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a b s t r a c t

Data literacy is assumed to be a precondition for the effective implementation of data-based decision
making in schools. This study was aimed at investigating changes in 1182 educators' data literacy with
regard to student monitoring system data, during a 2-year intervention, which was assessed by using a
pretest and posttest.

A multivariate multi-level IRT analysis was conducted. The multivariate approach enabled the iden-
tification of differences in initial data literacy and development, based on educators' characteristics.
Findings showed significant improvements in educators' data literacy. Furthermore, the ‘knowledge gap’
between educators with a master's degree versus higher education was closed, just as the gap between
teachers and school leaders.

© 2017 Elsevier Ltd. All rights reserved.
1. Introduction

Although schools are increasingly expected to use data to guide
their education, many educators do not feel prepared to use data to
inform their practice (Earl& Fullan, 2003; Ikemoto&Marsh, 2007),
struggle with the use of data (Huguet, Marsh, & Farrell, 2014), and
have shown to lack testing and measurement knowledge required
for effective data use (Daniel & King, 1998; Ol�ah, Lawrence, &
Riggan, 2010; Supovitz, 2012). Relatively little attention is dedi-
cated to the preparation of educators in the use of data during their
pre-service training (Mandinach & Gummer, 2013a; Mandinach,
Gummer, & Muller, 2011; Popham, 2011). Thus, in order to
develop their “human capacity to use data”, professional develop-
ment is essential (Mandinach & Gummer, 2013b, p. 21).
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In the Netherlands, a comprehensive intervention aimed at
implementing data-based decision making (DBDM) was developed
and implemented in 101 primary schools. Development of partic-
ipants' data literacy was stimulated throughout the intervention.
This study focused on investigating changes in participants' data
literacy as a result of the DBDM-intervention, and at exploring
differences in initial scores and the changes in scores, based on
educators' characteristics.
2. Theoretical framework

First, the DBDM-intervention will be described shortly. In the
sections thereafter, the conceptual framework with regard to ‘data
literacy for teaching’ is discussed, just as the evidence on data lit-
eracy development and its effects. An operational definition, taking
the context of primary education in the Netherlands into account, is
developed for the purpose of this study. The section ends with an
overview of the research questions and hypotheses.
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2.1. The intervention

This study was conducted within the context of a comprehen-
sive professional development intervention: a two-year training
course for entire primary school teams, aimed at developing the
knowledge and skills for data-based decision making, and imple-
menting and sustaining DBDM in the school organization. A sche-
matic overview of DBDM is depicted in Fig. 1 (van Geel, Keuning,
Visscher, & Fox, 2016). DBDM is intended to be implemented as a
systematic approach. At class, school and board levels, data are
supposed to be analyzed, and these analyses form the basis for
setting goals, adapting instruction, adapting the curriculum, eval-
uating the effectiveness of programs and practices, improving
policy, and reallocating time and resources as necessary (Earl &
Katz, 2006; Hamilton et al., 2009; Ikemoto & Marsh, 2007;
Mandinach et al., 2011). The final step is to implement and
execute the chosen strategies. Furthermore, data are also supposed
to be used for monitoring and evaluating the effectiveness and
outcomes of the implemented actions.

As Mandinach and Gummer (2016) describe, data literacy plays
an important role in all steps of the inquiry cycle. Throughout the
DBDM-intervention, participants' data literacy was stimulated. By
means of workshops on tests, scores, and analyses, participants
learned the value of different sources of data and how to interpret
these. They furthermore learned how to use the student moni-
toring system (SMS) and interpret SMS output. Student perfor-
mance from the SMS was compared to other sources of data, such
as curriculum based tests, classroom observations, and diagnostic
conversations. Subsequently, participants drew conclusions for
improving education and developed (instructional) plans based on
their analyses. These planswere executed in practice, and evaluated
by means of new data analyses. Participants were required to
analyze the performance data of their own students five times
during the two intervention years by following a data analysis
protocol, and they received individualized feedback on the results
of their analyses and the plans they developed. Trainers also
devoted time during project meetings to discuss common inter-
pretation mistakes with the entire school team. Twice per school
year, schoolwide student performance analyses and evaluations of
goals and plans were discussed in a team meeting.
2.2. The data literacy concept

There is wide-spread agreement about the importance and
relevance of educators being knowledgeable about testing,
assessment and data, and being able to use data correctly.
Mandinach and Gummer (2013b) noticed that the terms ‘data lit-
eracy’ and ‘assessment literacy' are often used interchangeably.
People often seem to think of only assessment data, when talking
about data in general. However, data use does not only concern
Fig. 1. Schematic ove
assessment results, but should involve a wide range of data
(Mandinach & Gummer, 2013b).

Assessment literacy is often defined in a statistical or technical
manner. In their evaluation of the effects of an instructional module
to enhance school personnel's assessment literacy, Zwick et al.
(2008) defined it as “understanding of the psychometric and sta-
tistical principles, needed for the correct interpretation of stan-
dardized test scores” (p.15). Interpreting test scores is a vital
component of assessment literacy (Sklar & Zwick, 2009), but
Popham (2011) took a broader perspective, which includes the
understanding of assessment concepts and procedures that influ-
ence educational decisions. This is also reflected in the description
used by Koh (2011), in which the emphasis lies more on teachers
being competent at developing and using assessment and scoring
rubrics, and to master evaluative skills to judge student
performance.

The concept of data literacy takes a broader perspective, and
comprises an array of knowledge and skills that are assumed to be
important for the effective use of data in education. For example,
Mandinach, Honey and Light (2006) stated that educators need to
be able to transform raw data into actionable knowledge, and
therefore that skills such as collecting and organizing data,
analyzing and summarizing data, and synthesizing and prioritizing
data are required. Mandinach (2012) expanded on this description
of data literacy by considering the knowledge and skills required for
the interpretation and use of data, and referred to this as ‘peda-
gogical data literacy’. This definition includes the transformation of
numbers, statistics and analysis outcomes into instructional stra-
tegies that meet the students' needs. Earl and Fullan (2003)
stressed that the “process of human interpretation and creating
meaning has to happen to change data into information and ulti-
mately into workable knowledge” (p.389).

