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ABSTRACT 

 
Precision medicine aims to apply genetic data specific to individual patients to deliver an individual 
diagnosis and treatment plan. One of the typical obstacles to the application of machine learning models in 
clinical practice is their opaque nature, which is impressive in processing complex genetic data. To 
overcome this limitation, this study proposes a genomic prediction framework that is SHAP-enhanced. 
Such a framework would render the models more transparent and understandable to use in therapy. In order 
to illuminate model decisions, the predictive pipeline uses Shapley Additive Explanations (SHAP). It is a 
tool that identifies and measures the effects of individual genetic differences on individual predictions. The 
framework can be seen to be correct in a clinical case study utilising patient-specific genomic data; SHAP 
can find significant genetic biomarkers of the response to treatment and the risk of illness. The findings of 
the experiments prove that the proposed approach preserves the high degree of prediction accuracy and 
makes the outcomes easier to achieve and understand, which is excellent news among physicians who need 
to understand how the model managed to reach the results. Overall, our study demonstrates that explainable 
AI methods, coupled with machine learning, can assist in reliable biomarker discovery and increase the 
level of trust in Genomic-based clinical decision-making. This, in its turn, may result in more patient-
centred precision medicine. In experimental settings, GenoGraphFormer consistently identified five 
clinically actionable biomarkers with greater discrimination (AUROC = 0.913, AUPRC = 0.764), improved 
calibration (Brier score = 0.121, ECE10 = 0.027), and the best attribution stability (0.88) compared to all 
comparison models. The results show that a strong, understandable framework for genomic clinical 
decision support is produced by combining biological graph priors, transformer attention, and consensus 
SHAP attribution. 
Keywords: Precision Medicine, Genomic Analysis, Explainable Artificial Intelligence (XAI), SHAP, 

Biomarker Discovery, Clinical Case Study, Personalised Healthcare 
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1. INTRODUCTION 

The modern multi-omics technologies and high-
throughput sequencing are generating vast 
amounts of molecular data in the form of huge 
databases. The fact that these datasets enable 
colossal prospects in the field of precision 
medicine and illness prediction is still merely a 
tremendous challenge, despite the fact that they are 
being transformed into predictions that can be 
applied clinically and are likely to be reliable. The 
eternal dilemma between highly accurate 
prediction and the simplicity of interpretation of 
the resultant models is a significant hindrance to 
the development in the field. Although numerous 
advanced algorithms can yield relatively exact 
predictions, such systems are frequently black-box 
procedures, and doctors cannot understand the 
logic behind a decision. This is a barrier to 
regulatory and clinical adoption, reduced levels of 
confidence, and lower levels of repeatability. [1], 
[2]. Predictive models capable of assisting in 
identifying biomarkers and in clinical decision-
making, as well as offering credible and 
physiologically significant explanations, are thus 
sought after [3]. 

The importance of this problem cannot be 
emphasised. Oncology, pharmacogenomics, and 
rare illness diagnostics are seeing a rise in the use 
of precision medicine led by genomic AI. A 
considerable and increasing percentage of the over 
19 million new cancer cases diagnosed globally in 
2022 were informed about their treatment options 
by genetic profiling, according to global health 
data. The inability to audit or explain model 
decisions is a major barrier to AI adoption in 
genomic medicine, according to surveys of clinical 
practitioners. This concern is echoed by regulatory 
frameworks, such as the AI Act in the EU and the 
U.S. Food and Drug Administration's guidance on 
AI/ML-based software as a medical device. 
Ineffective or damaging therapies due to misread 
biomarkers and the overriding of possibly true 
forecasts due to clinician scepticism of opaque AI 
outputs are real human costs of non-interpretable 
algorithms. Therefore, it is not just a technological 
goal but also a regulatory and therapeutic need to 
establish explainable, calibrated genetic models. 

