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This systematic review examines the impact of data literacy training on
teachers’ and pre-service teachers’ decision-making skills. Data literacy,
essential for effective teaching, involves formulating questions, collecting
relevant data, and making informed decisions. The review analyzed 16 studies
published between 2014 and 2023, selected from Web of Science, Scopus,
and EBSCOhost. Findings indicate that structured decision-making models,
authentic contexts, collaborative learning, and long-term follow-up are the
most effective strategies, leading to significant improvements in self-efficacy
and knowledge. Programs emphasizing real-world data applications and
structured instructional support had the greatest impact on teachers’ confidence
and ability to use data for pedagogical decision-making. However, a gap remains
in explicitly fostering decision-making skills, as many studies prioritized data
analysis over instructional application. These results highlight the need for
training programs that integrate structured decision-making into data literacy
frameworks, ensuring teachers not only analyze data but also apply it effectively.
Future research should focus on developing standardized assessment tools and
conducting long-term studies to evaluate the lasting impact of data literacy
training on teaching practices.

KEYWORDS
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1 Introduction

This article presents a systematic review of the role of data literacy training for
teachers and future teachers in the development of their decision-making tools. In
general terms, data can be understood in the educational context as the foundation
of the information that educational institutions use to support their decisions. This
information may include aspects related to students, institutions, and teachers, among
others (Schildkamp and Ehren, 2013). Some examples of information used for decision-
making include "state achievement tests, locally developed periodic assessments, exams,
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questionnaires, disciplinary records, parent information, and
teacher observations" (Jimerson and Wayman, 2015).

However, access to data does not guarantee its effective use
in educational decision-making. The increasing generation of
information in the school environment presents the challenge
of transforming this data into useful knowledge to improve
teaching and educational management. Currently, one of the
major challenges faced by educational institutions is the high
availability of data and the need to process it properly so that it
contributes to improving the system, benefiting students, teachers,
and administrators alike (Romero and Ventura, 2020).

Proper data management and use in education is not only
an institutional challenge but has also drawn the attention of
international organizations due to its impact on equity and
learning quality. In this regard, the United Nations Children’s Fund
(UNICEF) has promoted technical support in different countries to
strengthen the efficient and transparent use of data, enabling better
decision-making that helps reduce inequity gaps and improve
learning processes (Jarousse et al., 2019). However, technological
advancements have accelerated the process of digitalization in
education, leading to an increasing volume of data that teachers
must manage to improve teaching and learning (Mandinach and
Gummer, 2016; Mandinach and Schildkamp, 2021). Access to large
volumes of data represents a significant challenge, as not all teachers
have the necessary training to interpret and integrate this data
effectively into pedagogical decision-making (Espin et al., 2017;
Reeves and Chiang, 2018).

The ability to effectively use data in educational decision-
making is not only a challenge but also an opportunity to enhance
teaching and student learning outcomes. Studies suggest that when
teachers receive adequate data literacy training, they are better
prepared to analyze student achievement data, adjust instructional
strategies, and provide targeted training that improve learning
(Filderman et al., 2021; Oslund et al., 2020).

Despite the proliferation of digital platforms and learning
management systems (LMS) that generate detailed information
on student performance, many teachers struggle to interpret
this data, which can lead to misinterpretations and ineffective
pedagogical decisions (Barragan-Giraldo et al., 2024; Vanlommel
and Schildkamp, 2018). Furthermore, the increasing use of artificial
intelligence and machine learning tools in education has added
complexity to data-driven decision-making, requiring a higher
level of digital and statistical literacy among teachers (Bit et al.,
2024; Harry and Sayudin, 2023). Nevertheless, the lack of specific
training in data literacy in teacher education programs and ongoing
professional development has created a skills gap that hinders the
effective integration of data into educational practice (Lores Gomez
et al,, 2019; Raffaghelli, 2020). Jimerson (2014) observes that some
teachers perceive data more as a control mechanism than as a
tool for improvement, generating resistance and distrust, especially
when data is used to evaluate performance without sufficient
context or support.

In response to these challenges, various previous reviews
have examined the use of data in education to understand
its impact and improve its integration into teaching practice.
However, most of these reviews have taken a broad approach,
focusing on the conceptualization of the data literacy construct
or the overall effectiveness of training. Henderson and Corry
(2021) identified that teacher training in data literacy has
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prioritized assessment literacy over a comprehensive approach
to decision-making. Meanwhile, Ansyari et al. (2020) examined
the impact of professional development training in data literacy,
highlighting improvements in teacher self-efficacy but without
specifically evaluating their influence on decision-making processes
in pedagogical practice.

This review advances the understanding of the impact of
data literacy training by taking a more focused approach to
its relationship with teachers and future teachers ability to
make informed decisions. Building on previous studies that have
explored data literacy in a broader sense, this review examines
how data literacy training has been designed to enhance decision-
making skills, considering factors such as attitudes, self-efficacy,
and knowledge of data use. In doing so, it not only expands
knowledge on the effects of data literacy on educational practice
but also contributes to a more precise characterization of the
mechanisms that facilitate or hinder its incorporation into teachers’
decision-making processes.

To achieve this objective, a research question has been
formulated following the PICOS strategy, which facilitates the
selection of terms for searching articles in academic databases
(Gallagher and Melnyk, 2019). The research question guiding this
study is: What are the reported effects of data literacy training on
the decision-making capacity of teachers and future teachers in
response to existing challenges in the use of educational data?

1.1 Data use in the international
educational system

The international reality regarding data use in the educational
system varies greatly between countries, closely linked to the
educational policies developed at the local level. Schildkamp and
Ehren (2013) analyze the reality of various nations and their
experiences in using data within educational systems.

One of the recognized experiences is that of the USA with
the enactment of the No Child Left Behind Act (NCLB) in
2001, which focused on providing various types of data to
determine whether schools achieve “Adequate Yearly Progress”
(AYP) in order to identify problems and seek solutions (Mandinach
and Jackson, 2012). On the other hand, the Netherlands has
incorporated the Pupil Monitoring System, which aims to support
schools in the individual monitoring and support of students.
This system is considered a promising means to improve student
performance (Schildkamp and Ehren, 2013). Canada has policies
that require schools to use data while providing support, such
as in Ontario, where the Managing Information for Student
Achievement/Professional Network Centers (MISA/PNC) program
is in place to develop competencies for data use (Campbell and
Levin, 2009). In the case of South Africa, there is the South African
Monitoring System for Primary Schools (SAMP) since 2002, which
seeks to provide feedback to schools to improve their educational
processes. In this case, research continues on the best strategies
to optimize the feedback provided (Laher et al, 2019). Other
studies, such as those from England, New Zealand, and Belgium
continue to investigate their support systems for data use and
the necessary improvements for the benefit of the educational
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system (Ozga, 2016; Shewbridge et al., 2011; Sinnema et al,
2020).

1.2 Data-driven decision making (DDDM)

As previously noted, technological advancements and
the increasing complexity of educational environments have
highlighted the need for teachers to make informed decisions
based on data. Schildkamp and Kuiper (2010) have argued that
data use in education involves a systematic analysis of available
information within schools, serving as a foundation for improving
teaching, curriculum design, and institutional performance.
This process not only includes data interpretation but also the
application of findings to develop pedagogical innovations,
the implementation of concrete improvement actions, and the
subsequent evaluation of their impact.

