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Science and art have in common intense seeing,
the wide-eyed observing that generates multiple information. 

It is about how seeing turns into showing, 
how empirical observations turn into explanations and evidence 

- Edward Tufte, 2006, 9.
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1 Introduction

The quality of education constantly demands attention. Research has shown that data 
can help to make the quality of educational institutions visible and that these data 
can be used to improve education (Campbell & Levin, 2009; Hargreaves & Braun, 
2013). Studies have shown that data use to advance education can, for example, 
improve students’ learning gains (e.g., Campbell & Levin, 2009, Carlson, Borman, & 
Robinson, 2011; Lai & McNaughton, 2016; McNaughton, Lai, & Hsaio, 2012). However, 
notwithstanding the increased availability of data due to recent technological and 
educational developments (OECD, 2013), data use in education continues to fall short 
of the expectations (Inspectie van het Onderwijs, 2012).

In teacher education, not only can data be used to improve instruction, but 
learning how to work with data could also become part of the curriculum for future 
teachers. In that sense, data use has multiple layers: teacher educators can use data 
themselves to improve their instruction and they can teach future teachers to use data 
to improve their instruction.

This dissertation is about teacher educators learning how to use data. For the 
purpose of this dissertation, data represents different student characteristics (e.g., 
tests, attendance, observational data), teacher educator characteristics (e.g., teacher 
educator behaviour, use of course materials, tests), and organisational characteristics 
(e.g., curriculum, time tables) (e.g., Schuyler-Ikemoto & Marsh, 2007). This dissertation 
uses a broad definition of data and defines data as “information describing educational 
practices” (Han, Kamber, & Pei, 2012, 40). This definition encompasses both qualitative 
and quantitative data. 

Although research has shown that data use can have a positive effect on the 
quality of education, there is little or no use of data in education, for various reasons. 
An important reason for the scarcity of data use in education is teacher educators’ lack 
of data skills regarding data use (Mandinach & Gummer, 2012). In order to increase 
data literacy among teacher educators, professional development is crucial (Hazi & 
Rucinski, 2009; Nygren, 2009). Professional development is most effective when it 
takes place in professional learning communities (Jimerson, Choate, & Dietz, 2015; 
Jimerson & McGhee, 2013). These are forms of professional development in which the 
participants develop knowledge, skills, and attitudes as well as solving an educational 
problem (Borko, 2004). Professional learning communities focused on data use are 
called data teams (Schildkamp, Handelzalts et al., 2014).

Little is known about the extent to which teacher educators use data and to 
what end, nor is much known about the best way to aid teacher educators in their 
professional development on this front. This dissertation therefore focuses on the 
professional development of teacher educators regarding data use. The aim is
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not just to improve the development of knowledge, skills, and a positive attitude 
regarding data use, but also for teacher educators to learn how to use data for school 
advancement and instructional improvement. 
 The studies that form the basis of this dissertation made use of micro-process 
research. This is a form of research which closely studies the patterns between people 
in an organisation, in this case, the patterns that lead to professional development in 
data use, in order to gain insight into the way professional development contributes 
to data use (Little, 2012). In order to gain insight into how teacher educators who are 
participating in a data team gain knowledge and skills in data use and how it benefits 
their educational practice, data use at a teacher education college was investigated. The 
research question central to this investigation was: How does a data team contribute to 
the development of teacher educators’ ability to use data to improve their educational 
practice?

Paragraph 1 is an introduction to the research. Paragraph 1.1 describes the 
most important concepts used in this dissertation: data use, factors influencing data 
use, professional development regarding data use, and the knowledge, skills, and 
attitudes necessary for data use. Paragraph 1.2 paints a picture of the intervention 
that was the focal point of three of the four studies and paragraph 1.3 deals with the 
four studies that are part of the dissertation, after which the chapter concludes with a 
reader’s guide (§ 1.4).

1.1 Theoretical Framework

1.1.1 Reasons for Data Use

Data can be used in different ways to improve the quality of education. Schildkamp, 
Poortman, Luyten, and Ebbeler (2016) distinguished three forms of data use. First, data 
can be used for accountability. This involves providing stakeholders (e.g., NVAO, the 
review committee, primary schools) with insight into the school’s performance and into 
its allocation of resources (e.g., Cramer, Little, & McHatton, 2014). The central idea 
behind this form of data use is that public organisations, like commercial organisations, 
need to account for their results (Hood, 1995). Colleges and universities provide insight 
into their results by means of accreditation, for example.

Second, data can also be used for school development. This involves 
conducting an analysis of the schools's strengths and weaknesses by means of 
data. Interventions for school development (e.g. policy development, curriculum 
development) are developed by means of data, data analysis, and conclusions (e.g., 
Hexom & Menoher, 2015; Jimerson et al., 2015). The central idea behind this form 
of data use is that the decision-making process within organisations is rational (Earl & 
Fullan, 2003). For example, data can be used to improve the teacher education 
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curriculum (Hexom & Menoher, 2015).
Finally, data can be used for instructional improvement. This involves using 

data to gain insight into student learning and connect it to possible learning gains, to 
provide students with feedback, and to adapt the instruction to the students’ learning 
needs. For example, a teacher educator can decide to rearrange the educational 
process, to differentiate, or to make use of different methods (e.g., Cavalluzzo, 
Geraghty, Steele, & Alexander, 2013; Reeves, Summers, & Grove, 2016). The central 
idea behind this form of data use is that by gaining insight into students’ performance, 
instruction can be improved upon to better meet their specific instructional needs 
(Black & Wiliam, 2010).

1.1.2 Factors Influencing Data Use

Whether data are used in one of these ways depends on several factors. Research by, 
among others, Hoogland et al. (2016), Schildkamp and Kuiper (2010) and Schildkamp 
and Poortman (2015), has shown that characteristics of the data and data information 
systems, of the user, of the collaboration related to data use, and of the organisation 
are factors that influence data use (see Table 1.1).

Table 1.1
Factors influencing data use in education (based on Hoogland, et al., 2016)

Factor Sub factor

Data and data 
information systems

Data: timely, reliable, and valid data, which meet the user’s needs
Data information systems with easy access to data and possibilities for 
analysis

Organisation Leadership: leadership in the field of data 
Vision, standards, and objectives in using data
Facilitation of data use
Support in data use

User Data skills
Seeing opportunities for instructional improvement by means of data

Collaboration Collaboration with other colleagues

Factors Concerning the Data and Data Information Systems

Data and data information systems influence data use (Hoogland et al., 2016; 
Schildkamp & Kuiper, 2010; Schildkamp & Poortman, 2015). It is important that the 
data are valid and reliable (Hubbard, Datnow, & Pruyn, 2013; Kerr, Marsh, Ikemoto, 
Darilek, & Barney, 2006; Schildkamp & Kuiper, 2010), that they are timely, which means 
up-to-date, and easily accessible (Brown, Bristol, De Four-Babb, & Conrad, 2014), and 
that they meet the user’s needs (Schildkamp & Kuiper, 2010). When it comes to data 
information systems, Hoogland et al. (2016) stated that they need to be easy to access 
and the data need to be easy to retrieve. In addition, the system should also have 

 introduction 1
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access to functionalities for data analysis and interpretation (Hubbard et al., 2013, Kerr 
et al., 2006; Schildkamp, Karbautzki, & Vanhoof, 2014).

Factors Regarding the User

Data use also depends upon the user’s characteristics. Hoogland et al. (2016) indicated 
that the user’s data skills are an important factor, such as the ability to create and 
develop tests, to conduct observations, and so forth in order to collect data on 
educational practice (Christoforidou, Kyriakides, Antoniou, & Creemers, 2014), to 
collect, analyse, and interpret various types of data regarding the student’s learning 
and education (Brown et al., 2014; Kerr et al., 2006), to assess the quality of data 
(Blanc et al., 2010), and to develop, implement, and evaluate improvement measures 
based upon data (Brown et al., 2014; Blanc et al., 2010; Kerr et al., 2006). Besides data 
skills, the conviction that data can contribute to school advancement and instructional 
improvement is important as well (Marsh, 2012). A negative attitude towards data, 
for example, hampers data use (Datnow, Park, & Kennedy-Lewis, 2013; Schildkamp, 
Rekers-Mombarg, & Harms, 2012), whereas data will be used sooner when people are 
convinced that students will profit from this (Coburn & Turner, 2011).

Factors Regarding the Collaboration Between Teacher Educators

In order to use data effectively, it is important for teacher educators to collaborate 
(Hoogland et al., 2016). The objective of data use is to construct knowledge. Data are 
used to develop knowledge regarding the problem teacher educators are working 
on, which requires them to take a critical look at their pre-existing concepts regarding 
the problem. Working on this in teams makes it possible for teacher educators to 
analyse and interpret data together, and through discussion to reach revised or 
new conclusions, and develop improvement measures based upon this new-found 
knowledge (Farley-Ripple & Buttram, 2014; Hubbard et al., 2013; Schildkamp, 
Karbautzki, Breiter, Marciniak, & Ronka, 2013). 

Factors Regarding the Organisation

Finally, data use is also influenced by organisational factors. An important element 
within the organisation is how management steers the organisation towards collective 
responsibility and mutual trust (Blanc et al., 2010; Firley-Ripple & Buttram, 2014). 
Another important element is the organisational vision regarding data and data use 
and the standards and objectives for data use (Blanc et al., 2010; Farley-Ripple & 
Buttram, 2014). Moreover, facilitation of data use also plays a role (Hubbard et al., 
2013; Wayman, Cho, Jimerson, & Spikes, 2012) as does having the support of an 
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expert in data use (Schildkamp & Kuipers, 2010; Wayman & Jimerson, 2014). In short, 
it is important that there is a culture of data-based decision making (Hoogland et al., 
2016). 

1.1.3   Professional Development

Because data skills and the teacher educator’s attitude towards data are crucial for data 
use (see 1.1.2), professional development is necessary. Research into effective forms 
of professional development (Desimone, 2011; Lomos, Hofman, & Bosker, 2011; Van 
Veen, Zwart, Meirink, & Verloop, 2010; Vescio, Ross, & Adams, 2008) has cited the 
following characteristics of successful professional development:

 – Professional development is based upon a shared vision on the content. 
 – The problem on which the professional development focusses, originates 

within the school, the content of professional development is always related to 
education and teaching and the focus lies on the students’ learning gain. 

 – The members of the team study their educational practice and use this as a 
basis for improvement measures for their educational practice.  

 – The objective is not just to gain new knowledge and learn new skills and attitu-
des, but also to implement and evaluate what has been learned. 

 – Participants are supported in implementing what has been learned. Support is 
available on demand. 

 – The entire team, including management, participates in the intervention.
 – Professional development is not a short-term intervention. 

According to various researchers (Borko, 2004, Darling-Hammond, 2010, Stoll, Bolam, 
McMahon, Wallace, & Thomas, 2006, Vescio et al., 2008), professional learning 
communities are an effective form of professional development. In this form of 
professional development, the members continuously seek to learn and share what 
they have learned in order to improve education (Sjoer & Meirink, 2015). Conversation, 
during which possible educational problems are established, solutions to the problem 
are developed, implemented, and evaluated, is a vital element within a professional 
learning community (Stoll et al., 2006).

How these conversations among the members of the professional learning 
community take place is important for the gain in learning by the participants in the 
professional learning community. Whether the members are looking for improvement 
measures, and implementing and evaluating them in order to develop and share 
knowledge is especially important (Achinstein, 2002; Henry, 2012; Neil & Johnston, 
2005; Schuyler-Ikemoto & Marsh, 2007; Stokes, 2001; Supovitz & Christman, 2003). 
In order to determine whether this is the case, Henry (2012) uses the perspective of 
relevance and depth of inquiry in conversations. As far as relevance, less effective 
teams spend more time on administrative work and student discipline and less on 

 introduction 1
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instruction, student learning, and learning materials (Neil & Johnston, 2005). As far 
as depth of inquiry, teams that achieve higher student learning gains employ higher 
level thinking skills (Achinstein, 2002; Stokes, 2001) and have conversations with 
considerable depth of inquiry. The depth of inquiry in conversations can be described 
as members displaying an inquisitive attitude aimed at developing new knowledge and 
taking action based upon data, while at the same time critically reviewing every step 
in the process of developing new knowledge and the action taken based upon this 
knowledge (Henry, 2012). In order to do all of this, the conversations need to be based 
upon reasoning, listening, and investigating the underlying assumptions, and need 
to be aimed not only at change, but also at constructing knowledge regarding the 
problem at hand, at the individual level as well as at the team level (Schuyler-Ikemoto 
& Marsh, 2007). Data in these conversations can be used to identify the problem, to 
point in the direction of possible solutions, and to evaluate whether the improvement 
measures have had the desired effect (Jimerson & McGhee, 2013).

1.1.4 Professional Development: Gaining Knowledge, Skills, and Positive 
Attitudes Regarding Data Use

In order to have conversations within professional learning communities that lead to 
the improvement of education, teacher educators need to be given the opportunity to 
develop the necessary knowledge, skills, and attitudes regarding data use. Mandinach 
and Gummer (2016b) distinguish the following necessary data skills: the user needs 
to be able to identify problems and describe possible hypotheses regarding the 
problem. The user also needs to collect data based upon these hypotheses. In order 
to do so, the user needs to have access to data, be able to retrieve the data from the 
system, and, depending on the problem, be able to link them to other data. The user 
needs to be able to assess the quality of data in order to subsequently analyse them. 
Based upon this analysis, the data need to be interpreted and conclusions need to 
be drawn regarding the formulated hypotheses. When the hypotheses are confirmed, 
improvement measures need to be developed, implemented, and evaluated. When 
the conclusions do not support the hypothesis, the hypothesis is rejected, which results 
in going through the procedure again, this time with a new hypothesis and new data.

Besides knowledge and skills regarding data use, attitude is also important. 
A positive attitude towards data is defined by the conviction that education can 
be improved based upon data, and that students will profit from this improvement 
(Coburn & Turner, 2011; Staman, Visscher, & Luyten, 2013).

Knowledge, skills, and attitude are vital for data use and often lacking; 
professional development is therefore crucial (Mandinach & Gummer, 2013). 
Professional development in the form of a professional learning community, for the 
purpose of this investigation in the form of a data team, is often an effective mode of 
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professional development (Borko, 2004; Darling-Hammond, 2010; Stoll et al., 2006; 
Vescio et al., 2008).

1.2 The Context

This investigation took place at a school for higher education in The Netherlands, 
where a teacher education college was prepared to improve the quality of its education 
by using data. Based upon the performance agreement the teacher education college 
made with the board, the college had set itself the task of reducing the student drop-
out rate during the first year, in order to meet the targets the board of the school for 
higher education had agreed upon with the Ministry of Education. In order to work on 
meeting these targets, a professional learning community was formed in the shape of a 
data team, and teacher educators were asked to participate.

The objective of the data team was to reduce student drop-out in the first year 
in a structured way by using data according to the data team procedure (Schildkamp, 
Handelzalts et al., 2014). In this way, they would be solving an educational problem 
while the data team members worked on their professional development regarding 
data use at the same time. Central to the data team is the data team activity cycle 
(Figure 1.1) consisting of the following steps:
1. Problem definition: Defining the problem with student drop-out in the first 

year;  
2. Formulating hypotheses: Formulating hypotheses regarding the causes for 

student drop-out in the first year; 
3. Data collection: Collecting data regarding the causes of student drop-out, such 

as records of student progress and student drop-out surveys; 
4. Data quality check: Checking the quality of the collected data;   
5. Data analysis: Gaining insight into the data by means of descriptive and 

inferential statistics; 
6. Data interpretation and conclusions: Comparing the results from data analyses 

to the hypotheses;
7. Implementing improvement measures: Based upon the hypotheses that are 

confirmed, improvement measures are developed, such as reallocation of the 
first-year workload. When the hypotheses are incorrect, go back to step 2; 

8. Evaluation: Evaluating the implemented improvement measures.
The data team method is cyclic and iterative by nature (Schildkamp & Ehren, 2013).

The data team members were expected to develop data skills, knowledge, and 
a more positive attitude towards data use by participating in the data team. Besides 
developing data skills, the teacher educators would also learn to use data. A data 
coach led the participants through the data team procedure of studying a problem in a
structured way and implementing improvement measures to solve the problem.

 introduction 1
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Figure 1.1
The data team activity cycle (Schildkamp & Ehren, 2013, 56)

During the first year, the data team consisted of six teacher educators, a 
manager, and the data coach. The data coach led the team. In the second year, one 
data team member left the data team and was replaced by another teacher educator. 
During the first year, the data team met 11 times and during the second year they met 
8 times. The data team formulated four different hypotheses which could explain the 
student drop-out rate. Three of these hypotheses were refuted. Eventually, the data 
team was able to conclude that student drop-out was (partially) caused by a lack of 
study skills among the students, by means of analysing the data from an exit survey, 
a survey among student supervisors, and records of student progress. The data team 
implemented several improvement measures.

Table 1.2 provides an overview of the data team’s activities. In the first year, the 
data team started with a problem analysis. Subsequently, hypotheses were formulated 
and the appropriate data were collected. The data were analysed, interpreted, and
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conclusions were drawn. Because the first three hypotheses were refuted, an 
additional hypothesis was tested (hypothesis 4). After the relevant data were analysed, 
interpreted, and the conclusions were drawn, improvement measures were developed. 
During the second year, the student work load was more evenly distributed, the 
number of tests was reduced and departments were assisted with analysing the test 

Table 1.2
The case-study, based on the hypotheses, the conclusions, and the implemented improvement 
measures

Formulated 
hypotheses

Conclusions Improvement 
measures

Hypothesis 1: 
Does the group 
atmosphere  
contribute to 
dropping out?

Student progress records 
showed that the group 
which the educators 
deemed to have a bad 
group dynamic did 
not in fact perform any 
worse than the other 
groups. Hypothesis 
refuted

N/A1

N/A1

N/A1

1. A team 
presentation of 
the findings
2. A balanced 
distribution of the 
first-year workload
3. Fewer sub-tests 
in the first year
4. Training 
in ‘study and 
planning skills’ for 
students
5. Teaching 
departments to 
analyse test results

Data

Exit survey, 
student 
progress 
records

Data analysis

Descriptive  
statistics  
(frequencies, 
percentages) and  
inferential  
statistics (paired 
samples t-test)

Hypothesis 2: 
Do students 
with a 
secondary 
vocational 
education 
(MBO) 
background 
drop out more 
often than other 
students?

Exit survey, 
student 
progress 
records, survey 
of student 
supervisors

This was not 
corroborated by student 
progress records.  
Hypothesis refuted

Descriptive  
statistics  
(frequencies, 
percentages) and  
inferential  
statistics (paired 
samples t-test)

Hypothesis 3: 
Do male 
students drop 
out more often 
than female 
students?

Exit survey, 
student 
progress 
records

Descriptive  
statistics  
(frequencies, 
percentages) and  
inferential  
statistics (paired 
samples t-test)

This was not 
corroborated by student 
progress records.  
Hypothesis refuted

Hypothesis 4: 
Do students who 
drop out lack 
the necessary 
study and 
planning skills?

Exit survey, 
student 
progress 
records, survey 
of student 
supervisors

Descriptive  
statistics  
(frequencies, 
percentages) and  
inferential  
statistics (paired 
samples t-test)

Student progress 
records showed that 
students who dropped 
out managed to obtain 
fewer than 5 of the 15 
ECTS in Period 1. Study 
and planning skills 
impact the student drop-
out rate. Hypothesis 
confirmed

1  N/A stands for: not applicable

 introduction 1
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results. The improvement measures were also evaluated. The number of drop-outs 
was reduced in the first year. Although, the context did not stay the same (the students 
needed to obtain a greater number of European Credits in order to be allowed 
to continue their studies), it was concluded that the improvement measures had 
contributed to reducing the student drop-out rate.

1.3 Research Questions

In order to study the research question, How does a data team contribute to the 
development of teacher educators’ ability to use data to improve their educational 
practice?, four studies were carried out. The first study focused on data use by teacher 
educators at various teacher education colleges, and addressed the following research 
question: How do teacher educators attend to data use at teacher education colleges? 
This study focused on the way in which teacher educators pay attention to data 
use in the curriculum, how teacher educators use data for accountability, for school 
development, and for instructional improvement, and which factors influence data 
use. A survey on data use was responded to by 113 teacher educators. Moreover, five 
educators from five different teacher education colleges were interviewed.

The second study focused on the extent to which the data team provides a 
context for the participants’ learning. The following research question was the focus 
of this study: How does participation in a data team contribute to the professional 
development of the data team members? A case study was conducted, following the 
members (N = 7) of the data team during the first year.

The third study focused on the quality of the conversations in the data team 
and the factors influencing the conversations’ depth of inquiry. The study focused on 
the research question: Which factors enable and hinder depth of inquiry within the 
data team? A case study approach was used while studying the data team members 
(N = 7). The aim was to determine how various factors influence the depth of inquiry of 
the data team conversations.

The final study focused on the effects of the data team intervention. This 
study addressed the following research question: How do teacher educators, who 
participate in a data team, achieve data knowledge, skills, and a more positive 
attitude towards data use, and how does their participation impact their professional 
practice? A multiple case study (N = 5) was conducted to determine how data team 
members developed their knowledge, skills, and attitude towards data use during the 
intervention. The study also focused on the way in which data team members used 
data in their educational practice.
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1.4 Reading Guide for the Dissertation

This dissertation consists of four studies (Chapters 2 to 5). In Chapter 2, the first study 
is introduced. This study deals with data use by teacher educators and, in particular, 
with the way in which future teachers learn how to use data, the way in which data are 
used by the teacher educators themselves, and which factors influence data use. In 
Chapter 3, the second study is introduced. This study focuses on the way in which a 
data team within a teacher education college can provide a context for learning how to 
use data. In Chapter 4, the third study is introduced. This study focuses on the factors 
influencing the depth of inquiry of the data team conversations. In Chapter 5, the 
fourth study deals with the knowledge, skills, and attitudes developed through data 
team participation and to what extent the data team members implement data use in 
their educational practice. Finally, Chapter 6 provides an overview of the outcomes of 
these four studies. This chapter discusses the outcomes of these four studies, as well as 
the way in which the research was designed, and provides recommendations regarding 
educational practice, policy, and research.

 introduction 1
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2 Teacher Educators’ Data Use2

2.1 Introduction

In their publication, “Synergies for Better Learning”, the OECD (2013) ascertained that 
since 1960 more and more data have become available and are being used within 
education. This development is partly due to outside pressure to account for the 
allocation of resources within education (Denhardt & Denhardt, 2015). This particular 
use of data is not solely reserved for school leaders; teachers also use these data 
(OECD, 2013). Several review studies reflect this increasing attention to data (Hoogland 
et al., 2016; Mandinach & Gummer, 2012; Marsh, 2012). Research has also shown that 
data use can contribute to better learning results (e.g., Lai & Hsiao, 2014).

The underlying vision for data use in teacher education colleges has two 
aspects. On the one hand, there is the idea that information about education will 
enable the teacher educator to make informed decisions regarding education (Earl & 
Katz, 2006). Data provide information on achievement of educational goals, whether 
the curriculum meets quality standards, and whether the instruction needs to be 
improved upon (Breiter & Light, 2006). On the other hand, there is also the idea that 
teacher education colleges are preparing future teachers for an occupational practice 
in which data use has become more and more crucial. This can be achieved by making 
data use an integral part of the curriculum and by making sure the colleges and their 
teachers set the example (Griffiths, Thompson, & Hryniewicz, 2014; Swennen, Jones, & 
Volman, 2010).

Teacher education colleges in particular provide an ideal context for teacher 
educators to teach future teachers how to use data. The teacher educators should 
also assess the (im)possibilities posed by this form of school development. Teacher 
educators could attend to data use as one of the tools in the iterative and cyclic 
process of school development. In this respect, it is important that they are aware of 
the fact that data use is not an end, but merely a means to an end, and that proper 
data use requires a complex skill set. Moreover, teacher educators should realise that 
this is only one of many ways in which school development can be accomplished.

The literature also provides different definitions of the term “data”. Whereas 
Crawford (2010), for example, uses it to refer to test outcomes, Schuyler-Ikemoto 
and Marsh (2007) use a broader definition, in which data represent different student 
characteristics (e.g., tests, attendance, observational data), teacher characteristics (e.g., 
teacher behaviour, use of course materials, tests), and organisational characteristics 

2  This chapter is based on the published article: Bolhuis, E. D, Schildkamp, K., Luyten, H., & Voogt, J. 
M. (2017). Het gebruik van data door lerarenopleiders van de pabo (Teacher educators’ data use]. 
Pedagogische studiën, 94(1), 49-70.
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(e.g., curriculum, time tables). For the purpose of this study, we used the broader 
definition; data are comprised of “information describing educational practices” (Han 
et al., 2012, 40). This definition encompasses both qualitative and quantitative data.

The relevance, the availability, and the increasing use of data in primary 
education begs the question as to how future teachers are being prepared for this 
(Cramer et al., 2014; Mandinach & Gummer, 2016b; Meijer, 2010; Piro, Dunlap, & Shut, 
2014; Reeves, Summers, & Grove, 2016; Visscher & Ehren, 2011). Research into data 
use in teacher education colleges has shown that, besides the increasing attention for 
data use within the curriculum (e.g., Meijer, 2011) there are also areas for improvement 
(e.g., Cramer et al., 2014). Practising data use could be optimised, for example (Bron, 
Van Geel, & Visscher, 2013), and classes could be adapted to students’ needs based 
on data (Smeets, Wester, & Van Kuijk, 2011). For the purpose of this study, we have 
positioned the question stated above regarding the preparation of future teachers 
within the context of data use by teacher educators: Do teacher educators use data 
themselves? And when they do, how do they use data? Do they merely use data when 
subject to accreditation to account for the school’s academic achievement, or do they 
also, for example, use evaluation data for school development? Schildkamp et al. 
(2017) distinguished three forms of data use: 1) for accountability (e.g., when subject 
to accreditation); 2) for school development (e.g., adapting the curriculum based upon 
observational data), and 3) for instructional improvement to meet the students’ learning 
needs (e.g., planning additional lectures based upon a preliminary exam). Although, a 
lot is already known (nationally and internationally) about data use by teachers, less is 
known about data use by teacher educators. Little is known, for example, about how 
much access teacher educators have to data, whether they are data literate, what their 
attitude towards data use is when it comes to their daily practice and whether they use 
data in other ways than merely for accountability and accreditation. 

We have conducted this study to gain more insight into the ways in which 
teacher educators use data. The following research question was the focus point of our 
study: 

How do teacher educators attend to data use at teacher education 
colleges? 

We further addressed the following sub-questions:

1. How do teacher educators attend to data use within the curriculum?
2. How much do teacher educators use data for accountability, for school 

development, and for instructional improvement?
3. What factors impact data use by teacher educators?
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2.2 Theoretical Framework

2.2.1 Data Use in the Curriculum of Teacher Education Colleges

The competence requirements for teachers describe the necessary knowledge 
and skills for a primary school teacher in the Netherlands regarding seven basic 
requirements (Staatsblad van het Koninkrijk der Nederlanden, 2005). Without stating 
so explicitly, the categories regarding to teaching in particular encompass data use. 
For example, teachers are expected to be able to adapt their instruction to the 
pupils’ needs. It does not state explicitly that in order to get a clear picture of the 
pupils’ needs, the teachers need to know how to use data, although this adaptation is 
expected of them in their daily practice in primary education (Inspectie van Onderwijs, 
2016). It is, however, recommended that they attend to assessment theories such as 
data-based decision making, ‘assessment of’ versus ‘assessment for’ learning, and test 
development (Kok et al., 2012). Whereas data use is not explicitly mentioned in the 
teacher aptitude requirements in the Netherlands, other countries such as the USA 
(NBPTS, 2012), Australia (AITSL, 2015), England (U.K. Department of Education, 2013), 
New Zealand (New Zealand Education Council, 2006), and Scotland (GTCS, 2012) have 
explicitly defined these requirements.

The daily practice of education also mirrors the discrepancy between what is 
taught in terms of data use and what is expected in daily practice. In 2009, Ledoux, 
Blok, Boogard, and Kruger (2009) reported that although the teacher education 
colleges showed increasing interest in data use, there still were huge differences 
between the teacher education colleges. During the same period, Meijer (2010) and 
Smeets et al. (2011) reported that some teacher education colleges barely offered 
instruction about data use. Since then, several changes were set in motion (e.g., 
Keijzer, Van der Linden, Vos-Bos, & Verbeek-Pleune, 2012; Bron et al., 2013) and 
now data use has increasingly become a common topic in the curriculum (albeit as a 
separate subject or intergrated into other subjects). Nevertheless, the Inspectorate of 
Education (Inspectie van het Onderwijs, 2015) still reported a discrepancy between 
the achieved and the desired final level of data use of novice teachers. In particular, 
novice teachers indicated that not enough attention was directed to practicing with the 
tests that are often used in schools, that they lacked adequate capability to adapt the 
language and calculus classes to their pupils’ learning achievement based upon data, 
and that they were dissatisfied with the attention given to personalised learning and 
appropriate care, on an individual as well as on a group, and school level (Inspectie van 
het Onderwijs, 2015).

 teacher educators’ data use 2
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2.2.2 Different Applications for Data Use

The distinction that Schildkamp et al. (2017) made in types of data use describes not 
just different data practices, but also the differences between the underlying rationales 
for data use. This distinction affects the different sorts of data that are being used, or 
which sort of data are used in which way (see Table 2.1). Irrespective of the purpose 
for which data are used, data use generally entails the following steps: formulating 
a clear problem definition, formulating a hypothesis with regard to what may cause 
the problem, collecting data, analysing, and interpreting data (including assessing 
the quality of the data) to either confirm or to refute the hypothesis, implementing 
improvement measures based upon the data, and evaluating the effectiveness of these 
measures (Coburn & Turner, 2011; Marsh, 2012; Schildkamp & Poortman, 2015). Data 
use is a complex process, which is not linear. Moreover, at each step things can go 
wrong, and the data user often moves back and forth between different steps.

Data Use for Accountability

Teacher educators who use data for accountability purposes use data to provide 
stakeholders (Ministry of Education, Culture, and Science, the Inspectorate, primary 
schools, and the like) with insight into the school’s achievement as well as into the way 
in which the provided resources have been put to use (Bryson & Crosby, 2014). At the 
core of this type of data use lies the ideas of “New Public Management” (Hood, 1995). 
According to this model, the public sector must account for its results, comparable 
to the private sector. Characteristic of this type of use is that by means of using data: 
1) expectations are formulated, 2) evaluations are used to assess the schools, and 3) 
insights are gained at a system level regarding the state of affairs at the sector level 
(Ehren, Altrichter, McNamara, & O’Hara, 2013). It is presumed that the publication of 
results will be an incentive for the organisation to keep their results up or to improve 
upon them (Burke & Minassians, 2002), but the question remains as to whether this 
is always the case (Ravitch, 2010). Teacher educators are held accountable by means 
of accreditation, as is usual within higher education (De Vries & Steur, 2012; Janssens 
& Dijkstra, 2012; NVAO, 2015). Although the Inspectorate keeps a close eye on the 
quality of higher education, they have an extraordinary relationship with teacher 
education colleges (Inspectie van het Onderwijs, 2015). They report on the quality of 
the colleges and do so in the name of the Ministry of Education, Science, and Culture, 
which has a special stake in this. Finally, higher education is subjected to a system of 
rankings (Hazelkorn, 2013), in which rankings based upon the quality of the schools 
are published, for example, Elsevier’s list (Elsevier website: www.elsevier.nl) and the 
comparative guide for higher education (Keuzegids HBO) (C.H.O.I., n.d.). The data 
used for accountability reports are success rates, teacher-student ratio, students’ 
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feedback derived from evaluations, work field, and so forth.

Table 2.1
Different ways to use data in education, including an example, the rationale for data use, 
and the types of data used

Data use Example Rationale Type of data3

For  
accountability

Accreditation, inspection,  
rankings

New public  
management

Rate of return, teacher- 
student-ratio, evaluations

For school  
development

Quality  
management

Providing insight into 
quality of education by 
using data

Evaluations, test results

For  
instructional 
improvement

Adapting education 
based on analysing test 
scores

Providing insight into 
link between instruction 
and learning needs

Test results. evaluations, 
observations

3  The same data can be used for different purposes and can be used at different levels of aggregation.

Data Use for School Development

An example of data use for school development is when teacher educators use the 
feedback from students to check whether a programme needs improvement. Another 
example is when educators use data to find out at what level students perform to see 
whether the training time is being used effectively. In order to do so, it is necessary to 
convert the data into knowledge and for teacher educators to develop improvement 
measures (e.g., for the curriculum) and to implement and evaluate these measures 
(Kelly & Downey, 2011). Keijzer et al. (2012) described an example where teacher 
educators and teachers of primary education researched together a plan for how to 
teach future teachers to learn to use data. They implemented the data use course 
and evaluated the course. Based on these data, they improved the course. Inherent 
in this approach is the assumption that decisions within an organisation are always 
rational (Weick, 1976). It is presumed that insight into possible causes and developing, 
implementing, and evaluating appropriate solutions, will lead to improving the 
quality of education (Hoy & Tarter, 2008). Research by Mandinach and Gummer 
(2016b) showed that data will only lead to insight when they are linked to other forms 
of knowledge, such as knowledge of the curriculum, the subject or the students. 
Examples of data used for school development are: test results over the years (a 
trend analysis), evaluations after a curriculum adaptation, results of student intakes, 
information on the curriculum (such as allocated time), and the like (Astin & Antonio, 
2012).
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Data Use for Instructional Improvement

Whereas the above-mentioned data are used at the course and curriculum level, data 
use for instructional improvement deals with development of instruction. For example, 
teacher educators who use data for instructional improvement determine the students’ 
learning achievement and compare them to the expected learning results. They can 
also analyse the mistakes made on tests, or they can analyse the instructional time for 
a particular subject. Thus, the instruction can be adapted to better meet the students’ 
learning needs (Datnow & Hubbard, 2014; Reeves et al., 2016). Geerdink and Derks 
(2007) described an example in which the learning needs of several groups within the 
teacher education college were established and how the instruction was adapted to 
better meet the students’ learning needs based upon these data. It is presumed that 
when teacher educators gain insight into the data that mirror the students’ progress, 
they will be able to address the specific instructional needs (Black & William, 2010). 
Based upon data, teacher educators can, for example, decide to spend more time 
on certain subjects, to group students in different ways, or to use different teaching 
methods. Data that are used for instructional improvement are: observations, test 
results, login data, outcomes of digital tests, and the like (Astin & Antonio, 2012).

