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RESUMEN

Este articulo presenta una revisién critica estructurada del debate entre el modelamiento
estadistico y el modelamiento algoritmico, siguiendo el marco SALSA (Search,
Appraisal, Synthesis y Analysis). La revisién se fundamenta en los trabajos de Breiman
(2001a) sobre las “dos culturas” y de Athey e Imbens (2019) sobre el aprendizaje
automdtico para economistas, complementados con literatura reciente identificada
mediante Scopus, Web of Science y OpenAlex y evaluada mediante criterios explicitos
de inclusién y exclusion. La sintesis analiza la evolucion de la relacién entre precision
predictiva e interpretabilidad, flexibilidad algoritmica e inferencia causal, asi como
sus implicancias para la investigacién econdémica y la evaluacién de politicas publicas.
Asimismo, se examinan desarrollos recientes en ciencia basada en aprendizaje
automdtico, inteligencia artificial explicable y confiable, y aprendizaje automdtico
causal como extensiones contempordneas del debate original. El articulo sostiene que
el progreso futuro no dependerd del predominio de una tnica cultura metodolégica,
sino de la integracién del razonamiento estadistico, los enfoques algoritmicos y el juicio
cientifico mediante procesos transparentes de validacion y decisiones metodoldgicas
orientadas al problema.

Palabras clave: inferencia causal; aprendizaje automdtico; revisién critica; econometria;
interpretabilidad.

Resumo

Este artigo apresenta uma revisao critica estruturada do debate entre a modelagem
estatistica e a modelagem algoritmica, seguindo o framework SALSA (Search,
Appraisal, Synthesis e Analysis). A revisao ¢ fundamentada nos trabalhos de Breiman
(2001a) sobre as “duas culturas” e de Athey e Imbens (2019) sobre aprendizado de
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méquina para economistas, complementados por literatura recente identificada por
meio das bases Scopus, Web of Science e OpenAlex e avaliada segundo critérios
explicitos de inclusio e exclusdo. A sintese analisa a evolugio da relagdo entre precisio
preditiva e interpretabilidade, flexibilidade algoritmica e inferéncia causal, bem como
suas implicacdes para a pesquisa econdmica e a avaliacdo de politicas publicas. Além
disso, sio discutidos desenvolvimentos recentes em ciéncia baseada em aprendizado
de mdquina, inteligéncia artificial explicdvel e confidvel, ¢ aprendizado de mdquina
causal como extensoes contemporineas do debate original. O artigo argumenta que o
progresso futuro no dependerd da predominéncia de uma tnica cultura metodolégica,
mas da integragio do raciocinio estatistico, das abordagens algoritmicas e do julgamento
cientifico por meio de processos transparentes de validagio e escolhas metodoldgicas
orientadas ao problema.

Palavras-chave: inferéncia causal; aprendizado de mdquina; revisdo critica;
econometria; interpretabilidade.

ABSTRACT

This article presents a structured critical review of the debate between statistical
modeling and algorithmic modeling, following the SALSA framework (Search,
Appraisal, Synthesis, and Analysis). The review is anchored in Breiman’s (2001a)
“Two Cultures” and Athey and Imbens’ (2019) perspective on machine learning for
economists, with literature searches documented through Scopus, Web of Science, and
OpenAlex and evaluated using explicit inclusion and exclusion criteria. The synthesis
examines the evolving relationship between predictive accuracy and interpretability,
algorithmic flexibility and causal inference, and their implications for economic
research and policy evaluation. Recent developments in machine learning-based
science, explainable and trustworthy artificial intelligence, and causal machine learning
are discussed as extensions of the original debate. The review argues that future progress
will depend not on the dominance of a single methodological culture, but on the
integration of statistical reasoning, algorithmic approaches, and scientific judgment
through transparent validation and problem-oriented methodological choices.
Keywords: causal inference; machine learning; structured critical review; econometrics;
interpretability.
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1. INTRODUCTION

tatistical analysis has traditionally relied on data models, in

which knowledge is generated through explicit assumptions

about the underlying data-generating process. Within this
framework, researchers define the problem, select relevant variables,
specify a model, and interpret the resulting estimates. Although this
hypothesis-driven approach has produced major scientific advances,
it also depends on analytical choices that may introduce researcher
judgment and potential bias during study design and interpretation.

The expansion of computational capacity and data availability
has promoted alternative approaches, including Knowledge
Discovery from Data (KDD) (Fayyad et al.,1996), which emphasize
the extraction of patterns from large datasets with fewer predefined
structural assumptions. This shift contributed to the development
of algorithmic modeling and machine learning (Sarker, 2021),
challenging traditional statistical paradigms by placing greater
emphasis on predictive performance, flexibility, and adaptation to
complex data structures.