Data-driven decision making, in turn, allows teachers
to manage student heterogeneity to tailor instruction and
intensify training, fostering greater achievement when data
is used formatively and comes from multiple sources, both
quantitative and qualitative (Mandinach et al., 2006; Marsh, 2012;
Hoogland et al., 2016; Peters et al., 2021; Filderman and Toste,
2022). Although this concept has been widely promoted, its
implementation in schools remains challenging. Dodman et al.
(2021) point out that one of the main challenges in implementing
DDDM is its technocratic use, where data is often interpreted
without considering the structural and sociocultural factors
influencing academic outcomes. To ensure a meaningful impact
on teaching, they propose a more critical approach, in which data
is not only used to measure performance but also to analyze and
improve educational conditions.

Additionally, operational and cultural barriers persist. In an
analysis of teachers’ experiences with data use, Jimerson (2014)
found that educators often associate data with external control
rather than instructional improvement. Teachers in his study
reported feelings of distrust and resistance, particularly when data
were used for performance evaluations without sufficient context
or support. Furthermore, participants highlighted constraints such
as inaccessible systems and limited time for collaborative data
analysis, which hindered their ability to integrate data into
pedagogical decision-making effectively. In this context, it is crucial
to strengthen teacher training in data literacy and promote spaces
for collaborative reflection, ensuring that data is interpreted in
a way that supports more critical and contextualized decision-
making.

1.3 Data literacy

The Data Quality Campaign states that a teacher with data
literacy possesses the knowledge and skills to access, interpret,
act on, and communicate data (Conn et al, 2022), enabling
improvements in their instruction (Gambell, 2004; Gearhart and
Osmundson, 2008). Within this field, the Mandinach and Gummer
(2016) model is one of the most widely recognized frameworks for
data literacy in teaching (Data Literacy for Teaching, DLFT). The
authors define data literacy as the ability to "transform information
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into actionable knowledge and instructional strategies," structuring
it into five interrelated phases, from problem identification to
evaluating the impact of data-based decisions.

A key aspect of this model is the transformation of information
into a decision, as it involves converting data analysis into
concrete pedagogical actions. Teachers must interpret information,
adjust instruction, and define strategies tailored to students’ needs.
Additionally, they must consider the context in which decisions
are made, integrating curricular, sociocultural, and resource-
related factors.

While the Mandinach and Gummer model has been a key
reference, recent perspectives have expanded its scope. Kennedy-
Clark and Reimann (2022) argue that data literacy in teachers does
not follow a linear process but evolves through experience and
prior knowledge. Based on the TPACK (Technological Pedagogical
Content Knowledge) framework, they suggest that data literacy
emerges from the interplay between technology, pedagogy, and
disciplinary knowledge. They also incorporate Knowledge in Pieces
(KiP) theory, which holds that teachers acquire data competencies
in fragmented ways, and Rhizomes of Knowledge theory, which
emphasizes its dynamic and non-hierarchical development.

On the other hand, Yang et al. (2022) present a more structured
approach focused on assessing teachers’ data literacy, identifying
three key dimensions: data awareness, data knowledge and culture,
and technological data literacy. Unlike Mandinach and Gummer
(2016) who describe a step-by-step process for teaching, Yang et al.
(2022) propose an assessment framework that diagnoses teachers’
competency levels in data use and their integration into educational
practice.

Despite the growing recognition of data literacy in teaching,
its integration into teacher training remains limited. Mandinach
and Friedman (2015) emphasize that most teachers do not receive
systematic training in data use, despite its importance in evidence-
based education. Additionally, studies such as Ansyari et al. (2020)
have identified both benefits and limitations in data literacy training
programs. These programs can enhance teachers’ ability to use data,
boost confidence in pedagogical decision-making, and strengthen
technological tool usage in the classroom. However, challenges
persist, including teacher resistance to data use, lack of integration
with the school curriculum, and difficulties in applying theoretical
knowledge to practice. Furthermore, training programs are often
short-term and lack continuous support, reducing their long-term
impact.

Although many studies refer to interventions in data literacy,
this review will use the concept of training programs, as defined
by Kristjansdottir et al. (2021), who describe training as structured
learning aimed at developing specific skills, while interventions
pursue broader, long-term changes. This distinction allows for
the inclusion of various studies related to data literacy training,
including workshops, courses, and capacity-building initiatives.

Given its importance, this review will examine the
reported effects of data literacy training on both in-service
and pre-service teachers, particularly in their capacity to make

instructional decisions.
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FIGURE 1
PRISMA flow diagram.

2 Materials and methods

For this systematic review, the protocol was registered with
the International Platform of Registered Systematic Review and
Meta-Analysis Protocols (INPLASY) in February 2023, and the
steps outlined by the PRISMA protocol were followed. The flow
diagram, presented in Figure 1, includes both the initial search and
the updated search conducted in 2024.

2.1 Eligibility criteria

It was considered as inclusion criteria that the articles
focused on teachers and pre-service teachers associated with any
educational level, specifically investigating the effect of an training
in data literacy for decision-making and explicitly assessing its
impact through a validated or structured instrument to measure
the effect of the training quantitatively. The selected studies had
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to be quantitative or mixed-method; in the case of mixed-method
studies, only quantitative information was extracted and analyzed.

On the contrary, studies on data mining, predictive modeling,
learning analytics, or big data in education were excluded, as well as
studies that solely used qualitative approaches to inquire about the
effect of the training on data literacy for decision-making or that
did not examine the impact of the training in a measurable way.
Additionally, theoretical articles, literature reviews, and conference
abstracts without empirical data were excluded.

No restrictions were applied based on year of publication,
language, or country of origin to increase the chances of finding
articles with relevant information for this search.

2.2 Search strategy

The search strategy was first conducted in September 2022
and was based on the Web of Science, Scopus, and EBSCOhost
databases. The search included broad terms for the training (data
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literacy) and for the outcomes (decision making), as well as
incorporating education as the context in which the training takes
place. These terms were expanded using the ERIC thesaurus and
with the help of a librarian. The concepts were combined using
the Boolean operators “OR” and “AND”. In line with the PICOS
framework, the population was broadly defined as educators, which
was reflected in the inclusion of education-related terms, while
no specific comparator was used to avoid restricting the search
and to allow for diverse methodological approaches. Additionally,
only quantitative and mixed-methods studies were included to
ensure methodological consistency in analyzing the effects of data
literacy on decision-making. The search strategy was developed
for Scopus and was modified according to the specificities of
each database: [TITLE-ABS-KEY (“data literacy” OR “data literacy
training” OR “data literacy for teaching” OR “data literacy
program”)] AND [TITLE-ABS-KEY (“decision making” OR “data
driven decision making” OR “data based decision making” OR
“data use” OR “decision-making” OR “decision making skills” OR
“information utilization”)] AND [TITLE-ABS-KEY (“education”
OR “higher education” OR “college*” OR “universit*” OR “tertiary
education” OR “preschool education” OR “preschool” OR “primary
education” OR “secondary education” OR “secondary schools” OR
“high school”)].

