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ABSTRACT

The data team intervention was designed to support Dutch secondary
schools in using data while developing a solution to an educational
problem. A data team can build school-wide capacity for data
use through knowledge sharing among data team members, and
knowledge brokerage between the team and other colleagues. The
goal of this mixed-methods study is to understand how knowledge
sharing and brokerage regarding data use and an educational problem
changed over time. Social network data were collected twice at
eight schools. These data were used to analyse (1) how well team
members were connected with each other (density), (2) whether team
members’ relationships were mutual (reciprocity) and (3) whether all
team members were equally important for the data team network
(centralisation). Moreover, different types of knowledge brokering
(inward, outward and forward) were examined to further understand
knowledge exchange between data team members and their
colleagues. Qualitative data were analysed to triangulate these findings
for four particular cases. Among other things, findings illustrated that
while knowledge sharing and knowledge brokerage both changed
over time, there were considerable differences between teams in the
extent and direction of change. It appeared that the dissemination of
knowledge within the organisation requires more explicit attention.
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Introduction
Data-based decision-making in education has become increasingly important in a number
of countries (Datnow, Park, and Kennedy-Lewis 2013; Schildkamp and Kuiper 2010). Databased decision-making entails the collection and organisation of information representing
some aspect of a school, and is used to improve the quality of education (Lai and Schildkamp
2013). These data can be quantitative or qualitative, and can represent any relevant information about students, teachers, schools and parents. One of the reasons why data-based
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decision-making – or data use, for short – is important, is that such decisions are more likely
to be effective than decisions based on intuition and experience (Schildkamp, Poortman,
and Handelzalts 2016). Furthermore, data can support teachers’ reflective processes and
provide insight into their strengths and weaknesses, which can be used in turn to improve
their own functioning (Schildkamp and Kuiper 2010; Visscher and Ehren 2011).
Data can also be used to establish learning goals for students, to monitor the extent to
which those goals are reached, and to decide how support can best be provided (Earl and
Katz 2006). As a result, students’ achievement is likely to improve (Carlson, Borman, and
Robinson 2011). However, despite the benefits associated with data use, most schools do
not use data in their decision-making processes or use it ineffectively (Lai and Schildkamp
2013). Therefore, several programmes have been developed to support schools in the effective use of data (see Coburn and Turner 2011 for an overview).
The data team intervention is one such programme (Schildkamp, Poortman, and
Handelzalts 2016). In this intervention, teams consisting of six to eight educators learn how to
use data to analyse and solve an educational problem in their school (e.g. high grade retention
rates). The data team intervention has two goals. The first goal is professional development
of the data team members. To accomplish this, data team members need to collaborate
and share their knowledge with each other about data use in general and about the specific
educational problem they are studying. The second goal is school improvement by solving
the educational problem and increasing colleagues’ level of data use. To meet this goal, data
team members are expected to build capacity in their school through brokering (diffusing)
to their colleagues their knowledge about data use and about the educational problem.
Given the interactive and collaborative nature of knowledge sharing and brokerage, a
social network perspective is used to study the process of knowledge sharing and brokerage.
Social network analysis is grounded in the idea that relationships among teachers and/or
school leaders can provide individuals and groups with resources (e.g. knowledge) that may
be utilised to achieve goals, such as data use (Degenne and Forse 1999). Along these lines,
one could expect, for example, that data team members would be more likely to share their
knowledge which each other when they interact frequently.
Up until now, limited attention has been paid to the role of relationships in the process of
school improvement (Moolenaar, Daly, and Finnigan 2013; Muijs, West, and Ainscow 2010),
and even less with regard to data use (see Daly 2012 for a review). Such information is crucial
to come to a deeper understanding of the dynamic between an intervention, and the resulting
on-the-ground responses and actions, such as how data are being used (Coburn and Turner
2011). This study uses social network data to explore how the development of relationships can
be related to knowledge sharing and knowledge brokerage. This study will help us understand
how and why some schools and teams are able to build capacity for data use and educational
problems while others are not. Furthermore, it will improve our general understanding of how
network structures can be used to study the implementation of new practices.

Theoretical framework
Capacity building through working with the data team intervention
A data team consists of six to eight educators at the same school: 1–2 school leaders, 4–6
teachers and, if possible, the quality manager, who has access to the data (Schildkamp,
Poortman, and Handelzalts 2016). Data team members meet on average twice a month for
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Figure 1. The data team intervention (Schildkamp and Ehren 2013, p. 56).

