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INTRODUCTION:

Traditional analytics can neither easily nor
systematically handle the complexities of school data to
address the queries school leaders have . . . To answer
such questions, we need to utilize school input, process
(instructional and programmatic), and output variables
in one analysis. [These] data [are] stored in data
warehouses (databases designed to store huge amounts
of historical data employing special design structures
that require additional tools to access) [including] non-
normative variables . . . of multiple types: range,
ordinal, discrete, and text. The goal of data mining is to
use all of these measures in one analysis to develop a
comprehensive and accurate model among myriad
historical variables already collected that represent the
stored totality of a student’s school experience. (Streifer
& Schumann, 2005, p. 281-282)

The field of education data science has recently come to the fore
in education research, administration, policy, and practice as
education systems globally continue to produce ever increasing
amounts of data. Yet, calls for applying machine learning, pattern
analysis, and data visualizations to support decision-making in
organizations generally, and schools specifically, are nothing
new, as these calls for what has come to be known as data
science have been consistent for over 50 years, especially in
education. The purpose of this chapter is to overview the main
components of education data science, its history and application
to K-12 school administration and policy, and provide examples
of how education data science can help inform and support
education research, policy, and practice. Data science includes
communicating with data, data analysis, and managing data,
combined with deep domain knowledge, helping inform
management and policy decisions through communicating and
visualizing patterns, predictions, and the outcomes of decisions
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in ways that management and policymakers understand, value,
and use. This work includes machine learning, but also a focus
on open and shared data and code, ethics, and attention to issues
of bias, equity, and community, as well as a focus on prediction
accuracy versus model fitting. The chapter concludes with
examples of techniques in the application of data science, from
exploration, description, and visualization, to machine learning,
classification and prediction, and analysis of unstructured data
such as text mining analysis.

K-12 education systems globally collect and rely on an ever
increasing quantity and variety of data collected across
organizations, policy regions, and governments for not only
policy compliance reporting, but also to inform decision-making
and evidence-based practices and policy at each level of the
system (Cohen-Vogel et al., 2015; Figlio & Loeb, 2011;
Firestone & Gonzalez, 2007; Halverson, 2010, 2014; Piety, 2013;
Schildkamp et al., 2014; Streifer, 2004). This trend in the
increasing complexity and quantity of data systems is mirrored
across many industries that are leveraging big data and data
analytics through data science and machine learning as a growing
priority leading to many recent innovations and rapid growth of
the data and information technology sectors (Demchenko et al.,
2013; Jin et al., 2015; Saggi & Jain, 2018; Saide & Sheng, 2020;
Singh et al., 2019). Indeed, across the education technology
sector the industry has experienced rapid investment and growth
over the last decade, with much of this growth focused on
leveraging the data collected throughout schooling systems,
providing analytics and data dashboard systems with the goal to
positively influence instructional improvement (Baker, 2021;
Hilbert et al., 2021; Vincent-Lancrin, 2021; Wan, 2021;
Williamson, 2016).

Despite these trends, while there are individual examples of
education organizations finding success with data and their data
systems, multiple recent large-scale and randomized controlled
studies in the United States focused on districts and regional
state-level policy have shown little relationship between student
and school performance in relation to data use, data system and
dashboard use, and the application of evidence-based data-driven
improvement cycles to school improvement (Bloom-Weltman et
al., 2021; Bowers, 2021b; Faria et al., 2017; Farley-Ripple et al.,
2021; Gleason et al., 2019; Grabarek & Kallemeyn, 2020; Mac
Iver et al., 2019; Meyers et al., 2021; Wayman et al., 2017).
Recent studies have also demonstrated generalizability issues for
these data systems, showing the need for machine learning and



data systems to be retrained and analyzed with data from
different school districts and contexts (Coleman, 2021; Stuit et
al., 2016), rather than generalizing beyond single organizational
contexts. Yet, at the student and classroom levels, research
domains such as learning analytics and education data mining
(EDM) have demonstrated strong relationships with student
moment-by-moment cognition and learning as well as individual
student and classroom achievement, such as in mathematics
(Baker, 2021; Baker & Boser, 2021; Fischer et al., 2020;
Koedinger et al., 2015; Roschelle et al., 2016). Learning
analytics, a domain closely related to EDM (Agasisti & Bowers,
2017; Baker et al., 2021; Baker & Inventado, 2014; Feng & Law,
2021; Ifenthaler, 2021; Piety, 2019; Piety & Pea, 2018; Siemens,
2013), coincides with the growth over the last decades of the
field of data science. Yet, beyond learning analytics, in education
research, policy, and practice, data science has only recently
come to the fore.

The purpose of the present paper is to discuss the application of
the field of data science to education research and issues of
school organization, leadership, policy, and practice. The
intended audience for the paper is education researchers,
practitioners, and policymakers interested in an overview of the
history and current discussion of the application of data science
in education organizations and management. In the discussion
that follows, | divide the paper into ten sections. In the first
section, A Definition of Data Science, | overview the rich
conversation in the research and practice literature across the
broad data science domain, overviewing the discussion of the
work of data scientists from “learning from data” to the
application of a rich set of tools that includes data management,
visualization, analysis (statistical and machine learning),
communication with management and stakeholders, with domain
knowledge central to the work. Yet, data science is neither a
novel nor new domain, and so in the second section, 50 Years of
Data Analytics and Decision-Making: A Brief History, | consider
what has been termed “50 years of data science” (Donoho, 2017)
as it has developed from the original work of Tukey and
Exploratory Data Analysis (EDA) in the 1960s and early 1970s.
Importantly for education and organizational management,
concurrent to the work of Tukey, organizational theorists, such as
Herbert Simon (1971) were mirroring the same calls for the need
to make the ever increasing vast sets of data in organizations
interpretable by management in a way that helps leaders and
policymakers see the patterns that matter to organizational
decision-making. Indeed, for education leadership and policy
researchers, the research literature from 50 years ago mirrors
exactly these calls from what have become known as data
scientists within education systems.

In the third section, Education Data Science and the 21st
Century, | discuss the current state of the field of education data
science (Agasisti & Bowers, 2017; Bowers, 2017; Piety et al.,
2014) and the contemporary discussion on the need for the
application of the tools of data science in education research,
policy, and practice. As an example, | briefly turn then in the
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fourth section, Testing Management Ideas Using Data Science
and Experimentation, to current discussions of the need of data
science practices such as causal A/B testing to test management
ideas, as the vast majority of management ideas in education and
elsewhere are never subjected to experimentation to test the
extent to which a prediction was accurate, and thus organizations
know very little about the extent of failure or success of
management’s ideas as they are put into practice. Nevertheless,
training programs and professional development in education
leadership, administration, and policy as yet rarely take up the
issue of data science, and so in the fifth section, A Roadmap for
Training in Education Data Science, | outline the current research
on the skills and domains currently proposed across the education
data science domain, and next steps for building capacity and
training programs to provide the needed capacity building and
training in data science as applied to issues of education
organizations, leadership, and policy.

Throughout this discussion however, one might question the
extent to which this discussion of data science is just statistics,
and thus the current quantitative training and research across
education may already address these issues. Hence, in the sixth
section, Accuracy of Prediction Versus Model Fitting, |
foreground the longstanding critique of statistics research that
notes that almost all of applied statistics is focused on model
fitting and reporting p-values, variance explained, and effect
sizes, yet what the decision-maker wants to know is how accurate
are the predictions of the model (Breiman, 2001), and thus
accuracy of predictions is a core concern of data science, equal to
or above model fitting. Yet, a focus on prediction, especially in
machine learning, has downsides, and so in the seventh section,
Machine Learning Only Learns From Data, Data from a Flawed
and Inequitable System, | turn to a discussion of issues of
fairness and bias in prediction and early warning systems,
discussing the “4As” of algorithms in education of Accurate,
Accessible, Actionable, and Accountable (Bowers, 2021b).

To address these issues, the eighth section, The Common Task
Framework (CTF): Building Capacity in Data Science, presents
an overview of the Common Task Framework (CTF), which has
been termed the “secret sauce” of data science (Donoho, 2017)
and includes (a) open large-scale real-world deidentified datasets,
(b) a shared culture of shared code for shared research, (c) public
and open evaluation of algorithms, and (d) neutral referees. Then,
in the ninth section, Data Science as a Third Methodology in
Education Research, | propose data science as a third
methodology in education research to join quantitative and
qualitative research, which when combined with a focus on
theory, description, and prediction, has the potential to help
bridge between methods domains that focus on tabular data,
traditionally the domain of quantitative methods, and
unstructured nontabular data such as text, images, and videos,
traditionally the domain of qualitative data. And finally, in the
tenth section, Conclusion and a Look to the Future, I conclude by
pointing to three potential near-term benefits of the integration of
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Figure 1: Conceptual diagram of the core components of data science

data science into the lexicon of education research,

administration, policy, and practice.
A Definition of Data Science

Data science is a domain of research and practice that, as Donoho
(2017) stated, is concerned with “learning from data.”
Originating more than 50 years ago in the work of Tukey in “The
Future of Data Analysis” (Tukey, 1962; see also Donoho, 2017;
Singer, 2019), the field of data science brings together data
collection, data modeling and analysis, and decision-making
through problem understanding and problem solving (Wu, 1997).
As such, data science combines managing data across multiple
forms (structured and unstructured) and sizes (small, large, big),
data visualization and EDA, statistics, computer science, machine
learning, and communication and interpretation through domain
expertise with stakeholders (Blei & Smyth, 2017; Cleveland,
2001; Donoho, 2017; Rodolfa et al., 2019; Schutt & O’Neil,
2013; Streifer & Schumann, 2005; Ullman, 2020). A recent
comprehensive literature review of the definitions of data
science, with a focus on data visualization and decision-making
concluded that “data science is a multidisciplinary field that aims
to learn new insights from real-world data through the structured
application of primarily statistical and computational techniques”
(Crisan et al., 2021, p. 1862), which includes four primary
processes of  preparation, analysis, deployment, and
communication.
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While many authors have worked to provide conceptual diagrams
of these overlapping domains and skillsets that help to define
data science (Conway, 2010; Crisan et al., 2021; Taylor, 2016;
Ullman, 2020), in Figure 1 | summarize this literature as the three
central domains of data science of (a) communicating with data,
(b) data analysis, and (c) managing data. Importantly, a central
theme throughout the data science framework literature reflected
in Figure 1 is that the foundation under all data science work is
deep domain expertise. As noted by Streifer and Schumann
(2005) for this work to be useful “someone in the organization
who possesses an understanding (domain knowledge) of both the
organization and the process of data mining is needed to facilitate
the interpretation of the data-mining results into language
understandable and usable by others in decision-making
positions” (Streifer & Schumann, 2005, p. 285). Thus, data
science is fundamentally concerned with the domain in which it
is applied.

