characteristics were taken into account in estimating propensity scores. Further, 

interaction terms were added to the logistic regression specification. 

Treatment effects of the PDP on students’ mathematics performance were 

estimated through a multilevel multiple regression analysis, using MLwiN software 

(Rasbash et al., 2012). The nested structure of the data (students in classes) was taken 

into account using a two-level analysis. In the multilevel analyses, students’ performance 

on the math posttest was the response variable and the PDP the independent variable. 

Given the initial hypothesis that the PDP would lead to higher mathematics achievement, 

one-sided significance testing was used to investigate the main treatment effect. The lack 

of hypotheses for the explorative analyses on differential effects of the PDP resulted in 

two-sided testing. 

Although PSM resulted in two equivalent groups, we followed Ho et al. (2007) in 

including in the outcome analysis all the main covariates that were used in the PSM. In 

doing so, we further minimized bias in the outcome analyses and increased the precision 

of the treatment effect estimate. Although models were run that included all covariates, 

for reasons of sparseness the models presented in Section 4.4 were estimated using only 

the significant covariates. Treatment effects did not depend on such model specifications.  

 
4.4 Results 

Treatment effects were estimated separately for a) the sample of treated and 

control students that were matched based on student and class characteristics, and b) the 

sample of treated and control students that were matched based on student, class, and 

teacher characteristics. In the latter matching procedure, a subset of the full sample was 

used. 

Matching on student and class characteristics led to a final matched sample of 527 

treated and 527 control students. Their mean pre- and posttest scores on the 

standardized math assessment are shown in Table 4, split up in mean scores for the 

grade 2 and grade 3 students in both the treatment and the control group. In the matched 

sample, the average pretest score of students in the experimental condition seemed 

somewhat lower than that of the control students, especially in grade 3, where, on 

average, students scored 2.34 points lower. However, t-testing showed no significant 

differences (t=-.88, df=581, p=.38 for grade 2 and t=-1.77, df=469, p=.08 for grade 3). At 
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the posttest, the difference between treated and control students in grade 2 seemed to 

have become somewhat larger, in favor of the control students, though differences 

remained nonsignificant (Independent samples t-test: p=.08 for both grade 2 and grade 

3). Notably, the standard deviation of the control students in grade 3 had lowered 1.54 

points on the posttest. Note that the nested structure of the data is not taken into account 

in Table 4. 

 

Table 4: Math Pre- and Posttest Scores, Treated and Control Students in Grades 2 and 3 (Matched Full 

Sample) 

   Math Pretest Math Posttest 

Grade Condition N Mean SD Range Mean SD Range 

Grade 2 Experimental 292 46.81 14.54 1-100 65.48 15.86 18-108 

 Control 291 47.86 14.45 6-88 67.48 15.58 26-108 

Grade 3 Experimental 235 63.24 14.58 21-113 80.44 14.31 34-131 

 Control 236 65.58 14.23 32-108 82.60 12.69 42-132 

 

Treatment effects were estimated using multilevel multiple regression models, 

based on the matched 1054 students. Since we matched at student level, these treatment 

effects are to be understood as the effect the PDP had on the math achievement of 

students that were taught by a teacher who participated in the PDP. Table 5 shows four 

multilevel models that were specified. Here, the math pretest is grand mean centered 

(gmc) for ease of interpretation. In the Covariate Model, covariates were added to the 

Empty Model. The individual math pretest score, the quadratic math pretest term, grade, 

and sex were found to be significant predictors for the math posttest, all indicated by an 

asterisk. Deviance testing indicated that the Covariate Model was a better fit to the data 

than the Empty Model (χ2=788.3, df=4, p<.001). This means that, keeping all other 

covariates the same, students with higher pretest scores performed better than students 

with lower pretest scores, grade 3 students had a higher posttest score than grade 2 

students, and boys outperformed girls. The Main Effect Model showed that the PDP had 

no significant effect. Adding the variable training resulted in a decrease of χ2=0.25, 

which is smaller than the critical value (5.02) in a chi-square distribution with df=1 for 

p=.05. Explorative analyses on the differential effects of the PDP for a) high or low 

performers and b) students in grades 2 and 3 did not show significant interaction effects 

of the PDP either (Interaction Model).  
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Table 5: Multilevel Analyses Predicting Students’ mathematics performance, Full Sample 

(N=1054) 