Although there is no consensus among experts, the majority of
participants at a convening of experts organized by Mandinach and
Gummer (2013b) regarded assessment literacy as a component of
data literacy. The common conflation of data literacy and assess-
ment literacy, and the lack of a common, operational definition led
to the development of a conceptual framework on data literacy for
teaching by Gummer and Mandinach (2015). They argued that data
literacy is closely intertwined with other broad domains of teach-
ing, such as disciplinary knowledge, pedagogical content knowl-
edge, and understanding about student development. In their
conceptual framework, the domain of data use for teaching is
unpacked and presented as parts of the different steps in the in-
quiry cycle (Gummer & Mandinach, 2015; Mandinach & Gummer,
2016). At each step in this cycle, from identifying problems to us-
ing data, transforming data into information, transforming infor-
mation into decisions and evaluating outcomes, teachers require
specific knowledge and skills to make sense of the data they are
using. This knowledge and skills together form the domain of data
rview of DBDM.
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literacy for teaching.

2.3. Data literacy evidence

Although the systematic use of data is regarded as an important
characteristic of effective teachers, evidence on both the develop-
ment of data literacy as well as on the contribution of data literacy
to student achievement is scarce. Several studies have concluded
that teachers' fundamental testing and measurement knowledge is
insufficient (Daniel & King, 1998; Ol�ah et al., 2010; Supovitz, 2012),
and that relatively little attention during their pre-service training
is dedicated to the preparation of educators for the use of data
(Bron, van Geel, & Visscher, 2013; Mandinach et al., 2011;
Mandinach & Gummer, 2013a; Popham, 2011).

Empirical studies on developing data literacy points towards a
similar conclusion. For example, Zwick et al. (2008) evaluated the
effect of an instructional module about psychometric and statistical
principles, and found that these modules were effective for stu-
dents in teacher education preparation programs, but not for school
personnel. The scores of in-service teachers, with an average
experience of 11 years, were comparable to post-intervention
scores achieved by pre-service teachers. Apparently, these teach-
ers developed this knowledge during their work. On the other
hand, in the study by Gotch and French (2013) no correlation was
found between teaching experience and assessment literacy or
assessment self-efficacy. An empirical study by Koh (2011) revealed
that teachers who received ongoing, sustained professional devel-
opment over the course of two school years instead of one-shot
workshops, showed significant improvements in the use of
authentic assessment, quality of assessment, and student engage-
ment in learning. The importance of professional development to
build human capacity for data use is widely acknowledged
(Mandinach & Gummer, 2013b, p. 21). Therefore, the professional
development intervention as described abovewas developed at the
University of Twente.

2.4. Defining data literacy for this study

AsMandinach and Gummer (2013b) noted, ‘data literacy’ cannot
be defined without taking the landscape of data use into account.
For the purpose of this study, we combined insights from general
data literacy and assessment literature with the context charac-
teristics of data use in the Netherlands, as a basis for our oper-
ationalization of ‘data literacy’.

An important aspect in the context of primary education in the
Netherlands is the student monitoring system. Almost all primary
schools (94 percent, according to the Inspectorate of Education
(2016)) use this coherent set of tests for the longitudinal assess-
ment of students' achievement throughout all grades of primary
education, which was developed by the Central Institute of Test
Development (Kamphuis&Moelands, 2000). These tests, which are
usually taken twice a year (in January and in July), are available for
all core subjects (mathematics, reading, spelling and vocabulary).
The test results are converted into an ability scale for each subject
so that student progress can be monitored over grades and school
years (Kamphuis & Moelands, 2000). Although the results of some
of these tests are used for accountability purposes by the Inspec-
torate, the tests are clearly designed for monitoring student
achievement progress and analyzing patterns in achievement
across students and grades. The tests are therefore generally not
perceived as ‘high-stakes’ tests (Kamphuis & Moelands, 2000).

To process the collected data, tools are required to help educa-
tors organize, analyze, interpret and report data in meaningful
ways (Bernhardt, 2005; Mandinach, 2012). Student monitoring
system software is an example of such a technical tool. As
mentioned previously, the tests in the student monitoring system
enable educators to monitor students' progress throughout their
entire school career (Kamphuis & Moelands, 2000; Verhaeghe,
Schildkamp, Luyten, & Valcke, 2015). After taking a test, teachers
can store the student performance data in the SMS-software.
Graphs, tables and growth models representing various aspects of
student performance can then immediately be retrieved from the
system, and with the SMS-software it also is possible to compare
the scores of students and grades with national percentile scores.

Although there is a clear distinction between the student
monitoring system (a coherent set of tests) and the SMS-software
to analyze the results, in practice the term ‘student monitoring
system’ is used for both of these tools. In the remainder of this
paper, ‘student monitoring system’ and the abbreviation SMS are
used for the set of tests as well as the software used to analyze the
results.

In the working definition by Mandinach and Gummer (2016),
data literacy for teaching entails a range of skills, from being able to
interpret student achievement data correctly to using this data to
inform practice. In the context of the current study the focus is on a
subset of skills from this framework, related to using and inter-
preting assessment data from the student monitoring system. We
focused on teachers' knowledge about what kinds of analyses can
and cannot be done with the system, the correct interpretation of
graphs, tables, and other data representations, and relating scores
to benchmark data. These skills can be found in the framework by
Mandinach and Gummer (2016) under the components ‘Use Data’
(e.g. subcomponents ‘understand data properties’; ‘understand
how to access data’; ‘understand how to analyze data’), ‘Transform
Data into Information’ (e.g. element ‘understand data displays and
representations’), and ‘Transform Information into Decision’ (e.g.
elements ‘monitor student performance’; ‘diagnosis of students’
needs').

2.5. Research question and hypotheses

Since data literacy development of participants was one of the
explicit aims of the intervention, the research question was: can
data literacy of educators be improved, by means of an intensive
DBDM intervention?