two years, during which time they collaboratively work on a problem in their own school
(e.g. high grade retention rates). They use a cyclical procedure to do so (see Figure 1), which
includes an extensive set of guidelines and activities. In between meetings, the data team
members collect data and prepare for the meetings, with a data coach from the university
providing support. Additional information on the intervention and its effectiveness can be
found in the work of Schildkamp, Poortman, and Handelzalts (2016).
The goal of the data team is to educate team members in data use. To achieve this goal,
data team members need to build capacity within their team. They can do so by sharing
knowledge about (at least) two types of content: knowledge about data use in general
(e.g. knowing when data are reliable and how to analyse data), and knowledge about the
educational problem that is the focus of their study (e.g. its underlying causes and how
to solve it).
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Besides sharing their knowledge to build capacity within their own team, data team
members may also broker that knowledge beyond the team and build capacity within the
entire school (Coburn, Touré, and Yamashita 2009; Feldman and Tung 2001). Brokerage
is a term used to identify knowledge sharing by key individuals responsible for collective
capacity building. The types of content important for knowledge brokerage are similar to
those required for capacity building within the team: data use in general and the educational
problem. When team members successfully broker their knowledge, they build the capacity
that is required to increase the school-wide level of data use (Honig 2006). For example,
knowledge brokerage is likely to facilitate their colleagues’ participation in discussions of
school-wide issues and increase school staff ’s communication about data use and the issues
those data indicate to be important (Huffman and Kalnin 2003; Lachat and Smith 2005).
Social network analysis can be used to determine how data team members build capacity
within their own team and within the school (through knowledge sharing and knowledge
brokerage, respectively).
Social networks analysis
Social network analysis is grounded in the idea that ties (relationships) with others determine
the extent to which an actor has access to resources in a network, and often the type and
quality of resources (e.g. knowledge) as well (Portes and Sensenbrenner 1993). Thus, who you
know affects what you know (Nahapiet and Ghoshal 1997). Social network scholars argue that
the success of (reform) implementation critically depends on the ability of an organisation
to internally distribute the required knowledge, support and resources (Frank, Penuel, and
Krause 2015). As such, this research suggests that by increasing the number of relationships
within an organisation (e.g. reflected in increased network density), as well as relationships
between units within organisations (e.g. reflected in increased brokerage between departments) will support the implementation of innovations (e.g. Coburn and Russell 2008; Daly,
Finnigan, Stuart, Moolenaar and Che 2014; Tsai and Goshal 1998). Along these lines, one
could expect, for example, that data team members would be more likely to broker within
the school their knowledge about data use and/or the educational problem they are studying
when they interact with their colleagues frequently than when they are relatively isolated.
Even though the ties between individuals are the ‘vehicles’ for the exchange of knowledge,
the overall configuration of these ties in a social network, such as a school, impacts the
development of knowledge within the entire organisation (Nahapiet and Ghoshal 1997).
Thus, we must focus our work not only on the individual ties between persons ‘A’ and ‘B’,
but also on how that dyadic relationship is embedded within a larger context, here: the
data team and the entire school. Moreover, whether a reform is successfully implemented
critically depends on the ability of an organisation to internally distribute the required
knowledge (Frank, Penuel, and Krause 2015). This makes (reform) implementation an
inherently dynamic phenomenon, which requires that attention is paid to the way in which
networks change over time.
Network structures indicating knowledge sharing within the data team
The network of relationships between data team members is likely to reflect the sharing
of knowledge within the data team. Three characteristics are often identified to describe
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the relational structure of a team. The first is density. Previous research has indicated that
teams are more likely to achieve their goals when their connections are dense, meaning a
high number of ties between the team members, than when their connections are sparse
(Balkundi and Harrison 2006). The second characteristic is reciprocity, in which team
members have a mutual tie (Daly 2012). Reciprocity may provide opportunities for deeper
exchanges, because these ties are likely to reflect trust and support the transmission of
complex knowledge (Honig and Ikemoto 2008). The third characteristic is centralisation,
which reflects the (un)equal distribution of resources, such as knowledge, within a team
(Hanneman and Riddle 2005). When a team is highly centralised, members with a central
position are more likely to contribute to the decisions being made, regardless of whether
they are qualified to do so (Pitcher and Smith 2001). In a sense, these actors have disproportionate influence over the exchanges in a network. As a result, it might be more difficult
for team members to share their knowledge.
In sum, it is assumed that over time, knowledge is most likely to be shared when the
structure of the data team becomes denser, less centralised and when relationships are
more often reciprocated (see also Keuning et al. 2016). When such knowledge is shared, it
is likely to contribute to realisation of the professional development goal of the data team
intervention.
Network structures indicating knowledge brokerage by the data team
The network of relationships between data team members and their colleagues is likely
to reflect team members’ knowledge brokerage. Gould and Fernandez (1989) used both a
statistical model and empirical data to define and validate different brokerage measures.
Subsequently, these measures have been used in other empirical studies, e.g. by Daly et al.
(2014). Three conceptually different brokerage roles can be distinguished in which resources
(e.g. knowledge), are moved from an individual, to a broker, to another individual, taking
group membership into account (Gould and Fernandez 1989). In the present study, group
membership is defined as being a member of the data team or not, so that the broker is
always a member of the data team. Furthermore, knowledge brokerage is aggregated at the
level of the data team to examine knowledge brokerage by the team as a whole to the group
of colleagues as a whole. As a result, three types of aggregated knowledge brokerage can be
distinguished, see Figure 2:
• Outward brokerage: data team members diffuse their knowledge (their output) to
the colleagues. For example, a data team member exchanges data on the number of
students who repeat a grade with the broker. After that, the broker exchanges this data
with another colleague.
• Inward brokerage: colleagues provide individual data team members with knowledge
that can be used as input for the activities of the data team. An example of this is a
colleague providing a possible hypothesis on the cause of the educational problem to
the broker. The broker uses this input when he is discussing the educational problem
with a fellow data team member.
• Forward brokerage: the data team forwards knowledge from one colleague to another
colleague, thereby building bridges between the colleagues. For example, a colleague
talks with the broker about the educational problem, and then the broker talks about
this conversation with another colleague.
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Figure 2. Three different types of knowledge brokerage.
Note: The middle rectangle represents the broker. The arrows represent the diffusion of knowledge.