2.3 Study selection

The researchers carried out the screening process using the
previously indicated terms with the support of the free Rayyan
platform. From this initial search, 298 articles were obtained
across the three databases. After removing 132 duplicates, which
were reviewed by the authors, 166 articles remained for title and
abstract screening. Based on the inclusion and exclusion criteria,
151 articles were excluded, and 18 were considered for full-text
reading. The inclusion/exclusion criteria were applied again, and
5 articles were eliminated. Finally, 13 articles were selected for
analysis in this review.

An updated search, following the same strategy used in 2022
and utilizing the same databases (Scopus, Web of Science, and
EBSCOhost), was conducted in April 2024. This additional search
identified records in Scopus (n = 18), Web of Science (n = 35),
and EBSCOhost (n = 33), totaling 51 records after removing
35 duplicates. These 51 records were screened, resulting in the
exclusion of 45 records. Six reports were retrieved for eligibility
assessment, of which two were excluded for being qualitative
studies and one for not directly addressing an training. Finally,
three new studies were included in the review, bringing the total
to 16 studies in this updated review.

To avoid bias and validate the selection process, two authors
independently screened the titles and abstracts in a blinded manner
using Rayyan, meaning that each reviewer was unaware of the
other’s decisions during the initial screening phase. In contrast,
the third author adjudicated on articles in which there was no
agreement, mainly resolving discrepancies regarding whether the
training could be classified as data literacy initiatives, particularly
in cases where the focus on data literacy was not explicitly stated.
The three authors reviewed the articles for full-text reading, and
there was one hundred percent agreement on those that should
be incorporated.
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2.4 Data collection process

For data collection, the authors first defined the categories and
elements to be extracted from the articles and developed a data
extraction matrix using Excel spreadsheets. Since the population
of this review corresponds to teachers and pre-service teachers,
some categories were specifically assigned to a single group based
on relevance for further analysis. Then, the authors divided their
tasks: one author was in charge of extracting all the information
associated with the general characterization of the population and
the studies, the types of training, and the main results, while
another author was mainly responsible for the extraction and
organization of the statistical data. In contrast, the third author
conducted a general review of the collected data.

Regarding the data collected, general study information was
retrieved first. The number of participants was considered for
descriptive purposes, except for Ebbeler et al. (2016), who reported
results at the school level. For the types of training included, aspects
of duration, modality, main activities, content, and data types were
considered. Regarding the measures of results, all instruments that
sought to measure progress in aspects associated with the data
literacy of the participants were included, ideally those that had
been previously validated. Nevertheless, this was not considered
an exclusion criterion since this review includes an analysis of the
quality of the instruments used in the following section.

2.5 Risk of bias in individual studies

For the risk of bias assessment of included studies, was used the
McGill Mixed Methods Assessment Tool (MMAT) for qualitative,
quantitative, and mixed empirical studies (Nha Hong et al.,, 2018).
First, two of the authors made an independent review of the
quality of the articles, then the discrepancies were resolved with
the support of the third author. For each of these types of studies,
five quality questions are included, which can be answered with a
"yes," "no," and "cannot tell," and each study is rated individually.
When performing the analysis, it was found that 6% (N = 1) of the
studies have 1 point, 12% (N = 2) have 2 points, 31% (N = 5) have 3
points, 44% (N = 7) have 4 points, and 6% (N = 1) have 5 points for
methodological quality (Figure 2).

3 Results

Regarding general aspects, the sixteen studies were published
between 2014 and 2023 (see Table 1). 50% (N = 8) were conducted
in the USA, 19% (N = 3) in the Netherlands, and 31% (N = 5)
in Germany. A total of 636 pre-service teachers, 1712 teachers,
and 95 schools participated. The studies include training in
primary, secondary, and higher education. In the case of pre-
service teachers, participants were students in primary education,
secondary education, and special education. In all studies, the
female gender predominated. 25% of the sample had a control
group; the rest controlled the impact of the training with pre- and
post-assessments. It should be noted in Table 1 that in the case
of Ebbeler et al. (2017), the participants correspond to schools,
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FIGURE 2
Quality assessment of the studies.

Didactic Activities

TABLE 1 Main characteristics of the studies.

Gender (Female%, Male%)

r, Year (Country)

Types of participants

No. of participants

Abrams et al., 2020 (USA) Teachers G1:258; G2: 60; GC: 78 F: 89%, M: 11%
Bolhuis, 2019 (Netherlands) Teachers G1: 59, GC: 42 schools F: 60%, M: 40%
Ebbeler et al., 2017 (Germany) Teachers (schools) G1: 42 schools NI

Hebbecker et al., 2022 (Germany) Pre-service teachers Gl1:16,GC: 16 F: 50%, M: 50%
Kippers et al., 2018 (Netherlands) Teachers Gl: 89, GC: 90 F: 56%, M: 44%
Lalonde et al., 2023 (USA) Pre-service teachers G1:95,GC: 33 F: 78%, M: 22%
Merk et al., 2020 (Germany) Pre-service teachers G1: 55, GC: 54 F: 74%, M: 26%
Miller-Bains et al., 2022 (USA) Pre-service teachers G1: 65, GC: 65 F: 85%, M: 15%
Neugebauer et al., 2020 (Germany) Teachers G1: 96, GC: 96 NI

Piro and Hutchinson, 2014 (USA) Teachers G1:63,GC: 62 F: 89%, M: 11%
Reeves and Chiang, 2018 (USA) Teachers and pre-service Teachers Teachers: G1: 58, GC: 55 F: 77%, M: 23%
Reeves and Chiang, 2019 (USA) Teachers and pre-service Teachers Future Teachers: G1: 64, GC: 64 F: 85%, M: 15%
Reeves and Honig, 2015 (USA) Teachers G1: 64, GC: 64 F: 89%, M: 11%
van Geel et al., 2017 (Netherlands) Teachers G1: 64, GC: 64 F: 63%, M: 37%
Wourster et al., 2023 (Germany) Pre-service teachers GI: 64, GC: 64 F: 85%, M: 15%
Abrams et al., 2020 (USA) Teachers G1:258; G2: 60; GC: 78 F: 89%, M: 11%

and in the study by Wurster et al. (2023), only the main study is
considered, not the pilot.

3.1 Training methods

Regarding the a wide variety of

methodologies were evident (see Table 2), ranging from 15-

training methods,
min training to 2 years in duration. Among the training, 62% of

the cases used only assessment data, while the remaining 38% used
various types of data. 53% of the training were conducted face to
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face, 13% were hybrid, and 13% were asynchronous online. The
remaining studies did not report this information.

Overall, no one training is run most frequently in the studies;
nevertheless, being conducted by the same authors, the Data Chat
training (Piro et al., 2014; Piro and Hutchinson, 2014) and Data in
Five by Four (D5 x 4) (Reeves and Chiang, 2018, 2019) are repeated
two times within the studies.

Concerning the didactics of the training, in all cases, the
training has multifactorial components, which can be seen in
Figure 3. Most training programs incorporated teamwork, the
formation of data analysis groups, the use of technological tools

frontiersin.org
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TABLE 2 Training methods.