Rather than replacing statistical reasoning, these developments
have expanded the range of available analytical tools. Modern
approaches increasingly combine computational methods capable
of capturing nonlinear relationships and high-dimensional patterns
with theoretical frameworks that support interpretation, causal
analysis, and decision-making. The resulting tension between
prediction, explanation, and inference is at the center of the debate
initiated by Breiman’s (2001a) “Two Cultures” and its subsequent
developments in economics and machine learning.

This article presents a structured critical review following the
SALSA framework (Search, Appraisal, Synthesis, Analysis), anchored
in Breiman (2001a) and Athey and Imbens (2019). The review is
complemented by commentaries from the 20th-anniversary special
issue of Observational Studies dedicated to Breiman’s article, as well as
additional works identified through a documented search protocol
that extend the discussion toward deep learning, econometric
identification, causal inference, and recent bibliometric evidence.
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The contribution of this review is threefold. First, it provides an
explicit and reproducible description of the literature search process
across Scopus, Web of Science, and OpenAlex, including inclusion
and exclusion criteria and verification of retrieved records. Second,
it synthesizes the methodological dialogue between algorithmic
modeling, econometrics, and causal inference, highlighting how
machine learning can complement rather than substitute traditional
analytical approaches. Third, it examines how the original debate
has evolved toward contemporary challenges involving machine
learning-based science, explainability, uncertainty, and responsible
algorithmic decision-making. Section 2 describes the review protocol
and search results; Section 3 discusses the two cultures debate and
its economic interpretation; Section 4 examines contemporary
challenges in prediction, inference, and scientific understanding;
and Section 5 concludes by discussing implications for economic
research, decision-making, and the future development of data-
driven applications.

2. METHODOLOGICAL FRAMEWORK

2.1 DESIGN

We conducted this review using the SALSA framework (Search,
Appraisal, Synthesis, and Analysis) (Booth et al., 2021), a
structured approach recommended for transparent literature
reviews (Garcia-Holgado et al., 2020) and aligned with the search
stage of the PSALSAR methodology (Mengist et al., 2020). Given
the conceptual and methodological objectives of the study, this is a
structured critical review rather than a PRISMA-based systematic
review or a meta-analysis.

The review is anchored on two seed articles representing
complementary perspectives on statistical learning: Breiman’s
(2001a) Statistical Modeling: The Two Cultures and Athey and
Imbens’s (2019) Machine Learning Methods That Economists
Should Know About. These works provide the conceptual foundation
for examining how the debate has evolved in statistics, econometrics,
and machine learning. The review therefore combines a structured
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search protocol with a qualitative comparison of methodological
perspectives rather than quantitative evidence synthesis.

2.2 SEARCH

Literature was identified through structured searches in Scopus
(Elsevier Search API), Web of Science (Clarivate Starter API), and
OpenAlex as complemented the indexed searches by providing
reproducible citation networks and citation counts for the seed
articles. Because cited-reference searches were unavailable through
the API access level available for this study, identification relied
on topic searches, document-type filters, citation metadata, and
citation chaining from the seed articles. Searches were executed on
28-29 July 2026.

Given the conceptual objective of the review, a seed-based citation
strategy was adopted rather than an exhaustive keyword search. The
search was further anchored on the 20th-anniversary special issue
of Observational Studies (Vol. 7, Issue 1, 2021), which provides a
coherent set of methodological commentaries revisiting Breiman’s
original article. Detailed search strings, database outputs, record
counts, and reproducibility materials are reported in Appendix A.

2.3 STUDY SELECTION AND SYNTHESIS
Studieswereincluded when they (i) presented reviews, methodological
syntheses, or commentaries on Breiman’s two cultures or machine
learning in economics; (ii) engaged substantively with the seed
articles; (iii) were peer-reviewed publications or citable preprints
with verifiable bibliographic metadata; and (iv) provided abstracts
in English or Spanish. Purely empirical applications without
methodological discussion and duplicate records were excluded.
Following the appraisal stage of SALSA, studies were evaluated
according to their relevance to economics, methodological
contribution, citation impact, and publication quality. The
final synthesis contrasts the seed articles with complementary
contributions  addressing econometric identification, causal
inference, deep learning, explainability, and recent bibliometric
evidence.
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Application of the appraisal criteria resulted in the selection
of three complementary studies that extend the perspectives
represented by the seed articles. Their contribution to the synthesis
is summarized in Table 1.

Table 1: Complementary studies selected during the appraisal stage
and their role in the review.

Study Main contribution Relation to Breiman’s  Role in this
debate review
Bhadraet  Revisits the statistical— Extends the “two Supports Section
al. (2021)  algorithmic divide in the era cultures” debate to 4.3 on machine
of deep learning, emphasizing ~ modern deep learning.  learning—based
uncertainty quantification science and
and the integration of the evolution
statistical reasoning with of algorithmic
flexible models. modeling.
Bradié¢ Discusses the implications of ~ Bridges statistical Supports Section
& Zhu Breiman’s arguments from learning and 3.2 on Athey
(2021) an econometric perspective, econometric and Imbens’s
emphasizing identification, methodology. perspective.

structural assumptions, and
interpretable models.

