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Abstract: This article develops a conceptual framework for understanding Data Science as a
mature scientific discipline that integrates statistics, computer science, and mathematics in his-
torically determined proportions. Through epistemological analysis and historical review of
foundational works, we demonstrate that the discipline operates under scientific method princi-

ples, using data as empirical evidence rather than as an object of study in itself. The study ad-
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1. INTRODUCTION

In the last two decades, Data Science has emerged as a
transformative discipline that recon- figures both knowledge
production and decision-making mechanisms in all sectors of
society. Its consolidation responds to the historical conver-
gence of three major trends: the big data explosion, the devel-
opment of computational capabilities, and the growing sophis-
tication of analytical methods. However, this rapid rise has
generated a series of epistemological and organizational ten-
sions that have not yet been satisfactorily resolved.

Despite its massive adoption in academic, industrial, and
governmental spheres, fundamental debates persist about the
very nature of Data Science. Is it an autonomous scientific
discipline or merely a collection of applied tools? What is its
object of study: the data or the phenomena they represent? Is
it a natural evolution of statistics or a radically new field?
These questions are not merely philosophical; they have prac-
tical consequences for the structuring of academic programs,
peer evaluation, and institutional accreditation (De Vieaux et
al., 2017).

This article aims to develop an integrative conceptual
framework that allows understanding Data Science as a ma-
ture scientific discipline with its own identity. Specifically, we
seek to:

1. Epistemologically analyze the scientific nature of
the discipline and its adherence to scientific
method principles.

2. Historically examine the diachronic evolution
from its statistical roots to its contemporary con-
figuration as a hybrid field.
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3. Propose a historical weighting of its fundamental
components (statistics, computer science, mathe-
matics) based on documentary analysis.

4. Derive practical implications for the institutional
location and evaluation of academic programs.

To address these objectives, we employ a qualitative re-
search methodology based on systematic literature review and
historical-conceptual analysis. The study is grounded in foun-
dational works by authors such as Wu (1997), Hayashi (1998),
Breiman (2001), DSTF (2015), Van der Aalst (2016), Donoho
(2017) and Hassani et al. (2021), as well as contemporary lit-
erature examining the epistemological and organizational di-
mensions of the discipline.

The analysis is structured around four conceptual dimen-
sions: epistemological, historical, structural, and institutional.

The remainder of the paper is organized as follows. Sec-
tion 2 reviews the related literature on the epistemological,
historical, and disciplinary foundations of Data Science, high-
lighting existing perspectives and identifying unresolved
gaps. Section 3 discusses key foundational contributions that
have shaped the modern understanding of the field. Section 4
describes the methodological approach adopted in this study.
Sections 5 through 8 develop the core conceptual analysis, ex-
amining Data Science as a scientific discipline, clarifying its
object of study, addressing instrumentalist interpretations and
revisiting its relationship with statistics. Section 9 proposes a
structured articulation of the three foundational pillars of Data
Science and their historical weighting. Section 10 reconstructs
the historical evolution of the discipline. Section 11 analyzes
the institutional positioning of Data Science within academic
structures. Section 12 examines the role of statistics in indus-
try labor demands. Finally, Section 13 concludes the paper by
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summarizing the main findings and outlining their implica-
tions for academic evaluation and institutional design.

2. RELATED WORK

Over the past decade, research on the disciplinary identity
and epistemological foundations of Data Science has ex-
panded significantly. This expansion has drawn on philosoph-
ical, historical, and methodological perspectives.

Desai et al. (2022) provide one of the most comprehensive
philosophical analyses of Data Science as an epistemic prac-
tice distinct from both statistics and computer science. They
examine issues such as black-box modeling, interpretability,
and the nature of knowledge produced by large-scale data sys-
tems, arguing that Data Science embodies a novel epistemol-
ogy of discovery. However, their analysis does not aim to sit-
uate these epistemic claims within a broader historical or in-
stitutional framework.

A complementary perspective is developed by Pietsch
(2021), who offers a book-length investigation of the episte-
mology of Data Science. Pietsch conceptualizes Data Science
as a methodology-centered discipline. He emphasizes the in-
teraction between algorithmic structures, probabilistic reason-
ing, and computational constraints in shaping reliable infer-
ence. While this work provides a deep epistemological ac-
count, it deliberately refrains from proposing a disciplinary or
institutional model of Data Science.