2.2.3 Factors Impacting Data Use

Organisations differ in their data use. According to Hoogland et al. (2016), these 
differences are caused by characteristics of: data and data information systems, the 
user, the way collaboration regarding data use is organised, and the organisation. 
These four factors each can play an important role when it comes to data use in 
higher education (Schildkamp et al., 2017). Reeves et al. (2016) found that only the 
teacher educators’ attitude, knowledge, and skills impacted data use for instructional 
improvement. Within this study, we expect to find that all four factors impact data use 
by teacher educators (see Table 2.2), because, in contrast to the study by Reeves et al. 
(2016), we studied the three different rationales for data use.

Factors Regarding Data and Data Information Systems

According to Schildkamp and Kuiper (2010), timeliness, validity, and reliability as well 
as the extent to which the data meet the user’s needs all play a role in how data and 
data information systems can impact data use. Timeliness refers to the speed at which 
data are made available to be able to respond to recent events (Coburn & Turner, 
2011; Ketterlin-Geller, Gifford, & Perry, 2015). Ketterlin-Geller et al. (2015), for example, 
stated that timely data regarding learning results are essential when it comes to making 
decisions about further instruction. Validity deals with the extent to which data measure 
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what they should measure (Cohen, Manion, & Morrison, 2007). Moss (2013), for 
example, showed that there are restrictions on using test results. Tests are developed 
to measure the student’s individual level of knowledge and their use at the school 
level has limited validity. Reliability deals with the level of accuracy of the data. Data 
become less reliable as the measurements are more influenced by random fluctuations. 
Inaccurate data should not be used (Schuyler-Ikemoto & Marsh, 2007). Finally, data 
should meet the user’s needs. This means that data need to be appropriate for and 
relevant to the problem at hand (Lai & Hsaio, 2014).

Table 2.2
Factors impacting data use in education

Factor Sub factor
Data and data 
information systems

Data: timely, reliable, and valid data, which meet the user’s needs
Data information systems with easy access to data and possibilities for analysis

Organisation Leadership: leadership when it comes to data 
Vision, standards, and goals regarding data
Facilitating data use
Supporting data use

User Data skills
Seeing opportunities for instructional improvement by means of data use

Collaboration Collaboration with other colleagues

Data information systems are systems in which data from various sources have been 
combined and stored in a uniform way (Han et al., 2012). Characteristics of data 
information systems, such as accessibility, user-friendliness, and the possibilities (for 
analysis) impact data use (Rankin, 2014). When the system is not very user-friendly, data 
use is limited (Cho & Wayman, 2014). Dessoff (2011) pointed out the importance of the 
possibilities for analysis in the data information system. He pleaded for systems within 
which data can be analysed, such as calculating the mean, standard deviations, and 
percentages.

Factors Regarding the User

Data use also depends upon the user’s characteristics. Hoogland et al. (2016) stated 
that the user’s data skills and the extent to which he or she is convinced data can 
contribute to improving education and instruction, impact data use. When it comes 
to knowledge and skills Hoogland et al. (2016) and Staman et al. (2013) stated that 
the user needs to be skilled in: developing, implementing, and conducting tests, 
collecting various sorts of data, identifying problems with the quality of data, analysing 
and interpreting data, and developing improvement measures based upon the 
interpretation and conclusions. This knowledge and skill set does not operate 
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in isolation; they are, for example, integrated with knowledge and skills regarding 
content- and pedagogical knowledge (Mandinach & Gummer, 2016a). When it comes 
to relevance of data, Marsh (2012) stated that the user’s attitude regarding data has a 
great impact. For example, teacher educators use more data when they are convinced 
that students will profit from data use (Coburn & Turner, 2011).

Factors Regarding the Collaboration between Teacher Educators

Data use is impacted not just by individual characteristics, but also by the way 
people collaborate with each other when it comes to data use (Datnow & Hubbard, 
2015). Datnow (2011), for example, showed that teachers who share and analyse the 
outcomes of classes with other teachers (and/or students) and develop improvement 
measures with them are better able to convert data into usable knowledge for school 
development.

Factors Regarding the Organisation

Finally, data use is impacted by organisational factors such as: leadership, vision, 
standards and targets, facilitating data use, and supporting data use (Hoogland et 
al., 2016). Research has shown that teachers are less inclined to use data for school 
development and instructional improvement when data are principally used for 
accountability purposes (Jimerson & McGhee, 2013). Cho and Wayman (2014) stressed 
the importance of vision, standards, and targets in data use. Farley-Ripple (2012) 
showed that the prevalent ideas on data use determine how data are used and how 
the exchange and discussion of a common vision come into play. Facilitating data use 
(e.g., by providing time) also plays a role in working with data (Anderson, Leithwood, 
& Strauss, 2010), as well as the support given by a (data) expert. An expert who 
supports the teachers in data use increases the capacity of the school to work with data 
(Wayman & Jimerson, 2014).

2.3 Method

2.3.1 Research Method

In order to gain more insight into the position of data use within the curriculum, data 
use by teacher educators, and the impact of the factors, a survey on data use was 
administered among teacher educators. The survey was used to ascertain how teacher 
educators use data, what the factors having an impact are, and how data use was 
imbedded into the curriculum of the teacher education college, according to the 
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teacher educators. Then, for five schools, the person responsible for the curriculum was 
interviewed by telephone. In this way, the insights derived from the survey regarding 
the construction of the curriculum and the position of data use in the curriculum were 
subjected to deeper analysis.

2.3.2 Respondents

Fourty-five Dutch teacher education colleges were asked to distribute the survey. 
Of the 45 teacher education colleges that were approached, 10 teacher education 
colleges responded, and they distributed the survey among the teacher educators. 
This yielded 113 respondents at 10 different teacher education colleges, of which 
79.6% of the respondents came from 5 teacher education colleges. These 5 colleges 
were also selected for the telephone interview. Analysis of the non-respondents shows 
that teacher education colleges indicated that they were asked too often to distribute 
surveys and that this was why they tried to protect their staff. There was no reason to 
assume that the teacher education colleges that participated in the research had a 
different attitude towards data use than the teacher education colleges that did not 
participate.

Almost 79% of the respondents worked as a teacher educator and 37.2% 
(also) tutored students. About one-fourth (25.7%) of the teacher educators taught 
the subject pedagogics/didactics/psychology, 19.5% taught Dutch and 13.3% taught 
calculus/mathematics. Approximately, one third of the respondents (31.0%) performed 
additional tasks, such as being on the curriculum committee (12.4%), the test 
committee (8.8%) or the exam committee (8.8%). The teacher educators were almost 
equally distributed over the foundation stage (Year 1: 48.7%) and the post-foundation 
stage (Year 2 and higher: 51.3%).

2.3.3 Instruments

Constructs and Codes

The following constructs were used, based upon the theoretical framework (see Table 
2.3). For sub-question 1, the constructs were: ‘data use content in the curriculum‘ 
(I) and ‘scope and position in the curriculum’ (II). For sub-question 2, the constructs 
were: ‘data use for accountability‘ (III), ‘data use for school development’ (IV), and 
‘data use for instructional improvement’ (V), and for sub-question 3, they were: 
‘user characteristics’ (VI), ‘characteristics of data and of data information systems’ 
(VII), ‘collaboration characteristics’ (VIII), and ‘organisational characteristics’ (IX). The 
instruments were developed based upon these constructs.

 teacher educators’ data use 2
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Survey

The survey on data use (see Table 2.4), based upon the aforementioned theoretical 
framework, was developed by Schildkamp et al. (2017) in order to get insight into data 
use in secondary education. For the purpose of this study, the survey was adapted 
to the context of teacher educators by adapting the terminology. There were also 
questions added with regard to data use within the curriculum of the teacher education 
college (section IV). This section was developed by the researcher. See Appendix A for 
the complete survey (in Dutch). Before conducting the survey, the adapted survey was 

Table 2.4
Survey on Data use

Section Subject Number of 
questions

I. General 
information

What is your primary function at the 
teacher education college?

Open

Sample question

Background 
information

Response scale

I. 7

II. Support and barriers for data use

The data I have access to, are up-
to-date most of the time

Closed questions with 
five Likert-types answer 
categories,  
(completely agree [1], 
agree [2], disagree [3], 
completely disagree [4], 
and not applicable [99])

Data  
characteristics

IIa. 12

I believe data use is important for 
improving my instruction

User  
characteristics

IIb. 10

Data analyses conducted by 
management are discussed with the 
teacher educators in my  
department

Organisational   
characteristics

IIc. 16

We regularly use data to improve 
instruction within our team

CollaborationIId. 8

III. Data use for accountability, school development, and instructional improvement

The results of our internal 
evaluations are displayed in 
external reports (e.g.  
reports to The  
Inspectorate, the NVAO and 
ranking in Keuzegids Hoger 
Onderwijs

Closed questions with 
five Likert-types answer 
categories,  
(completely agree [1], 
agree [2], disagree [3], 
completely disagree [4], 
and not applicable [99])

Data use for 
accountability

IIIa. 12

Our students’ learning results are 
used to determine gaps in our 
curriculum

Data use for 
school  
development

IIIb. 9

How often do you use data when 
formulating learning  
objectives for individual students

Data use for 
instructional 
improvement

IIIc. 12

IV. Data use within the curriculum

Data use 
within the 
curriculum

7 Do the [the student-teachers] also 
attend to data-based decision 
making during the traineeship?

Six closed questions with 
various answer categories 
and an open question

 teacher educators’ data use 2
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presented to three field experts. Based upon their comments, the response possibility 
‘not applicable’ was included. Inw the introductory note added to the survey, the 
term data was defined as: “Data are units of information which describe aspects of 
education, such as those connected to students (e.g., tests, attendance, observation 
in class), connected to teacher educators (e.g., teacher conduct, methods used, tests), 
and connected to the organisation of the school (e.g., curriculum, timetable)”.

Interview

At each of the five teacher education colleges a teacher educator responsible for 
the curriculum was interviewed (by telephone). Four of the five interviewees also 
completed the survey on Data use. During this semi-structured interview we asked 
questions about the position of data in the students‘ curriculum in relation to the entire 
curriculum. A sample question which was asked is: “How do they (future teachers) 
attend to data use during the traineeship?” By asking further questions based upon 
their answers, these interviews led to deeper insights into the position of data use 
within the teacher education curriculum.

2.3.4 Data Analysis

The data from sections III and IV of the survey (Research Questions 1 and 2) were 
analysed by means of descriptive statistics. The data from sections II and III of the 
survey (Research Question 3) were analysed by means of a regression analysis. 
Despite the nested data structure (the teacher educators were grouped in teacher 
education colleges), we do not report on multilevel analyses within the scope of this 
study, but we limit ourselves to the outcomes of the regression analyses. Additional 
multilevel analyses showed that this data set did not reveal a significant variance at 
the organisational level. In these types of cases, multi-level analysis does not provide 
an additional value beyond the regression analysis. The number of units at the highest 
level is too small (10 Teacher Education Colleges) and the 113 Respondents were 
very unevenly distributed over the teacher education colleges (Hox, Moerbeek & Van 
de Schoot, 2010). The five biggest teacher education colleges were the source of 90 
respondents and the remaining 23 were from the remaining five teacher education 
colleges (of which there were two colleges with one respondent each). Prior to the 
regression analysis, we checked whether the following requirements were met. The 
dependent and independent variables were interval-level variables. The independent 
variables displayed variance in their scores and there were no perfect correlations 
between independent variables. We did not find variables that could ‘explain’ the 
relation between the dependent and independent variables (at least not in the data set 
analysed). The residuals were normally distributed and their variance was constant 
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for the diverging levels of the extracted variables (Field, 2009; Gelman & Hill, 2007). 
We conducted three regression analyses, with three different dependent variables: (1) 
data use for accountability, (2) data use for school development, and (3) data use for 
instructional improvement as a variable. In all three analyses, the characteristics of the 
data, the user, the organisation, and the collaboration were the independent variables. 
The additional data from the telephone interviews were displayed in a case-ordered 
and in a cross-case-ordered matrix. The case-ordered matrix provided insight into the 
answers to the questions per teacher education college. The cross-case-ordered matrix 
provided insight into working with data per question (Miles & Huberman, 1994).

2.3.5 Validity and Reliability

The reliability of the survey and the underlying scales were established based on 
Cronbach’s alpha. The scales based on the questions from section II had a reliability 
varying from .81 to .90 and those from section III of .75 to .91 (see Table 2.5), which 
are, according to DeVellis (1991), a respectable (.71-80) and a very high reliability (.81-
.90), respectively.

The content validity of the survey was guaranteed by basing it on the 
theoretical framework and on the survey on Data-Based Decision Making for secondary 
education (Schildkamp et al., 2017). In order to verify the validity of the survey, the 
survey was presented to experts before it was put to use.

Table 2.5
Reliability of the items of the survey regarding data use

Scale Number of items

Data characteristics 
User characteristics 
Orgnisational characteristics 
Collaboration
Data use for accountability 
Data use for school development 
Data use for instructional improvement

Reliability

12 
10 

 154

8
12 
9 

12

0.86 
0.84 
0.90 
0.81
0.75 
0.91 
0.87

4  one question was removed

2.4 Results

2.4.1 Data Use in the Curriculum

The majority of the teacher educators indicated that their school pays attention to data 
use. Only 6% of the teacher educators stated that they do not pay any attention to it 
(see Table 2.6). Data use is embedded in the mandatory part of curriculum (93% of the 
teacher educators). According to 82% of the teacher educators, data use is integrated
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Table 2.6
Data use in the curriculum of teacher education college

Aspect Percentages

Attention to data use in 
the curriculum?
Mandatory subject?5 

As an integrated  
subject?5

Is data use part of the 
traineeship?5

Number of ECTS 
allocated to data use5

During how many course 
years?5

In which course year?5

Attention to formulating 
problem?5

Attention to formulating 
hypotheses?5

Attention to collecting 
data?5

Attention to data quality?5

Attention to data 
analysis?5

Attention to interpreting 
data and drawing 
conclusions?5

Attention to implementing 
improvement measures?5

Attention to the  
evaluation?5

Yes: 94%
 

Yes: 93%

No: 6%

No: 7%
Integrated: 82% Integrated as well as  

independent: 5%
Independent: 7%

Part of traineeship: 92% Not part of traineeship: 8%

1-2 ECTS: 41%

1 year: 18%

Course year 1: 
28%

3-5 ECTS: 26%

2 years: 31%

Course year 2: 
48%

6-10 ECTS: 22%

3 years: 21%

Course year 3: 
90%

> 10 ECTS: 12%

4 years: 30%

Course year 4: 
69%

Yes: 81%

Yes: 69%

Yes: 91%

Yes: 50%
Yes: 75%

Yes: 91%

Yes: 95%

Yes: 85%

No: 19%

No: 31%

No: 9%

No: 50%
No: 25%

No: 9%

No: 5%

No: 15%

5  The percentages for these follow-up questions are out of the total who answered “yes” to the first 
question

into other subjects, such as the subject of personalized learning or the subject of 
language skills. In a few cases, it is offered as a separate (7%) and both as a separate 
and an integrated (5%) subject. Interviews with the five interviewed teacher educators 
showed that in these teacher educators’ colleges, data use is integrated into other 
subjects. In one of these teacher education colleges, for example, the curriculum is 
organized around five pillars of learning: knowledge, skills, themes, traineeship, and 
personal professional development. Data use is introduced as a theme in the second 
year and is revisited during the traineeship. It subsequently returns during the third 
year in the theme ‘inquiry-based learning’ as well as in the ‘learning-teaching trajectory’ 
for the subjects of language and calculus. The survey shows that almost all teacher 
educators (92%) revisit data use during the traineeships. Some (15%) of the teacher 
educators indicated that this is the objective, but that whether the students indeed use 
data during their traineeship depends on the possibilities at the trainee post. Two of 
the five interviewed teacher educators stated that the college expects the students to
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use data during their traineeship, but that the way in which they use data often differs 
a lot. This is caused by the different ways in which the trainee schools use data. The 
other three colleges set the students a task regarding data use at the trainee school, 
after which there is a follow-up assignment at the college itself. At one of the three 
teacher education colleges, the students need to prove themselves to be competent 
in teaching the Dutch language and in calculus-mathematics during their third year. 
The students have to go through a diagnostic cycle in order to do so. They use data 
from the tests conducted in the class they do their traineeship in, after which they work 
on developing an individual and group plan at the college. Where possible, this will 
(partly) be done at the trainee location and evaluated and discussed at the college. 

The survey shows that teacher educators found it difficult to indicate how 
much time exactly is available for data use within the curriculum. This is because data 
use is often integrated into other subjects. Their estimates, however, show that the 
time allocated to data use varies considerably. About 40% of the teacher educators 
questioned indicated that data use takes up 1-2 ECTS (28-56 hours) of the curriculum, 
26% reported it takes up 3-5 ECTS (84-140 hours), 22% stated it takes up 6 to 10 ECTS 
(168-280 hours), and 12% reported data use to be more than 10 ECTS (>280 hours).

Moreover, the survey also shows that 18% of the teacher educators only 
attended to data use in one of the four course years, but the majority of the teacher 
educators stated that it is a reoccurring subject in multiple course years: 31% of the 
teacher educators stated that data use reoccurs in two course years, 21% in three 
course years and 30% in all four course years. The majority indicated that they offer 
it during the last two course years: 90% in the third year and 69% in the fourth year. 
One of the interviewed teacher educators works at a college where more than 10 
ECTS are allocated to data use spread over four course years. In the first year, data use 
is discussed when students learn to work with existing and self-developed research 
tools. During the second year, data use reoccurs in the module ‘Assessment within 
daily practice’, where students learn to improve education based upon tests and other 
observational data. In the third course year, data use reoccurs when students need 
to prove they are competent to teaching Dutch language and calculus-mathematics. 
And finally, data use reoccurs when the students take their finals, for which they need 
to do a practice-based study into school achievement. In order to do so, the students 
need to collect data at the class and/or school level at the trainee school, interpret 
them, draw conclusions and based upon those interpretations and conclusions, 
develop improvement measures, implement, and evaluate them. This learning process 
alternates between the trainee school and college.

Finally, the survey shows that with regard to the curriculum, teacher educators 
attended most to the following components of data use: collecting data (91% of the 
teacher educators), interpretation and conclusions (91% of the teacher educators), and 
implementing improvement measures (95% of the teacher educators). 

 teacher educators’ data use 2
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Less attention was paid to: formulating a problem (81% of the teacher educators), data 
analysis (75% of the teacher educators), and evaluating (85% of the teacher educators). 
The least attention was paid to: formulating hypotheses (69% of the teacher educators) 
and the quality of data (50% of the teacher educators).

2.4.2 Data Use by Teacher Educators

Table 2.7 shows how teacher educators used data themselves. The average score 
of the teacher educators on the scale for data use for accountability lies close to the 
answer category of “agree” (M = 1.89, SD = .39). On the scale for data use for school 
development, teacher educators scored on average between ‘agree’ and ‘disagree’ (M 
= 2.43, SD = .48). Finally, the average score on the scale for data use for instructional 
improvement corresponded to the category ‘on average once a year’ (M = 2.12, 
SD = .55). To make these scores on the last scale better comparable to the other 
two we have added an extra column with descriptive statistics for recoded scores. 
When recoded, the minimum and maximum of the scale for data use for instructional 
improvement are 1 and 4 as well, in which 1 is a maximal positive score and 4 is the 
most negative score possible. The average of these recoded scores (M = 3.33, SD = 
.33) is clearly higher than the averages for data use for accountability and data use for 
school development.

Three additional paired sample t-tests showed that the differences between 
the average scores for the three forms of data use are all significant (p < .0001). It is 
therefore safe to assume that the differences between the scale means are not due to 
sampling fluctuations. The interpretation of the differences is limited, however. One 
can only conclude that the respondents reacted in a more positive way to the items 
regarding certain forms of data use than to the items regarding other forms of data 
use.

2.4.3 Factors Impacting Teacher Educators‘ Data Use

Three regression analyses were conducted in order to determine to what extent each 
type of data use (dependent variables) is connected to characteristics of the data, the 
user, the organisation, and the collaboration (independent variables). The results are 
displayed in Table 2.8.

The results show that 36% of the variance in data use for accountability 
can be explained by three factors: data characteristics, user characteristics and the 
characteristics of the collaboration (F = 15.43; p < .01; df = 4). The standardised 
regression coefficients of these three variables vary from .230 to .295. Organisational 
characteristics show no significant connection to data use for accountability. However, 
data use for school development appears to be especially closely connected to
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organisational characteristics. The standardised regression coefficient of this variable 
is .556. The remaining three extract variables yield smaller and non-significant 
coefficients. The independent variables together explain 53% of the variance in data 
use for school development (F = 30.54; p < .001; df = 4). Finally, the extract variables 
do not show a significant connection with data use for instructional improvement. The 
percentage of explained variance is only 3% and the F-test (F = .69; p = .599; df = 4) 
yields a non-significant value.

Table 2.7
Descriptive statistics for data use at teacher education colleges

Scale Data use for 
accountability

Data use for 
school  

development

Data use for  
instructional 

improvement6 

Data use for  
instructional 
improvement 

recoded7

N

Mean
Median
Mode
St. Deviation
Minimum
Maximum

Valid
Missing

113
0

1.89
2.00
2.00
0.39
1.00
3.18

113
0

2.43
2.38
2.33
0.48
1.00
3.78

110
3

2.12
2.15
1.54
0.55
1.00
3.08

110
3

3.33
3.31
3.68
0.33
1.25
4.00

6  Data use for instructional improvement with the original 6-point Likert scale: 1 = never; 6 = a few 
times a week.

7  Data use for instructional improvement: converted and rescaled to a 4-point Likert-scale: 1= totally 
agree; 4=totally disagree.

8  D = Data, U = User, C = Collaboration, O = Organisation

Regarding the reciprocal connection between the dependent variables, the only 
significant correlation is between data use for accountability and data use for school 
development (.45). The correlations between data use for instructional improvement 
and the other two forms are both insignificant.

Table 2.8
Results from the regression analysis

R2

Data use for accountability

Data use for school development

Data use for instructional improvement

Standardised 
coefficients8

F (p-value) t-values p-value

0.36

0.53

0.03

15.43 (0.000)

30.54 (0.000)

0.69 (0.599)

 0.268 (D)
 0.295 (G)
0.230 (S)
 0.033 (O)
 0.065 (D)
 0.028 (G)
0.178 (S)
 0.556 (O)
 0.089 (D)
-0.121 (G)
0.025 (S)

-0.110 (O)

 3.09
 3.38
 2.12
 0.30
 0.87
 0.37
 1.91
 5.81
 0.81
-1.10
 0.18
-0.77

0.003
0.001
0.036
0.767
0.384
0.713
0.058
0.000
0.421
0.272
0.856
0.440
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2.5 Conclusion and Discussion

Future teachers are expected to use data to improve their instruction. This is a way 
to improve the quality of education. This study shows that the majority of teacher 
educators attend to this aspect. Moreover, the study also shows that teacher educators 
have increasing access to data and use them, in conformity with the OECD report 
“Synergies for better learning” (OECD, 2013).

2.5.1 Conclusion

Data Use in the Curriculum

For the majority of the teacher educators in this study, data use is part of their college’s 
curriculum. This is in accordance with what Bron et al. (2013) and Mandinach and 
Gummer (2016b) found. However, it also becomes clear that there is a difference 
between teacher educators in the structure, the scope, and the contents of their 
data use in education (cf. Ledoux et al., 2009). These differences can be explained 
by the autonomy of teacher education colleges in the Netherlands when it comes to 
curriculum improvement. Teacher educators also often make their own choices as well. 
This autonomy is limited, however, by the proficiency requirements laid down by law 
(Staatsblad van het Koninkrijk der Nederlanden, 2005) and the national knowledge 
bases, in which all possible subjects have been described (Kok et al., 2012), but there 
is enough room left for individual choices. Teacher educators decide in which year data 
use is offered, how often data use reoccurs, and how much time the teacher educators 
to allocate to data use.

The differences in structure can be explained by the different design models 
that the colleges use, such as for example the teaching-learning model (De Bie, 2002) 
or the 4C/ID-model (Van Merriënboer, Clark, & De Croock, 2002), in which subjects are 
discussed as an independent unit, as a theme within a teaching-learning trajectory or 
as part of a skill. The choice of a certain design will have an effect on the way in which 
the subjects are integrated into the traineeship. When data use is described as (part 
of) a skill, the integration of daily practice and theory will be important (Van Velzen, 
Bezinna, & Lorist, 2009).

The differences in curriculum design do not explain the differences in time 
allocated to data use by the teacher educators. These differences can be explained by 
the importance attached to data use. In a teacher education college, with a multitude 
of subjects and limited training period (Commissie Kennisbasis Pabo, 2012; Van 
Essen, 2006), this competition between subjects, fueled by a strong call for quality 
improvement of teacher education colleges, is often settled in the disadvantage of 
data use. When data use is seen as less important by teacher educators, the discussion
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of data use will take a less prominent place in the curriculum. This situation argues for 
further integration of data use into subjects such as calculus and language.

The differences in what aspects of data use are addressed as content are 
in correspondence with what Van der Zee, Gijsel, & Van der Aalsvoort (2012) found 
during their study of students of teacher education colleges regarding conducting 
research, and more specifically the limited attention to the quality of data. This 
relatively limited attention to the quality of data (analysis) might be explained by the 
fact that the attention to research has only been recently introduced at the teacher 
education colleges and the discussion about its form and position is still ongoing (Bakx, 
Breteler, Diepstraten, & Copic, 2009). This does raise questions about the quality of the 
decisions made based upon data.

Data Use by Teacher Educators

Teacher educators use data for accountability as well as for school development, and 
instructional improvement. Data use for accountability is related to the context of the 
teacher education colleges. The last several years, the quality of the teacher education 
colleges has been under fire (Czerniawski, 2011; Onderwijsraad, 2005), which resulted 
into more attention to inflow and efficiency at an organisational level (Jongbloed, 
2013). This resulted in renewed confidence (NVAO, 2015), which benefitted the 
institutional position and reputation of the teacher education colleges (Hazelkorn, 
2013). Partly because of this, teacher educators are aware of the importance of data 
use for accountability, even if they do not always take an active role themselves. Data 
use for accountability differs depending on the tasks a teacher educator must perform 
within the college. Teacher educators with supervisory and management tasks will 
use data for accountability more often than the teacher educators whose main task is 
teaching (cf. Schildkamp & Kuiper, 2010).

Teacher educators also use data for school development. This form of data use 
is partly dependent on the organisation. A culture focused on continuous improvement 
will facilitate data use for school development. However, if there is a lack of facilitation 
and/or support from management, the initiatives by individual teacher educators to use 
data for further school development will fail (cf. Schildkamp & Kuiper, 2010).

Finally, teacher educators use data for instructional improvement. In this study, 
we did not find a significant relation between data use for instructional improvement 
and the factors we studied (data, user, collaboration, and organisation). A possible 
explanation could be that the respondents did not think of the multitude of data 
available that can be used for instructional improvement (such as portfolios, blogs, 
reflective conversations, and so forth) when they were completing the survey. Reflection 
is a common tool for evaluation within higher education to determine the 
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students’ progress. In this way, the teacher educator does not just get insight into the 
way students study; with these data, they also get feedback on the instruction. This 
feedback, however, does not always lead to decisions at classroom level.

Factors Impacting Data Use

This study shows that data use for accountability is impacted by the user, the 
collaboration, and the data. It is particularly interesting that the organisation does not 
significantly contribute to data use for accountability. This diverges from the findings of 
Schildkamp et al. (2017) regarding secondary education. This might be due to the small 
number of respondents and the uneven distribution of respondents over the teacher 
education colleges.

Data use for school development is connected to the characteristics of 
the organisation and the collaboration. Both factors are part of the culture of the 
organisation regarding data use. The school culture, and in particular the value 
attached to data use as well as to the skill of using data for school development, play 
an important role when it comes to data use for school development (Schildkamp et 
al., 2013; Sutherland, 2004). When an increase in data use for school development is 
necessary, interventions in which teacher educators need to collaborate, for example 
in professional learning communities, are preferable (see, for example Keijzer et al., 
2012).

Finally, the results show that none of the measured factors had an impact on 
data use for instructional improvement. This diverges from the findings of Reeves 
et al. (2016). They found that user characteristics (attitude, knowledge, and skill 
set) impacted data use for instructional improvement. There are various possible 
explanations for this. The standard deviation is relatively low for this variable in our 
study. Apparently, there is little variability in the extent to which data are used for 
instructional improvement, which is why it is also difficult to find predictors. The 
operationalisation of the concept, data use for instructional improvement, might also 
not really tie in with the daily practice in higher education. Many studies into data use 
have been conducted in primary and secondary education. Higher education has a 
different structure, with a curriculum with modules (which last 6 weeks) which make it 
difficult to identify the learning needs of students based upon data, in order to improve 
instruction based upon these needs. Besides a different structure, higher education 
also has a different culture with less linear teaching-learning trajectories, other forms of 
tests (knowledge tests, but also portfolios or assessments) and other types of data.
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2.5.2 Discussion

Apart from the new insights it provided, this study also has its limits. The outcomes
cannot simply be generalised to other teacher educators and teacher education 
colleges. The small number of teacher education colleges participating and the 
irregular distribution of the respondents over the teacher education colleges made 
a multi-level analysis impossible, and therefore the results could be calculated at the 
teacher educator level, but not at the school level (Hox et al., 2010). That is why it 
is difficult to measure the effect of the organisation as a more-or-less coherent unit, 
which might explain why the factor of organisation was missing when it came to data 
use for accountability. We did not find out what factors are in play when it comes to 
instructional improvement for teacher education colleges. An in-depth case-study into 
a couple of teacher education colleges could provide more insight into the way in 
which teacher educators use data for instructional improvement.

This study shows that there are differences in the way in which teacher 
educators deal with data use. The question remains to what degree these differences 
still fit within the autonomy the teacher educators have and are functional and to 
what degree these differences undermine the quality of the colleges (e.g., De Vries 
& Steur, 2012; Janssens & Dijkstra, 2012). One way of determining this is through the 
importance teacher educators attach to data use. From this perspective, it seems like 
the preparation of future teachers for data use in education is partly dependent on 
the trainer mentoring the future teacher. It is particularly interesting that there is no 
description of what is expected of teachers (and teacher educators) when it comes 
to data use. Perhaps when the proficiency requirements for teachers include what 
is expected of teacher when it comes to data use, their training can be guided in a 
certain direction, as in certain foreign standards (AITSL, 2015; GTCS, 2012; NBPTS, 
2012; New Zealand Education Council, 2006; U.K. Department of Education, 2013). 
This raises the question whether the occupational board of teacher educators and the 
knowledge base of teacher educators (Velon, 2012) need to be adjusted on this point. 
Descriptions of professional practice regarding data use for both the teacher and the 
teacher educators might serve as a catalyst for further professional development of the 
teacher educators, and of (future) teachers regarding data use, and serve to anchor 
data use in the mind-set of this occupational group (Mandinach & Gummer, 2016b).

Moreover, it is also important to realise that data use entails complex skills and 
that it is important for teacher educators to see data use not just as a goal, but as a 
tool for decision making. In particular, data use is helpful for making the right decisions 
when it comes to accountability, school development, and instructional improvement. 
Making informed decisions, that are decisions based upon their own experiences, 
knowledge, expertise, and data, characterises a professional. Research by Poortman 
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and Schildkamp (2016), among others, shows that this can lead to better learning 
results. 

Moreover, further research is needed. A lot is still unclear, for example, 
regarding how colleges make choices in their curriculum regarding teaching data use. 
Colleges could find support by basing these decisions on the outcomes of studies. 
There is a particular need for more knowledge when it comes to questions about 
whether data use should or should not be offered as an integrated subject and the 
relation between data use and the content knowledge and pedagogical knowledge.

Teacher educators could be a role model for their students regarding data 
use for instructional improvement and thus reduce the discrepancy between what 
the students learn about data use and what is expected of them in daily practice. In 
order to support future teachers in differentiating, teacher educators together with 
future teachers should develop educational practices in which instruction is adapted 
to different learning needs based upon data. In this context, teacher educators would 
not just give lectures on data use, but they would develop their lectures based on 
data they collected about their students (see, for example, Jimerson, Cho, & Wayman, 
2016). Such examples can be used as a mirror for future teachers who can learn in this 
way how to use data.
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3 Improving Teacher Education in the Netherlands: Data Team as 
Learning Team?9

3.1  Introduction

Accountability requires teacher educators to use data to meet stakeholders’ demands 
(Jankowski, 2012; Ludlow et al., 2008; Marginson & Van der Wende, 2007; Manrope, 
Wells, & Hazelkorn 2013). But can teacher educators use data to improve teacher 
education? According to Griffiths et al. (2014) and Swennen et al. (2010), teacher 
educators have four different roles: (1) as a teacher, teaching students; (2) as a teacher 
of teachers, modelling how to teach for future teachers; (3) as a teacher in higher 
education, meeting its accountability requirements; and (4) as a researcher, researching 
their own practice. The use of data – defined as “information that is collected and 
organized to represent some aspects of schools” (Lai & Schildkamp, 2013, 10), takes a 
different form in each of the four roles of a teacher educator. As a teacher, the teacher 
educator uses data to inquire into the instructional needs of the students; as a teacher 
educator, data use involves teaching students to adapt their instruction based on data; 
as a teacher in higher education, data use involves rendering accounts to stakeholders; 
and as a researcher, data use involves systematically trying to improve education. From 
the perspective that decisions based on data lead to results sooner than decisions 
based on intuition (Bernhardt, 2004), teacher educators (as teachers of teachers) must 
improve their curriculum as far as teaching future teachers to use data for improvement 
purposes (e.g., Italiano & Hine, 2014; Keijzer et al., 2012). 

