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ABSTRACT

Artificial intelligence is transforming genomic medicine, achieving state-of-the-art performance in variant pathogenicity
prediction, polygenic risk scoring, clinical trial matching, and therapeutic recommendation. Yet clinical adoption remains
constrained by a fundamental concern: deep learning models behave as black boxes that cannot explain why they make
specific predictions, limiting clinician trust, regulatory approval, and patient autonomy in healthcare decisions.
Explainable Al (XAl) techniques -- attention visualisation, SHAP values, counterfactual explanations, mechanistic
interpretability, and causal inference -- aim to render model reasoning transparent while preserving predictive
performance. The challenge in genomic medicine is particularly acute: explanations must be biologically meaningful
(connecting to genes, pathways, molecular mechanisms), clinically actionable (supporting therapeutic decisions), and
legally defensible (satisfying FDA and EU Al Act transparency requirements). We present the Explainable Genomic Al
Framework (EGAIF), evaluating five XAl approaches across four genomic medicine applications (variant pathogenicity
classification, polygenic risk score interpretation, drug response prediction, and clinical trial matching). Our Explainable
Genomic Al Score (EGAS) measures explanation fidelity to model behaviour, biological plausibility, clinical utility, user
comprehension, and regulatory compliance. Mechanistic interpretability achieves the highest EGAS (0.926) through
direct mapping of neural network internals to biological pathways, while counterfactual explanations achieve the highest
clinical actionability (0.960) by showing clinicians which genetic changes would alter predictions.
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1. Introduction

1.1 The Explainability Imperative in Genomic

Medicine

Genomic medicine has embraced AI for tasks
where human expertise cannot keep pace with
data scale or complexity. Deep learning variant
pathogenicity predictors (AlphaMissense, ESM1v)
classify millions of missense variants with
accuracy approaching human curator consensus
(Cheng et al., 2023). Polygenic risk scores derived
from neural networks on UK Biobank data capture
non-linear genetic contributions missed by linear
scoring. Large language models trained on
clinical-genomic corpora match patients to clinical
trials with 87% expert concordance (Moreau et al.,
2024). Yet these capabilities create a new
problem: when an AI recommends a treatment
based on genomic features, clinicians cannot trace
the reasoning to verify correctness, catch errors,
or engage patients in shared decision-making. The
EU AI Act (2024) classifies healthcare AI as
high-risk, requiring meaningful explanation of
automated decisions. The FDA's 2023 guidance on

'Predetermined Change Control Plans for
AI/ML-Enabled Device Software Functions'
requires interpretability = documentation for

genomic Al classifiers. In practice, implementing
explainability  involves difficult  trade-offs:
intrinsically interpretable models (decision trees,
linear regressions) have lower predictive accuracy
than black boxes; post-hoc explanations (SHAP,
LIME) approximate model behaviour but can be
manipulated or misleading; and mechanistic
explanations require deep neuroscientific-style
investigation of individual models.

1.2 Five XAI Approaches in Genomics

Five computational approaches to explainable
genomic AI address different aspects of
interpretability. Attention visualisation displays
which input features (genetic variants, genes,
sequence regions) the model attends to when
making predictions -- intuitive for
transformer-based architectures. SHAP (Shapley
Additive Explanations) values quantify each
feature's contribution to a prediction based on
game-theoretic principles, providing
mathematically grounded feature importance.
Counterfactual explanations identify minimal
changes to inputs that would alter the prediction,
helping clinicians understand decision boundaries
and patients understand modifiable risk factors.
Mechanistic interpretability investigates the
internal representations of neural networks,
mapping hidden units or attention heads to known

biological concepts (genes, pathways, regulatory
elements). Causal inference uses structural causal
models to distinguish correlational from causal
relationships between genomic features and
clinical outcomes, addressing spurious
associations that can arise in observational
genomic data. Popescu et al. (2024) evaluated
cloud-native genomic data warehousing
infrastructure that supports the scale needed for
explainability analyses, and Moreau et al. (2024)
assessed bioinformatics approaches to precision
oncology where explainability is essential for
treatment decisions. Section 2 reviews the
literature. Section 3 describes EGAIF. Results in
Section 4, discussion in Section 5, conclusions in
Section 6.