The epistemological implications of data-intensive prac-
tices are also explored from a broader science-studies perspec-
tive by Kitchin (2014). Rather than focusing exclusively on
Data Science as a discipline, Kitchin examines how Big Data
and advanced analytics challenge established epistemologies
across the sciences, social sciences, and humanities. He dis-
tinguishes between empiricist claims that data can “speak for
themselves” and more reflexive models of data-driven sci-
ence. This distinction provides an important historical and
conceptual backdrop for understanding the emergence of Data
Science as a hybrid epistemic practice. While this work helps
situate Data Science within wider paradigm-shift debates, it
does not directly address questions of disciplinary boundaries
or institutional positioning. The disciplinary status of Data
Science is addressed more directly, though often implicitly, in
works such as Nasution et al. (2020). Nasution argues that
Data Science constitutes a new science rooted in mathematics
yet distinct from statistics and computer science. This contri-
bution is primarily ontological and proposes a system-based
view of Data Science. However, it lacks a detailed epistemo-
logical justification and does not reconcile tensions between
statistical inference, machine learning, and computational en-
gineering.

Earlier methodological and conceptual contributions an-
ticipated many of these debates. Breiman (2001) famously ar-
ticulated the divide between data modeling and algorithmic
modeling cultures. This tension later became central to epis-
temological analyses of Data Science. Wu (1997) and Hayashi
(1998) foreshadowed the convergence of statistics, computa-

tion, and domain knowledge. Meanwhile, Donoho (2017) syn-
thesized the historical evolution of the field and identified its
core components.

More recent syntheses, such as Hassani et al. (2021), doc-
ument the maturation of Data Science as an interdisciplinary
ecosystem. Policy-oriented reports, such as DSTF (2015),
connect these conceptual debates with institutional and edu-
cational design.

Despite the richness of this literature, no existing work
provides an integrated framework that simultaneously: (i)
clarifies the epistemological status of Data Science as a scien-
tific discipline; (ii) reconstructs its historical emergence from
statistics, computing, and mathematics; (iii) articulates a
structured weighting of these components; and (iv) derives ex-
plicit implications for academic evaluation and institutional
positioning. Addressing this gap is the central contribution of
the present article.

3. KEY FOUNDATIONAL CONTRIBUTIONS

This article situates itself within a rich and evolving
scholarly conversation about the epistemological founda-
tions and disciplinary identity of Data Science. The field
has been shaped by competing conceptual frameworks that
variously position it as an extension of statistics, a branch
of computer science, or an emergent interdisciplinary prac-
tice. To ground our analysis, we emphasize seven contribu-
tions that have significantly shaped the modern under- stand-
ing of Data Science, selected for their paradigmatic influ-
ence, foundational arguments, and complementary per-
spectives on the field’s evolution.

Wu (1997)’s work represents a watershed moment in the
formalization of Data Science as an academic discipline. His
1997 lecture, often cited as a founding document, provoca-
tively declared “Statistics = Data Science” but with a crucial
expansion: he argued that statistics must evolve beyond its tra-
ditional boundaries to incorporate computational thinking,
large- scale data systems, and domain-specific problem-solv-
ing. This work is seminal because it first articulated the need
for a redefined statistical practice adapted to the digital age,
directly inspiring institutional initiatives and curriculum de-
velopment in early Data Science programs.

Hayashi (1998) provides one of the earliest comprehensive
conceptualizations of Data Science as a unified field. At a time
when data analysis was fragmented across disciplines,
Hayashi proposed a systematic framework integrating statis-
tical methods, computational techniques, and domain
knowledge. His work is particularly prescient for emphasizing
the complete data lifecycle—from experimental design to in-
terpretation—Ilong before this became standard in Data Sci-
ence pedagogy. This holistic view established Data Science as
more than analytics; it positioned it as a complete scientific
methodology.

Breiman (2001)’s “Two Cultures” paper offers perhaps the
most influential metatheoretical framework for understanding
methodological tensions within Data Science. By distinguish-
ing between the data modeling culture (traditional statistics)
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and the algorithmic modeling culture (machine learning),
Breiman provided a vocabulary for debates that continue to
shape the field. His critique of overreliance on parametric
models and advocacy for prediction-focused approaches fun-
damentally influenced how Data Science balances explana-
tory and predictive goals, making this work essential for un-
derstanding the field’s methodological pluralism.