According to Little (2012), there is a knowledge gap with regard to how 
teachers engage in the process of using data to improve education. In this paper, 
we attempt to unravel what happens when a team of teacher educators engage in 
the process of data use for improvement purposes. In particular, this study focuses 
on a team of teacher educators who are collaboratively collecting, analysing, and 
interpreting data about a shared problem. The aim was to promote teacher educators’ 
professional learning about data use for school development in a college of teacher 
education. 

3.1.1 About this Study

This study took place in a teacher education college in the Netherlands. The teacher 
education college prepares primary school teachers in a four-year programme, leading 
to a bachelor degree (240 European Credits – one European Credit contains 28 hours 

9  This chapter is based on the published article: Bolhuis, E. D., Schildkamp, K., & Voogt, J. M. (2016a). 
Improving teacher education in the Netherlands: Datateam as learning team? European Journal of 
Teacher Education 39(3), 320–339. doi:10.1080/02619768.2016.1171313.



514401-L-bw-Bolhuis514401-L-bw-Bolhuis514401-L-bw-Bolhuis514401-L-bw-Bolhuis
Processed on: 13-10-2017Processed on: 13-10-2017Processed on: 13-10-2017Processed on: 13-10-2017 PDF page: 54PDF page: 54PDF page: 54PDF page: 54

54

of study). During the four-year programme students are trained at the college (180 
European Credits) and in primary schools during internships (60 European Credits). 
In the first year, students spend 45 European Credits at the college and 15 European 
Credits as interns in primary schools. After completion, students are certified to 
teach in primary schools for children in the age of 4 to 12 years. A current problem 
in many teacher education colleges in the Netherlands is drop-out. The teacher 
education college in our study wanted to reduce student drop-out, because 18% of 
the freshmen leave the college during the first year of study, which was higher than the 
national benchmark (15.7%). A data team (Schildkamp & Poortman, 2015) was formed 
consisting of teacher educators to diagnose the problem, come up with solutions 
and evaluate the effects. In our study, we used the conversation in the data team to 
understand how teacher educators’ professional learning about data use for school 
development developed.

3.1.2 Working with Data in a Professional Learning Community

Data use can lead to the improvement of education (Campbell & Levin 2009; 
Carlson et al., 2011; McNaughton et al., 2012). However, educators often do not 
use data (Schildkamp & Kuiper 2010), but instead make use of their intuition and 
limited observations (Ingram, Louis, & Schroeder, 2004). Therefore, valuable time 
and resources are lost when new measures are implemented which may not coincide 
with the students’ needs (Earl & Katz, 2006). Working with data requires knowledge 
and skills (Schildkamp & Kuiper, 2010) that teacher educators often lack. Professional 
development related to data use (Desimone, 2009; Van Veen et al., 2010) is therefore 
urgently needed for improving the quality of education. 

Professional development is often more effective when it takes place 
in professional learning communities. Several studies have shown that teacher 
collaboration in professional learning communities can lead to increased teacher and 
student learning (Borko, 2004; Darling-Hammond, 2010; Stoll et al., 2006; Vescio 
et al., 2008). In a professional learning community, teachers and administrators 
continuously seek to learn, share what they learn and act on their learning, with the 
aim of improving education (Sjoer & Meirink, 2015). A data team is considered to be a 
special form of a professional learning community, which tries to solve an educational 
problem in a structured way by using data (Schildkamp & Poortman, 2015; Schildkamp, 
Poortman, & Handelzalts, 2015), using the data team method. The method consists 
of 8 steps: (1) problem definition, (2) formulating hypotheses, (3) data collection, (4) 
data quality check, (5) data analysis, (6) interpretation and conclusion, (7) implementing 
improvement measures, and (8) evaluation. Research shown that in secondary 
education, working with a data team can lead to professional development as well as 
school development (Schildkamp & Poortman, 2015). 
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3.1.3  Learning in Data Teams

Teacher learning resembles student learning. Student learning benefits from being 
situated in meaningful contexts, with students actively engaged in the learning 
process, and collaborating with each other (Borko, 2004). Similarly, teacher learning 
needs to provide possibilities for learning in meaningful contexts with colleagues 
(e.g., Borko, 2004; Desimone, 2009). Characteristics of effective teacher learning 
include collaboration, follow-up support, coherence with teachers’ own professional 
development goals and with student’ learning goals, and be stretched over time 
(Voogt et al., 2011). Teacher learning in the data team provides these opportunities 
and is reflected in authentic activities, such as the conversations within the data team. 
An important aspect of these conversations is the extent to which they are relevant 
(Henry, 2012). Neil and Johnston (2005), and Supovitz and Christman (2003) found 
that the relevance of the conversations in teams was related to student learning gains. 
Less-successful teams spend more time on administrative work, student discipline, 
and paperwork, and less time on teacher instruction, student learning, and learning 
materials (Henry, 2012). Relevant conversations focus on teaching, learning, and 
materials, and less on the support of teaching, the support of learning, and the support 
of materials or staff issues (Neil & Johnston, 2005). 

Depth of inquiry is another important aspect of the team’s conversations that 
is related to the students’ learning gains. More successful teams (ie teams that achieve 
higher student learning gains) employ more higher level thinking skills (Achinstein, 
2002; Stokes, 2001) and have conversations with considerable depth of inquiry. The 
depth of inquiry in a data team can be described as an inquisitive attitude on the 
part of its members, aimed at developing new knowledge and taking action based 
on data, while critically reviewing each step of the procedure (Henry, 2012). The 
conversations should reflect reasoning, listening, and underlying assumptions. These 
are not only fundamental for developing steps for improvement, but also contribute to 
the construction of team-level and individual knowledge (Schuyler-Ikemoto & Marsh, 
2007), and thereby contribute to learning. Learning to use data is often associated with 
specific skills, such as data collection and data skills. However, studies (e.g., Marsh, 
2012; Schildkamp & Poortman, 2015) have shown that being able to use data for 
improvement requires much more than being able to collect, analyse, and interpret 
data. Data use also entails collaborating by having relevant conversations based on 
data, and being able to develop and apply new knowledge in one’s own context. 
Therefore, the concepts of relevance of conversations and depth of inquiry can be used 
as indicators for learning related to data use for improvement. 

Learning is one of the hierarchical levels of effects in Kirkpatrick’s evaluation 
model for evaluating professional development (Kirkpatrick, 1979). According to this 
author, professional development (e.g., in data teams) must lead to learning, before 

 data team as a learning team 3
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(before one can expect changes in behaviour. Kirkpatrick distinguishes four hierarchical 
levels of effects: 

 – Reaction: the measure of affective response to the quality of professional deve-
lopment; 

 – Learning: the (extent to which) learning takes place as a result of professional 
development. In this study, this pertains to the relevance of conversations and 
depth of inquiry; 

 – Behaviour: the (extent to which) knowledge and skills gained in the professional 
development programme are applied on the job; 

 – Effects: the (extent of) impact the training has on broader organisational goals 
and objectives. In this study, we focus on the first two levels (the reaction and 
learning levels). 

Kirkpatrick’s approach is a useful model for evaluating professional development 
outcomes (Holton, 1996). By itself, the Kirkpatrick model is unlikely to guide educators 
in making a full evaluation of their educational programme (Bates, 2004). The model 
does not consider data that shed light on why a programme works, unless more 
data are available and analysed in relation to factors such as the complexity of the 
organisation, the training and its design, and the individual members participating in 
the professional learning community (Frye & Hemmer, 2012). 

3.1.4  The Data Coach

To develop the skills the team members require, a data coach supports the data team 
(Cantrell & Hughes, 2008; Neuman & Cunningham, 2009). This coach supports the 
team by leading the participants through the data team procedure, which builds data 
competencies (Love, Stilles, Mundry, & DiRanna, 2008, 20). Lachat and Smith (2005) 
divided the role of a data coach into a coaching role versus an expert role. As a coach, 
the data coach helps the data team to function (e.g., by preparing the agenda) and 
also models inquiry. As an expert, the coach shares his or her knowledge and skills with 
the data team (e.g., supporting the data team in carrying out data analyses). 

3.1.5 Research Questions

As stated above, one way to assess the value of a data team as a form of professional 
development is by applying Kirkpatrick’s evaluation framework for professional 
development activities (Kirkpatrick, 1979). Kirkpatrick identified four levels of effects: 
reactions (the measure of satisfaction), learning (the extent of learning that occurred), 
transfer (the extent of changed on-the-job behaviour) and effects (the extent of 
changed outcomes). In this study, we focus on the first two levels (the participants’ 
general reaction and learning). To gain in-depth insight into how the data team 
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contributes to the professional development of its members, three questions were 
studied: 

1. How do members experience their participation in a data team? (Reaction 
level.) 

2. What are the learning effects for data team participants? (Learning level.) 
   a. What is the relevance of the conversations in the data team?
   b. What is the depth of inquiry of the conversations in the data team? 
3. What role does the data coach play in supporting the data team? 

3.2  Method

3.2.1  Research Method

The case study approach was used to investigate a single case of a data team as a form 
of professional development in teacher education (Savin-Baden & Major, 2013). First, 
the case study is a single-case study in which the data team is the case, and the team 
meetings and the data coach contributions are the units of analysis (Yin, 2014), within 
the context of the teacher education college. We used one case because the data 
team as a human system can provide us with insights into how the conversations in 
the data team contribute to the professional development of the data team members. 
Second, the case study refers to an exploratory approach, to clarify the relationship 
between what happens on the reaction and learning levels and data team members’ 
professional development (Yin, 2014). By analysing the conversations, we were able to 
gain insight in ways that are not always susceptible to quantitative analysis (Cohen et 
al., 2007). And finally, as a written case, the study provides a unique example of real 
people in real situations, enabling readers to understand the ideas behind the use of 
data for professional development more clearly than simply by presenting them with 
abstract theories or principles (Cohen et al., 2007). One consequence of studying real 
people in real situations is that we used quotes to show what happened in the data 
team. We wanted the quotes to stay as close as possible to the observations of data 
team members, and we transcribed their spoken language into written language.

In carrying out the case study, the researcher in this study was also the data 
coach (participatory research). In this way, we were able to gain an insight into both 
causes and effects of the role of the data coach as related to team members’ learning 
and experiences, insofar as it was necessary for the data coach to actively contribute to 
the data team process (Cohen et al., 2007).

The choice of a case study method was a response to Little’s (2012) call for 
micro-process studies, which require close attention to patterns of on- the-ground 
interaction. By zooming-in to the interactions that occur between actors, we contribute 
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to a programme of research on data use and school development and we can expose 
aspects of practice that otherwise remain opaque. These dynamics of practice are also 
likely to prove salient in accounting for the evolving nature and consequences of data 
use in schools (Little, 2012).

Our case study approach enabled us to ‘zoom-in’ and obtain a deeper 
level of understanding of the first two levels of Kirkpatrick’s evaluation model 
(Kirkpatrick, 1979): Satisfaction with the professional development in the data team 
and how learning occurred in the team in terms of the (changes in) relevance of the 
conversations and depth of inquiry. Moreover, the case study approach enabled us to 
‘zoom-in’ on the role of the data coach. Although this was time-consuming, capturing 
the entire conversations of the team provided much greater depth of insight than we 
could have achieved using observation protocols or field notes alone.

3.2.2  The Data Team

The participants in the data team were recruited as result of a presentation about the 
use of data to improve educational quality at the teacher education college organised 
by the management. Five teacher educators volunteered to participate after this 
presentation, and an additional two participants (a tutor and the manager in charge of 
student drop-out) were asked to take part by management. Five teacher educators, 
one tutor and a manager participated in the data team (Table 3.1). The manager in 
charge of student drop-out participated from a distance, gave the green light for 
working with a data team and helped with formulating the problem statement. The 
data coach/researcher was attached to the college as a lecturer.

Table 3.1
Data team members

Respondent Function Age Years of 
teaching  

experience

Years of  
experience at 
the institute

Agatha
Ann
Beth
Data coach
George
Hedy
Reese

Teacher drama & dance
Teacher pedagogy/educational science
Teacher pedagogy/educational science
Researcher
Teacher ICT
Tutor
Teacher visual art & design

38
52
31
49
35
53
40

12
25
9

26
4

27
13

2
4
6

14
4

27
13

Average (standard deviation) 41.5 (8.26) 15 (8.30) 9.3 (8.63)

The data team met 11 times between December 2011 and July 2012 (Table 3.2).
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Table 3.2
Overview of the data team meetings: meeting number, (number of) members present, and the 
activity of the meetings 

Meeting Number of members present

1.1
1.2
1.3
1.4
1.5
1.6
1.7
1.8
1.9
1.10
1.11

Activity10

6
6
4
6
4
5
4
5
4
6
6

1,2
1,2
3

3,4
3

1,2,3
4,5,6
5,6,7
5,6,7

7
7

10  The activities in the meetings were according to the data team method: 1) problem definition, 
2) formulating hypotheses, 3) data collection, 4) quality check, 5) analysis, 6) interpretation, and 
conclusion, 7) implementing improvement measures 8) evaluation.

3.2.3  Instruments and Data Analyses 

The conversations at all the data team meetings were observed and audiotaped, and 
the interviews were also audiotaped (Tables 3.3 and 3.4). Interviews were conducted 
by the data coach with all of the data team members. Interview 1 at the middle (March 
2012), abbreviated as IT1 and interview 2 at the end of the data team meetings of 
the first year (July 2012), abbreviated as IT2. Both interviews consisted of the same 
questions and were related to the participants’ reactions, the level of learning and 
the role of the data coach. The researcher also kept field notes. In the notes, the 
researcher reflected on how the data team functioned and the role of the data coach. 
Furthermore, artefacts were collected (ie materials used by the data team, such as the 
raw and analysed data used during the meetings; the instruments used to collect data.

Table 3.3
Overview of instruments in relation to the sub-questions

Observations Interviews

Effects reaction level

Field notes Artefacts

How do members experience the participation 
in a data team?

X X X X

Effects learning level

What is the relevance of the conversations in a 
data team? 

X X

What is the depth of inquiry of the 
conversations in the data team? 

X X

Coach role

Which role does the data coach play in 
supporting the data team

X X X X

 data team as a learning team 3
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Table 3.4
Overview of the themes, codes, source, and code descriptions11

Research 
question

Source Code Code description

Relevance Neil & 
Johnston, 
2005 

Teaching, student 
learning, and  
materials
Supporting 
teaching, 
learning, and 
materials
Staff issues

Conversations related to teaching, student learning, 
learning materials and, coaching

Conversations related to the support of teaching, 
student learning, learning materials, and coaching

Conversations related to staff issues

Depth of 
inquiry

Henry, 2012 Depth

Average depth

Some depth

No depth

The discussion focuses on exchanging experiences, 
information, and opinions. The discussions are not 
shallow and lead to a shared explicit knowledge 
base. Characteristically the dialogue is based on 
concrete research and/or data.
All data team members are involved and they 
actively create a new knowledge base, however, 
this does not make them want to actively test and 
sharpen this new knowledge.
Several data team members are involved in the 
discussion, focusing on sharing information, 
experiences, and sources, but this does not lead to a 
shared knowledge base and/or assumptions.
The data team discussions are about structuring the 
data team meetings. The data team does not work 
towards a shared explicit knowledge base

Expert role

Guide role

Lachat & 
Smith, 2005

Expert

Coach

The data coach, as an expert, carries out activities 
that show the data team members how to carry out 
the activities on their own, how to collect the data, 
etc.
The data coach carries out activities to support, 
to show how to work with data, and activities to 
encourage the data team in the process of working 
with data

11  In order to measure relevance and depth each transcript was divided into ten lines. Each section 
was then coded on relevance and depth

The observations, interviews, field notes, and artefacts were analysed using Quality 
Data Analysis (QDA) (Lewins & Silver, 2007). The codes were based on theories of 
teacher learning, especially the relevance of the conversations (based on Neil & 
Johnston, 2005) and depth (based on Henry, 2012). Conversations related to teaching, 
student learning, and materials were coded with relevance and conversations related 
to other subjects (for instance about the minutes) were coded with no relevance. 
Before coding on depth, the transcripts we divided in portions of 10 lines each. Each 
10-line portion was coded with no depth, some depth, average depth or with depth. 
Fragments without any exchanges of ideas/beliefs, without fact checking, were coded 
with no depth. Fragments with some exchange of ideas and beliefs, without fact 
checking, were coded with some depth. Fragments with all members sharing ideas and 
beliefs, without fact checking, were coded with average depth. And, finally, fragments
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where all members sharing ideas and beliefs with checking the facts, were coded with 
depth. The mean depth was calculated by assigning 1 to fragments of no depth, 2 to 
those coded as having some depth, 3 to those coded as having average depth, and 4 
to those coded as having considerable depth. The overall mean depth for the meeting 
were based on the total value of the coded fragments for that meeting, divided by 
the total number of coded fragments related to depth. The role of the coach was 
coded based on Lachat and Smith (2005). Fragments where the data coach carried out 
activities, which showed the data team members how to carry out the activities on their 
own, how to collect data and so forth, were coded as the expert role. Fragments of the 
data coach carrying out activities showing the data team how to work with data, and 
activities encouraging the data team in the process of working with data, were coded 
as the coach role.

The data were coded using the pattern-matching strategy (Yin, 2014) whereby 
in three successive rounds, information from the case was related to the theoretical 
categories of relevance, depth, and the coach’s role, respectively. Uncategorised data 
were not used. Before finally removing this data, we attempted to categorise these 
data in an additional category in order to ensure that the discarded data did not 
contain any valuable information. Finally, the data from observations were matched to 
data from interviews, artefacts, and notes. 

3.2.4  Validity and Reliability

Constructs from the literature were used to formulate interview questions and to code 
the transcripts (Poortman & Schildkamp, 2011). The interview questions, which were 
based on prior research (Kirkpatrick, 1979; Lachat & Smith, 2005; Schildkamp & Kuiper, 
2010). An example question is “Looking back at the data team meetings, what is your 
reaction on the data used in the data team?”, were first tested and adjusted where 
needed. A fellow researcher also coded 10% of all transcripts. The inter-rater reliability 
was calculated and resulted in a high Cohen’s kappa of 0.79. In order to further ensure 
the reliability of the study, the observations and interviews were audio-recorded, QDA 
was used to code and analyse the data, and finally, method and data triangulation were 
used.

3.2.5  Case

The purpose of the data team was to reduce the amount of drop-out: “We will explore 
the reasons for the (potential) drop-out rate among freshmen in full-time training, 
because we want to know why students leave in order to support them during their 
study by dealing with the top 3 reasons we can change for the better to prevent them 
from dropping out.” (Data team meeting 1, Hedy)

 data team as a learning team 3
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The data team formulated hypotheses about group atmosphere, educational 
background, gender, and learning and planning skills. First, an existing exit survey 
was adapted for use in investigating the reasons for student drop-out, a digital 
questionnaire with both open and closed (Likert-scale) questions (response rate 23%, 
N = 18). Second, a study progress report was used, with the number of credits per 
student, per course, and per period, and the total number of credits accumulated. 
Finally, the team developed a short survey (via email) among the tutors about the 
cause of the increase in the number of credits for a selected group of students (100% 
response rate, N = 7). The quality of the adapted exit survey was monitored by means 
of a trial administration. And, comparing the study progress report with other reports 
assessed the quality of the study progress report. The results from the exit survey and 
the tutor survey were analysed in frequency tables, and the study progress report 
results were analysed with an independent samples t-test to reject or endorse the 
hypotheses about group atmosphere, educational background, and gender. The 
hypotheses related to group atmosphere, educational background, and gender were 
rejected and were not found to influence drop-out. The next hypothesis focused on 
study success for different parts of the programme. These data show per student which 
parts of the programme were completed successfully in terms of European Credits 
(one year has 60 European Credits). The data showed that students completed on 
average 5 (of the 14) European Credits (35.7%) in the first quarter of the freshman 
year, 16 (of the 30) European Credits (53.3%) in the second quarter, and 31 (of the 45) 
European Credits (68.9%) in the third quarter of the freshmen year. Based on these 
data, the data team concluded that students were insufficiently challenged to study 
in the beginning of their programme, which was related to drop-out. This led to the 
following improvement measures: First, the data team gave a presentation to the entire 
teaching staff about the progress students had made over the year and the conclusions 
from their investigations. Second, they proposed a course for students that would be 
focused on developing study skills, guiding the students to learn independently in the 
second period (of four) of the year. 

3.3 Results

3.3.1  Effects at the Reaction Level

In the interviews, six of the seven members experienced the data team procedure 
as meaningful and praised the possibility of handling a problem thoroughly. Some 
members even indicated that they really needed the structure provided by the data 
team procedure, and that they wished to change the way they had been working so far 
to start using data to improve education (e.g., Ruffner, 2008). For example, one of the 
respondents indicated: “The times when we had the luxury of fooling around are over. 
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When I look at last year’s number of applicants, something needs to happen ... We 
need to be sharp and ensure things (data) are in order” (Reese, IT2). This also points to 
the increased emphasis of data use in teacher training colleges. Teacher educators are 
expected to use data to improve their education and are held accountable for doing 
so (e.g., Plecki, Elfers, & Nakamura, 2012). One data team member had hesitations 
about the meaningfulness of the data team intervention. He/she thought the method 
was useful, but that it was also circuitous and did not add anything new. The question 
here is if for this respondent, the data team procedure was really not new, or that he/
she did not fully grasp the meaning of it and/or was perhaps resistant to investing time 
in learning. Three of the seven members did appreciate the chance to learn about data 
use, the data team procedure, and how to conduct research in their own organisation. 
A teacher educator saw it as an opportunity to practise their research skills: “Doing a 
bit of research again, for a while. Analysing data. I really liked that ... it [following the 
procedure] is a nice way of refreshing your knowledge and abilities.” (Agatha, IT1).
However, five of the seven data team members mentioned that they felt that the 
process was too slow at times, especially in the beginning when they did not yet have 
the data: “The first phase is so elusive. You have to persist. ... The last couple of times 
were very meaningful, because we had the data needed to take concrete steps. During 
the first meeting and the ones following, I felt like we were stuck.” (Ann, IT2). This is 
consistent with learning new things, which in the beginning usually takes time. It is also 
inherent to the data team procedure where the focus lies on taking your time to really 
investigate the causes of a problem instead of jumping to conclusions (e.g., Katz, Earl, 
& Ben Jaafar, 2009).

The data team members were asked if they were going to use the knowledge 
gained from participation in a data team in their own practice. Three members still 
saw their lack of data skills as an obstacle in the way of their starting to use data. Two 
members connected the knowledge gained with the knowledge they already had 
(as a researcher). The other two members did not connect the data team work with 
their own teaching practice, they indicated that a lack of time for conducting in-depth 
analysis would prevent them from using data in their own practice: “Still not very 
practical, I think right now, actually. No, I do not think so concrete. If certain things 
occur, we just go towards a solution, because we don’t have the space or time to do 
such an analysis.” (Beth, IT2). Resistance to change is common in education (Akmal & 
Miller, 2003). Often, there is a tendency to immediately react instead of postponing 
judgement. Data use takes time, but in the long run can lead to improved education 
(e.g., Carlson et al., 2011). 
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3.3.2 Effects at the Learning Level

The Relevance of the Conversations

The conversations in the data team addressed teaching, learning, and materials 36% 
of the time; supporting teaching, supporting learning, and supporting materials 55% 
of the time; and staff-issues 9% of the time. Although the discussions in the team 
were relevant, initially the discussions did not focus on the way teaching and learning 
was organised, but on changes that other people had to make. For example, one 
of the data team members stated at the first meeting, “So the meaning of this is, 
that by means of the hypothesis we are going to investigate drop-out and come up 
with advice. Then, our advice can be implemented by the curriculum commission.” 
(Reese, Meeting 1.1), referring to the curriculum commission’s responsibility. Another 
team member stated at the fourth meeting: “The aim of the teacher should be that 
at least 90 per cent of the students complete the teaching unit.” (George, Meeting 
1.4). Another team member reacted: “What motivates me is, to what extent is our 
teaching program the cause of drop-out?” (Hedy, Meeting 1.4), referring to blaming 
the programme for the drop-out rate.

Eventually, the data team members decided to look also at the role of the 
teacher. However, these data were not easy accessible or available: Data about 
progress in the course of study were available, but not about, for example, active 
pedagogy. The data team needs data that are fit for their purpose, and not only data 
assessing the easily measurable (e.g., Griffiths et al., 2014) The data team tried to 
solve this issue by adapting an existing exit questionnaire to incorporate the role of the 
teacher. It was a time-consuming effort. However, the team did not get a high response 
rate (23%). At the eighth team meeting, it was stated that: “Students indicated that 
they mainly blame themselves and not the teachers.” (Data coach, meeting 1.8). A 
data team member reacted: “And what did they answer to the question about active 
learning? Even there, eight out of nine answered that they had not been active enough 
in their studies, instead of blaming their teachers.” (Reese, Meeting 1.8).

This suggests the students have fixed traditional views about learning. The 
data team decided to continue only with considering students’ progress in the course 
of study, but several of their conversations were still focused on teaching, coaching and 
learning in their own classrooms: “I know that in the previous year, in my own teaching 
unit we had four assignments and examinations. Students who complete three out 
four will not get their final credits for the unit. So, the more obstacles you create for 
accumulating the credits, the fewer credits the students get.” (Ann, Meeting 1.8).

Although, many conversations started with teaching and learning, the 
interventions the data team developed were related to the way students learn and not 
to teaching. The data team members tended to attribute the problems externally 
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instead of internally (e.g., Van den Hurk, Houtveen, Van de Grift, & Cras, 2014). The 
improvement measures were developed on a general level (extra-curricular course to 
develop study skills), but the teaching of the teacher educators themselves remained 
unchanged. “We can all try to ensure that students are studying. We and the other 
teachers should keep a close eye on the students: How did they complete the exams? 
Did everybody complete the exams? Does anyone have one postponed? As a 
blueprint of how quickly students know how it works. And how do they plan?” (George, 
Meeting 1.10).

The data team did not develop interventions related to teaching. Nor did they 
reflect on the data team method, or on the value of the method in relation to their 
own teaching practice, and more generally, their role in teacher training. Their learning 
occurred as part of their role as teachers in higher education rather than as teachers of 
students, as a model for students or as researchers (Livingston, 2014). 

Depth of Inquiry

The depth of Inquiry within the meetings had a recurring pattern: Most of the meetings 
started with conversations that had no depth (no exchanges of ideas/beliefs); as the 
conversation progressed, the depth increased, and then decreased again. This is 
caused by the fact that the meetings started and ended with staff issues. For instance, 
meeting 4 (see Table 3.5; no depth 15%, some depth 58%, average depth 18%, and 
considerable depth 0%; activities: data and quality check) started with the agenda and 
the minutes (the first 12 minutes: no depth). Then, based on the reactions of students 
who completed the exit survey as a trial, the quality of the questionnaire was discussed 
and the questions were adjusted. This conversation mainly had some depth (some 
exchange of ideas and beliefs, without fact checking), and occasionally an average 
depth (all members sharing ideas and beliefs, without fact checking). The meeting 
ended with agreements made for the next meeting (no depth). Meetings 10 and 11 
were an exception to this pattern: Almost the whole of both meetings had an average 
depth, which was due to the content of the conversations. Both meetings were 

Table 3.5
The extent of depth (percentages) per meeting (M1-11)12

M1
No depth
Some depth

M2 M3 M4 M5 M6 M7 M8 M9 M10 M11 TOTAL

Avergage depth
High depth

32%
24%
38%
6%

25%
38%
28%
9%

15%
58%
18%
9%

17%
33%
50%
0%

17%
20%
63%
0%

17%
47%
28%
8%

11%
14%
8%

67%

2%
18%
62%
18%

2%
15%
43%
40%

4%
10%
86%
0%

3%
3%

94%
0%

12%
24%
49%
15%

100% 100% 100% 100% 100% 100% 100% 100% 100% 100% 100%

12  The transcripts of all conversations were divided in parts of 10 phrases. Every phase was labelled for 
the extent of depth.

 data team as a learning team 3
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about making plans for interventions to improve education based on the knowledge 
constructed in previous meetings. 

The depth of inquiry not only varied between meetings (see Figure 3.1), but 
also increased as the data team progressed through the data team procedure. The 
percentage of conversations without depth was relatively high in Meetings 1 and 2 
(32% and 25%, respectively), which decreased to 4% and 3% in Meetings 10 and 11, 
respectively. The depth of inquiry of the data team’s conversations can be divided 
into three phases over time based on the overall mean depth of the meetings. Phase 
one (Meetings 1 up to 6) was the phase in which the team had to be formed and 
the data team procedure begun, with a mean Depth of 2.28. The conversations 
were characterised by exchanging information, for example, how to adapt the exit 
questionnaire. The data team members did not really focus on building knowledge 
because they needed to get used to each other and become familiar with the 
procedure. 

In the second phase (Meetings 7 up to 9), the conversations showed increasing 
depth (with a mean Depth of 3.15). The data team’s focus was on the data collected, 
the quality of the data, and the interpretations and conclusions based on data. Some 
of the hypotheses turned out to be wrong, which resulted in conversations with deeper 
levels of inquiry. New knowledge was created based on the data (e.g., educational 
background, group atmosphere, and gender do not influence drop-out). New 
knowledge was also created based on hypotheses that the data showed to be 
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Figure 3.1
The overall mean depth per meeting 

13  The mean depth was calculated by assigning 1 to fragments of no depth, 2 to those coded as 
having some depth, 3 to those coded as having average depth, and 4 to those coded as having 
considerable depth. The overall mean depth for the meeting was based on the total value of the 
coded fragments for that meeting, divided by the total number of coded fragments related to depth.
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correct, for example, with regard to a lack of study skills in the first two periods of the 
year influencing drop-out: “I hear too many students say: We are very busy now. In 
essence, that is correct, because they must now get the maximum number of credits 
in these periods. So, if you’re talking about study ability this signal fits with the figures 
that we see. We can conclude, if we are talking about the allocation of credits over the 
year, period one is a crucial period.” (Reese, Meeting 1.8).

However, although the data team members were willing to learn and develop 
new knowledge based on data, when it comes to the implementation of this new 
knowledge, the data team members did not see this as their responsibility. This can 
also be seen in the third phase (Meetings 10 and 11) where the mean Depth of the 
discussions decreased a bit (to 2.88) to less than average depth. These were the 
meetings focused on the improvement measures, but these improvements were not 
related to teachers’ own functioning, as illustrated by the following quote: “You should 
have a complete list of all the students you supervised and the credits they have 
accumulated so far, so you can ask every week: And, where do you stand? You cannot 
get this information out of the system. Another prerequisite for this is, that the coach 
should know how the curriculum works.” (Agatha, Meeting 1.11).

The Role of the Data Coach

With regard to the role of the coach, five of the seven data team members appreciated 
making decisions collectively with the support of the data coach: “Sometimes your 
presence was clearly felt, sometimes less clearly. You did not make the decisions, we 
did that together.” (Agatha, IT2). Based on observations, the data coach switched 
between the role of coach and expert, both during the meetings and between the 
meetings. The coach’s role for the data team depended on whether the data team 
needed new input (e.g., knowledge), or help in finding the right path. When we 
determined the extent to which the data coach was acting as an expert or a coach 
during each meeting (Figure 3.2), it became clear that during Meetings 1, 4, 7, and 9, 
the data coach predominantly acted as an expert: The coach brought new knowledge 
about the data team intervention (Meeting 1) and analysing data (Meetings 7 and 9) 
into the meeting. During Meetings 5, 6, 10, and 11, the data coach acted more as 
a coach: He modelled skills and assisted in collecting data (Meetings 5 and 6) and 
in developing improvement actions (Meetings 10 and 11), and during Meetings 2, 3 
(collecting data from the perspective of the problem and the hypotheses the data team 
had stated), and 8 (formulating conclusions) the data coach acted (almost) equally as an 
expert and as a coach. The data team members valued this balance between the roles 
of expert and coach: “The difference between you (data coach) as an expert and as a 
coach works well. We also need to learn not to rely too much on someone providing a 
framework.” (George, IT2).

 data team as a learning team 3
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Figure 3.2
The percentage of expert and coach interventions per meeting 

In the expert role, the data coach explained things or the data team fell back on the 
knowledge/skills and/or preparation of the data coach. During the first meeting, for 
example, the data coach explained the data team procedure, explained the problem 
statement, and discussed it with the data team.

In the coach role, the coach let the data team work independently, or relied 
on its members’ content knowledge, which was crucial for the sustainability within the 
group. In meeting 6, the data team worked independently: The chairman was well 
prepared and showed adequate leadership. In Meetings 10 and 11, content knowledge 
was crucial for developing improvement measures.

The data coach influenced the depth of inquiry. In the first three meetings 
of phase one, the comments that resulted in greater conversational depth came 
from the data coach in the role of expert (Meetings 1–3: 10 fragments of the coach 
in an expert role and 6 fragments in a coach role). During the second half of the first 
phase (Meetings 4–6), the data coach’s comments that influenced the depth of the 
conversations reflected the coaching role in particular (Meetings 4–6: 2 fragments in an 
expert role and 14 in a coach role). In the second phase, 8 of the data coach’s 13 

14  The percentages of expert and coach interventions were calculated by labelling all fragments in which 
the data coach intervened as either coaching or expert interventions. The total number of fragments 
coded for each type of intervention per meeting was added up and divided by the total number of 
coded fragments related to the data coach’s role for that meeting.
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contributions, which resulted in greater conversational depth, were contributions in 
the role of expert. In the third phase, the data team needed no encouragement from 
the data coach to reach greater depth. The data coach also provided depth in the 
conversations by summarising conclusions, by involving other data team members 
in their conversations, and by asking reflective questions. For example, in data team 
Meeting 7, the data coach asked the data team members: “Go on; help him to get all 
the arguments. ”So, Beth responded: Another argument is that the credits have not yet 
been definitively entered into the system.” Whereupon George said: “Do not.”