Communicating with data is concerned with direct and actionable
work with stakeholders that informs and supports decisions
primarily through useful and informative EDA and data
visualization (Bowers, 2021a; Bowers & Krumm, 2021; Crisan et
al., 2021; Krumm & Bowers, 2022), building off of the long
history of EDA as a methodological field (Behrens, 1997;
Behrens et al., 2012; Singer, 2019; Tukey, 1977). Data analysis is
concerned with modeling, inference, prediction, and discovery
through the application of machine learning and statistics to data.
A central emphasis is on the computer code used throughout the
work, as open, shareable, and machine-readable code that can be
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Figure 2: Data Scientist surpasses Statistician in 2013 on Google Trends. The x-axis is year from 2004 to 2021, the y-axis represents
global Google search interest relative to the highest point on the chart over time.
https://trends.google.com/trends/explore/ TIMESERIES/1632249000?hl=en-US&tz=240&date=all &q=statistician,data+scientist&sni=3

replicated and reproduced (Stodden et al., 2013, 2016) as
opposed to general forms of equations written out in research
papers in nonreproduceable forms. Managing data is concerned
with working with data beyond the organized and structured flat
data file and relational databases to also include unstructured
data, data that are estimated to be more than 95% of all of the
data in an organization, that is usually heavily dominated by text
data that may or may not include much else other than a source
and a date for each entry (e.g., PDF files, emails, etc.), as well as
extremely large datasets that may not fit into the working
memory or hard drives of traditional computing systems (i.e.,
“big data”) (Schutt & O’Neil, 2013), and a focus on open and
public datasets that encourage replication and interoperability
(Cope & Kalantzis, 2016; Gandomi & Haider, 2015; Mukherjee
& Kar, 2017; Tarka & Jedrych, 2020; van der Zee & Reich,
2018). Much of this work throughout the data science and data
warehouse fields is organized under the term ETL for Extract
Transform Load (Bowers & Krumm, 2021; Mukherjee & Kar,
2017; Vassiliadis, 2009).

Turning from the overall conceptual domains of data science, a
useful framework for discussing data science that focuses on the
applied skills and practices of data scientists who work across
these domains includes four major components (Wickham &
Grolemund, 2017) of: (a) data wrangling, including data
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collection, management, organization, combination, and
importantly rearrangement, often employing the “tidy data”
framework (Wickham, 2014), e.g. the MELT and CAST
functions to quickly convert data from wide to long format
(Donoho, 2017); (b) data visualization, stemming from the field
of EDA (Behrens, 1997; Behrens et al., 2012; Tukey, 1977), and
building upon the research literature in visual and graphical
perception (Munzner, 2014; Wickham, 2010; Wilkinson, 2012);
(c) modeling, including inferential statistics as well as machine
learning, often referred to as data mining (Bulut & Desjardins,
2019; Singer, 2019; Tufféry, 2011); and (d) domain expertise
combined with communication skills to relate the findings to
stakeholders and leaders (Agasisti & Bowers, 2017; Bowers,
2017, 2021a; Bowers & Krumm, 2021; Crisan et al., 2021;
Krumm & Bowers, 2022; Schutt & O’Neil, 2013).

A central issue in the literature comparing the differences
between statistics and data science is that while data science
includes statistics, data science also includes these other multiple
aspects of “learning from data” (Donoho, 2017). Indeed, as one
indication of this distinction, while “data scientist” as a search
term in Google Trends (Singer, 2019) surpassed statistician in
December 2013 (Yau, 2013), as plotted in Figure 2, since 2013
the term “data scientist” has continued to grow in interest.
However, this growing interest in “data scientist” does not appear
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to be at the expense or replacement of “statistician,” as interest in
statistician has remained generally unchanged for more than a
decade. Thus, while data science includes statistics, the four
domains of data wrangling, data visualization and EDA,
modeling, and communication with stakeholders provide
distinctive facets to the work that is generating broad interest
globally in academia and industry. And yet, while Figure 1
indicates a recent surge in interest in data science, data science as
a discipline has been a topic of interest of data analysts and
organizational management for over 50 years.

50 Years of Data Analytics and Decision-Making:
A Brief History

As Donoho (2017) notes, the field of data science has existed for
over 50 years. As the purpose of the present paper is to discuss
the application of data science in education, administration, and
policy, a useful place to start is also 50 years ago in the
organizational and education management literature. Indeed, the
work of data science of the last 50 years corresponds to the rise
of large-scale datasets across industries globally, especially in
considering organizational administration and policy, as ever
more systems collect increasing amounts of data in varied ways.
Across organizations, there is the perennial question of how to
use this growing resource of information to inform decisions and
policy making, especially in education (Piety & Pea, 2018). From
the perspective of policy, administration, and organizational
management, a central concern of this process was summarized
well by Simon over 50 years ago:

In an information-rich world, the wealth of information
means a dearth of something else: a scarcity of
whatever it is that information consumes. What
information consumes is rather obvious: it consumes
the attention of its recipients. Hence a wealth of
information creates a poverty of attention and a need to
allocate that attention efficiently among the
overabundance of information sources that might
consume it (Simon, 1971, p. 40-41).

Simon then went on to discuss in the same piece that the work at
the intersection of organizational management and data systems
is in creating systems through research, algorithmic organization
of the data, and machine learning (in 1971) to organize the
information efficiently for the manager, as Simon asked “How
can we design organizations, business firms, and government
agencies to operate effectively in such a world? How can we
arrange to conserve and effectively allocate scarce attention?” (p.
41). He answered this question with the following:

The proper aim of a management information system is
not to bring the manager all the information he needs,
but to reorganize the manager’s environment of
information so as to reduce the amount of time he must
devote to receiving it (p. 44).
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Contemporaneously, in referring to information management
systems specifically for education, Farmer noted in 1970:

| believe that the greatest impact of the quantitative
approach will not be in the area of problem solving,
although it will have growing usefulness there. Its
greatest impact will be on problem formulation: the
way managers think about their problems—how they
size them up, bring new insights to bear on them, relate
them to other problems, communicate with other people
about them, and gather information for analyzing them

(p. 21).

Together, these insights from over half a century ago on data use
in organizational management and administration reflect the
usefulness and potential impact of data analytics and data science
processes to positively influence organizational improvement.
Yet, in bringing together these ideas of information systems to
inform and aid in the management and administration of industry
and government organizations through organizing and
reformulating the data to address organizational problems, there
is an assumption that the data analysis and modeling will be
understood by policymakers and decision-makers. Despite
Simon’s and Farmer’s optimistic views 50 years ago of the
potential of information management systems to positively
support the work of organizations and administrators in the
evolving era of an information and data-rich world,
contemporaries, such as Clemson (1978), noted that these
systems depend specifically on modeling the data, with the point
especially for education that:

Attempting explicitly to model an educational system is
difficult . . . Most attempts at modeling are further
hampered by the fact that invariably mathematical
techniques and programming languages are used that
have technical requirements that are so exacting that the
manager is excluded from meaningful participation.
Two serious consequences can result. The manager may
not understand the model, and, therefore, even if it were
a good model, he is unlikely to use it. Further, by
excluding the manager from the model-building
process, the model will not be tested against the
manager’s own store of experience with the situation.
This is tantamount to saying that the model will not
reflect the political realities that are crucially important
to the manager. Therefore, in terms of the manager’s
needs, the model will not be a good model (p. 22).

Thus, to address this issue in education of the dual needs of (a)
the manager to understand the data, models, and results, while at
the same time (b) deep expertise is needed within the
organization to manage, transform, visualize, and analyze the
information in service to the goals of management and the
community. Bruno and Fox (1973) noted that “it can be
concluded from these trends that school administrators need



background in and exposure to the techniques of quantitative
analysis in addition to traditional statistical methodologies™ (p.
14). Nevertheless, in a special report commissioned at the time
by the University Council for Educational Administration
(UCEA) on quantitative training for education administrators,
these authors note the growing need for what they termed the
“education quantitative specialist” role in school districts and
state systems (Bowers, 2017; Bruno & Fox, 1973) in which:

The specialist in quantitative analysis can assist the
school administrator in decision making and planning:
Part of the quantitative analyst’s role is to help the
district to diagnose problems and to ask relevant
questions concerning planning and evaluation. His
information can be made available to the community, to
the school board, and to political action groups, as well
as to the administrator. He can outline the future
implications of proposed plans. His efficacy in the
administrative process, however, is contingent on the
ability of the decision-maker (the general administrator)
to understand and utilize the data from quantitative
analysis (Bruno & Fox, 1973, p. 11).

They go on to then provide a job posting from the early 1970s for
the Dallas, Texas, school district for the role of the educational
systems analyst, a job posting that required skills in organizing
and managing data, computing, statistics, visualization,
communication, and expertise in the management of education
systems. This list of needed skills in the 1970s mirrors those
noted above as the core components of the work of data science
in the 21st century. Thus, this issue of the need for education
organizations to have a job role that includes data management,
data analysis, and data communication, with deep domain
expertise, in which the analyst is able to help directly inform
planning, decision-making, and policymaking, is neither novel,
nor recent. For half a century, this intersection of organizational
management and decision-making with data and information
systems has been seen as a core component of building more
effective decision-making, yet there is a strong need in the
organization for data analytics personnel who focus on
communication and engagement between data system designers
and modelling, and decision-makers and stakeholders. In effect,
this literature called for the need for people who can both talk to
people and who are also people who can talk to machines.

Education Data Science and the 21st Century

More recently, this intersection between stakeholders,
management, policymakers, and the data scientists has come to
be seen as a core concern of data science as a field. This is
reflected in the description of the work of data science by Schutt
and O’Neil (2013):

A data scientist is someone who knows how to extract
meaning from and interpret data, which requires both
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tools and methods from statistics and machine learning,
as well as being human . . . Once she gets the data into
shape, a crucial part is exploratory data analysis, which
combines visualization and data sense . . . She’ll find
patterns, build models, and algorithms . . . She may
design experiments and is a critical part of data driven
decision making. She’ll communicate with team
members, engineers, and leadership in clear language
and with data visualizations so that even if her
colleagues are not immersed in the data themselves,
they will understand the implications (p. 16).

