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Introduction

Mateo Silva , Bruno Santos , Ricardo Pinto , Luis Teixeira1* 1 2 1

Anticoagulation management requires balancing multiple factors such as bleeding risk, thromboembolic risk, drug
interactions, and renal function. Deep learning can assist in risk prediction, but its effectiveness relies on clinicians'
ability to understand and verify the recommendations. Black-box models may recommend actions without providing
clear explanations. In contrast, clinical guidelines are rule-based but not directly executable by neural models. This
article introduces a neuro-symbolic XAI framework that combines deep learning predictions with explicit clinical
guidelines. It includes a neural prediction module, a symbolic reasoning engine, and an integration layer for traceable
justifications. The neuro-symbolic approach connects data-driven predictions to clinical rules, improving auditability
and trustworthiness in decision support. This framework aims to enhance anticoagulation management by providing
verifiable, clinician-understandable decision support, focusing on explainability-by-design.

1

2

Anticoagulation management is a high-stakes clinical
problem because treatment decisions must continuously
balance prevention of thromboembolism against avoidance
of bleeding. Contemporary guideline documents for atrial
fibrillation and venous thromboembolism provide structured
recommendations for anticoagulant selection, monitoring,
and patient risk stratification, yet these recommendations
still require individualized interpretation in routine care [1-4].
Warfarin adds further complexity because its narrow
therapeutic index, drug interactions, dietary sensitivity, and
pharmacogenomic variability make dose selection highly
patient-specific [5-8]. A clinical decision support system for

this domain should therefore reason not only from predicted
risks, but also from the explicit medical logic embedded in
professional guidelines.

Deep learning and machine learning models could assist
anticoagulation management by predicting bleeding risk,
thromboembolic risk, discharge dosing needs, INR stability,
or likely response to therapy. However, a clinically useful
prediction is not the same as a clinically justified
recommendation, especially when a clinician must
understand why a model would favor dose reduction, drug
continuation, closer monitoring, or reconsideration of
therapy [9-12]. Studies of warfarin dosing and
anticoagulation control illustrate how data-driven systems
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can model complex patient-level relationships, but they also
highlight the need for transparent reasoning when
recommendations affect medication safety [13-17]. In high-
stakes clinical AI, interpretability is not merely a usability
feature; it is part of the safety argument for human
oversight.

Neuro-symbolic AI offers a conceptual route for combining
neural prediction with symbolic reasoning. Logic Tensor
Networks, DeepProbLog, and broader neuro-symbolic
approaches show how learned representations could
interact with rules, probabilistic logic, or differentiable
constraints rather than operating as isolated black boxes
[18-21]. In treatment recommendation, Delphi-style neuro-
symbolic causal reinforcement learning illustrates how
symbolic constraints could guide proposed actions while
retaining a structured basis for explanation [22]. These
approaches are especially relevant to anticoagulation
because guideline logic is already expressed in conditional
clinical language that can, in principle, be encoded and
audited.

The thesis of this article is that an explainable neuro-
symbolic clinical decision support framework could combine
deep learning predictions with executable anticoagulation
guidelines to produce recommendations that are both
patient-specific and clinically traceable. In this framework,
the neural component would predict risk states or response
tendencies, while the symbolic component would apply
guideline-derived rules for drug choice, dose adjustment,
monitoring intensity, and safety checks [2, 4, 23, 24]. The
resulting system would not replace clinical judgment, but
would present a recommendation together with a rule-level
explanation trace. This roadmap emphasizes conceptual
architecture, implementation logic, and validation
requirements rather than empirical performance claims.