In the same meeting, the data coach asked data team members to summarise 
the previous discussion: “What can we conclude?” Agatha responded: “More or less 
70 per cent of the students have a gap between the credits they have and what they 
could have.” Ann added: “From our previous meeting we can say that almost 80 per 
cent of these students incur this gap in the first period.” This enlarges the role of the 
data coach. This role should not only focus on teaching of the data team procedure, 
but should also focus on the construction of knowledge and how to promote depth of 
inquiry (e.g., Love et al., 2008). 

3.4 Conclusions

This micro-process study led to detailed insights into how participation in a data team 
can contribute to professional development. In the conclusion section, first, answers 
to the research questions are proposed. After a discussion of the findings, this section 
ends with implications for practice.

3.4.1 The research questions

How do Members Experience their Participation in a Data Team?

With regard to the effects at the reaction level, we can conclude that the data 
team members indicated that they were, in general, positive about the data team 
intervention, and appreciated participating in the team. As several studies have 
shown (Borko, 2004; Desimone, 2009; Timperley & Earl, 2012; Van Veen et al., 2010), 
appreciation of participating in the data team is necessary, but does not guarantee new 
learning (Akmal & Miller, 2003).

What is the Relevance of the Conversations in the Data Team?

With regard to the learning level, the conversations that the team members had were 
relevant. The conversations started with a focus on the classroom, but a lack of data on 

 data team as a learning team 3
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teaching practices resulted in more general conversations.

What is the Depth of Inquiry of the Conversations in the Data Team?

The effects at the learning level are also reflected in the depth of inquiry of the 
team’s conversations. The conversations varied in depth of inquiry. Generally, within a 
meeting, the conversations started out with less depth (no exchanges of ideas/beliefs), 
increased in depth (members sharing ideas and beliefs, with or without fact checking), 
and decreased again. Also, across meetings, the depth of inquiry was low during the 
first six data team meetings, increased over time, and decreased slightly during the 
last meetings. This could be explained by the way a group evolves (Tuckman, 1965). 
It takes some time for a group to become effective and to reach relevance and depth 
in conversations (Henry, 2012). Moreover, teachers need to learn not to react instantly 
to stimuli. This direct reaction to stimuli is what Katz et al. (2009) call the activity trap: 
acting before thinking. This is one of the things the data team procedure aims to 
prevent.

Moreover, several of the hypotheses the team investigated turned out to be 
false (ie with regard to gender, group atmosphere, and educational background). 
This led to increased depth of inquiry and learning. The team built new knowledge 
on hypotheses that turned out to be false. This is not the type of knowledge that 
immediately leads to changed practice, but data team members’ assumptions about 
the problem were challenged, and the results of the data analysis undermined certain 
myths within the organisation. This is what Weiss (1998) calls the enlightenment 
function (of data). Being involved in the data team resulted in collaborative teacher 
learning in meaningful contexts (Voogt et al., 2011).

What Role does the Coach play in Supporting the Data Team?

The data coach played an important role in supporting this data team (cf. Verhaeghe, 
Vanhoof, Valcke, & Van Petegem, 2011). The data coach (cf. Lachat & Smith, 2005) 
guided the team through the procedure and maintained a focus on data and depth of 
inquiry. A balance between the coach role and expert role led to increased depth of 
inquiry in some meetings. Data team members saw the coach as a part of the team. 
This study shows that the data coach can steer the conversations towards greater 
depth by providing a role model, and by providing learners with opportunities to 
discuss and reflect with each other, to practise the application of new knowledge, and 
to give feedback. All of these are crucial for learning, as other studies have concluded 
(Marsh, 2012). According to Kirkpatrick’s learning levels (Kirkpatrick, 1979), the coach 
stimulates the team to get deeper in their conversations and scaffolds the data team in 
their learning process. Teacher learning through the data team intervention in this 
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case aimed to solve a problem at the level of the teacher education college. We found 
that the teacher educators did not expand their use of data to act as a role model for 
their students; they did not use data to improve upon their own teaching. In general, 
it seems that explicit attention must be paid to the training of teacher educators with 
regard to applying this knowledge in the different roles they fulfil. This is in line with 
the complexity of professional development for teacher educators, and especially the 
complexity of teacher educators’ identity formation (Livingston, 2014).

3.4.2 Discussion

This exploratory study focused on the way one data team functioned at one teacher 
training college. By using a case study approach, the focus was on the conversations, 
in the data team, thus providing insights into the steps taken, the development 
of the conversations, and the role of the data coach. We studied opportunities for 
professional development of teacher educators participating in the team, focusing on 
the first two levels of Kirkpatrick’s (Kirkpatrick, 1979) evaluation model: reaction and 
learning (authentic learning as reflected in the conversations). Although this study was 
conducted in only one teacher training college, it provides us with a better reflection of 
teacher learning than often-used measures of perceptions of learning (e.g., interviews 
and surveys).

However, because a case study opts for analytic rather than statistical 
generalisation (Cohen et al., 2007), the results cannot simply be transferred to other 
situations. This study focused on describing in depth what happened in one teacher 
training college where educators were learning how to use data through the data team 
procedure. Further research is needed in more teacher training colleges to formulate 
conclusions and gain more insights into the effects of data-related professional 
development for teacher education, as well as the factors enabling or hindering 
effective professional development in the use of data in the different roles teacher 
educators fulfill. Further research is also needed on how to generate behavioural 
effects and to reach organisational goals (Kirkpatrick, 1979).

With regard to these higher levels of effects, the action plan that the data team 
developed did not incorporate their own functioning in the classroom. The intended 
measures were related to other teacher educators (e.g., curriculum commission), and 
to the daily teaching and coaching routine of teachers. Data team participation did 
not really lead to reflection on the teachers’ own teaching practice. Further research 
can focus on how professional development of teacher educators develops in and 
between roles. Even when participants are satisfied with a professional development 
intervention, this might not lead to learning, and learning sometimes does not 
automatically mean that people are going to apply their new knowledge and skills, as 
found by several other studies (e.g., Alliger & Janak, 1989; Alliger, Tannenbaum, 
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Bennett, Traver, & Shotland, 1997). Further research can focus on why it is so difficult 
to reach this behavioural level of effects, and in particular across the different roles of 
teacher educators.

Our study shows that a lack of measures related to the teacher’s own 
functioning may have been (partly) caused by a lack of access and availability of data 
related to teaching practices, but also may have been caused by a lack of ownership 
over the problem. The problem is a general problem, and perhaps, in the eyes of 
teacher educators, not so closely related to their own classroom teaching. A lack of 
ownership (e.g., students’ results are not influence that much by my teaching) can 
hinder data use (Hubbard et al., 2013; Schildkamp & Kuiper, 2010). Further research 
may focus on how these different factors can hinder or enable data-related professional 
development initiatives. It is important to take into account the organisational 
context in which data use is taking place, the characteristics of the data, and the data 
systems available, as well as personal characteristics of the individual data users (e.g., 
ownership), as these all interact (Coburn & Turner, 2012; Marsh, 2012; Schildkamp & 
Poortman, 2015).

3.4.3 Implications for Practice

Although conceptual data use was achieved by the team, it seemed that the 
instrumental use of data (Weiss, 1998), in which data team members actually apply 
their new knowledge in their own practice, was not reached. This is what Desimone 
(2009) calls the behavioural-level effect of professional development. Although it was 
not a specific focus of our study, we did notice that, with regard to the behaviour level, 
data team members did not make the connection between working with data in a data 
team and data use in their other roles. To make this transfer, we argue that explicit 
attention from a coach is required. The coach needs to assist not only in collecting 
and analysing the data, but also in linking these data to teacher educators’ other roles 
as a model for students of their own teaching practice, and as seeking to identify 
appropriate measures to improve education based on data (Marsh, Sloan McCombs, 
& Martorell, 2010). When new behaviour is the aim, the role of the data coach should 
also be to support teacher educators in implementing new teaching strategies (Cantrell 
& Hughes, 2008; Neuman & Cunningham, 2009). Only then can the use of data lead to 
improved teaching, improved student learning, and achievement. 
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4 Data-Based Decision-Making in Teams: Enablers and Barriers 

4.1  Introduction

Schools of higher education have more and more data on education at their 
disposal (e.g., Earley & Bubb, 2014). The OECD (2013) mentions several factors 
that enable data-based decision making in education. For one thing, technological 
developments have made data more accessible. Moreover, students’ progress is 
being measured more and more by means of standardised tests, which enables us 
to make comparisons. There has also been a shift in the social paradigm related to 
public facilities that contributes to increased data use. Schools of higher education are 
expected to be able to account for the use of public funds in terms of the results and 
professionals are expected to be able to account for the decisions they have made. 
Despite a general increase in data use and the pressure to use data for accountability, 
data-based decision making is still not a common practice in higher education (Blaich 
& Wise, 2011), not even at teacher education colleges (Mandinach, Friedman, & 
Gummer, 2015). However, studies show that data-based decision making can lead to 
better results (Lai, Wilson, McNaughton, & Hsiao, 2014). Teachers can gain insight into 
the problem they are working on by means of using and analysing the relevant data, 
which can lead to measures to improve education (Earl & Katz, 2006). Relevant data 
comprise not just test results, but also, for example, observational data. In this context, 
data are seen as “information that is collected and organized to represent some 
aspects of schools” (Lai & Schildkamp, 2013, 10).

However, schools, teams, and teachers often lack knowledge and skills with 
regard to how to use data, and they need support in the use of data to improve 
education (Schildkamp & Kuiper, 2010). In this study, support was provided by way 
of the data team procedure. A data team consists of six to eight teachers and a 
school leader, assisted by a data coach, who work together to solve a problem using 
data (Schildkamp & Poortman, 2015), following an eight-step procedure: 1) problem 
definition, 2) hypotheses formulation, 3) data collection, 4) data quality check, 5) data 
analysis, 6) interpretation and conclusions, 7) implemention of improvement measures, 
and 8) evaluation. These steps are cyclical and iterative; new hypotheses can be 
developed based on the collected data.

However, participation in a data team does not automatically result in 
educational improvement. The quality of the conversations within the data team is 
crucial here (Achinstein, 2002; Henry, 2010; 2012; Stokes, 2001; Supovitz & Klein, 
2003). Teams who are able to improve education test their own hypotheses about 

15  This chapter is based on the published article: Bolhuis, E., Schildkamp, K., & Voogt, J. (2016b). 
Data-Based Decision Making in Teams: Enablers and Barriers. Educational Research and Evaluation 
22(3-4), 213–233. doi: 10.1080/13803611.2016.1247728.
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education using data and adjust them if necessary (Achinstein, 2002). Henry (2012, 
83) calls this depth (depth of inquiry) and describes it as “the extent to which team 
discussion develops a progression of thought that is constructively challenged so that 
the team’s understandings and practices can be collectively examined, developed, 
applied, and revised over time”.

However, not all conversations within a data team have adequate depth of 
inquiry (Schildkamp & Poortman, 2015). Discussing data in depth within a data team 
presupposes complex skills on the part of the data user, and is partly influenced by the 
organisational context within which the data team functions (Coburn & Turner, 2011; 
Hubbard et al., 2013; Schildkamp & Kuiper, 2010). Many factors can affect the depth of 
inquiry. The research question central to this study is therefore: 

Which factors enable and hinder depth of inquiry within the data 
team?

4.2 Conceptual Framework

4.2.1 Depth of Inquiry

Successful teams display a great deal of depth of inquiry in their data team discussions. 
They develop knowledge based on the data, and during their discussions the data 
team members reason, exchange arguments, and listen to each other (Henry, 2012). 
Depending on the progression of thought and the cognitive tension involved, 
conversations can have more or less depth of inquiry (Butler & Schnellert, 2012; Henry, 
2010; 2012, Holmlund-Nelson, Slavit, & Deuel, 2012; Schildkamp & Poortman, 2015).

Two aspects play an important role in distinguishing the levels of depth: 
the progression of thought and cognitive tension. The progression of thought is the 
exchange of ideas and beliefs within the data team. Data team members formulate 
their ideas and beliefs and other members react. These reactions can reflect questions 
about what was meant and whether these ideas and beliefs are based on reality. 
Cognitive tension is the will to investigate in what is said and to check whether it 
is consistent with the data. The data team builds knowledge about the researched 
hypothesis.

Henry (2012) distinguish four levels of depth. According to Fiore, Smith-
Jentsch, Salas, Warner, and Letsky (2010) and Henry (2012), these levels have an 
overlapping and iterative nature:
1. No depth: There is no exchange of ideas and beliefs in the team’s discussions 

(they are more about structuring the data team meetings or monologues) and 
the discussions do not lead to reactions, or fact checking;
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2. Some depth: Several data team members are involved in the discussion, 
focusing on sharing information, experiences, and sources. These are not 
compared with data and do not lead to a shared knowledge base and/or 
assumptions; 

3. Average depth: There are conversations between several data team members, 
in which knowledge is shared and a knowledge base is constructed. The 
knowledge is superficial and is not verified by data; 

4. Much depth: There are conversations between all members, in which 
experiences, knowledge, and opinions are actively shared and verified by data 
in order to construct and test a joint knowledge base.

4.2.2 Factors Affecting the Depth of Inquiry

The depth of inquiry in data team discussions may be affected by several factors 
(Coburn & Turner, 2011; Johnson et al., 2009; Mandinach, Honey, & Light, 2006; 
Schildkamp & Kuiper, 2010; Schildkamp & Lai, 2013). Following Schildkamp and 
Kuiper (2010), this study distinguishes categories of factors related to (a) data and data 
information systems, (b) the data user (data team members), and (c) the organisation, to 
guide the investigation of factors that influence the depth of inquiry of the data team’s 
discussions. We will discuss these categories below.  

Data and Data Information Systems

To have adequate depth in data team discussions, the statements that are made must 
be grounded on data. The data are used to question and test their beliefs, and to 
sharpen their ideas. This means they need easy access to data - in order to do the type 
of questioning and testing described, without frustrating the progress of the team’s talk 
(e.g., Katz & Dack, 2014; Slavit, Holmlund-Nelson, & Deuel, 2013).

A data information system is a repository of information, collected from 
different sources, in which the information has been combined in one location and 
stored in a uniform way (Han et al., 2012). Data information systems can differ in their 
degree of (easy) access, usability, and opportunities, such as for presenting data in 
a graphical way or making statistical calculations. Lai and Hsaio (2014) have shown 
that the availability of well-structured and easily accessible data information systems 
enables teachers to work more efficiently, to respond to their students’ needs, to 
question their own practice, and to collaborate more effectively.

Datnow and Hubbard (2015), Schildkamp and Kuiper (2010), and Kezar (2012) 
have shown that several characteristics of data can influence data use. For example, 
access to timely, reliable, and valid data that meet the needs of the user is important 
for the use of data (e.g., Hubbard et al., 2013; Williams, 2011). These aspects will 
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probably not just influence whether data are being used, but will also affect the depth 
of inquiry of the data team discussions. With data, they can test their conceptions and 
sharpen their ideas.

The Users of Data

Coburn and Turner (2011), Datnow and Hubbard (2015) and Wayman and Jimerson 
(2014) emphasised the relationship between the characteristics of the user(s) and 
data-based decision making focused on school development and/or instructional 
improvement. These are individual characteristics as well as team characteristics, 
because data use and interpretation take place at the individual level and between 
team members. The process of data use and interpretation is a process of co-
construction, involving making sense of data through social interaction (Daly, 2012). 
The following aspects can be distinguished here:

 – Data literacy (also referred to as appropriate use of data skills): Described by 
Mandinach and Gummer (2012, 30) as “the ability to understand and use data 
effectively to inform decisions” (see, e.g., Datnow & Hubbard, 2015; Hubbard 
et al., 2013). Lack of data literacy causes ineffective or even harmful data use. 
This is also expected to negatively impact the depth of inquiry of the conversa-
tions (e.g., Earl, Katz, Elgie, Ben Jaafar, & Foster, 2006);

 – Buy-in/belief: The user’s attitude towards data (e.g., Downey & Kelly, 2013). If 
the user’s attitude towards data is negative, the user will be less inclined to use 
data to support his statements during the conversations. It is expected that less 
depth of inquiry will be established during conversations where users have a 
negative attitude (e.g., Petrilli, 2011);

 – Ownership: The use by data team members of (their own) data from their own 
context in order to construct a knowledge base around the problem (Schild-
kamp & Lai, 2013). Due to ownership, data team members feel more inclined 
to solve a problem by using data. It is expected that the degree of ownership 
will also impact the depth of inquiry of the conversations (e.g., Hand, 2009);

 – Locus of control: The attributing success or failure, in which the locus of control 
can be internal or external. A teacher with an internal locus of control believes 
the problem derives from factors on the teacher’s side which the teacher him-
self can control; a teacher with an external locus of control believes the pro-
blem derives from factors beyond the reach of the teacher (Datnow & Hubbard, 
2015). Birenbaum (2014) found that teachers with an internal locus of control 
were more focused on creating a knowledge base. It is expected that an inter-
nal locus of control will lead to greater depth of inquiry.
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The Support of the Data Team

A data team can be supported by a data coach and by management. A data coach 
can be described as “an education leader who guides data teams through the process 
of collaborative inquiry and influences the culture in the schools to be ones in which 
data are used continuously, collaboratively, and effectively to improve teaching and 
learning” (Love et al., 2008, 20), whereby the data coach also plays a role in guiding 
the conversations within the team (Lachat & Smith, 2005, Love et al., 2008; McCann & 
Kabaker, 2013). The coach’s skills are therefore important. Huguet, Marsh, and Farrell 
(2014), for example, place a lot of emphasis on providing support when it comes 
to (getting access to) useful data, data literacy, and on conversational skills, such as 
summarising the input, or emphasising certain parts of the conversation. It is expected 
that the data coach can exert influence over the depth of inquiry by means of his input 
during the conversations (e.g., Holmlund-Nelson, 2009; Holmlund-Nelson et al., 2012; 
Katz et al., 2009).

It is important that the team receives support from the management team as 
well as from the data coach. Krüger and Geijsel (2011) stress the importance of the 
management team when it comes to decision making within the data team. Grossman, 
Wineburg, and Woolworth (2001) and Katz, Sutherland, and Earl (2005) mention the 
role the management team plays in stimulating in-depth conversations, especially 
critical thinking. It is expected that input by the management team will impact the 
depth of inquiry of the data team conversations. 

Table 4.1
Factors regarding 1) data and data information systems, 2) user, and 3) the organisation that 
impact depth of inquiry

Factors regarding data and data information systems
Data information system with access to timely, reliable, and valid data
Data that meet the needs of the user
Factors related to the user 
Data literacy
Buy-in/belief
Ownership
Locus of control
Factors in the organisation
Assistance by the data coach
Assistance by management

4.2.3 The Research Questions

The factors (Table 4.1) that enable and/or hinder depth of inquiry of conversations within 
the data team in higher education are central to this study. The central research question 
of this study: 

  enablers and barriers 4
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Which factors enable and hinder depth of inquiry within the data 
team? 

will be answered by the following sub questions: 

1. Which factors with regard to data and data information systems enable and 
hinder depth of inquiry of data team conversations? 

2. Which factors on the level of the user enable and hinder depth of inquiry of 
data team conversations?  

3. Which factors with regard to the assistance of the data team enable or hinder 
the depth of inquiry of data team conversations?

4.3 Method

This study was a single exploratory case study, in which the researcher participated 
(Yin, 2014). The interactions and conversations with regard to one case were central 
to this study. These conversations were analysed as a unique event with real people 
in real situations. This was done by systematically gaining perspective on the way in 
which the interaction developed within the conversations and how the interaction was 
affected by the factors that were presumed to influence the depth of inquiry of the 
data team conversations. By adopting this micro-process perspective, the mechanisms 
surrounding depth of inquiry became visible (Little, 2012). By participating in the 
research as data coach, we were able to follow the events over time and to gain insight 
into the way in which the factors were related to each other and to the depth of inquiry 
(Cohen et al., 2007).

4.3.1 Research Design

The study was conducted at a teacher education college in The Netherlands. This 
college had responded to an appeal within the institute to participate in a study and 
the college had a positive attitude towards the use of a data team procedure. The 
college was experiencing problems with low student success rates in the first year, a 
problem suitable for tackling by means of the data team procedure. The college had 
come to an agreement about the problem with the Ministry of Education, Culture, and 
Science (Ministerie van Onderwijs, Cultuur en Wetenschappen, 2011). The data team 
studied the dropout situation for two years, and formulated four different hypotheses 
explaining the dropout rate. Three of these hypotheses were rejected. Finally, by 
means of analysing data from an exit survey and students’ results, among other things, 
the data team was able to conclude that one of the reasons for drop out was a lack 
of study skills among students. Therefore, the data team developed and tested an 
intervention providing training in study skills for students. This cycle is systematically 
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Table 4.2
The case study based on the data team’s hypotheses, conclusions, and improvement measures

Hypotheses formulated Conclusions Improvement measures16

Negative atmosphere: 
Atmosphere within a group 
contributes to students 
dropping out

The students’ results showed 
that the group with a negative 
atmosphere did not perform 
worse than the other groups. 
Hypothesis rejected

N/A

Students with a background 
in Intermediate Vocational 
Training drop out sooner 
than the students with 
a background in Higher 
General Secondary Education 
or Pre-university Education

This could not be confirmed by 
the students’ results. Hypothesis 
rejected

N/A

Males drop out more often 
than females

This could not be confirmed by 
the students’ results. Hypothesis 
rejected

N/A

Students who drop out lack 
study and planning skills? 

The study results showed that 
the students who dropped out 
obtained fewer than 5 of the 
15 ECTs in period 1. Study and 
planning skills turned out to be 
of importance when it comes 
to the dropout rate. Hypothesis 
accepted

A presentation of the findings in 
the entire team;  
A proportional distribution of 
study load in the first year; 
Fewer sub-tests in the first year; 
Training in “study and planning 
skills” for students; 
Departments learn to analyse the 
test results

16  N/A stands for: not applicable
17  Only participated in the first year.
18  Only participated in the second year.

Table 4.3
Data team members

Respondent Function Age Years of   
experience in 

education

Years of  
experience 

within the current 
organisation

Agatha 
Ann
Amy
Beth
Data coach
George
Hedy
Irene
Reese

Teacher drama & dance17

Teacher pedagogy/educational science
Manager
Teacher pedagogy/educational science
Researcher
Teacher ICT
Tutor
Religion teacher18

Teacher visual art & design

38
52
52
31
49
35
53
51
40

12
25
7
9

26
4

27
24
13

2
4
7
6

14
4

27
5

13

4.3.2 Data Team Members

The data team consisted of seven data team members, who volunteered: five teachers, 
a supervisor, and a manager (Table 4.3), who worked together as a data team for two 
years. During the second year, one teacher was substituted for another teacher. 
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described in Table 4.2 with regard to the corresponding steps in the data team 
procedure.
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The manager, who gave the data team the green light, attended some meetings; 
at other times, she followed them from a distance. She was the one who proposed 
working on the educational problem central to this case study and helped the team 
with formulating their hypotheses. The researcher took part in the data team as a data 
coach and was associated with the college as a teacher/researcher.

4.3.3 Instruments

This study made use of observational data, documents, and artefacts. Observations 
were used to collect open data from their natural setting in an unstructured way (Cohen 
et al., 2007). The documents and artefacts used in the meetings were also studied. This 
was because these could contain additional and relevant data that would place the 
data from other meetings in a different context.

Observations

All meetings were recorded on audio, transcribed, and imported into TAMSAnalyzer 
(Weinstein, 2013), a Computer Assisted Qualitative Data Analysis programme (Lewins & 
Silver, 2007).

Documents

The data team used documents, for example: raw data (students’ results, results from 
an interview held in the intake, etc.), processed data, data analyses, and presentations 
given both within and outside of the data team. The contents of these documents 
were related to the research questions, either as confirmation of the observational data 
(triangulation) or to provide new insights (Cohen et al., 2007).

Artefacts

The artefacts, the documents sent and distributed in relation to the meetings (e.g., the 
agenda, minutes), were also used for triangulation purposes.

4.3.4 Data Analysis

Based on the mean score for depth per meeting, four meetings with greater and lesser 
depth were selected for a within-meeting and cross-meeting analysis on possible 
influential factors (Miles & Huberman, 1994). The scoring and selection procedure will 
be discussed below.
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Figure 4.1
The calcultated mean depth scores per meeting19 

In order to be able to establish the depth of inquiry of the meetings, all transcripts were 
imported into the software packet TAMSAnalyzer (Weinstein, 2013) and divided into 
fragments of 10 lines. The depth of inquiry was established for each of the fragments 
by means of the pattern matching strategy (Yin, 2014).  In this case, fragments of a 
transcript were assigned codes developed from Henry (2012) in order to quantify them 
as to level of depth (no depth: 1, with no exchanges of ideas/beliefs, without fact 
checking; some depth: 2, some exchange of ideas and beliefs, without fact checking; 
average depth: 3, with all members sharing ideas and beliefs, without fact checking, 
and much depth: 4, all members sharing ideas and beliefs with checking the facts). We 
proceeded by adding up the quantified depth codes for each meeting and divided 
that total by the number of fragments in the transcript for that meeting. The mean of 
the depth scores for each meeting thus acquired was displayed graphically over time 
(Figure 4.1), using the time-series technique (Yin, 2014). This not only provided us with 
an insight into the development of depth, but it also allowed us to relate the depth 
score to the presence of hindering or enabling factors.

Based on the time-series analysis, we identified meetings with low (where the 
mean depth across all meetings = 2.69) mean depth scores (Meetings 1.1 to 1.6, 2.1, 
and 2.6) and four meetings with higher mean depth scores (Meetings 1.7 to 1.11, 2.3, 
2.5, and 2.7). To select four meetings for within- and cross-meetings analysis, we used 
two criteria: a) We did not select meetings at the start of data team meetings and b) in 
a series of meetings with equal depth, we used the meetings with a large increase 

19  Meeting 1.1 stands for: First year, meeting 1.
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of depth in the following meeting. On the basis of those criteria we selected for 
the analysis four meetings with lower depth: 1.3, 1.6, 2.1, and 2.6, and four with 
greater depth: 1.7, 1.9, 2.3, and 2.7. We then moved on to importing the transcribed 
observations of the selected meetings into the software packet TAMSAnalyzer 
(Weinstein, 2013) and coding them based on data, the user, and the organisation 
(Table 4.4).

Table 4.4
Code book used for coding

Code Sub code

Factors concerning data 
and data information 
system

Data information 
system
Timely data
Reliable data
Valid data

Data that fulfill the 
user’s needs

Description

Easy access to data stored in a data information 
system
Data concerning the right time period
Trustworthy information
Information appropriately describing some aspects 
of schools
Data that coincide with the needs of the user

Factors concerning the 
user

Data literacy

Buy-in/belief
Ownership
Locus of control

The ability to understand and use data effectively 
to inform decisionsinformation system
The user’s attitude towards data
Involvement in the problem
Believing that the problem derives from factors 
on the teacher’s side versus beyond the teacher’s 
reach

Assistance by data 
coach
Assistance by  
management

Data coach who assisted the data team with data 
and reasoning
Management who assisted the data team with 
data, reasoning and making decisions

Factors concerning the 
organisation

After the meeting transcripts were coded with the established codes, they were studied 
by means of a within-meeting analysis in order to establish the coherence between the 
influential factors for the meetings with less depth (or factors that were lacking) and 
the influential factors for the meetings with greater depth (Miles & Huberman, 1994) 
and the association between the factors and the depth of inquiry. The cross-meeting 
analysis was used to compare the meetings with greater and lesser depth on the 
factors impacting the conversations.

4.3.5 Validity and Reliability

Construct validity was ensured by means of working with the code book (Cohen et al., 
2007). Internal validity was ensured by meticulously coding meeting by meeting, and 
after coding all the meetings, by comparing the selected fragments per code within 
as well as outside of the given context. This was done in order to be able to establish 
whether the same construct was being measured (Cohen et al., 2007). External validity 
was ensured by using codes developed from the literature (Poortman & Schildkamp, 



514401-L-bw-Bolhuis514401-L-bw-Bolhuis514401-L-bw-Bolhuis514401-L-bw-Bolhuis
Processed on: 13-10-2017Processed on: 13-10-2017Processed on: 13-10-2017Processed on: 13-10-2017 PDF page: 87PDF page: 87PDF page: 87PDF page: 87

87

2011).
In order to account for bias of the participating researcher, 10% of the 

audiorecorded transcripts were coded by a fellow researcher, which resulted in a 
Cohen’s Kappa of 0.79.

4.4 Results

4.4.1 Within-Meeting Analysis

Four Meetings with Less Depth

Meeting 1.3: In Meeting 1.3 the data team discussed the different hypotheses and 
whether it was possible to collect reliable data related to these hypotheses. These 
conversations consisted primarily of an exchange of information and sometimes 
resulted in constructing a knowledge base, but without verifying the information. For 
example: “You can say, students who did not pass the exam, are potentially a drop 
out. Or not?” (Reese). “Is there a difference between not even passing the exam and 
getting a low grade on the exam?” (George). “But if all your grades are low.” (Reese). 
With more than 20 percent low grades, the student is a potential drop out” (Agatha). 
”I think it matters, because we want to develop measures related to the cause of the 
drop-out.” (Data coach).

In this section, the data team made progress in their thinking about how you 
can determine whether a student is a likely drop-out. However, they did not check this 
with data from past years, which would have made it possible to predict when students 
have a certain percent of low grades (20%) in which period of the academic year a 
student is a possible drop-out.

A conflict between two data team members marked the transition into some 
depth. The fragment of the conversation below presents the start of the conflict 
(affective conflict), in which the two data team members remained bogged down in 
exchanging their opinions, without available data to support them. “I think there is one 
other important factor when it comes to students dropping out and that is whether the 
student supervisor pays attention to at-risk students.” (Hedy). “There is much debate 
about that” (Reese). “Oh is that so? How exciting.” (Hedy). “You cannot expect a 
student supervisor to act like a social worker to those students.” (Reese).

Because of the lack of data, the opinions could not be tested. Nor was the 
affective conflict discussed in further detail. In the following meeting, on modifying 
the exit survey, the data team was not able to get past the stage of exchanging 
information.

Meeting 1.6: The conversations in Meeting 1.6 focused on data collection. The 
conversation pertained to the reliability of the data collected by means of an exit 
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survey in order to test the hypothesis regarding planning and study skills. It was 
primarily an exchange of information. They did not construct a knowledge base, not 
even when a data team member brought in (raw) data. The only topic of conversation 
was the data that were still lacking.

Meeting 2.1: Meeting 2.1 marked the start of the new school year and a new team 
member needed to be brought up to speed, which resulted in an exchange of 
information. Two data team members talked about the preparations for student 
training in study skills, during which a difference of opinion ensued about the selection 
of students. The fragment of the conversation shows that the conversation did not 
move past an exchange of opinions: “There will be training in study skills.” (Agatha). 
“The student supervisors will be asked prior to the first meeting to set an assignment 
[containing questions on study progress and study skills] in class, by which students are 
selected for the training.” (Reese). “But why wouldn’t you select students by means of 
data?” (Data coach). 

Although the data team members did not completely agree with each other, 
this conflict was not discussed in further detail and the data team decided to let the 
students themselves decide whether they would do the training and not to select 
based on data (as well). In the end, they showed that they attached less importance to 
data use.

Meeting 2.6: Meeting 2.6 dealt with the reliability of the process of admitting students 
to the program of the study and how the outcome of this process relates to students’ 
study progress. This was due to a cognitive conflict. The data team members who 
had organised the training did not evaluate the training on paper, which resulted in 
a lack of evaluation data for the training; therefore, it was not possible to construct a 
knowledge base on the extent to which students appreciated the intervention. The 
data team members who had organised the training did not think it worth the time 
to collect evaluation data. Some data team members, however, considered this to be 
a shame and confronted the data team members responsible. The cognitive conflict 
turned into an affective conflict, which was not discussed in further detail, nor was it 
resolved; the training was not evaluated. Another barrier was the fact that it was hard 
to access the information system, which made it harder to achieve depth of inquiry. 
The conversations mostly dealt with how difficult it was to combine data from different 
sources.

Four Meetings with Greater Depth

Meeting 1.7: Prior to the conversation in Meeting 1.7 the data coach brought in a 
presentation on the students’ progress in their studies. In preparation for this 
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presentation, data (from meeting 1.6) were combined from different sources, cleaned, 
and analysed (total number of ECTS per student and total number of ECTS per 
subject). The data caused the data team members to raise questions (cognitive 
conflict), and caused them to refer to data: “I cannot explain these data” (George). 
”Did nine of them take it [exam] three times?” (Ann). “And those five, they have 
never taken an exam?” (George). Besides the meaning of the data, another topic 
of conversation was the reliability of the data: “But hold on, that cannot be true. 
This means that 7 of the 86 students passed this test? That cannot be true, can it? 
There have to be more, because in my group…” (George). By asking supplementary 
questions with regard to, for example, the validity and reliability of the data, the data 
coach contributed to constructing a knowledge base; data team members were forced 
to revisit the data and use their prior knowledge. Data coach: “How accurate do you 
consider these figures to be?” The data coach also contributed by stressing the input 
of data team members, which explicitly referred to (possible) knowledge: “That is an 
apt remark you have made. The test for the pedagogics section could be a predictor 
for drop-outs.” (Data coach).
Meeting 1.9: Meeting 1.9 centered on the evaluation of the presentation given to 
the college as a whole. The conversation that ensued focused on the collected data 
(curriculum, study progress, testing hypotheses), a conversation that resulted in the 
construction and verification of a knowledge base on the student characteristics 
of drop-outs. On the basis of this knowledge base, the data team developed 
improvement measures with regard to the development of the curriculum and the 
training in planning and study skills. The data coach stimulated the construction of the 
knowledge base by summarising the conversation and thus clarifying the knowledge: 
“So the results on the calculus test are worse, but the language test is a better 
predictor for problems.” (Data coach).

Meeting 2.3: Meeting 2.3 started with data related to student progress and the 
curriculum. The reliability of the data information system was a topic of discussion as 
well. Data team members talked about student progress and verified their statements 
by means of data. During the meeting the data team members also talked with the 
student supervisors and the departments about possible improvement measures. 
One of the topics of conversation was who needed to organise the students’ progress 
reviews in such a way that the students’ progress (as shown in the data) would be the 
focus of these reviews.