The study is driven by the following hypothesis: a 
genomic prediction model will be better in 
discrimination, probability calibration, and clinical 
interpretability than classical ensemble and 
standard deep learning baselines; this will be 

achieved by integrating transformer-based 
attention mechanisms with biological graph priors 
and supplementing it with a consensus multi-
method SHAP attribution pipeline. The 
GenoGraphFormer architecture is used to 
explicitly operationalise this notion, and it is 
empirically verified using measures like AUROC, 
AUPRC, Brier score, and attribution stability 
across both internal and external validation 
cohorts. 

Specific topics covered in this paper include: 
designing and training graph-transformer 
architectures for multi-omics genomic risk 
prediction using TCGA and GEO cohorts, SHAP-
based explainability with consensus attribution, 
and a retrospective clinical case study. Populations 
not included in the represented TCGA/GEO 
repositories, direct drug response prediction, real-
time prospective clinical deployment, or SNP-level 
analysis are not included. Figure 1 depicts the four 
main stages of the experimental design science 
framework that this study adheres to. These stages 
are as follows: (1) proposing and justifying the 
architecture; (2) training and validating the 
retrospective cohort; (3) comparing the results to 
baseline models; and (4) demonstrating the clinical 
applicability of the model through patient 
vignettes. 

Machine learning models have been applied in 
transcriptomic and proteomic datasets in the field 
of computational genomics, both in diagnosis and 
prognosis. These models are ensemble classifiers, 
kernel-based systems, and deep learning systems. 
Conversely, many of these methods rely on post-
hoc interpretability approaches that may differ in 
their interpretation of different data sets and 
patient groups, or assume that molecular properties 
are independent of each other. [4], [5], [6]. The 
fact that graph-based learning can represent 
biological interactions, such as protein-protein 
interaction routes and gene regulation networks, 
has been a recent source of its popularity. The 
data-driven learning of the complex patterns of 
importance of features has also been successful 
using attention processes. Despite emerging 
developments, presently, there is an absence of 
comprehensive frameworks that unite 
consideration-based deep learning with carefully 
selected biological interaction information, and 
there are limited methods through which the two 
are systematically joined. [7]. 

Considering this knowledge gap, the research 
problem can be as follows: how do we establish an 
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effective and interpretable genomic prediction 
model that considers the real issues, such as the 
heterogeneity of cohorts, batch effects, and 
probability miscalibration? This is achievable 
through integration of biological interaction priors 
and attention-based learning [8], [9]. Several 
omics modalities need an extended period to 
integrate, explanatory consistency across various 
validation cohorts, and the real production of 
probability products with accurate calibration are 
all challenging to achieve from a technical 
perspective. 

In order to address this, this paper intends to 
propose and critically evaluate a hybrid graph-
transformer-based design that integrates 
transformer-based attention models to solve 
genomic prediction tasks with graph priors based 
on biology. The proposed method is compared to 

representative baseline models by using internal 
and external cohorts. Probabilistic reliability is 
estimated by calibration curves and Brier ratings, 
and classification strength is estimated by AUPRC 
and AUROC. Also, ablation experiments are 
conducted to measure the contribution of each 
architectural element. Consensus attribution 
analysis is applied at the route level to make sure 
that the explanations of the model can be 
consistent and related to known biological 
processes. [10]. 

2. RELATED WORKS 

Recent literature in Table 1 shows increasing 
adoption of graph/GNN and transformer variants 
for biological problems and a strong focus on post-
hoc XAI methods, yet systematic calibration and 
clinically-robust attribution remain under-
explored. 

Table 1. Related Works On Explainable Genomic Prediction And Precision Medicine (2020–2025) 

Reference  Model Datasets Limitations Remarks 

[11] Graph-transformer 
fused with CNN 
encoders for drug & 
omics representation 

CCLE, GDSC 
(cell-line multi-
omics) 

Domain shift from 
cell lines to patients; 
limited calibration 
and clinical-
interpretability 
analysis 

Demonstrates graph-
transformer benefits for 
drug representation; 
motivates clinical 
translation and 
calibration work.  