These distinctions are useful for gaining detailed insight into data team members’ brokerage. For example, are they able to broker their knowledge in all three ways, or do they
struggle with one specific type? In sum, it is assumed that all three types of knowledge
brokerage will increase over time. Taking the aforementioned together resulted in the following research questions:
(1)  In what ways do the data teams’ knowledge sharing structures regarding data use
and the educational problem change over time in terms of their density, reciprocity
and centralisation?
(2)  How does data teams’ knowledge brokering about data use and the educational
problem to their colleagues change over time and which aspects (outward, inward
and forward) seem to occur most often?

Method
Context
This mixed-methods study took place in the Netherlands. Dutch schools have considerable
freedom in determining what subject matter they teach, what textbooks, assessments and
instructional strategies they use, and the religious or ideological beliefs to which they adhere
(Kuiper et al. 2006). However, schools are held accountable by the Dutch Inspectorate for
the quality of education they provide. Therefore, schools increasingly prioritise data use. In
2012–2013, only 8% of the secondary schools studied by the Dutch Inspectorate used data
(Dutch Inspectorate of Education 2014). According to the Dutch Ministry of Education, this
needs this needs to increase to at least 90% by 2018 (Verbeek and Odenthal 2014). Important
data sources available to them include: external national assessment data; student achievement data; data on intake and transfer; and student, teacher and parent questionnaire data.
The present study was part of a larger project funded by the Dutch Ministry of Education.
In total, 25 secondary schools voluntarily signed up for this project by sending in a preliminary general statement of a problem on which they wanted to focus their efforts. Of
this group, ten schools were selected based on their statement of a problem and their geographical location, so that various parts of the Netherlands were represented. All schools
chose high grade retention rates as the educational problem on which they wanted to focus
their efforts. They all had little experience with data use, and were thus comparable at the
beginning of the project. All data team members voluntarily joined the team.
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Participants
All school leaders, teachers and team members were invited to participate in a social
network survey twice. The response rates were determined at each point in time and
over both time-points. The first part of the research determined changes in knowledge
sharing within the data teams. Two schools were removed from the sample due to low
response rates by the data team members. The average response rate of the data team
members in the remaining eight schools was 94%. However, in the analyses, all team
members who were part of the team at both points in time were included, regardless
of whether or not they responded to the questionnaire. This provided a more accurate
description of each team as a whole. In total, 50 data team members were included,
of which 29 (58%) and 11 (22%) worked as teachers and school leaders, respectively.
The remaining 20% worked as a quality manager or as part of the support staff (e.g.
student administration).
The second part of the research focused on changes in knowledge brokerage by the data
team members. Data from one school were not used in the second part because the colleagues were spread over multiple locations and there were no clear-cut rules about which
colleagues from which locations knew each other, while in some locations brokerage could
not even occur because there was only one team member (at least two team members are
required for outward and inward brokerage).
The average response rate for colleagues in the remaining seven schools was 41.26%.
No apparent differences in grade levels, educational levels being taught and subjects being
taught were evident between the participants and the non-participants. Additional sample
characteristics are included in Table 1.
Table 1. School characteristics.
Response
data
Educa- School
N Data
team
Response
2
N
tional
size: N Relative
team
members
N
Colleagues
School1 Locations level
students size** Denomination3 members
(%)
Colleagues
(%)
Fairview
2
Low/low 543/464*
–/–
Religious
7
100
16/14*
36/38
High1
Interm. –
1079
=
Public
9
89
20
28
land
High
Jeffer4
Interm. –
2752
=
Religious
5
100
***
***
son
High
Lincoln
1
Low –
1261
+
Religious
6
100
49
49
High
Maple
1
Low –
1223
–
Public
5
80
33
34
Grove
High
Oak
1
Low –
1185
+
Religious
6
83
42
55
Grove
High
Pine
1
Interm. –
1007
–
Religious
6
83
31
43
Grove
High
Roo1
Low –
964
–
Public
6
100
34
47
sevelt
High
*

Data on Fairview 1 and Fairview 2, respectively; **School size in relation to the educational level. + above average, = average, – below average; ***This school was excluded from the second part of the study.
1.
School and participant names are pseudonyms.
2.
In the Netherlands, there are three main educational tracks. The lowest track (4 years) prepares students for vocational
education. The intermediate track (5 years) prepares students for college/higher education. The highest track (6 years)
prepares students for university education. These tracks are quite segregated, which means that most students who enter
a track stay within that track until graduation.
3.
A school is considered public when it does not have a religious denomination.
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Table 2. Participants’ characteristics for the four cases.
Name
Fairview
Mr. Anderson
Mr. Johnson
Ms. Smith
Mr. Williams
Mr. Jones
Ms. Lee
Mr. Miller
Highland
Mr. Adams
Mr. Bell
Mr. King
Ms. Morgan
Ms. Murphy
Mr. Roberts
Ms. Stewart
Mr. Taylor
Mr. Turner
Lincoln
Ms. Brown
Ms. Clark
Ms. Harris
Mr. Martinez
Mr. Wilson
Ms. Young
Roosevelt
Mr. Barnes
Ms. Collins
Mr. Evans
Ms. Jenkins
Mr. Myers
Ms. Powell