Kennedy  Examines causal estimation Connects algorithmic ~ Supports
etal. using modern machine prediction with valid Section 4.2 on
(2021) learning, contrasting plug-in  causal inference. the prediction—
and targeted estimation. inference trade-
off.

The complete search protocol, appraisal process, and final corpus
are documented in Appendix A.

2.4 LimMrTaTIONS

This review is designed as a structured critical synthesis rather than
an exhaustive mapping of the literature. Because cited-reference
searches were unavailable under the API access level used, study
identification relied on topic searches, citation metadata, and
citation chaining from the seed articles. Furthermore, the broad
machine learning—economics query exceeded the Scopus API
export limit and was used only to characterize the broader literature,
not for study selection. Consequently, the findings should be
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interpreted as a qualitative synthesis of a defined corpus rather than
as a comprehensive review of all publications in the field.

3. THE TwoO cULTURES: A DEBATE BEYOND ITS TIME

3.1 BREIMAN'S ORIGINAL PERSPECTIVE

Breiman (2001a) introduced the distinction between two emerging
cultures within statistical practice: the data modeling culture and
the algorithmic modeling culture. His central argument was not that
one approach should replace the other, but that statistical research
had become overly focused on models with explicit probabilistic
assumptions and theoretical guarantees, while often underestimating
the value of flexible predictive approaches.

According to Breiman, the data modeling culture is characterized
by the specification of stochastic models intended to represent the
underlying data-generating mechanism. These models provide
interpretability and theoretical properties, but their validity depends
strongly on whether the assumed structure adequately reflects the
phenomenon under study. In many applications, identifying an
appropriate model is itself a difficult task. The algorithmic modeling
culture, in contrast, emphasizes the development of algorithms
capable of extracting predictive patterns from data without requiring
a predefined probabilistic structure. Although these methods may
sacrifice some interpretability, they can provide greater flexibility and
predictive accuracy, particularly in complex and high-dimensional
settings.

Breiman argued that technological advances and the increasing
availability of data created the need to broaden the statistical
toolbox beyond traditional modeling strategies. Rather than
searching for a single optimal model, he emphasized the possibility
that multiple models may provide useful representations of the same
phenomenon. This idea is closely related to the Rashomon effect,
where several models with comparable predictive performance
can coexist. He also discussed the tension between simplicity and
performance through Occams’s razor, and highlighted the challenges
introduced by high-dimensional datasets through Bellman’s curse of
dimensionality.
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The discussion following Breiman’s article further developed
these ideas. Efron recognized the contribution of algorithmic
approaches as a positive extension of statistical practice, arguing
that their success could stimulate both methodological innovation
and theoretical developments rather than represent a rejection of
traditional statistics. Hoadley emphasized the practical importance
of algorithmic methods while noting the limitations associated with
both cultures, including model assumptions, overfitting, and the
need to evaluate algorithms according to their usefulness for specific
problems rather than solely by error minimization.

A central issue in Breiman’s argument concerns the interpretability
of complex models. He described these models as a form of “black
box” information and raised the question of how meaningful
scientific knowledge can be extracted from highly predictive but
difficult-to-understand algorithms. Parzen’s commentary reinforced
this concern by warning against models that provide technically
correct answers to incorrectly formulated questions, referring to this
as the “error of the third kind”. This observation remains relevant
in current discussions surrounding deep learning and large language
models, where predictive capability does not necessarily imply causal
understanding or scientific explanation.

Overall, Breiman’s contribution can be interpreted as a call for
methodological pluralism rather than a strict separation between
statistics and machine learning. His medical example illustrated
that complex algorithmic models may reveal relevant patterns that
traditional statistical models fail to capture, even when the latter
offer greater interpretability. The broader message was that statistical
practice should pursue both accurate prediction and meaningful
understanding of the mechanisms generating data.

More than two decades later, the two-cultures debate remains
relevant because modern approaches increasingly seek to combine
these objectives. Developments such as causal machine learning,
uncertainty quantification, and explainable Al represent attempts
to integrate predictive performance with interpretability and
reliable inference. The following sections extend this discussion by
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examining judgment, prediction—inference trade-offs, and ethical
considerations in economic applications.

3.2 ATHEY AND IMBENS’S PERSPECTIVE

Athey and Imbens (2019) revisited Breiman’s two-cultures debate
from the perspective of empirical economics, examining how
machine learning methods can contribute to economic research.
Rather than presenting machine learning as a replacement for
traditional statistical or econometric approaches, they argue that its
value depends on the objective of the analysis. In particular, they
distinguish between prediction problems, where machine learning
methods often achieve substantial advantages, and causal questions,
where economic research requires additional assumptions related to
identification, theory, and interpretation.