 Empty Model Covariate Model Main Effect Model Interaction Model 

 β SE β SE β SE β SE 

Response: Math 

posttest 

        

         

Fixed Part         

Intercept 73.75 .97    84.99 2.70      85.17 2.73     84.89 2.75 

Math pretest 

gmc 

  1.08* .09 1.08* .09 1.04* 0.10 

Math pretest2   -.00* .00 -.00* .00 -.00* 0.00 

Sex   -2.92* .65 -2.91* .65 -2.91* 0.65 

Grade   2.76* .98 2.78* .98 3.32* 1.35 

         

Training           -0.45 .90        .02 1.27 

Training*math  

pretest, gmc 

           .07 0.05 

Training*grade           -1.07 1.97 

         

Random Part         

Class level 75.44 13.69     9.75 2.89      9.67 2.87    9.73 2.88 

Student level 198.47 9.11  102.32 4.68 102.33 4.68 102.03 4.67 

     

-

2*loglikelihood:  

8724.68 7936.38 7936.14 7933.45 

No. of classes  108  108  108  108 

No. of students  1054  1054  1054  1054 

*: p<.05 

 

4.4.1 Check for robustness: Taking teacher characteristics into account 

The second matching procedure yielded a final sample of 677 students, 438 in the 

experimental condition and 239 in the control condition. It was carried out in order to 

check the robustness of the outcome analyses presented above. It was expected that the 

attitudes of teachers towards data use could influence not only teachers’ inclination to 

participate in the PDP, but also their teaching and, as a result, students’ math 

achievement; that is, teacher attitudes might have caused selection bias. Therefore, it was 

investigated, using the smaller sample, whether taking differences in teacher attitudes 

into account led to different effect estimates.  

For the matched sample, the mean math pretest scores are shown in Table 6, 

again split up into mean scores for the grades 2 and grade 3 students in both treatment 
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and control groups. No significant differences between matched treated and control 

students were found in either grade. The average pretest scores did not differ 

significantly for treated and control students in either grade 2 or grade 3 (t=.19, df=351, : 

p=.85 and t=.38, df=322, p=.71, respectively). The posttest difference between the 

treated and control students seemed to have become larger in grade 2, though the 

difference is not significant (t=-1.71, df=351, p=.09). In grade 3, no significant differences 

in the posttest results of treated and control students were found (t=.26, df=322, p=.79). 

In grade 3, the standard deviation on the posttest is 1.49 lower for the control students 

than for the treated students. Again, the nested structure of the data is not taken into 

account in Table 6. 

 
Table 6: Math Pre- and Posttest Scores for Treated and Control Students in Grades 2 and 3 (Matched 

Subset) 

   Math Pretest Math Posttest 

Grade Condition N Mean SD Range Mean SD Range 

Grade 2 Experimental 233 47.68 12.34 1-88 66.95 15.23 26-108 

 Control 120 47.39 12.47 21-75 69.85 14.92 38-108 

Grade 3 Experimental 205 63.42 14.76 21-113 80.41 14.39 34-131 

 Control 119 62.79 14.43 33-108 80.01 12.90 43-132 

 

For the matched students in the subset, treatment effects were again estimated 

using multilevel models. Table 7 shows the four multilevel models that were specified. 

Again, the math pretest was grand mean centered (gmc) for ease of interpretation. In the 

Covariate Model, individual math pretest score, sex, and the quadratic pretest term 

significantly predicted the math posttest; the deviance test indicated a better model fit for 

the Covariate Model than for the Empty Model (χ2=468, df=4, p<.001). Contrary to the 

earlier multilevel analyses presented in Table 5, grade was not a significant predictor for 

the posttest score, meaning that students in grade 2 did not perform significantly higher 

or lower than students in grade 3. 17  The Main Effect Model showed that including 

treatment did not alter model fit: the deviance decreased 0.31, which is smaller than the 

critical value (5.02) in a chi-distribution with df=1 for p=.05, meaning that the PDP had 

no significant effect on math posttest scores. In the Interaction Model, differential effects 

of the PDP on students with different initial achievements and from different grades were 

estimated. Again, no significant interaction effects of the PDP were found. 