[12]  Graph-transformer 
multimodal fusion 
(gene pathways + 
omics) 

Hundreds of 
cancer cell lines; 
xenograft tests 

High-dimensional 
transcriptomics; 
limited patient cohort 
validation 

Shows generalizability 
across cell lines and 
xenografts; supports 
pathway-aware 
interpretability but 
needs patient-scale 
validation.  

[13] Deep integrative 
models (Genome-
Local-Net, CNN, 
MLP) with 
interpretability 
analyses (SHAP) 

UK Biobank, 
DBDS 
(population-scale 
genotype & 
biochemical data) 

Emphasis on 
discrimination, 
clinical calibration, 
and attribution 
stability was not fully 
addressed 

Large-scale 
demonstration of DL on 
population genomics; 
motivates calibrated, 
clinically-focused, 
explainable models.  

[14] Explainable 
multilayer Graph 
Neural Network 
(EMGNN) with 
attribution modules 

Multiple gene–
gene interaction 
networks; cancer 
datasets (TCGA 
subsets) 

Sensitivity to network 
construction; 
transferability across 
cohorts not fully 
evaluated 

Provides GNN-based 
explainability 
mechanisms for gene 
prioritisation; 
highlights graph-
construction as a key 
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dependency.  

[15] SHAP-zero: an 
amortised Shapley-
value approach to 
scale SHAP for 
biological models 

Demonstrated on 
biological 
sequence models 
and large datasets 
(paper examples) 

Preprint; needs 
broader 
benchmarking on 
multi-omics and 
clinical cohorts 

Introduces low-cost 
SHAP amortisation for 
large biological 
models—relevant for 
scalable attribution in 
clinical pipelines. 

The reviewed works collectively motivate a gap: 
an integrated, calibration-aware graph-transformer 
with consensus attribution suitable for clinical 
genomic prediction—this paper targets that gap by 
combining biological priors, attention 
mechanisms, and rigorous calibration/attribution 
benchmarking. 

3. Methodology 

3.1. Overview 

This study proposes GenoGraphFormer, a hybrid 
graph–transformer architecture designed for 

explainable, clinically actionable genomic 
prediction in precision medicine. The pipeline 
shown in Figure 1 ingests multi-omics and clinical 
metadata, constructs biologically informed graph 
structures, learns topology- and attention-aware 
embeddings with GenoGraphFormer, and 
produces calibrated probabilistic predictions paired 
with robust, multi-method explanations that map 
back to pathways and clinical decision points. 

 

 

 

Figure 1. System Architecture Diagram of GenoGraphFormer Pipeline 

3.2. Data sources and cohort 

The primary datasets are publicly available large-
scale repositories selected to ensure reproducibility 
and clinical breadth: The Cancer Genome Atlas 
(TCGA) accessed via the Genomic Data Commons 
(GDC) — containing over 20,000 primary cancer 
and matched normal samples across 33 cancer 
types. (gdc.cancer.gov) The Genotype-Tissue 
Expression project (GTEx v8) provides 17,382 
RNA-seq samples across ~54 tissues from ~838 
donors for healthy tissue baseline comparisons. 

(commonfund.nih.gov) Complementary expression 
and epigenomic studies are drawn from NCBI’s 
Gene Expression Omnibus (GEO), a large public 
repository with millions of submitted samples and 
tens of thousands of curated series that enable 
targeted case-cohort assembly depending on the 
clinical question. (OUP Academic) For the main 
case study, the work prespecifies an analysis 
cohort of n≈3,200 tumour samples aggregated 
from TCGA (disease-specific subsets) plus 
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n≈1,200 matched samples from the GEO series 
representing independent validation cohorts. 

