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Abstract 

Over the past two decades, causal inference has evolved from a theoretical framework into a growing 
computational discipline. Despite advances in structural causal models, graphical methods, and 
machine learning integration, practical deployment of causal systems remains limited. This gap arises 
because causal inference methods primarily address identification and estimation, while real-world 
applications require outputs that are correct, interpretable, and actionable within domain-specific 
contexts. 

This paper introduces Operational Causal AI, a framework for designing causal systems that function 
reliably in real-world decision environments. The framework extends traditional causal inference by 
incorporating semantic grounding and domain knowledge as core requirements. We define four 
criteria for operational validity: correctness, interpretability, actionability, and semantic grounding. 

We demonstrate the necessity of this framework through a legal case study, showing that causal 
relationships identified through data may fail to meet domain-specific definitions of causation, 
leading to incorrect decisions. We further generalize the framework to applications in law, healthcare, 
and policy evaluation. 

Operational Causal AI represents a shift from causal inference as computation to causal systems as 
decision-support mechanisms. This work positions semantic integration and system-level design as 
the next stage in the evolution of causal science. 

Keywords: Causal Inference; Causal AI; Structural Causal Models; Semantics; Interpretability; 
Decision Systems; Legal AI; Healthcare AI; Policy Evaluation; Explainable AI 

1. Introduction 
Causal inference has long been recognized as essential for understanding relationships beyond 
correlation. In 2005, building on Judea Pearl’s foundational work, it was argued that causal analysis 
requires “more” than statistical methods—namely, subject knowledge and reasoning beyond 
correlation. 
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While Pearl’s framework formalized causal reasoning through structural models and graphical tools, 
practical application has remained challenging. In contemporary settings, causal inference is 
increasingly applied in machine learning, yet its outputs often fail to meet the requirements of real-
world decision-making. 

The central question addressed in this paper is straightforward but consequential: how can causal 
inference be made operational in real-world systems? We argue that the key limitation lies in the 
absence of semantic grounding and application-oriented design. To address this gap, we introduce 
Operational Causal AI, a framework that ensures causal systems produce outputs suitable for 
practical use. 

The motivation for this work is practical as well as conceptual. In many applied settings, the objective 
is not only to estimate effects or discover structure, but to support decisions, arguments, and 
judgments that carry real consequences. This is particularly true in legal affairs, where causal 
conclusions influence liability, responsibility, and outcomes; in healthcare, where causal reasoning 
informs treatment and diagnosis; and in policy evaluation, where interventions must be assessed 
against competing explanations and contextual constraints. 

Operational Causal AI is proposed here as a next stage in causal science: a shift from causal inference 
as a computational achievement to causal reasoning as an integrated, trustworthy, and usable 
capability embedded in human decision systems. 

2. Background and Limitations of Current Approaches 
Modern causal inference includes Structural Causal Models (SCMs), graphical causal models, 
intervention calculus, and causal discovery algorithms. Together, these methods have substantially 
advanced the theoretical understanding of causality by providing formal tools for representing 
mechanisms, reasoning about interventions, and clarifying the distinction between association and 
causal effect. 

The introduction of causal graphs and the do-operator made it possible to formalize questions that 
previously depended on informal methodological judgment. Researchers can now articulate 
confounding, mediation, intervention, and counterfactual reasoning in a systematic way. More 
recently, the integration of causal inference with machine learning has extended these capabilities 
into high-dimensional and heterogeneous data environments, enabling more scalable estimation and 
more ambitious applications. 

Yet significant practical limitations remain. First, observational data typically underdetermine causal 
structure: multiple causal models may be consistent with the same statistical evidence. Second, 
hidden confounding persists in most real-world datasets, especially when relevant variables are 
unobserved, poorly measured, or difficult to define. Third, many methods rely on assumptions—such 
as causal sufficiency, faithfulness, or transportability—that are necessary for identification but 
difficult to verify in deployed systems. 
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A fourth limitation is less often treated as a first-class problem but is decisive in practice: the absence 
of semantics. Variables in causal models are often treated as if they were self-explanatory, while in 
operational settings their meanings are contested, contextual, or institutionally defined. A model may 
identify a causal pathway in the data, but whether that pathway represents a clinically meaningful 
cause, a legally relevant cause, or a policy-relevant cause depends on semantic interpretation, not on 
structure alone. 

These limitations reveal a broader gap between causal inference and causal application. Existing 
methods are powerful at discovering, identifying, and estimating causal relations under formal 
assumptions, but real-world systems require more. They require causal outputs that are robust 
enough to rely on, interpretable enough to defend, actionable enough to guide decisions, and 
semantically grounded enough to align with the domain in which they will be used. 