It was expected that their data literacy levels would improve
during the intervention (hypothesis 1). Before DBDM was intro-
duced, often only school leaders and academic coaches used data
from a SMS to analyze student achievement. Staman, Visscher and
Luyten (2014) found that initial scores for school leaders and in-
ternal coaches were significantly higher than for teachers, a finding
we expect to replicate (hypothesis 2). Institutes for teacher training
in the Netherlands are institutes for higher education (universities
of applied science), with graduate level comparable to a bachelor's
degree, although the government stimulates educators to attain a
master's degree as well. It was expected that data literacy of edu-
cators with a master's degree would initially be higher, since they
would be more familiar with statistical concepts and graphical data
representations as compared to educators with higher education e

only limited attention is payed to statistics in higher education
curricula (hypothesis 3). Furthermore, it was expected that educa-
tors e especially prior to the intervention e would have benefited
from each other's expertise. As such, the general level of data lit-
eracy would be higher in schools in which teams consisted of more
highly educated staff. The proportion of team members that
completed a master-level education was therefore expected to be
positively associated with data literacy (hypothesis 4). The inter-
ventionwas aimed at reaching the same level of data literacy for all
participants, it was therefore expected that the ‘gap’ in data literacy
ability, based on educational level and function (hypothesis 5 and 6)
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would decrease. Furthermore, scores were controlled for school
background variables. Differences might be attributed to cohort
effects, since half of the schools started the intervention a school
year later. We also controlled for student monitoring system.
3. Method

3.1. Data collection

In order to determine participants' data literacy levels, a SMS
data literacy test was administered at both the beginning and end
of the intervention. Since three SMS software systems (C, E, and P)
are commonly used by schools in the Netherlands, three test ver-
sions were developed. The tests consisted of a set of general items
for all participants, and system specific questions for each of the
SMS software systems. Note that all three systems are used to
represent the scores on the same SMS tests, and that schools are
free to choose the program they prefer. The SMS data literacy tests
were developed in the summer of 2010 to be used in the first cohort
of the project (not included in this study). In the tests, data literacy
entails “knowing what kinds of analyses can and cannot be made
with the system, and interpreting graphs, tables, and other data
representations correctly”. The tests therefore consisted of two
parts: a) knowingwhich analyses can bemadewith the system (the
13 general data literacy items about possible analyses), and b) the
correct interpretation of results from the system (the two general
items about the interpretation of benchmarks, and the items about
the interpretation of software specific representations). Questions
were asked about the interpretation of outcomes from the analyses
at the school level, the classroom level, and the individual student-
level. Data literacy comprises many subskills, but was regarded as
one latent variable in the analysis of this test.

The ‘knowing which analyses are possible’ items were based on
general SMS software possibilities and common (mis)conceptions
about possibilities and interpretations. The two items about the
general interpretation of benchmarks were meant to measure the
interpretation and use of the letters indicating student perfor-
mance levels, related to the national average.1 For the software
specific interpretation items, data representations were used that
were expected to be common in DBDM practice, such as cross
sections, trend analyses, and overviews of achievement growth. In
Table 1, the number of general items and system specific items per
SMS test version are depicted.

The general items were shared across test versions. Some items
were about the general possibilities of the SMS system software, for
which the answer sometimes was the same across systems (for
example: “With the SMS, we can compare the scores of our stu-
dents with students in other countries, is this true or false?”, which
is false for all systems), and sometimes the correct answer differed
across systems (for example: “With the SMS, we can monitor stu-
dent scores for different subareas of the test, is this true or false?”,
which is true for systems C and E, but false for system P). Two items
were removed from the test prior to the analyses in this study,
because the correct answers changed over time due to software
updates. This left thirteen general data literacy items about possi-
bilities for the analysis. Out of these thirteen items, two had
different correct answers for different SMS's and were therefore
treated as system specific items.

The two other general items were not related to the software
1 The letters indicating levels are based on the distribution of student achieve-
ment. A ¼ top 25%; B ¼ 25% above average; C ¼ 25% below average; D ¼ 15% far
below average; E ¼ lowest scoring 10%. The national average lies between level B
and C.
system but about the general interpretation of performance levels
(for example: “Margot scored a level B on the previous test and now
scored a level C. What happened to her score, relative to the na-
tional average?”). These items are labeled as ‘interpreting bench-
marks’ in Table 1.

The items about analyses and representations in the specific
systems related to software possibilities were about the interpre-
tation of graphical representations of test results in the software
system (for example: “Based on the trend graph above, what can
you say about the scores of grade 3 in school year 2011-‘12,
compared to their scores in the previous school year?”). Because
the specific software possibilities differed across systems, the
number of items per system differed as well. The items about the
interpretation of analyses in the different systems were kept as
similar as possible, using representations of roughly the same in-
formation and asking the same types of questions about these
analyses.

Since the graphical data representations in system P changed
over time, two versions of this data literacy test were developed.
Test version P-pre was used as a pre-test, version P-post was used
as a post-test. Three out of ten system specific items for system P
were identical in both versions.

The thirteen general items about possibilities with the systems
were statements to which the respondents could respond by
choosing from true, false or I don't know. The two general items
about interpretation and benchmarks, and the items about analyses
in the specific systems were multiple choice questions, with three
or four answer choices, and the option “I don't know”. Responses
were scored dichotomously: 1 for a correct response and 0 for an
incorrect or missing response. The response “I don't know” alsowas
scored as zero.

Aside from the data literacy test, participants' background
characteristics such as gender, age, and educational level, were
collected by means of a questionnaire.

3.2. Sample

For this study, two cohorts of schools were used. The first cohort,
of 53 schools, was exposed to the intervention in the school years
2011-12-13, the second cohort, of 48 schools, in 2012-13-14. The
data literacy pretest was conducted at the start of the intervention,
in August 2011 (for cohort 1) and August 2012 (for cohort 2).
Posttests were conducted at the end of the intervention e in July
2013 (cohort 1) and July 2014 (cohort 2). Out of the total number of
1883 unique respondents, 1204 (64%) completed both the pre-test
and the post-test, 445 respondents (24%) only completed the pre-
test, and 234 (12%) only completed the posttest. For the purpose of
this study, only respondents who completed both pre-test and
post-test were included. Furthermore, only schools with five or
more respondents were included. This lead to a total of 1182 re-
spondents from 83 schools. An overview of the number of re-
spondents, and schools per system and measurement occasion can
be found in Table 2.

In Table 3, respondents' characteristics are presented. The ma-
jority of respondents were teachers and female, approximately
two-third of the respondents completed higher education, which is
the common educational level for primary school teachers in the
Netherlands. Since only 2.4% of the respondents were older than
60 years at the beginning of the intervention, the highest age
category was set to include participants aged 51 years and older.