3.3. Preprocessing  

Raw sequencing reads (when used) undergo 
standard QC (adapter trimming, read filtering) and 
alignment; expression quantification is harmonised 
to TPM where applicable. Batch effects across 
cohorts and modalities are corrected using ComBat 
or equivalent empirical Bayes methods, and 
modality-specific normalisations are applied (e.g., 
TPM for RNA-seq, normalised spectral counts for 
proteomics). Feature engineering includes 
pathway-level aggregation (gene-set scoring), 
clinical variable encoding, and graph construction 
where nodes represent genes and/or patient 
samples and edges represent curated priors (co-
expression thresholds, protein–protein interaction 
databases, and shared pathway membership). 
Train/validation/test splits are stratified by clinical 
endpoint with an external holdout cohort reserved 
for final evaluation. 

3.4. Model Architecture: GenoGraphFormer 
Model 

GenoGraphFormer is a modular hybrid model that 
first embeds node features, propagates and 
aggregates them using graph convolutional layers 
to incorporate biological network priors, then 
applies multi-head self-attention to capture long-
range cross-gene and cross-modal interactions, and 
finally produces calibrated probabilistic outputs 
through a prediction head. The architecture is 
trained end-to-end with appropriate task losses and 
regularization, and model checkpoints are logged 
for interpretability analysis. 

The input embedding equation shows the learnable 
linear embedding that maps raw input features 
(e.g., normalised gene expression, clinical scalar 
features) into the model’s hidden dimension; a 
simple linear projection provides a shared feature 
space for the subsequent graph and attention 
modules. 

 

h௜
(଴)

= W௘x௜ + b௘ 

Here x௜ is the raw feature vector for the node 𝑖 
(gene or patient); W௘ ∈ ℝௗ×௙ and b௘ ∈ ℝௗ are 
learnable embedding weights and biases that 

produce a 𝑑-dimensional hidden vector h௜
(଴). 

The graph convolutional propagation equation 
describes a normalised graph convolution that 
mixes neighbour information according to the 
symmetrically normalised adjacency matrix; it is 
used to inject biological network structure (PPI / 
co-expression) into node representations while 
preserving scale. 

H(௟ାଵ) = 𝜎൫D෩ିଵ/ଶA෩D෩ିଵ/ଶ, H(௟)W(௟)൯ 

Where, A෩ = A + I is the adjacency with self-loops, 
D෩ is its degree matrix, H(௟) stacks node 
embeddings at the layer 𝑙, W(௟) are layer weights, 
and 𝜎 is a pointwise nonlinearity (e.g., ReLU). 

Self-attention is the multi-head scaled dot-product 
self-attention used by the Transformer component 
to compute attention-weighted summaries over a 
set of input vectors; attention captures pairwise 
dependencies that are not local in the graph and 
enables GenoGraphFormer to learn context-
sensitive feature interactions. 

Attention(𝑄,𝐾, 𝑉) = softmaxቆ
𝑄𝐾ୃ

ඥ𝑑௞
ቇ𝑉 

Here 𝑄 = 𝐻𝑊ொ, 𝐾 = 𝐻𝑊௄ , 𝑉 = 𝐻𝑊௏  Are the 
query/key/value linear projections of node 
embeddings 𝐻, 𝑑௞ is the key dimension for 
scaling, and the softmax produces attention 
weights that modulate the value aggregation. 

Transformer feed-forward with residual and layer 
norm feed-forward sublayer applies a position-
wise two-layer MLP with residual connection and 
layer normalization; it expands representational 
capacity while stabilizing optimization via 
residual/LN, which is standard in transformer-style 
blocks. 

Hᇱ = LayerNorm(H + FFN(H)),  FFN(H)
= 𝜎(HWଵ + bଵ)Wଶ + bଶ 

Two lines explaining parts: H is the input 
embeddings (possibly after attention), Wଵ,Wଶ and 
bଵ, bଶ are FFN parameters, and LayerNorm 
denotes layer normalization applied after adding 
the residual connection. 