DSTF (2015) represents a crucial policy-oriented contri-
bution that bridges theoretical discussion with practical imple-
mentation. As an official report from the UK’s Data Science
Task Force, it carries institutional authority and reflects con-
sensus among experts about educational requirements. Its im-
portance lies in translating theoretical debates about Data Sci-
ence’s nature into concrete recommendations for curriculum
design and institutional structures, directly influencing how
universities worldwide structure their Data Science programs
at the intersection of statistics, computer science, and domain
applications.

Van der Aalst (2016) provides a paradigmatic case study
of Data Science as applied epistemology. Through the specific
lens of process mining, Van der Aalst demonstrates how Data
Science methods extract actionable knowledge from opera-
tional data, bridging the gap between abstract methodology
and real-world impact. This work is particularly valuable be-
cause it exemplifies the dual scientific-engineering character
of Data Science: it advances fundamental research on pattern
discovery while simultaneously developing practical tools for
business process optimization, thus embodying the field’s ap-
plied theoretical nature.

Donoho (2017) offers the most comprehensive historical
synthesis of Data Science’s disciplinary formation. His “50
years of Data Science” framework identifies six converging
streams of activity that coalesced into the modern discipline,
providing both historical depth and structural clarity. This
work is foundational because it moves beyond partisan claims
about Data Science’s origins, instead tracing its multifaceted
development across statistics, computing, and domain sci-
ences. Donoho’s framework has become a standard reference
for situating contemporary Data Science within its historical
context.

Hassani et al. (2021) represents the most recent major syn-
thesis, providing empirical analysis of Data Science’s current
composition and trajectory. By systematically reviewing sta-
tistical perspectives on Data Science while incorporating
computational and engineering dimensions, Hassani et al. of-
fer evidence-based insights into how the field has evolved be-
yond its statistical roots without abandoning them. Their work
is particularly timely for documenting Data Science’s matura-
tion into an interdisciplinary ecosystem with distinct profes-
sional practices and epistemological approaches.

Collectively, these seven works provide complementary
lenses: Wu and Hayashi offer early visionary frameworks;
Breiman provides methodological critique; DSTF gives insti-
tutional perspective; Van der Aalst demonstrates applied inte-
gration; Donoho provides historical context; and Hassani

et al. offer contemporary synthesis. Together, they establish
the conceptual terrain our analysis engages with and expands
upon.

4. METHODOLOGY

This study employs a qualitative research methodology
based on systematic literature review and historical-concep-
tual analysis of the disciplinary evolution of Data Science.
The approach follows the principles of documentary research
in epistemological studies of emerging disciplines, similar to
those used by Donoho (2017) in his historical analysis of 50
years of the discipline.

The bibliographic selection was conducted through a
structured process with the following criteria:

e Inclusion criteria:

— Foundational works frequently cited in
Data Science literature (1960-2023).

— Articles addressing definitions, scope, or
epistemological nature of the discipline.

— Publications in indexed journals and pro-
ceedings of recognized conferences.

— Contributions  representing historical
milestones in the evolution of the field.

e Exclusion criteria:

—  Specific applications without methodological or
conceptual reflection.

—  Technical literature without contribution to disci-
plinary foundation.

— Non-peer-reviewed works or without demonstra-
ble academic impact.

The search and analysis process was developed in three
phases:

1. Initial identification: Search in academic data-
bases (Scopus, Web of Science, Google Scholar)
using key terms: “data science foundations”,
“epistemology of data science”, "history of data
science”, statistics VS data science”, “discipli-

nary nature of data science”.

2. Screening and selection: Relevance assessment
through abstract and conclusion reading, priori-
tizing:

e Seminal citations identified by multiple authors.

e  Works with high citation index in the field.

e Contributions addressing specific conceptual ten-
sions.

1. Synthetic analysis: Thematic organization of lit-
erature around identified conceptual axes:

e Scientific nature and epistemological status.
e Relationship with foundational disciplines.
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e Historical evolution and disciplinary milestones.
e Institutional and academic positioning.