Meeting 2.7: Meeting 2.7 started off with a conversation how the exam schedule 
relates to the students’ participation in exams. The conversation moved on to the 
admission process, on which the data team members collected data themselves: “I 
have that Excel document. Student supervisors can also export their data from 
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educator themselves.” (Amy).
Because the data team members collected and analysed the data themselves 

(data literacy) the meeting soon reached greater depth of inquiry; the knowledge 
base that was constructed and verified had to do with the relationship between 
students’ progress in the 1st year and the advice given to those same students during 
the admission process. Students could be given a positive recommendation for the 
course of study, a negative recommendation, and a conditional recommendation, 
meaning that students are advised to brush up on their knowledge, before starting 
college: “The thing I also find interesting, is the recommendation of the admission 
process and the study results in the first year.” (Ann). The data coach added: “The 
advice does not correlate with the study progress. Almost everyone gets a conditional 
recommendation.” Whereupon Agatha respond: “Why do we invest that much time in 
it then?”

The data coach stimulated the construction of a knowledge base by asking 
the data team members to give a detailed account of their prior knowledge on the 
admission process, such as: “How many of the students who participated in the 
admission process a positive recommendation?” (Data coach) Or, “In your opinion, how 
well will the students who received a conditional recommendation perform in college?” 
(Data coach).

4.4.2 Cross-Meeting Analysis

In the cross-meeting analysis, the influence on the depth of inquiry of the factors 

Table 4.5
Comparison of the meetings with some depth and partial depth, with regard to the factors 
that influence the depth of inquiry

Factors Meetings with less depth  (1.3, 1.6, 2.1, 
and 2.6)

Data and data 
information
systems

Difficult access to a data in a user-
unfriendly data  
information system (2.6)
Insufficient data (1.3, 1.6)
Not being able to combine data from 
different sources (2.6)

Meetings with greater depth (1.7, 1.9, 2.3, 
and 2.7)

Being able to access processed data, 
displayed in an insightful manner, which 
related to the perceptions of the data team 
members (1.7, 2.7)
The reliability of the data could be verified 
by means of other data (1.7, 2.3)

User Affective conflicts in the team (1.3, 2.1, 
and 2.6)
Lack in belief/ buy-in regarding data 
(2.1, 2.6)
Insufficient data literacy (1.6)

Detailed account of prior knowledge (1.7 
and 2.7)
Data literacy (2.7)
Cognitive conflict based on data (1.7)

Organisation Data coach: assistance with data literacy 
(1.7)
Data coach: conversational skills; for 
example, activating and giving a detailed 
account of prior knowledge of data team 
members (1.7, 1.9)
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involving data, the data Information system, the user, and the assistance provided is 
discussed by comparing the meetings with less depth and those with greater depth 
(Table 4.5).

Factors Concerning the Data and the Data Information System

First of all, the lack of reliable data was a barrier for the depth of Inquiry in Meetings 
1.3 and 1.6. Moreover, it also became clear that the data information system was not 
easily accessible, which interfered with the depth of inquiry in Meeting 2.6. It was 
impossible, for example, to combine data from different sources. The conversations 
centered therefore around the data, which were lacking.

During Meeting 1.7, data were brought in and a conversation with more 
than average depth ensued. Whereas the data team members did not establish a 
relationship between the data and their prior knowledge of it in Meeting 1.6, they 
did do so in Meeting 1.7. This was due to the fact that the presentation was not just 
about the students’ progress, but also about the extrapolated progress per student. 
The students were midway through their first year. By calculating a regression line, the 
graph showed how many students would not be able to acquire the minimum number 
of ECTS by the end of the year, presuming they would keep working at the same 
pace. This enabled the data team members to get a clear picture of the data and the 
underlying problem. The degree to which the data are accessible (or are presented in 
an accessible way) and evoke a representation is a characteristic of data (and the user) 
that impacts the depth of inquiry. When the presentation of the data was related to the 
users’ degree of data literacy, data led to an in-depth conversation (e.g., Meetings 1.7, 
2.7).

The representation the data evoked could either match with prior knowledge, 
a fit, or not match, a mismatch (Meetings 1.7 and 2.3). When it was a fit the data 
were embraced, but when it was a mismatch the data were considered unreliable, for 
example (with a lot of stress in his voice): “But hold on, that cannot be true. This means 
that 7 of the 86 students passed this test? That cannot be true, can it? There have to be 
more, because in my group…” (Reese). After they had discussed those data, as well as 
the new data (of the same quality), the data team reviewed their (prior) knowledge and 
the data team members acknowledged that the available data were sufficiently reliable.

Factors Concerning the User

By the second year (Meeting 2.7) the data team members had already developed 
enough data literacy skills to both collect and analyse data themselves. Not 
surprisingly, these conversations reached adequate depth of inquiry in no time. 
However, the association between developed data literacy and depth of inquiry was 

  enablers and barriers 4



514401-L-bw-Bolhuis514401-L-bw-Bolhuis514401-L-bw-Bolhuis514401-L-bw-Bolhuis
Processed on: 13-10-2017Processed on: 13-10-2017Processed on: 13-10-2017Processed on: 13-10-2017 PDF page: 92PDF page: 92PDF page: 92PDF page: 92

92

not always evident in the discussion of data imported and analysed in SPSS.
Buy-in/belief also played a role in depth of inquiry. One of the improvement 

measures, for example, was training in study skills. The selection of students to 
participate in this training as well as the evaluation of the training was done without 
using data (see Meetings 2.1 and 2.6).  Buy-in/belief in data could have led to greater 
depth of inquiry, because the data team members would have asked themselves which 
data they needed in order to establish whether the training had been successful, and 
they would subsequently have collected these data.

Moreover, the comparison of the meetings with greater and less than average 
depth showed that the personal differences between the data team members played a 
role in the depth of inquiry. Affective conflicts between data team members caused the 
depth of inquiry to decrease (see Meetings 1.3, 2.1, and 2.6). The conflicts were not 
discussed in detail nor were they solved.

Furthermore, the cross-meeting analysis showed that the degree to which the 
data evoked a representation played a role in the depth of inquiry. In this case, it is 
important to clarify prior knowledge (Meetings 1.7 and 2.7). The data team developed 
a knowledge base concerning the admission process (e.g., Meeting 2.7) based upon 
data, which showed that the outcomes of the intake did not correlate with the students’ 
results. After the data evoked representations, the data team members asked questions 
based upon their own prior knowledge about the data. The prior knowledge was 
made explicit, especially when the data did not fit the expectations (cognitive conflict, 
Meeting 1.7). The quality of data was studied as well, and the data team discussed 
interpretations and conclusions.

Factors Concerning the Organisation

The support of the data coach impacted the depth of inquiry in the conversations in 
several ways. First of all, the data literacy of the data coach was of importance (e.g., 
Meeting 1.7). The input of raw data did not do much to trigger depth (Meeting 1.6), 
but a presentation prepared by the data coach with processed data led to a lengthy 
discussion with greater depth of inquiry (Meetings 1.7, 1.9, and 2.3). Furthermore, 
the data coach had an important role when it came to activating and clarifying prior 
knowledge (Meeting 1.7) and constructing a knowledge base (meetings 1.7, 1.9, 2.3, 
and 2.7), by making sure every data team member contributed.

4.5 Conclusion, Discussion, and Implications

This study focused on the impact of factors related to a) data and data information 
systems, b) the user, and c) the organisation, on the depth of inquiry of data team 
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conversations. An overview of the factors observed to impact depth of inquiry can be 
found in Table 4.6.

4.5.1 Conclusion

Table 4.6
Factors relating to depth of inquiry with newly discovered factors in this study printed in 
bold

Factors regarding data and data information systems
Data Information system with access to timely, reliable, and valid data
Data that meet the needs of the user
Data related to the data team members’ perceptions
Factors related to the user 
Data literacy
Buy-in/belief
Being able to handle cognitive conflicts
Clarification of prior knowledge
Avoidance of affective conflicts
Factors in the organisation
Assistance by the data coach

Factors Concerning Data and Data Information Systems that Impact Depth of Inquiry

Data and data information systems impact depth of inquiry, for without data there can 
be no depth of inquiry (Henry, 2012). Generally, it is important for the data to align 
with the needs of the user, and to be timely, reliable, and valid (e.g., Schildkamp & 
Kuiper, 2010) if they are to positively impact depth of inquiry. However, this study did 
not show that all separate characteristics of data matter in the same way, with the same 
influence on depth. Not all data result in depth of inquiry. Our research showed that it 
is important for the data to relate to the perceptions of the data team members, and 
that they need to be able to be tested in relation to prior knowledge. It is therefore 
necessary to clarify and discuss all available knowledge within the team, thus making 
sure prior knowledge can be reviewed and a new knowledge base can be created, and 
that increased depth of inquiry leads to teachers’ opportunities for learning in a data 
team.

Factors Concerning the User that Impact Depth of Inquiry

In line with the study by Katz et al. (2005), we also found that data literacy impacts 
depth of inquiry in a positive way. By using the data team procedure, the data team 
members worked on their data literacy skills. That is why it is not surprising that data 
literacy was limited among the data team members during the 1st year. It is also not 
surprising that this had a negative impact on depth of inquiry, but that this was no 
longer a barrier for depth of inquiry during the 2nd year. As the data team members 
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saw the data more often and gained data literacy, the data evoked representations 
more easily and led to greater depth of inquiry in the conversations.

Furthermore, depth of inquiry is also impacted by buy-in/belief in data. This 
is an attitude described by Katz et al. (2005, 31) as “involving others in interpreting 
and engaging with data, stimulating an internal sense of urgency of working with 
data.” Here, we also saw a lack of buy-in at times during the first year; the data team 
members did not quite feel the urgency to use data for various decisions, which had 
a negative impact on the depth of inquiry in their conversations. During the 2nd year, 
however, they seemed to be more convinced of the importance of data and we no 
longer perceived a lack in buy-in to be a barrier for depth of inquiry.

In this case study, we did not find evidence that three factors from our 
theoretical framework, ownership, locus of control, and support by management, 
were influential for depth of inquiry in the conversations. In both the 1st and the 
2nd year, the data team was the owner of the perceived problem as well as of the 
method by which the problem was dealt with. This did not change over meetings 
and could therefore not be indicated as a factor that affected the depth of inquiry in 
conversations. The same goes for the locus of control. Contrary to what was expected 
based on Selart (2005), locus of control, which was at times internal and at other times 
external, did not play a role in the transition from less towards more average depth 
or vice versa. Support by management did not lead to more depth of inquiry either, 
because management did not (actively) participate in the data team meetings.

Furthermore, the results of our study also showed evidence of factors that 
were not part of our theoretical framework. First of all, cognitive conflicts can have a 
positive effect on depth of inquiry. Sometimes the results of the data analysis did not 
fit the expectations and prior knowledge of the data team members and this caused 
what D’Mello, Lehman, Pekrun, and Graesser (2014) call cognitive dissonance. This 
dissonance is a form of cognitive conflict, with conflicting opinions, convictions, and 
knowledge constructs within one person and/or the team, a situation that people 
would rather avoid, according to Festinger (1957). In order to handle cognitive 
conflicts, the confusion needs to be managed and the knowledge system needs to be 
reconstructed (D’Mello et al., 2014). This happened in the data team. For example, 
the data team members asked all types of different questions about the data and 
discussed the data among themselves, which increased the depth of inquiry.

Second, clarifying of prior knowledge by the team members appeared to be of 
great importance. This is necessary in order to be able to compare it to, for example, 
the results of the data analysis and the knowledge base that is being constructed, in 
order to be able to explicitly construct a new knowledge base together as a team (Katz 
et al., 2009). This new knowledge base can only be developed if the team manages to 
avoid the so-called confirmation bias (Katz & Dack, 2014, 37). This is a bias in which the 
data team members (unwittingly) are searching for data that confirm a certain idea in
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the shape of prior knowledge or convictions instead of refuting it. Moreover, when this 
bias is operating and the data do not match the prior ideas, these data will either be 
ignored or altered in such a way as to make them fit the original idea, for example, by 
questioning their reliability. The data team sometimes questioned the reliability of the 
data as well, but because they were able to test the reliability, they were able to avoid 
this confirmation bias.

The last factor suggested by our research is affective conflict. Whereas 
cognitive conflicts have to do with the differences in opinion, premises, and ideas on 
improvement measures, affective conflicts have to do with personal differences, rivalry, 
and opposing personalities. Affective conflicts discourage the readiness to cooperate 
and construct a knowledge base. The challenge lies in increasing the cognitive conflict 
and avoiding the affective conflict (Butler & Schnellert, 2012; Hubbard et al., 2013). 
According to Holmlund-Nelson, Deuel, Slavit, and Kennedy (2010) those elements are 
related to each other. To avoid affective conflicts, the data team must emphasise the 
cognitive characteristics of the conflict (e.g., Achinstein, 2002; Katz et al., 2009).

Factors Concerning the Organisation that Impact the Depth of Inquiry

The data coach plays an important role at the organisational level. In this context, 
we distinguish between the development by the data coach during the meetings of 
the team’s data literacy and the data coach’s general skills, such as clarifying the prior 
knowledge of the data team members. For example, the data coach can present data 
in such a way that they relate to the level of data literacy of the data team members, 
in order to help along the conversation and the depth of inquiry (Jacobs, Gregory, 
Hoppey, & Yendol-Hoppey, 2009).

The conversational skills of the data team members are important as well. The 
data coach needs to encourage the data team members to bring in their knowledge 
about the college and its courses and needs to activate data team members’ prior 
knowledge of the data team members and the members need to learn how to deal 
with conflicts as a source of learning (Collinson et al., 2009).

4.5.2 Discussion

This study focuses on professional development related to teacher educators’ use 
of data. The use of data by teacher educators is important for two reasons: (a) To 
improve the quality of teacher education, and (b) to prepare future teachers to use 
data (Mandinach et al., 2015; Mandinach & Gummer, 2012). Using data not only 
makes teacher educators better teachers, but also strengthens them as role models 
(Griffiths et al., 2014; Swennen et al., 2010). Through the data team procedure, teacher 
educators learn how to use data to improve education, but perhaps they also learn 
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how to be a role model regarding data use for future teachers.

4.5.3 Implications

In order to improve education based on data, available data are a prerequisite, but are 
not sufficient in themselves. The development of a new data-based knowledge base is 
crucial and therefore the depth of inquiry of the conversations of the (data) team needs 
to be adequate. Our research showed that achieving this degree of depth is not a 
given. Based on our study we can formulate six aspects that are important for achieving 
adequate depth: 
1. Use and/or present data that relate to the team’s level of data literacy; 
2. Keep stimulating the data team members to really use data; 
3. Challenge data team members to clarify their prior knowledge;
4. Learn from cognitive conflicts, clarify which knowledge is conflicting, manage 

the confusion and restructure the knowledge base; 
5. Avoid affective conflicts, but if they do arise, make sure the conflict can be 

addressed; 
6. Data coach: Get insight into the level of data literacy of the data team 

members, present the data that relate to this level, and intervene in the 
conversations to ensure the data team works on developing a knowledge base 
together, for example, by summarising or by asking in-depth questions (or by 
having one of the data team members do this).

This study was a single exploratory case study, which the researcher participated in, 
and involved one data team at one college. Although we cannot generalise the results 
of our study, we did gain insight into the dynamics and complexities of the factors that 
affect depth of inquiry in conversations, which can be incorporated into theory. It is 
therefore important that these factors be studied further. Finally, this study shows that 
depth of inquiry in conversations is not a given, but that it can be influenced.
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5 A Case Study of a Data Team Intervention for Teacher Educators: 
The Development of Data Use, Data Skills, and Attitudes 

5.1  Introduction

A recent report from the Organisation for Economic Coöperation and Development 
([OECD], 2013) showed that not only have several developments made data-based 
decision making in education (‘data use’ for short) easier, but above all there is a 
growing awareness that data use can increase the quality of education. The possibilities 
of data use affect teacher education as well (Mandinach & Gummer, 2016b). Teacher 
educators can use data for improvement, and teacher educators can provide future 
teachers with examples of how to use data (Jimerson et al., 2016). Hamilton et al., 
(2009) described data use as the systematic collection of various types of quantitative 
and qualitative data, such as demographic and administrative data, observations, 
and student progress data used by teachers and managers to conduct analyses, and 
to take action. Data can be used for accounting the quality of education, for school 
development, and improving instruction (Williams, 2013). Carlson et al. (2011) showed 
that education adapted to the students’ needs based on data can lead to better 
learning results. Teachers will be confronted with the students’ educational needs while 
reviewing the students’ results on formal and informal tests. Based on this information, 
they can adapt their instruction accordingly (Lai & McNaughton, 2008).

In spite of its importance for teacher educators, the majority of teacher 
educators use data mainly for accountability reasons. Schildkamp and Kuiper (2010) 
and Mandinach et al. (2006) found that this lack of data use is caused by several factors, 
such as a lack of data skills and a negative attitude regarding data use. Professional 
development is essential in order to increase data skills (Marsh, 2012). Professional 
development is more likely to be effective when it takes place in a professional learning 
community (Lomos et al., 2011). A professional learning community has the following 
characteristics (Newmann, 1996): a common goal, focus on student learning, teacher 
collaboration, ‘reflective inquiry’, and analysis and interpretation of data.

A data team intervention, developed by Schildkamp, Handelzalts et al. (2014), 
meets these criteria and focuses on teachers’ professional development in data use. A 
data team is a research team (six to eight teachers, complemented by a school leader) 
led by a data coach that studies a problem in a structured way while using data, and 
that takes measures in order to solve a problem. Ebbeler (2016) showed that data team 
members in secondary education learn to solve a problem, develop data skills, and 
more positive attitudes. However, it still remains unclear how data skills and 

20  This chapter is based on the submitted article: Bolhuis, E.D., Schildkamp, K., & Voogt, J. (Under 
review). A Case Study of a Data Team Intervention for Teacher Educators: The Development of Data 
Use, Data Skills, and Attitudes.
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attitudes are developed by participating in a data team and how this encourages the 
data team members to take action, especially within higher education.

This study provides insight into how data team participation contributes to the 
development of data skills and a more positive attitude towards data use and how and 
why the members use this knowledge in the daily practice of higher education. The 
research question is: 

How do teacher educators, who participate in a data team, achieve 
data knowledge, skills, and a more positive attitude towards data use 
and how does their participation impact their professional practice? 

With two sub-questions:

1. What data skills and attitudes regarding data use are developed by data team 
participation?

2. How and when do data team members use their data skills regarding data use 
in their daily work?

5.2 Theoretical Framework

5.2.1 Data Use

As mentioned previously, data can be used for several goals. First, data can be used for 
accountability. This is a process whereby the stakeholders (e.g., the Inspectorate, the 
primary schools) are provided with insight into the performance of the school and into 
the allocation of resources (Mandinach et al., 2006). This means that teacher educators 
must consider: The importance of external evaluations (Cho & Wayman, 2014), when 
internal evaluations are used, the representativeness of these evaluations (Moody & 
Dede, 2007), and the use of evaluations in communication with stakeholders (Daly, 
2012).

Second, data can be used for school development. This is a process 
whereby schools are assessed on their strengths and weaknesses in order to 
systematically improve education (Vanhoof et al., 2012). For instance, based on 
identified weaknesses, a school wants to improve its drop-out rate. In order to get a 
better picture of the problem, the school collects and analyses data. Based on the 
interpretation of these data, improvement measures are taken, which lead to better 
results.

Finally, data can be used for instructional improvement. This is a process 
whereby teachers use data to provide students with feedback about their learning or to 
gain insights into students’ progress compared with the expected progress in learning. 
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This provide teachers and students with information about the students’ educational 
needs. Teachers can adapt their instruction to meet students’ needs, for example, by 
differentiating, or by using different teaching methods (Datnow & Hubbard, 2015). All 
three forms of data use demand certain data skills and a certain attitude.

5.2.2  Data Skills and Attitudes regarding Data Use

Data use is an iterative process, in which data is converted into knowledge step-by-
step. Mandinach and Gummer (2016a) distinguished five steps in this process, with 
every step requiring different data skills:
1. Identifying problems and framing a question: The user must be able to define a 

problem, to involve others, and to communicate about it;
2. Collecting data: The user must be able to identify possible causes, to form 

hypotheses about the causes, and to gain access to the necessary data;
3. Transforming data into knowledge: The user needs to judge the quality of data, 

analyse the data, interpret the data, and draw conclusion. The user needs to 
be able to refute or confirm the hypotheses based upon the results of the data 
analysis and interpretation;

4. Translating conclusions into improvement measures: The user needs to be able 
to translate the conclusions into improvement measures and to subsequently 
implement these;

5. Evaluating measures: The user needs the data skills to look at the results of the 
measures. Moreover, the user must conclude whether or not the problem is 
solved or whether further measures are necessary.

Besides skills, the user also needs to have a positive attitude towards data use 
(Mandinach & Gummer, 2016b). Marsh (2012) described a positive attitude towards 
data use as the conviction that data use can contribute to school development and 
instructional improvement. Moreover, it also deals with the conviction that when data 
are used for school development, the students will profit from it as well. Finally, it deals 
with the conviction that several types of data can and must be used (Coburn & Turner, 
2011).

5.2.3 Professional Development

In order to help teachers learn to make informed decisions, several initiatives have 
been developed over the years (e.g., Geier, Smith, & Tornow, 2012; Love et al., 2008; 
Schildkamp, Handelzalts et al., 2014). In this study, we used a data team intervention, 
because this is the only intervention that has been amply studied over a longer 
period of time (e.g., Ebbeler, 2016; Gelderblom, Schildkamp, Pieters, & Ehren, 2016). 
Moreover, the data team intervention also complies with the various characteristics of 
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successful professional development (Desimone, 2011; Lomos et al., 2011; Vescio et 
al., 2008):

 – The problem originates within the school;
 – The problem is studied based on hypotheses and improvement measures are 

taken;
 – The entire data team participates in the intervention, which is related to the 

school;
 – The intervention is based upon a shared vision on data use;
 – Within the data team, data skills are learned and coaching focuses on taking 

improvement measures based on data. The data coach is available on demand;
 – It takes a longer period of time (2 years);
 – The data team takes improvement measures based on conclusions and evalu-

ates the results of these measures;
 – School management is part of the data team;
 – The focus lies on data, e.g., records of student progress;
 – The content of professional development is related to education and teaching;
 – And a transformation process takes place during which information is conver-

ted into knowledge.
Based upon the above reasoning, we expected data team participation to lead to an 
increase in data skills and more positive attitudes towards data use, as well as to an 
increase in data use to improve education in higher education.

5.3 Method

5.3.1 Research Design

A multiple case study was conducted (Yin, 2014), in which every respondent (N = 
5) was studied as a single case (within-case) and in relation to the others (cross-
case) (Miles & Huberman, 1994). By comparing the outcomes of the interviews, the 
surveys, and knowledge tests, which were conducted at various times (Table 5.3), per 
respondent and by comparing the respondents to each other, we gained micro-level 
insights into the way in which data team participation influences the professional 
development of teacher educators regarding data use (Yin, 2014).

5.3.2 Intervention

The Context

The study took place at a teacher education college in the Netherlands. The teacher 
education college prepares primary school teachers. The teacher education 
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college is designed in accordance with a concurrent model. This is a model in which 
subject content, subject pedagogy, and curricular content are offered in a four-year 
professional bachelor’s degree program (OECD, 2005). Training is based upon the 
legally established qualifications for such a professional degree. Within this framework, 
the schools have autonomy and are subject to external accountability (Jongbloed, 
2013). A professional master’s degree is the minimum requirement to be a teacher 
educator (Caena, 2014).

The Data Team

The school asked the data team to tackle the problem of first-year students dropping 
out. During its two-year existence, the data team convened 19 times. The data team 
worked according to the data team intervention, which consists out of eight steps: 
(1) problem definition, (2) formulating hypotheses, (3) collecting data, (4) checking 
the quality of data, (5) data analysis, (6) interpretation and drawing conclusions, (7) 
developing and implementing improvement measures, and (8) evaluation. In these 
eight steps the data skills needed to use data as described by Mandinach and Gummer 
(2016a) are all addressed: 1) identifying problems and framing a question (steps 1 
and 2); collecting data (step 3); transforming data into knowledge (steps 4, 5, and 6); 
translating conclusions into improvement measures (step 7); and evaluating results of 
measures (step 8).

The data team formulated hypotheses regarding possible causes for students 
dropping out which concerned the group atmosphere, gender, prior education, and 
study skills (Table 5.1). These hypotheses were investigated by means of the outcomes 
of an exit survey (conducted among drop-outs), records of student progress, and 
a survey (conducted among student supervisors). After checking the quality of the 
data, they were analysed, interpreted, and conclusions were drawn. The hypotheses 
regarding the group atmosphere, gender, and prior education were rejected. The 
hypothesis concerning study skills was confirmed. During the first year, the data team 
gave a presentation on drop-outs for the entire team. In the second year, the data team 
took several improvement measures: development a training for students that focused 
on study skills, reallocation of the workload during the first year, and a reduction in 
the number of (sub)tests. The results of these improvement measures were evaluated 
and their impact on the number of dropouts determined. The number of dropouts was 
reduced. Although the school took additional measures affecting this outcome, it is 
plausible that the data team’s improvement measures contributed to the end result.

5.3.3 Respondents

The data team consisted of six teachers and a team leader. The team leader was not
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Table 5.1
The hypotheses, the data used, data analysis, the conclusions during the data team 
meetings, and the improvement measures taken

Hypothesis Data

Does the group 
atmosphere 
contribute to 
dropping out?

Do students 
with a secondary 
vocational 
education (MBO) 
background drop 
out more often than 
other students?
Do male students 
drop out more 
often than female 
students?

Do students who 
drop out lack the 
necessary study and 
planning skills?

Exit survey
Student progress

Exit survey
Student progress
Survey of 
student  
supervisors

Exit survey
Student progress

Exit survey;
Student progress
Survey of student 
supervisors

Rejected

Rejected

Rejected

Confirmed

Data analysis Conclusions Measures

Case-ordered matrix
Frequency  
distributions
Means
T-test
Case-ordered matrix
Frequency 
distributions
Means
T-test

Case-ordered 
matrix;
Frequency 
distributions
Means
T-test
Case-ordered matrix
Frequency 
distributions
Means
T-test

N/A

N/A

N/A

Training focused on 
study skills
A team presentation
Reallocation of first-
year workload
Reduction in number 
of tests

Table 5.2
Data team members

Respondent Subject Age Years of 
teaching  

experience

Years of  
experience at 
the institute

Agatha 
Ann
George
Hedy
Reese

Dance and drama teacher
Educational theory teacher
IT teacher
Student supervisor and coach
Visual arts teacher

38
52
35
53
40

12
25
4
27
13

2
4
4

27
13

21  N/A stands for: not applicable

present at every meeting. Five teachers were involved during the entire process and 
they were the five cases in this study: Ann, Agatha, George, Hedy, and Reese (Table 
5.2).

5.3.4 Instruments

Data were collected three times: at the start-up of the data team (T1), at the end of the 
first year (T2), and at the end of the second year (T3); see Table 5.3.
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Table 5.3
Instruments associated with sub-questions

Sub-questions Instruments22

What data skills and attitudes 
regarding data use are 
developed by data team 
participation?

How and when do data team 
members use their data skills 
regarding data use in their daily 
work?

Interview 1
Interview 2
Interview 3
Knowledge test 1
Knowledge test 2
Survey on data use 1
Survey on data use 2
Interview 1
Interview 2
Interview 3
Survey on data use 1
Survey on data use 2

IT1
IT2
IT3
KT2
KT3
ST2
ST3
IT1
IT2
IT3
ST2
ST3

Conducted at Abbreviation

Start data team (T1)
End year 1 (T2)
End year 2 (T3)
End year 1 (T2)
End year 2 (T3)
End year 1 (T2)
End year 2 (T3)
Start data team (T1)
End year 1 (T2)
End year 2 
End year 1 (T2)
End year 2 (T3)

Research question: How do teacher educators, who particpate in a data team, achieve data 
knowledge, skills, and a more positive attitude towards data use, and how does their particpation 
impact their professional practice?

22  For all instruments: n = 5.

Table 5.4
The constructs and codes used per sub-question

Research 
question

Sub-questions Constructs Codes Literatures

How do teacher 
educators, who 
participate in 
a data team, 
achieve data 
knowledge, 
and a more 
positive 
attitude 
towards 
data use and 
does their 
participation 
impact their 
professional 
practice?

1. What data skills 
   and attitudes 
   regarding data 
   use are 
   developed by 
   data team  
   participation?

2. How and when 
    do data team 
    members use 
    their data skills 
    regarding data 
    use in their daily 
    work?

I. Data skills

II. Attitudes 
    towards data 
    use

III. Data use for 
     accounta- 
     bility

IV. Data use 
    for school 
    development

V. Data use for  
    instructional  
    improvement

Identifying problems
Data use 
Converting data into 
information 
Translating conclusions into 
improvement measures
Evaluating
Buy-in/belief regarding 
data
The conviction that 
students profit when 
teacher educators use data 
The conviction that data are 
more than just tests
Importance of external 
evaluations
School’s representation by 
means of  
external reports
Using external reports for 
stakeholder communication
Data use for a SWOT 
analysis
Systematically working 
towards  
development 
Facilitating data use for 
school  
development
Providing students with 
feedback 
Adapting a college to the 
students’  
learning needs 

Mandinach 
& Gummer, 
2016b

Marsh, 2012
Coburn & 
Turner, 2011

Cho & 
Wayman, 2014 
Moody & 
Dede, 2007 
Daly, 2012

Vanhoof et al., 
2012

Datnow & 
Hubbard, 2015
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Key Constructs and Codes

Based upon the theoretical framework, we focused on the following constructs: Data 
skills and attitudes regarding data use (sub-question 1) and data use for educational 
accountability, for school development, and improving instruction’= (sub-question 
2). These constructs were then operationalised, which formed the basis for the 
development of the instruments (Table 5.4). The questions were developed based 
upon the constructs. Table 5.5 shows the various instruments, the constructs the 
instruments were based upon, and a sample question per construct.

Interviews Data Team Members

The semi-structured interviews aimed to ascertain the data team members’ perceptions 
of their own data skills, attitudes towards data use, and perceptions regarding their 
own data use (Interview 1, 2, and 3) and to get further insight into the survey responses 
(Interview 2 and 3) (Cohen et al., 2007). The interviews were developed and conducted  
by the first researcher and were tested on two people who did not take part in the 
data team, which led to adaptation of the questions. Finally, the interviews were audio-
recorded in order to increase reliability.

Table 5.5
Instruments related to the research questions and the constructs with sample questions

Instrument Constructs

Interviews

Survey

Knowledge 
test

I t/m V

II
III

IV

V

I

II
III

IV

V
I

Sample questions

Do you think you need data skills to make the work of the 
team successful? 
Can you indicate what your position regarding data use is? 
Can you indicate whether you use data for external 
accountability? Can you give an example? 
Can you indicate whether you use data for educational 
development? Can you give an example? 
Can you indicate whether you use data for instructional 
improvement? Can you give an example?
I am able to establish the individual learning needs of my 
students by means of data. 
I believe data use is important for instructional improvement. 
For me it is important that the stakeholders have a complete 
picture of the teacher college
In my school, we use our students’ results to formulate annual 
goals for school improvement. 
Data analysis is an essential part of school development.
A data team wants to solve the problem of low grades on 
the calculus test, part of the introductory-level course. They 
think the primary cause lies in the way secondary education 
prepares these students. Name two data sources they could 
use to examine this hypothesis. 

Sub- 
question

1

2

1

2

1
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Survey Data Use

The survey, originally developed for secondary education by Schildkamp et al. (2017), 
was adapted to the context of a teacher training college and had 78 questions. See 
Appendix A for the complete survey (in Dutch). The questionnaire aimed to ascertain 
the data team members’ perceptions about their data skills (5 Questions), their 
attitudes towards data use (5 Questions), and their perceptions about data use in their 
workplace, divided in a scale for data use for accountability reasons (12 Questions), a 
scale for data use for school development (9 Questions) and a scale for data use for 
improving instruction (13 Questions). The first four scales were Likert-type scales, with 
four possible levels of agreement (totally agree, agree, disagree, totally disagree, as 
well as the possible answer: does not apply; 1 = totally agree – 4 = totally disagree). 
The scale data use for instructional improvement, had six possible levels of response 
(1 = never – 6 = several times a week). In order to test its validity, three non-data team 
members were asked to complete the data use survey on two separate occasions. After 
the first round, the response does not apply, was added. There were no adaptations 
after round two. The survey was conducted twice, once half-way through and once at 
the end of the intervention. The scales on the survey were sufficiently reliable; all scales 
had a Cronbach’s Alpha > .75.

Knowledge Test

In order to measure the data team members’ knowledge as well their perceptions, 
a knowledge test was administered. This knowledge test, originally developed by 
Ebbeler (2016) for secondary education, was adapted to the context of teacher 
trainees. The test had 12 open-ended questions (see Table 5.6). In order to test its 
validity, two non-data team members were asked to complete the test, which led to 
linguistic adaptations. The knowledge test was administered twice, once half-way 
through and once at the end of the intervention. A total of 15% of the knowledge tests 
were independently checked by a fellow researcher. This resulted in a Cohen’s Kappa 
of .76, which can be considered to be substantial (Landis & Koch, 1977).