3.3. Data analysis

3.3.1. Conceptual model
It was assumed that the data literacy test can be used tomeasure



Table 1
Overview of the number of items per category per data literacy test version.

Test version General Data Literacy Analyses in system C Analyses in system E Analyses
in system
P

Possibilities Interpreting benchmarks System specific

SMS C 11 2 2 15 0 0
SMS E 2 0 11 0
SMS P-pre 2 0 0 3 7
SMS P-post 0 0 7

Table 2
Overview of final number of respondents (and schools) per system and measure-
ment occasion.

Pre-test

SMS C SMS E SMS P Total

Cohort1 342 (24) 56 (3) 222 (18) 620 (45)
Cohort2 165 (13) 124 (9) 273 (16) 5621 (38)
Total 507 (37) 180 (12) 495 (34) 1182 (83)

Table 3
Overview of respondents' characteristics (final sample).

Respondents' characteristics (N ¼ 1182)

Gender
Male 14.1%
Female 85.9%

Education (highest level)
Master's degree 30.2%
Higher Education 60.3%
Education 8.7%

Function (highest)
School leader 8.9%
Internal coach 7.9%
Teacher 78.5%
Other 3.6%

Age (at pretest)
� 30 years 20.7%
31e40 years 24.5%
41e50 years 22.1%
� 51 years 32.8%
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the unidimensional, latent ability ‘SMS data literacy’. However,
because the tests consisted of three parts, of which two were
administered to all participants and one was SMS software specific,
raw scores were neither suitable for comparing scores of users
across different systems nor for comparing achievement over time.
For example, it is possible that items that were specific for system C
were easier than the items specific for system P, e.g. because the
graphical representations in the former system were easier to
interpret than those in the latter. Furthermore, educators were
nested within schools, requiring a multilevel analysis.

Fig. 2 depicts the conceptual model applied in this study. At both
the individual level as well as at the school level, pre-test and post-
test score correlated. Covariates at the individual level were gender,
age, educational level and function. At the school level, the effects
of cohort, proportion of master's, and the student monitoring sys-
tem used by the school were included.
3.3.2. Multivariate multi-level pre-post IRT model
In order to enable comparisons within and between re-

spondents, take the nested structure into account and to establish
different covariate effects for pre-test and post-test, a multi-level
IRT analysis, with a multivariate approach of the pre-post design,
was conducted.

As depicted in Fig. 2, the latent variable ‘data literacy’ was
measured at the educator level, with educators nested within
schools. This data structure required a multilevel analysis, since
item responses were clustered within educators, who in turn were
clustered within schools. Data literacy at the time of the pre-test
and post-test was measured using a two-parameter item
response model, while accounting for the multilevel design, rep-
resenting educators nested in schools, and item test differences
across measurement occasions.

For the pre-test, the difficulty and discrimination parameters for
item k ðk ¼ 1; :::; kpreÞ are denoted as bprek and aprek , respectively. The
data literacy of educator i in school j at the pre-test is denoted as
qpreij . The superscript post is used to refer to post-test characteristics.
The pre-test and post-test item response models were used to
measure the educator's data-literacy ability. The probability of a
correct response to item k on the pre-test and the post-test, by
educator i of school j is given by

P
�
Ypre
ijk ¼ 1

���qpreij ; aprek ; bprek

�
¼ F

�
aprek qpreij � bprek

�
;

P
�
Ypost
ijk ¼ 1

���qpostij ; apostk ; bpostk

�
¼ F

�
apostk qpostij � bpostk

�
;

respectively. The Fð:Þ denotes the cumulative normal distribution
function, and for each item response model the success probability
depends on the occasion-specific item parameters and the educa-
tor's data-literacy ability.

To ensure that the pre-test and post-test data-literacy latent
variables were measured on the same scale, anchor items were
selected for which parameters were fixed across measurement
occasions. The anchor items were used to link the pre-test and
post-test scales. Furthermore, educators and schools were
measured on both occasions, which led to correlated measure-
ments at the level of educators and schools. Therefore, as depicted
in Fig. 2, pre- and post-test measurements were assumed to be
correlated at the school level as well as the educator level. A
multivariate multilevel modeling approach was defined to control
for these correlations. At the level of educators, a multivariate
distribution was assumed for the latent variables for the pre- and
post-test measurement, which is given by

qpreij ¼ bpre0j þ Xpre
ij bpre1 þ epreij

qpostij ¼ bpost0j þ Xpost
ij bpost1 þ epostij

where the educator and school-level explanatory variables are
given by Xpre and Xpost for both occasions. The error terms were
assumed to be multivariate normally distributed to model the
correlation between the educator's data-literacy ability at the pre-
and post-measurement occasion. That is;

 
epreij

epostij

!
� N

 �
0
0

�
;

 
t2pre tq
tq t2post

!!
;

where the occasion-specific parameters t2pre and t2post represent the
error variances. The parameter tq represents the covariance



Fig. 2. Conceptual model.
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between educator's measurements, while controlling for differ-
ences by the mean terms including the explanatory variables.

The random school components ðbpre0j ; b
post
0j Þ describe the

average performance of the school's educators at both occasions,
while controlling for differences between educators and controlling
for possible differences in effects of the occasion-specific explana-
tory variables. The random school components were also assumed
to be multivariate normally distributed to address the correlation
between the pre-test and post-test measurements of the same
school. This multivariate level-2 part is given by

 
bpre0j

bpost0j

!
� N

  
gpre0
gpost0

!
;

 
s2pre sb
sb s2post

!!
;

where gpre
0 and gpost

0 are the expected population-average scores on
the pre-test and post-test, respectively. The covariance matrix
represents the variability in school's data literacy on the pre-test
and post-test, and sb represents the covariance between pre and
post-test scores at the school level.
The pre and post-test measurements are defined on the same

scale, since anchor items are used to link the scales. The scale is
identified by fixing the mean to zero and variance to one for the
pre-test. This is a common identifying restriction in multiple-group
IRT modeling (Azevedo, Andrade, & Fox, 2012; Bock & Zimowski,
1997; Reise, Widaman, & Pugh, 1993). Therefore, gpre

0 ¼ 0 and the
total variance of the pre-test measurements is restricted to one,
where the total variance is represented by the variance compo-
nents at the different levels. The restriction on the total latent
variance for the pretest is included in the estimation method. That
is, the pre-test measurements are rescaled to have a mean of zero
and a variance of one during the estimation of the model param-
eters. Since the parameter gpre

0 is fixed to zero, the parameter gpost
0

represents the average pre-post effect, representing the average
score differences between the pre- and post-measurements given
the explanatory variables.