The authors review the growing adoption of machine
learning techniques in economics, including supervised learning,
unsupervised learning, high-dimensional prediction methods,
and emerging applications such as reinforcement learning, online
experimentation, recommendation systems, and text analysis.
However, they emphasize that the direct transfer of machine
learning methods from predictive applications to economic research
is not sufficient. Economic analysis frequently involves challenges
such as endogeneity, treatment-effect estimation, and the need to
understand the mechanisms generating observed outcomes.

A central contribution of their perspective is the argument
that machine learning and econometrics address different but
complementary objectives. While machine learning traditionally
focuses on predictive performance and flexible approximation of
complex relationships, econometrics emphasizes the estimation
and interpretation of causal parameters under explicit assumptions.
Consequently, economists have developed adaptations that
incorporate the strengths of machine learning while preserving the
inferential goals of economic analysis. These include regularization
methods, sample splitting, orthogonalization, and approaches
such as double/debiased machine learning, which allow flexible
algorithms to be used within causal estimation frameworks.
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Athey and Imbens therefore advocate incorporating machine
learning methods into the econometric toolkit rather than treating
them as an alternative paradigm. They argue that economists
should become familiar with these methods because they provide
new possibilities for handling high-dimensional data and complex
relationships, while economic theory and identification strategies
remain essential for meaningful interpretation.

This perspective was further developed in the 20th-anniversary
special issue of Observational Studies, where Imbens and Athey
(2021) revisited Breiman’s original distinction from an econometric
viewpoint. They argued that the separation between the two cultures
had become less pronounced in practice: machine learning methods
are increasingly valuable in economics when combined with causal
reasoning and domain knowledge. From this perspective, the two
cultures have neither fully merged nor remained independent;
instead, contemporary empirical research increasingly reflects a
hybrid approach in which algorithmic flexibility is integrated with
theory-based identification strategies. This interpretation supports
the broader argument developed in Section 4: predictive accuracy
and causal validity should be viewed as complementary objectives
rather than competing methodological commitments.

4. BEYOND THE TWO CULTURES: PREDICTION, INFERENCE, AND
SCIENTIFIC UNDERSTANDING

The discussion in Section 3 suggests that the original opposition
between Breimans two cultures has evolved into a broader
methodological landscape in which prediction, inference, and
explanation are increasingly interconnected. Figure 1 summarizes
this transition: the tension between interpretability and predictive
performance that characterized Breiman’s debate has motivated
contemporary approaches that combine statistical reasoning,
algorithmic flexibility, and domain knowledge through causal
machine learning, explainable artificial intelligence, uncertainty
quantification, and policy-oriented forecasting.
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Data Modeling Culture Algorithmic Modeling Culture
* Focus on interpretability * Focus on prediction
» Statistical inference * High flexibility
* Generative models * Complex algorithmic models
\ \
[ Tension: interpretability < predictive accuracy ]
J
s 7\
Contemporary integration
Methods Principles
¢ Causal machine learning * Explainable AI (XAI)
* Double/debiased ML * Trustworthy AI
» Bayesian/deep—statistical learning  Uncertainty quantification
b J

I

Downstream applications

Forecasting ¢ Policy evaluation e Decision-making systems

Figure 1: Conceptual evolution from Breimans two cultures toward
contemporary methodological integration. The figure highlights the transition
from the interpretability—prediction tension to approaches combining algorithmic
flexibility, causal reasoning, and principles of explainability and trustworthiness.

Rather than representing a complete convergence of the two
cultures, this development can be understood as an expansion of
the methodological space available to researchers. Modern analytical
practice increasingly requires decisions about the purpose of
modeling, the assumptions behind the data-generating process, and
the type of knowledge expected from the analysis.

4.1 METHODOLOGICAL FOUNDATIONS: JUDGMENT, BIAS, AND
ANALYTICAL FRAMEWORKS

Data analysis is a process of continuous refinement in which
conclusions depend not only on computational methods but also on
how problems are formulated, data are collected, and assumptions
are evaluated. The design of an analytical strategy therefore involves
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methodological judgments that influence what questions are
asked, which variables are considered relevant, and how evidence
is interpreted. Rigorous analytical practice does not eliminate
judgment; rather, it makes such judgments explicit and evaluates
their consequences (Majone & Quade, 1980; Tukey, 1962).

The role of researcher judgment has long been recognized
as a fundamental aspect of scientific inquiry. Tukey (1962)
distinguished several forms of judgment involved in data analysis:
expertise derived from the domain generating the data, experience
acquired through applying analytical techniques across different
contexts, and understanding based on the theoretical and empirical
properties of statistical methods. These forms of judgment remain
relevant in contemporary machine learning applications, where
choices regarding data representation, model selection, validation
procedures, and interpretation directly influence results (Cumming,
2019; Kahneman, 2021).