References Time and sessions Didactic activities and modality Contents addressed in the
training
Abrams et al., 2020 3-day workshop and 1-year Theoretical approach, data analysis, use of Not specified
accompaniment software, group conversation, work teams,

identification of specific problem, design of
remedial activities, support in implementation. M:
Face to face

Bolhuis, 2019 2 years Formation of a data team, study and analysis of Not specified
data, evaluation of data quality (using statistical
calculation), creation of hypotheses, creation of
proposals.
M: Not stated

Ebbeler et al., 2016 One-and-a-half years. The external Formation of data teams made up of teachers, Eight steps of the data use training
data coach joins each data team for school leaders and an internal data expert, (Schildkamp and Ehren, 2013, p. 56):
90 min every 3-4 weeks. coaching by an external data coach, monitoring the Problem definition, formulating hypotheses,
process of the data team, two voluntary data data collection, data quality check, data
analysis courses for data team members. analysis, interpretation and conclusions,
M: Face to face implementing improvement measures,
evaluation.
Hebbecker et al., 1 year Teachers used the quop system for reading Progress monitoring in reading (reading
2022 progress monitoring, received automated comprehension and fluency), Data-driven
instructional recommendations, and implemented instructional decision-making,
evidence-based reading strategies (e.g., repeated Effective feedback strategies. Evidence-based
reading, reciprocal teaching). Training combined reading training.

theoretical and practical instruction on data use
and feedback strategies, supported by a structured
teacher manual.

M: Blended
Kippers et al., 2018 1 year 1 month Team meetings with an external data coach, use of Eight steps of the data use training: Problem
guiding manual, concrete activities are formulated definition, formulating hypotheses, data
which have to be followed by educators through collection, data quality check, data analysis,
filling out worksheets. interpretation and conclusions, implementing
M: Face to face improvement measures, evaluation.
LaLonde et al., 2023 One class session (15 min). Participants analyzed Curriculum-Based Application of the data point decision rule in
Measurement (CBM) graphs related to oral CBM,
reading fluency. Instructional decision-making based on
The experimental group received a structured student performance data, Self-efficacy in data
decision-making model (flowchart) to guide their interpretation,
instructional choices. Use of progress monitoring data to guide
M: Face to face (in-class training) educational training.
Merk et al., 2020 6 hin 3 sessions Group work, support from an expert facilitator, use Step 1: Data collection (data types, analysis
of pre and post organizers integrated into the data methods, reliability, validity, reference norms).
use model process, use of examples from realistic Step 2: Data transformation (centering and
classroom contexts, homework. scaling techniques). Step 3: Data reduction
M: Face to face (frequency distribution characteristics and
visualization methods). Step 4: Data
interpretation (effect sizes for mean
differences).
Miller-Bains et al., 2h The workshop includes lecture, discussion, and 1) recognizing the strengths and weaknesses of
2022 small group activities different data sources, 2) using multiple data
M: Not stated sources to triangulate insights about students,
and 3) making inferences about students based
on an array of empirical evidence. Content
adapted from Harvard University’s online
modules, Introduction to
Data Wise.
Neugebauer et al., 1 semester Authentic field-based context; pre-service teachers Literacy instruction, data-based decision
2020 collected making, and disciplinary literacy.
data, implemented lesson plans and reflected on
instructional improvements, and collected data
again to reassess student progress.
M: Face to face
(Continued)
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TABLE 2 (Continued)

References

Didactic activities and modality Contents addressed in the
training

Not specified

Piro and 1 semester Formed grade-level or content-based teams to

Hutchinson, 2014 analyze assessments, identify data strengths and
weaknesses, align with standards, develop
assessments, design targeted training, and produce
a final report and presentation.

M: Not stated

Piro et al., 2014 15 weeks Support from local school districts, explicit Definitions of statistical terms and procedures

instruction in statistical literacy, and team-based needed for numerical analysis and
data analysis. Alignment with state standards, interpretation, reading and comprehension of
development of assessments, targeted instructional sample data-sets, strengths and weaknesses of
training, and final presentation of findings. the outcomes based on the numerical data.

M: Face to face and online

Quizzes; discussions; facilitators (experts) Teacher data literacy within the DDDM

domains of transforming data into

Reeves and Chiang, 5 days, approx. 7.5 h of dedication
2018 supported in the discussion forums, inclusion of
pedagogical knowledge scaffolds. information and transforming information

M: Online asynchronous into a decision

Reeves and Chiang, 1-2 days, approx. 7.5 h of dedication Instructional design elements such as a facilitator, Identify problems and frame questions, use

2019 learner interaction, and feedback. data (e.g., prioritizing and examining data in
M: Online asynchronous relation to a problem or question), transform
data to information (e.g., interpreting data,
understanding data representations),
transform information into a decision (e.g.,

specifying next instructional steps).

6 h, 2 sessions Group work, design of a summative evaluation, 1) Filtering, organizing, or analyzing data into

2015 raw data entry into excel data sets, qualitative

Reeves and Honig,

information, 2) combining information with

assessment of students” incorrect answers, expertise and understanding to build

evaluation of quality problems and reliability of the knowledge 3) knowing how to respond and

rubrics, analysis and interpretation of traditional taking action or adjusting one’s practice

data and performance evaluation, decision making
on its basis.

M: Face to face

van Geel et al., 2017 2 years Workshops, implementation of plans in practice, The value of different sources of data and how
feedback, and general meetings. to interpret these, use the student monitoring
M: Not stated system (SMS) and interpret SMS output,
analysis of actions to improve education and
develop (instructional) plans based on data.
Wurster et al., 2023 6h Asynchronous video-based instruction with Data-based decision-making (DBDM)

interactive exercises. Peer discussion, automated principles, data collection, transformation, and

quizzes, and individualized feedback. Statistical analysis techniques, statistical interpretation
analysis practice with synthetic data. and application to student feedback.

Modality: Fully online, self-paced

for information management, and the guidance of experts or  training (Schildkamp and Ehren, 2013) which posits a cyclical

facilitators. Additionally, many strategies included the analysis  and iterative process for the implementation of improvement
of real or simulated data, the development of hypotheses, the  measures as a result of data use (Ebbeler et al, 2017; Kippers
et al, 2018). Merk et al. (2020) adapted this approach by

synthesizing it into four steps (data collection, transformation,

implementation of improvement measures based on findings,
and the evaluation of their impact. Some training programs
reduction, and interpretation). Another of the most relevant
theoretical bases within the studies analyzed is the conceptual
framework Mandinach and Gummer (2016) raised about data
literacy for teachers (DLFT). These authors provide definitions
and classifications that guided the studies of Neugebauer et al.

stood out for incorporating structured decision-making models,
evidence-based strategies, and the use of student monitoring
systems. Overall, these training programs not only fostered the
development of analytical and statistical skills but also encouraged
pedagogical reflection and the integration of findings into teaching

practice.

On the other hand, regarding the contents considered within
the training, some elements are interrelated, and others mark
differences between one training and another. The selection
of content for the training was based on different theoretical
approaches, one of them being the Eight steps of the data use
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(2020), Reeves and Chiang (2018), and van Geel et al. (2017).
For their part, Miller-Bains et al. (2022) used as the basis for
their training an adaptation of the online course "Introduction to
Data Wise" from Harvard University (Boudett et al.,, 2013). The
other studies have less specific theoretical bases or need to describe
them.
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3.2 Measurement instruments

To measure the effects of the training, 16 instruments
were applied, with varying characteristics. 25% of the sample
used the Data-Driven Decision-Making Efficacy and Anxiety
Inventory/Amended (3D-MEA). This 17-item scale assesses
teachers’ confidence in their ability to implement data-driven
decisions and includes four subscales: (1) efficacy for data
identification and access (EDIA), (2) efficacy for data technology
use (EDTU), (3) efficacy for data interpretation, evaluation, and
application (EDIEA), and (4) data-driven decision-making anxiety
(DDDMA). A later version divides EDIEA into analysis and
interpretation (EDAI) and application to instruction (EADI).