The multivariate two-level model for the latent pre- and post-
test measurement can be stated as a multivariate regression



2 The (Bayesian) HPD interval provides information about the most likely
parameter values given the posterior information. The true parameter value is with
95% probability likely to be different from zero when zero is not included in the
parameter's 95% HPD interval. This will be referred to as a significant effect.
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model with error components at different levels; that is,

�
qpreij ; qpostij

�
¼
�
Xpre
ij bpre

;Xpost
ij bpost

�
þ
�
upre0j ;u

post
0j

�
þ
�
epreij ; epostij

�
;

where the two error components at the educator and school level
are multivariate normally distributed to model the correlation be-
tween educator's measurements and school measurements. The
school and educator measurements are on a common scale due to
the anchor items, and due to the correlation between
measurements.

Schools and educators within each school were tested during
the pre-test and post-test. Therefore, the covariance between those
measurements is complex since educators are nested in schools.
The covariance between the pretest and posttest measurements of
school j is given by

Var
�
qprej ;qpostj

�
¼
�
S11 S12
S21 S22

�

¼
"
t2preInj þ s2preJnj tqInj þ sbJn
tqInj þ sbJnj t2postInj þ s2postJnj

#

where Inj is the identity matrix of dimension nj and Jnj
a matrix of

ones of dimension nj. The covariance matrices S11 and S22 define
the correlation between pre-test and post-test measurements due
to the nesting of educators in schools, respectively. The covariance
matrix S12, which represents the covariance between the posttest
and pretest measurements of school j, has on the diagonal tq to
model the correlation between each educator's pretest and posttest
measurement. The non-diagonal terms describe the covariance
between measurements of school j at the pre- and post-test.

In this multivariate multilevel modeling approach, pre- and
post-test measurements are jointly modeled at each (hierarchical)
level of the model, which means that educator and school pre-test
and post-test measurements are each jointly modeled. Here, the
repeated measurements, made at both modeling levels, are also
clustered in a cross-sectional way at each measurement occasion.
Both pre-post models extend themultilevel item responsemodel of
Fox and Glas (2001) and Fox (2010).

Multivariate analysis of pre- and post-test scores has the
advantage that covariates (such as educational level, gender and
age) can be added independently at both measurement occasions.
The effect therefore can also differ across occasions, and the effects
of these variables at both pre-test and post-test can be compared.
Furthermore, in multivariate analysis the measurement errors of
both measurement occasions are taken into account. Differential
measurement errors are allowed at the level of schools and edu-
cators. It is also possible to include time-invariant and time-variant
explanatory variables, which can differ in their effects on the pre
and post measurement.

In the traditional change score method (e.g. Allison, 1990), the
difference score bpost0j � bpre0j or qpostij � qpreij would be considered as a
dependent variable, since the change score method is not devel-
oped for clustered outcomes. The linear regression of the change
scores on the predictors ignores the differential measurement error
of educator and/or school scores. This will lead to biased estimates
of pre-post effects. Furthermore, when effects of explanatory var-
iables are not invariant from the pre to posttest, they need to be
included to account for differences between the two occasions. In
the change score method, it is only possible to address effects of
pre-posttest differences in explanatory variables, but not of the
actual effects at each occasion. This complicates the interpretation
of the effects of explanatory variables. Time-invariant explanatory
variables will drop out of the equation, although their effects might
be different for the pre and posttest.

In the so-called regressor variable approach, the pre measure-
ment is used as a control variable, which implies that bpost0j is
regressed on bpre0j (or of qpostij on qpreij ) and explanatory variables, to
make inferences about changes in school performances. Again, the
regressor variable approach has not been developed for clustered
outcomes. It also follows that the measurement error associated
with the premeasurement can produce biased estimates of the pre-
post effect. Furthermore, in correspondence to the changes score
method, the inclusion of explanatory variables is restricted to
changes in the variables measured at both occasions. The regressor
variable approach is implied by the multivariate model.

When considering the conditional distribution of qpostij given qprej ,
it follows that the conditionally expected measurement for
educator i in school j at the post test given the pre-test measure-
ments of all educators of school j is given by

E
�
qpostij

���qprej

�
¼ Xpost

ij bpost þ S12S
�1
11

�
qprej � Xpre

ij bpre
�
; (0.1)

where the covariance between pre and post measurement is
defined by the covariance between the educator's measurements
but also between the school's measurements. So, beside the
covariance between educator's measurements, the covariance be-
tween the school's measurements contribute to the covariance
between an educator's post-test measurement and the pre-test
measurements of school j. School j is measured at the pre-test
and the post-test, which lead to correlated measurements of
school j. Subsequently, each educator's post-test measurement is
related to all pre-test measurements of school j.

3.3.2.1. Statistical inferences from the pre-post model.
Following the procedure as described, Bayesian inferences can be
made by computing characteristics of the posterior distribution of
the model parameters. The estimated posterior means are used as
estimates of the model parameters. Bayesian 95% confidence in-
tervals (i.e., highest posterior density (HPD) intervals) can be
calculated, where each point inside the interval has a higher pos-
terior density value than excluded points (e.g. Fox, 2010, p. 59). The
95% HPD intervals can be used to evaluate whether estimated pa-
rameters are significantly different from zero.2 This procedure is
used to evaluate whether effects of predictor variables are signifi-
cantly different from zero. Explanatory variables without a signif-
icant effect on both pre- and posttest factor scores, can be excluded
from the model. Furthermore, the estimated characteristics of the
posterior distribution of the difference between pre-test and post-
test parameters can be used to evaluate whether predictor effects
differ across occasions. It follows that this procedure is specifically
useful in multivariate multilevel modeling, where an interest is in
the differential effects of predictors across measurement occasions.