                                                   

17
 Grade was included in the Covariate model, since we also aimed to investigate possible differential 

effects between grade and the treatment (see Interaction Model). 
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Table 7: Multilevel Analyses Predicting Students’ mathematics achievement, Subset (N=677) 

 Empty model Covariate Model Main Effect 

Model 

Interaction Model 

 β SE β SE β SE β SE 

Response: Math posttest        

         

Fixed Part         

Intercept 73.58 1.04      83.10 3.83     83.36 3.97       83.55 4.05 

Math pretest, 

gmc 

  0.96* 0.13 0.96* 0.12 0.92* 0.13 

Grade        1.62     1.22     1.62 1.21      1.48 1.91 

Sex   -3.10* 0.84 -3.10* 0.85 -3.07*      0.85 

Math pretest2   -0.00* 0.00 -0.00* 0.00 -0.00* 0.00 

         

Training         -0.64   1.16     -0.68 1.85 

Training*math 

pretest, gmc 

         0.09 0.07 

Training*grade          0.16 2.43 

         

Random Part        

class level 52.42 10.39    11.29 4.78 10.97 4.75   11.07 4.86 

student level 247.93 22.14   131.19 18.41  131.32 18.45 130.65 18.09 

-2*loglikeli-

hood:  

5632.29 5164.24 5163.93 5160.98 

No. of classes  76  76  76  76 

No. of students 677  677  677  677 

*: p < .05 

 

4.5 Discussion 

 

4.5.1 Main findings 

The effects of our teacher PDP on students’ mathematics achievement were 

investigated in this study. The PDP targeted data use, which was conceptualized as 

consisting of three key elements: determining the desired performance level, establishing 

the actual performance level, and pedagogical strategies to reach the desired 

performance level (that is, the goal), thereby closing the gap between the actual and the 

desired level. Participation in the PDP was supposed to lead to improved teacher 

knowledge and skills in the interrelated practices of goal setting, data analysis, and 

effective instruction. This combination was expected to lead to more targeted and aligned 

teaching practices that would better fit student’s instructional needs, resulting in 
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improved math performances of students. Yet the multilevel analyses did not show any 

significant main or interaction effect of the PDP on student performance. 

The current study had a quasi-experimental pre-posttest control group design. 

Given its non-experimental set-up, selection bias was adjusted for through PSM. As a 

result, treated and control students differed only randomly in terms of the observed 

covariates. Two separate matching procedures were conducted. The first, in which 

matching was based on student and class characteristics, yielded the best choice between 

matching quality (in terms of covariate balance) and sample preservation. To further 

minimize the remaining hidden bias, teacher characteristics were added in the second 

matching procedure. Since information on teacher attitudes was not available for all 

teachers, the second matching procedure was conducted using a subset of the data. The 

use of relevant pretreatment information at three different levels (student, class, and 

teacher), was assumed to strongly reduce selection bias. As a result, we do not expect 

effects of the PDP to have remained unobserved. 

 

4.5.2 Interpreting the study findings 

Counter to our expectations, our PDP, in which the interrelated three components 

goal setting, data analysis, and instruction were combined, did not yield improved 

mathematics achievement among students. This result might indicate that our 

multicomponent PDP 1) was effective, but we did not detect its effect, 2) was not effective 

yet, 3) was not effective at all, or 4) was not effective in this specific set-up. As mentioned 

above, the use of PSM, in which we matched based on student-, class-, and teacher-level 

covariates, makes it improbable that the effects of the PDP remained unobserved 

(possible explanation 1). The second possible explanation suggests that it may take longer 

to find an effect. This might at least partly explain why no positive effects of the teacher 

training course on student performance were found. In the PD literature, DeSimone 

(2009) and Wayne and colleagues (2008) called for prudence when it comes to expecting 

an impact of PD interventions on achievement too quickly, as it takes some time for 

teachers to implement new practices. Based on their study on the use and effects of a data 

system (the Acuity system), Shaw and Wayman (2012) also stated that, ideally, the effects 

of programs on data use should not be measured too soon. They argued that it takes 

schools at least two years to implement the desired way of working. From this 

perspective, the time frame in which program implementation and results were 

measured in the current study - only one school year - might just be too short. The 

possibility that the PDP could have generated different, more targeted and aligned 
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teacher behavior in the longer run, in combination with improved student performance, 

should, therefore, not be rejected.  

The two other possible explanations for not finding effects are that our 

multicomponent PDP was not effective at all due to an ineffective combination of 

elements (possible explanation 3) or that it was not effective the way we conducted it: not 

because of (the combination of) the three elements, but due to an inadequate fit of its 

components to teacher needs and/or due to implementation problems (possibility 4). 