Anticoagulation clinical practice
guidelines
Clinical practice guidelines for anticoagulation formalize
medical knowledge into structured recommendations
concerning atrial fibrillation, venous thromboembolism,
stroke prevention, bleeding risk management, and therapy
monitoring. The ESC, ACC/AHA/ACCP/HRS, and CHEST
guidelines provide complementary decision logic for
anticoagulant use, including when therapy would be

considered, how clinical risk factors should be interpreted,
and when monitoring or reassessment would be
appropriate [1-4, 25]. For warfarin, clinical reasoning must
also account for pharmacogenomic factors and patient-
specific covariates that influence dose response, which
makes guideline-compatible personalization especially
important [6-8]. In a neuro-symbolic system, these sources
of authoritative knowledge would be translated into
executable rules while preserving their clinical meaning.

Deep learning in anticoagulation
Deep learning and machine learning could support
anticoagulation care by producing patient-specific
predictions related to bleeding risk, thromboembolic risk,
INR stability, warfarin dose response, or medication
management trajectories. Existing work on warfarin dosing,
anticoagulation control, and discharge dose prediction
illustrates the range of predictive tasks that could supply
inputs to a decision support framework [5, 13-16, 26].
Related models for longitudinal warfarin levels and
individualized treatment strategies show how temporal
patient data could inform dynamic anticoagulation decisions
without directly replacing clinical rules [27, 28]. In the
proposed framework, such models would serve as risk-
estimation components whose outputs are passed to
symbolic guideline execution rather than treated as final
recommendations.

Explainable AI in anticoagulation
Explainable AI methods such as SHAP, LIME, feature
attribution, attention visualization, and interpretable model
design can help clinicians inspect which patient variables
may influence a prediction. In pharmacogenomic and
anticoagulation contexts, XAI could be used to explain why
variables such as genotype, comedications, age, renal
function, prior bleeding, or clinical instability would alter a
predicted response or risk profile [6, 8, 29, 30]. However,
post-hoc explanation alone does not ensure that a model
reasons according to accepted clinical guidelines, because
an attribution map may describe the prediction without
proving that the recommendation follows clinical rules [10-
12]. A neuro-symbolic approach therefore shifts the
explanatory target from “why did the model predict this?” to
“how did the prediction interact with the guideline logic to
produce this recommendation?”

Neuro-symbolic AI in healthcare
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Framework Overview

Neuro-symbolic AI combines neural representation learning
with symbolic structures such as rules, logic programs,
constraints, and causal decision processes. Logic Tensor
Networks and DeepProbLog exemplify how symbolic
knowledge could be integrated with differentiable learning
or probabilistic reasoning, while broader neuro-symbolic
research frames this integration as a way to improve
reasoning, interpretability, and knowledge use [18-21, 31].
In healthcare, such architectures are conceptually attractive
because clinical knowledge is often codified as guidelines,
eligibility criteria, contraindications, and conditional safety
rules [23, 24]. Delphi further illustrates how a treatment
recommendation framework could combine learning-based
estimation with symbolic clinical constraints to support
interpretable decision pathways [22].

Integration of guidelines as executable
rules
Encoding clinical practice guidelines as executable rules
would involve translating narrative recommendations into
conditional logic, probabilistic clauses, priority rules, or
fuzzy thresholds that can operate on structured patient
data. For anticoagulation, such rules could represent drug
eligibility, contraindications, monitoring triggers, dose
adjustment conditions, pharmacogenomic considerations,
and escalation pathways derived from clinical guidance [1-
4]. Symbolic execution could then provide a transparent
record of which conditions were satisfied, which exceptions
were activated, and which recommendation pathway was
selected [18, 19, 24]. This differs from ordinary post-hoc
XAI because the explanation is generated by the actual
decision process rather than appended after the prediction.

High-level architecture
The proposed architecture begins with structured patient
data from the electronic health record, including
demographic variables, diagnoses, medications, laboratory
values, renal function, prior bleeding history,
thromboembolic risk factors, and available
pharmacogenomic information. A neural prediction module
would transform these data into structured risk estimates,
such as bleeding risk tendency, thromboembolic risk
tendency, INR instability likelihood, or warfarin response
profile, drawing conceptually on predictive modeling work in
anticoagulation and clinical AI [13-17]. A symbolic rule

module would then execute guideline-derived logic over
these estimates and patient facts, while the explainable
integration layer would generate a decision trace
connecting predictions, rules, and recommendations [2, 18,
19, 22]. The final output would be a clinician-facing
recommendation with an auditable explanation rather than
an opaque model score.