2. Literature Review

2.1 Attention and Feature Attribution
Methods

Attention visualisation emerged naturally with
transformer-based genomic models. Enformer
(Avsec et al., 2021) uses self-attention to predict
gene expression from DNA sequence across 200
kb windows, with attention weights highlighting
regulatory elements (enhancers, promoters) that
drive predictions -- providing Dbiologically
meaningful explanations for a subset of
predictions. For variant interpretation, ESM-2
attention heads capture co-evolutionary signals
that correspond to protein structural contacts (Lin
et al., 2023), enabling attention-based
explanations for protein variant effect predictions.
However, attention as explanation has known
limitations: Jain and Wallace (2019) demonstrated
that attention weights can be manipulated without
changing predictions, questioning whether
attention truly explains model reasoning or merely
correlates with it. SHAP values (Lundberg and
Lee, 2017) provide theoretically grounded feature
attributions based on cooperative game theory.
Janizek et al. (2021) developed DeepPINK for deep
learning feature attribution with controlled false
discovery rates, essential for genomic applications
where many features are correlated due to linkage
disequilibrium. Applied to polygenic risk scores,
SHAP values identify which variants contribute
most to an individual's risk prediction, enabling

both  clinical communication and quality
assurance.

2.2 Counterfactual and Mechanistic
Approaches

Counterfactual explanations answer ‘'what-if'

questions: given this variant was pathogenic,

38



The Biosis Bulletin: Bioscience and Information Science Journal https://stanfordgroup.org/index.php/TBB-BIS/issue/archive
ISSN: 3117-7298 Vol: 2024, Issues: 2, 2024

which amino acid changes would make it benign? assessed multi-omics integration requiring

Wachter et al. (2017) formalised counterfactual explainable methods to communicate findings to

explanations as the minimum perturbation clinical teams.

required to change a prediction, generated

through optimisation in the model's input space. Table 1: Key Studies in Explainable AI for

For genomic applications, Pawlowski et al. (2022) Genomic Medicine
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XAI = Explainable AI; FDR = False Discovery Rate; LM =
Language Model; ML = Machine Learning; SHAP =
Shapley Additive Explanations; LIME = Local
Interpretable Model-agnostic Explanations.

3. Methodology

3.1 Five XAI Approaches

Approach X1 (Attention Visualisation) extracts
attention weights from transformer-based genomic
models (ESM-2 for proteins, Enformer for
regulatory DNA) and presents them as heatmaps,
position importance scores, and graph-based
visualisations. Implemented with bertviz and
custom Plotly dashboards. Approach X2 (SHAP
Values) computes Shapley values using DeepSHAP
for neural networks and TreeSHAP for tree-based
models, presenting feature contributions both
globally (average importance across population)

and locally (per-patient explanation).
FDR-controlled  attribution via  DeepPINK.
Approach X3 (Counterfactual Explanations)

generates minimum-edit counterfactuals using
gradient-based optimisation (for continuous
features) and beam search (for discrete genetic
variants). For each prediction, produces 3-5
counterfactual examples showing what feature
changes would alter the outcome. Approach X4
(Mechanistic Interpretability) investigates model
internals using sparse probing (Lin et al., 2023),
activation patching (Conmy et al.,, 2023), and
circuit analysis to map attention heads and MLP
neurons to biological concepts (genes, pathways,
protein  properties). Produces  mechanistic
explanations: 'Prediction X is driven by circuit Y,
which computes function Z'. Approach X5 (Causal
Inference) uses structural causal models with
domain knowledge from pathway databases
(KEGG, Reactome) as causal graph priors,
combined with Mendelian randomisation for
therapeutic target validation. Distinguishes
correlational from causal features in model
predictions.

3.2 Four Genomic Medicine Applications

Application Al (Variant Pathogenicity
Classification) evaluates explanations for deep
learning pathogenicity classifiers (AlphaMissense,
ESM1v, EVE) on 5,000 ClinVar-curated variants.
Ground truth: expert clinical geneticist curation
with supporting evidence. Metric: explanation
agreement with expert reasoning. Application A2
(Polygenic Risk Score Interpretation) explains
individual PRS predictions for 10 diseases
(coronary artery disease, breast cancer, T2D,
schizophrenia, etc.) on 2,000 UK Biobank
participants. Metric: agreement between

explanation and known biology + patient
comprehensibility. Application A3 (Drug Response
Prediction) explains predicted responses to 15
cancer therapies (trastuzumab, imatinib, olaparib,
etc.) based on tumour molecular profiles for 800
patients. Metric: explanation consistency with
pharmacological mechanism + clinical
actionability. Application A4 (Clinical Trial
Matching) explains Al-driven clinical trial
matching for 600 oncology patients, justifying why
specific trials are recommended over others.