Given the empirical evidence for improved performance of our three separate 

components (Black & William, 1998; Borman et al., 2003; Fuchs et al., 1985; Locke & 

Latham, 1990; Muijs & Reynolds, 2011) and the theoretical assumption that the three 

interrelated components reflect the core features of data use and a formative use of data 

(Visscher & Ehren, 2011; Black & William, 2009), we expect the fourth possibility to be 

more plausible than the third and we will, therefore, further explore the idea that the 

PDP was not effective in its current form; in doing so, we will focus on its content and its 

implementation.  

Our PDP consisted of three components. In order to explain the study results we 

will mainly focus on the instructional component, since the relation between data 

analyses and instruction is considered crucial (Faber & Visscher, 2014; Lai et al., 2009; 

Slavin et al., 2013; Timperley & Parr, 2009; Marsh, Sloan McComb, Martorell, 2010), but 

complex: teachers mainly seem to use data in a rather superficial way, for instance, for 

re-teaching purposes (Goertz et al., 2009), and they have been found to have difficulties 

in making adequate data-informed decisions on future actions by themselves (Heritage et 

al., 2009; Shaw & Wayman, 2012). Slavin and colleagues (2013) also argued that 

instructional modifications, through using methods that have been rigorously tested and 

proven effective, are key to effective data use. In the current study, two evidence-based 

instructional methods were addressed and practiced by the teachers, direct instruction 

and modeling, supplemented with math-specific instructional recommendations. In this 

way, we expected to give teachers tools for solving the problems that had become clear 

from the data. Yet, despite the proven effectiveness of the general instructional methods 

for raising student performance, it is possible that these methods were not specific 

enough for teachers to solve problems in student understanding. More detailed guidance 

on how to relate data to instructional adjustments might have been needed. Moreover, in 

hindsight, the usefulness of including DI in our PDP is questionable, especially since DI 

is relatively well-known in the Netherlands. In their initial teacher training, student 

teachers learn to teach through DI, and a lot of teachers in the experimental group had 
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some kind of training in DI earlier on in their teaching careers. As a result, the teachers 

might not have felt the need to improve their implementation of DI, either because they 

were not sufficiently motivated to do so or because they were not (fully) aware of flaws in 

their own use. Focusing the instructional part on the two general instructional methods, 

DI and modeling, and, particularly, selecting DI as one of these, might just not have fitted 

teacher’s instructional needs, as the teachers did not receive specific recommendations 

for solving specific problems in understanding and might not have been stimulated to 

adapt their own teaching behavior, thereby impeding successful program 

implementation. 

A second possible flaw in the set-up of the PDP was the combination of its 

duration, one school year, and the broad scope of the program. This had consequences 

for the depth in which the components were discussed. For instance, teachers received 

guidance from the researchers in conducting and interpreting relevant data analyses of 

the standardized assessments for their own students (PDP component 2). However, data 

from other sources (like curricular textbook assessments or seat work) should also be 

used to inform instructional decisions. Their relevance was stressed during the meeting. 

Yet, due to time constraints, it might be that this was touched upon relatively 

superficially, making it questionable whether teachers felt fully supported in using and 

aligning several sorts of data in their daily teaching practice. Time constraints and the 

richness of the program might have further rendered attention to instruction (PDP 

component 3) superficial. Teachers probably needed more time to fully understand, 

practice, implement, and incorporate the two general, evidence-based instructional 

methods and the math-specific recommendations. Stretching the duration of the PDP 

might have helped to improve the quality of elements of the program, thereby enabling 

teachers to better grasp the content of the PDP; as a result, this might have improved its 

implementation by the teachers. 

 

Relating the study results to a joined PDP on reading 

The results of the current study should also be interpreted in light of the findings 

of van Kuijk et al. (2015), who found a positive effect for the PDP on reading 

comprehension, with and effect size of d=.37. What makes this puzzling is that the 

reading study was combined with the current study in a one-year, joined PDP, having the 
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same participants.18 In the set-up of this joined PDP, the participating teachers had to set 

performance standards and performance goals both for reading and for math, were 

expected to gain knowledge and skills in making and interpreting data analyses on 

reading as well as math, and practiced the two general instructional methods, direct 

instruction and modeling. This was supplemented with subject-specific instructional 

information. Up to now, we attributed the lack of positive effects of the PDP on student 

performance to either the short amount of time given to the teachers to implement new 

practices or to flaws in the PDP’s set-up. However, these aspects did not seem to hinder 

the improvement of students’ reading skills as a result of the PDP. What is it then that 

caused the joined PDP to have a small to medium positive effect on reading and no 

significant effect on mathematics?  