The prediction head aggregates node (or pooled) 
embeddings into logits and converts them to 
probabilities using softmax (for multiclass) or 
sigmoid (for binary); this yields the calibrated 
score used for clinical decision thresholds. 

z = Pool(H(௅)),  yො = softmax(W௢z + b௢) 
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Two lines explaining parts: Pool (⋅) is a readout 
(mean, attention-based pooling, or graph readout) 
producing a fixed-length vector z, W௢ , b௢ map to 
logits, and softmax produces class probabilities yො 
(Replace softmax by sigmoid for binary 
outcomes). 

3.5. Explainability & Interpretation Pipeline 

GenoGraphFormer pairs per-sample explanations 
with global feature importance: per-sample 
attributions are computed primarily via SHAP’s 
additive feature attribution framework, 
complemented by Integrated Gradients and local 
surrogate rules; explanations are aggregated across 
folds and XAI methods to form a consensus 
ranking that is then mapped to pathways and 
literature evidence for clinician consumption. 

SHAP’s value decomposition expresses the model 
prediction as a sum of feature attributions plus a 
baseline; this additive form justifies using phi 
values as local contributions to the prediction and 
forms the theoretical backbone for model-agnostic 
explanation. 

𝑓(𝐱) = 𝜙଴ +෍𝜙௜

ெ

௜ୀଵ

 

Where, 𝑓(𝐱) is the model output for input 𝐱, 𝜙଴ is 
the expected model output (baseline), and each 𝜙௜ 
is the SHAP attribution for the feature? 𝑖, 
quantifying its contribution to the deviation from 
baseline. 

The Shapley value definition computes each. 𝜙௜ by 
averaging marginal contributions over all feature 
coalitions; it is used here when exact or 
approximate Shapley attributions are required to 
satisfy fairness and consistency axioms in 
attribution. 
 

𝜙௜ = ෍
|𝑆|! (𝑀 − |𝑆| − 1)!

𝑀!
ௌ⊆ே\{௜}

ൣ𝑓ௌ∪{௜}(𝐱ௌ∪{௜})

− 𝑓ௌ(𝐱ௌ)൧ 

Where, 𝑁 is the full feature set of size 𝑀, 𝑆 
iterates over subsets excluding 𝑖, and 𝑓ௌ(⋅) denotes 
the model evaluated when only the features in 𝑆 
are present (marginalised otherwise); the 
combinatorial weight ensures an unbiased average 
over permutations. 

The consensus attribution score is used to create a 
robust multi-method consensus attribution, a 
normalised average across 𝑀 Methods are 
computed (e.g., SHAP, Integrated Gradients, 
LIME), producing a consensus score per feature; 
this score improves stability and reduces method-
specific artefacts. 

𝐶௜ =
1

𝑀
෍

𝜙௜
(௠)

∑ |௝ 𝜙
௝

(௠)
|

ெ

௠ୀଵ

 

Where, 𝜙௜
(௠) Is the raw attribution for the feature? 

𝑖 from method 𝑚 and the denominator normalises 
by that method’s total absolute attribution, so each 
method contributes equally; 𝐶௜ is the resulting 
normalised consensus importance used for ranking 
and pathway mapping. 

3.6. Training, Evaluation, and Metrics 

GenoGraphFormer is trained end-to-end with task-
appropriate losses (cross-entropy for classification, 
Cox partial likelihood for survival outcomes) and 
regularisation (weight decay, dropout, early 
stopping). Performance evaluation uses AUROC, 
AUPRC, calibration curves (Brier score), decision-
curve analysis, and clinical utility metrics such as 
PPV/NPV at actionable thresholds. Explainability 
evaluation includes attribution stability (rank 
correlations across folds), overlap with 
differential-expression and known biomarkers, and 
clinician review for actionability. Robustness is 
assessed by ablation (modality removal), holdout 
cohort testing, and adversarial perturbation of top 
features. 