Conceptions of Assessment (COA III) was also used by 25%
of the sample. This 27-item tool, measures teachers perceptions
of how assessments should be used in schools and classrooms.
It focuses on four key constructs: (1) assessment makes schools
accountable, (2) assessment makes students accountable, (3)
assessment improves education, and (4) assessment is irrelevant.
All other instruments were used much less frequently, with some
appearing in only a single study.

3.3 Reported effects of data literacy
training

Variations in measuring the impact of training generally show
positive results (see Table 3). In this comparative review, the
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p-value indicates the significance of the differences between pre-
and post-training measurements. Effect size was reported in 50%
of the studies. Among these, one study showed a Very Large effect
(Reeves and Chiang, 2019), three reported a Large result (LaLonde
et al.,, 2023; Reeves and Chiang, 2018; Reeves and Chiang, 2019),
and another three presented a Medium to Large result (Kippers
et al,, 2018; Merk et al., 2020; Reeves and Chiang, 2019). Notably,
the studies that reported the largest results primarily focused on
knowledge and self-efficacy, while none showed major results in the
attitudes category.

The primary results do not follow a clear temporal trend.
The associated didactic strategies include theoretical reflection,
collaborative work, authentic contexts, data analysis, structured
decision-making models, external counseling, and interactive
learning experiences with targeted feedback. Significant results
differ from medium ones by incorporating performances in
authentic contexts, where participants engaged with real or
simulated data closely resembling the information they would
analyze in professional settings. For example, some training used
actual student performance reports, standardized test results, and
data visualizations similar to those used in educational decision-
making processes (Reeves and Chiang, 2019; Kippers et al., 2018).

Collaborative work was also a key feature in training with
larger effects, fostering peer discussions and joint problem-solving.
Studies implementing this approach often involved group activities
where participants collectively interpreted data, debated possible
instructional responses, and refined their analytical skills through
structured discussions (Kippers et al., 2018; Merk et al., 2020).
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TABLE 3 Training results.

10.3389/feduc.2025.1485821

References es, beliefs, and values Self-efficacy, skills, Knowledge about the use of
associated with the use of data data data
Effect size Effect size Effect size
(Cohen 1992; (Cohen 1992; (Cohen 1992;
Field 2013; Field 2013; Field 2013;
Hedges 1981) Hedges 1981) Hedges 1981)
Abrams et al., 2020 3DMEA (Anxiety) - EDIA = p = 0.010, - - -
p=0.017,0.100 0.923
EDTU = p =0.002,
0.194
EDIEA = p < 0.001,
0.100
Teacher survey data -
literacy scale
p <0.001,0.070
Bolhuis, 2019 Survey data use d=0.32 - - - -
(SDU) Small to medium
t=-2.72 (Global survey)
p=0.005
(Global survey)
Ebbeler et al., 2017 Data use d=0.6 t=-1.747 d=0.6 Data literacy skills d=0.32
questionnaire Medium p=0.04 Medium knowledge test Small to medium
t=-1.747 t=-1.747
p =004 p=0.04
Hebbecker et al., - - Instructional Instructional - -
2022 Decisions Decisions
Questionnaire: Questionnaire:

Kippers et al., 2018 - - - - Data literacy test d=0.71
t=-3113 medium to large
p=0.004

LaLonde et al., 2023 - - Online Large effect =g = 1.65 Online Large size g = 1.23

Multiple-Choice Multiple-Choice
Quiz: Quiz = p <0.001
Confidence =
p <0.001
Merk et al., 2020 - - - - Data literacy test Medium to large
Intercept
(B) = -0.647 (DS.12)
(random effect
predictor)
Miller-Bains et al., COAIII - - - Not applicable -
2022 f=—-0.37DE
p <005
Neugebauer et al., 3DMEA Interest: d = 0.07 - - - -
2020 P15=t=—1.06; No effect
a=0.85

Pl6=t=1.18

P17=t=0.59

P18=1=0.78

P19=t=0.92

Interest: p = > 0.05
Piro and - - Data literacy - DLBS -
Hutchinson, 2014 behavior survey Not report
(DLBS)
Not report
(Continued)
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TABLE 3 (Continued)

10.3389/feduc.2025.1485821

References At es, beliefs, and values Self-efficacy, skills, and use of wledge about the use of
ociated with the use of data data data
P-value Effect size P-value Effect size Effect size
(Cohen 1992; (Cohen 1992; (Cohen 1992;
Field 2013; Field 2013; Field 2013;
Hedges 1981) Hedges 1981) Hedges 1981)
Piro et al., 2014 - - Data literacy - - -
behavior survey
All <0.05
Reeves and Chiang, 3DMEA - 3DMEA Teachers (N = 25) - -
2018 Teachers (N = 25) Teachers (N = 25) EDIA: O =
Anxiety: EDIA: O=p <0.05 d=0.54
0=p <001 EDIEA(a): EDIEA(a):
Pre-service teachers O=p<0.05 O0=d=059
(N =99) EDIEA(b): EDIEA(b):
Anxiety: O=p<0.05 O0=d=0.62
O =p <0.001 EDTU: O = EDTU: O =d =0.63
p<0.01 Large effect size
Pre-service teachers Pre-service teachers
(N =99) (N =99)
EDIA: O = p <0.001 EDIA:O=d=0.79
EDIEA(a): EDIEA(a):
O=p=<0.001 O=d=098
EDIEA(D): EDIEA(D):
O =p=<0.001 O=d=098
Large effect size
COAIII - Data use practice -
Pre-service teachers Teachers (N = 25)
P2=p <001 0=p=029
P5 = p < 0.05;
P7=p <0.001
P8 = p < 0.001;
P9 =p < 0.001
Reeves and Chiang, 3DMEA - 3DMEA Teachers (N = 91) - -
2019 Teachers = (N =91) Teachers (N =91) EDIA: O =
Anxiety: EDIA: GE = d=1.13
GE=p> 0.05 p <001 EDIEA(a):
Pre-service teachers EDIEA(a): 0=d=1.08
(N =99) GE=p <001 EDIEA(b):
Ansiedad: EDIEA(Db): 0O=d=139
GE=p > 0.05 GE =p <0.05 EDTU:O0=d=1.29
EDTU: Very large effect size
GE =p <0.001 Pre-service teachers
Pre-service teachers (N =53)
(N =53) EDIA: O =
EDIA: d=0.36
GE=p=> 005 EDIEA(a):
EDIEA(a): 0=d=071
GE=p <0.05 EDIEA(b):
EDIEA(D): 0=d=0.20
GE=p=>0.05 Large effect size
COA 1T - Data use practice Teachers (N = 91)
Pre-service teachers Docentes d=0.68
Todos p = > 0.05 (N=91)
p <005
Reeves and Honig, Survey of educator - SEDU Self-efficacy: d = 0.46 Data literacy d=0.60
2015 data use’s data Self-efficacy: Moderate measure Medium
attitude and belief p =0.005 standardized p <0.001
scales. (SEDU) magnitude (Wilson,
Data effectiveness 2001)
for pedagogy:0.174
(p > 0.05)
data attitudes:0.638
(p > 0.05)
(Continued)
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TABLE 3 (Continued)