In this description, Schutt and O’Neil (2013) focused on the work
of data science as work that is first human-centered, in which the
data scientist makes “data sense,” who then communicates, so
that stakeholders will understand the implications. Thus, data
science works beyond modeling data, sitting at the intersection of
research and application in practice, working to inform decisions
with evidence and information from the data systems deployed
throughout the organization.

In education research and practice, the term “data mining”
preceded data science (Baker & Yacef, 2009; Piety, 2019; Singer,
2019), such as Streifer and Schumann’s (2005) application of
machine learning to predict student achievement to inform school
leadership decision-making, noting that:

Data mining is more than statistics: It is a process of
problem identification, data  gathering and
manipulation, statistical/prediction modeling, and
output display leading to deployment or decision
making. Fundamental to this process is the ability to
sort through and utilize the vast amounts of data already
collected on students by districts and stored in data
warehouses (p. 283).

One of the earliest uses of the phrase “educational data sciences”
to refer to the field of applying the field of data science to issues
in education was by Piety et al. (2014) in which they noted at the
time there were four overlapping communities of research and
practice that included learning analytics through personalization,
learning analytics through EDM, academic/institutional analytics,
and systemic/instructional improvement. In working to define the
work of educational data science, these authors noted that:

Considering these four communities that appear to

make up the Educational Data Sciences, we see a

number of important features emerge across them.

These following five features inform our description of

this nascent field.

1) Rapid evolution indicative of a
sociotechnical movement.

2) Boundary issues indicating commonality.

3) Disruption in evidentiary practices.

4) Questions about visualization, interpretation, and
culture.

broad



5) Ethics, privacy, and information architecture (p.
196).

While these features of education data science are important to
consider as the tools and techniques of big data analytics and
machine learning have made their way into education research
methods (Cope & Kalantzis, 2016; Fischer et al., 2020; Hilbert et
al., 2021; Pea & Jacks, 2014; Piety, 2019; Piety & Pea, 2018;
Singer, 2019; van der Zee & Reich, 2018; Williamson, 2017),
Piety et al.’s (2014) summary was understandably focused on
learning analytics and the application of machine learning to the
recent rapid growth of large sets of structured and unstructured
data across the education enterprise from K-12 through post-
secondary and into careers.

Building on this work, Agasisti and Bowers (2017) worked to
bridge between this learning-analytics and machine-learning
focus to the over 50 years of organization-level data analytics.
This research focused on the applied work of organizational
managers at the intersection of intensive data use and
organizational improvement as a human-centered activity
grounded in the relationships between management and data
analysts in education administration (Agasisti & Bowers, 2017).
Mirroring the authors above from across the last 50 years of
research and practice, these authors noted in considering the
traditional separation of data analysis and decision-making in the
consideration of the application of data science to education:

Despite the rapid growth of attention towards the role
of data and quantitative information for exploring and
analysing educational patterns and results, there is still
a relevant separation between decision-makers
(principals and middle managers at the institution level,
politicians at the governmental level) and data analysts
and researchers. In a certain sense, the former actors are
aware of the great potential that resides in data, but
consider their expertise as technically inadequate to use
the analyses. The data analysts, on the other side, are
satisfied with their empirical (academic) work, and do
not enter the practical life and reality of school
management and improvement. The way we see as
potentially innovative is to promote the diffusion,
within schools, of a new professional profile, that of the
educational data scientist, who owns the technical skills
to collect, analyse and use quantitative data, and at the
same time the managerial and communication skills to
interact with decision-makers and managers at the
school level to individuate good ways of using the
information in the practical way of improving practices
and initiatives (p. 190).

In this definition of an educational data scientist, this “new
professional profile” reflected Schutt and O’Neil’s (2013)
general definition of “data scientist” through a communication
and relationship focus, mirroring Bowers (2017), who argued
that for data scientists in education organizations specifically “a
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central role of the quantitative methods work of practitioner-
scholars is to focus on translating data analysis into actionable
information for evidence-based improvement cycles” (p. 88).
Thus, the work of a data scientist in an organization includes
skills in data management, organization, analysis, machine
learning, and visualization, but also includes communication and
collaboration with management around decision-making with
data. Echoing Tukey’s exploratory data analysis points above,
this work aligns with recent calls across both education research
and psychology and sociology in general, for an increased role of
descriptive analysis (Loeb et al., 2017; Yarkoni, 2022).

This data science work differs from machine learning
engineering (Wan et al., 2021) in that a machine learning
engineer may focus the majority of their time on applying
machine learning algorithms to the data at hand (testing, training,
iterating, validating) with a focus on the machine learning
algorithms themselves. For example, in learning analytics and
EDM there is a central focus on machine learning and “discovery
with models” (Baker & Yacef, 2009) in which researchers apply
machine learning algorithms broadly in education settings
(Baker, 2013; Baker & Boser, 2021; Baker & Koedinger, 2018;
Fischer et al., 2020; GaSevi¢ et al.,, 2015; Ifenthaler, 2021;
Ifenthaler & Yau, 2020; Piety, 2019; Piety & Pea, 2018;
Siemens, 2013). As noted by Ifenthaler (2021) “learning
analytics draw on an eclectic set of methodologies and data to
provide summative, real-time and predictive insights for
improving learning, teaching, and organisational efficiency and
decision making” (p.168). Thus, this summative aspect of
learning analytics differs from the more formative aspect of
education data science as integral to evidence-based
improvement cycles through ongoing collaboration with the
administration and management (Bowers & Krumm, 2021).

In education, the work of data scientists focuses thus not only on
the application of machine learning and data visualization, but
also communication, relationship building, and interfacing with
management to focus on the questions at hand for current
decision-making (Bowers & Krumm, 2021; Hilbert et al., 2021;
Krumm & Bowers, 2022; Krumm et al., 2018; Piety, 2019), and
building comprehensibility around models and findings (Michael,
2017). Rather than providing summative metrics, in this recent
literature, the work of data science is to use the tools from big
data analytics, exploratory and visual data analysis, and machine
learning to provide decision support systems through formative,
iterative, and responsive data analytic expertise in the decision-
making process in schools, working to build clarity and
understanding about data intensive tasks, outcomes, and next
steps for organizational improvement within and between data
analysts, stakeholders, and management (Bowers, 2021a; Bowers
& Krumm, 2021; Krumm & Bowers, 2022). Nevertheless, while
the application of data science tools to issues of organizational
management and policy continues to grow, while just about
every organizational leader would note that they are data driven,
decision-making across organizations historically has lacked an



empirical focus that tests management decisions against actual
data.

Testing Management Ideas Using Data Science and
Experimentation

Indeed, this type of formative data science process, of using data
and evidence to interrogate and test organizational and
management ideas, is a core operational procedure across a
growing set of industries. Reports from across many technology
sector industries indicate that internal organizational estimates
are that the vast majority of business ideas when tested
rigorously either have a neutral impact or fail drastically with
some estimates as high as 90% of all business ideas having
negative or unexpected outcomes, such as decreasing customer
engagement (rather than increasing) and decreasing revenue
(Colson et al., 2021; Kohavi & Longbotham, 2016; Thomke,
2020). In arguing for the use of causal experimentation using
A/B testing, also known as randomized controlled experiments,
Kohavi and Longbotham (2016) stated that “most who have run
controlled experiments in customer-facing websites and
applications have experienced this humbling reality: we are poor
at assessing the value of ideas” (p. 3). As noted by Thomke
(2020), this work of data scientists of:

...business experimentation is of absolute importance to
a company’s ability to compete. Experimentation helps
us begin to answer the kinds of questions that all
organizations confront: How do we know what
products to make, what customer experiences to offer,
and what information we need to make those decisions?
How can we begin to innovate if we don’t know what
customers want and are willing to pay for? How do we
direct our organizations’ resources wisely? How can we
distinguish between cause and effect? How can we
reduce uncertainty in our decision-making? (p. 6-7)

The issue however is that historically a pervasive feeling
throughout organizations is usually that management’s ideas
don’t need to be tested because they will be successful because
they come from management. As noted by Colson et al. (2021):

However, the dismal failure rates appear to be known
only to the few companies that regularly conduct
experiments to scientifically measure the impact of
their ideas. Most companies do not appear to employ
such a practice and seem to have the impression that all
or most of their ideas are or will be successful.
Planners, strategists, and functional leaders rarely
convey any doubts about their ideas. To the contrary,
they set expectations on the predicted impact of their
ideas and plan for them as if they are certain. They
attach revenue goals and even their own bonuses to
those predictions. But, how much do they really know
about the outcomes of those ideas? If they don’t have
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an experimentation practice, they likely know very little
about the impact their roadmap is actually having.
Without experimentation, companies either don’t
measure the outcomes of their ideas at all or use flimsy
methods to assess their impacts. In some situations,
ideas are acted upon so fluidly that they are not
recognized as something that merits measurement
(section 2).

Thus, there is a growing concern across organizational research
that with the ever increasing amount of data available to an
organization, no longer can decision-making rest upon a good
argument about an idea from management with the assumption
that the idea will succeed (Benoliel & Berkovich, 2020), but
rather many ideas should be tested against the data to support
decisions that actually will lead to the intended outcome, as most
ideas will fail or have the opposite or unintended consequences
given the nonlinear and complex organizational system (Gans et
al., 2019; Ghosh et al., 2020; Thomke, 2020). In effect, causal
experimentation using randomized controlled experiments and
A/B testing (Athey & Imbens, 2015; Kohavi & Longbotham,
2016) is needed. Indeed, recent research tracking causal A/B
testing use by startup companies suggested that while few
startups adopt A/B testing, those companies using A/B
experimental testing of their ideas improved performance 30—
100% faster over one year (Koning et al., 2022).

In education, recent examples at scale using causal A/B testing
and large datasets across many organizations have shown for
example in the Massive Open Online Course (MOOC) domain
that specific interventions can show consistent small treatment
effects (Kizilcec et al., 2020; Savi et al., 2017), and new
platforms continue to be developed to test ideas, such as the
timing of feedback on class assignments (Fyfe et al., 2021).
Another recent example of this type of testing is the examination
of the straightforward idea of schools giving attendance awards
to students for perfect attendance, demonstrating that these types
of awards actually have the opposite of the intended effect and
decrease subsequent student attendance (Robinson et al., 2021).
Yet, embedding this causal A/B experimentation work as a
consistent and pervasive practice in organizations, and education
organizations specifically, requires the training of data scientists
with the tools to test and communicate the results to help support
decision-making (Fischer et al., 2020), thus indicating a strong
need for roadmaps to plan and then deliver training in education
data science.