Figure 1 presents the proposed explainable neuro-
symbolic architecture linking patient-specific
anticoagulation evidence, neural risk estimation, executable
guideline reasoning, auditable explanation traces, and
clinician-supervised decision support.

Figure 1. Explainable Neuro-Symbolic Architecture for
Guideline-Concordant Anticoagulation Decision Support

Core assumptions
The framework assumes that relevant clinical practice
guidelines can be digitized into a machine-readable
representation without distorting their clinical intent. It also
assumes that the clinical site has access to sufficiently
structured patient data to support neural prediction and
symbolic rule execution, including medication records,
laboratory values, diagnostic codes, and relevant clinical
history [23, 24]. Because anticoagulation decisions are
safety-critical, the framework further assumes that local
regulatory and institutional governance would permit AI-
assisted recommendations only under clinician oversight
[11, 24, 32]. These assumptions are not trivial, and each
would require validation, governance review, and workflow
testing before implementation.

3.3 Design principles
The first design principle is explainability-by-design,
meaning that recommendations should be generated
through transparent interaction between neural predictions
and symbolic rules rather than explained only after the fact.
The second principle is auditability, because a clinician or
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Neural Prediction Module

reviewer should be able to inspect which guideline rules
fired, which patient facts supported them, and how conflicts
were resolved [10, 12, 24]. The third principle is modularity,
where predictive models and guideline rules can be
updated through separate pathways so that a guideline
revision does not necessarily require retraining a neural
model [18-20]. The fourth principle is clinical conservatism,
because high-stakes medication decisions should prefer
justifiable, reviewable recommendations over opaque
automation [32].

Table 1 clarifies how the proposed framework separates
prediction, rule execution, explanation generation, clinical
presentation, and governance so that anticoagulation
recommendations remain inspectable rather than opaque.

Table 1. Functional Separation of Neural, Symbolic, and
Integration Components in Explainable Anticoagulation
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Patient-specific risk predictions
The neural prediction module would estimate patient-
specific risk states or response profiles that are clinically
relevant to anticoagulation management. These predictions
could include bleeding tendency, thromboembolic tendency,
INR instability, warfarin sensitivity, discharge dose needs,
or likely pharmacogenomic response, depending on
available patient data and local clinical use cases [5-8, 13,
14]. Reinforcement learning concepts could also inform
dynamic treatment planning, where the system would
reason about sequential dose adjustment or monitoring
decisions, but such use would require careful clinical
validation and safety constraints [22, 27, 33]. The module’s
purpose is not to issue the final recommendation, but to
provide structured predictive evidence for the symbolic
reasoning engine.

Output standardisation
For integration with symbolic reasoning, neural outputs
must be standardized into clinically meaningful prediction
vectors rather than unstructured scores. For example, the
module could output normalized representations of
bleeding risk, stroke risk, INR instability, drug response
tendency, and uncertainty indicators that symbolic rules can
interpret consistently [15-17, 26, 28]. This standardization
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Symbolic Rule Module

Explainable Integration Layer

would make it possible for a rule engine to evaluate
conditions such as elevated bleeding concern, unstable
anticoagulation control, or pharmacogenomic sensitivity
without depending on model-specific internals. It would also
support explanation because each rule trigger could cite
the relevant prediction category and patient evidence rather
than merely referencing a black-box model output [9, 10,
12].