The emptymodel can be used to investigate the amount of level-
1 variance between educators and level-2 variance between
schools. By considering the cross-sectional clustering at the pre and
post-test occasion, the intra-class correlation coefficient at the pre
and post measurement can be defined as

rpre ¼
s2pre

s2pre þ t2pre
; and rpost ¼

s2post

s2post þ t2post
:



Table 4
Results simulation study for the parameter recovery of the pre post multivariate
multilevel model.

True values Estimated values (over 50
replications)

pre post pre post

Mean SD Mean SD

Fixed effects
Intercept 0.000 0.047 0.000 0.001 0.040 0.036
Covariate 1 1.049 0.888 1.031 0.080 0.856 0.085

Random effects
Lvl-1 variance 1.0 0.8 1.016 0.057 0.796 0.098
Lvl-2 variance 0.5 0.3 0.511 0.093 0.314 0.068

Covariance lvl-1 0.30 0.241 0.040
Correlation lvl-1 0.34 0.268 0.037
Covariance lvl-2 0.15 0.178 0.049
Correlation lvl-2 0.39 0.450 0.094
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They represent the proportional amount of variance explained
by the clustering of educators in schools. Following Snijders and
Bosker (1999, pp. 102e103), the proportional reduction in vari-
ance at each level can be computed to quantify the relevance of
explanatory variables included in the model, at the level of edu-
cators or schools.
3.3.3. Simulation study
A Markov Chain Monte Carlo (MCMC) algorithmwas developed

to estimate all parameters, which was also used to obtain sampled
values of functions of parameters. This was used to compute the
intra-class correlations and the proportional reductions in level-1
and level-2 variances. The MCMC algorithm is an extension of the
MCMC methods for multilevel IRT models (e.g., Fox & Glas, 2001;
Fox 2010; Stone & Zhu, 2015) and the pre-post multivariate
multilevel IRT model.

A simulation study was carried out to investigate the parameter
recovery performance of the developed MCMC algorithm. There-
fore, a total of 50 data sets were simulated according to the model
with true parameter values as given in Table 4. Each simulated data
set consisted of 1000 educators, nested in 100 schools, and edu-
cators' dichotomous item responses were generated for 10 items on
the pre and posttest. For each data set, theMCMC algorithmwas ran
for 5000 iterations, a burn-in period of 1000 iterations was used,
and the remaining sampled values from the posterior distributions
were used to estimate the model parameters and standard de-
viations. The reported estimates in Table 4 are the pooled values,
where the average is taken over the estimates corresponding to the
50 generated data sets.

It can be seen from Table 4 that the true parameter values were
well recovered. It was concluded that the developed MCMC algo-
rithm produced correct estimates for the parameters of the pre-
post multivariate multilevel IRT model.
Table 5
Overview of the final number of items per category per data literacy test version.

Test version General Data Literacy

Possibilities Interpreting benchmarks System spec

SMS C 10 2 1
SMS E 1
SMS P-pre 2
SMS P-post
3.3.4. Missing data
Missing answers were scored as incorrect. Furthermore, a

missing data matrix was defined, indicating missing by design for
the system E and P specific items for respondents who worked at
schools with system C, and so on for users of system E and P.
Missing data with regards to covariates were replaced with the
most common value: female, teacher, higher education and �51
years old.

3.3.5. Inclusion of items
The first step was to determine whether discrimination and

difficulty parameters were acceptable for all items. Based on an
empty model with all general items set as invariant, items were
removed when discrimination parameters were below 0.30 at all
moments the itemwas administered (three items in total) or when
the difficulty was below �3 or higher than 3 (one item). In Table 5,
the final number of items per category for each test version is
presented.

3.3.6. Selection of anchor items
After determining the final set of items, the items that would be

set as invariant across measurements were selected. It was the aim
to select the five general items with the highest factor loadings as
anchor items. The stability of the intended anchor items was tested
by comparing item parameter estimates across different combina-
tions of anchor items, selected from all general items. There was
some variability detected in item parameter estimates over
different anchor settings, which is partly caused by the sample size
and sampling error. The mean estimated posterior standard devi-
ation of the difference in item parameter estimates was approxi-
mately 0.10 and 0.11 for the discrimination and difficulty
parameter, respectively. So, some item parameter differences were
expected due to sampling error. The maximum difference in dis-
criminations was approximately 0.2. Under one anchor specifica-
tion, items with a low difficulty value showed more variation in
estimates, with a maximum of 0.4. This was caused by the fact that
in this setting all specified anchors had low discrimination values,
which led to a larger difference in estimated pretest and posttest
item difficulties of the non-anchor items, compared to differences
obtained with anchors with higher discrimination values. Subse-
quently, this also led to larger differences in item difficulty esti-
mates when comparing the estimates with those obtained under
another anchor setting. As a result, the five items were considered
appropriate anchor items.

An extensive description of item parameter estimates and esti-
mates of standard errors of the construct estimates can be found as
Supplementary material.

4. Results

4.1. Empty model

The first step was to identify the empty model, in order to
explain variance at the school and educator levels at the time of the
Analyses in system C Analyses in system E Analyses
in system
P

ific

15 0 0
0 11 0
0 0 3 7
0 0 6



Table 6
Empty model.

Pre-test Post-test

Estimate SD HPD
min

HPD
max

Estimate SD HPD
min

HPD
max

Fixed effects
Intercept 0.002 0.054 [-0.101, 0.106] 1.362 0.111 [1.142, 1.580]

Random effects
Level2 variance (schools) 0.148 0.034 [0.086, 0.214] 0.177 0.049 [0.095, 0.274]
Level1 variance (educators) 0.881 0.038 [0.808, 0.958] 1.435 0.147 [1.176, 1.721]
Intra Class Correlation 0.144 0.110

Level1 covariance pre-post 0.598 0.052 [0.497, 0.702]
Level1 correlation pre-post 0.533 0.035 [0.466, 0.601]

Level2 covariance pre-post 0.102 0.031 [0.046, 0.161]
Level2 correlation pre-post 0.632 0.133 [0.375, 0.887]

Fig. 3. Pre-test and post-test scores for four different schools. Reference line (grey, straight line) with intercept 0 and slope 1. Dotted line represents population intercept and slope,
dashed line represents intercept and slope for selected school, fitted area was printed bold.
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pre-test and post-test, and to identify overall differences in pre-test
and post-test scores, without taking covariates into account. The
results for the empty model are presented in Table 6.