Attitudes, beliefs, and values
associated with the use of data

References

Effect size

(Cohen 1992;
Field 2013;
Hedges 1981)

van Geel et al., 2017 - -

10.3389/feduc.2025.1485821

Self-efficacy, skills, and use of Knowledge about the use of
data data

P-value

Effect size Effect size
(Cohen 1992; (Cohen 1992;
Field 2013; Field 2013;
Hedges 1981) Hedges 1981)
- SMS Data literacy SMS Data literacy

test: Not report test:
Not report

Wourster et al., 2023 Self-Report -
Questionnaire for
Assessing Data

Literacy: Not report

Self-Report - - -
Questionnaire for
Assessing Data
Literacy: Not report

Additionally, theoretical reflection played a crucial role in training
that achieved significant improvements. These studies encouraged
participants to critically examine their own data literacy skills,
assess the implications of data use in education, and connect
their learning to broader theoretical frameworks of data-driven
decision-making. Some training integrated explicit discussions on
the psychological and institutional barriers to data use, helping
participants develop a more nuanced understanding of how data
literacy translates into effective teaching practices (Reeves and
Chiang, 2018; LaLonde et al., 2023).

To organize the results, three categories were established, as
shown in Table 3: (1) Studies that measure attitudes, beliefs, and
value regarding data use; (2) Studies that measure perceptions of
self-efficacy and skills for data use; and (3) Studies that measure
knowledge about data use. Additionally, the findings related to
the skills needed to transform information into a decision are
emphasized.

3.3.1 Attitudes, beliefs, and value of data use

The analysis of the literature reveals that 63% of the reviewed
studies use scales that measure this category. In the study by
Ebbeler et al. (2016), questionnaires were used to evaluate skills
and attitudes toward data use, finding that the group with data
teams showed significantly greater differences compared to the
group without data teams, with a medium effect size. On the other
hand, Miller-Bains et al. (2022) applied the COA III to pre-service
teachers, who significantly reduced the belief that assessment is
irrelevant.

In contrast, Neugebauer et al. (2020) assessed interest in
data use using the amended 3D-MEA and found no significant
differences post-training, attributing this to the already high pre-
training averages. Similarly, Reeves and Chiang (2018) observed a
significant decrease in anxiety toward data use in both in-service
and pre-service teachers.

The study by Reeves and Honig (2015) applied the SEDU scale,
which includes the subscales “data effectiveness for pedagogy” and
“data attitudes,” and found no significant differences, also attributed
to high pre-training scores. This study also used the abbreviated
COA-III, where the scales of assessment validation and student
accountability showed significant results.

In the case of Abrams et al. (2020), the training was a
professional development program designed to enhance data
literacy and efficacy. However, no significant improvements were
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observed in attitudes toward data use. The study highlights that
school-level factors, such as administrative expectations and district
policies, may have influenced the results. Similarly, Bolhuis (2019)
examined the use of data teams in teacher education, finding
improvements in data skills and use, but no significant changes in
attitudes toward data use.

Among the studies that showed greater effects, Ebbeler et al.
(2016) and Miller-Bains et al. (2022) implemented methodologies
that included collaborative learning structures and reflective
exercises. Ebbeler et al. (2016) structured the training around
data teams, where participants engaged in guided discussions,
collaborative data analysis, and iterative decision-making cycles.
This model emphasized peer collaboration and problem-solving,
which may have contributed to improved attitudes toward data use.

On the other hand, Miller-Bains et al. (2022) applied a low-
cost, short-term training consisting of a workshop followed by
structured reflection prompts, allowing pre-service teachers to
connect assessment practices with instructional decision-making
over time. Additionally, the follow-up period of several months
provided opportunities for participants to apply their learning,
which may have supported the observed changes in attitudes.

3.3.2 Self-efficacy, skills, and data use

Another key effect measured was self-efficacy and skills in
data use, with 69% of the reviewed studies reporting results in
this category. The 3D-MEA was commonly used to assess self-
efficacy, showing significant improvements in multiple studies.
Abrams et al. (2020) found a sustained increase across all
3D-MEA subscales and in the Teacher Survey Data Literacy
Scale, with effects persisting 1 year post-training. The training
included structured professional development, collaborative data
use activities, and ongoing coaching, which may have contributed
to these long-term effects. Similarly, LaLonde et al. (2023) reported
large improvements in both instructional decision accuracy and
confidence, using a structured decision-making model for special
education teacher candidates.

In contrast, Bolhuis (2019) observed gains only in data use
for school development, but no significant changes in data use
to improve instruction, suggesting a stronger institutional rather
than instructional focus. Hebbecker et al. (2022) also showed
moderate improvements in data use but found no significant
differences in decision-making between the training and control
groups. Their approach provided training and materials but lacked
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the structured decision-making protocols seen in more effective
training. Likewise, Wurster et al. (2023) found that the training
led to positive changes in self-efficacy across all dimensions of
data-driven decision-making (DDDM).

Among the studies showing the largest effects, Reeves and
Chiang (2019) implemented an asynchronous online data literacy
training, engaging participants in structured, interactive exercises
using external, standardized assessment data. The study found large
improvements in self-efficacy and data use practices in schools.
Likewise, Reeves and Chiang (2018) examined a series of online
training and found medium to large improvements in self-efficacy
and reduced anxiety about data use.

Most studies showed positive results, particularly those that
incorporated structured decision-making models, longitudinal
follow-ups, and collaborative learning structures. For example,
LalLonde et al. (2023) demonstrated that a well-defined decision-
making framework enhanced both confidence and practical skills
in applying data to instructional decisions. Similarly, training that
included ongoing coaching or extended measurement periods, such
as Abrams et al. (2020) and Reeves and Chiang (2019), resulted in
more sustained improvements over time.

On the other hand, Bolhuis (2019) and Hebbecker et al.
(2022) showed more limited effects compared to other studies.
While Bolhuis’ training improved data use for school-wide
decisions, it did not lead to significant changes in classroom-
level instructional practices. This study focused on institutional
decision-making rather than providing explicit training on
instructional applications. Similarly, Hebbecker et al. (2022)
provided general training and resources but lacked a structured
framework guiding teachers in applying data-driven decision-
making processes, which may have contributed to the lack of
significant improvements in decision-making outcomes.

3.3.3 Knowledge about the use of data

Finally, 50% of the studies measured knowledge about data
use. Ebbeler et al. (2017) used the Data Literacy Skills Knowledge
Test, finding significant improvements in participants from data
teams, with a small to medium effect size. Kippers et al
(2018) also employed the knowledge test developed by Ebbeler,
observing moderate to large improvements, particularly in the ’take
instructional action’ component, which refers to educators’ ability
to translate data analysis into pedagogical decisions.