Encoding clinical guidelines as
executable rules
The symbolic rule module would convert anticoagulation
guideline statements into executable clinical logic using
first-order rules, probabilistic logic, differentiable logic, or
related symbolic representations. A rule might state that if
predicted bleeding concern is elevated, prior bleeding is
present, renal function is impaired, and the guideline-
defined clinical context supports reassessment, then the
system should recommend closer review, modified
monitoring, or reconsideration of therapy under clinician
supervision [1-4]. Logic Tensor Networks and DeepProbLog
provide conceptual templates for combining rule structures
with learned information, while guideline-aware clinical
decision support emphasizes the need for responsible,
inspectable recommendations [7, 8, 26, 27]. Importantly,
such rules would be illustrative and would require formal
clinical review before use.

Integration of pharmacogenomic
knowledge
Pharmacogenomic reasoning is especially relevant for
warfarin because genotype-informed sensitivity can
influence how a dose recommendation is interpreted. The
symbolic module could encode gene-drug interaction rules
involving factors such as VKORC1, CYP2C9, and CYP4F2,
while the neural module could provide a patient-specific
response tendency based on structured clinical and genetic
information [6-8, 29, 30]. In this design, pharmacogenomic
knowledge would not be hidden inside a model; it would be
represented as explicit clinical logic that can be inspected,
updated, and linked to the recommendation trace. Such a
module could support personalized dosing discussions
while preserving the distinction between predictive
evidence and guideline-authorized action.

Handling conflicting and conditional
rules
Anticoagulation guidelines often contain conditional
recommendations, exceptions, and competing safety
considerations, so the symbolic rule module must include
mechanisms for conflict handling. Priority ordering, fuzzy
logic, weighted rules, defeasible reasoning, or probabilistic
symbolic methods could be used to represent situations in
which bleeding concern, thromboembolic concern, renal
impairment, drug interactions, and patient context point
toward different actions [2-4, 6]. For example, a rule
supporting anticoagulation continuation could conflict with a
safety rule requiring reassessment, and the system would
need to expose that conflict rather than silently resolving it.
Guideline versioning would also be essential, because
updated ACC/AHA, ESC, or CHEST recommendations
should be traceable to the exact rule set used at the time of
decision support [1-4, 25].

Decision trace generation
The explainable integration layer would record how neural
predictions and symbolic rules interact to produce an
anticoagulation recommendation. For each
recommendation, the system could document the relevant
patient facts, the prediction categories supplied by the
neural module, the guideline-derived rules that fired, and
the conflict-resolution logic applied by the symbolic engine
[18, 19, 22]. This trace would function as the internal
explanation of the decision process, not as a post-hoc
approximation of a black-box output. Such a design aligns
with the broader XAI argument that clinical explanations
should support clinician review, safety reasoning, and
accountable oversight in high-stakes settings [10, 11, 24].

Explanation presentation
Explanation presentation would translate the decision trace
into clinician-readable language while preserving access to
the underlying rule logic. A recommendation could be
accompanied by a concise statement that identifies the
predicted risk category, the guideline condition that was
satisfied, the patient factors that activated the rule, and any
unresolved uncertainty requiring clinician judgment [12, 23,
24]. Attention-based explanation methods may be useful for
highlighting influential clinical inputs, but attention alone
should not be treated as a complete justification unless it is
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Clinical Workflow Integration

Evaluation Strategy

connected to explicit rule execution and clinical reasoning
[34]. The goal is not to make the system persuasive, but to
make its reasoning inspectable, challengeable, and
clinically reviewable.

Deployment as decision support
In clinical workflow, the proposed system would operate as
a decision support assistant rather than an autonomous
prescriber. It could propose actions such as dose
reassessment, monitoring review, drug-choice
reconsideration, or pharmacogenomic interpretation, while
the clinician would remain responsible for judging patient
context, preferences, contraindications, and institutional
policy [23, 24, 32]. The explanation trace would allow the
clinician to inspect whether the recommendation followed
the expected guideline pathway and whether the neural
prediction appeared clinically plausible [9, 10]. This design
is especially important for anticoagulation because
medication safety depends on contextual judgment as well
as structured risk assessment.

