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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 

  enablers and barriers 4
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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. 

  enablers and barriers 4

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, 
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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 
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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



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: 95PDF page: 95PDF page: 95PDF page: 95

95

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.