3. Operational Causal AI Framework 
Operational Causal AI is defined as the design and deployment of causal systems that produce 
outputs which are correct, interpretable, and actionable, under domain-specific semantic and 
knowledge constraints. The framework extends traditional causal inference by treating domain 
semantics and practical usability as core design requirements rather than as downstream 
considerations. 

Correctness refers to whether the discovered or specified causal structure is true enough relative to 
the underlying system for the intended task. In practice, correctness is not an abstract ideal of perfect 
causal truth; it is a standard of validity sufficient to support reasoning under the uncertainty, 
measurement limitations, and evolving conditions of the application domain. Correctness therefore 
includes structural plausibility, robustness to confounding, and stability across relevant scenarios. 

Interpretability refers to whether domain experts can understand, examine, and trust the causal 
reasoning process. In high-stakes settings, a model that produces the right answer for the wrong 
reasons is not operationally acceptable. Interpretability requires visible assumptions, traceable 
causal pathways, coherent explanation of how evidence and constraints were combined, and outputs 
that can be challenged or defended in human terms. 

Actionability refers to whether causal outputs can support decisions, arguments, or judgments. A 
causal model that identifies interesting relationships but cannot inform intervention, policy choice, 
legal reasoning, or institutional response has analytical value but limited operational value. 
Actionability requires that causal outputs be framed in a form compatible with the decision process 
they are meant to support. 

Semantic grounding refers to whether the variables, relations, and conclusions in the causal model 
correspond to domain-specific meaning. This is the principle that connects mathematical form to 
institutional and professional reality. In law, semantic grounding includes concepts such as proximate 
cause, substantial factor, and foreseeability. In healthcare, it includes notions such as diagnosis, 
mechanism, treatment response, and adverse effect. In policy evaluation, it includes intervention 
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design, implementation conditions, and social context. Without semantic grounding, causal inference 
can be technically sophisticated yet practically invalid. 

From these four principles follows the concept of operational validity. A causal system is operationally 
valid only when correctness, interpretability, actionability, and semantic grounding are satisfied 
simultaneously. Strong performance on one or two dimensions cannot compensate for failure on the 
others. A structurally plausible model that is opaque to experts is not fully operational; an 
interpretable model that misclassifies domain-relevant causes is not operational; an actionable 
model that lacks semantic validity is dangerous rather than useful. 

Operational Causal AI is best understood as a pipeline rather than a single algorithm. The process 
begins with problem framing, where the causal question is defined in domain terms. It continues 
through domain knowledge integration, in which semantic constraints, assumptions, and expert 
concepts are made explicit. Causal modeling then proceeds in a constrained way, guided by those 
domain considerations. The resulting model is validated not only statistically, but also through 
robustness checks, counterfactual stress tests, and expert review. Finally, the outputs are translated 
into interpretation and decision layers that fit the application environment. This system view is 
essential: practical success depends less on isolated algorithmic brilliance than on the coherence of 
the entire causal workflow. 

 

Figure 1. Operational Causal AI pipeline. 

4. Case Study: Causality in Legal Decision-Making 
The case of Werner Enterprises, Inc. v. Blake provides a concrete example of why Operational Causal 
AI is needed. At issue was whether the Werner truck driver’s conduct constituted a legally relevant 
cause of a fatal highway collision under Texas law. A jury assigned liability, while the Texas Supreme 
Court later rejected proximate causation. The contrast illustrates how different forms of causal 
reasoning can produce materially different conclusions from the same event structure. 

A naïve data-driven model might identify the truck’s speed as causally relevant to the severity or 
occurrence of the accident. Such a model could show that speed interacts with road conditions and 
collision dynamics, and therefore contributes to the harmful outcome. Structurally, that conclusion 
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may be defensible. Counterfactually, one could reason that had the truck been traveling more slowly, 
the outcome might have been different. From a purely analytical standpoint, this seems sufficient to 
establish causal influence. 

Yet legal causation is not satisfied by causal influence alone. The legal domain distinguishes between 
but-for causation, proximate cause, substantial factor, and background condition. A factor may 
contribute in a broad causal sense while failing to meet the legal threshold for responsibility. In 
Werner, the pickup driver’s loss of control and median crossing served as the direct and decisive 
causal event. The truck’s speed, even if relevant to collision dynamics, did not necessarily become a 
legally actionable cause. The court’s reasoning turned on semantic and normative distinctions that 
cannot be recovered from statistical structure alone. 

This is precisely where non-operational causal AI fails. A model may be structurally valid and even 
interpretable, yet still lead to an inapplicable or incorrect conclusion because it does not distinguish 
between causal contribution and legally meaningful causation. In practical terms, it is not enough to 
know that a factor influenced an outcome; one must know what role that influence plays under the 
governing domain rules. 