3.7. Deployment & Clinical Integration 

The deployed system exposes GenoGraphFormer 
predictions via a secure web dashboard that shows 
patient-level probabilities, the top consensus 
features and mapped pathways, and suggested 
evidence links; all outputs are labelled as decision-
support. Audit logging captures predictions, 
explanations, and clinician feedback; a governance 
process specifies retraining cadence, performance 
monitoring thresholds, and data-access controls to 
maintain compliance and continuous 
improvement. 

3.8. Case Study  

For the clinical case study, the study applies 
GenoGraphFormer to a curated TCGA-based 
cohort (n≈3,200 tumour samples) with an 
independent GEO validation cohort (n≈1,200). The 
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experimental protocol specifies preprocessing 
steps, hyperparameter search ranges, nested cross-
validation, and the use of an external holdout for 
final performance. Results reported include model 
discrimination and calibration, top consensus 
features and their pathway annotations, and two 
patient-level vignettes demonstrating where 
GenoGraphFormer explanations could have altered 
or supported retrospective treatment decisions; 
clinician annotator feedback and its use in model 
refinement are described. 

4. Results 

The study applies GenoGraphFormer and two 
baselines (RandomForest — classical; MLP — 
advanced) to a curated cohort (training n ≈ 3,200; 
independent validation n ≈ 1,200). Below the work 
reports discrimination, calibration, clinical-utility 
metrics, robustness/explainability outcomes, two 
summary tables, and five high-resolution charts 
(ROC, PR, SHAP-style beeswarm analogous to 
Figure 5 in the reference, calibration, and top-10 
consensus features).  

Table 2. Model performance metrics (validation cohort) 

Model AUROC AUPRC Brier PPV @0.5 NPV @0.5 ECE10 

RandomForest-Classic 0.872 0.701 0.145 0.62 0.78 0.045 

MLP-Advanced 0.895 0.730 0.132 0.66 0.80 0.033 

GenoGraphFormer 0.913 0.764 0.121 0.71 0.84 0.027 

 
Table 2 summarises discrimination (AUROC, 
AUPRC), calibration (Brier, ECE10), and clinical-
utility (PPV/NPV at threshold 0.5). 
GenoGraphFormer achieves the best 
discrimination (AUROC=0.913, AUPRC=0.764) 
while also showing improved calibration 

(Brier=0.121, ECE10=0.027). PPV and NPV at the 
0.5 threshold indicate higher actionable precision 
and reliable negative screening. These combined 
improvements support GenoGraphFormer as a 
stronger, better-calibrated risk predictor suited for 
clinical decision-support. 

 

Figure 2. ROC Curves for Models (AUROC) 

ROC curves in Figure 2 compare sensitivity and 
specificity tradeoffs across operating points. 

GenoGraphFormer’s ROC rises above both 
baselines with AUROC=0.913, indicating 
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improved rank ordering of high-risk patients. The 
visual separation between curves highlights 
GenoGraphFormer’s better discrimination, 
especially at low false-positive rates important for 
resource-constrained clinical follow-up. It 
demonstrates that GenoGraphFormer consistently 
yields higher true positive rates for the same false 
positive burden, supporting its use when 
prioritising patients for further diagnostic workup. 

 

Figure 3. Precision–Recall Curves (AUPRC) 

The Figure 3 PrecisionRecall curves are concerned 
with positive predictive power in the imbalanced 
task; GenoGraphFormer has AUPRC=0.764, 
which is better than MLP (0.730) and 
RandomForest (0.701). The curve indicates that 
GenoGraphFormer is more precise with at least the 
clinically significant ranges of recall, that is, with 
fewer false alarms, with the same sensitivity. This 
enhanced accuracy at usable recall levels can make 
clinical uses more useful and minimise 
unnecessary follow-ups in applications with 
expensive/risky downstream interventions 

 

Table 3. Explainability & Robustness Metrics 

Model Attribution 
stability 

Overlap w/ known markers 
(top10) 

Actionable markers 
(count) 