The emergence of large-scale data analysis in the 1990s expanded
this discussion by introducing new approaches for extracting
patterns and knowledge from increasingly complex datasets. The
Knowledge Discovery in Databases (KDD) framework (Fayyad et
al., 1996) brought together data mining—whose methods have
since evolved into much of what is now recognized as machine
learning—alongside statistics, database systems, visualization, and
high-performance computing to transform low-level data into
higher-level knowledge. Rather than replacing traditional scientific
reasoning, KDD broadened the analytical processes through which
hypotheses, relationships, and predictions can be generated.

Despite differences among statistical modeling, machine learning,
and causal inference, these approaches share a common objective:
understanding relationships between outcomes (Y) and explanatory
factors (X). However, they differ in the type of knowledge they seek.
Causal models aim to identify mechanismsand estimate effects under
explicit assumptions; machine learning methods primarily seek
predictive accuracy and flexible representations of complex patterns;
and analytical decision frameworks often combine mathematical,
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probabilistic, and empirical information to support actions under
uncertainty (Angrist & Pischke, 2009; de Mast et al., 2023).

For applied economic research, this distinction leads to several
methodological questions:

* Research objective: Is the primary goal prediction, causal

inference, explanation, or decision support?

* Interpretation requirements: Will decisions require
transparent mechanisms, regulatory justification, or post-
hoc explanations?

* Data characteristics: Are available data sufficienty
informative for flexible algorithms, or do sparsity and
measurement limitations require stronger theoretical
assumptions?

Ethical and institutional constraints: Are fairness,
accountability, privacy, or transparency requirements central
to the application?

Validation criteria: Should performance be evaluated only
through predictive accuracy, or also through causal validity,
robustness, uncertainty estimation, and generalization?

These questions illustrate that the central challenge is no
longer choosing between statistical and algorithmic cultures but
determining how their respective strengths can be combined
according to the scientific objective of the analysis.

4.2 BALANCING PREDICTION AND INFERENCE IN ECONOMIC
APPLICATIONS
A central question emerging from the two-cultures debate is
whether explicit deductive modeling is always required for every
analytical objective. In many decision contexts, prediction may be
the primary goal, whereas causal interpretation requires additional
assumptions and methodological constraints that are not necessarily
needed for forecasting. The challenge is therefore not to choose
between prediction and inference, but to determine which objective
is appropriate for the problem under study.

From an econometric perspective, subsequent discussions have
emphasized that the value of machine learning depends on the
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research objective and the assumptions required for valid inference.
Bradi¢ and Zhu (2021) revisit Breiman’s two cultures from this
perspective, highlighting that predictive performance alone does
not replace the importance of structural assumptions, identification
strategies, and interpretable representations when the objective is
scientific explanation or causal analysis.

This distinction is evident in algorithmic approaches such as
random forests (Breiman, 2001b). Increasing model complexity
through additional trees and deeper structures can improve
predictive performance, but these models do not naturally provide
the inferential framework associated with classical parametric
approaches. Post-hoc interpretation methods, including feature
importance measures and SHAP-based explanations, provide useful
insights into model behavior, but they should not be interpreted as
substitutes for formal causal or statistical inference (Hassija et al.,
2024).

In economics, machine learning has expanded the possibilities
for prediction and measurement by exploiting high-dimensional
datasets and alternative data sources, including transaction records,
digital traces, and text-based information. Applications in economic
forecasting and policy analysis illustrate how algorithmic models
can complement traditional econometric approaches (Athey et al.,
2018; Chen et al., 2019; Woloszko, 2017). However, predictive
performance alone does not resolve the central challenge of
economic research: identifying the mechanisms underlying observed
relationships.

Causal machine learning attempts to bridge this gap by
combining flexible estimation with explicit identification strategies.
Methods such as causal forests, double/debiased machine learning,
and high-dimensional instrumental-variable approaches allow
researchers to exploit complex patterns in data while preserving the
inferential objectives of causal analysis. In the Breiman anniversary
issue, Kennedy et al. (2021) connect this challenge directly to model
complexity and causal interpretation, contrasting approaches such
as plug-in and targeted estimation as strategies for adapting flexible
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machine learning estimators to causal questions while maintaining
valid inference.

Pearl (2021), in the same special issue, provides a structural causal
model perspective on Breiman’s distinction. From this viewpoint,
predictive accuracy alone cannot establish causal or counterfactual
claims without an explicit representation of the causal structure
generating the data. This interpretation echoes Breiman’s concern
about the “error of the third kind’: answering the wrong question,
even with a highly accurate model. For economic applications, the
implication is that machine learning can enhance causal estimation,
but it cannot replace the identification strategy required to define
the causal question, specify what is being estimated and justify the
assumptions under which causal conclusions are drawn.