Metric:  explanation agreement with trial
coordinator reasoning + patient-family
understanding.

3.3 Explainable Genomic AI Score

EGAS weights five dimensions: explanation fidelity
(0.25), biological plausibility (0.20), clinical utility
(0.20), user comprehension (0.15), and regulatory
compliance (0.20). Fidelity measures whether
explanations accurately reflect actual model
behaviour (tested through controlled perturbations
and consistency checks). Biological plausibility
measures agreement with established genomic
and molecular knowledge (curated by domain
experts). Clinical utility measures whether
explanations inform actionable clinical decisions
(tested through clinician evaluation). User
comprehension measures whether clinicians and
patients understand the explanations (tested
through structured comprehension assessments).
Regulatory compliance measures adherence to
FDA and EU AI Act transparency requirements.
Table 2 details parameters.

Table 2: EGAIF Evaluation Parameters

Parameter Value Notes

XAI 5 (X1-X5) Attention, SHAP,

approaches counterfactual,
mechanistic, causal

Clinical 4 (variant, PRS, | Diverse genomic

applications = drug response, medicine use cases

trial match)

Patients/var @ 5,000 variants +  Total 8,400 cases

iants 2,000 PRS + evaluated
800 drug + 600
trial
Expert 15 clinical Multi-specialty

evaluators geneticists + 8
oncologists + 6

pharmacists

clinical panel

Comprehen 120

sion testing | patients/family
members
(informed
consent)

Lay audience
understanding
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Parameter Value Notes

Models
evaluated

AlphaMissense, | Production genomic
ESMl1v, EVE, Al

custom PRS,

LLM matchers

Multi-stakeholder
evaluation

Clinical
concordance +
biological
validation +
patient testing

EGAS 5 (fidelity,

dimensions | plausibility,
utility,
comprehension,
compliance)

Validation

Weighted composite
score 0-1

PRS = Polygenic Risk Score; LLM = Large Language
Model; XAI = Explainable AI; FDA = Food and Drug
Administration.

4. Results

4.1 Mechanistic Interpretability Leads Overall
Mechanistic interpretability (X4) achieved the
highest EGAS of 0.926, driven by superior
explanation fidelity (0.960) and biological
plausibility (0.940). For variant pathogenicity (A1),
mechanistic analysis of AlphaMissense identified
sparse attention head circuits that encode distinct
biological properties: Circuit 12 (3 attention
heads) computes protein stability changes, Circuit
47 (5 heads + 2 MLP modules) evaluates active
site  disruption, and Circuit 89 (sparse
sub-network) handles interface mutations.
Attributing predictions to these circuits provides
explanations at the level of biological mechanism
rather than statistical correlation: 'This variant is
predicted pathogenic primarily by the active-site
disruption circuit (Circuit 47), with secondary
contribution from protein stability circuit (Circuit
12)'. Such explanations align with how clinical
geneticists reason about pathogenic mechanisms.
Expert concordance: 87% of mechanistic
explanations aligned with clinician curation
reasoning  versus 62% for = SHAP-based
explanations and 48% for attention-based
explanations. The fidelity advantage arises
because mechanistic explanations describe actual
computations, not approximations. The limitation
is that mechanistic interpretability requires
substantial research investment per model --
circuit identification for one production model
takes 2-4 weeks -- limiting scalability across many
clinical AI systems.

4.2 Counterfactual Explanations Achieve
Highest Clinical Actionability

Counterfactual explanations (X3) achieved the
highest clinical utility (0.960) because they
directly address clinician questions: 'what would
need to change for this prediction to be different?'
EGAS scored 0.904. For polygenic risk scores (A2),
counterfactual explanations identified the specific
variants or risk factors that most influenced an
individual's prediction: Your elevated
cardiovascular risk is primarily driven by your
PCSK9 variant combined with family history; if the
PCSK9 effect were neutralised (e.g., via PCSK9
inhibitor therapy), your predicted risk would
decrease by 38%'. This form of explanation
supports shared decision-making: patients
understand what is modifiable, clinicians
understand intervention leverage points, and
therapeutic strategies follow directly. For drug
response prediction (A3), counterfactual
explanations showed which molecular features
would change a 'no-response' prediction to
'response', identifying potential combination
therapies that could overcome resistance. User
comprehension testing showed 82% of patients
correctly interpreted counterfactual explanations
versus 54% for SHAP and 38% for attention-based
visualisations -- the highest comprehension of any
approach. SHAP values (X2) scored EGAS 0.896
with strong global feature importance. Attention
visualisation (X1) scored 0.876. Causal inference
(X5) scored 0.888 with the highest compliance
posture. Tables 3 and 4 present all results.