Location

Years of experience

Function

Subjects

1
1
1
1
2
2
2

20
12
9
8
35
10
31

Teacher, school leader
Assistant principal
Teacher
Teacher, quality manager
Teacher, school leader
Teacher
Teacher, school leader

Dutch
–
English
Science, Chemistry
Mathematics
History, Geography
Mathematics

–
–
–
–
–
–
–
–
–

5
22
30
11
15
8
7
20
15

Teacher
Teacher
School leader, teacher
Educational specialist
Teacher
Teacher
Head ICT & Education*
School leader
Teacher

Mathematics
Dutch
Geography
–
PE
PE
–
–
History, Civics

–
–
–
–
–
–

32
13
30
15
9
20

Teacher
Support staff
School leader
Teacher
Teacher
Teacher

Music, Arts
–
–
Mathematics
Chemistry
Mathematics

–
–
–
–
–
–

27
20
20
14
30
32

Teacher
School leader
Assistant principal, Teacher
Teacher
School leader
Teacher

French
–
Chemistry
Arts
–
Biology

*

Abbreviation of Information and Communication Technology.

As will be illustrated in the results section, qualitative data on four particular cases were
used to triangulate the quantitative data. Characteristics of the team members on these teams
are given in Table 2. Overall, the four teams appeared to be comparable in their working
climate, as the coach characterised these teams over time as: ‘interested in each other, willing to learn’ (Highland); ‘enthusiastic, willing to carry out each other’s ideas’ (Fairview);
‘enthusiastic, professional’ (Roosevelt); and ‘open, enthusiastic’ (Lincoln).
Quantitative instrument: social network questionnaire
An online questionnaire was developed to determine the network structures. This questionnaire was administered twice: once near the beginning and once at the end of the school
year. This time frame was chosen in order to determine whether data team members’ differ
from the beginning onwards in the extent to which they share and broker their knowledge.
Moreover, none of the teams had yet found the cause of their problem at the end of the first
year, which made them comparable in their progress.
The present study focused on network structures related to: 1) exchanging data and
2) discussing the educational problem. For each question, participants could select
one or more of their colleagues from a list of all possible alternatives. This procedure
is in line with previous social network research (Moolenaar 2012). The first question
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was: ‘In the past month, with which colleague or colleagues did you exchange data (for
example, test results, answers on questionnaires or retention figures)?’, which identified
relationships related to data use. The second question was: ‘In the past month, with
which colleague or colleagues did you discuss the low retention rates at [educational
level at which the team members focused their efforts]?’ which identified relationships
related to the educational problem. This resulted in non-valued (binary) and nonsymmetric (directional) network data.
Qualitative instrument: log files
To triangulate findings from the network data, qualitative data on the development of
knowledge sharing and knowledge brokerage were collected. The data coach from the university supervised all data teams included in the present study. After each meeting, she
wrote a log file in which she reflected on the team’s functioning and progress. All log files
for the four cases (12 on Fairview, 11 on Highland, 8 on Lincoln and 9 on Roosevelt) were
included in this study.
Quantitative data analysis
To study knowledge sharing and knowledge brokerage related to data use and the educational problem, various network measures were computed using the network data in UCInet
6.0 (Borgatti, Everett, and Freeman 2002). The networks were also visualised in Netdraw
(Borgatti 2002). The descriptive statistics for all measures under study are presented in
Table 3.
Knowledge sharing in the data team
At the level of the data team, density, reciprocity and centralisation were computed.
Density
This measure represents the percentage of observed relationships relative to the maximum
number of possible relationships (Hanneman and Riddle 2005). The resulting scores can
range from 0 (no relationships are present) to 100 (everyone is connected with everyone
else) and indicate network cohesion. Furthermore, it provides insight into the extent to
which team members have access to resources of the network (e.g. knowledge).
Table 3. Descriptive statistics for the network structure measures.
Data use
T1
Mean
Knowledge sharing
Density
31.90
Reciprocity
19.31
Centralisation
27.40
Knowledge brokerage
Outward
2.96
Inward
2.21
Forward
0.63

Educational problem
T2

T1

T2

St. dev.

Mean

St. dev.

Mean

St. dev.

Mean

St. dev.