4.3 EMERGING FRONTIERS: MACHINE LEARNING-BASED SCIENCE,
EXPLAINABILITY, AND ETHICS
Knowledge generation is increasingly incorporating machine
learning not only as a predictive tool, but also to support scientific
discovery, measurement, and hypothesis generation. The emerging
paradigm of Artificial Intelligence for Science (AI4S) integrates
artificial intelligence with scientific workflows, combining data-
driven approaches with domain knowledge to accelerate discovery,
automate parts of the research process, and address complex systems
beyond the reach of traditional analytical methods (Wang et al.,
2023). Rather than replacing traditional scientific approaches,
machinelearning-based science complements existing methodologies
by expanding the available tools for exploring complex phenomena
and extracting information from large-scale datasets (Kapoor et al.,
2024; Ludwig & Mullainathan, 2024; Messeri & Crockett, 2024).
Bhadra et al. (2021) revisit Breiman’s distinction in the context
of deep learning, arguing that future analytical practices will
require combining algorithmic flexibility with statistical reasoning,
particularly when dealing with complex data-generating processes
and uncertainty. Recent landscape reports further document the
rapid integration of Al into scientific workflows and the expansion
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of these approaches across disciplines, emphasizing automated
experimentation, knowledge discovery, and the integration of
models, data, and scientific expertise as emerging components of
contemporary research practices (Nature Research Intelligence,
2025).

This transition is also reflected in large-scale bibliometric
evidence. Analyzing 4.9 million publications and 255 machine
learning techniques indexed in OpenAlex between 1990 and
2026, Méndez Isla et al. (2026) identify increasing adoption of
predictive approaches across scientific fields, including domains
traditionally associated with interpretability and inference, such
as the social sciences. These results provide large-scale evidence of
changing methodological preferences that are consistent with the
broader evolution of the debate initiated by Breiman, while also
highlighting the need to understand how predictive tools interact
with established standards of explanation and inference.

Emerging computational paradigms, including quantum machine
learning, illustrate how continued increases in computational
capability may introduce new methodological questions about
the relationship between prediction, explanation, and scientific
understanding. Although practical advantages of quantum-
enhanced machine learning remain uncertain, these developments
highlight a broader challenge: increasing computational power alone
does not guarantee improved scientific insight, reproducibility, or
interpretability (Castelvecchi, 2024). Thus, the central questions
raised by Breiman—how to balance predictive performance,
interpretability, and meaningful scientific understanding—remain
relevant as machine learning becomes increasingly embedded in
scientific discovery workflows and new computational paradigms
emerge.

Generative artificial intelligence builds on earlier research
on computational creativity and artificial generation, while
recent advances have intensified the demand for explainability,
transparency, and governance (van der Zant et al., 2013; Ooi et
al., 2023; Kapoor et al., 2024). However, explainability alone does
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not guarantee trustworthy deployment. Recent surveys identify
persistent  challenges, including the standardized evaluation of
explanations, alignment with legal and stakeholder requirements,
and adaptation of explanations to specific decision contexts (Al
et al., 2023). In economic and policy settings, these challenges
parallel the econometric emphasis on validated inference: post-hoc
attributions may support accountability and interpretation, but
they do not replace identification strategies, robustness analysis, or
out-of-sample validation (Barocas et al., 2023; Hassija et al., 2024).

Thus, the central question raised by Breiman remains relevant:
what does it mean to understand when models become increasingly
predictive and complex? The evolution from statistical modeling
to contemporary machine learning suggests that scientific progress
will depend not on choosing between prediction and explanation,
but on developing frameworks that clarify when, why, and under
what assumptions predictive systems contribute to genuine
understanding.

5. CONCLUSION

This review examined the evolution of the debate initiated by
Breiman’s “two cultures” through the perspectives of statistics,
econometrics, and modern machine learning. The central tension
between data modeling and algorithmic modeling has not
disappeared; rather, it has evolved into a broader discussion about
how prediction, inference, explanation, and decision-making can be
combined in complex analytical environments.

The development of machine learning in economics illustrates
this transformation. As emphasized by Athey and Imbens, machine
learning methods provide valuable tools for high-dimensional
prediction and flexible estimation, but their successful application
in economics requires adaptation to the discipline’s emphasis on
causal structure, identification, and theoretical interpretation.
Contemporary approaches such as causal machine learning and
double machine learning represent attempts to integrate algorithmic
flexibility with inferential validity rather than choosing between
competing methodological cultures.
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At the same time, emerging paradigms such as Artificial
Intelligence for Science and generative artificial intelligence expand
the role of machine learning from prediction toward scientific
discovery, hypothesis generation, and knowledge production. These
advances reinforce the importance of explainability, uncertainty
quantification, reproducibility, and trustworthy deployment,
particularly in domains where analytical results influence public
policy, economic decisions, and social welfare.

The evidence reviewed here suggests that the future of data analysis
is unlikely to be defined by the dominance of one methodological
culture over another. Instead, progress will depend on selecting and
combining methods according to the objectives of each problem:
prediction when forecasting is required, causal identification when
understanding mechanisms is essential, and transparent validation
when decisions affect individuals and institutions.

Beyond the literature reviewed here, this synthesis is motivated
by a recurring question in applied data analysis: identifying that
a phenomenon occurs is only the first step; understanding the
mechanisms behind it is what enables meaningful explanation and
effective intervention. Statistics, mathematics, and computation
should therefore not be viewed as competing traditions, but as
complementary foundations that have progressively expanded our
ability to analyze complex problems with greater speed, precision,
and scope.