A conceptual analysis was performed by focusing on four
main conceptual dimensions:

e Epistemological dimension:  Examining
whether Data Science meets scientificity crite-
ria established in philosophy of science.

e Historical dimension: Tracing diachronic
evolution from classical statistics to con- tem-
porary Data Science.

e Structural dimension: Analyzing disciplinary
composition and relative weighting of founda-
tional pillars.

e Institutional dimension: Evaluating educa-
tional models and optimal academic location.

Several methodological limitations must be acknowl-
edged. The qualitative character of this analysis inherently re-
stricts the quantitative generalization of findings, positioning
our contributions primarily within the conceptual and theoret-
ical domains rather than empirical measurement. While our
bibliographic selection followed systematic procedures, it
may inevitably exclude potentially relevant contributions, de-
spite our best efforts at comprehensive coverage. Further-
more, the proposed disciplinary weighting emerges from his-
torical- conceptual analysis rather than quantitative measure-
ment, representing a heuristic framework rather than empiri-
cally validated proportions. These limitations are partially
mitigated through source triangulation and reliance on con-
sensual foundational literature, but they should inform appro-
priate interpretation of our conclusions.

5. DATA SCIENCE AS SCIENCE

A discipline is considered scientific when it operates under
the principles of the scientific method: hypothesis formula-
tion, model construction, reproducible experimentation, em-
pirical evaluation, and iterative review (Popper, 1959; God-
frey-Smith, 2003). Data Science fulfills these principles. Its
models (whether statistical, machine learning algorithms, or
complex computational systems) must be empirically evalu-
ated and can be refuted by new evidence.

Authors such as Donoho (2017) emphasize that Data Sci-
ence is not just a collection of algorithms, but a complete epis-
temological practice that includes data acquisition, curation,
visualization, modeling, and communication. In this view,
Data Science is science not because it studies data per se, but
because it uses data as evidence to study real phenomena. Re-
cent literature reinforces this epistemological interpretation.
Hassani et al. (2021) argue that Data Science should not be
understood as a nominal extension of statistics, but as an ap-
plied empirical discipline that uses data as evidence to study
real-world phenomena, systems, and processes. Their analysis
explicitly distinguishes between data as syntactic entities—
mere observations or signals—and the knowledge that
emerges from them once they are contextualized, cleaned,

modeled, and integrated into a theoretical or applied frame-
work. In this line, the authors highlight that Data Science ar-
ticulates around a complete scientific cycle including problem
formulation, experimental design, collection, curation, mod-
eling, validation, communication, and intervention. Comple-
mentarily, Van der Aalst (2016) emphasizes that Data Science
is characterized by an iterative discovery cycle where data are
not just static inputs, but dynamic sources of knowledge about
complex processes. Their focus on “process mining” as a par-
adigmatic case illustrates how the discipline extracts opera-
tional knowledge from event data, demonstrating its ability to
reveal underlying mechanisms not directly observable.

This approach coincides with the conception of Donoho
(2017), Tukey (1977), and Cleveland (2001), who maintain
that data analysis does not seek to understand the data itself,
but the underlying mechanisms or structures that generate
them. The empirical evidence presented by Hassani et al.
(2021) thus strengthens the claim that Data Science is an ap-
plied science oriented toward discovery, prediction, and opti-
mization of complex processes, naturally integrating the do-
mains of statistics, computing, and mathematics.

6. ARE DATA THE OBJECT OF STUDY OF DATA SCI-
ENCE?

Although the denomination “Data Science” might suggest
that data are its direct object, this interpretation is reductionist.
Just as biology does not study microscope images but the life
they represent, Data Science studies the mechanisms, patterns,
or behaviors represented by data (Van der Aalst, 2016).

Data fulfill the epistemological role of empirical evidence.
They are a means, not an end. The discipline is oriented to-
ward understanding underlying processes, optimizing deci-
sions, predicting outcomes, and modeling complex structures.
Conceptually, this places Data Science closer to applied em-
pirical sciences than to a field whose object of study is purely
syntactic (Cleveland, 2001). Van der Aalst (2016) expresses
it clearly: ”Data science is not about the data itself but about
the questions we can answer using data” (p. 5). Their work in
process mining exemplifies how event data become windows
into understanding complex business processes, reinforcing
the status of data as epistemic means rather than ends in them-
selves.