A Roadmap for Training in Education Data
Science

In applying data science in education and reflecting on the work
of Bruno and Fox (1973), Bowers (2017) noted that to address
the dual issues of organizing the information and communicating
models and outcomes to decision and policy makers, that school
management preparation programs have at least two different



types of practitioners to train. First, school administration
programs should “train school leaders around knowing what
concepts and tools are available, when and where to apply them,
and what the limitations may be” (Bowers, 2017, p. 81). Second,
in considering the needs of organization-level data analytics
(Agasisti & Bowers, 2017), there is a strong need across
schooling organizations for training in data science that applies to
education. Recently, this education data science research and
practice domain has been proposed as Education Leadership Data
Analytics (ELDA) (Bowers et al., 2019) in which:

Education Leadership Data Analytics (ELDA)
practitioners work collaboratively with schooling
system leaders and teachers to analyze, pattern, and
visualize previously unknown patterns and information
from the vast sets of data collected by schooling
organizations, and then integrate findings in easy to
understand language and digital tools into collaborative
and community building evidence-based improvement
cycles with stakeholders (p. 8).

Evidence-Based
Improvement
Cycles

Data Science &
Data Analytics

Education
Leadership

Figure 3: Education Leadership Data Analytics (ELDA) Venn
Diagram (reprinted from page 9 Bowers et al. 2019).

Thus, this definition of the work of ELDA practitioners places
the application of data science in schools within a larger
framework of the current research at the intersection of education
leadership, data driven decision-making and evidence-based
improvement cycles, and data science and data analytics, as
depicted in Figure 3 (reprinted from page 9 of Bowers et al.
2019).

Integrating the responses of over 100 education practitioner and
researcher participants in a design-based project around the skills
and practices of the emerging domain of education data science
and ELDA, Bowers et al. (2019) also proposed a roadmap for
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training ELDA practitioners in the skills and competencies
identified, including four levels of training for the practicing
administrator, quantitative analyst, research specialist, and
educational data scientist, each with overlapping needs and
competencies.

The ELDA training roadmap described in Figure 4 from Bowers
et al. (2019, p. 33) attempts to capture the many and varied
overlapping and related issues needed for ELDA practitioners,
which include the core components of education data science
previously discussed, and combines these with many of the types
of training already available for education practitioners in
colleges of education and school practitioner certification
programs, including issues of school leadership, learning
analytics, statistics, policy, and assessment, evaluation, and
psychometrics (Bowers et al., 2019). This roadmap mirrors the
broader data science training literature that focuses on overall
data science technical skills while also focusing on moving away
from toy datasets to working on real applied data from actual
organizations in a domain to train practitioners through doing the
work, perhaps in residencies (Rodolfa et al., 2019). As the ELDA
domain has only recently been proposed, questions remain as to
the extent to which ELDA is separate or synonymous with the
work of education data science (Bowers, 2021a; Bowers et al.,
2019; Bowers & Krumm, 2021; Krumm & Bowers, 2022),
similar to issues of learning analytics and data science (Piety &
Pea, 2018), as the application of data science methods within the
broader dialogue and collaboration in organizations around the
use of evidence for decision-making (Piety, 2019) is the key
component of both current conceptions of ELDA and education
data science. Throughout this chapter, | use the terms
interchangeably.

A recent example of this work at the intersection of data science
models, application to practice, and decision-making, is
demonstrated in Bowers and Krumm (2021). In this study, we
partnered with a charter management organization to pattern
analyze and visualize the logfile clickstream data from hundreds
of students in Algebra | across their organization, visualizing the
patterns of how many times students took and retook teacher-
made summative assessments across the many strands of Algebra
I. Importantly, however, the goal was not an analysis and then
reporting the finding, leaving the application and next steps up to
the organization, but rather the interactions between the data
analysts and the Charter Management Organization (CMO)
leaders around the data analysis and visualization included the
following:

. . the leader then turns back to the analyst, and
generates ideas for restructuring the figure, to ask new
questions that are of interest to the school in an effort to
find solutions for specific students on specific
curriculum modules and assessments. The visualization
helps the practitioner rework the problem of practice,
and turn the question back to the data analysts. This
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Figure 4: Core competencies and skills for Education Leadership Data Analytics (ELDA) (reprinted from page 33 Bowers et al.

(2019). LMS = learning management system, UX = user experience, EDM

move points to an important takeaway from the
partnership approach attempted in this project: joint
data interpretation meetings matter . . . In this meeting
with the support of analysts, practitioners were helped
in making sense of the visualization and scaffolded
toward principled takeaways. Importantly, for the
analysts, many of the subtleties in the data patterns
could not have been disentangled absent the
practitioners . . . Importantly, participating researchers
did not draw conclusions from the visualization and
report these to the CMO leaders. Rather, the CMO
leaders drew their own inferences and conclusions and
communicated these back to the researchers in a way
that promoted joint sensemaking (p. 640).

Note throughout this example the interplay between managers
and data analysts as a core component of data science in
education organizations, that the work of data science is joint
work between organizational stakeholders and analysts, as both
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= education data mining.

The goal is not

interpretability, but

information (Breiman, 2001, p. 210).

Accuracy of Prediction Versus Modeling Fitting

accurate

work to become clearer on this joint work over time, in which the
clarity of the task and application of the analysis becomes crisper
(Bowers, 2021a; Crisan & Munzner, 2019) through collaborative
data-intensive improvement projects (Krumm & Bowers, 2022;
Krumm et al., 2018).

Throughout the research on the application of data science to
issues of organizational improvement in education, a core focus
of the work is on machine learning and prediction. Indeed, in the
application of machine learning and data science throughout the
broader technology industry, prediction accuracy is the primary
concern, secondary is interpretation of the model, if interpretation
is done at all. For instance, many companies focus exclusively on
predicting customer engagement, retention, and sales, as these



are key performance indicators (KPIs). Recent advancements in
machine learning image and text recognition similarly focus on
model prediction over model interpretation, with stunning
success in defined areas over the last decade (Jordan & Mitchell,
2015; Raghu & Schmidt, 2020; Singh et al., 2019), such as in
image recognition and large natural language processing (NLP)
transformer models, such as Google’s BERT, and Open AI’s
GPT series of models, each including hundreds of millions or
billions of parameters in a neural network architecture, but with
much work remaining on interpreting exactly how the models
make accurate predictions (Kjell et al., 2020; Singh & Mahmood,
2021).

Concurrently in education, as the EDM domain is chiefly
concerned with applying machine learning and data mining to
student learning issues, predictive learning analytics also
generally mirrors this focus on prediction accuracy over model
interpretation (Du et al., 2021; Feng & Law, 2021; Herodotou et
al., 2020), although with the argument that learning analytics also
provides a deep grounding in theory and interpretation of these
predictions (Baker et al., 2021; Baker & Koedinger, 2018; Baker
& Yacef, 2009; Knight & Shum, 2018; Lee et al., 2020; Namoun
& Alshangiti, 2021). Outside of learning analytics, a goal of the
broader data mining of education data is also on prediction, for
example Streifer and Schumann (2005) noted:

That the benefits of data mining are the ability to (a)
handle very complex data environments in one analysis
and (b) systematically apply the results obtained from
one cohort to predict the outcome from totally different
cohorts with minimal or no data manipulation (p.283).

Nevertheless, in general, across social science research domains
such as education, the central focus of research (both theory and
applied), is on model interpretation, not on prediction accuracy
(Shmueli, 2010; Singer, 2019). For example, in the domain of K-
12 at-risk dropout prediction and early warning systems, Bowers
et al. (2013) reviewed over 100 dropout flags that were used in
research, policy, and practice, using the data in the papers to
calculate predictor accuracy and found that (a) prediction
accuracy of the flags was haphazardly reported, (b) none of the
dropout predictor studies had reported accuracy, mostly focusing
instead on reporting p-values and model fit, and that (c) the vast
majority of the dropout flags were little better than a random 50—
50 guess (Bowers, 2021b; Bowers et al., 2013; Bowers & Zhou,
2019). Rather, across the dropout research, studies focused
instead on reporting p-value significance in regression models,
occasionally reporting effect sizes, and then interpreting how the
related variables helped to explain a theory of student dropout.
But it is not model fit about which practitioners and
policymakers wish to know more and hear specific details.
Instead, decision-makers want to know accurate predictions of
outcomes, given the data collected. In many ways, theory testing
and a focus on model fit is utterly irrelevant to practice, leading
to the long-running complaints of educators, administrators, and
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policymakers of the irrelevance of theory and model fitting to
practice.

As noted by Parker et al. (2017) this issue in education research
of focusing on theory and interpretation to the exclusion of (or
completely ignoring) prediction accuracy is problematic as:

The prediction-focused approach is relatively unusual
in the analysis of longitudinal data in the social sciences
... in exploring the literature we found a severe paucity
of papers that reported the predictive accuracy of their
models on unseen or test data . . . This is concerning, as
the goal of science is not merely to explain phenomena
of interest but also to be able to reliably predict their
occurrence . . . This lack of focus on accuracy may be
due to a common, though mistaken, belief that
explanation implies prediction. Shmueli (2010: 289)
suggests that in fields like psychology and education,
statistical models are used ‘almost exclusively for
causal explanation’ typically under the mistaken belief
that ‘explanatory power inherently possess
predictive power’. Thus . . . there has been a plethora of
new explanatory models of educational attainment but
little evidence has been presented that any of these
models predict future events accurately (p. 97).

Thus, while it is useful and desired to focus on interpretation and
explanation in academic research in attempting to explain models
and advance theory, for school decision-makers, such as in the at-
risk dropout literature, they need to know who is going to drop
out, which requires an accurate prediction from the data. As
noted by Singer (2019):

Researchers in education—and especially those in
allied social science fields such as economics,
sociology and political science—began privileging
questions that lead to causal inferences to the near total
exclusion of descriptive and predictive questions . . . |
have found myself worrying that many researchers have
forgotten that descriptive and predictive questions have
an important place in the world (p. 576).