5.3.5 Data Analysis

The transcripts of the interviews (IT1, IT2, and IT3) were coded and the coded answers 
were displayed in a matrix, together with the answers for the knowledge tests (KT2 and 
KT3) and for the survey responses (ST2 and ST3). The answers of the knowledge tests 
and the surveys were also represented on scale-level as numerical scores. The answer 
category ‘does not apply’ was entered as a non-response. In the analysis, the interview
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Table 5.6
Knowledge test: Data literacy

Question 
number

Maximum 
number of 

points
1
2
3
4
5

6

7

8

9

10

11

12

3
2
3
2
1

1

2

2

2

2

1

1

Task

Name three requirements of a good problem statement. 
Name two possible data sources. 
Formulate a hypothesis for a given problem
Name and explain two quality characteristics of data 
Lay out two ways of collecting data based upon a given 
hypothesis
Interpret the given data

Indicate differences between quantitative and 
qualitative data
Indicate how they would go about analysing interview 
data
Draw conclusions based upon a case study

Draw conclusions based upon a case study

Decide on taking possible improvement measures 
based upon a case study

Explain how an improvement measure can be evaluated 
based upon a case study 

Construct

Identifying problems 
Data collection
Identifying problems 
Data collection
Data collection

Converting data into 
information
Data collection

Converting data into 
information
Converting data into 
information
Converting data into 
information
Translating 
conclusions into 
improvement 
measures
Evaluation

data served as a guideline and the remaining data were used for confirmation or 
rejection. The matrix provided insights into the individual respondent’s changes over 
time (within-case analysis). For the conclusion section we also used the matrix to get 
insight among the respondents as a group (cross-case analysis).

5.4 Results

5.4.1 Case Study 1: Agatha

Data Skills

Agatha, a dance and drama teacher, started with little as far as data skills (IT1): “I 
know very little about data. It was not part of the curriculum.” Although Agatha herself 
was in doubt whether she knew enough about data halfway through the intervention 
(IT2), she gained more insight into data use, as shown by her improved scores on the 
survey (Data Use-Scale) (0.60) as well as on the Knowledge Test (7.00) show.  However, 
she struggled with ‘identifying problems’, ‘converting data into information’, and 
‘evaluation’. Although she also showed improvement on these components, she herself  
primarily experienced the greatest learning growth when it came to methodology (IT3): 
“Yes, I think I have learned how to formulate a hypothesis for a problem and how
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to measure it. This provides you with a guideline for your study and are you able to 
develop improvement measures to reduce these percentages.”

Attitudes

Agatha did not voluntarily participate in the data team, but soon enjoyed working 
with data (IT2): “When we started with the survey, I was happy to learn that data are 
more than just tests.” Her survey responses on the Attitude Scale also showed this 
development (0.60).

Data Use

Data use for accountability increased in importance for Agatha (IT2): “I think it is 
important the stakeholders know the skill-set present in our school, even when things 
go badly.” She also considered data use for school development important, unlike 
data use for instructional improvement. This was due to the subject she teaches (T3): “I 
would not know how. Yes, dance and drama, what good are percentages there?” which 
the survey shows on the Scale Data Use for Improving Instruction (-0.61).

Table 5.7
Agatha’s scores on the survey (Data Skills, Attitudes, and Data Use) and the Knowledge Test 
(data literacy)

Agatha Change from T2 to T323

Data skills (survey)24

Data skills (test)25

Data attitudes24

Data use for accountability24

Data use for school development24

Data Use for instructional improvement26

0.60
7.00
0.60
0.18
0.22
-0.61

T3
1.20
13.50
1.20
1.18
1.78
2.85

T2
1.80 
6.50
1.80
1.36
2.00
3.46

23  To calculate the column Change, the scales Data Skills (survey), Data Attitude, Data Use for 
Accountability, and Data use for School Development are repooled.

24  On a four-point scale (1 = totally agree – 4 = totally disagree).
25  Maximum number of points = 22. 
26  On a six-point scale (1 = never, 6 = several times a week).

Table 5.8
Agatha’s scores on the knowledge test (data literacy)

Code Change from 
T2 to T3

Identifying the problem
Data collection
Converting data into information
Translating conclusions into improvement measures
Evaluation

3.0
1.0
2.5
0.0
0.5

T3

3.0
5.5
3.5
1.0
0.5

T2

0.0
4.5
1.0
1.0
0.0

Number of 
possible points

6.0
9.0
5.0
1.0
1.0

Total 13.56.5 22.07.0
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5.4.2 Case Study 2: Ann

Data Skills

Ann, special needs educator, teacher, and student supervisor, had used a lot of data 
during her career in special needs. For her, participation on the data team meant 
retrieving her knowledge (IT1) and getting used to working with qualitative data. A low 
score on the knowledge test halfway through the intervention disappointed her and 
challenged her and she scored higher the second time (7.50). Although she displayed 
difficulties with ‘identifying the problem’, ‘converting data into information’, ‘translating 
conclusions into improvement measures’, and ‘evaluation’, she improved her score for 
all of the aspects except for ‘identifying the problem’ the second time around (IT3): 
“I should have been able to perform better on the knowledge test. I felt like I had 
developed more data skills by working with data.”

Attitudes

Ann did not voluntary joined the data team. This was reflected by her critical attitude 
towards qualitative data, in which she compared the data team intervention to 
quantitative research, which she called ‘real research’. She started to appreciate the 
data team intervention during the second year (IT3): “This is real learning! Instead of 
addressing a problem ad hoc, we are put into another gear. You have to approach the 
problem in a different way.” This development was also visible in the Attitude Scale of 
the survey scores (0.20).

Data Use

At the start of the data team, Ann rarely used any data, but this changed along the way 
(IT2): “I have learned that data (e.g., evaluations and test results) can provide insights 
into our course development and which problems students experience.” Ann also 
used data for school development (IT3): “Our current approach is analysing the tests 
and the intake-test to get a feel for our transfer students and for what they bring with 
them from their prior education.” Ann could not imagine using data for instructional 
improvement, even after the intervention (IT3): “We try to take the students into 
consideration as much as possible during the lectures, but I cannot imagine doing that 
by means of data.” This change is also noticeable in her survey scores (-0.23).
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Table 5.9
Ann’s scores on the survey (Data Skills, Attitudes, and Data Use) and the Knowledge Test (data 
literacy)

Ann Change from T2 to T327

Data skills (survey)28

Data skills (test)29

Data attitudes28

Data use for accountability28

Data use for school development28

Data Use for instructional improvement30

 0.80
 7.50
 0.20
 1.36
 0.56
-0.23

T3

1.60
16.00
1.80
1.82
2.22
2.77

T2
2.40
8.50
2.00
3.18
2.78
3.00

Table 5.10
Ann’s scores on the knowledge test (data literacy)

Code Change from 
T2 to T3

Identifying the problem
Data collection
Converting data into information
Translating conclusions into improvement measures
Evaluation

0.0
3.0
2.5
1.0
1.0

T3

2.0
9.0
3.0
1.0
1.0

T2

2.0
6.0
0.5
0.0
0.0

Number of 
possible points

6.0
9.0
5.0
1.0
1.0

Total 7.516.08.5 22.0

27  To calculate the column Change, the scales Data Skills (survey), Data Attitude, Data Use for 
Accountability, and Data use for School Development are repooled.

28  On a four-point scale (1 = totally agree – 4 = totally disagree).
29  Maximum number of points = 22. 
30  On a six-point scale (1 = never, 6 = several times a week).

5.4.3 Case Study 3: George

Data Skills

George, an IT teacher and research supervisor, had learned about the data team 
intervention in his own training. Halfway through, George scored a 4.0 (KT2) on the 
Knowledge Test, but the second time around he had mastered all aspects of data skills 
(KT3: 18.50) except ‘identifying a problem’. George stated (IT3): “I was disappointed 
with my low score on the first test. However, now I have learned how to collect and 
analyse data in order to interpret them together and to draw conclusions.” He also 
valued data use as a method of school development (IT2): “Because you look at the 
problem together from different perspectives, you are able to make an informed 
decision.”

Attitudes

At the start, George considered data use to be important (IT1): “I think it is important 
to improve education based upon data. We need to learn how to do that as a college 
as well.” This had to do with his work for the exam committee (IT1): “The school can 
learn a lot by listening to the students dropping out.” Nevertheless, he developed a 
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more negative attitude during the intervention (survey, Attitude-Scale: -0.60). This was 
due to the (large) amount of time working in a data team took and the data team’s lack 
of the momentum needed to make changes (IT3): “We are confronted with a large 
drop-out rate and we are still chasing our tails. It takes too long before we have an 
impact.”

Data use

Data use for instructional improvement became more important in George’s eyes 
(0.16), in contrast to data use for school development. George started using data when 
supervising students (IT3): “When I supervise students working on their final thesis, 
I help them analyse which research skills they have mastered and which they have 
not, and I adapt my supervision accordingly.” This corresponds with the change in his 
survey results. In contrast, George would only evaluate the measures taken if time was 
to be given (IT3): “I am willing to evaluate the (data team) intervention and based upon 
this evaluation adapt the improvement measures, but this is not a regular aspect of my 
work.” The reluctance that shimmers through his offer is displayed as well in his survey 
responses regarding the other types of data use.

Table 5.11
George’s scores on the survey (Data Skills, Attitudes, and Data Use) and the Knowledge 
Test (data literacy)

George Change from T2 to T331

Data skills (survey)32

Data skills (test)33

Data attitudes32

Data use for accountability32

Data use for school development32

Data Use for instructional improvement34

 0.20
14.50
-0.60
-1.09
-0.22
 0.16

T3
1.00

18.50
1.80
2.45
2.22
2.62

T2
1.20
4.00
1.20
1.36
2.00
2.46

31  To calculate the column Change, the scales Data Skills (survey), Data Attitude, Data Use for 
Accountability, and Data use for School Development are repooled.

32  On a four-point scale (1 = totally agree – 4 = totally disagree).
33  Maximum number of points = 22. 
34  On a six-point scale (1 = never, 6 = several times a week).

Table 5.12
George’s scores on the knowledge test (data literacy)

Code Change from 
T2 to T3

Identifying the problem
Data collection
Converting data into information
Translating conclusions into improvement measures
Evaluation

0.0
7.5
3.0
1.0
1.0

T3

1.0
9.0
4.5
1.0
1.0

T2

1.0
1.5
1.5
0.0
0.0

Number of 
possible points

6.0
9.0
5.0
1.0
1.0

Total 16.54.0 22.012.5
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5.4.4  Case Study 4: Hedy

Data Skills

Hedy used video (data) as a student supervisor and coach to break existing patterns. 
Hedy scored higher on the knowledge test the first time than the second time around 
(-2.00). While Hedy had difficulty with ‘converting data into information’ halfway 
through the intervention, after the intervention it was ‘data collection’ that was difficult 
(IT2): “I think I have learned to do some research. I have always kept away from 
statistics, but as part of the data team I could do so no longer and in the data team 
I discovered I should not be wary of it. But in the test, when it comes down to it, it 
remains a difficult area. I get confirmed what I already knew.”

Attitudes

The parallel between the data team intervention and her own method of facilitating 
learning by means of video images motivated her to work in the data team (IT2): 
“What we do is often based upon images, ideas, and habits. It is time to change that. 
We should use facts and figures more.” Nevertheless, Hedy was ambivalent when it 
came to data and she liked relying on her feelings (IT3): “Although we gained better 
insight into the risk factors regarding drop-out, I still have the tendency to ask different 
questions in the intake. Especially your own experience is important here. I do not care 
for the standard questions. Not even when it means getting more reliable data.”

Data Use

Data use for accountability was less important to Hedy than school development. In her 
role of coach, she used data to inform her colleagues about obstacles students

Table 5.13
Hedy’s scores on the survey (Data Skills, Attitudes, and Data Use) and the Knowledge Test 
(data literacy)

Hedy Change from T2 to T335

Data skills (survey)36

Data skills (test)37

Data attitudes36

Data use for accountability36

Data use for school development36

Data Use for instructional improvement38

-0.80
-2.00
 0.40
-0.18
 0.44
-0.45

T3

1.80
11.50
2.00
1.73
2.44
2.38

T2

1.00
13.50
2.40
1.55
2.88
2.83

35  To calculate the column Change, the scales Data Skills (survey), Data Attitude, Data Use for 
Accountability, and Data use for School Development are repooled.

36  On a four-point scale (1 = totally agree – 4 = totally disagree).
37  Maximum number of points = 22. 
38  On a six-point scale (1 = never, 6 = several times a week).

  a case study 5
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experienced, but she also noticed that a lot remained unattended to (IT2): “If we want 
to work like this, we need to come to some agreements. In order to maximise impact, 
it might be necessary to coach us on dropouts.” Hedy used additional data (besides 
video) in order to discuss students’ ingrained behaviour (IT3): “I will give training to 
coaches during which I will research coaching styles among students and coaches, in 
order to make sure coaching better meets the students’ needs.” The change in her 
survey scores (-0.45) did not correspond to this increase expressed in the interview.

5.4.5 Case Study 5: Reese

Data Skills

Reese, visual arts teacher and former director of studies, already knew a lot about data 
storage to start with, in contrast to data analysis and use (IT1): “I feel insecure when it 
comes to analysing data. Others are better at it.” The intervention did not reinforce his 
data skills (KT2 11.0; KT3: 7.5) and he continued to struggle with ‘converting data into 
information’, ‘evaluation’, and ‘identifying a problem’. He did feel he had learned to 
discuss the figures with his colleagues and to present data in such a way as to enable 
others to follow your reasoning and to provide different insights (IT3): “This is only 
possible when you discuss and keep discussing them with others.”

Attitudes

Although Reese initially participated in the data team because he thought it was 
important to use more data, along the way his attitude towards data use took a 
negative turn (-1.00) because he felt the entire process took up way too much time. 
This feeling expressed Reese in interview 2 and 3 (IT2): “I thought it dragged on for 
too long at certain points. We already knew the questions of the intake-test needed to 
be amended as early as June, but we did not do anything about it.” But perhaps even 
more because his involvement with improving data access at the college level. This was 
not a success (IT3): “Sometimes I feel like I am way ahead of my time.”

Table 5.14
Hedy’s scores on the knowledge test (data literacy)

Code Change from 
T2 to T3

Identifying the problem
Data collection
Converting data into information
Translating conclusions into improvement measures
Evaluation

 0.0
-3.0
 1.0
 0.0
 0.0

T3

3.0
4.0
2.5
1.0
1.0

T2

3.0
7.0
1.5
1.0
1.0

Number of 
possible points

6.0
9.0
5.0
1.0
1.0

Total 11.513.5 22.0-2.0
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Data Use

After the intervention, Reese reported a decrease in data use for accountability and 
for school development. In his view this was due to bad accessibility of data (IT3): “I 
thought the college considered working with data to be important, but how can that 
be true if it is so difficult to access data?” He did consider data use for instructional 
improvement to be of general importance (IT2) “I consider this aspect to be important 
because we need to be aware of the, sometimes, impossible tests we design. I also 
think our feedback should be constructive.” Incidentally, he did not see a lot of 
possibilities for data use within his own subject (IT3): “I cannot see how data can play a 
role in improving instruction for a subject such as visual arts.” This did correspond with 
his survey response (-1.54).

Table 5.15
Reese’s scores on the survey (Data Skills, Attitudes, and Data Use) and the Knowledge Test 
(data literacy)

Reese Change from T2 to T339

Data skills (survey)40

Data skills (test)41

Data attitudes40

Data use for accountability40

Data use for school development40

Data Use for instructional improvement42

-0.20
-3.50
-1.00
-1.09
-0.56
-1.54

T3

1.40
7.50
2.40
2.18
2.67
1.08

T2
1.20

11.00
1.40
1.09
2.11
2.62

Table 5.16
Reese’s scores on the knowledge test (data literacy)

Code Change from 
T2 to T3

Identifying the problem
Data collection
Converting data into information
Translating conclusions into improvement measures
Evaluation

-2.0
-1.5
 0.0
 0.0
 0.0

T3

1.0
4.5
1.0
1.0
0.0

T2

3.0
6.0
1.0
1.0
0.0

Number of 
possible points

6.0
9.0
5.0
1.0
1.0

Total 7.511.0 22.0-3.5

39  To calculate the column Change, the scales Data Skills (survey), Data Attitude, Data Use for 
Accountability, and Data use for School Development are repooled.

40  On a four-point scale (1 = totally agree – 4 = totally disagree).
41  Maximum number of points = 22. 
42  On a six-point scale (1 = never, 6 = several times a week).

5.5 Conclusion

This study provides insight into how data team participation contributes to the 
development of data skills and attitudes and into how and when the participants use 
this knowledge in their daily practice.

  a case study 5
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5.5.1  How Data Team Participation Contributes to the Development of 
Data Skills and Attitudes towards Data Use

Data Skills

The development of data skills due to the data team intervention varied among the 
five data team members (cf. Ebbeler, 2016). The data team members who scored 
lowest at the start, for example, gained most in terms of learning, and the two data 
team members who scored highest on the knowledge test, scored lowest at the final 
administration of the knowledge test, although it should be mentioned that these latter 
two members stated that they had expected a lower score at the first administration. 
The difference in learning could be explained by the fact that the data team 
intervention does not take into account the initial level of data skills of the individual 
data team members (cf. Corno, 2008).

Data team members learned most about ‘converting data into information’, 
‘translating conclusions into improvement measures’, and ‘evaluation’ and less about 
‘identifying the problem’ and ‘data collection’. This finding differs from the study of 
Reeves and Honig (2015). Reeves and Honing taught participants how to analyse data 
in the scope of a two-day course. They established a (more-or-less) overall increase in 
learning when it comes to data skills. This might be caused by the fact that the data 
team members considered the duration of the first part of the process to be too long 
and therefore were not able to reach further depth. This could also explain the low 
learning outcomes of the aspects ‘identifying the problem’ and ‘data collection’.

Data team members also reported the development of other forms of data 
skills. The data team members gained more insight into the way in which data can 
contribute to school development (Van Veen et al., 2010; Vescio et al., 2008) and how 
using data within a team can add value to school development (Desimone, 2011). 
Moreover, at least one data team member indicated that by gaining experience with 
the data team intervention, she was less wary of doing research themselves (e.g., Piro 
et al., 2014).

Attitudes

The development of the attitude towards data due the data team intervention also 
varied among the five members (cf. Ebbeler, 2016).  Hedy, Agatha, and Ann, in a less 
extent, developed a more positive attitude towards data, in contrast to George and 
Reese. George and Reese developed a less positive attitude towards data due the 
intervention because they might have been influenced by the characteristics of the 
data team intervention (a time-consuming method), combined with user characteristics, 
especially their perceived locus of control, which refers to the degree to which the 
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individual believes himself or herself to have control over the success or failure of 
his or her efforts (Schildkamp & Kuiper, 2010). In addition, data team members 
felt disappointed about what the organisation immediately could do with their 
recommendations. Some recommendations could only be implemented a year later. In 
order to exert influence over the process of decision-making within the organisation, 
data team members should possibly search for opportunities to become part of the 
decision-making process within the organisation.

5.5.2 How and when do the Data Team Members use their Data Skills 
regarding Data Use in their Daily Work

Data Use

This study shows a decrease in data use for accountability among teacher educators 
after the data team intervention, while data use for school development increased. 
Three of the five data team members showed a decrease in data use for instructional 
improvement.

A decrease in data use for accountability is consistent with the findings of 
Ebbeler (2016) regarding secondary education. This decrease could be explained by 
the context, since there had been considerable attention given to increasing the quality 
of the teacher trainee colleges in the years prior to the study, more than for secondary 
education, for example (Jongbloed, 2013). A decrease in data use for instructional 
improvement could be explained by the fact that not everyone thought data use was 
suitable for their specific subject. This might have to do with the limited view of data 
(just figures) of some data team members.

It is striking that the development of data skills did not keep pace with both 
development of more positive attitudes as well as with data use within the school. 
For example, Agatha, Ann, and George all showed an increase in skills, whereas only 
Agatha and Ann showed positive attitude development and started to use more 
data for accountability and for school development. George, however, showed a 
positive development in the area of data skills, but a negative change in attitude and 
a small increase in data use for instructional improvement. Hedy, however, showed 
a decrease in data skills, but a positive development in attitude and in data use for 
school development. Agatha, Ann, and Hedy showed an improvement in attitude 
together with an increase in data use for school development, while Agatha and 
Ann also showed an increase in data use for accountability. But there was, with the 
exception of Reese, a negative relation between attitude change and change in data 
use for instructional improvement. The idea that the development of knowledge leads 
to data use was not substantiated by this study; in this respect, it is consistent with, for 
example, research by Schildkamp and Kuiper (2010) and Mandinach et al. 

  a case study 5
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(2006), in which multiple variables (related to the individual, the intervention, and the 
organisation) eventually have an impact on whether a person uses this knowledge.

Also, the idea that data skills and the attitude towards data use are positively 
related, was not found in this study. A positive attitude does not seem to be a 
prerequisite for the development of skills, and a negative attitude does not seem to 
prevent people from gaining skills. Apparently, the relationship between attitude and 
data skills and attitude and data use is a complex one, in which they influence each 
other, but are in turn also influenced by other factors (Mandinach & Gummer, 2016b). 
Therefore, data team members need, apart from good planning, the will and the ability 
to see the opportunities for monitoring the process within the data team and the 
organisation and for coordinating between the two.

The theory of near and far transfer (Kim & Lee, 2001) could play a role in the 
observed development of data use. The data team in this case was working towards 
school development, not towards either accountability or instructional improvement. 
According to the theory of near and far transfer, near transfer will be more likely when 
the lessons learned are applied within a situation identical to the one in which the 
lessons were taught in the first place in terms of conceptual framework, context and 
type of problem, instead of within a situation that differs from it (far transfer). This 
theory implies that data team members would be more likely to use data for school 
development than for accountability and instructional improvement, which is exactly 
what we found.

5.5.3 Implications for Practice and Research

This study was a multiple case study, which the researcher participated in. One data 
team, with 5 cases, at one college was involved, therefor we cannot generalise the 
results of our study. This study gained insight into the complexities of factors which 
were involved in the professional development of data skills and data use of teacher 
educators. Although support, and especially the role of the data coach, play an 
important role in supporting data team’s learning process, this study did not include 
this variable. The main reason was that the interventions of the data coach were mainly 
on data team level and not on individual level.

Implications for Practice

Based upon this study, several principles can be formulated that are important when it 
comes to professional development by means of the data team intervention:
1. Make use of the differences in data skills and attitudes of data team members, 

for example, by assigning the data team members a more active role in 
preparing the meetings or in the knowledge transfer during the meetings;
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2. Pay attention to the decision-making processes within the organisation and ask 
the data team members to show how decision-making takes place and how it 
can be coordinated with the data team intervention (Mandinach & Gummer, 
2016a);

3. Pay attention to the development in attitudes towards data by making sure the 
data coach pays attention to this in his individual relationship with the teachers 
(Mandinach & Gummer, 2016a);

4. For the data team to start working on instructional improvement, far transfer 
would be needed. This could be done by means of instructional coaching (Love 
et al., 2008), in which the data coach provides explicit support in data use for 
instructional improvement for individual data team members.

Implications for Research

The question is how one can achieve learning by far transfer by means of the data 
team intervention, as to ensure that other forms of data use will take place besides the 
ones utilised in the data team (Coburn & Turner, 2011). Research could shed more light 
upon this issue. There is need for additional research into the relationship between the 
development of data skills, on the one hand, and the development of positive attitudes 
and increased use of data in daily practice, on the other.

The above-mentioned research showed that the data team intervention 
encouraged teacher educators to use data for school development, but this method 
needs further development to make it applicable for data use in other areas than they 
were practicing in the data team. This is an important issue for teacher educators 
in particular, because here the teacher educator can set an example for the future 
teachers, who in turn will be asked to adapt their instruction to their students’ needs 
(Jimerson et al., 2016).

  a case study 5
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6. Summary and Discussion

6.1 Introduction

This investigation focused on the way in which teacher educators use data and how 
they prepare future teachers for data use. The following research question was the 
focus of this investigation: How does a data team contribute to the development of 
teacher educators’ ability to use data to improve their educational practice?
Paragraph 6.1 answers the research questions. Paragraph 6.2 summarizes the 
outcomes of the four studies. Paragraph 6.3 reflects on the outcomes of the studies 
and the methods used. Paragraph 6.4 continues with recommendations for educational 
practice, policy, and further research.

6.2 Summary and Outcomes of the Studies

6.2.1  Summary Study 1: A Study into Data Use by Teacher Educators

The first study focused on how which teacher educators pay attention to data use in 
their instruction to future teachers, and how they use data themselves for accountability 
purposes, for school development, and instructional improvement. Moreover, the study 
also focused on which factors influenced data use by teacher educators. To answer this 
question, the study addressed the following research question: 

How do teacher educators attend to data use at teacher education 
colleges?

The outcomes of the study showed that the majority of teacher educators included 
data use in their curriculum, albeit often integrated into other subjects (such as 
Language or Calculus). Data use is a recurring topic during the traineeship; however, 
not all the teacher educators were able to rely on the traineeship teaching all students 
how to use data. This sometimes resulted in data use being limited to learning about 
data at the teacher education college, with no actual experience in using data in 
educational practice. The time used by teacher educators on data use varied from 
1-2 European Credits (28-56 hours of study) to more than 10 European Credits (280 
hours of study). Apparently, there are differences in the importance that is attached to 
data use. When taking a closer look at the different aspects connected to data use, it 
became clear that not all aspects receive the same amount of attention. In particular, 
the quality of data is relatively overlooked. Data-based decision making has many 
things in common with research, a relatively new component in the curriculum 
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of teacher education colleges. The discussions regarding the form and content of 
instruction regarding research have not been finalised, and this might explain why an 
aspect such as data quality has been relatively overlooked so far.

Teacher educators indicated they mostly used data for accountability 
purposes. The attention to data use for accountability purposes can be explained by 
the fact that the teacher education colleges have been under the magnifying glass 
when it comes to the quality of education, and they need to meet the accountability 
requirements. Moreover, teacher educators indicated that they also used data for 
school development and to a lesser extent for instructional improvement. The 
regression analysis showed that data use for accountability purposes was influenced 
by data and data information systems, the user, and the character of the collaboration. 
Data use for school development was related to the collaboration between users 
and the organisation. When the predominant culture at a school aimed at continuous 
improvement of the school together, data use was stimulated. The study found no 
factors that influence data use for instructional improvement.

6.2.2  Summary Study 2: A Data Team as a Context for Learning

The second study focused on the way in which a data team provides a context for 
learning about data. The study addressed the following research question: 

How does participation in a data team contribute to the professional 
development of the data team members?

The possibilities for learning within a data team were evaluated after a year, based 
upon the relevance and the depth of inquiry of the conversations in the data team. A 
study of the contents of the conversations to see whether they focused on instruction, 
learning, and learning materials, what is termed the relevance of the conversations, 
showed that the conversations in all of the data team meetings were relevant. The 
study also considered depth of inquiry. Depth of inquiry deals with how data team 
members have these conversations, listening to the reasoning, and reflecting upon the 
underlying assumptions to develop knowledge. Depth of inquiry is characterised by 
an inquisitive attitude, and also entails critically reviewing the knowledge that is at the 
basis of each step. This depth of inquiry varied both within and across meetings. Within 
the meetings, most of the meetings started with conversations that had little depth; 
then the depth increased, and towards the end, the depth decreased again. Across the 
meetings, in general, there was relatively little depth of inquiry at the start of the cycle. 
When data (e.g., regarding student progress) were introduced, the mean depth of 
inquiry during the meeting increased, but the depth subsequently decreased 
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a bit when conclusions were drawn and improvement measures were developed. 
The increase of the mean depth of inquiry across the data team meetings could be 
explained by the way in which a team is formed and starts to function; such a team 
needs time to become effective and to develop depth of inquiry in their conversations. 
Another contributing factor for the mean depth of inquiry are data. When data were 
introduced, the depth increased; by interpreting data, data team members developed 
new knowledge.

The data coach played an important role in the meetings, in particular when 
the data coach combined the role of expert with that of coach. Thus, the data coach 
was able to encourage the data team to achieve depth of inquiry in the conversations 
by asking questions and summarising conclusions. In the expert role, the data coach 
brought new knowledge regarding the quality of data, as well as presenting, analysing, 
and interpreting data, and thus encouraged the data team members to achieve depth.

6.2.3  Summary Study 3: Factors Influencing Depth of Inquiry of the 
Conversations

The depth of inquiry of the conversations varied between meetings, but what exactly 
influenced the depth of inquiry in the conversations during the two years the data team 
was active? The third study focused on the following research question: 

Which factors enable and hinder depth of inquiry within the data 
team?

The outcomes of this study showed that data and data information systems influence 
the depth of inquiry in the conversations. Overall, data increased the depth of inquiry 
of the conversations. In order to increase the depth of inquiry, it is important for the 
data to align with the needs of the users and to relate to the hypotheses the data 
team formulated. Furthermore, the data need to relate to the prior knowledge of the 
data team members regarding the problem at hand. The depth of inquiry increased 
when the data team was presented with data that were in keeping with the data skills 
of the data team members. As data team members became more skilled in reading 
data, the conversations focused more on what the data represented. When the data 
did not fit with the prior knowledge of the data team members regarding the subject, 
the reliability of the data was questioned first. After assessing the quality of the data, 
the conversation could focus on what the data represented in relation to the data 
team members’ prior knowledge regarding the subject, and the depth of inquiry of the 
conversations increased.

Moreover, the data team members’ attitude towards data use also influences 
the depth of inquiry. Whereas a negative attitude towards data use was a hindering 
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factor at first, during the second year this attitude played a smaller role in the depth 
of inquiry of the conversations. Finally, the buy-in/belief of the user played a role in 
the depth of inquiry of the conversations. Buy-in/belief in data use caused data team 
members to search for evidence to refute or confirm hypotheses.

The aspects of ownership, locus of control, and support by management, which 
were included in the theoretical framework, did not play a role in the depth of inquiry 
of the conversations. In both the first and second years, the data team was the owner 
of the problem as well as of how the problem was being solved (the activity cycle). This 
did not change during the meetings. The same applied to the locus of control. Nor did 
it make a difference to the depth of inquiry whether the locus of control was internal 
or external. Support by management also did not lead to greater depth of inquiry, 
because the management did not (actively) participate in the data team meetings.

Factors that were not part of the theoretical framework of the study, but 
that did play a role in the depth of inquiry of the conversations were cognitive 
conflicts, prior knowledge, and affective conflicts. Cognitive conflicts were defined 
here as differences in opinion, convictions, and knowledge constructs. This study 
showed that cognitive conflicts can have a positive impact on depth of inquiry. In this 
context, it was important to clarify the prior knowledge at the root of the cognitive 
conflict. By confronting the prior knowledge with data, the knowledge system 
can be reconstructed based upon arguments. Thus, the data team constructed 
a shared knowledge base regarding the problem. When data team members 
developed affective conflicts, this had a negative effect on the depth of inquiry of the 
conversations. Affective conflicts differ from cognitive conflicts in that the differences in 
opinion, convictions or knowledge constructs have become personal. When affective 
conflicts were left unaddressed, these conflicts had a negative effect on the depth of 
inquiry of the conversations.

6.2.4  Summary Study 4: The Impact of the Data Team on Professional 
Development and Data Use

The fourth study aimed to establish the learning gains from the data team intervention 
and how the data were used in educational practice. The focus of the study was: 

How do teacher educators who participate in a data team achieve data 
knowledge, skills, and a more positive attitude towards data use, and 
how does their participation impact their professional practice?

The results of this study show that data team members, who participated in the data 
team for two years, developed their knowledge of data in very different ways: data 
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team members with the least knowledge showed the greatest developed of knowledge 
and skills regarding data use, whereas the members who already had relatively a lot 
of knowledge and skills regarding data use learned less. Data team members gained 
the most knowledge about the steps ‘converting data into information’, ‘transforming 
conclusions into improvement measures’, and about ‘evaluating’, and less about 
‘identifying the problem’ and ‘collecting data’. Although all steps were addressed, 
the data team members did not master all the steps to the same extent. This could 
be explained by the fact that a few data team members indicated that they thought 
the procedure was too slow at times. Data team members also reported that they had 
gained knowledge about working in a team in order to improve education.

When it came to attitude development, not all data team members appeared 
to develop a positive attitude towards data use. This might be caused by the length 
of the intervention. Moreover, it also became clear that an increase in data skills did 
not necessarily coincide with a more positive attitude towards data, and vice versa. 
Apparently, the relationship between knowledge and attitude is a complex one.

During the development of data use among the data team participants, their 
data use for school development in their educational practice increased, but data 
use for instructional improvement did not. This outcome might be explained by a 
lack in transfer of the lessons learned. The data team used data to solve a problem 
within the school. When a data team member uses data outside of the data team for 
school development, it is called near transfer. If a data team member were to use data 
for instructional improvement, this would be a case of far transfer. This intervention 
appears to yield data use in line with what they had practised before, so this is a case 
of near transfer.

6.2.5  Conclusion

Going back to the central research question at the core of the study, How does a 
data team contribute to the development of teacher educators’ ability to use data 
to improve their educational practice?, it becomes clear that teacher educators 
teach future teachers how to use data, but that the structure, the scope and the 
content of their data use in education differs, as well as whether data use within the 
traineeship can be guaranteed. The teacher educators themselves primarily use data 
for accountability purposes, and less for school development and adapting their 
instruction to their students’ educational needs. Data use for accountability purposes 
is impacted by characteristics of the data and data information systems, the user, and 
the data-related collaboration. Data use for school development is impacted by the 
collaboration between the users and the organisation. The study did not find any 
factors influencing data use for instructional improvement.

 summery and discussion 6



514401-L-bw-Bolhuis514401-L-bw-Bolhuis514401-L-bw-Bolhuis514401-L-bw-Bolhuis
Processed on: 13-10-2017Processed on: 13-10-2017Processed on: 13-10-2017Processed on: 13-10-2017 PDF page: 130PDF page: 130PDF page: 130PDF page: 130

130

When teacher educators are working on their professional development in a data 
team, the data team becomes a meaningful context and helps to solve an educational 
problem, although several data team members considered the method time-
consuming. Data team members have conversations in the data team which are 
relevant and vary in depth of inquiry. A factor influencing this depth is whether data 
are used during the conversations, particularly data which correspond to the users’ 
data skills. Moreover, the team members’ attitude towards data and their buy-in/belief 
impact the depth of inquiry of their conversations. The factors of prior knowledge and 
the ability to deal with cognitive and affective conflicts also impact depth of inquiry of 
the conversations. After the intervention, the teacher educators participating in a data 
team developed knowledge and skills; the data team members least knowledgeable at 
the start gained the most knowledge and skills, and those most knowledgeable gained 
the least. The development of knowledge and skills is not related to the development 
of a more positive attitude towards data and data use within educational practice. After 
the intervention, the teacher educators who participated in the data team primarily 
used data for school development and less for accountability purposes or for adapting 
their instruction to their students’ educational needs.