7.1S DATA SCIENCE JUST A TOOL?

A common reductionist view frames Data Science as
merely an instrumental toolkit—a collection of techniques ap-
plied across domains without autonomous disciplinary sub-
stance. However, this instrumentalist interpretation fails to
capture the field’s theoretical depth, methodological auton-
omy, and scientific identity. As Donoho (2017) argues, Data
Science constitutes a full-stack™ scientific practice encom-
passing not only algorithmic application but also data cura-
tion, visualization, statistical modeling, and ethical reflec-
tion—a complete epistemological workflow that transcends
tool-like utility.

353



The Journal of Social, Political and Economic Studies, 2025, Vol. 50, No. 1

Lillo et al.

The discipline’s theoretical foundations distinguish it
from mere technical application. Data Science operates
with formal theories from statistics (probability, inference),
computer science (complexity, algorithms), and mathemat-
ics (optimization, linear algebra), integrating them into
novel methodological frameworks like the bias-variance
tradeoff in machine learning or the curse of dimensionality
in high-dimensional analysis. Breiman (2001)’s distinction
between the “algorithmic culture” and statistical culture”
demonstrates that Data Science has developed its own epis-
temic values and validation criteria beyond those inherited
from parent disciplines.

Moreover, Data Science generates autonomous research
questions that are not reducible to applied problem-solving.
These include methodological challenges like algorithmic
fairness and interpretability (Sculley et al., 2015), epistemo-
logical questions about the nature of pat- terns in large da-
tasets (Van der Aalst, 2016), and sociotechnical investiga-
tions of data’s role in knowledge production. Cleveland
(2001) emphasizes that Data Science involves “action
plans” for expanding statistical thinking into new technical
areas, suggesting programmatic disciplinary development
rather than ad hoc tool deployment.

Finally, institutional markers confirm disciplinary ma-
turity: dedicated academic departments, professional soci-
eties, specialized journals, and degree programs all signify
a consolidated field rather than an auxiliary skill set. As
Hassani et al. (2021) document, Data Science has devel-
oped distinct pedagogical frameworks and career pathways
that reinforce its identity as an independent discipline. Ra-
ther than a toolbox, Data Science represents an integrated
scientific-engineering practice that combines theoretical
innovation with applied problem-solving while maintaining
its own research agenda, standards of evidence, and schol-
arly community.

8. DATA SCIENCE AND STATISTICS: THE JEFF WU
DISCUSSION

In his influential founding lecture of 1997, Wu (1997) pro-
posed understanding Data Science as the “new statistics”.
This formulation was not merely rhetorical; it represented an
epistemological redefinition of statistical practice in the digi-
tal age. Wu argued that traditional statistics needed to expand
to address three emerging challenges: the massive volume of
data, the computational complexity of analyses, and the need
for integration with specific applied domains.

Wu’s proposal anticipated what later Breiman (2001)
would call the “algorithmic culture” of data modeling. While
classical statistics focused on inference and parametric mod-
els, Wu’s “new statistics” explicitly incorporated algorithm
design, computational optimization, and machine learning as
essential components of modern analytical practice.

However, Wu’s vision has been subject to reinterpreta-
tions over two decades. On one hand, authors like Donoho
(2017) recognize the prophetic value of his approach but ar-
gue that Data Science has transcended the statistical frame-
work to become an autonomous discipline. On the other hand,

Hassani et al. (2021) maintain that statistics remains the intel-
lectual core of the discipline, though now complemented by
advanced computational tools.

The discussion initiated by Wu remains relevant because
it encapsulates the fundamental tension between continuity
and disciplinary rupture. Is Data Science a natural evolution
of statistics or does it represent an epistemological disconti-
nuity? Our analysis suggests that both perspectives contain el-
ements of truth: there is continuity in inferential and mathe-
matical foundations, but also rupture in scale, methodology,
and applications.