7.25
4.78
5.12

23.41
15.79
33.62

3.74
5.01
5.52

43.98
25.42
33.30

6.27
6.72
8.33

50.54
37.52
34.29

3.63
8.34
4.70

0.85
0.64
0.11

1.51
0.95
0.38

0.47
0.34
0.12

5.62
3.08
1.73

1.96
0.66
0.79

5.14
3.43
1.29

1.31
0.59
0.53
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Reciprocity
This measure reflects the percentage of pairs of team members having a reciprocated relationship relative to the total number of connections between pairs. The reciprocity can
range from 0 (no pair has a reciprocated relationship) to 100 (all pairs have a reciprocated
relationship) (Hanneman and Riddle 2005).
Centralisation
Freeman’s in-degree centrality measure reflects the central tendency of a social network.
It assesses whether the relationships are evenly dispersed or whether some individuals are
highly important to the network. Thus, the centralisation measure reflects how (un)equally
relationships are distributed at the individual level. These relationships are expressed as a
percentage of the theoretically most unequal distribution of relationships. Thus, a high
percentage indicates that a small number of individuals are highly important for the network, and a low percentage indicates that a large number of people are more or less equally
important for the network (Hanneman and Riddle 2005).
Knowledge brokerage by data team members
At the level of the data team within the school, brokerage was examined by computing
the representative, gatekeeper and consultant brokerage roles while taking group membership into account (Gould and Fernandez 1989). Group membership was defined by
being either a member of the data team or a colleague who works at the same school
but does not participate in the data team. For each type of brokerage, the total number
of brokerage ties within the data team was calculated and expressed as a percentage of
the maximum number of brokerage ties the team could theoretically have had. This
resulted in the aggregated and normalised outward, inward and forward brokerage
scores,1 which could range from 0 (no brokerage exists) to 100 (all data team members
are brokers for every colleague).
Qualitative data analysis
Development of knowledge sharing and brokerage
In the present study, the quantitative data were used as input for the selection of cases
for the qualitative research (Teddlie and Tashakkori 2008). Log files from four particular
schools were used to triangulate the quantitative findings with qualitative data. First, all
log files were read and all information related to the development of knowledge sharing
between team members and knowledge brokerage between the team and their colleagues
was flagged. Second, clusters of information that re-occurred in multiple files, for example,
division of tasks and activities undertaken to involve colleagues, were summarised in a table.
Third, the summaries for the different teams were compared and contrasted, and issues
that occurred in all four teams (e.g. comments made about task division) were used in the
Results section. The findings from the logs corroborated findings from the quantitative data.
For example, in teams that increased their knowledge sharing (quantitative data), the team
members were described as participating equally and actively (qualitative data), whereas
in teams that decreased their knowledge sharing, some team members were described as
passive and not-participating. The researchers interpreted and discussed the log files in a

226

 M. D. HUBERS ET AL.

cyclical and iterative manner, thereby ensuring the reliability and internal validity of their
findings (Poortman and Schildkamp 2012).

Results
First, the changes in knowledge sharing structures related to data use and the educational
problem will be described. Second, the changes in knowledge brokerage related to data use
and the educational problem will be described. Qualitative data for four data teams that
showed the most striking changes over time will be used throughout this section to explore
how differences in knowledge sharing and brokerage between teams might be reflected in
practice.
Knowledge sharing within the data team
In the theoretical framing it was argued that an increase in density and reciprocity and a
decrease in centralisation are likely indicators of an increase in knowledge sharing. The
results, see also Figure 3, were interpreted in the light of this pattern.
Knowledge sharing about data use
To support the interpretation that will be made of the social network measures, sociograms
for the four cases at both time-points are presented, see Figure 4. For example, the figures
for team Lincoln illustrate that a large number of ties were no longer reported at time 2,
and that several team members were no longer connected to each other. Furthermore, a
clear division between these team members occurred.
It appeared that only the Highland team increased its knowledge sharing. This was
reflected in all three measures. For example, density increased from 33.3% to 36.1%, indicating that another 2.8% of all possible relationships between data team members were
acknowledged at time 2 with regard to sharing of knowledge concerning data use. Moreover,
reciprocity increased from 20% to 23.8%, whereas centralisation decreased from 37.5% to
33.9%. This indicates that another 3.8% of the pairs of data team members had a reciprocated
relationship for knowledge sharing concerning data use at time 2, whereas the inequality of
the distribution of knowledge about data use decreased with 3.6%, respectively. The Fairview
team displayed an increase in density and reciprocity as well, but their centralisation also
increased somewhat. Pine Grove displayed a similar pattern to Fairview, but centralisation
increased far more. The remaining teams (Lincoln, Oak Grove, Jefferson and Maple Grove)
decreased their knowledge sharing, which was reflected in the decreased density and reciprocity, and increased centralisation.
When these findings were triangulated with the log files, it appeared that the coach
noticed that Fairview and Highland’s team members tried to increase their knowledge
sharing. In both teams, one or two members were especially skilled in the use of data, and
were willing and able to provide team members with good explanations. For example, the
coach noted in her log file on the second meeting at Fairview: ‘Mr. Williams visualised the
data in a clear manner, and gives an explanation of the data.’ Moreover, she noted that team
members contributed equally during the meetings. This indicates that all team members
were involved in the use of data, which confirms the increase in knowledge sharing.
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Figure 3. Changes in network measures of knowledge sharing over time.