6.3 Reflection on the Study

6.3.1  Reflection on the Outcomes of the Study

In reflecting on the study, we will elaborate on several outcomes of the study: data use 
in the curriculum of the teacher education college, learning in a data team, the transfer 
of learning, and the data team and the organisation.

Data in the Curriculum of the Teacher Education College

Teacher educators teach future teachers to use data for school development. However, 
they themselves use data to a lesser extent for school development, and as such are 
not good role models for their own students (Swennen et al., 2010). At the start of 
their career, teachers find it hard to differentiate based on data (Inspectie van het 
Onderwijs, 2015). We could ask ourselves whether teacher educators are in fact role 
models for their students at all when it comes to using data to adapt their instruction 
to their students’ educational needs. It might be possible that examples in which future 
teachers learn to use data, but in which instruction is also improved upon based on 
data, could provide an impetus for strengthening the model role of teacher educators 
in data use. Jimerson et al. (2016) have, for example, developed a course for future 
teachers in which they are taught not just to use data, but in which the course itself 
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has been developed based on data and the instruction is adapted to the students’ 
educational needs during the course.

Learning in a Data Team

With regard to the data team, it can be said that learning took place in an intervention 
with the characteristics of effective professional development (Desimone, 2011, 
Lomos et al., 2011; Van Veen et al., 2010; Vescio et al., 2008). Both the relevance of 
the conversations as well as the depth of inquiry of the conversations show that the 
data team is a context in which learning takes place (cf. Henry, 2012; Schildkamp et 
al., 2015). This result is corroborated by the findings of a study of learning in data 
teams in secondary education (cf. Ebbeler, 2016). Learning can also be interpreted as 
behavioural change, or the possibility of behavioural change, which occurs even after 
an extended period of time, becomes visible in several situations and is established 
based upon practice and not through maturation or aging (e.g., Illeris, 2002; 2007; 
Poortman, 2007). The question remains whether there was a change in behaviour 
during this study. Data team members did indicate that they started to use more data 
for school development, outside of the data team intervention. This could lead to the 
cautious conclusion that there was an increase in learning.

However, not all members of the team experienced the same increase in 
learning. The variability in depth of inquiry as well as the results of the knowledge 
test, survey, and interview show the teacher educators differ in the extent to which 
they develop knowledge and skills and use data in their educational practice. The 
third study showed that factors related to data and data storage, the knowledge and 
skills of the user, as well as the connections with prior knowledge and dealing with 
cognitive conflicts all impact the depth of inquiry of the conversations, and thus the 
learning of the data team. However, the fourth study showed that individual data team 
members developed their knowledge and skills regarding data use differently. At the 
start, data team members have different data skills and attitudes regarding data use 
and these differences might impact learning within the data team. Moreover, data 
team members also react differently to input of data. This input of data can be seen 
as having one’s own prior knowledge confronted by the data. These data, (in part) 
present the phenomenon, the educational problem that is being worked on. When 
these data diverge from the prior knowledge constructs of the learner, a cognitive 
conflict presents itself (D’ Mello et al., 2014). When the data reflect the phenomenon 
in a convincing way, the learner will build a new knowledge construct (cf. Hubers, 
Poortman, Schildkamp, Pieters, & Handelzalts, 2016). When the data fail to convince 
or the data user keeps holding on to his/her convictions, this will lead to a rejection of 
the data and the learner will stick to the prior knowledge construct (Katz et al., 2009). 
These cognitive conflicts impact learning positively or negatively, depending on the 
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extent to which the data team member can manage the cognitive conflict. Illeris (2003, 
396) calls this the internal process of learning an “internal psychological process of 
acquisition and elaboration in which new impulses are connected with results of prior 
learning”.

The individual data team members’ learning cannot be seen separately from 
the data team in which the learning takes place. The conversations take place within 
the data team. Illeris (2003) calls this an external process of interaction, and describes 
it as: “a process between the learner and his or her social, cultural and material 
environment” (p. 396). A data coach can influence the learning of the individual 
members. The data coach can insert depth of inquiry into the conversations by means 
of conversation interventions. This role does not have to be limited to the data coach. 
Other data team members can take on this role as well, and thus play a role in each 
other’s processes of learning. The conversations in the data team helped to review 
prior knowledge and aided in solving cognitive conflict, but cognitive conflict could 
also result in affective conflict (Butler & Schnellert, 2012).

Learning is not just a cognitive matter. Social and emotional processes 
influence learning as well. This corresponds with what Illeris (2003) writes on learning. 
Illeris distinguished three dimensions of learning: the cognitive dimension of 
knowledge and skills, the emotional dimension of feeling and motivation, and the 
social dimension of communication and collaboration with others. While analysing 
the depth of inquiry of the conversations, it became clear that all three dimensions 
played a role in learning in a data team. The cognitive dimension played a role when 
knowledge was constructed by means of data. The emotional dimension played a 
role in cognitive conflicts, when prior knowledge did not correspond to the data. And 
finally, the social dimension played a role in affective conflicts, when the differences in 
convictions became personal. This learning in three dimensions might explain why the 
processes of learning differed so much between the individual members of the data 
team.

Transfer of Learning

The above-mentioned indicates that the processes of learning differed within the 
data team and that this led to differences in knowledge and skills. This also became 
clear from the extent to which the data team members used their knowledge in their 
educational practice. One data team member, for example, used video recordings of 
students to analyse the students’ learning (far transfer), while at the same time another 
data team member could not see how data could be used to gain insight into the 
differences in learning needs for her subject (dance), but she did use data for school 
development (near transfer) (Kim & Lee, 2001).
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Illeris (2009) and Poortman (2007) do not just distinguish different forms of learning, 
but state that these differences will also lead to differences in transfer. They distinguish 
between: cumulative learning, which is seen as an isolated form of learning that is 
not part of the prior knowledge of the learner. No transfer is established. They also 
distinguish assimilative learning, which is seen as a form of learning in which new 
knowledge is integrated into prior knowledge. The result is knowledge that can be 
accessed relatively easily, as long as the new context is comparable to the context in 
which it was learned. Near transfer is established. They also distinguish accommodative 
learning, which is seen as a form of learning in which an established knowledge 
construct is torn down and a new knowledge construct can be built. The result is 
knowledge that can be easily recalled in different circumstances, even if the new 
context diverges from the context in which it was learned. The learning has become 
internalised. Far transfer is achieved. Finally, there is transformative learning, which 
is seen as learning in which learning brings about a transformation in a person, or 
in the organisation of learning. The outcome is not so much something that can be 
remembered or recalled, but has become part of the person. Far transfer is achieved 
here as well.

In those instances where professional development led to data use for school 
development, near transfer was achieved. Using the terminology of Illeris (2009) and 
Poortman (2007), this type of learning can primarily be defined as assimilative learning. 
New knowledge and skills regarding data use are integrated into the prior knowledge 
of data team members, which makes it relatively easy to recall the knowledge as long 
as the new context is similar to the context in which it was learned. In those instances 
where professional development led to more data use for instructional improvement 
based upon the students’ learning needs, far transfer was achieved. Using the 
terminology of Illeris (2009) and Poortman (2007), this type of learning could be 
defined as accommodative or transformative learning. Overall, the data team members 
primarily achieved near transfer.

The Data Team and the Organisation

The results of professional development cannot be understood by looking at the data 
team alone. Although the data team is an important tool for learning for the individual 
data team members, the data team did not act separately from its environment, 
but interacted with the entire college. Thus, the data team was part of the entire 
organisation; a problem was tackled that concerned the entire organisation; data 
team members were also part of other teams, such as the management team, exam 
committees, departments, and other smaller task groups; communication took place 
on all sides and in different contexts, planned and unplanned, and the improvement 
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measures needed to be implemented in the entire organisation. In that sense, learning 
in a data team does not stand apart from the organisation, but is imbedded in the 
organisation. The fact that this relationship impacted the learning of the data team 
members became clear from the improvement measures the data team developed. By 
the time the data team was ready to implement improvement measures in the first year, 
the deadline for decision making for the next year had expired. This led the data team 
members to feel that the data team’s progress was too slow and lacked momentum, 
which led to disappointment. Because professional development was deemed slow, 
there was a negative effect on learning. It might be the relationship between the 
data team and the organisation that limits the opportunities for a data team to both 
learn and at the same time improve educational practice. A data team offers an 
intimate context for learning, one that is transparent and a place where members 
work methodically on a solution to a shared problem. At the same time, all eyes in 
the organisation are on the data team and on the extent to which the data team will 
come up with a timely (satisfying) solution to the educational problem. The rhythm of 
the learning process on the one hand and that of the organisation on the other are not 
always in sync.

6.3.2  Reflection on the Research Method

The motivation for this study was the plea for micro-process research by various 
researchers (e.g., Coburn & Turner, 2011; Little, 2012; Marsh, 2012; Moss, 2012; 
Spillane, 2012). The reason is that there is a lack of knowledge about how the 
interactions in the data teams contribute to learning about and use of data by teacher 
educators. The single case study which was conducted in this study aims to contribute 
to the knowledge base about the processes within a data team. The way in which 
data team members develop knowledge, skills, and attitudes and use data within their 
educational practice was examined in detail. The extensive observational data of the 
conversations in the data team provided insight into the way a data team intervention 
progresses over time and what micro-processes played a role. By combining 
observational data with instruments in which the data team members gave their 
own opinion, and with the data from a knowledge test, insight was gained regarding 
the learning process of the data team members and an answer was provided to the 
question of how a data team contributes to the professional development of teacher 
educators regarding data use for improving their educational practice (Little, 2012; 
Powell & Bromley, 2013). However, to achieve generalisable outcomes, the findings of 
this study will need to be tested in more contexts, and in more diverse contexts.

The survey that was used in study one has been used before with teachers 
in secondary education. The size of the sample in study one limited the statistical 
possibilities, which made it impossible to conduct a multilevel analysis. That is why the
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role of the organisation remained neglected. However, this is the first study to provide 
an insight into the dual role teacher educators have in data use within a Dutch context.

Studies two, three, and four took place in the organisation at which the 
researcher works. At the time of the study, the researcher was both the data coach of 
the data team as well as a researcher. In order to protect the validity and reliability of 
the study (Yin, 2014), a great deal of care was taken when it came to transparency and 
triangulation while designing and conducting the research. Transparency was achieved 
by taking great care when developing the method. All collected data are available on 
request and verifiable. Moreover, the data were also coded by a fellow researcher and 
the outcomes were compared to each other. While collecting data, multiple sources 
were used: observations were combined with interviews, knowledge tests, surveys, 
and artefacts. Data on the data coach’s perception of his role was collected by a fellow 
researcher. Participative research also demands that the researcher is continually 
clear about which role he is taking on. For the purposes of this study it was indicated 
that the researcher had the objective of ensuring that the data team members were 
able to learn (participation) but also had a role in collecting data regarding the 
learning process (distance). Moreover, care was taken with ethics, by indicating how 
confidentiality and anonymity were being dealt with. Because the researcher had the 
role of both data coach and researcher, the data team members could be followed 
systematically, and more extensive insight was gained into the way the micro learning 
process took shape in the data team.

6.4  Recommendations

The outcomes of the study could help with organising the data team in a more 
effective way, but they also provide possibilities for further research. Recommendations 
for educational practice, policy, and research can be found below.

6.4.1  Recommendations for Educational Practice and Policy

The data team has the function of both school development and professional 
development. When looking at it from a professional development perspective, the 
data team intervention could be strengthened by taking care all data team members 
learn.  
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1. Because the data team intervention does not take into account the data team 
members’ different dispositions towards data at the start of the intervention, 
not everyone learns to the same extent. The data team intervention could 
be strengthened by a screening process aiming at a more homogenous 
composition of the data team. In case of a less homogenous composition 
of the data team, the intervention could be strengthened by methods that 
provide the possibility of differentiating to make sure all data team members 
can learn to the same extent. Thus, data team members who already have 
more knowledge and skills could get a different role in (the preparation of) the 
data teams.  

2. Participants’ dispositions at the start of the meetings as well as the progress 
of the cognitive, social, and emotional dimensions of the learning process 
determine the outcomes of learning. These dimensions of the learning 
processes demand explicit attention, from both the data coach and the data 
team members.

3. In order to teach teacher educators to use data for instructional improvement, 
different data teams could be started, some aimed at data use for instructional 
improvement and some aimed at data use for school development. Members 
of the different data teams can exchange experiences, thus achieving more 
instances of far transfer. 

4. The data team is deemed to be time-consuming at times, and runs the risk of 
losing momentum while searching for a solution which can be implemented at 
short notice. In order to respond to these objections, it should be clear when 
choosing a problem what the timeframe is for implementing improvement 
measures. This will not remove all objections, because different possible 
solutions have different timeframes. It will, however, ensure this aspect is part 
of the data team method and will create pressure to develop improvement 
measures that fit the timeframe. 

5. The first study showed that although data skills are part of the curriculum of the 
teacher education college, not all aspects of data use receive the necessary 
attention. In the Netherlands, data use is not listed as one of the competencies 
for teachers, nor is it mentioned in the knowledge base for teacher educators 
(Dengerink & Snoek, 2016; Geerdink & Pauw, 2016, 2017). Although listing 
data use as one of the competencies might not lead to an immediate change 
in educational practice, it does impact the standards for assessment and it 
will impact the expectations for (future) teachers and thus indirectly impact 
educational practice. Data use could be reinforced within teacher education 
colleges by listing the requirements related to data use in both the teachers’ 
competencies and the knowledge base of the teacher education colleges. 
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These recommendations strengthen the professional development perspective. It 
is important that there is enough room left for the school development perspective 
of the intervention; after all, keeping pace with the (desires of the) organisation is 
equally important to the success of the data team. It might be possible for the data 
team intervention in the organisation to coincide with an intervention in which teacher 
educators use data to improve their instruction to meet their students’ learning needs, 
while using the opportunity to let both interventions learn from each other.

6.4.2 Recommendations for Further Research

1. The way in which future teachers learn how to use data is different in each 
teacher education college. However, there is little known about whether and 
how these differences in position, attention and form in the curriculum impact 
the effectiveness of the learning process involved in teaching future teachers 
to use data. Research should shed a light on effective educational practices in 
learning how to use data.

2. Data team members have different dispositions toward data at the start of the 
intervention. The question is how this can be taken into account effectively 
during an intervention such as a data team? Research could uncover effective 
components that can aid a data team in responding to these different 
dispositions, in order to ensure each data team member’s learning and, in 
particular, learning how to use data in his or her educational practice.

3. The role of the data coach is important. That is why more detailed insight into 
which data coach interventions are effective is desired. These insights could, for 
example, concern effective interventions regarding differentiating between the 
different data team members, regarding individual learning processes of the 
data team members in the data team, and regarding the transfer of what has 
been learned, in order to ensure that data team members do not use data for 
school development alone, but also for instructional improvement to meet their 
students’ learning needs.

4. The objectives of professional learning communities are both professional 
development and school development. The question is how these two 
objectives influence each other and what (im)possibilities this form of personal 
development offers for achieving both objectives. Further research should shed 
more light on this.

5. Finally, research could lead to greater insight into how the teacher educator’s 
learning process regarding data use is related to the teacher educator as a role 
model. 
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Appendix A Questionairre Data Use / Vragenlijst Opbrengst Gericht 
Werken

Introductie

Graag willen wij u vragen om deze vragenlijst opbrengstgericht werken in te vullen. Het 
invullen van de vragenlijst kost u ongeveer 20 minuten. De vragenlijst is ontwikkeld om 
opbrengstgericht werken in uw afdeling in kaart te brengen. De vragenlijst is onderverdeeld in 
de volgende onderdelen:

1. Informatie over uzelf
2. Mogelijkheden en barrières voor opbrengstgericht werken 
 a. Kenmerken van data aanwezig binnen de school
 b. Kenmerken van de gebruiker
 c. Kenmerken van de organisatie
3. Datagebruik
 a. Datagebruik voor verantwoording
 b. Datagebruik voor schoolontwikkeling
 c. Datagebruik voor instructie
 
Bij voorbaat dank voor het invullen van deze vragenlijst.

Sectie 1: Informatie over uzelf

Selecteer uw school: [Gebruiker selecteert een school in de lijst met deelnemende scholen]

Hoeveel jaar bent u al docent? (vul het aantal jaren in)   

Wat is uw hoofdvak? (Als u verschillende vakken geeft kies dan één vak, bijvoorbeeld het vak 
waaraan u de meeste tijd besteedt. Beantwoordt vervolgens alle vragen in deze vragenlijst 
voor dit vak)
 0  Rekenen/Wiskunde
 0  Natuurwetenschappen (bv. aardrijkskunde, biologie, scheikunde, natuurkunde, NLT, 
 ANW)
 0  Nederlands
 0  Vreemde talen
 0  Pedagogiek/onderwijskunde 
 0  Techniek
 0  Kunst, muziek en cultuur (bv. tekenen, handvaardigheid, CKV, drama, beeldende 
 vorming)
 0  Lichamelijke Opvoeding
 0  Overige

In welke bouw geeft u les? (Als u op zowel onder- als bovenbouw lesgeeft, kies dan voor de 
bouw waarin u het meest lesgeeft en vul hiervoor de vragen in)
 0  Propedeutische fase
 0  Post propedeutische fase
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Sectie 2: Mogelijkheden & Barrières voor opbrengstgericht werken

Voor dit deel van de vragenlijst zijn ‘data’ breed gedefinieerd. Onder data/gegevens 
worden verstaan: verschillende soorten data over leerlingen, zoals demografische gegevens, 
toetsresultaten, aanwezigheid en gedrag. Tevens worden hier ook data zoals observaties 
van leerlingen en docenten en resultaten van vragenlijsten voor studenten, docenten en 
management mee bedoeld.

Kenmerken van data aanwezig binnen de school

Zeer mee 
eens

Mee eens Mee 
oneens

Zeer mee 
oneens

Niet van 
toepas-

sing

Toegankelijkheid van data

Ik heb toegang tot studentgegevens in een 
informatiesysteem

Ik kan in één systeem alle relevante gege-
vens van mijn studenten vinden

Ik heb toegang tot programma’s (bv. SPSS) 
welke mij helpen bij het analyseren van mijn 
gegevens

Gegevens over mijn huidige studenten zijn 
aan het begin van elk schooljaar beschikbaar

Wanneer studenten midden in het jaar op 
deze school beginnen, zijn de gegevens 
over hen snel beschikbaar

Kwaliteit van de data

Over het algemeen zijn de gegevens waar ik 
toegang tot heb up-to-date

De gegevens waar ik toegang tot heb hel-
pen mij bij het plannen van mijn lessen

Ik geloof dat de gegevens die ik heb over 
mijn studenten kloppen

Ik kan, met de gegevens die ik heb over mijn 
studenten, de groei in leerprestaties van jaar 
tot jaar bepalen

De gegevens waar ik toegang tot heb geven 
het leren van mijn studenten weer

Ik ben in staat om verschillende soorten ge-
gevens te combineren tot een schoolbreed 
beeld van de leerprestaties/schoolprestaties 
van studenten

Ik kan de hoeveelheid gegevens over mijn 
studenten goed overzien

Kenmerken van de gebruiker, attituden

Ik geloof dat het belangrijk is om data te 
gebruiken bij het vaststellen van individuele 
leerbehoeften van studenten
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Zeer mee 
eens

Mee eens Mee on-
eens

Zeer mee 
oneens

Niet van 
toepas-

sing

Ik geloof dat data mij nieuwe inzichten 
kunnen geven over studenten

Ik geloof dat het gebruik van verschillende 
soorten data belangrijk is om het leren van 
mijn studenten te begrijpen

Ik geloof dat het gebruik van data belang-
rijk is bij het veranderen van mijn onderwijs

Ik geloof dat studenten profiteren wanneer 
de instructie van de docent is gevormd op 
basis van data

Kenmerken van de gbruiker, vaardighe-
den

Ik heb de vaardigheden om, op basis van 
data, mijn onderwijs te veranderen

Ik ben in staat om met data de individuele 
leerbehoeften van mijn studenten vast te 
stellen

Ik begrijp de beoordelingscriteria en 
concepten voor het gebruik van data (bv. 
correlatie, validiteit, betrouwbaarheid)

Ik weet hoe ik de verslagen/rapporten die 
ik heb gekregen moet interpreteren

Ik voel me comfortabel bij het interprete-
ren van grafisch weergegeven data

Kenmerken van de organisatie, manage-
ment

Mijn leidinggevende moedigt het gebruik 
van data aan als effectieve ondersteuning 
van mijn onderwijs

Mijn leidinggevende maakt zelf op goede 
wijze gebruik van verschillende gegevens

Mijn leidinggevende biedt ons verschillen-
de mogelijkheden (bv. tijd) om gebruik te 
maken van gegevens

Data-analyses gedaan door het manage-
ment worden besproken met de docenten 
in mijn afdeling

Mijn leidinggevende bespreekt data met 
mij

Kenmerken van de organisatie, samen-
werking

Ik zou graag meer met andere docenten 
willen samenwerken over het gebruik van 
data

We gebruiken regelmatig data in ons team 
om ons onderwijs te verbeteren

appendix
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Zeer mee 
eens

Mee eens Mee on-
eens

Zeer mee 
oneens

Niet van 
toepas-

sing

Ik werk regelmatig samen met andere do-
centen om actieplannen te ontwikkelen

Ik observeer regelmatig andere docen-
ten om de beste manieren van onderwijs 
geven te vinden

Mijn school communiceert doelen voor ef-
fectieve schoolverbetering naar studenten

Mijn school communiceert doelen voor ef-
fectieve schoolverbetering naar docenten

Ik deel en bespreek resultaten van mijn 
leerlingen met studenten

Ik deel en bespreek resultaten van mijn 
leerlingen met andere docenten

Kenmerken van de organisatie, visie en 
normen

Docenten op de pabo hebben allemaal 
vergelijkbare ideeën over wat goed onder-
wijs is

Docenten op de pabo hebben allemaal 
vergelijkbare ideeën over het leren van 
studenten

Docenten op de pabo hebben allemaal 
vergelijkbare

Ideeën over hoe we het leren van studen-
ten effectief kunnen evalueren

De pabo is zich bewust van de noodzaak 
om de vaardigheden van docenten voor 
data-analyse te blijven ontwikkelen

Datagebruik is een duidelijke prioriteit op 
mijn opleiding

Op de pabo gebruiken we een gestructu-
reerde werkwijze voor het analyseren en 
interpreteren van data om actie te kunnen 
ondernemen

Kenmerken van de organisatie, scholing 
en ondersteuning

Ik word voldoende ondersteund in het 
effectief gebruiken van data

Binnen de pabo is er iemand aanwezig die 
mijn vragen over datagebruik kan beant-
woorden

Binnen de pabo is er iemand aanwezig die 
mij helpt mijn onderwijs te veranderen met 
behulp van data

Tijdens mijn docentenopleiding heb ik 
geleerd hoe ik data moet gebruiken
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Zeer mee 
eens

Mee eens Mee on-
eens

Zeer mee 
oneens

Niet van 
toepas-

sing

De pabo roostert specifiek tijd in voor 
datagebruik

Zeer mee 
eens

Mee eens Mee on-
eens

Zeer mee 
oneens

Niet van 
toepas-

sing

Datagebruik voor verantwoording

De data die wij verstrekken voor verant-
woording (bv. naar ouders, naar de in-
spectie) representeren de werkelijkheidvan 
onze pabo nauwkeurig

Interne evaluaties worden ook voor andere 
doeleinden dan externe verantwoording 
(bv. de inspectie, NVAO) gebruikt

De investering in het voorbereiden van de 
interne evaluaties is de moeite waard

Resultaten van onze interne evaluaties 
worden weergegeven in externe rapporten 
(bv. rapporten naar de inspectie en NVAO)

In mijn school gebruiken we externe eva-
luaties (bv. van de inspectie, NVAO) voor 
ons eigen verbeterproces

De investering in het verzamelen en rap-
porteren van data voor externe organisa-
ties (bv. de inspectie, NVAO) is de moeite 
waard

Resultaten van studenten worden gebruikt 
voor het evalueren van de docentpresta-
ties

We focussen evenveel op alle vakken/on-
derwerpen ongeacht of we hiervoor wel of 
niet afgerekend worden door in de accre-
ditatie of door de inspectie

Ik ben me bewust van onofficiële verant-
woordingsmechanismen (bv. de Elsevier 
lijst, docentverkiezingen)

Ik waardeer de onofficiële verantwoor-
dingsmechanismen waar ik bekend mee 
ben

Ik vind het belangrijk dat onzeomgeving 
een goed beeld heeft van onze pabo

Datagebruik voor schoolverbetering

Management laten docenten op basis 
van data zien in welke mate de pabo haar 
doelen behaalt

Sectie 3: Data gebruiken

appendix
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Zeer mee 
eens

Mee eens Mee on-
eens

Zeer mee 
oneens

Niet van 
toepas-

sing

Grondige data-analyse is een essentieel 
deel van het verbeterproces van de pabo

De verdeling van onderwijstijd in de pabo 
wordt gedaan op basis van de geïdentifi-
ceerde leerling-behoeften

In mijn school gebruiken we resultaten van 
studenten om jaarlijks doelen voor school-
verbetering op te stellen

In de pabo beslissen we welke lesmateri-
alen gebruikt worden, op grond van het 
effect dat deze materialen hebben

Resultaten van studenten leiden tot beslis-
singen over professionele ontwikkeling in 
mijn school

Leerresultaten van studenten worden 
gebruikt om gaten in ons curriculum vast 
te stellen

In de pabo gebruiken we data als hulp-
middel om de beste manieren van onder-
wijs geven vast te stellen

In de pabo vergelijken we onze beoorde-
lingsresultaten met de beoordelingsresul-
taten van andere pabo’s

Hoevaak gebruikt u data voor

Nau-
we-lijks 

tot nooit

Jaarlijks Meer-
dere 

malen 
per jaar

Aantal 
keren 

per jaar

Maand-
elijks

We-
ke-lijks

Aantal 
keren 
per 

week

Niet van 
toepas-

sing

Datagebruik voor instructie

Het opstellen van leerdoelen voor de 
individuele studenten

Het bepalen van welke onderdelen of 
vaardigheden studenten wel of niet 
beheersen

Het bepalen van de vooruitgang van de 
studenten

Het aanpassen van instructie aan de 
behoefte van de studenten

Het bepalen van het tempo van mijn 
lessen

Het geven van feedback aan studenten 
over hun leerproces

Het (her)indelen van studenten in klas-
sen
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Nau-
we-lijks 

tot nooit

Jaarlijks Meer-
dere 

malen 
per jaar

Aantal 
keren 

per jaar

Maand-
elijks

We-
ke-lijks

Aantal 
keren 
per 

week

Niet van 
toepas-

sing

Het verdelen van studenten in groepen 
om gerichte instructie te geven binnen 
de klas

Het doorverwijzen van studenten voor 
het wegwerken van tekorten of andere 
vormen van specialistische hulp

Het selecteren van specifieke vaardig-
heden of onderwerpen die extra uitleg 
in de klas nodig hebben Het onderzoe-
ken waarom studenten bepaalde fouten 
maken

Het identificeren van behoeften, en het 
plannen en aanpassen van instructie 
voor hoogbegaafde studenten

Het identificeren van behoeften, en het 
plannen en aanpassen van instructie 
voor laagbegaafde studenten

Bedankt voor het invullen van deze vragenlijst

appendix
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Dutch Summary / Nederlandse samenvatting

Inleiding

De kwaliteit van het onderwijs vraagt voortdurend om aandacht. Uit onderzoek blijkt 
dat data kunnen helpen om de kwaliteit van onderwijsinstellingen zichtbaar te maken 
en dat deze gebruikt kunnen worden om het onderwijs te verbeteren (Hargreaves 
& Braun, 2013). Voor lerarenopleiders is het daarom van belang om aankomende 
leerkrachten leren data te gebruiken, zodat ze leren hun eigen onderwijs te verbeteren 
(Mandinach & Gummer, 2016b). Echter, naast dat lerarenopleiders aankomende 
leerkrachten leren data te gebruiken, kunnen zij ook zelf data gebruiken om hun eigen 
onderwijs te ontwikkelen (e.g., Italiano & Hine, 2014; Keijzer et al., 2012).

Deze dissertatie gaat over het leren werken met data door lerarenopleiders. 
In dit proefschrift wordt uitgegaan van een brede definitie en omvatten data 
“informatie die de onderwijspraktijk beschrijven” (Han et al., 2012, 40). Data kunnen 
kwalitatief en kwantitatief zijn en kunnen bijvoorbeeld in de vorm van toetsresultaten, 
evaluatiegegevens, curriculumgegevens of observatiegegevens beschikbaar zijn.

Hoewel onderzoek aantoont dat datagebruik een positief effect kan hebben 
op de kwaliteit van het onderwijs (e.g., Campbell & Levin, 2009; Carlson et al., 2011; 
Lai & McNaughton, 2016; McNaughton et al., 2012) worden data om allerlei redenen 
niet of te weinig gebruikt (Inspectie van het Onderwijs, 2015a). Een belangrijke reden 
voor het geringe gebruik van data in de onderwijspraktijk is dat docenten te weinig 
kennis en vaardigheden bezitten in het werken met data (Mandinach & Gummer, 
2012). Om docenten vaardiger te maken in het gebruik van data is professionaliseren 
noodzakelijk. Een effectieve manier om professionaliseren vorm te geven is door 
middel van professionele leergemeenschappen (e.g., Jimerson et al., 2015; Jimerson & 
McGhee, 2013). Dit zijn vormen van professionaliseren waarbij én kennis, vaardigheden 
en attituden worden aangeleerd én een probleem uit de praktijk wordt opgelost. Deze 
professionele leergemeenschappen gericht op het gebruik van data worden datateams 
genoemd (Schildkamp, Handelzalts et al., 2014).

Om zicht te krijgen op welke wijze lerarenopleiders, die participeren in een 
datateam, kennis en vaardigheden verwerven in het werken met data en wat het 
werken met data oplevert in de beroepspraktijk, is onderzoek gedaan naar het gebruik 
van data op een lerarenopleiding. De onderzoeksvraag die centraal stond, luidt: 

Hoe verwerven lerarenopleiders, die participeren in een data team, 
kennis en vaardigheden in het werken met data en wat levert dit op 
voor het werken met data in hun beroepspraktijk?



514401-L-bw-Bolhuis514401-L-bw-Bolhuis514401-L-bw-Bolhuis514401-L-bw-Bolhuis
Processed on: 13-10-2017Processed on: 13-10-2017Processed on: 13-10-2017Processed on: 13-10-2017 PDF page: 168PDF page: 168PDF page: 168PDF page: 168

168

Om deze vraag te beantwoorden zijn vier deelstudies uitgevoerd. De eerste studie 
had als doel om zicht te krijgen op welke manier lerarenopleiders aandacht besteden 
aan datagebruik in de opleiding en in het curriculum van aanstaande leraren. De 
tweede, derde en vierde studie hadden als doel inzicht te krijgen in hoe een datateam 
gelegenheid biedt voor het aanleren van datavaardigheden bij en het gebruik van data 
door lerarenopleiders en wat de opbrengsten van de datateaminterventie zijn.

Studies twee, drie en vier vonden plaats op een lerarenopleiding 
basisonderwijs. Deze opleiding had op basis van prestatieafspraken met het college 
van bestuur van de instelling de opdracht geformuleerd om de uitval in het eerste jaar 
terug te dringen, zodat de opleiding voldeed aan de afspraken die de instelling had 
gemaakt met het ministerie. Om aan deze afspraken te werken, werd een professionele 
leergemeenschap in de vorm van een datateam geformeerd en lerarenopleiders 
gevraagd hierin te participeren. Het datateam had als doel om de uitval in het eerste 
jaar op een gestructureerde wijze op te lossen door data te gebruiken door middel van 
de datateam methode (Schildkamp, Handelzalts et al., 2014).

Samenvatting van de belangrijkste bevindingen en conclusies

Onderzoek 1

De eerste deelstudie richtte zich op alle lerarenopleiders in Nederland en tracht inzicht 
te krijgen in hoe en op welke wijze datagebruik in het curriculum was opgenomen, 
maar ook in het gebruik van data door lerarenopleiders zelf om hun onderwijspraktijk 
te ontwikkelen en waar dit datagebruik van af hing. Deze studie onderzocht de 
deelvraag: 

Op welke manier besteden lerarenopleiders aan de pabo aandacht 
aan datagebruik in de opleiding? 

Resultaten van een vragenlijst (N = 113), aangevuld met een telefonisch interview 
(N = 5) laten zien dat de meerderheid van de lerarenopleiders datagebruik in het 
curriculum hadden opgenomen, waarbij het onderwerp veelal geïntegreerd werd in 
andere vakken (zoals bij taal en rekenen). Het gebruik van data is een onderwerp dat 
veel terugkwam in de stage, echter niet iedere lerarenopleider kon ervan op aan dat 
alle studenten in de stage daadwerkelijk leerden data te gebruiken, waardoor het 
werken met data soms gereduceerd werd tot het leren over data op de opleiding 
en het ontbrak aan oefenen in de praktijk. De tijd die lerarenopleiders besteedden 
aan het gebruik van data varieerde van 1-2 studiepunten (28-56 uur) tot meer dan 10 
studiepunten (280 uur). Blijkbaar werd aan het werken met data een verschillend 
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belang gehecht. Wanneer gekeken werd naar de onderwerpen rondom het gebruik 
van data kregen niet alle onderwerpen evenveel aandacht. Met name de kwaliteit van 
data werd relatief onderbelicht.