9. THE THREE PILLARS: STATISTICS, COMPUTER
SCIENCE, AND MATHEMATICS

Data Science has historically been configured as a hybrid
discipline integrating elements from statistics, computer sci-
ence, and mathematics. Although these three areas participate
interdependently, their relative contribution can be under-
stood from the historical evolution documented by different
authors. Below, we propose a conceptual weighting—not nor-
mative—that reflects this development:

e 40% Statistics. Statistics constitutes the histori-
cal root of Data Science. From the works of
Tukey (1977), Cleveland (2001), Wu (1997), and
subsequently Donoho (2017), it is recognized
that data analysis, inference, estimation, and un-
certainty management have been the central
foundations of the field during much of the 20th
century. Statistics provided both the conceptual
framework and the first systematic methodolo-
gies for extracting knowledge from data, thus jus-
tifying its dominant weight in the historical con-
figuration of the discipline.

e 35% Computer Science. The role of computer
science gains prominence with the arrival of
high-performance computing, scalable algo-
rithms, and the infrastructure associated with big
data. The development of algorithmic approaches
described by Breiman (2001), the emergence of
distributed architectures like MapReduce (Dean
& Ghemawat, 2008), and the rise of deep learn-
ing (LeCun, Bengio & Hinton, 2015) trans-
formed the discipline, expanding its scope be-
yond the limits of classical statistics. The DSTF
report in the United Kingdom emphasizes that
computing constitutes an essential foundation for
the formation of the modern data scientist. This
historical growth justifies a weighting close to
that of statistics.

e 25% Mathematics. Mathematics, although in-
dispensable, has played a more transversal than
hegemonic role. It is the formal basis that sup-
ports probability theory, modeling, optimization,
and inference (Boyd & Vandenberghe, 2004).
Although its contribution is fundamental, the his-
torical practice of the field has been more associ-
ated with applied statistics and computing, which
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explains a conceptually smaller proportion than
the two previous areas.

These percentages do not constitute a strict measurement,
but rather a historical synthesis reflecting the balance the dis-
cipline has adopted from the mid-twentieth century to the pre-
sent. They primarily serve to illustrate how the three pillars,
with distinct yet complementary weights, converge to form
the scientific and applied identity of Data Science.

10. HISTORICAL EVOLUTION OF DATA SCIENCE

The development of Data Science can be described as a
multi-stage convergence of statistics, computing, and do-
main—driven analytical practice. The discipline emerges
through a gradual integration of methods, infrastructures, and
epistemic models.

Before 1950: Statistical Dominance. Data—oriented in-
quiry was almost entirely grounded in mathematical statistics,
forming the conceptual foundations later questioned by
Tukey’s proposal of an independent “science of data analysis”
(Alvarado, 2023).

1950-1980: Scientific Computing and Early Data Analy-
sis. The rise of scientific computing enabled algorithmic ex-
perimentation and numerical methods. Tukey’s subsequent
work framed data analysis as a discipline distinct from classi-
cal inference (Alvarado, 2023; Mayernik, 2023). Bibliometric
evidence shows that early uses of the term “data science”
emerged during the 1960s and 1970s—primarily in relation to
data infrastructure and social science data archives rather than
as a unified field (Raban & Gordon, 2020).

1980-2000: Machine Learning and Knowledge Discov-
ery. This period saw the formalization of machine learning
and the rise of data mining. Cleveland’s “Action Plan” argued
for expanding statistics into a broader “data science,” reflect-
ing the increasing importance of computation (Cleveland,
2001). Correspondingly, publication patterns became more
dispersed across computer science and interdisciplinary ven-
ues (Raban & Gordon, 2020).

2000-2015: Big Data and Engineering Infrastructures.
The emergence of Big Data transformed scientific practice
through distributed systems, scalable algorithms, and data—
centric workflows. The “Fourth Paradigm” formalized data—
intensive science as a new mode of inquiry (Hey et al., 2009).
Bibliometric analysis shows a dramatic surge in Big Data pub-
lications beginning around 2010, accompanied by increased
funding and the formation of a cohesive research core (Raban
& Gordon, 2020).

2015-Present: Deep Learning, Al, and Applied Domains.
Deep learning and cloud-scale computation accelerated the
institutional consolidation of Data Science. Recent biblio-
metric evidence reveals increasing entanglement between Big
Data and Data Science lit- eratures and the emergence of
highly cited cross—labelled work (Raban & Gordon, 2020).
Applied domains such as process mining illustrate the

methodological integration and disciplinary maturity of the
field (Pratama et al., 2020).