4.3 Application-Specific Findings

For variant pathogenicity (A1), X4 (mechanistic)
was most useful because clinicians need to
understand mechanism of pathogenicity for
patient counselling and therapeutic planning -- is
the variant disrupting protein folding, active site
function, or binding interface? X2 (SHAP) was
second-best for this task with good position-level
attributions. For polygenic risk scores (A2), X3
(counterfactual) was preferred by 78% of
evaluators because PRS interpretation requires
communicating contribution of specific risk factors
to individual risk. For drug response (A3), X5
(causal inference) provided the most reliable
explanations by distinguishing truly predictive
biomarkers from confounded associations --
essential for decisions  where incorrect
explanations could harm patients. For clinical trial
matching (A4), X2 (SHAP) provided the most
compact summary of patient-trial fit factors. The
integrated pipeline combining X4 (mechanism for
deep understanding) + X3 (counterfactuals for
actionability) + X5 (causal for validity) achieved
EGAS 0.94 and was rated 'clinically usable' by 92%
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of the multi-specialty expert panel. Average Figure 1: Explainable Genomic AI Score (EGAS) by
explanation generation time: 12-25 seconds for Approach
X1-X3, 2-5 minutes for X4 (post-model analysis), 056 0o
30-90 seconds for X5 (per-prediction causal - c“"im_j‘;;"fv o0 090 0.0 oss ™
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X1: 0.82  0.88 | 0.8 0.900 0.86 0.8 £
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Visualisati .
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EGAS weighted: fidelity 0.25, plausibility 0.20, utility Figure 3: Patient Comprehension Rate (%)
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Table 4: Application-Specific Performance
(Expert Concordance %)

Approach Al: A2: PRS A3: A4:

Variant Interpre Drug Re Trial

Path. t. sponse Match

X1: 48% 62% 54% 68%
Attention
X2: SHAP 62% 74% 72% 84%
X3: Count 68% 82% 78% 76% Comprehehgion
erfactual
X4: Mecha 87% 76% 74% 70% Compliance
nistic Figure 4: Multi-Dimensional Comparison -- Top 3
X5: Causal 74% 78% 84% 76% Approaches

Expert concordance = fraction of explanations rated as
clinically appropriate by domain expert panel (clinical
geneticists, oncologists, pharmacists). 5.1 Mechanistic Depth Meets Clinical Reality

5. Discussion

Mechanistic interpretability's dominance reflects

——m  p= the fundamental match between circuit-level

explanations and how clinical geneticists reason

s cameracet | -+ about pathogenic mechanisms. A variant is not just
o st _ 090 'predicted pathogenic with SHAP importance 0.73'

but rather 'disrupts the active site circuit that

Xs: Causal AlphaMissense has learned corresponds to enzyme
e [, - catalytic function' -- an explanation that connects
| , , ' to decades of molecular biology training. The 87%

" ” Exlaasi Genoic A scor 01 O’s expert concordance on variant pathogenicity
demonstrates that well-executed mechanistic
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analysis produces explanations that domain
experts recognise as legitimate. The research
investment required for mechanistic analysis (2-4
weeks per model) is substantial but amortises
across many clinical uses: once Circuit 47 is
identified as the active-site disruption circuit,
every variant prediction can be attributed to
contributing circuits without repeating the
analysis. The practical deployment pattern
emerging: specialised interpretability teams
conduct one-time mechanistic analysis for each
production genomic AI model, then distribute
circuit attribution tools that clinicians use daily.

5.2 Counterfactuals for Shared
Decision-Making

The counterfactual approach's highest clinical
utility and patient comprehension rates reflect its
alignment with the fundamental question patients
and clinicians want to answer: 'What can we do
about this?' An explanation that shows modifiable
risk factors and therapeutic leverage points is
directly actionable, unlike explanations that
merely decompose prediction attribution. The 82%
patient comprehension rate -- well above the 70%
threshold considered adequate for informed
consent -- is particularly significant for the
autonomy of patients in genomic medicine
decisions. The ability to personalise
counterfactuals (‘for YOUR risk profile, these are
the interventions with the largest predicted effect')
transforms abstract genomic predictions into
concrete decision support. Moreau et al. (2024)
demonstrated similar patient-centric reasoning in
precision oncology; explainable genomic medicine
extends this to population health and preventive
care.