Again, the content of the instructional component might be questioned, 

particularly the content of the domain-specific part for mathematics and reading. Math-

specific information related to two PDP components: instruction and data analysis. First, 

the instructional part specifically focused on a topic that was relatively sparsely 

addressed in the Dutch curricular textbooks: instruction on problem-solving approaches. 

Second, the use and interpretation of a more complex data analysis, the error analysis, 

was practiced and discussed as regards teachers’ own students. This in-depth analysis of 

the math assessment was discussed in combination with subsequent steps, like the 

diagnostic math interview, as they were considered important steps for determining the 

actual level of students’ understanding – the point from which well-considered 

instructional modifications could be decided on. In contrast to the domain-specific 

elaboration for math, the reading-specific instructional part was focused solely on 

reading strategies and the curriculum, as these are less elaborated on in the curricular 

textbooks for comprehensive reading. The strong emphasis on instruction in the reading-

specific part of the PDP might have influenced instructional behavior in reading 

substantially, resulting in better student performance in reading, whereas the focus of the 

math-specific instructional part on both data analysis and instruction might have led to 

fewer instructional changes by the teachers. 

                                                   

18
 The results on student achievement in the reading study were based on 35 treated groups, whereas 

those for math were based on 49 groups. Reading results were based on a subset of the groups used in 

the math study, because not all schools used the standardized assessment for reading in grade 1, the 

pretest in the reading study. 
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A second possible explanation for the different effects of the joined PDP on math 

and reading concerns competition: teacher time is scarce and in cases where teaching 

adaptations in two competing subject domains were fostered, the actual changes in 

teacher behavior might have been limited to the subject domain in which the teachers felt 

that there was more to gain - in the reading domain. In general, Dutch teachers are 

known to stick closely to the curricular textbooks (Meelissen et al., 2012).19 Yet there are 

differences in math and comprehensive reading textbooks. Math textbooks are clearly 

structured and offer elaborate suggestions for daily lessons. Further, they offer lesson 

designs that contain key elements of DI and provide specific suggestions to adapt 

instruction and seat work to students’ capabilities (Kuiper & Palma, 2012). All in all, the 

math curricular textbooks offer teachers ample support for clearly structuring the lessons 

and for implementing differentiation practices relatively easy. This seems to be 

confirmed by observational data from the Dutch Educational Inspectorate, who found 

that approximately 70% of Dutch teachers differentiate between math ability levels 

(Educational Inspectorate, 2014; 2013). Moreover, Dutch teachers tend to consider 

themselves (very) well equipped and feel highly confident to teach mathematics 

(Meelissen & Drent, 2008; Meelissen et al., 2012). In the domain of comprehensive 

reading, teachers are less well supported by the curricular textbooks regarding 

suggestions for differentiation, effective strategies, and selection of relevant tasks (Kuiper 

& Palma, 2012; van Berkel, Krom, Heesters, van der Schoot, & Hemker, 2007). Teachers 

also seem to experience difficulties in teaching comprehensive reading (Stoeldraaijer and 

Forrer, 2012). A PDP targeting data use, in which differentiation as a result of the 

different desired and actual performance levels, and instruction play an important role, 

might, therefore, have fitted the needs of Dutch teachers in the reading domain far better 

than in the math domain. This might have been reflected in the significant positive 

effects in reading but not in math. 

Related to this second explanation is the hypothesis that it might be difficult for 

teachers to focus on adjustments in two subject domains simultaneously, especially in a 

short amount of time. The information provided by our entire PDP might just have been 

too much, causing teachers to select those methods and information only in the subject 

domain where they needed them most. Further, the fact that modeling was introduced, 

                                                   

19 An important finding, however, is that, although teachers primarily keep to their math textbooks, 

the actual  implementation of the curriculum and the quality of interaction in class differ strongly from 

one class to the other (Royal Netherlands Academy of Arts and Sciences, 2009). 
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discussed, and practiced in the domain of comprehensive reading, while stressing its 

importance for mathematics, might have complicated its implementation in the math 

lessons due to problems teachers experienced in transferring knowledge and skills from 

one domain to the other. A closer look at the results from the program of the Centre for 