This issue relates directly to the definition of education data
science being at the intersection of providing actionable
information for decision support systems and data driven
decision-making by not only school leaders, but the educators
throughout the system. As Marshall (1997) noted, school “staff
need to have the knowledge base to interpret data and events and
to predict with confidence conditions, behavior, and
performance,” (p. 152) while “the goal of a quality school is to
develop a level of stability which allows for predicting outcomes
with a high level of certainty” (p. 152-153). A focus on theory
and models then to the exclusion of prediction rightly seems
baffling to the practitioner, contributing to the perception (or
actual) uselessness of research applied to practice.



This difference between model interpretation and prediction is a
long-standing debate that sets data science apart from statistics
(Donoho, 2017; Singer, 2019), and in many ways explains how
data science and machine learning have become so dominant
across many technology industries while statistics remains at a
consistent level as shown previously in Figure 2. Described as
the “two cultures” in statistics of the generative versus predictive,
Breiman (2001) estimates that 98% of all statistics is the
generative type, with only 2% of statisticians (including himself
and most of industry) within the predictive culture. As others
have pointed out (Donoho, 2017; Singer, 2019), Breiman’s
(2001) abstract (and | am by far not the first to quote it) is not
only damning for the industry of academic statistics, but also
provides the core of his argument in that:

There are two cultures in the use of statistical modeling
to reach conclusions from data. One assumes that the
data are generated by a given stochastic data model.
The other uses algorithmic models and treats the data
mechanism as unknown. The statistical community has
been committed to the almost exclusive use of data
models. This commitment has led to irrelevant theory,
questionable conclusions, and has kept statisticians
from working on a large range of interesting current
problems. Algorithmic modeling, both in theory and
practice, has developed rapidly in fields outside
statistics. It can be used both on large complex data sets
and as a more accurate and informative alternative to
data modeling on smaller data sets. If our goal as a field
is to use data to solve problems, then we need to move
away from exclusive dependence on data models and
adopt a more diverse set of tools (p. 199).

My thesis throughout this chapter on the application of data
science in education is that the tools of data science apply very
well to use on education data to solve problems in education
organizations in the support of decisions, especially around
accurate prediction. Mirroring Breiman (2001), accuracy of
algorithmic prediction thus is of primary concern to the
practitioner, with theory and interpretation of the model
secondary, or even irrelevant to the question at hand if the model
iS not accurate.

Returning to Parker et al. (2017) and their application of
Breiman’s (2001) points to algorithmic prediction in education:

The goal of analysis, then, according to Breiman, is to
model this picture in order to be able to a) accurately
predict future/unseen outcomes and b) provide insight
into the processes that transform the predictors into the
outcome. The dominant paradigm to meet these goals is
the data-modelling approach in which clearly defined
theories are transformed into statistical models that are
applied to the data. The aim is to use a given statistical
model to simulate the mechanisms by which nature
transforms ‘x’s into ‘y’s, with the adequacy of results
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tested by goodness-of-fit tests and checking of
assumptions.  Alternatively, an algorithm/machine
learning approach treats natural functions as both
incredibly complex and largely unknown and thus aims
to simply build models that most accurately predict
future events irrespective of the processes that give rise
to the phenomena of interest . . . the difference in
approach comes from a primary focus on explanation
versus prediction (p. 96-97).

Thus, the vast majority of quantitative work in academic
statistics-focused research is the generative data-modelling
approach, focused on explaining how x’s turn into y’s with
goodness-of-fit tests as the evidence, an approach that has
received quite scathing critiques in this literature of its
irrelevance to practice and business decision-making (Breiman,
2001; Donoho, 2017; Shmueli, 2010). Yet, to state that theory
and statistical model fitting and interpretation are irrelevant to
decision-making in education organizations is a bold claim.
However, equally bold is to claim the opposite: that model
prediction accuracy is irrelevant to decision-making in education
organizations. But page through any quantitative social science
or education research journal, and it would be quite hard to find a
consistently large fraction of the articles devoted to prediction
accuracy on unseen data in comparison to model fitting. My
point is that the argument from the “two cultures” perspective is
that this is exactly where we find ourselves with the 98% versus
2% split with the vast majority of attention across the education
literature focusing on theory, statistical model fitting, p-values,
and interpretation, with little to no attention given (outside of
domains such as learning analytics) to the extent to which one
can accurately predict outcomes given new data. Yet, issues of
prediction, prediction accuracy, and integrating these analytic
findings into decision-making and evidence-based improvement
cycles is at the heart of the use of data science in education.

These parallel arguments from the organizational decision-
making literature noted above in comparison to the “two
cultures” perspective are striking. As Parker at al. (2017) stated,
the “algorithm/machine learning approach treats natural functions
as both incredibly complex and largely unknown” (p. 97), which
mirrors the same problem in the recent organizational decision-
making literature also discussed previously. As noted by Colson
et al. (2021):

One force that is actively working against us is the way
we reason about our companies. We like to reason
about our businesses as if they are simple, predictable
systems. We build models of their component parts and
manage them as if they are levers we can pull in order
to predictably manage the business to a desired state
(section 3).

This explanation also describes the vast number of quantitative
education research papers that model linear relationships, such as
in regression frameworks, with independent variables and



covariates modeled as if the relationships are linearly additive (a
grossly over-simplified assumption of real world organizations)
in which each variable is a lever we can pull, independent of the
other variables because they are controlled as independent
variables in a regression framework. Yet, organizations are
complex systems that are difficult to predict without
experimentation, and thus according to this literature, most
management ideas fail or give unexpected results, and so data
science through A/B testing and experimentation is a powerful
innovation to test many ideas given the growing amounts of data
across organizations (Koning et al., 2022; Savi et al., 2017;
Thomke, 2020).

I posit that one way to interpret this literature together is that as
administration and management programs teach aspiring
organizational leaders and policymakers the data-modeling
approach (Bowers, 2017), as it is all the instructors know how to
do, then it stands to reason that these aspiring managers in
training programs pick up the idea that a model explanation
equates to accuracy of prediction, or that just having a good
theory for how the model fits the data is the point, as that is all
that is represented in the literature they read in their training. This
may then understandably lead to managers themselves (a) having
a good idea in their subsequent organization, then (b) justifying it
with their own theory, and finally (c) moving forward toward
assumed success, with little interest in testing or questioning their
model, or checking to see if the idea ever worked.

This sentiment is captured well by Watts (2017) in asking
“should social science be more solution oriented?”’:

One reason for the relative rarity of use-inspired basic
social science is that . . . real-world social problems are
typically messy and multifaceted, thereby greatly
complicating the task of evaluating progress or even
defining the problem to be solved in the first place.
Health, education, inequality, cultural norms, economic
policies, and physical environments all interact in
complicated ways to produce particular individual and
group outcomes. Attempts to understand or influence
these outcomes in the real world therefore often result
in a difficult choice between focusing on such a small
part of the problem that one misses the larger picture,
and drowning in complexity. Exacerbating this
difficulty is the reality that not everyone cares as much
about standards of evidence as social scientists do. Why
invest in a multi-year research project when one can
simply follow one’s instincts, be inspired by a best-
selling book, or pay a consultant to deliver an answer in
a matter of months? (p. 3)

Why indeed? If models and theory are all that matter, and one is
unconcerned with prediction accuracy on unseen or new data,
then any one theory or model is as good as another, the decision-
maker uses backward causality to justify any problems and
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definitely any successes, and so it goes in education as it goes in
S0 many organizations across industries.

In the end, a core component and innovation of the application of
data science to education organizational problems is a focus on
prediction accuracy, providing expertise in data analysis and
testing ideas, which feeds directly into evidence-based
improvement cycles in collaboration with management. The
argument here however is not that prediction accuracy is the only
issue to focus on in data science, but that a closer balance
between data-modeling and prediction accuracy is healthy for a
domain, much healthier than the 98% to 2% split noted by
Breiman (2001). Thus, I am not arguing that the majority of
research should be prediction focused, but only for a reasonable
balance. One reason to not focus exclusively on prediction
accuracy over all others, is that, as | discuss in the next examples
from multiple industries over the last decades, that path leads to
biased algorithms that learn from the historic data, a history
plagued with bias and segregation, providing back exactly the
same problems, as the machines are quite good at learning from
the training data provided.

Machine Learning Only Learns from Data, Data
from a Flawed and Inequitable System

While prediction is a key aspect of data science, prediction based
on machine learning without understanding of both the models
and the bias of the data used to train the models is a core critique
and a well-known downside across the data science, big data, and
machine learning fields, including education (Baker & Hawn,
2021; Bowers, 2021b; Ifenthaler & Tracey, 2016; O’Neil, 2016;
Wachter & Mittelstadt, 2019; Willis et al., 2016). Machine
learning algorithms are only able to learn patterns from the data
provided, and thus providing past education data, such as from
the United States schooling system, which is a system heavily
critiqued for its issues with systematic bias and segregation
(Douglass Horsford, 2017; Hawn Nelson et al., 2020; Lomotey &
Lowery, 2013; Noguera & Alicea, 2021; Palardy et al., 2015;
Reardon, 2019), will lead to the algorithm learning and providing
back exactly the same biases. As noted by Benjamin (2019) in
discussing this issue in healthcare, as well as other industries:

Data used to train automated systems are typically
historic and, in the context of health care, this history
entails segregated hospital facilities, racist medical
curricula, and unequal insurance structures, among
other factors. Yet many industries and organizations
well beyond health care are incorporating automated
tools, from education and banking to policing and
housing, with the promise that algorithmic decisions are
less biased than their human counterpart. But human
decisions comprise the data and shape the design of
algorithms, now hidden by the promise of neutrality
and with the power to unjustly discriminate at a much
larger scale than biased individuals (p. 422).