As machine learning and artificial intelligence continue to
transform scientific discovery and decision-making, the central
question is not whether algorithms will replace statistical reasoning,
but how they can be integrated with theory, empirical evidence,
and informed human judgment. Ultimately, the question raised by
Breiman’s two cultures was not which tradition should prevail, but
how different forms of reasoning can be combined to transform data
into reliable knowledge. The future of data analysis will depend on
integrating prediction, understanding, and action: using algorithms
to discover patterns, statistical reasoning to evaluate evidence, and
scientific frameworks to guide better and responsible decisions.
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APPENDIX A. SEARCH PROTOCOL AND REPRODUCIBILITY MATERIALS
This appendix documents the search protocol and appraisal
procedures underlying the SALSA (Search, Appraisal, Synthesis,
and Analysis) framework described in Section 2. It reports the
bibliographic sources, search strategy, representative queries, record
counts, screening criteria, and the studies retained for qualitative
synthesis. All searches were executed on 28-29 July 2026. Machine-
readable exports, complete query syntax, and supplementary
reproducibility materials are available from the corresponding
author upon request.

A.1 SEARCH STRATEGY

BIBLIOGRAPHIC SOURCES

Literature was identified through three complementary bibliographic
databases:

* Scopus (Elsevier Search API)

® Web of Science (Clarivate Starter API)

* OpenAlex (REST API)

OpenAlex was additionally used to obtain reproducible citation
counts and citation networks for the two seed articles. ArXiv and
Google Scholar were consulted exclusively to verify bibliographic
metadata and DOI information for selected preprints included in
the final synthesis. It was not used as an independent bibliographic
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search source.

FULL-TEXT RETRIEVAL

Studies selected after screening were retrieved and evaluated using
full-textversions obtained through institutional library subscriptions,
DOl-resolved publisher websites, and open-access or preprint
versions where available. These access routes supported qualitative
appraisal and synthesis but were not considered additional search
databases beyond the documented API-based searches.

SEED ARTICLES
The review was anchored on two foundational contributions
representing complementary perspectives on statistical learning:

o Breiman (2001a) Statistical — Modeling: The
Two Cultures DOI: 10.1214/ss/1009213726
OpenAlex Work ID: W2084341220

e Athey and Imbens (2019) Machine Learning
Methods That Economists Should Know Abour DOI:
10.1146/annurev-economics-080217-053950
OpenAlex Work ID: W2922705140

SEARCH STRATEGY

Given the conceptual objective of this review, literature identification
followed a seed-based citation strategy rather than an exhaustive
keyword search. The objective was to identify methodological
contributions that explicitly engage with the conceptual debate
initiated by the seed articles.

The search combined:

* topic-based searches,

* document-type filters,

e citation metadata,

* forward and backward citation chaining,

* OpenAlex citation networks anchored on the seed works.

To provide a coherent methodological corpus, the search was
further anchored on the 20th-anniversary symposium of Breiman’s
article published in Observational Studies (Volume 7, Issue 1, 2021).
This symposium was identified through Scopus topic searches and
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independently verified using OpenAlex citation metadata.
CITED-REFERENCE SEARCHES
Direct-cited-reference searches could not be fully implemented
because of API limitations. Specifically,
* the Clarivate Starter API does not support cited-reference
(CR=) searches;
* Scopus REF() and REFDOI() queries returned no usable
results under the available API access level.
Consequently, study identification relied on topic searches,
document-type filtering, citation metadata, and OpenAlex cites:
queries anchored on the seed articles.

A.2 REPRESENTATIVE SEARCH QUERIES
The complete query syntax is available from the corresponding

author upon request. Representative queries are summarized below.

Appendix Table A.1. Representative search queries

Label Database Representative query
TITLE-ABS-KEY(“two cultures”
breiman_review_topic Scopus AND Breiman) + review

document types

Athey, Imbens, “machine
athey_review_topic Scopus learning”, econom™* + review
document types

“machine learning” AND

ml_econ_review Scopus econom™ + Review + PUBYEAR
>2018
TS=(“machine learning” AND
dt_review_ml_econ Web of Science  econom*) AND DT=(Review)

AND PY=(2019-2026)
TS=(“two cultures”) AND
DT=(Review)

Breiman citing set OpenAlex filter=cites:W2084341220
Athey-Imbens citing set  OpenAlex filter=cites:W2922705140

dt_review_two_cultures  Web of Science
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A.3 SEARCH RESULTS