In contrast, the coach noticed that Lincoln and Roosevelt’s team members decreased their
knowledge sharing. Even though one of Lincoln’s members was skilled in the use of data,
the coach never noted that this expert was also willing and able to explain this to the other
team members. For the Roosevelt team, it appeared that no team member was especially
skilled in data use. Their data were primarily collected by a quality manager who was not
part of the data team. Moreover, the coach noted repeatedly that team members did not
contribute equally during the meetings at Lincoln and Roosevelt. For example, she noted
about the third meeting at Lincoln: ‘Ms. Clark and Mr. Martinez were very passive’. This
indicates that not all team members were involved in the use of data, which confirms the
decrease in knowledge sharing.
Knowledge sharing about the educational problem
To support the interpretation of the measures, sociograms for the four cases at both timepoints are presented in Figure 5. For example, the figure illustrates that in team Highland,
multiple new ties were formed over time for sharing knowledge about the educational
problem. These changes led to better connections between team members.
It appeared that half of the teams increased their knowledge sharing about the educational
problem, which was reflected in the increased density and reciprocity, and the decreased
centralisation (see also Figure 4). This was the case for Oak Grove, Maple Grove, Highland
and Fairview. In contrast, team Lincoln and team Roosevelt displayed a decrease in density
and reciprocity, along with stable or increased centralisation. For example, density at team
Roosevelt decreased from 63.3% to 60.0%, indicating that 3.3% of all possible relationships
between data team members were no longer acknowledged at time 2 with regard to sharing
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Figure 4. Relationships for exchanging data within four teams.
Note: Data team members from Fairview 1 are represented by the darker boxes, whereas members from Fairview 2 are
represented by the lighter boxes.

of knowledge concerning the educational problem. Moreover, reciprocity decreased from
58.3% to 50.0%, whereas centralisation increased from 25.0% to 60.0%.
This indicates that 8.3% of the pairs of data team members no longer had a reciprocated
relationship for knowledge sharing concerning the educational problem at time 2, and the
inequality of the distribution of knowledge about the educational problem increased with
35%, respectively. The other teams could not be unequivocally assigned to either group.
Jefferson displayed an increase in both density and reciprocity, but also a large increase in
centralisation, whereas Pine Grove increased in density and centralisation, but decreased in
reciprocity. Overall, all scores related to the educational problem are higher than the scores
for data use. This indicates that there are more relationships related to knowledge sharing
about the educational problem, that those relationships are more often reciprocated, and
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Figure 5. Relationships for discussing the educational problem within four teams.
Note: Data team members from Fairview 1 are represented by the darker boxes, whereas members from Fairview 2 are
represented by the lighter boxes.

that knowledge about the educational problem is more unequally distributed than knowledge about data use. Regardless, several individuals did not share knowledge about data
use and the educational problem with each other. This indicated that the dissemination of
knowledge within the team requires more explicit attention.
When these findings were triangulated with the log files, it appeared that team members
at both Highland and Fairview regularly discussed their ideas and beliefs about the educational problem. This indicates that the data team members regularly shared knowledge
about the educational problem. For example, the coach noted in her log file at Highland’s
first meeting: ‘Team members are proficient in sharing their beliefs about certain decisions
or ideas regarding the educational problem’.
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In contrast, it appeared that the Lincoln and Roosevelt teams wanted to work too quickly.
They were collecting data almost for the mere sake of collecting it. For example, the coach
noted in her log file at Lincoln’s sixth meeting: ‘What exactly do we want? And why do we
choose certain hypotheses?’ This indicates that knowledge of the educational problem was
discussed little, and several team members were not involved during these discussions.
Knowledge brokerage by data teams to their colleagues
Brokerage about data use
The teams at Lincoln, Oak Grove, Maple Grove, Roosevelt and Highland all decreased in
each type of knowledge brokerage, even though the extent of the decline differed between
teams (see Figure 6). For example, team members at Lincoln decreased their outward knowledge brokerage from 7.1% to 0.5%. This indicates that 6.6% of their colleagues no longer
received team members’ knowledge about data use at time 2. Moreover, team members’
inward brokerage decreased from 3.6% to 1.5%, and their forward brokerage decreased
from 1.0% to 0.2%. This indicates that team members no longer gained input from 2.1% of
their colleagues, and 0.8% less bridges were built between colleagues, respectively, at time 2.
Of the remaining teams, Pine Grove decreased in outward and forward brokerage, but
increased in inward brokerage. For Fairview 1, it was just the opposite, with the team
increasing in outward and forward brokerage, but decreasing in inward brokerage. Fairview
2 remained stable in outward brokerage, declined in inward brokerage and increased in
forward brokerage. Overall, outward brokerage occurred most often, whereas forward
brokerage occurred least often. In other words, this means that the data teams most often
diffused their knowledge to their colleagues, while the teams least often forwarded knowledge from one colleague to another colleague. Regardless, the actual level of knowledge
brokerage about data use was low, as the highest brokerage score was 7.1% (Lincoln at time
1, outward brokerage). This indicates that data team members brokered their knowledge
to 7.1% of their colleagues.
Brokerage about the educational problem
It appeared that team Maple Grove, Highland and Fairview 1 increased in each type of
knowledge brokerage, although the extent of the increase differed between teams (see also
Figure 6). For example, team members at Fairview 1 increased their outward knowledge
brokerage from 1.0% to 4.2%. This indicates that another 3.2% of their colleagues received
team members’ knowledge about the educational problem at time 2. Moreover, team members’ inward brokerage increased from 1.6% to 5.7%, and their forward brokerage increased
from 0.1% to 0.3%. This indicates that team members gained input from another 4.1% of
their colleagues, and bridges were built between another 0.2% of their colleagues at time
2, respectively.
All other teams − Lincoln, Pine Grove, Roosevelt and Fairview 2 − decreased in each
type of knowledge brokerage. Overall, brokerage scores related to the educational problem
indicate that all data teams struggled to build capacity among their colleagues. They were
relatively best at diffusing their team’s knowledge to their colleagues (outward brokerage), and relatively worst at building bridges between their colleagues (forward brokerage).
Knowledge brokerage scores were higher for the educational problem than for data use, as
was also seen with knowledge sharing between data team members. Regardless, the actual
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Figure 6. Changes in types of knowledge brokerage over time.