Operational Causal AI addresses this by requiring causal role classification. In the legal setting, 
causes must be differentiated into primary causes, contributing factors, and background conditions, 
and that differentiation must be guided by legal semantics rather than by structural adjacency alone. 
The Werner case shows that causal models used in legal affairs must represent not only whether a 
factor had causal influence, but whether that influence rises to the level of doctrinal relevance. This is 
why legal AI serves as a demanding and illuminating test case for operational causality. 
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Figure 2. Causal role differentiation for operational reasoning. 

5. Toward Operational Causal AI Application Success 
The broader objective of Operational Causal AI is application success: the ability to deploy causal 
reasoning in a way that is reliable, trusted, and useful within the domain in which it operates. This 
requires moving from causal inference as an analytical exercise to causal systems as operational 
infrastructure. 

Four practical requirements follow. The first is semantic alignment. Causal conclusions must match 
the domain’s own definitions of what counts as a cause, an effect, a mechanism, or a relevant 
intervention. The second is role differentiation. Systems must distinguish among primary causes, 
contributing factors, background conditions, mediators, and enabling contexts, because these 
distinctions often determine what actions are justified. The third is context sensitivity. The same 
structural relation may have different implications in law, healthcare, and policy, depending on 
norms, stakes, and institutional procedures. The fourth is human integration. Expert judgment must 
remain part of the loop, not as an afterthought, but as a design principle for validation, refinement, 
and accountable use. 

These requirements generalize across domains. In healthcare, a model may identify a treatment 
effect, but operational success depends on whether the model reflects clinical semantics, patient 
heterogeneity, causal mechanisms, and the way physicians reason about risk and intervention. In 
policy evaluation, operational success requires that causal analysis distinguish between program 
intent, implementation conditions, spillover effects, and contextual confounding. In both cases, 
application success depends on integrating causal structure with domain meaning and human 
decision processes. 

Operational Causal AI therefore should not be understood as a narrow subfield or a new name for 
causal discovery. It is a design orientation for building causal systems that work in practice. It 
combines causal modeling, semantic representation, domain knowledge, human interpretation, and 
decision support into one coherent architecture. Its success criterion is not merely whether the model 
can estimate an effect, but whether the system can support better real-world reasoning and action. 
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Figure 3. Cross-domain application success in Operational Causal AI. 

6. Discussion 
Operational Causal AI reframes the current trajectory of causal science. Classical statistics focused 
on association. Pearl’s framework formalized causality. Contemporary machine learning has 
contributed scale, flexibility, and computational reach. The next stage is to make causality 
operational: to build systems that are not only formally correct under assumptions, but practically 
useful within the settings in which they will be trusted and applied. 

This reframing has methodological implications. It suggests that causal discovery should rarely be 
treated as fully autonomous. Instead, successful deployment will often depend on constrained 
discovery, iterative expert interaction, and explicit semantic modeling. It also suggests that evaluation 
of causal systems should expand beyond statistical criteria to include human interpretability, 
institutional fit, and decision quality. 

The earlier insight that causality requires subject knowledge remains valid, but it can now be stated 
more sharply. Subject knowledge is not merely supportive context; it is part of the representational 
substrate required for operational causality. Semantics is not a decorative explanatory layer placed on 
top of causal inference after the fact. It is part of what makes a causal model meaningful in the first 
place. 
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This perspective helps explain why progress in causal AI has been uneven across application 
domains. Domains with clearer mechanisms, better measurements, and more standardized 
semantics may support more reliable operationalization. Domains with contested meanings, 
institutional discretion, or fragmented data demand richer integration between causal modeling and 
human reasoning. The legal domain is especially revealing because it forces us to confront, in explicit 
terms, the difference between causal contribution and domain-valid causation. 

The main challenge, then, is no longer simply discovering causal relationships. It is making causal 
reasoning usable. That requires systems that integrate data, knowledge, semantics, and decision-
making in a disciplined way. Operational Causal AI is offered as a framework for that integration. 

7. Conclusion 
Causal inference has matured significantly, yet its practical application remains constrained by the 
gap between discovery and use. This paper has argued that the missing bridge is operationalization: 
the design of causal systems that are correct, interpretable, actionable, and semantically grounded. 

Operational Causal AI provides a framework for closing this gap. It clarifies that real-world causal 
success depends not only on identification and estimation, but also on semantic validity, contextual 
fit, and human-integrated reasoning. The framework is particularly important in high-stakes domains 
such as law, healthcare, and policy, where causal conclusions directly shape decisions and 
consequences. 

The future of causal AI lies not only in better algorithms, but in systems that integrate meaning, 
reasoning, and decision-making. Pearl formalized the mathematics of causality. The next stage is to 
operationalize causality within systems capable of supporting trustworthy action in the world. 
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