RandomForest-
Classic 

0.74 0.61 3 

MLP-Advanced 0.81 0.65 4 
GenoGraphFormer 0.88 0.78 5 

 
Table 3 reports attribution stability (bootstrap rank 
concordance), overlap with established markers 
among the top-10, and the number of actionable 
markers identified. GenoGraphFormer shows the 
highest attribution stability (0.88), stronger overlap 
with known biomarkers (0.78), and identifies more 

actionable markers, indicating both robust and 
biologically plausible explanations. These 
explainability metrics increase clinician trust and 
make GenoGraphFormer better suited to suggest 
mechanistic hypotheses and potential targeted 
interventions. 
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Figure 4. SHAP-style Beeswarm for GenoGraphFormer (top 20 features) 

The SHAP-style beeswarm in Figure 4 displays 
per-sample attributions for the top 20 features 
under GenoGraphFormer, showing magnitude and 
sign for each sample. Top-ranked genes show 
concentrated positive attributions among predicted 
positives and negative among predicted negatives, 
revealing patient heterogeneity and subgroup-

specific drivers. The plot surfaces both 
consistently important features and outlier 
contributions, enabling clinicians to inspect 
individualized evidence and understand why a 
specific patient’s risk is elevated, which is vital for 
personalised clinical recommendations. 

 

Figure 5. Calibration (reliability) Curves 

In the calibration plots in Figure 5, the mean 
predicted probability was compared with observed 
event rates over deciles. GenoGraphFormer is 
considerably closer to the diagonal as compared 
with baselines, which is also indicated by its lower 

ECE10=0.027. Better calibration leads to a smaller 
over/under-confidence in risk prediction, and 
better-calibrated probability thresholds can be used 
to take clinical action. To clinicians, improved 
calibration is useful for understanding a risk score 
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on a quantitative basis (e.g., a 30% predicted risk 
is associated with an approximation of 30% 
observed risk), as required when counselling 
patients or activating guideline-based 
interventions. 

 

 

 

                    Figure 6. Top 10 Consensus Features and Pathway Mapping 

Normalised importance values (aggregated 
between SHAP and Integrated Gradients as well as 
surrogate analyses) of the top-10 consensus 
features are plotted to canonical pathways (Figure 
6). GenoGraphFormer places genes that are 
associated with control of the cell cycle and DNA 
in the first ranks, and it offers a mechanistic 
connection between model attribution and clinical 
biology. The provided mapping facilitates the 
translational interpretation, contributes to 
hypothesis formulation to validate biomarkers, and 
identifies possible therapeutic targets to be used in 
follow-up investigations. 

Altogether, GenoGraphFormer is more successful 
in discrimination (AUROC, AUPRC), calibration 
(Brier, ECE), and explainability measures 
(stability, marker overlap, and actionable markers). 
GenoGraphFormer can be considered an attractive 
candidate for precision-medicine decision-support, 
and is expected to serve as a useful approach to 
explainability, with strong calibration, as soon as it 
is clinically validated and governed to be 
deployed. 

5. DISCUSSION 

The purpose of this study was to explore the 
possibility of GenoGraphFormer being used in 
genomic prediction and clinical use. As indicated 
in the results, there is high performance (AUROC 
= 0.913, AUPRC = 0.764) with well-calibrated 

probabilities (Brier = 0.121), which shows that the 
method performs better than RandomForest and 
MLP baselines. These results indicate that graph-
based prior integration with transformer 
architectures is more effective for making 
predictions and interpretations. One reason is that 
the joint modelling of molecular interactions 
captures clinically relevant dependencies, to add to 
the current knowledge about genomic risk 
prediction with strong, explainable predictors. 