level of knowledge brokerage about the educational problem was low, as the highest brokerage score was 16.7% (Fairview 2 at time 1, outward brokerage). This indicates that data
team members brokered their knowledge to 16.7% of their colleagues.
When these findings on knowledge brokerage about data use and the educational problem were triangulated with the log files, it appeared that the coach noticed that Fairview
and Highland’s team members tried to increase their outward brokerage. For example, the
coach wrote in her log file at Highland’s fourth meeting: ‘Team members thought their
communication strategy through and are very enthusiastic about implementing it’. Similarly,
she wrote at Fairview’s second meeting: ‘The team likes to involve the entire school in the
progress of the data team.’ Moreover, their increases in knowledge brokerage were also
reflected in the number and diversity of activities they had undertaken to involve their
colleagues. For example, team members from both teams hung up sheets of paper in the
teachers’ lounge on which their colleagues could write their ideas about possible causes
underlying their problem (stimulating inward brokerage). In addition, they wrote articles
about their progress for their staff newsletter, and presented their findings to all of their
colleagues. These qualitative data also confirm that both Highland and Fairview mainly
focused their efforts on outward brokerage (diffusing their knowledge to colleagues), to a
lesser extent on inward brokerage (using colleagues’ input), and did not carry out specific
activities to stimulate forward brokerage (connecting colleagues with each other).
In contrast, it appeared that the coach noticed that Lincoln and Roosevelts’ team members did little to diffuse their knowledge to their colleagues. For example, she noted at
Lincoln’s eighth meeting:
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Ms. Harris really thinks about sustaining the data team intervention in the school and communicating their progress with their colleagues. However, sometimes it remains just a thought.
For example, they write a newsletter on the data team, but they do not send it.

This is reflected in their decrease in all three types of brokerage. Moreover, their decreases
in knowledge brokerage were also reflected in the number and diversity of activities undertaken by the data team members to involve their colleagues. Team members from Lincoln
solely relied on written communication as they wrote only two stories on their progress for
their staff newsletter. This confirms that Lincoln’s data team members focused exclusively
their efforts on outward brokerage: diffusing their knowledge to their colleagues. The data
team members from Roosevelt did not undertake any activities to involve their colleagues.