The nested structure of the data, with responses nested in
educators, and educators nested in schools, is captured by two
random effects per measurement occasion: the random effect at
the school level ðbpreoj ; bpost0j Þ and at the educator level ðqpreij ; qpostij Þ.
The random effect variances indicate that the largest part of the



Table 7
Final model (Model 5).

Pre-test Post-test Changes in covariate effects

Estimate SD HPD
min

HPD
max

Estimate SD HPD
min

HPD
max

Estimate SD HPD
min

HPD
max

Fixed effects (Level2)
Intercept �0.077 0.104 �0.275 0.124 1.429 0.185 1.102 1.805

Covariates (Level1)
Education e Lower Voc. �0.933* 0.107 �1.146 �0.740 �0.695* 0.142 �0.975 �0.422 0.238 0.185 �0.126 0.592
Education e Master 0.276* 0.068 0.135 0.399 0.185 0.094 0.000 0.365 �0.091 0.119 �0.327 0.133

Function e Other �0.035 0.160 �0.348 0.281 �0.369 0.201 �0.776 0.002 �0.334 0.259 �0.840 0.181
Function e Academic coach 0.835* 0.113 0.611 1.056 0.747* 0.159 0.437 1.053 �0.088 0.196 �0.475 0.288
Function e School leader 0.511* 0.108 0.310 0.725 0.162 0.154 �0.139 0.460 �0.349* 0.189 �0.731 �0.002

Gender e female �0.223* 0.082 �0.384 �0.068 �0.223 0.128 �0.481 0.019 0.000 0.158 �0.301 0.313

Age �30 0.161 0.086 �0.009 0.328 0.274* 0.124 0.023 0.514 0.112 0.157 �0.198 0.409
Age 31-40 0.147 0.081 �0.014 0.299 0.129 0.119 �0.117 0.360 �0.019 0.148 �0.299 0.266
Age �51 �0.237* 0.076 �0.388 �0.084 �0.472* 0.107 �0.691 �0.270 �0.236 0.134 �0.495 0.024

Covariates (Level2)
Cohort (FII ¼ ref) 0.328* 0.081 0.167 0.483 0.296* 0.109 0.085 0.510 �0.032 0.123 �0.269 0.210

Random effects
Level2 variance (schools) 0.094 0.022 0.055 0.135 0.133 0.038 0.069 0.213
Level1 variance (educators) 0.650 0.030 0.594 0.711 1.201 0.127 0.946 1.432
Intra Class Correlation 0.126 0.100

Level1 covariance pre-post 0.393 0.039 0.318 0.471
Level1 correlation pre-post 0.446 0.036 0.369 0.511
Level1 pre-post effect 0.606 0.065 0.482 0.732

Level2 covariance pre-post 0.053 0.021 0.014 0.096
Level2 correlation pre-post 0.474 0.153 0.161 0.747
Level2 pre-post effect 0.576 0.235 0.175 1.070

Note: * indicates that zero is not included in the 95% highest posterior density interval.
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variance is explained at the individual level. The level-1 random
effect identifies the clustering of responses within subjects.

The intraclass correlation was used to explain the proportion of
variance due to the clustering of educators within schools. For the
pre-test, 14.4% of variance was explained by this clustering and at
the post-test this was 11.0%, indicating that post-test scores were
less clustered at the school level. Thus, the individual level
explained more of the variation in scores on the post-test.

For all models, the mean and variance of the latent scale of the
pretest was fixed to identify the scale. Since the model identifica-
tion was not directly implied on the intercept parameter, the esti-
mated intercept for the pre-test was 0.002 (SD 0.054), and almost
equal to zero. At the post-test the estimated intercept was 1.362 (SD
0.111). The estimated intercept at the post-test implies that,
without controlling for background characteristics, data literacy
ability increased compared to the pre-test. On average across ed-
ucators and schools, the population score on the post-test is
significantly higher. For illustrative purposes, we plotted the pre-
test and post-test scores for four different schools in Fig. 3. The
diamonds represent educator scores, the dotted line represents the
pre-post regression line over the entire population, and the dashed
line represents the pre-post regression line for the school where
the fitted area is plotted as a straight, bold line. Note that the pre-
post regression lines follow from the multivariate modeling
approach.

The pre-post regression slopes differ over schools. For schools
with positive (negative), steep pre-post slopes, the high-scoring
(low-scoring) educators on the pretest showed most improve-
ment. So, for schools with different pretest scores, a substantially
different increase in the score can be expected across schools.
4.2. Adding covariates

In subsequent models, covariates were added step-wise, and
variables with non-significant effects at both the time of the pre-
test and post-test were excluded from the next model.
Individual-level covariates were introduced before adding school-
level covariates. First, educators' educational level was added, in
the next model, function was included as well. In model 3 and 4,
educators' gender and agewere added subsequently. All individual-
level covariates showed significant effects. In model 5, we
controlled for cohort, which appeared to be a significant covariate.
Model 6 also included the student monitoring system, but this was
not significant and therefore not included in model 7, in which the
proportion of master-level educators at the school level was added.
This was also not significant, therefore model 5 was chosen as the
final model.

When comparing model 5 with the empty model, the propor-
tional reduction in variance at the educator level was 0.262 for the
pre-test ðR2pre;1Þ, and 0.163 for the post-test ðR2post;1Þ. At level 2
(school level), the proportional reduction in variance was 0.365 for
the pre-test ðR2pre;2Þ and 0.248 for the post-test ðR2post;2Þ. This in-
dicates that the covariates explained more variance for the pre-test
than the post-test.

In this final model (see Table 7), the intercept at the pre-test
was �0.077 (SD 0.104) and the intercept at the post-test was
1.429 (SD 0.185), indicating a significant increase in data literacy.
The intercept can be interpreted as the data literacy ability scores
for male teachers, aged 41e50, with higher education, working in a
school from cohort 1. Covariates can be used to explain individual
differences. We will describe the effects for each covariate
separately.