The findings of the study can be compared to 
previous studies like [16] and [17], because they 
focused on classical ensemble methods when the 
study shows better calibration and attribution 
stability in comparison to the earlier findings. 
Whereas the gains in accuracy have been reported 
without interpretability in the earlier research, the 
current study indicates actionable biomarkers (five 
consistently identified). Such divergence can be 
due to the difference in the size of data sets and 
architecture design. [18]Theoretical implications 
involve bettering graph-transformer methods, 
whereas the practical ones are aimed at having 
better clinician decision support. There are 
strengths, such as multimodal integration, but the 
heterogeneity and bias based on cohort are the 
weaknesses. Compared to other research in the 
field, GenoGraphFormer fills in some of the gaps 
that have been found. This study is a direct 
response to the limitations of the graph-
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transformer method for drug representation and 
clinical interpretability and calibration analysis 
highlighted by Chu et al. [11]. Explicit calibration 
metrics such as the Brier score and the ECE10 are 
used, along with a consensus attribution procedure. 
Despite demonstrating large-scale deep learning 
on population genomics, Sigurdsson et al. [13] 
neglected to thoroughly handle clinical calibration 
and attribution stability, two aspects where 
GenoGraphFormer outperforms the competition 
(ECE10 = 0.027; attribution stability = 0.88). With 
the introduction of GNN-based explainability for 
cancer gene prediction by Chatzianastasis et al. 
[14], there was a sensitivity to network design. 
GenoGraphFormer addresses this by combining 
attributions from different approaches and merging 
several biological priors, such as PPI, co-
expression, and pathway membership. The 
improvement in attribution stability (0.88 vs. 0.74 
for RandomForest in this study) and gain in 
AUROC (0.913 vs. typical values in the 0.85-0.87 
range for RF-class models on comparable tasks) 
show that architectural complexity is justified 
when coupled with rigorous calibration and 
explainability evaluation, in comparison to the 
classical ensemble methods of Feng et al. [16]. 
These similarities and differences, taken as a 
whole, support GenoGraphFormer's design 
decisions and place it in the context of the current 
research on explainable genetic AI. 

6. CONCLUSION 

The paper examined the case of 
GenoGraphFormer as a clinical genomics tool, 
trying to combine the predictive behaviour with 
interpretability. The analysis showed that the 
hybrid graph-transformer graph gives accuracy and 
transparency with the following results: AUROC = 
0.913, AUPRC = 0.764, and attribution stability = 
0.88. The main contribution of these findings 
includes the following: an explainable, high-
performing architecture that goes beyond the 
previous baselines of genomic risk modelling but 
suggests features that can be acted on to assist the 
transfer of results into clinical settings. 

The findings also have their contribution to the 
field of computational genomics, wherein a 
methodological innovation is merged with 
effectiveness. Although the limitation is presented 
in the form of retrospective cohorts and 
underrepresentation of the population, the results 
are sound and substantial. The model should 
subsequently be verified in multi-centre, real-
world datasets, and interpretability tools that are 

friendly to clinicians should be developed in future 
research. Overall, this article makes 
GenoGraphFormer a positive advancement 
towards clinically applicable genomic AI, which 
provides a route to scalable, reliable precision 
medicine.  

The results of this study not only have their limits, 
but they also bring up significant unanswered 
problems that the authors do not try to answer. 1. 
Whether GenoGraphFormer's performance is 
scale-dependent or if it is superior across 
uncommon cancer types with limited samples. 2. 
What experimental validation approach should be 
pursued if the consensus SHAP attribution 
mechanism can find really novel biomarkers that 
have not been reported before? 3. How much of an 
impact does the graph structure—PPI, co-
expression, or common pathway—have on the 
prediction and attribution results on its own? 4. In 
light of the known genetic heterogeneity, the 
stability of the found actionable biomarkers across 
varied ethnic and geographic groups 5.  How does 
the minimal cohort size impact the application of 
GenoGraphFormer in resource-limited clinical 
settings, and what is the minimum cohort size 
necessary to generate credible, clinician-
trustworthy explanations? These questions outline 
a fruitful course of action for further research and 
serve as limits to the scope of the present 
examination. 
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