Conclusion and discussion
The current study aimed to determine how social network structures reflecting knowledge
sharing and brokerage changed over the first year in which schools started working with
the data team intervention.
Conclusions on knowledge sharing
It appeared that the changes in knowledge sharing structures between data team members
varied extensively between teams, and that there were considerable differences between
teams in the extent and direction of the changes. Even though half of the teams declined
their knowledge sharing for both data use and the educational level, the overall level of
knowledge sharing was higher for the educational problem. Reflecting on this, it might
indicate that data team members are more comfortable with talking about the educational
problem, while they might consider data use to be something you should be good at before
you can talk about it. As most of the team members were novices at data use, this might
explain the lack of knowledge sharing related to this. Regardless, several individuals did not
share knowledge about data use and the educational problem with each other. This indicated
that the dissemination of knowledge within the team requires more explicit attention.
The differences in knowledge sharing structures between these four teams were also
reflected in the qualitative data. Teams who increased their knowledge sharing had quality
managers on their team who were willing and able to share their knowledge, and all team
members were actively involved in their team’s progress and regularly discussed their ideas
and beliefs about the educational problem. In contrast, teams who decreased their knowledge sharing did not have such experts, and team members did not discuss their ideas and
beliefs about the educational problem. Moreover, some team members were less involved in
their teams’ progress than others. Wenger (1998) has stated that such a situation, in which
team members contribute unequally, leads to both marginality and an inability to learn.
Conclusions on knowledge brokerage
The second research question concerned changes in knowledge brokerage structures
between the data team and their colleagues. Similar to knowledge sharing, knowledge brokerage varied extensively between schools, and there were considerable differences between
teams in the extent and direction of the changes. Outward brokerage occurred most often,
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which means that data team members diffused their knowledge to their colleagues. Forward
brokerage occurred least often, which means that the data team members did little to disseminate knowledge from one colleague to another. Furthermore, teams brokered their
knowledge about the educational problem more often than their knowledge about data use.
This difference in knowledge diffusion between the educational problem and data use
is not surprising, given the current accountability context in which data are often used to
explain or defend certain actions or decisions (Datnow and Hubbard 2015). The educational
problem influenced data team members’ daily working life, whereas they were novices at
data use, which was not yet embedded in their daily working life. This could have led to a
situation in which they felt committed to solving the educational problem, and using the
data team intervention as a tool to ‘fix’ this specific problem. Instead, they should use it as
an approach that that is valuable in and of itself to not only solve their current problem,
but also to improve issues that might arise in the future. That way, the overall quality of
education will improve. In addition, disseminating knowledge about data use often needed
to be accompanied by an explanation of how they analysed their data, which might have
been relatively difficult for them to come up with, and/or relatively difficult for their colleagues to understand.
Regardless, the actual levels of knowledge brokerage were low. This means that the data
team members rarely built bridges between fellow data team members and colleagues by
diffusing their knowledge. Similar conclusions were drawn by Keuning et al. (2016), who
indicated that less than 20% of Dutch primary schools’ relational potential with regard to
data use was used. This means that knowledge brokerage requires more explicit attention.
The differences in knowledge brokerage between teams were also reflected in the qualitative data. It appeared that teams who increased their knowledge brokerage, undertook
more activities than teams who mostly decreased in their knowledge brokerage. In so doing,
the former used several different activities and used both verbal and written communication. Including verbal communication is a pre-requisite for knowledge brokerage, as this
helps with interpreting the relevance of the written documents, negotiating their relevance
and connecting it to colleagues’ everyday practice (Wenger 1998). In contrast, teams who
decreased in their knowledge brokerage relied exclusively on written communication or
did not undertake any activities at all.
Limitations
The present study had a few limitations. First, response rates were relatively low within the
group of colleagues. Even though there appeared to be no specific clustering in the participants relative to the non-participants, in that teachers from all educational levels, grade
levels and courses were included, it might be that a specific sub-set of colleagues completed
the questionnaire, for example, those who feel connected to their other colleagues. Second,
as the data teams were only halfway through the programme provided by the university,
we only have trends about knowledge sharing and brokerage. For example, it is possible
that teams put more effort into knowledge brokerage in their second year of participating
in the programme, when it is more likely that they would find the causes underlying their
educational problem. Third, the qualitative analyses were exploratory; only issues related
to knowledge sharing and brokerage that were recorded in multiple files and occurring
for all four teams were used. Because of that, other reflections of knowledge sharing and
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brokerage might have been neglected. However, the current qualitative data confirmed and
illuminated several differences between the four teams, thereby showing the value of this
type of data in understanding differences in changes in knowledge sharing and knowledge
brokerage between teams.
Practical implications
The present study illustrated that it can never be assumed that knowledge will automatically
flow through the team or the organisation; this is something that will require explicit attention, focus and considerable effort. Therefore, efforts to improve teachers’ data use would
benefit from a focus on building collaborative structures (Farley-Ripple and Buttram 2015).
Regarding knowledge sharing, it seems advisable to include experts in the data team who
are willing and able to diffuse their expertise. Regarding knowledge brokerage, it seems
advisable for the data coach to provide brokers with examples and more support in disseminating their knowledge, as brokers need special skills to be able to diffuse their knowledge
(see Akkerman and Bakker 2011 for a review). To stimulate both knowledge sharing and
brokerage, the coach could emphasise the value of data use for school improvement and
instruction, whereas the accountability purpose should play a less central role. In so doing,
specific attention needs to be paid to the transfer of the data team intervention from the
team to teachers’ daily working life. For example, the coach could illustrate how data team
members can collaboratively improve their own functioning (e.g. create and evaluate common standards), by using the same steps of the procedure.

Future research
Future research should continue to determine how capacity for interventions, such as data
use, is build. Social network analysis proved to be a helpful tool to do so. An important area
for future research includes the different stages involved in implementing new practices.
For example, Finnigan and Daly (2012) proposed that when new practices are first being
implemented, the main focus is on knowledge sharing, whereas over time, the focus lies
more on knowledge brokerage. For a data team this could mean that in the beginning, the
main focus is on the building up of a good team in which all members learn the procedure.
They involve their colleagues most extensively when they find the cause of the educational
problem: their moment of glory. This might also be the time to convince their colleagues to
use data and teach them how to do so. Future research should study these implementation
stages in more detail.

Conclusion
The present study illustrated that data team members struggled to build their own and their
colleagues’ capacity for data use through knowledge sharing and brokerage, which might
place them at risk for not achieving their professional development and school improvement goals. Previous research stated that such capacity is critical to achieve school-wide
changes (e.g. Harris 2011; Honig 2006; Stoll 2010). Therefore, interventions should target
the process of capacity building more clearly to support schools in implementing data use.
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Note
1. 
For example, outward brokerage was computed by summing representative scores for the
individual data team members and expressing this as a percentage of the theoretical maximum
for possible representative brokerage by the team. To illustrate these calculations, an example
is provided. The Lincoln data team was composed of 6 data team members and 49 colleagues
(see Table 2). The theoretical maximum for possible representative brokerage by one broker
is: (N data team members – 1) × 1 × N colleagues). The theoretical maximum for possible
representative brokerage by the team is: ((N data team members – 1) × 1 × N colleagues) × N
data team members = (5 × 1 × 49) × 6 = 1470. This number reflects all possible combinations
in which a data team member diffuses knowledge to the broker (also a data team member),
who in turn, diffuses this knowledge to a colleague. In team Lincoln, 105 brokerage relations
were actually present for exchanging data at time 1. Thus: (105/1470) × 100 = 7.1% outward
brokerage existed for this team at time 1.
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