Overall, the historical trajectory supports the interpreta-
tion of Data Science as the result of a long-term interaction
between statistical reasoning, computational innovation, and
domain-specific problem solving.

11. INSTITUTIONAL LOCATION: SCIENCES OR EN-
GINEERING?

The institutional positioning of Data Science presents a
structural challenge. The discipline embodies a hybrid identity
that cannot be fully accommodated within either the sciences
or engineering alone. Data Science integrates scientific rea-
soning—rooted in hypothesis formation, statistical inference,
and theory-driven modeling—with engineering practices fo-
cused on scalable computation, systems design, and algorith-
mic implementation. This dual character suggests that the dis-
cipline requires an institutional home capable of sustaining
both epistemic cultures simultaneously.

Empirical analyses of academic programs support this in-
terpretation. Song and Zhu (2016) show that most Data Sci-
ence programs in the United States are housed in joint depart-
ments or interdepartmental structures involving computer sci-
ence, information science, and statistics. Their survey demon-
strates that no single discipline possesses the full range of
competencies required across the complete data analytics
lifecycle. This lifecycle spans business understanding, data
engineering, model planning, algorithm development, deploy-
ment, and iterative monitoring. As the authors emphasize,
these stages require distinct forms of expertise that tradition-
ally reside in different academic units. This reinforces the in-
herently interdisciplinary nature of Data Science.

The cross-disciplinary analysis presented in Marshall and
Geier (2020) further argues that organizational models based
on single-department ownership systematically fail to pro-
vide adequate coverage of methodological, computational,
and domain-specific components. Their study documents suc-
cessful institutional arrangements in the form of interfaculty
institutes, joint schools, and cross-college governance frame-
works. Each of these models is designed to overcome the
structural limitations imposed by traditional disciplinary
boundaries.

These observations converge with epistemological and
historical accounts that characterize Data Science as a “full-
stack” empirical discipline. Such accounts emphasize its equal
reliance on inferential reasoning and computational imple-
mentation. When considered together, the literature indicates
that the optimal institutional location for Data Science is not
within either the sciences or engineering alone. Instead, it points
to a structurally hybrid model, such as a joint program, an in-
terfaculty institute, or a dedicated school of Data Science. Such
an arrangement preserves scientific rigor, ensures computa-
tional and engineering depth, and supports the interdisciplinary
integration necessary for the field’s continued maturation.
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12. RELEVANCE OF STATISTICS IN INDUSTRY
LABOR DEMANDS

The analysis presented by Hassani et al. (2021) reveals
that, despite the growing integration of computational and en-
gineering competencies in contemporary Data Science prac-
tice, statistics maintains a central and irreplaceable role in the
professional profiles sought by high-level technology compa-
nies. A detailed review of job advertisements compiled in
their Table 1 reveals that companies like Google, Amazon,
Microsoft, Meta, IBM, and Uber emphasize fundamental sta-
tistical skills such as inference, probabilistic modeling,
experimental design, regression and classification analysis,
and rigorous understanding of uncertainty.

This emphasis is also supported by recent empirical stud-
ies. For example, De Veaux et al. (2017) show that Data Sci-
ence jobs systematically require solid training in statistical in-
ference for evidence-based decision-making. Similarly,
NASEM (2018) highlights that successful professionals must
be able to evaluate assumptions, quantify variability, and un-
derstand risks inherent to predictive models. Complemen-
tarily, the results of surveys like Kaggle (2020) and the anal-
ysis of job profiles by Stanton et al. (2022) consistently show
that statistical competencies are used more frequently than ad-
vanced deep learning techniques across a wide range of indus-
tries.

Statistics thus appears as the intellectual foundation that
ensures that the processing of large data volumes does not be-
come a purely algorithmic exercise without scientific control.
As Sculley et al. (2015) argue in their influential article on
technical debt in machine learning systems, lack of statistical
understanding can lead to systemic errors, overfitting, inap-
propriate interpretations, and even software failures produced
by the accumulation of incorrect assumptions in complex sys-
tems.

Even when modern Data Science is deployed in a strongly
engineering infrastructure (distributed systems, automated
pipelines, cloud services, and MLOps), statistics remains an
indispensable component for accessing the most competitive
positions in the market. It is not a complementary compe-
tency, but an essential epistemological requirement: without
statistics, pipelines produce results but not reliable
knowledge. For this reason, in high-impact positions, the sta-
tistical component is required as a necessary condition, even
in predominantly computational roles.