Data-Driven Reform in Education (CDDRE-program; Carlson et al., 2011; Slavin et al., 

2013), which focused on enhancing the performance of grade 5 and grade 8 students in 

both math and reading, might support our idea that it is difficult to implement data use 

in both subject domains at the same time. The findings of the study on the first year of 

the program, in which the effect of benchmarking assessments on state assessments for 

grade 8 students was evaluated, showed small significant positive effects for math, but no 

significant effects for reading (Carlson et al., 2011). Similar to our findings, the results of 

the four year long - CDDRE program (Slavin et al., 2013) showed the strongest effects on 

reading. For math, no significant effects were found for grade 5 in any of the years, and in 

grade 8 significant effects were found only in year 1; see Carlson’s study (2011). 

Moreover, Slavin and colleagues’ finding that math results approached statistical 

significance in the fourth year provides additional support for the assumption that it 

takes some time for teachers to be able to generalize knowledge and skills to different 

subject domains and that full implementation of DDDM should not be expected too 

quickly. 

 

4.5.3 Limitations 

Our results should be interpreted in light of certain limitations. First, taking into 

account more elaborate measures regarding, for instance, teacher behavior might have 

facilitated interpretation of our findings. Our expectation was that the multicomponent 

PDP on data use would improve student achievement due to more targeted and better 

aligned teaching (cf. Lai et al., 2009; Timperley & Parr, 2009). Such modifications in 

teaching were supposed to result from the PDP’s overall design, which adhered to the five 

core features of effective PDPs (Borko, 2004; Desimone, 2009; Garet et al., Porter, 

Desimone, Birman, & Yoon, 2001): content focus, collaboration, coherence with 

educational policy, active learning, and a minimum duration of 20 hours. Since these five 

characteristics are widely acknowledged to support teacher learning, we expected the 

PDP to optimally support teacher change, which is conditional for a change in student 

outcomes. The focus of this article, the effectiveness of the PDP on student achievement, 

left open the question whether teachers actually changed their teaching behavior as 

expected. Information on the behavioral changes of teachers, for instance, through 
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observations or teacher logs, would have added valuable insights to our effectiveness 

findings. 

A second limitation is related to the quality of the matching. To adjust for self-

selection problems in the quasi-experimental design of the study, propensity score 

matching was used. Covariates at student, class, and teacher level that were expected to 

relate to both PDP participation and student performance were used in the matching. 

However, we cannot be sure whether the set of covariates used was rich enough to 

account for hidden bias (Shadish et al., 2008). For instance, pre-treatment information 

on teacher behavior may have played a role, like teachers’ actual use of specific data 

analyses or the instructional adjustments to students’ needs they already normally made 

in class. Additional pre-treatment teacher attitudes, providing information on whether 

they thought they needed data to inform their teaching (Schildkamp & Kuiper, 2010) and 

on whether they valued performance feedback, might also have been valuable covariates 

to use in the PSM, as teacher attitudes towards data have been found to be a relevant 

predictor for using the data (Bosker, Branderhorst, & Visscher, 2007; Vanhoof et al., 

2011). Furthermore, at the student level, non-cognitive characteristics, such as student 

motivation and concentration, might also have acted as confounders.  

 

Although the PDP did not yield significant positive effects on the math 

achievement of students, we consider the results of the current study valuable, both for 

practice and for research. Although data-driven decision making has been embraced by 

the governments of many (western) countries in which it is one of the spearheads of 

educational policy, its effectiveness for student achievement has not been proven 

conclusively (Quint et al., 2008; Henderson et al., 2007). Our findings confirm that it is 

not straightforward that the use of data and the provision of support in detecting 

problems in student performance and understanding yields improved student 

performance. The current results also lead us to question whether the provision of 

general instructional methods offers rich enough instructional support for teachers to 

truly adapt their teaching practices to better fit students’ educational needs. Although 

data-driven decision making is an appealing approach, more time seems to be needed to 

fully capture what elements are crucial for its effectiveness on student performance and 

in what specific configuration. Training teachers in the implementation and 

incorporation of DDDM tends to be a complex process, in which several factors like time, 

teacher needs (for example, regarding differentiation practices, instruction, and data-

analytical skills), and the context (Lai et al., 2009) seem to play an important role in the 
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implementation of the desired way of working. Policymakers should be aware of this and 

should, therefore, not be too keen on finding quick results following policy changes.  

 

 

  