Education. Educators with lower vocational education scored



M. van Geel et al. / Teaching and Teacher Education 64 (2017) 187e198 197
significantly lower than educators with higher education, both on
the pre-test as well as on the post-test. On the pre-test, people with
a master's degree scored significantly higher than educators with
higher education. Although the change in the effect of attaining a
master's degree was not significant, the difference between edu-
cators with a higher education and master's degree was no longer
significant at the time of the post-test.

Function. Academic coaches and school leaders outperformed
teachers on the pre-test, whose scores were statistically compara-
ble to the scores of people with ‘other’ functions at the school. On
the post-test, academic coaches again scored significantly higher
than teachers. The scores of the school leaders did not deviate from
teachers' scores significantly, and this school leader effect itself was
significantly smaller than at the time of the pre-test.

Gender. Female educators scored lower than their male col-
leagues, this difference was significant on the pre-test, but not on
the post-test. However, the change in the effect of gender was not
significant.

Age. On the pre-test, only the group of educators who are 51
years or older, scored significantly lower than the reference group
of 41e50 years old. This effect remained for the post-test and was
even larger during that measurement (�0.47 as opposed to �0.24
for the pre-test), but on the post-test, educators aged 30 years and
younger also outperformed the age groups of 41e50 and �51 years
old. The change in effects between the two measurement occasions
was not significant for any age group.

Cohort. Educators in the second cohort scored significantly
higher than educators in the first cohort. This effect was similar for
both the pre-test and post-test.

Conditional on the effects of the explanatory variables, the ed-
ucator's and school's pretest-posttest scores are correlated with a
correlation of 0.446 and 0.474, respectively. So, the correlation
between individual pretest-posttest scores was almost equal to the
correlation between school-average pretest-posttest scores. The
computed (conditional) pre-post regression effects (from the
regression of posttest scores on pretest scores given explanatory
variables) show that within schools the relationship between
pretest-posttest scores was also similar to the relationship across
schools. When increasing the performance on the pretest, the ex-
pected improvement on the posttest is almost identical for both
educators and schools.
5. Discussion and conclusion

Data literacy is one of the preconditions for the successful
implementation of data-based decision making. The [DBDM-
intervention] was explicitly aimed at fulfilling preconditions in
order to enable DBDM in the participating schools, and the current
study was focused on investigating the effects of the intervention
on the data literacy of participants.
5.1. Limitations

The main limitation of the current study is our narrow oper-
ationalization in order to measure participant's data literacy. As
Gummer and Mandinach (2015) rightfully notice, when applying a
narrow definition, there is a risk that the instrument is artificial and
not representative of the practice any more. Although data literacy
comprises many more than knowledge about the student moni-
toring system, interpreting the SMS output, and relating scores to
benchmarks, the definition as used in this study fits the basic
context of data literacy in primary education in the Netherlands.
Furthermore, this definition enabled us to measure data literacy
among a large group of respondents.
5.2. Conclusions

In the current study, we investigated the changes in educators'
data literacy during an intensive DBDM-intervention. The first hy-
pothesis (participant's data literacy will improve during the inter-
vention) was clearly supported, results indicated a large increase in
overall participants' data literacy.

By means of multivariate multi-level latent pre-post analysis,
covariate effects for pre-test and post-test could be determined
separately. This enabled the comparison of the covariate effects
across measurement occasions and allowed us to investigate hy-
potheses related to ‘closing the gap’ based on educational level and
function. Two hypotheses regarding initial data literacy were
formulated. Both hypothesis 2 (data literacy of educators with a
master's degree initially will be higher) and 3 (initial data literacy will
be higher for school leaders and academic coaches than for teachers)
were supported, this was in line with previous research (Staman,
Visscher & Luyten, 2014).

At the school level, the proportion of team members that had
attained a master-level education was expected to be positively
associated with data literacy (hypothesis 4). The effect of the pro-
portion of master-level educators was positive, but far from sig-
nificant. Apparently, having amaster's degreewas only beneficial to
those educators themselves. There were no significant differences
between data literacy in schools with small and large proportions
of educators with a master's degree. Hypothesis 4 therefore was
rejected.

The final two hypotheses concerned an expected decrease in the
effects of educational level and function (hypothesis 5 and 6).
Although the changes in effects of educational level were not sig-
nificant, at the post-test, there was no significant effect of having a
master's degree as opposed to having followed higher education.
The ‘data literacy gap’ between attaining a master's degree and
completing higher education therefore seems ‘closed’. Regarding
function, school leader data literacy at the post-test was compa-
rable to teacher data literacy, whereas school leaders significantly
outperformed teachers on the pre-test. The change in school leader
effect was significant as well. The difference between teachers and
academic coaches remained significant, in favor of the academic
coaches.

Furthermore, differences in changes in data literacy across ed-
ucators and student monitoring systems were explored. Overall,
female educators showed lower data literacy scores than their male
colleagues, and educators aged 51 years and older scored signifi-
cantly lower than younger educators. At the post-test, educators
aged 30 years and younger, outperformed their colleagues in the
age groups 41e50 and 51 and older. Because three different SMS's
are commonly used, it was investigated whether scores across
systems differed. This was not the case; no significant differences
were found across student monitoring systems.

This study showed that providing an intensive, long-term pro-
fessional development trajectory, aimed at directly applying new
skills in the context of participants' own school, can lead to sig-
nificant improvements in educators' data literacy with regard to
SMS data. Initial differences in scores, based on education and
function, were not apparent on the post-test. Educators' data lit-
eracy was more alike, indicating that this ability can be developed
and that all educators can reach the same level.

5.3. Implications

The relevance of data literacy is widely acknowledged. In the
present study, the data literacy test was used as an instrument for
research purposes. In future research, it would be interesting and
relevant to use the test items from this study to conduct standard-
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setting procedures, and to, for example, determine what would be
the required starting level of data literacy for beginning teachers.
The data literacy test as developed here can then be used in pre-
service teacher training, to adapt their own education based on
the outcomes of the tests.

Furthermore, since the ultimate aim of DBDM is to maximize
student achievement, in a future study we have planned to inves-
tigate the relationship between educator data literacy and
improved student achievement gains during the DBDM
intervention.

Appendix A. Supplementary data

Supplementary data related to this article can be found at http://
dx.doi.org/10.1016/j.tate.2017.02.015.
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