Update and maintenance
The framework would support separate update pathways
for predictive models and symbolic guideline rules. When
anticoagulation guidelines are revised, the symbolic rule
base could be re-encoded, versioned, and reviewed without
necessarily retraining the neural prediction module, while
population shifts or local practice changes could trigger
separate model reassessment [1-4]. This separation would
make maintenance more transparent because a
recommendation trace could identify which guideline
version and which prediction module version were active at
the time of decision support [24]. It would also reduce the
risk that clinical knowledge updates become hidden inside
opaque model retraining procedures.

Explainability metrics
Evaluation should examine whether clinicians can
understand, verify, and challenge the recommendation
pathway produced by the neuro-symbolic system.
Conceptual explainability criteria could include trace
completeness, rule-execution correctness, clinical
plausibility, consistency between patient facts and fired

rules, and the usefulness of explanations for shared
decision review [10-12]. The evaluation should also
compare explanation types, distinguishing feature
attribution, attention visualization, symbolic rule traces, and
integrated neuro-symbolic justifications [9, 34]. Because
this article is framework-oriented, such criteria are
presented as validation requirements rather than as
reported performance findings.

Table 2 provides a validation matrix showing that the
framework must be assessed not only for predictive
performance, but also for guideline fidelity, explanation
quality, safety behavior, workflow fit, and long-term
governance.

Table 2. Validation Matrix for Explainable Neuro-Symbolic
Anticoagulation Decision Support
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Limitations
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Safety and consistency
Safety evaluation would test whether the symbolic module
behaves consistently at rule boundaries, under missing
data, and in clinically ambiguous cases. Borderline
scenarios could be simulated conceptually to assess
whether the system exposes uncertainty, detects
contradictory rules, and avoids unjustified escalation from
prediction to recommendation [18, 19, 31]. Reinforcement
learning-inspired dosing or treatment sequencing would
require especially careful constraint checking because
sequential recommendations may create downstream
safety implications [22, 27, 33]. In this framework, safety
depends not only on predictive quality but also on logical
consistency, traceability, and clinician control.

Demonstrator use case
A conceptual demonstrator could focus on warfarin
anticoagulation management because warfarin combines
narrow therapeutic range, pharmacogenomic variability,
longitudinal monitoring, and frequent dose reassessment.
The neural module would predict tendencies such as INR

instability or warfarin response, while the symbolic module
would encode clinical and pharmacogenomic adjustment
logic involving patient factors, comedications, and
genotype-related sensitivity [5-8, 26]. The integration layer
would then show why a dose review, closer monitoring
action, or clinician reassessment was suggested, linking
the recommendation to both predicted risk and explicit rule
activation [28-30]. Such a demonstrator would remain
illustrative until validated in a governed clinical
environment.

Guideline-concordance review
A separate evaluation pathway should assess whether the
system’s recommendations remain concordant with
accepted anticoagulation guidance across common clinical
scenarios. Expert reviewers could inspect whether rules
derived from atrial fibrillation and venous thromboembolism
guidance are represented faithfully, whether exceptions are
visible, and whether the system distinguishes strong
guideline logic from contextual clinical judgment [1-4, 25].
This review would be particularly important when symbolic
rules simplify narrative guideline text into executable
conditions. The evaluation should therefore treat guideline
encoding itself as a safety-critical artifact requiring clinical,
technical, and governance review.

Human-centered explanation review
Human-centered review would examine whether clinicians
can use the explanation trace without becoming overloaded
by technical detail. The system should present a summary
explanation first, followed by expandable details on
prediction inputs, rule activation, guideline source, conflict
handling, and uncertainty [10, 11, 24]. Clinical AI examples
from other domains show that deep learning can be made
more clinically actionable when outputs are embedded in
interpretable referral or decision pathways, but
anticoagulation would require its own validation because
medication recommendations involve different risks and
responsibilities [35]. The key evaluation question is whether
explanation improves safe review, not whether it merely
increases user confidence.