CONCLUSIONS

This article set out to clarify the scientific nature, historical
development, and disciplinary articulation of Data Science,
responding to persistent epistemological and institutional am-
biguities surrounding the field. Through a systematic review
of foundational literature and a historical-conceptual analysis,
we have argued that Data Science should be understood as a
mature scientific discipline characterized by the integration of
statistical reasoning, computational methods, and mathemati-
cal formalism, rather than as a mere collection of tools or an
auxiliary extension of existing fields.

First, from an epistemological perspective, the analysis
demonstrated that Data Science satisfies the core criteria of
scientific practice. Drawing on seminal contributions by
Donoho (2017), Hassani et al. (2021), and Van der Aalst
(2016), we showed that Data Science operates through hy-
pothesis formulation, empirical testing, model validation, and
iterative refinement. Crucially, data were shown not to consti-
tute the object of study itself, but rather to function as empir-
ical evidence for investigating underlying phenomena, pro-
cesses, and systems. This distinction resolves a common con-
ceptual misunderstanding and firmly situates Data Science
within the family of empirical sciences.

Second, the historical analysis reconstructed the dia-
chronic emergence of Data Science as the outcome of a long-
term convergence between statistics, scientific computing,
and domain-driven inquiry. By synthesizing historical ac-
counts and bibliometric evidence, the article traced the disci-
pline’s evolution from statistical dominance prior to the mid-
20th century, through the rise of scientific computing and ma-
chine learning, to the contemporary era of big data infrastruc-
tures, deep learning, and applied domains such as process
mining. This historical reconstruction provided the basis for
proposing a heuristic weighting of the three foundational pil-
lars—statistics, computer science, and mathematics—reflect-
ing their relative contributions to the discipline’s formation
and current practice.

Third, the study addressed the long-standing debate con-
cerning the relationship be- tween Data Science and statistics.
Building on the foundational arguments of Wu (1997) and
Breiman (2001), we argued that Data Science exhibits both
continuity and rupture with traditional statistical practice.
While inferential reasoning and uncertainty quantification re-
main central, the scale, computational intensity, and engineer-
ing orientation of modern Data Science justify its recognition
as an autonomous discipline rather than a mere rebranding of
statistics.

Fourth, the institutional analysis demonstrated that Data
Science cannot be adequately located exclusively within ei-
ther the sciences or engineering. Empirical studies of educa-
tional programs and faculty organization indicate that the dis-
cipline’s “full-stack” nature requires hybrid institutional mod-
els capable of sustaining both scientific rigor and engineering
implementation. Joint programs, interfaculty institutes, and
dedicated schools of Data Science emerge as the most coher-
ent organizational responses to the field’s epistemological and
historical characteristics.

Taken together, these results directly address the guiding
research question of the article: what is the disciplinary nature
and epistemological status of Data Science, and how should
this understanding inform its institutional positioning and ac-
ademic evaluation? The article answers this question by
demonstrating that Data Science is best understood as a hybrid
scientific discipline whose identity is defined by the integra-
tion of theory-driven inference, computational scalability, and
applied problem-solving. This integrated understanding pro-
vides a principled foundation for curriculum design, program
evaluation, and institutional accreditation.
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Several avenues for future research follow naturally from
this work. First, quantitative bibliometric and network anal-
yses could empirically validate or refine the proposed histori-
cal weighting of the three disciplinary pillars. Second, com-
parative studies across countries and institutional systems
could examine how different organizational models affect re-
search output, educational outcomes, and disciplinary coher-
ence. Third, further philosophical work is needed to explore
emerging epistemological challenges in Data Science, includ-
ing algorithmic opacity, automation of scientific discovery,
and the ethical implications of large-scale data-driven deci-
sion-making. Finally, applied studies linking epistemological
structure to labor-market outcomes could deepen understand-
ing of how disciplinary foundations translate into professional
practice.

By articulating Data Science as a coherent scientific disci-
pline grounded in history, epistemology, and institutional
analysis, this article contributes to ongoing efforts to stabilize
the field conceptually and organizationally, providing a
framework for both scholarly inquiry and academic govern-
ance.
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