Over het gebruik van data gaven lerarenopleiders aan data het meest te 
gebruiken ter verantwoording. Deze aandacht voor datagebruik ter verantwoording 
kan verklaard worden door het feit dat pabo’s voor wat betreft de kwaliteit van de 
opleiding onder de loep liggen en daarover verantwoording af moeten leggen 
(Czerniawski, 2011; Onderwijsraad, 2005). Daarnaast gaven lerarenopleiders ook 
aan data te gebruiken om het onderwijs te ontwikkelen en in mindere mate om de 
instructie aan te passen. Uit de regressieanalyse bleek dat het gebruik van data ter 
verantwoording beïnvloed werd door data en data informatiesystemen, de gebruiker 
en het samenwerken. Het ontbreken van de factor ‘organisatie’ wijkt af van wat 
Schildkamp et al. (2017) vonden in het voortgezet onderwijs. Dit zou verklaard kunnen 
worden door de ongelijke verdeling van de respondenten over de opleidingen, 
waardoor de factor organisatie niet in een multi-level analyse meegenomen kon 
worden. Het gebruik van data voor de ontwikkeling van de opleiding hing samen met 
de samenwerking tussen de gebruikers en de organisatie. Wanneer er een cultuur 
was binnen de organisatie om voortdurend samen de opleiding te verbeteren, werd 
het datagebruik gestimuleerd (cf. Schildkamp et al., 2013; Sutherland, 2004). In 
het onderzoek werden geen factoren gevonden die het gebruik van data voor de 
ontwikkeling van de instructie beïnvloeden.

Onderzoek 2

In de tweede deelstudie is gekeken in hoeverre een datateam voorziet in een context 
voor het leren van de deelnemers. De onderzoeksvraag die centraal stond was: 

Welke bijdrage levert participatie in een datateam aan het 
professionaliseren van datateamleden? 

Na een jaar in een datateam geparticipeerd te hebben zijn de mogelijkheden om te 
leren in een datateam beoordeeld op basis van de relevantie en diepgang van de 
gesprekken in het datateam (N = 7). Wanneer gekeken werd in hoeverre de inhoud 
van de gesprekken zich richtten op de instructie, het leren en op leermaterialen, 
de zogenaamde relevantie van de gesprekken, dan bleek dat de gesprekken in 
alle datateambijeenkomsten relevant waren. Ook is de diepgang in gesprekken 
onderzocht. Bij diepgang gaat het om de wijze waarop datateamleden gesprekken 
voeren, naar de gebruikte argumenten luisteren en de aannames die daaraan ten 
grondslag liggen om zo kennis te ontwikkelen. Diepgang kenmerkt zich door een 
kritische houding, waarbij bij elke stap kritisch wordt gekeken naar de kennis die 
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eraan ten grondslag ligt. Deze diepgang, varieerde zowel binnen een bijeenkomst 
als tussen de bijeenkomsten. In de bijeenkomsten startte het gesprek doorgaans 
met weinig diepgang, om vervolgens te groeien in diepgang om aan het einde weer 
te terug te vallen in minder diepgang. Over de bijeenkomsten heen was bij de start 
van de cyclus er gemiddeld relatief weinig diepgang. Wanneer data (bijvoorbeeld 
rondom studievorderingen) werden ingebracht, steeg de gemiddelde diepgang in de 
bijeenkomsten, om vervolgens, wanneer conclusies werden getrokken en maatregelen 
werden ontwikkeld, weer iets af te nemen. De toename van de gemiddelde 
diepgang over de bijeenkomsten heen zou verklaard kunnen worden door de wijze 
waarop een groep start en begint te functioneren en tijd nodig heeft om effectief 
te worden en daarmee diepgang in gesprekken te ontwikkelen (Henry, 2012). Een 
andere bevorderende factor voor de gemiddelde diepgang zijn data (Weiss, 1998). 
Wanneer data ingebracht werden, steeg de diepgang; door de data te interpreteren 
ontwikkelden datateamleden nieuwe kennis (Voogt et al., 2011).

De datacoach speelde een belangrijke rol in de bijeenkomsten en met name 
wanneer de datacoach een expertrol combineerde met een coachende rol (cf. Lachat 
& Smith, 2005; Verhaeghe et al., 2011). Zo kon een datacoach in zijn coachende rol, 
met vragen en samenvatten, het datateam stimuleren diepgang te bereiken in de 
gesprekken (Marsh, 2012). In de expertrol bracht de datacoach kennis in omtrent de 
kwaliteit van data, alsmede het presenteren, analyseren en interpreteren van data en 
voedde zo de datateamleden om te komen tot diepgang.

Onderzoek 3

In de derde studie zijn de factoren die van invloed zijn op het leren in een datateam 
onderzocht door te kijken naar de factoren die de diepgang in de gesprekken in het 
datateam beïnvloedden. Deze studie had als onderzoeksvraag: 

Welke factoren bevorderen dan wel hinderen de diepgang in de 
gesprekken in het datateam? 

De resultaten (N = 7) lieten zien dat data en data informatiesystemen de diepgang in 
de gesprekken beïnvloedden (Henry, 2012). In het algemeen brachten data diepgang 
in de gesprekken. Belangrijk was dat de data overeenkwamen met de wensen van 
de gebruiker en pasten bij de hypotheses die het datateam had geformuleerd, 
waardoor er diepgang kwam in de gesprekken (cf. Schildkamp & Kuiper, 2010). 
Verder was de relatie tussen de data en de voorkennis die datateamleden hadden 
omtrent het probleem wat aangepakt werd van belang. Er kwam diepgang in de 
gesprekken wanneer er data werden gepresenteerd die pasten bij het niveau van 
datavaardigheden van de datateamleden. Naarmate datateamleden vaardiger 
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werden in het lezen van de data, ontstond er eerder een gesprek over wat de 
data representeerden. Botsten de gepresenteerde data met de voorkennis die 
datateamleden hadden over het onderwerp, dan werd eerst getwijfeld aan de 
betrouwbaarheid van de data. Nadat de kwaliteit was gecontroleerd, kon het 
gesprek zich richten op wat de data representeerden in relatie tot de voorkennis die 
datateamleden hadden over het onderwerp en kwam er diepgang in de gesprekken.

Daarnaast is gekeken naar de deelnemers in het datateam zelf als factor die 
de diepgang beïnvloedde. Naast de datavaardigheden die van belang waren, was 
de attitude van datateamleden om data te gebruiken van invloed op de diepgang. 
Was een gebrek aan de wil om data te gebruiken aanvankelijk een belemmerende 
factor, in het tweede jaar speelde deze attitude minder een rol in de diepgang in de 
gesprekken. Tot slot speelde de buy-in/belief van de gebruiker een rol in de diepgang 
van de gesprekken. Buy-in/belief in data leidde ertoe dat datateamleden op zoek 
waren naar bewijs om stellingen te ontkrachten, dan wel te bekrachtigen.

De aspecten eigenaarschap, locus of control en ondersteuning door het 
management, die wel opgenomen waren in het theoretisch kader, speelden geen 
rol in de diepgang in gesprekken. In zowel het eerste- als het tweede jaar was het 
datateam eigenaar van zowel het probleem waaraan gewerkt werd, als van de wijze 
waarop het probleem werd opgelost (de activiteitencyclus). Dit veranderde niet tijdens 
de bijeenkomsten. Hetzelfde gold voor de locus of control. Ook maakte het voor de 
diepgang in gesprekken niet uit of de locus of control intern of extern georiënteerd 
was. Ondersteuning van het management leidde eveneens niet tot meer diepgang 
daar het management niet (actief) participeerde in de datateambijeenkomsten.

Verder kwam naar voren dat cognitieve conflicten, voorkennis en affectieve 
conflicten een rol speelden bij de diepgang in gesprekken. Cognitieve conflicten 
werden hier opgevat als verschillen in mening, opvattingen en kennisconstructen 
(D’Mello et al., 2014). In dit onderzoek bleek dat cognitieve conflicten een positieve 
effect kon hebben op diepgang. Belangrijk daarbij was dat de betreffende voorkennis, 
die een rol speelde in het cognitieve conflict, werd geëxpliciteerd. Door de voorkennis 
te confronteren met de data, kon op basis van argumenten het kennissysteem opnieuw 
worden opgebouwd. Op deze wijze construeerde het datateam gezamenlijke kennis 
over het onderwijsprobleem dat aangepakt werd. Wanneer datateamleden affectieve 
conflicten ontwikkelden, werkte dit negatief in op de diepgang in de gesprekken. 
Affectieve conflicten verschilden van cognitieve conflicten doordat de verschillen van 
mening, opvatting of kennisconstructen persoonlijk waren geworden. Wanneer deze 
niet besproken werden, hadden de affectieve conflicten een negatieve invloed op de 
diepgang in gesprekken (cf. Butler & Schnellert, 2012; Hubbard et al., 2013).
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Onderzoek 4

De laatste studie richt zich op de opbrengsten van de datateam interventie. De 
onderzoeksvraag die daar centraal stond was: 

Hoe verwerven lerarenopleiders die participeren in een datateam 
kennis, vaardigheden en attituden in het werken met data en wat is de 
impact op hun professionele praktijk? 

In een multiple caseonderzoek, waarbij elke respondent als een case onderzocht is (N 
= 5), is bekeken hoe datateamleden hun kennis, vaardigheden en attitude gedurende 
de interventie ontwikkelden. Ook is gekeken hoe datateamleden data gebruikten in de 
opleiding.

Uit de resultaten van het onderzoek bleek dat datateamleden die twee jaar 
in het datateam participeerden hun kennis over data heel verschillend ontwikkelden: 
Datateamleden met de minste kennis, ontwikkelden de meeste kennis en 
vaardigheden in het werken met data, dit in tegenstelling tot degene die al relatief veel 
kennis en vaardigheden in het werken met data meebrachten; zij leerden minder (cf. 
Ebbeler, 2016). Datateamleden leerden het meest over de onderdelen ‘het omzetten 
van data in informatie’, ‘de conclusies omzetten in maatregelen’ en in ‘het evalueren’ 
en minder in ‘het identificeren van het probleem’ en ‘het verzamelen van data’. 
Hoewel alle onderdelen van het werken met data in het datateam aan de orde zijn 
geweest, zijn niet alle onderdelen in dezelfde mate geleerd. Daarnaast rapporteerden 
datateamleden dat zij tevens kennis hadden gekregen van het teamsgewijs 
ontwikkelen van onderwijs.

Met betrekking tot de ontwikkeling van de attitude bleek dat niet alle 
datateamleden een positieve ontwikkeling doormaakten in het werken met data. 
Mogelijk dat ook hier de lengte van de interventie debet aan was. Verder viel op dat 
een positieve ontwikkeling van datavaardigheden niet samen hoefde te gaan met een 
positieve ontwikkeling van de attitude. Evenmin hoefde een positieve ontwikkeling van 
de attitude niet samen te gaan met een positieve ontwikkeling van het gebruik van 
data. In de ontwikkeling van datagebruik bij de deelnemers aan het datateam was het 
gebruik van data om de opleiding te ontwikkelen toegenomen in hun beroepspraktijk, 
maar het gebruik van data om de instructie aan te passen niet.

Conclusie

Wanneer we terugkomen op de centrale onderzoeksvraag die ten grondslag lag aan 
dit onderzoek, Hoe verwerven lerarenopleiders, die participeren in een data 



514401-L-bw-Bolhuis514401-L-bw-Bolhuis514401-L-bw-Bolhuis514401-L-bw-Bolhuis
Processed on: 13-10-2017Processed on: 13-10-2017Processed on: 13-10-2017Processed on: 13-10-2017 PDF page: 173PDF page: 173PDF page: 173PDF page: 173

173

team, kennis en vaardigheden in het werken met data en wat levert dit op voor het 
werken met data in hun beroepspraktijk? blijkt dat lerarenopleiders aankomende 
studenten leren om met data om te gaan, maar dat de wijze waarop, de inhouden en 
de omvang varieert, evenals of gebruik van data in de stage geborgd kan worden. 
Zelf gebruiken lerarenopleiders voornamelijk data ter verantwoording en minder om 
de opleiding te ontwikkelen en de instructie aan te passen aan leerbehoeften van 
studenten. Het gebruik van data ter verantwoording wordt beïnvloed door data en 
data informatiesystemen, de gebruiker en het samenwerken. Het gebruik van data voor 
de ontwikkeling van de opleiding wordt beïnvloed door de samenwerking tussen de 
gebruikers en de organisatie. Voor het gebruik van data voor de ontwikkeling van de 
instructie zijn geen beïnvloedende factoren gevonden.

Wanneer lerarenopleiders in een datateam worden geprofessionaliseerd 
wordt het datateam als een context ervaren die betekenisvol is en helpt om een 
onderwijsprobleem op te lossen. Datateamleden voeren in het datateam gesprekken 
die relevant zijn en wisselend van diepgang. Factoren die deze diepgang bevorderen 
zijn of er bij de gesprekken data worden gebruikt en met name data die aansluiten 
bij de datavaardigheden van de gebruiker. Daarnaast beïnvloeden de attitude 
ten opzichte van data en de buy-in/belief de diepgang in de gesprekken. Ook de 
factoren voorkennis en de mogelijkheid om met cognitieve- en affectieve conflicten 
om te gaan, hebben invloed op de diepgang in de gesprekken. Na de interventie 
hebben lerarenopleiders die participeerden in een datateam kennis en vaardigheden 
ontwikkeld, waarbij de datateamleden die het minste kennis hadden bij de start 
de meeste kennis en vaardigheden ontwikkelden. De ontwikkeling van kennis en 
vaardigheden hangt niet samen met de ontwikkeling van de attitude ten aanzien 
van data en het gebruik van data in de opleidingspraktijk. Lerarenopleiders die 
participeerden in het datateam gebruiken na de interventie data vooral om de 
opleiding te ontwikkelen en minder om zich te verantwoorden of om de instructie aan 
te passen aan de behoeften van studenten.

Reflectie op het onderzoek

Reflectie op de uitkomsten van het onderzoek

Data in het curriculum van de lerarenopleiding

Lerarenopleiders leren aanstaande leerkrachten gebruik te maken van data om het 
onderwijs te verbeteren, maar gebruiken zelf in mindere mate data om de opleiding te 
ontwikkelen. We kunnen ons afvragen of lerarenopleiders wel een rolmodel zijn voor 
hun studenten in het leren gebruik maken data om hun eigen onderwijs aan te passen 
aan de leerbehoefte van studenten (Swennen et al., 2010). Mogelijk dat voorbeelden 
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waarin aankomende leerkrachten leren om met data om te gaan, maar waarin de 
instructie zelf ook aangepast wordt op basis van data, als vliegwiel kan dienen om 
de model-rol van lerarenopleiders in het werken met data te versterken. Zo hebben 
Jimerson et al. (2016) een cursus ontwikkeld voor aankomende leerkrachten waarin zij 
niet alleen leren om met data om te gaan, maar waarin de cursus zelf is vormgegeven 
op basis van data en wordt de instructie tijdens de cursus aangepast aan de 
leerbehoeften van studenten.

Het leren in een datateam

Over het datateam kan gezegd worden dat het leren plaatsvond in een interventie met 
kenmerken van effectieve professionalisering (Desimone, 2011, Losmos et al., 2011; 
Van Veen et al., 2010; Vescio et al., 2008). Uit zowel de relevantie- als de diepgang van 
de gesprekken blijkt dat het datateam een context is waarin geleerd wordt (cf. Henry, 
2012; Schildkamp et al., 2015). Dit resultaat wordt ook bevestigd door de bevindingen 
van het onderzoek naar het leren in datateams in het voortgezet onderwijs (cf. Ebbeler, 
2016). Leren kan opgevat worden als gedragsverandering, of mogelijkheden tot 
gedragsverandering, die ook na verloop van tijd nog steeds optreedt, zichtbaar wordt 
in verschillende situaties en tot stand is gekomen op basis van oefening en niet door 
rijping of het ouder worden (e.g., Illeris, 2002; 2007; Poortman, 2007). Nu is de vraag 
of in dit onderzoek gedragsverandering heeft plaatsgevonden. Datateamleden gaven 
wel aan dat zij meer data zijn gaan gebruiken om het onderwijs te ontwikkelen ook 
buiten de datateam interventie om. Daaruit zou voorzichtig geconcludeerd kunnen 
worden dat er geleerd is.

Echter, niet door alle leden van het team is in dezelfde mate geleerd. Uit 
zowel de variatie in diepgang van de gesprekken in het datateam, als uit de resultaten 
van de kennistoets, enquête en de vragenlijst komt naar voren dat lerarenopleiders 
verschillen in de kennis en vaardigheden die zij opdoen en het gebruik van data in 
opleidingspraktijk. Uit de derde studie bleek dat factoren gerelateerd aan data en de 
data-opslag, de kennis en vaardigheden van de gebruiker, maar ook de relatie met 
voorkennis en de omgang met cognitieve conflicten de diepgang van de gesprekken 
in het datateam beïnvloedden en daarmee het leren van het team. Ook uit studie 
vier bleek dat individuele datateamleden zich verschillend ontwikkelden in hun 
kennis van en vaardigheden in het gebruik van data. Datateamleden brengen bij 
aanvang verschillende datavaardigheden en attitudes ten opzichte van data mee en 
deze verschillen zijn mogelijk van invloed op het leren in het datateam. Daarnaast 
reageerden datateamleden verschillend op de inbreng van data. Deze inbreng van 
data kan gezien worden als een confrontatie van de eigen voorkennis met de data. 
Deze data geven het onderwijsprobleem waaraan gewerkt wordt deels weer. Wanneer 
deze data afwijken van het reeds bestaande kennisconstruct van de lerende, treedt een 
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cognitief conflict op (D’Mello et al., 2014). Wanneer de data overtuigend het probleem 
weergeven, bouwt de lerende een nieuw kennisconstruct op (cf. Hubers et al., 2016a). 
Wanneer de data niet overtuigen of de datagebruiker blijft vasthouden aan zijn/
haar opvattingen dan leidt dit tot afwijzing van de data en blijft de lerende bij het 
reeds bestaande kennisconstruct (cf. Katz et al., 2009). Deze cognitieve conflicten 
beïnvloeden het leren positief of negatief, afhankelijk van de mate waarin het 
datateamlid het cognitieve conflict kan managen.

Het leren van individuele datateamleden kan niet los gezien worden van het 
datateam waarin geleerd wordt. In het datateam worden gesprekken gevoerd. Illeris 
(2003, 396) noemt dit een extern interactieproces en omschrijft deze als: “A process 
between the learner and his or her social, cultural and material environment”. Een 
datacoach kan het leren van individuele leden beïnvloeden. De datacoach kan met 
gespreksinterventies diepgang brengen in de gesprekken. Deze rol hoeft niet alleen 
weggelegd te zijn voor de datacoach. Ook andere datateamleden kunnen deze rol 
vervullen en zo een rol spelen in elkaars leerprocessen. De gesprekken in het datateam 
hielpen om voorkennis te herzien en hielpen het cognitief conflict op te heffen, maar 
een cognitief conflict kon ook uitmondden in een affectief conflict (Butler & Schnellert, 
2012).

Leren is niet alleen een zaak van cognitie. Ook sociale en emotionele 
processen beïnvloeden het leren. Dit komt overeen met wat Illeris (2003) over leren 
schrijft. Illeris onderscheidt drie dimensies in het leren: De cognitieve dimensie van 
kennis en vaardigheden, de emotionele dimensie met gevoel en motivatie en de 
sociale dimensie met de communicatie en de samenwerking met anderen. Bij de 
analyse van de diepgang in de gesprekken wordt duidelijk dat bij het leren in een 
datateam alle de drie dimensies een rol speelden. De cognitieve dimensie speelde 
een rol wanneer met behulp van data kennis werd geconstrueerd. De emotionele 
dimensie speelde een rol bij cognitieve conflicten, wanneer de voorkennis niet strookte 
met de data. En tot slot speelde de sociale dimensie tijdens affectieve conflicten een 
rol, wanneer verschillen in opvattingen persoonlijk werden. Mogelijk dat het leren in 
de drie dimensies een verklaring biedt hoe verschillend de leerprocessen verlopen bij 
individuele leden van het datateam.

Transfer van het leren

Bovenstaande geeft aan dat leerprocessen verschillend verliepen in het datateam en 
dat dit leidde tot verschillen in kennis en vaardigheden. Dit bleek eveneens uit de mate 
waarin datateamleden hun kennis gebruikten in de opleidingspraktijk. Zo gebruikte 
het ene datateamlid video-opnamen van studenten om het leren van studenten te 
analyseren (verre transfer), maar kon een ander datateamlid niet zien hoe data gebruikt 
kon worden in haar vak (dans) om zicht te krijgen in de verschillen in leerbehoeften, 
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maar gebruikte zij wel data om de opleiding te verbeteren (nabije transfer) (Kim & Lee, 
2001).

Illeris (2009) en Poortman (2007) maken onderscheid niet alleen in 
verschillende vormen van leren, maar verbinden hieraan eveneens de consequentie 
aan dat deze verschillen ook leiden tot verschillen in transfer. Ze maken onderscheid 
tussen cummulatief-, assimilatief-, accomodatief- en transformatief leren, waarbij 
respectievelijk geen-, een nabije- en bij de laatste twee een verre transfer ontstaat. 
Daar waar de professionalisering leidde tot datagebruik voor de ontwikkeling van de 
opleiding, is sprake van een nabije transfer. In termen van Illeris (2009) en Poortman 
(2007) zou dit leren getypeerd kunnen worden als voornamelijk assimilatief leren. 
Nieuwe kennis en vaardigheden rondom datagebruik wordt geïntegreerd in datgene 
wat de datateamleden al weet, waardoor de kennis relatief makkelijk kan worden 
opgeroepen, zolang de nieuwe context lijkt op de context waarin geleerd is. Daar 
waar professionalisering leidde tot meer datagebruik om de instructie vorm te geven 
op basis van de leerbehoeften van studenten, is sprake van een verre transfer. In 
termen van Illeris (2009) en Poortman (2007) zou dit leren getypeerd kunnen worden 
als accomodatief- of als transformatief leren. Bij datateamleden vond er voornamelijk 
nabije transfer plaats.

Datateam en de organisatie

De resultaten van de professionalisering kunnen niet alleen begrepen worden door 
naar het datateam te kijken. Hoewel het datateam een belangrijk middel is in het leren 
van individuele datateamleden, handelde het datateam niet los van zijn omgeving, 
maar onderhield het datateam verschillende relaties met de gehele opleiding. 
Zo maakten datateamleden deel uit van de hele organisatie; werd een probleem 
aangepakt dat de gehele organisatie aan ging; maakten datateamleden deel uit van 
andere teams, zoals het managementteam, examencommissies, vakgroepen en andere 
kleinere taakgroepen; vond over en weer in allerlei verbanden communicatie plaats, 
gepland en ongepland en moesten de maatregelen die genomen werden ingevoerd 
worden in de gehele organisatie. In die zin staat het leren in het datateam niet los van 
de organisatie maar is ingebed in de organisatie.

Deze inbedding van het datateam in de organisatie is van invloed op het leren 
in het datateam. Dat bleek uit de maatregelen die het datateam ontwikkelde. Toen in 
het eerste jaar het datateam toe was aan het nemen van maatregelen, was het moment 
waarop besluiten het volgende jaar geëffectueerd konden worden, verstreken. Dit 
maakte dat datateamleden vonden dat het datateam te langzaam vorderde en het 
momentum mistte, wat leidde tot teleurstelling. Omdat de professionalisering als traag 
werd ervaren, was er een negatief effect op het leren. Wellicht dat juist de relatie van 
het datateam met de organisatie ook zijn grenzen stelt aan de leermogelijkheden van 



514401-L-bw-Bolhuis514401-L-bw-Bolhuis514401-L-bw-Bolhuis514401-L-bw-Bolhuis
Processed on: 13-10-2017Processed on: 13-10-2017Processed on: 13-10-2017Processed on: 13-10-2017 PDF page: 177PDF page: 177PDF page: 177PDF page: 177

177

een datateam om én te leren én om de opleidingspraktijk te verbeteren. Een datateam 
biedt een intieme omgeving om te leren die overzichtelijk is en waar methodisch 
gewerkt wordt aan de oplossing van een gezamenlijk ervaren probleem. Tegelijk zijn 
alle ogen in de organisatie gericht op het datateam en in hoeverre het datateam tijdig 
met een (bevredigende) oplossing komt voor het opleidingsprobleem. Het ritme van 
het leerproces enerzijds en dat van de organisatie anderzijds lopen niet altijd parallel.

Reflectie op de onderzoeksmethode

De motivering voor dit onderzoek is gelegen in het pleidooi voor micro-proces 
onderzoek (e.g., Coburn & Turner, 2011; Little, 2012; Marsh, 2012; Moss, 2012; 
Spillane, 2012). De reden is dat er een gebrek aan kennis is over de wijze waarop de 
interacties in datateams bijdragen aan het leren over en het gebruik van data door 
leraren(opleiders). De single case-study die in dit onderzoek is uitgevoerd beoogt 
een bijdrage te leveren aan kennis over de processen in een datateam. In detail is 
nagegaan hoe in een datateam, datateamleden kennis, vaardigheden en attituden 
ontwikkelen en datagebruiken in de opleidingspraktijk. Zo hebben de rijke data uit de 
observaties van de gesprekken in het datateam inzicht gegeven in hoe een datateam 
interventie in de tijd verloopt en welke micro-processen daarin een rol speelden. 
Door observatie data te combineren met instrumenten waarin datateamleden zelf hun 
mening gaven, gecombineerd met data uit een kennistest, leverde dit inzicht op in het 
leerproces van datateamleden en wordt een antwoord gegeven op de vraag hoe een 
datateam een bijdrage levert aan de professionele ontwikkeling van lerarenopleiders 
om data te gebruiken om hun opleidingspraktijk te verbeteren (Little, 2012; Powell 
& Bromley, 2013). Echter, om tot gegeneraliseerde uitkomsten te komen zullen de 
bevindingen uit dit onderzoek in meer en diverse contexten moeten worden beproefd.

De grootte van de onderzoeksgroep in studie één stelde grenzen aan de 
statische mogelijkheden waardoor een multilevel-analyse niet mogelijk was. Hierdoor 
bleef de rol van de organisatie onderbelicht. Echter, dit onderzoek heeft voor het 
eerst in de Nederlandse context inzicht gegeven in de dubbelrol die lerarenopleiders 
hebben in het gebruik van data.

De studies twee, drie en vier vonden plaats in de organisatie waar de 
onderzoeker werkzaam is. De onderzoeker was tijdens het onderzoek zowel 
datacoach van het datateam als onderzoeker. Om te voorkomen dat de validiteit 
en de betrouwbaarheid van het onderzoek hierdoor in geding kwam (Yin, 2014), is 
bij de opzet en de uitvoering veel zorg besteed aan transparantie en triangulatie. 
Transparantie is bewerkstelligd door de methodesecties van de verschillende studies 
met grote aandacht vorm te geven. Ook zijn alle verzamelde data opvraagbaar en 
controleerbaar. Eveneens zijn de data door een collega-onderzoeker gecodeerd en de 
uitkomsten met elkaar vergeleken. Triangulatie is bewerkstelligd door bij de 

summary / samenvatting



514401-L-bw-Bolhuis514401-L-bw-Bolhuis514401-L-bw-Bolhuis514401-L-bw-Bolhuis
Processed on: 13-10-2017Processed on: 13-10-2017Processed on: 13-10-2017Processed on: 13-10-2017 PDF page: 178PDF page: 178PDF page: 178PDF page: 178

178

verzameling van data steeds gebruik te maken van verschillende bronnen: Observaties 
werden gekoppeld met interviews, kennistests, vragenlijsten en artefacts. Data over de 
manier waarop de datacoach zijn rol ziet, zijn verzameld door een collega-onderzoeker. 
Participatief onderzoek vraagt ook dat de onderzoeker steeds helder is in de rol die hij 
inneemt. Voor het onderzoek is aangegeven dat de onderzoeker én de rol heeft ervoor 
te zorgen dat de datateamleden kunnen leren (participatie) maar ook de rol heeft om 
data omtrent het leerproces te verzamelen (distantie). Maar ook door aan te geven 
hoe er is omgegaan met vertrouwelijkheid en anonimiteit is er zorg gedragen voor de 
ethische kant. Doordat de onderzoeker zowel de rol als datacoach en onderzoeker had 
konden datateamleden systematisch gevolgd worden en werd groter inzicht verkregen 
in hoe het micro-leerproces vorm kreeg in het datateam.

Aanbevelingen

Aanbevelingen voor praktijk en beleid

Het datateam heeft zowel de functie van onderwijsontwikkeling als professionalisering. 
Vanuit het professionaliseringsperspectief bekeken zou een datateam interventie 
versterkt kunnen worden door ervoor te zorgen dat alle datateamleden leren.  
1. Doordat de datateam interventie geen rekening houdt met verschillende 

disposities die datateamleden hebben ten aanzien van data bij aanvang van 
de interventie, leert niet iedereen in dezelfde mate. De datateam interventie 
zou versterkt kunnen worden met een intake waarbij gezorgd wordt voor een 
meer homogene samenstelling van het datateam. Bij een minder homogene 
samenstelling van het datateam, zou de interventie versterkt kunnen 
worden met werkvormen die differentiatiemogelijkheden mogelijkheden 
bieden zodat alle datateamleden in dezelfde mate kunnen leren. Zo zouden 
datateamleden die al meer kennis en vaardigheden hebben een andere rol in 
(de voorbereiding van) de datateams kunnen krijgen. 

2. Zowel de disposities bij aanvang van de bijeenkomsten als het verloop van 
de cognitieve-, sociale- en emotionele dimensies van het leerproces bepalen 
de uitkomsten van het leren. Deze dimensies van het leerprocessen vragen 
expliciete aandacht, zowel van de datacoach als van datateamleden onderling.

3. Om lerarenopleiders te leren data te gebruiken om de instructie aan te passen, 
zouden verschillende datateams gestart kunnen worden op zowel het gebied 
van datagebruik om instructie aan ta passen als op het gebied van datagebruik 
om de opleiding te ontwikkelen. Datateamleden van de verschillende teams 
kunnen hierbij ervaringen uitwisselen, waardoor een meer verre transfer 
bewerkstelligd kan worden;

4. Het datateam wordt als langzaam ervaren en loopt het risico het momentum te 
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 missen om te komen tot een oplossing die op korte termijn implementeerbaar 
is in een opleiding. Om aan deze bezwaren tegemoet te komen zou bij de 
keuze van een probleem helderheid moet krijgen over het tijdpad waarop 
oplossingen geïmplementeerd zouden moeten worden. Nu zal dit niet alle 
daarmee druk creëren om te komen tot oplossingen die passen binnen het 
tijdsbestek.

5. Uit de eerste studie komt naar voren dat datavaardigheden weliswaar 
onderdeel zijn van het curriculum van de pabo, maar niet alle onderdelen van 
het werken met data krijgen de aandacht die noodzakelijk is. Het werken met 
data wordt in de Nederlandse competenties voor leerkrachten niet benoemd, 
noch in de kennisbasis voor lerarenopleiders. Ondanks dat vastlegging in 
competenties de praktijk niet direct zal veranderen, heeft het wel invloed op 
de normering en zal de verwachtingen omtrent (aankomende) leerkrachten 
en daarmee indirect de praktijk beïnvloeden. Het gebruik van data zou in de 
lerarenopleiding versterkt kunnen worden door zowel in de beschrijving van 
de competenties van docenten als in de kennisbasis van lerarenopleiding te 
beschrijven waarin het werken met data aan zou moeten voldoen. 

Bovenstaande aanbevelingen versterken het professionaliseringsperspectief. Belangrijk 
daarbij is dat er voldoende ruimte blijft voor het onderwijsontwikkelingsperspectief 
van de interventie, immers voor het welslagen van het datateam is het eveneens 
van belang dat in gelijke tred opgelopen wordt met de (wensen van de) organisatie. 
Wellicht dat een datateam interventie in de organisatie gelijktijdig kan plaatsvinden 
met een interventie waarbij lerarenopleiders hun eigen onderwijs op basis van data 
aanpassen aan de leerbehoeften van studenten, waarbij gebruik gemaakt wordt van de 
mogelijkheid om beide interventies van elkaar te laten leren.

Aanbevelingen voor verder onderzoek

1. De wijze waarop aanstaande leraren in de verschillende pabo’s leren om 
te gaan met data verschillen. Echter, er is minder bekend of en hoe deze 
verschillen in plaats, aandacht en vorm in het curriculum van invloed zijn 
op de effectiviteit van het leerproces om aankomende docenten leren 
data te gebruiken. Onderzoek zou licht moeten werpen op effectieve 
opleidingspraktijken in het leren werken met data. 

2. Datateamleden hebben bij aanvang verschillen in disposities ten opzichte 
van data. De vraag is hoe bij een interventie als een datateam hiermee 
op effectieve wijze rekening mee gehouden kan worden? Onderzoek zou 
effectieve componenten aan het licht moeten brengen waarmee binnen een 
datateam tegemoet gekomen kan worden aan deze verschillende disposities, 
zodat elk datateamlid leert en vooral leert om data in zijn onderwijs te 
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 gebruiken.
4. De rol van datacoach is belangrijk. Daarom is een meer gedetailleerd inzicht 

gewenst in welke interventies van datacoaches effectief zijn. Deze inzichten 
zouden bijvoorbeeld kunnen gaan over effectieve interventies ten aanzien 
van het differentiëren tussen de verschillende datateamleden, ten aanzien 
bezwaren wegnemen, want verschillende mogelijke oplossingen hebben 
verschillende tijdpaden. Wel zal daarmee vanaf de start dit aspect een 
onderdeel zijn van de datateam interventie en van individuele leerprocessen 
van datateamleden in het datateam en ten aanzien van de transfer van het 
geleerde zodat datateamleden niet alleen data gebruiken om het onderwijs te 
ontwikkelen, maar ook om de instructie aan te passen aan de leerbehoeften 
van studenten.

5. Professionele leergemeenschappen hebben zowel een professionaliserings- 
als een onderwijsontwikkeldoel. De vraag is hoe deze twee doelen elkaar 
beïnvloeden en welke (on)mogelijkheden deze vorm van professionaliseren 
biedt om beide doelen te bereiken. Onderzoek zou hier meer licht op moeten 
werpen.

6. Tot slot zou onderzoek tot meer inzicht kunnen leiden hoe het leren van 
omgaan met data van een lerarenopleider zich verhoudt tot de model-rol van 
de lerarenopleider.
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