Merk et al. (2020) conducted a randomized controlled trial
with pre-service teachers in Germany, using a data literacy test,
and found a large and significant effect of the training. Similarly,
LaLonde et al. (2023) evaluated knowledge development in special
education teacher candidates through the use of curriculum-based
measurement (CBM) charts, reporting significant improvements in
the accuracy of instructional decisions and data use knowledge?.

In contrast, van Geel et al. (2017) used the SMS data literacy
test to assess knowledge gained from a 2-year intensive training.
While significant increases were found in areas related to software
use and data analysis, these were not directly linked to decision-
making processes, suggesting that while participants improved
their technical skills, the training may not have sufficiently
emphasized their application to instructional practice.

Among the studies with the most positive effects, common
methodological features included structured and interactive
training that emphasized decision-making models (LaLonde et al.,
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2023), randomized controlled trials with direct application to
classroom contexts (Merk et al., 2020), and team-based approaches
with external support and iterative learning processes (Kippers
etal,, 2018; Ebbeler et al., 2017). These findings suggest that training
incorporating collaborative learning, structured frameworks for
data use, and long-term engagement are more likely to lead to
significant improvements in knowledge about data use.

3.3.4 Focus of assessments on decision-making
skills

Focusing on the assessment of data-driven decision-making
skills, this section examines the instruments that have incorporated
the evaluation of this skill to a greater or lesser extent within the
reviewed studies, highlighting those that have specifically focused
their measurements on instructional decision-making skills.

In the category of attitudes, beliefs, and value in data use,
the Teacher Survey Data Literacy Scale (Abrams et al., 2020)
includes 50% of its items related to decision-making skills, while
the Instructional Decisions Questionnaire by Hebbecker et al.
(2022) is entirely dedicated (100%) to assessing this competence in
instruction.

For self-efficacy and skills in data use, the 3D-MEA (Abrams
et al,, 2020; Reeves and Chiang, 2018; Reeves and Chiang, 2019)
assigns 50% of its items to decision-making skills, making it a
key tool for evaluating this competence. The study by LaLonde
et al. (2023) also focuses entirely on decision-making skills,
using a structured framework based on CBM (Curriculum-Based
Measurement) charts to guide teachers in interpreting student
performance data and planning instructional actions.

In knowledge assessments, the Data Literacy Skills Knowledge
Test by Ebbeler et al. (2017) includes only 8% of its items on
decision-making skills, while the Data Literacy Test by Kippers
et al. (2018) covers 17%. On the other hand, the scales by Merk
et al. (2020) and van Geel et al. (2017) contain no items related
to decision-making skills, focusing instead on general data analysis
and statistical comprehension.

The studies by Hebbecker et al. (2022) and LaLonde et al.
(2023) stand out for exclusively assessing decision-making skills.
Hebbecker et al. (2022) conducted an training in which teachers
received training on data use, support materials, and instructional
recommendations. As a result, the training explained 4.5% of the
change in instructional decision-making skills and 8.3% of the
total variability in this skill. Although some improvement was
observed, no significant differences were found between teachers
who participated in the training and those in the control group.

In contrast, LalLonde et al. (2023) and Reeves and Chiang
(2018) Reeves and Chiang (2019) implemented highly structured
training that systematically guided participants through data
interpretation and instructional decision-making. LaLonde’s model
used CBM charts, yielding large effect sizes (Hedges’ g = 1.23 for
decision accuracy, g = 1.65 for confidence in decision-making).
Similarly, the Reeves and Chiang training incorporated structured
protocols, interactive activities, and immediate feedback, showing
very large (d = 1.39) and large (d = 0.88) effect sizes for self-efficacy
and data use practices in the 2019 study, and medium to large
effects (d = 0.55-0.89) in 2018.

On the other hand, Merk et al. (2020) and van Geel et al.
(2017) did not assess decision-making as part of data literacy.
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Merk et al. (2020) focused on technical skills, conducting a
6-h training on data collection, transformation, and statistical
analysis, without including its application to instructional decision-
making. Meanwhile, van Geel et al. (2017) conducted a 2-year
training that assessed educators™ ability to analyze and interpret
student performance data, but without examining how these
insights were applied in instructional settings. While these studies
contributed to a better understanding of data literacy, they do not
provide evidence on whether improved skills translated into better
decision-making in educational contexts.

4 Discussion

This systematic review provides a comprehensive overview
of the different approaches to training teachers and pre-service
teachers in data literacy, emphasizing the importance of such
training in improving informed decision-making. The findings
indicate that structured decision-making models, training in
authentic contexts, promotion of collaborative work, and long-
term follow-up programs are the most effective strategies, aligning
with previous studies (Marsh, 2012; Reeves and Honig, 2015;
Wayman and Jimerson, 2013). Among in-service teachers, studies
incorporating collaborative work within data teams show positive
outcomes, enhancing knowledge and awareness regarding data use
in teaching practice (Schildkamp, 2019).

Most reviewed studies report significant improvements in self-
efficacy and knowledge of data use, which is particularly relevant
since, according to Bandura (1997), self-efficacy is a key predictor
of teaching performance. However, not all studies calculated effect
sizes, limiting direct comparisons of their impact. Therefore, those
studies that did report effect sizes stand out in this analysis as they
provide a more precise and quantifiable measurement of outcomes.
Nonetheless, it is also important to consider studies that, while not
reporting effect sizes, assessed their effectiveness through statistical
significance tests, as these also provide valuable insights into the
impact of data literacy training programs.

4.1 Structured decision-making models

The methodologies that implemented clear and systematic
decision-making structures demonstrated the largest and most
sustained effects over time. Among these, the use of curriculum-
based measurement (CBM) progress monitoring charts and
structured asynchronous training protocols stood out for
significantly improving the accuracy of pedagogical decisions
and teachers” confidence in using data.

The study by LaLonde et al. (2023) implemented a CBM-based
model that allowed pre-service teachers to analyze real data and
apply a structured decision-making model. The observed effects
were large, indicating a significant improvement in instructional
decision-making accuracy. Similarly, Reeves and Chiang (2019)
used an asynchronous methodology with interactive exercises and
standardized data analysis, yielding very large effects on self-efficacy
and decision-making skills.

These findings align with Mandinach and Gummer (2016),
who argue that data literacy must include a structured approach
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to decision-making, emphasizing that simply teaching data analysis
techniques is insufficient without explicit training in data-driven
decision-making skills. Similarly, Kennedy-Clark and Reimann
(2022) emphasize that well-structured models are essential to
ensure that teachers not only interpret data effectively but
also transfer this knowledge into real educational decision-
making. These authors warn that open-ended and less structured
approaches can lead to inconsistent data interpretations, limiting
their application in improving teaching practices.

However, studies such as Bolhuis (2019) and Hebbecker et al.
(2022) did not achieve significant effects on decision-making,
likely because they employed more flexible and less structured
methodologies compared to those that showed stronger results.

4.2 Use of authentic data and real
contexts

Programs that included the analysis of real or simulated data
in authentic settings were more effective in transferring knowledge
to teaching practice. Reeves and Chiang (2018) Reeves and Chiang
(2019) implemented training with standardized data in interactive
exercises, significantly improving confidence and accuracy in
decision-making. Kippers et al. (2018) designed an intervention
emphasizing the practical application of data use in instructional
decision-making, achieving moderate to large effects.