Given these issues across many industries, including education,
recent research has begun to focus on algorithmic bias and
fairness detection across machine learning domains, especially in
education (Baker & Hawn, 2021; Corbett-Davies & Goel, 2018;
Gardner et al., 2019; Hakimi et al., 2021; Hu & Rangwala, 2020;
Khosravi et al., 2022; Lee et al., 2019; Loukina et al., 2019;
Madaio et al., 2021; Paquette et al., 2020; Singh et al., 2019;
Soland et al., 2020; Vaughan & Wallach, 2020; Williamson &
Eynon, 2020). Across much of this literature, a primary tension is
between the issue that algorithmic bias can be detected and
corrected through more machine learning, versus the point that
the implicit biases of the designers and coders of these systems
unavoidably will make their way into the systems, as the design
and code are designed and coded by humans. Thus, concurrently
a growing set of literature also encourages focusing on working
in collaboration with the leaders, communities, and stakeholders
whom the system is designed to serve (Bowers, 2021a, 2021b;
Bowers et al., 2019; Bowers & Krumm, 2021; Hawn Nelson et
al., 2020; Krumm & Bowers, 2022; Lee, 2018). For example,
Hawn-Nelson et al. (2020) provide a tool kit and exemplars from
multiple school districts of data analysts and community
stakeholders working together to build data systems that serve
the community, as they state:

We call for re-users of administrative data to center racial
equity in data practice. We call for the inclusion of
community voices and power sharing at every stage of
design, use, and implementation. We call for relationship
building among those represented in the data and those
using the data. Without a deliberate effort to address
structural racism, institutional racism, and unrecognized
bias, data integration will inevitably reproduce and
exacerbate existing harm (p. 3).

In this way, no longer is it the job of the data analysts and
researchers to invite the communities to the table, as it is not the
researchers’ table. Rather, this literature calls for data science to
work in collaboration and in concert with the communities that
the systems serve, working to address the issues that the
stakeholders designate and build action around addressing.

Applying the 4As to Early Warning Systems

Recently, to address these multiple issues, published by the
Organisation for Economic Co-operation and Development
(OECD), Bowers (2021b) proposed the 4 A’s education
algorithms framework of Accurate, Accessible, Actionable, and
Accountable. Accurate in that at-risk and early warning predictor
systems no longer focus on p-values and model fitting, but rather
demonstrate that education early warning predictors are actually
accurate in comparison to other current predictors in the same
domain using signal detection theory (Bowers & Zhou, 2019).
Accessible in that, for any algorithm that makes a
recommendation or a decision on a student, while the data should
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be private and restricted, the code must be open and auditable.
Just as any parent can ask a teacher how a decision was made
about their student, or a parent can inspect the school budget or
hire accountants to audit the budget, so too must algorithms be
open to inspection, as the taxpayer paid for it and thus has the
right to audit the code that makes such decisions or
recommendations (Agasisti & Bowers, 2017). Proprietary and
hidden code in education is unethical. This recommendation
follows the guidance from the open science movement
(Bezuidenhout et al., 2020; Molloy, 2011; Stodden et al., 2016),
and open education science and research (Bowers et al., 2019;
van der Zee & Reich, 2018), which also requires open code and
algorithms to promote comparison, confirmation, replication, and
extension of findings and prediction using the FAIR standards of
Findable, Accessible, Interoperable, and Reusable (Bahim et al.,
2020; Bowers & Choi, 2023, Bowers et al., 2022; Wilkinson et
al., 2016). Actionable in that “actionable early warning indicators
rely on predictors that are recent or real-time, malleable, and
under the influence of stakeholders, in opposition to predictors
that students, teachers, administrators, and family and
community members have no control over” (Bowers, 2021b, p.
185), such as demographics, SES, and geographic location
(Paquette et al., 2020). And Accountable, in that education
algorithms are made in collaboration with the stakeholders whom
the system serves, such as in following the recommendations of
Hawn-Nelson et al. (2020) discussed above.

In relation to accuracy, an example of this work is Knowles
(2015). In this study, the author analyzed entire student cohorts
in Wisconsin using multiple machine learning methods to
generate at-risk dropout predictors, but importantly compared the
predictors using signal detection theory and Receiver Operating
Characteristic (ROC) Area Under the Curve (AUC) accuracy
analysis (Bowers et al., 2013; Bowers & Zhou, 2019) to multiple
other predictors already demonstrated in the literature. In the end,
Knowles (2015) showed that none of the machine learning
predictors were more accurate than either the Chicago on-track
indicator (student ninth-grade failure in either mathematics or
reading and student is behind in credits; Allensworth et al., 2018;
Bowers, 2021b) or predictors such as pattern analysis of
longitudinal noncumulative grade point averages (Bowers &
Sprott, 2012; Brookhart et al., 2016). Additionally, as a policy
document on the at-risk predictors in Wisconsin, Knowles’s
(2015) study also provided the full code in the open access R
statistical language, in addition to providing the full details on the
accuracy of the predictors, thus providing accuracy and
accessibility around actionable predictors that then could
potentially lead to increased accountability to the communities
that the system serves, as the code and predictors are available
for auditing, discussion, and critique. This example then
exemplifies the potential of the 4As for algorithms in education,
however given the above discussion that the vast majority of
quantitative training in education is focused on model fitting and
theory testing, | next turn to a discussion of the Common Task
Framework (CTF) in data science as a framework to build
capacity and innovation across this domain.



The Common Task Framework (CTF): Building
Capacity in Data Science

In the machine learning engineering domain the Common Task
Framework (CTF) has become a foundation of the industry, in
which for a specific research or technical issue there is a large
public dataset, open and shared code, an agreed upon task and
outcome, and a means to algorithmically evaluate the outcome,
with a neutral and public referee (Watts, 2017). Donoho (2017)
has postulated that for data science, the CTF is the “secret sauce”
that creates and incentivizes gradual, verifiable, and replicable
gains toward an agreed-on goal in a research domain. On the
history of CTF, Lieberman (2010) noted:

Charles Wayne, starting a new speech-recognition
program at DARPA in 1986, adopted the idea of
quantitative comparison of alternative algorithms on a
fixed task. In the context of this program, the formal
quantitative competition was not only among
algorithms but among research groups, with all the sites
involved in the project sharing a predefined automatic
evaluation metric and a body of material for training
and testing. At first, DARPA’s key motivation for this
“common task method” seems mainly to have been to
persuade skeptics that the new program would
successfully avoid glamour and deceit . . . But it soon
became clear that this approach had a number of key
advantages as a method of research management. It
lowered barriers to entry, by providing well-defined
tasks and the resources needed to undertake them; it
created a research community with shared goals and
assumptions; and, perhaps most important, it offered
proof of gradual progress that could be used to justify
stable funding . . . over several decades, even when no
“killer app” had yet emerged (p. 4).

Thus, machine learning has made rapid progress over the last
decades, especially in domains such as NLP and image
recognition with access to large public labeled training datasets,
public code, and a means to publicly test and compare results
against an agreed upon evaluation metric (De Cnudde et al.,
2019; Donoho, 2017; Raghu & Schmidt, 2020), with authors in
the computational data visualization and social science domains
also nominating CTF as an attractive domain to adopt and pursue
(Baker & Boser, 2021; Crisan et al., 2021; Watts, 2017) in the
application of data science to research discovery, innovation, and
organizational improvement.

Similarly, CTF is beginning to take shape within education data
science, and especially through learning analytics. In the above
example of at-risk predictor accuracy such as in the high school
dropout research, there already are some of the components of
CTF, including a common and open evaluation metric such as
ROC AUC accuracy calculations and an increasing focus on
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publishing open and accessible code, such as in the R software
packages (Bowers, 2021b; Bowers & Zhou, 2019; Coleman,
2021; Knowles, 2015). With open and accessible code and a
common evaluation metric, at-risk as well as other indicators of
student persistence and challenge in school can be replicated and
compared. However, while this dropout flag and at-risk early
warning system research domain has these two components of
CTF, it lacks large open and public datasets, as well as neutral
referees and a common and extensible data and code sharing
framework and community.

Expanding the usefulness and opportunities of CTF is a central
recommendation in learning analytics, educational data mining,
and learning engineering (Baker & Boser, 2021). Learning
analytics has seen some recent success in this area, such as in
large scale datasets and competitions around MOOCs (Gardner et
al., 2018), and large collections of learning analytics datasets
(Liu et al., 2017). However, while there has been some progress,
that progress has been uneven and sporadic, with much work
remaining throughout the domain (Baker & Boser, 2021).

Looking forward toward the application of CTF in education data
science to issues of education organizations and policy, bringing
this literature together | encourage the domain to continue to
build toward:

Open large-scale real-world deidentified datasets: These
datasets should represent not only real-world student data, but
also the types of data formats and structures that current K-12
and higher education data systems actually use, so that code
generated on this data can be quickly deployed in current
education data warehouse systems (Bowers, 2021c; Bowers et
al., 2022; Khan, 2021; Pratt, 2021). Additionally, these datasets
should also follow a common set of data standards, such as the
U.S. Department of Education Common Data Standards (CEDS)
(Hall & Huennekens, 2016), which aid in interoperability, data
sharing, and data extraction, transformation, and loading (ETL).
Yet, this call for data sharing and collaboration is not new, as for
example in 2002 and 2004 the National Research Council and
National Academy of Sciences listed data sharing as a core
recommendation for improving education research to “enable
reanalyses, replications, and further investigation with available
data” Towne et al., 2004, p. 5). Such datasets could benefit as
well from not being a sample but the entire census of full school
systems, K-12 or PK-20 or beyond into careers, to aid in shared
analysis across a large number of research and application
questions through open data. While there are, of course, issues of
data privacy, deidentification, and data confidentiality, these
issues are not unique to education data, and many of the recent
innovations in the medical, biological, and legal domains could
be applied to these types of datasets (Bowers et al, 2022;
Engelhardt et al., 2022). Additionally, potentially fruitful large
datasets, while samples, do exist, such as the large nationally
generalizable datasets from the U.S. National Center of
Education Statistics as well as global datasets, such as through
the OECD (Chudgar & Luschei, 2016; Hernandez-Torrano &



Courtney, 2021; Urick, 2018). | encourage these datasets to be
included within an emerging education data science Common
Task Framework as these datasets represent a deep set of survey
and assessment data over many decades that have not been a
focus of a sustained and combined research effort around specific
and actionable research and application prediction tasks.

A Shared Culture of Shared Code for Shared Research: The
Common Task Framework requires a shared culture of sharing
open access code, not only in running data visualizations,
models, tests, and machine learning algorithms, but also in ETL.
While there are few centralized opportunities for researchers in
education to share open code around defined research issues,
there are a small but growing set of examples (Baker & Boser,
2021). Cultivating and encouraging a culture of both shared data
and interoperable and open code (Bahim et al., 2020; Engelhardt
et al., 2022; van der Zee & Reich, 2018) helps address issues of
replication (Watts, 2017) while also building capacity across the
domain, lowering barriers of entry, and building a culture of
shared and open responsibility and accountability around the
predictions and results identified.