Technical limitations
A major technical limitation is rule explosion, because
anticoagulation guidelines contain many conditional
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statements, exceptions, comorbidities, and context-
dependent judgments. As the symbolic rule base grows,
interactions among rules may become difficult to verify,
especially when neural prediction categories are uncertain
or when multiple guideline pathways apply simultaneously
[18-20]. Formal verification could reduce contradiction risk,
but it may not fully capture clinical nuance or local policy
variation [31]. The framework therefore requires careful rule
governance, modular testing, and continuous review rather
than assuming that symbolic logic automatically guarantees
safety.

Clinical limitations
Clinically, the proposed system should be understood as an
assistant that supports review rather than an autonomous
decision-maker. Anticoagulation decisions involve patient
preferences, clinician judgment, institutional protocols,
bleeding history, procedural plans, drug availability, and
shared decision-making considerations that may not be
completely captured by structured data or guideline rules
[23, 24, 32]. XAI can improve inspectability, but it cannot
eliminate liability, accountability, or regulatory questions
surrounding AI-assisted medication management [9]. Any
deployment would therefore require institutional oversight,
clinician training, and prospective validation in the intended
clinical setting.

Implementation challenges
Implementation would require structured digitized
guidelines, reliable EHR integration, consistent terminology
mapping, and maintenance workflows for rule version
control. Many institutions lack machine-readable
anticoagulation pathways that can be directly translated
into executable rules, and vendor-dependent EHR
architectures may complicate real-time integration [23, 24].
Pharmacogenomic data may also be unavailable,
inconsistently documented, or difficult to connect to
medication decision support workflows [6-8]. These
challenges mean that the framework is not simply a
modeling problem, but a sociotechnical implementation
project.

Data and representation limits
The neural module would depend on structured patient
data, yet anticoagulation decisions often require information
contained in free text, external records, patient reports, or
evolving clinical circumstances. Missing laboratory values,
incomplete medication reconciliation, uncertain adherence,

undocumented bleeding events, or unavailable genotype
information could all affect the reliability of predicted risk
states [13-17]. The symbolic module would also need
explicit rules for missingness, uncertainty, and deferral to
clinician review. Without these safeguards, the system
could appear more certain than the underlying clinical data
justify.

Explainability limits
Although the framework is designed for explainability,
explanations can still be incomplete, misleading, or too
complex for routine use. Feature attribution methods may
identify influential variables without proving causal
relevance, while symbolic traces may show rule activation
without fully explaining why the underlying prediction took
its value [9, 10, 12]. Attention-based displays are also
limited when used as standalone explanations, because
highlighted inputs do not necessarily constitute clinical
reasoning [34]. A robust XAI design should therefore
combine attribution, uncertainty communication, rule traces,
and clinician review rather than relying on any single
explanatory device.

Governance and maintenance limits
Long-term governance would be necessary because
clinical guidelines, drug labeling, local protocols, and
patient populations change over time. A neuro-symbolic
anticoagulation system would require versioned rule
repositories, documentation of model updates, audit logs,
and processes for retiring outdated rules [1, 2, 4, 24]. This
maintenance burden may be substantial, but it is also the
source of the framework’s transparency because changes
to clinical knowledge can be inspected rather than hidden
inside an opaque model revision. The practical value of the
system would therefore depend on sustained collaboration
among clinicians, informaticians, AI developers,
pharmacists, and institutional governance bodies.

The proposed neuro-symbolic framework integrates neural
prediction with symbolic guideline execution for explainable
anticoagulation decision support. The neural component
would estimate patient-specific risks and response
tendencies, while the symbolic component would apply
executable clinical rules derived from anticoagulation
guidance.
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