These findings align with various studies suggesting that using
authentic data in teacher training fosters a better integration of
data analysis into professional practice, increasing motivation,
knowledge retention, and critical thinking development (Elvianasti
et al,, 2021; Fredricks et al., 2004; Herrington et al., 2014; Wayman
and Jimerson, 2013). However, other studies have found that
simulated data may not have the same impact unless explicitly
linked to real teaching scenarios (Neugebauer et al., 2020).

4.3 Collaborative learning and teamwork

Collaborative work emerged as a key component in programs
with the greatest effects on self-efficacy and knowledge application
on data use. Kippers et al. (2018) included team-based data
analysis and peer feedback, leading to significant improvements
in knowledge and confidence in using data. Merk et al. (2020)
integrated small-group collaborative learning, achieving medium to
large effects.

However, Schildkamp and Poortman (2015) found that
teamwork is only effective when teachers already have a basic
level of data literacy; otherwise, collaboration may lead to
misinterpretations of data.

4.4 Long-term follow-up and structured
support

Studies that incorporated post-training follow-up achieved
more sustained effects over time. Abrams et al. (2020) implemented
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a multi-phase intervention with continuous coaching, resulting in
long-term retention of data literacy skills.

These findings reinforce those of Mandinach and Gummer
(2016), who argue that data literacy cannot be taught in isolated
sessions but must be integrated into an ongoing learning and
application process. Similarly, Kennedy-Clark and Reimann (2022)
emphasize that the effectiveness of teacher training programs in
data literacy largely depends on the continuity and structure of the
learning process. According to these authors, a lack of follow-up
and reinforcement after initial training can lead to a rapid decline
in the application of acquired knowledge, reinforcing the need for
training models with evaluation phases and sustained support over
time.

4.5 Critical role in informed
decision-making

The ability of teachers to make informed pedagogical decisions
based on data is a central element in data literacy, as it
enables collected and analyzed information to translate into
effective improvements in teaching and learning. However, teacher
training approaches vary significantly in how they integrate this
competency. Some studies explicitly prioritized decision-making
skill development, while others focused on teaching statistical
and methodological concepts without directly evaluating their
application in educational practice.

Two studies that specifically assessed instructional decision-
making were those by Lalonde et al. (2023) and Hebbecker
et al. (2022). Both examined how teachers use data to guide
their instruction. However, while the structured decision-making
model based on CBM progress monitoring charts in LaLonde et al.
(2023) yielded large effects on decision accuracy and confidence,
Hebbecker et al. (2022) showed more modest effects, with no
significant differences between trained and untrained teachers.

This difference may be due to several factors. One key element
is the design of the intervention. LaLonde et al. (2023) employed
a highly structured approach, guiding participants systematically
through data analysis and instructional decision-making. This
ensured that teachers not only acquired knowledge but also
gained confidence in applying data to instructional planning and
execution.

In contrast, Hebbecker et al. (2022), although focused on
decision-making, used a less structured approach, requiring
teachers to independently transfer their learning to practice. This
may have limited the training’s impact, as teachers lacked a clear
framework for systematically integrating data into instructional
decision-making. As suggested by Kennedy-Clark and Reimann
(2022), training programs that lack structured models may lead to
inconsistent data interpretations and hinder knowledge transfer to
real-world educational contexts.

Furthermore, Mandinach and Gummer (2016) argue that
data literacy should not be confined to analytical skills alone
but must explicitly integrate decision-making as a fundamental
component. However, in many teacher training programs, this
component remains secondary to an emphasis on statistical
tools and conceptual data comprehension. This leaves a gap
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in teachers’ preparation to effectively apply data in instruction,
which may explain why some studies report significant knowledge
improvements but not necessarily practical application in teaching.

The contrast between these studies highlights the need
for continued research on how decision-making capacity is
developed within data literacy and what conditions are necessary
for teachers to integrate these skills into their instructional
practice. While understanding key data concepts is essential, this
alone is insufficient unless it translates into improved informed
decision-making. Therefore, instructional decision-making must
be central to data literacy training, rather than being secondary
to statistical and conceptual skills without a clear link to
educational practice.

4.6 Implications

This review underscores the need to broaden the concept
of data literacy in teacher education by integrating instructional
decision-making as a core component. Traditionally, data
literacy has been defined as the ability to collect, analyze, and
interpret information to improve teaching. However, the findings
indicate that teaching data analysis alone does not ensure
effective pedagogical decision-making. As noted by Mandinach
and Schildkamp (2021), a major challenge is overcoming
misconceptions that prioritize statistical and conceptual skills
over practical application. For data literacy to have a real impact,
decision-making must be a central element in teacher training
models.

Studies that showed the strongest effects in developing
instructional decision-making skills, such as LaLonde et al. (2023)
and Reeves and Chiang (2019), employed structured methodologies
that guided teachers through data analysis and its application in
teaching. These programs helped participants build confidence
in interpreting and using data for instruction, emphasizing the
importance of structured learning. In contrast, Hebbecker et al.
(2022) also focused on decision-making but yielded more modest
results, possibly due to less structured training, reinforcing the need
for progressive, active methodologies that allow teachers to apply
their knowledge in real contexts.

From a practical perspective, training programs should
prioritize structured experiences beyond data interpretation to
strengthen decision-making skills. The most effective programs
included well-defined decision-making models, case-based
learning, and real-world applications. Additionally, teacher
confidence in data use appears to be a crucial factor. While Reeves
and Chiang (2019) achieved significant improvements through
structured protocols and authentic data interaction, Hebbecker
et al. (2022) did not find significant differences, likely due to less
structured training.

These findings emphasize that teacher training in data literacy
should not be limited to statistical knowledge but must incorporate
methodologies that enhance decision-making skills. To maximize
impact, training programs should foster confidence and autonomy
in data use, ensuring that data literacy translates into real
improvements in teaching practice.
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4.7 Limitations and future research

A key limitation of this review is the variability in measurement
instruments, making direct comparisons between studies difficult.
Some focused on instructional decision-making, while others
assessed data literacy more broadly, limiting precision in measuring
training effects.

Another limitation is the lack of longitudinal studies. While
many reported short-term improvements, there is little evidence on
whether these effects persist over time or translate into sustained
changes in teaching practice. Without follow-up, it remains unclear
whether teachers continue applying data literacy skills in real
educational settings.

Additionally, many studies did not assess decision-making
in depth, making it difficult to isolate its specific impact. Given
its importance, future research should prioritize standardized
measurement instruments, long-term follow-ups, and a clearer
focus on decision-making skills. Strengthening these areas will help
design more effective training programs that integrate data literacy
into teaching practice.

5 Conclusion

This review highlights that data literacy training for teachers
must go beyond analytical skills to explicitly develop instructional
decision-making. The most effective methodologies included
structured decision-making models, real-world application,
collaborative learning, and long-term follow-up, all of which
enhanced teachers’ confidence and accuracy in using data for
instructional planning.

Programs that incorporated authentic data use facilitated better
integration into teaching practice, reinforcing the importance of
data literacy as a continuous learning process rather than a one-
time intervention. Additionally, self-efficacy emerged as a critical
factor in effective data use, emphasizing the need for practical,
structured experiences to build teachers’ confidence in making
data-driven decisions.
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