Public and Open Evaluation of Algorithms: As has been noted
in the literature on the application of data science and machine
learning to the social sciences (Watts, 2017), desired outcomes in
many machine learning tasks to date are quantifiable and can be
algorithmically scored, such as higher engagement in online
recommendations, is a picture a picture of a cat, what is the next
word in the sentence, or what is the answer to a specific set of
questions. In contrast, many outcomes in the social sciences can
be radically more nuanced and complex. That said, returning to
the example of at-risk high school dropout status, a student either
drops out or not, is absent or not, completes their intended major
in college or not, clicks on the correct answer in an online tutor
or not, and so on. These are good starting points for open and
public evaluation of the results of studies that use open and
shared code and datasets, as there are standard means to quantify
the evaluation and compare outcomes, such as ROC AUC,
precision-recall, and the like (Bowers & Zhou, 2019). Thus,
rather than an ever-continuing stream of difficult to compare
studies that focus on model fitting, p-values, and unitless effect
size measures, prediction accuracy could be evaluated and
gradually improved on using CTF, while the mechanisms for
how the prediction takes place, and mitigating the biases around
those predictions are studied and understood.

Neutral Referees: A central innovation of CTF is that
predictions can be submitted on a regular basis and
algorithmically judged by a neutral third party. This vital work is
important, and should itself be a collaborative effort, perhaps
centralized within conferences, or perhaps by communities with
whom the algorithm is being designed, as ceding this work to
for-profit companies, journals, or even nonprofit journals is a
conflict of interest for the journals, as they also promote (and
create revenue from) the papers that include the top algorithms.
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Data Science as a Third Methodology in Education
Research

Theory and the literature review have traditionally been at the
center of the intersection of quantitative and qualitative research
methods in education, with data science now joining as an
additional methodology in education research that builds on the
expanding definitions of the variety of data sources that can be
analyzed, research questions, and analysis methods (Agasisti &
Bowers, 2017; Bowers, 2017; Piety & Pea, 2018; Singer, 2019).
As described in Figure 5, while inferential quantitative methods
aim to generalize to the population, and qualitative methods may
generalize to theory, data science provides a means to bring both
tabular data (traditionally the domain of quantitative methods)
together with unstructured data, such as text, (traditionally the
domain of qualitative methods) to examine new types of research
questions. Data science pattern analytic techniques that bring
together both tabular structured data and unstructured text data
provide a means to “make visible data that have heretofore gone
unseen, unnoticed, and therefore unactionable” (Bienkowski et
al., 2012, p. ix).

Literature &
Theory

Quantitative Qualitative

Data
Science

Figure 5: Data Science as a Central Method in Education
Research

Thus, the work of education data science is to bring together
many different data sources that may include data from logfile
clickstreams, dashboards, devices, geographic data, large data
matrices or databases, classic tabular structured data in individual
flat files, as well as unstructured data, such as text, images, audio
files, and video.



Spatial-Temporal Data

For example, in a study by Coleman et al. (2021), 80 participants
in an educator professional development co-design collaborative
event were each provided a location tracking device (with
consent) in a large collaborative meeting space, placed into teams
of about seven or eight participants, with a set of design-based
collaborative data visualization tasks to discuss and generate, and
then the location data for each person on each team were tracked
over an entire day of a workshop (Coleman et al., 2021). This
longitudinal dataset represented a very large dataset as the
location of each participant in the collaboration space was
recorded every few seconds. The location data were then merged
with data such as who was on which team, and then team
cohesion over the workshop day was analyzed over time to
provide longitudinal visualizations and analysis of the temporal-
spatial data to map how teams interacted within and among each
other over time on a specified professional development task.

A second example involves data collected from a collaborative
interactive science museum exhibit in which middle school
students interacted with physical blocks that represent different
concepts in creating electrical circuits on a physical table with a
virtual overlay of a game space to capture virtual exotic fish
using the blocks to create virtual circuits within the game, with
the purpose of students learning the fundamentals of electrical
circuit design through constructivist cooperative play (Jorion et
al., 2020). Here the data represented the per second location data
of where each block was on the surface of the two-dimensional
table with the virtual display over many play sessions with many
blocks in which one to up to four total students could stand at the
table and participate by moving the physical blocks on the virtual
tabletop. By analyzing this dataset, not only could individual
players be detected, but the analysis demonstrated that when the
table hosted the maximum four players, together the students
collaboratively constructed many more circuits and persisted in
the educational game much longer than when there were fewer
students playing, which was an intentional part of the
constructivist collaborative design of the game (Tissenbaum,
2020; Tissenbaum et al., 2017). These two examples demonstrate
the usefulness of data science types of analysis for these
nonstandard types of data that do not necessarily have
participants in rows and variables in columns (tabular data), but
instead include spatial and temporal data that can be analyzed
and visualized in new and interesting ways to approach research
questions from new angles.

Text as Data

One type of data that has received quite a lot of attention in data
science and machine learning analysis methods over the last two
decades is text data (Grimmer et al., 2022; Srivastava & Sahami,
2009). Traditionally the domain of qualitative research, text data
mining methods have grown substantially over the last few years
and are now used across a variety of industries. For example, in
learning analytics, the number of papers using text data mining
methods is up over tenfold in the last decade (Ferreira-Mello et
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al., 2019), and include techniques such as clustering of text into
topics, NLP to detect student sentiment or correct/incorrect
answers in essays, organizing documents to aid in information
retrieval, and automatically summarizing text.

Moving beyond summarization word frequency counts, text
mining as a research method provides a means to cluster and
organize the text across a corpus in a variety of ways that begins
to get at the meaning, latent topics, and latent semantics of
words, phrases, and documents. For example, sentiment analysis
aims to detect emotion and the sentiment of words used (Liu &
Zhang, 2012), such as inferring that a sentence is happy or sad
based on the word correlation frequencies with lists of keywords
that indicate these sentiments or that has been machine learned to
detect this sentiment with high accuracy (Soleymani et al., 2017).
A well-known example in education and learning analytics is
Coh-Metrix (Graesser et al., 2011), which automatically detects
the level of cohesion in texts aligned to theories of language level
and discourse across grade levels, including word concreteness,
syntactic simplicity, referential cohesion, causal cohesion, and
narrativity, and has been shown to be useful in classifying and
organizing student reflections and discussion board forum posts,
for instance from online undergraduate courses (Kovanovi¢ et al.,
2016, 2018).

Another form of text data mining is classifying documents based
on latent topics identified through word correlation frequencies,
commonly referred to as correlated topic models (CTM; Blei &
Lafferty, 2007, 2009; Blei et al., 2003; Jordan & Mitchell, 2015;
Steyvers & Griffiths, 2007). In these models, each document is
considered a “bag of words” in that a document consists of a set
of terms (words) regardless of the order in the sentences. Then,
through these models using latent Dirichlet allocation (LDA):

LDA assumes that the words of each document arise
from a mixture of topics, where each topic is a
multinomial over a fixed word vocabulary. The topics
are shared by all documents in the collection, but the
topic proportions vary stochastically across documents,
as they are randomly drawn from a Dirichlet
distribution (Blei & Lafferty, 2007, p. 18).

Following on this work, there are now many open access coding
packages, such as in the R statistical language, that apply
different varieties of topic modeling in this way (Chang, 2015;
Grin & Hornik, 2011; Silge & Robinson, 2017; Steyvers &
Griffiths, 2007). Briefly, the process proceeds first with cleaning
a corpus, that is, first removing numbers, any embedded code,
and then stemming and removing words such as all words with
three or fewer letters to remove stop words and basic articles of
speech (such as “a,” “the,” “is,” etc.). Then a term-by-document
matrix is created in which the frequency of every term in the
corpus is listed for each document. The topic model then creates
two new matrices, terms by topics, and topics by documents, in
which the latent topics are identified through the “story” told by
the list of the highest occurring terms (similar in some ways to



how one tells the “story” of a factor through individual item
factor loadings in factor analysis), and each document has a
probability to then be in any of the identified topics, usually
classifying the document into the highest probability topic (Blei,
2012; Blei & Lafferty, 2007, 2009).

One of the earliest examples of text data mining using topic
modeling in education finance and policy research was by
Bowers and Chen (2015) in which we used an automated text
mining correlated topic model to analyze the full text of n =
1,210 individual capital facility finance school district bond
proposals in Michigan over 16 years, as in states such as
Michigan, districts may propose to build, renovate, or purchase
capital facilities using debt paid back through increased local
property taxes passed through a bond referendum. The bond
ballot proposals clustered into nine distinct topics related to the
bond ballot request, such as transportation (with high frequency
terms such as bus, busing, transportation), athletics (football,
gym, track), building new schools, or renovating schools, and the
like, with bond proposals such as athletics passing much less
often (Bowers & Chen, 2015).

A second example uses topic modeling to cluster school
improvement plans and implementation report tasks from all
schools in the state of Washington from 2011-2012 to 2015-
2016, analyzing about 24,000 individual tasks noted across 2,873
school improvement plans (Sun et al., 2019). Using LDA, the
authors identified a 20-topic model and merged relevant panel
data such as test scores and average student absenteeism. The
model identified multiple improvement plan topics, such as
“teacher team activities focused on reviewing data, planning,
aligning standards, developing interventions” and “administering
common assessments and disaggregating data to differentiate
interventions,” each of which was negatively correlated with high
student absence rates (interestingly this second topic was one of
the lowest topic proportions across the dataset for the state).
These same topics as well as others such as setting goals for
recognizing and monitoring teachers’ and students’ growth were
positively correlated with average school-level mathematics
standardized test scores. Thus, automated text data mining can be
a useful means to empirically describe not only which documents
cluster together based on word correlation frequencies, but also
to provide the proportions of documents that cluster into each of
the topics, along with topic probabilities, each of which describes
a rich set of information that is unavailable to researchers without
these types of text pattern analytics.