5.3 Limitations and Methodological Pluralism
Three limitations affect explainable genomic Al
adoption. First, explanation evaluation remains
challenging: no single metric captures what makes
an explanation 'good' -- fidelity, plausibility, utility,
comprehension, and compliance are partially
independent dimensions that different applications
weight differently. Second, explanations can be
manipulated: Slack et al. (2020) showed that
adversarial XAI can produce misleading SHAP
values or attention maps, raising concerns about
bad-faith deployment. Third,
interpretability-accuracy trade-offs persist in some
applications: intrinsically interpretable models
(decision trees, linear regressions) achieve lower
accuracy than black-box models on complex
genomic tasks, forcing a trade-off that post-hoc
explanation methods approximate but do not

resolve. The pragmatic response is methodological
pluralism: use multiple XAI approaches for the
same predictions, treat convergent explanations as
more reliable, and accept divergent explanations
as signalling need for additional validation.

6. Conclusion

6.1 Key Findings

Mechanistic interpretability achieves the highest
Explainable Genomic AI Score (0.926) through
circuit-level explanations that connect neural
network computations to biological mechanisms,
achieving 87% expert concordance for variant
pathogenicity explanations versus 48-74% for
other approaches. Counterfactual explanations
(0.904) achieve the highest clinical actionability
and patient comprehension (82% comprehension
rate), enabling informed consent and shared
decision-making. Causal inference (0.888)
provides the strongest regulatory compliance by
distinguishing correlational from causal features.
Integrated pipelines combining mechanistic
(depth) + counterfactual (actionability) + causal
(validity) achieve EGAS 0.94 and are rated
clinically usable by 92% of expert evaluators.

6.2 Future Directions

Three advances would transform explainable
genomic Al. First, interpretability-by-design
architectures that embed explainability into
training rather than relying on post-hoc analysis --

neural networks with sparse, compositional
representations that are mechanistically
interpretable by construction. Second,

personalised explanations that adapt to each
user's expertise and information needs (clinician
vs patient vs researcher vs regulator), leveraging
multi-modal presentation (visualisations for
experts, plain language for patients, formal
documentation for regulators). Third, regulatory
frameworks specifically for genomic Al that clarify
what constitutes adequate explanation for
different use cases, avoiding both over-regulation
(blocking beneficial technology) and
under-regulation (allowing opaque
decision-making). The EGAIF toolkit, all XAI
implementations, evaluation datasets, EGAS
calculator, and approach selection guide are
available at egaif-explainable.org under CC BY 4.0
licence.
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informed consent. All patient data was fully
de-identified.
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Appendix A

XAI Method Specifications and EGAS
Calculation Methodology

This appendix provides complete specifications for
each XAI approach, including implementation details,
evaluation protocols, and the EGAS scoring rubric.

Part I -- Method Specifications

la. X1: bertviz + custom Plotly dashboards, attention
extraction from ESM-2 + Enformer .............. 10-15
sec per visualisation

1b. X2: DeepSHAP + TreeSHAP, DeepPINK for
FDR-controlled attribution, global + local
explanations .............. 20-25 sec per patient

2a. X3: Gradient-based optimisation for continuous,
beam search for discrete, 3-5 counterfactuals per
prediction .............. 15-20 sec per explanation

2b. X4: Sparse probing + activation patching +
circuit analysis, 2-4 weeks per production model
.............. 2-5 min per prediction (post circuit
identification)

3a. X5: Structural causal models with
KEGG/Reactome priors + Mendelian randomisation
for targets .............. 30-90 sec per prediction

3b. All: 8,400 cases evaluated, 29 expert clinicians +

120 patients for comprehension testing ..............
Multi-stakeholder validation

Part II -- EGAS Scoring Rubric

4a. Fidelity: Perturbation-consistency test (identical
inputs produce identical explanations) ..............
Higher = more faithful

4b. Plausibility: Fraction of explanations agreeing
with established biological knowledge ..............
Expert-rated

5a. Utility: Fraction of explanations supporting

actionable clinical decisions .............. Clinician-rated
0-1

5b. Comprehension: Patient comprehension rate via
structured assessment .............. Above 70% =
adequate

6a. Compliance: Adherence to FDA/EU AI Act
transparency requirements .............. Regulatory
checklist

6b. EGAS = 0.25*Fidelity + 0.20*Plausibility +
0.20*Utility + 0.15*Comprehension +
0.20*Compliance
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