Appendix Table A.2. Search results

Reproducibility
Query Database Records evidence
Breiman (2001a) . Seed record
record OpenAlex 4,308 cited-by 1 104341220)
Athey & Imbens . Seed record
(2019) record OpenAlex 1,064 cited-by 9777051 40)
Wofks citing OpenAlex 4,269 Full export (4,269
Breiman records)
Works citing
Breiman with “two OpenAlex 22 Full export
cultures” in title
R.e'vlew arflcles OpenAlex 35 Full export
citing Breiman
Works citing Athey
& Imbens OpenAlex 1,074 Full export
Review articles
citing Athey & OpenAlex 5 Export metadata
Imbens
brel'man_revww_ Scopus 25 Full export
topic
athey_review_topic Scopus 2 Full export
ml_econ_review Scopus 54,666 (5,000 APT export limit
exported)
dt_review_ml_econ W.eb of 2,255 Full export
Science
dt_review_two_ Web of
cultures Science 15 Full export

Source: Author compilation from API exports (28-29 July 2026).

Note. An earlier exploratory Web of Science search retrieved nine review records
related to “two cultures”. After the search strategy was standardized and documented,
rerunning the query (TS=(“two cultures”) AND DT=(Review)) returned fifteen
records. Because many of these records refer to unrelated uses of the expression “two
cultures”, the symposium corpus was defined using the Scopus breiman_review_topic

search and independently cross-checked against OpenAlex citation metadata.
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A.4 SCREENING AND APPRAISAL
Inclusion criteria

Studies were included when they:

* presented a review, commentary, or methodological synthesis
related to Breiman’s 7wo Cultures and/or machine learning
in economics;

* engaged substantively with the conceptual contributions of
the seed articles;

* were peer-reviewed publications or citable preprints with
verifiable bibliographic metadata and DOI;

* provided an abstract in English or Spanish.

Exclusion criteria

The following records were excluded:

* purely empirical applications without methodological
discussion;

* duplicate records across databases (one record retained per
DOI or title—year combination);

* publications lacking sufficient bibliographic metadata for
verification.

Appraisal procedure

The appraisal stage followed the SALSA framework and
considered four complementary dimensions:

¢ relevance to economics and econometrics;

* methodological contribution;

* citation impact (OpenAlex citation counts, July 2026);

* publication quality.

Three studies were selected for detailed qualitative synthesis
because they provide complementary methodological perspectives
directly extending the Breiman—Athey debate:

* Bhadra et al. (2021) — statistical learning and deep learning;

* Bradi¢ and Zhu (2021) — econometric interpretation of
Breiman;
* Kennedy et al. (2021) — causal inference using modern

machine learning.
Additional symposium commentaries (Imbens & Athey, 2021;
Pearl, 2021) and one recent bibliometric study (Méndez Isla et

Perfiles Econdmicos N°20, Julio 2026, pp. 193-221 ¢-ISSN 0719-7586 215



CINTHYA VERGARA SILVA

al., 2026) were incorporated where they directly supported the
arguments developed in Sections 3 and 4.

The broader Scopus, Web of Science, and OpenAlex searches
were used to characterize the evolution of the review literature but
were not screened exhaustively record by record.

A.5 STUDIES INCLUDED IN QUALITATIVE SYNTHESIS
Appendix Table A.3. Final synthesis corpus

Role in the

Study Venue . DOI
synthesis
Breiman Statistical .
(2001a) Seience Seed article 10.1214/ss/1009213726
Athey & z;nnbmz[ f Seed articl 10.1146/annurev-
Imbens (2019) cview o, ced articie economics-080217-053950
Economics
Imbens & Observational  Econometric
Athey (2021) Studies perspective 10.1353/0bs.2021.0028
Bradi¢ & Zhu  Observational  Econometric
(2021) Studies commentary 10.1353/0bs.2021.0019
Kennedy,
Bonvini Observational — Causal
& Mishler Studies inference 10.1353/0bs.2021.0001
(2021)
Observational Causal
Pearl (2021) . reasoning 10.1353/0bs.2021.0008
Studies
commentary
Bhadra etal. — arXiv Deep learning 1) 48550/arXiv.2110.11561
(2021) preprint extension
Méndez Isla,
Lariviére & arXiv Bibliometric ) 48550 /arXiv.2606.20995
Kozlowski preprint extension
(2026)

Source: Author compilation from Scopus, Web of Science, and OpenAlex API exports.
Bibliographic metadata and full texts were verified through DOI-resolved publisher
records, institutional library access, and arXiv where applicable.

A.6 SCOPE OF THE REVIEW

This appendix documents the procedures undertaken to enhance
the transparency and reproducibility of the review. Consistent
with the objectives of a structured critical review, rather than
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a PRISMA-style systematic review or meta-analysis, the search
strategy was designed to identify, appraise, and synthesize the
principal methodological contributions to the debate initiated by
Breiman (2001a) and extended by Athey and Imbens (2019), rather
than to provide an exhaustive inventory of every publication related
to machine learning in economics.

The resulting synthesis should therefore be interpreted as a
transparent and reproducible qualitative assessment of a bounded
corpus of influential methodological literature, rather than as a
comprehensive mapping of the entire field.
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