Text data mining also has been shown to be useful in organizing
and clustering literature by latent topics, such as Wang et al.
(2017) who analyzed the full text of all 1,539 articles published
in the journal Educational Administration Quarterly (EAQ), from
its inception in 1965 to 2014 (Wang et al., 2017). EAQ is
especially of interest as it sits at the center of the education
leadership research citation network in English globally as the
most prominent journal in the domain when analyzing all
citations across articles in the 40 top journals in school leadership
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research (Wang & Bowers, 2016). Following Blei and Lafferty’s
(2007) correlated topic model text mining analysis of the journal
Science and the growing domains of the digital humanities
(Berry, 2012; Jockers & Underwood, 2015; Vanhoutte, 2016)
and computational social science (Alvarez, 2016; Lazer et al.,
2009), Wang et al. (2017) applied text mining to the entire corpus
of all articles in EAQ, identifying 19 topics across the 50 years,
with the top two most prevalent topics being the “epistemology
of educational leadership” (12.7% of articles) and “research
reviews and reflections” (10.7%). The authors then plotted the
rise and fall of topics over the 50 years, and found that while
many topics grew over the years, such as “teaching and
instructional leadership,” and “inequities and social justice,”
others died off, including “epistemology of educational
leadership,” visualizing the rise and fall of the central topics of
concern to the field over time. Interestingly, the topic model
automatically identified special issues, such as a spike in interest
in the topic of “trust” in school leadership for the year in which
there was a special issue, as the algorithm was not given the
information that there had been a special issue, but because topic
modelling relies on word correlation frequencies, special issues
of journals stand out as similar words are used across multiple
articles. Thus, text mining topic models provide a useful means
to cluster and organize a corpus of text empirically and provide a
new and interesting set of tools and lenses to analyze patterns in
large volumes of text that were previously inaccessible.

A final example of the usefulness of automated text mining is in
working to empirically group discussion group participants in
classrooms, professional development workshops, and online or
large-scale courses through clustering students together into
discussion groups based on the word correlation frequencies
patterned using correlated topic modeling of papers or surveys
from the start of class or a survey before or after a workshop
event (Bowers, 2021c; Bowers et al., 2021; Gegenheimer, 2021;
Kang & Bowers, 2021). For example, in Bowers et al. (2021), for
a four-week online noncredit professional development course
for teachers and school administrators globally on using evidence
and data to inform decision-making and instructional
improvement in schools, we used topic modeling of participants’
reflection papers in the first week of the course on successes and
challenges with evidence use in their school to cluster
participants into subsequent online discussion board groups. As
the central work of the course was in networking and interacting
through the discussion boards, participants were grouped into
discussion board groups of 10 based on the word-correlation
frequencies from the automated topic modeling, and so thus for
the rest of the course, no matter if there were a hundred or more
participants, discussion board groups of 10 would only interact
with their discussion board group and literally shared a common
language in the group based on the word correlation frequency
clustering (Bowers et al., 2021). Thus, the intention of this use of
text mining in workshops and courses (Bowers, 2021c;
Gegenheimer, 2021; Kang & Bowers, 2021) is to use the actual
words written by participants to empirically and informatively
group them for interactions rather than rely on happenstance or



randomization for grouping participants. In this way, event
orchestrators and instructors can informatively group participants
either by clustering them together using similarity of language or
ensuring that each group has a diversity across the clusters
identified by the topic model.

Conclusion and a Look to the Future

In conclusion, data science in education research, policy, and
practice is an emerging and exciting domain with a wide and
ever-growing list of applications. While data science has existed
for more than 50 years, the core concerns of data science of
description, patterning, and prediction have been at the forefront
of management, administration, and organizational theory in
education and K-12 schooling for the same 50 years. While
definitions of data science continue to evolve, at its core:

Data science is more than the combination of statistics
and computer science—it requires training in how to
weave statistical and computational techniques into a
larger framework, problem by problem, and to address
discipline-specific questions (Blei & Smyth, 2017, p.
8691)

It is these discipline-specific questions that are of core concern to
policymakers and practitioners, and the techniques and
application of data science across education organizations has the
potential to provide a much deeper and nuanced view into the
patterns and predictive accuracy of management and policy
decisions.

Mirroring the calls noted throughout the previous discussion for
an increased focus on the emerging domain of education data
science in education policy and practice, related social sciences
with strong quantitative methods and traditions, such as
geography and GIS (geographic information systems), are
making similar contemporary calls that echo and mirror the same
arguments outlined throughout the present paper. For example, in
their recent article titled “Geographic Data Science” Singleton
and Arribas-Bel (2021) worked to define the term geographic
data science and stated:

there needs to be intensified critical engagement of
Data Science by geographers . . . The long
interdisciplinary tradition that exists within Geography
makes it particularly well positioned to facilitate such
engagement. At the same time, further interaction with
Data Science will bring new methodological tools that
can help Geography, and the Geographical Analysis
community, to remain relevant in an increasingly data-
driven and digital world . . . To realize such a vision
and to foster interaction, we propose the term of
Geographic Data Science (p. 62).
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Thus, the argument by these authors for a deeper engagement for
GIS and data science mirrors the same argument I’ve made
throughout this chapter for a deeper engagement in education,
organization, and leadership and quantitative and statistics
research with the tools and techniques of data science to “remain
relevant in an increasingly data-driven and digital world”
(Singleton & Arribas-Bel, 2021, p. 62). This argument of course
is not unique to these two fields. The call for applying data
science methods is a contemporary concern across a wide range
of domains (Donoho, 2017; Neff et al., 2017; Provost & Fawcett,
2013; Ullman, 2020); many fields are at similar points as
education research in these discussions of applying data science
to issues of research and practice across each domain.

Looking toward the future, the inclusion of data science as the
third methodology in education research, as I’ve proposed here,
is an exciting prospect. Integrating a deeper set of tools from data
science will provide the potential to build exciting new
techniques, innovations, and discoveries across the traditional
qualitative and quantitative (statistics) methods. In this chapter, I
have briefly noted three potential future areas. First, for instance,
education research has a deep history and strong findings in
psychometrics and survey validity studies, from designing and
testing individual assessment items at the student level (Furr,
2021; Haertel, 2013; Popham, 2016), to validating factors, to
hierarchical and structural models that delve deeply into the
complex relationships in classrooms, schools, and communities
(Raudenbush & Bryk, 2002), to cross-nation comparisons using
the well-known international tests such as PISA and TIMSS, and
surveys such as the Teaching And Learning International Survey
(TALIS), among many others (Chudgar & Luschei, 2016; Urick,
2018). Recently, for example, computational psychometrics has
emerged as an innovative framework to address new issues in
testing and assessment through using data science tools, as digital
assessment systems create ever larger volumes and variety of
data (Hao & Mislevy, 2021), mirroring many of the innovations
emerging from learning analytics (Baker et al., 2021; Du et al.,
2021; Ifenthaler, 2021; Kizilcec & Davis, 2022). This work
brings together large expansive datasets, including assessments,
clickstream logfiles, student writing, latent factors, combined
with deep and complex interrelated and nested hierarchical data
structures. As education systems globally continue to collect an
increasing volume and variety of data at ever increasing scales,
the application of data science tools across the traditional
education research and policy assessment, psychometrics, and
survey domains is an exciting area to watch for the emergence of
next-stage methods, innovations, and actionable findings for
research, policy, and practice.

A second area to highlight in the application of data science as a
third method in education research is in deeper engagement with
nontabular data, such as text, images, video, and qualitative types
of data. As noted above, in the domain of text data, there have
been many advances recently in analyzing student essays as well
as other forms of text data mining that help bring together data
science tools in education research. Across schooling systems,



nontabular and more free-form data abounds, from the mountains
of student essays and papers, to the large range of documents that
schools, districts, and governments create, to moment-by-
moment formal and informal interactions, to how teachers and
students move, where they look, and what they say in
classrooms, among many others. As a goal in qualitative research
is to surface and privilege the voices of participants from these
many different types of data (Denzin & Lincoln, 2000), so too
must it be a goal of the application of data science to these types
of data. Integrating theory, qualitative methods, and data science
to give greater access to both small and large-scale sets of these
types of data has the potential to provide a wealth of new insights
and techniques that can further elevate the stories and lived
experiences of students and families within school systems, and
surface currently unknown and unidentified patterns across the
system. This type of work should also help to address the fourth
“A” of Accountability in the 4As framework for education
algorithms (Bowers, 2021b) as researchers work in collaboration
with communities and stakeholders, working to elevate and
surface the voices and needs of individual communities for which
these education systems are built and serve.

And finally to conclude, a third area to highlight in looking to the
future of the integration of data science into the methodological
lexicon of education research, policy, and practice, is to return to
first the “A” in the 4As of education algorithms (Bowers, 2021b):
Accuracy. As noted at the beginning of this paper and throughout
the application of data science to organizational practice, a core
focus of the work of data science and machine learning is to
make accurate predictions, testing the outcomes of models
against new, naive, or holdout group data that the model has
never seen (Breiman, 2001; Donoho, 2017; Singer, 2019).
Combine with this the salient points that managers, leaders,
administrators, and policymakers are most concerned with the
accuracy of predictions of models and research, and mostly have
little interest in theory testing and model fit. Throughout this
paper | have worked to make the case in education research for
the elevation of accuracy of predictions as a core focus of
education research and policy, on par with theory testing and
model fitting. The percentage of articles in education research
outside of learning analytics that report accuracy is exceedingly
small, as evidenced by examining any education research journal.
Throughout education research, the focus has been, and is
currently on p-values, variance explained, and effect sizes with
much consternation about the “replication crisis” in psychology
and thus also education research (Wagenmakers et al., 2021;
Wicherts et al., 2016; Yarkoni, 2022). Yet, for the vast majority
of quantitative articles, authors fit a model to all of their data,
report the model fit and p-values in a paper or report, and call it a
day, and the vast industry of education sees yet another irrelevant
study that does not bridge theory to practice. But imagine instead
that accuracy, as argued throughout data science, is just as
important, or more so, than model fit, especially when it comes
to the application of research to the practice of organizing,
leading, and running schools and schooling systems. Perhaps
knowing the accuracy of the predictions that a model from
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research can make, in which those accuracy calculations are
generated from data that the model had never seen, either from a
hold-out sample or future data (train on last year’s data, test on
this year’s data), would be more helpful to practitioners than the
vast amount of text devoted in education research and policy to
discussing the extent that p-values are significant, or that unitless
effect sizes are relevant to practice. As a data science practice
that is well-known and well-tested, this is an innovation that can
be implemented immediately, and could have far reaching
impacts on research, policy, and practice. Combining this
accuracy focus within the larger CTF outlined in this chapter and
throughout the data science literature along with open public
large-scale real-world deidentified datasets, a shared culture of
shared code for shared research, and public and open evaluation
of algorithms, has the potential to lead to not only new strides in
research methods and findings, but just as importantly
application to practice and policy that matters to stakeholders
across education systems.
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