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Recent advances in machine learning, particularly in data-driven and predictive
modeling, have led to remarkable successes across a wide range of scientific and
practical domains. At the same time, these successes have raised fundamental
questions in the philosophy of science concerning the role of explanation and
causality in a scientific practice increasingly centered on statistical prediction. In
response to the limitations of purely correlation-based models a growing body of
work under the heading of Causal Artificial Intelligence has sought to reintroduce
causal structure into machine learning.

This paper offers a philosophical analysis of the notion of causality employed in
contemporary machine learning, with particular attention to causal discovery and
intervention-based frameworks. It argues that the causal relations represented or
inferred by machine learning models should be understood neither as direct
representations of the world’s fundamental causal mechanisms nor as merely
instrumental devices for improving predictive performance. Instead, the paper
proposes an alternative interpretation according to which causality in machine
learning constitutes an intervention-dependent, mid-level explanatory structure.

On this account, the epistemic legitimacy of causal models derives not from strong
metaphysical commitments, but from their ability to remain invariant under
interventions, support counterfactual reasoning, and enable out-of-distribution
generalization. By situating causal modeling between predictive success and
metaphysical realism, the paper shows how causal concepts can play an
indispensable explanatory and decision-theoretic role in data-driven science without
exceeding the epistemic limits of machine learning. This interpretation provides a
coherent philosophical framework for understanding the renewed significance of
causality in contemporary artificial intelligence.
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Extended Abstract

The rapid development of machine learning and artificial intelligence has transformed
contemporary scientific practice by enabling the extraction of highly complex statistical
patterns from large-scale datasets. In many domains, including medicine, economics,
social sciences, and natural language processing, machine learning systems have
demonstrated remarkable predictive performance without relying on explicit theoretical
assumptions about the underlying mechanisms of the phenomena they model. This
success has intensified a broader methodological tendency within contemporary science
that some scholars describe as a “predictive turn,” in which predictive accuracy
increasingly becomes a dominant criterion for evaluating scientific models. Within such
a framework, explanation and causal understanding risk being treated as secondary
concerns of, in some cases, as dispensable elements of scientific inquiry. However, the
practical success of purely predictive systems simultaneously raises fundamental
philosophical questions regarding the relationship between prediction, explanation, and
causation, particularly when intelligent systems are expected not merely to classify or
predict, but also to support intervention, decision-making, and reasoning under
changing conditions. The present study addresses this problem by examining the
philosophical status of causality in the age of machine learning and by investigating
whether contemporary artificial intelligence systems genuinely discover causal
structures or merely identify highly efficient statistical regularities.

The article begins from the observation that classical machine learning systems have
largely been designed around statistical association and predictive optimization.
Traditional machine learning models generally operate by identifying correlations within
observational data and constructing predictive mappings without incorporating explicit
assumptions concerning the causal mechanisms generating those data. Although such
approaches may achieve impressive performance within training environments, they
frequently encounter difficulties when deployed under conditions involving
distributional shifts, environmental changes, or interventions. Problems such as out-of-
distribution generalization, fragility under changing contexts, and limitations in
counterfactual reasoning have revealed the inadequacy of purely correlation-based
systems for many scientific and practical purposes.

In response to these limitations, recent developments in causal artificial intelligence
have attempted to integrate concepts such as intervention, invariance, structural
dependence, and counterfactual reasoning into machine learning systems. Building
upon the work of Pearl, Woodward, Schélkopf, and others, these approaches seek to
move beyond predictive associations and toward models capable of supporting
explanatory understanding and stable generalization. Concepts such as structural causal
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models, intervention calculus, and causal discovery have become central tools within
this emerging research program. However, despite rapid technical advances, many
discussions within causal Al implicitly assume philosophical commitments that often
remain unexamined. Technical studies frequently presuppose that causal models
represent genuine structures of reality, while alternative perspectives treat causal
structures merely as practical tools for improving performance. Consequently,
important philosophical questions remain unresolved: What kind of causality is being
discovered by Al systems? What sort of representational status should be attributed to
causal models in machine learning? And under what conditions can causal structures
extracted from data be regarded as epistemically meaningful?

To address these questions, this study analyzes contemporary causal Al through
the lens of philosophy of science and examines several influential philosophical
approaches concerning the nature of scientific representation and causal explanation.
The discussion first considers a realist interpretation according to which successful
causal models provide increasingly accurate representations of real causal structures
underlying observable phenomena. Within this perspective, the success of causal
representation learning and causal discovery methods may appear to support a form of
scientific realism, since such systems seem capable of identifying stable structures that
persist beyond particular datasets or environments. Nevertheless, this position faces
significant challenges. Causal discovery algorithms rely on strong assumptions such as
causal sufficiency, faithfulness conditions, and structural stability, many of which are
difficult to verify independently. Therefore, moving from predictive success to
ontological commitment risks introducing forms of optimistic realism that may exceed
what available evidence can justify.

The article then examines interventionist and pragmatic perspectives, especially
those associated with Woodward's account of causation. Interventionist theories
attempt to avoid heavy metaphysical commitments by defining causality in terms of
manipulability and control rather than in terms of hidden mechanisms or necessary
connections. This perspective provides important practical advantages for machine
learning because it explains how causal reasoning can guide decision-making and
intervention without requiring complete knowledge of underlying reality. However, if
causality is defined solely through intervention and operational utility, an important
conceptual problem emerges. The distinction between genuinely causal systems and
highly sophisticated predictive systems may become blurred if successful intervention
alone becomes the principal criterion for causal legitimacy.

In response to these limitations, the article proposes a distinct philosophical
framework described as a critical-structural perspective. This approach attempts to
preserve insights from realism, interventionism, and pragmatic accounts while avoiding
their respective weaknesses. The proposed view rejects both naive realism and extreme
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instrumentalism. It argues that causal models in machine learning should not be
understood as complete representations of the essential nature of reality, nor merely as
computational devices for prediction. Instead, causal models are interpreted as
representations of stable structural relations whose epistemic significance derives from
their capacity to support intervention, explanation, and robust generalization across
changing environments.

A crucial component of this argument involves distinguishing between causality at
the level of models and causality at the level of target systems. A model may contain
causal organization internally without necessarily claiming complete correspondence
with external reality. The existence of causal structure within a model therefore does
not automatically imply metaphysical truth regarding the world itself. Rather, the
epistemic value of causal structures depends on whether they capture stable
relationships capable of remaining invariant under meaningful interventions and
environmental changes. Within this framework, causality becomes less a matter of
uncovering ultimate reality and more a matter of identifying explanatory structures that
remain robust under transformation.

The paper further argues that concepts such as intervention, invariance, and out-
of-distribution generalization are central for understanding why causal models differ
fundamentally from static predictive models. Purely statistical systems often fail because
they learn relationships tied to particular distributions rather than relationships
reflecting deeper structural dependencies. Causal models, by contrast, attempt to
identify patterns whose stability persists under changing conditions. Consequently,
causality is interpreted not primarily as a metaphysical label attached to hidden entities
but rather as an epistemic criterion for robustness, explanatory power, and rational
action.

Ultimately, the study concludes that causality in machine learning should not be
interpreted either as the direct discovery of ultimate truths about reality or as a merely
instrumental computational technique. Instead, causality should be understood as the
representation of intervention-dependent stable structures that enable explanation,
generalization, and rational decision-making in data-driven environments. Such a
position offers a balanced philosophical framework capable of integrating practical
developments in artificial intelligence with enduring concerns in philosophy of science
regarding scientific representation, explanation, and the nature of causal understanding.
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