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ABSTRACT: There is significant variability in mutations associated with cancer, which complicates the measurement of 
functional implications and the effectiveness of treatments. This research presents a multi-class classification framework that 
leverages genomic, clinical, and functional annotations from resources such as COSMIC, ClinVar, and the Variant Effect Predictor 
(VEP) to assess the pathogenicity of cancer-associated mutations. The designed classification framework utilizes combination 
models such as Random Forest, Gradient Boosting, and Logistic Regression, and a Convolutional Neural Network (CNN) to 
discover non-linear mutation patterns and high-dimensional interactions in features. The use of SHAP analysis enhances model 
interpretability, facilitating the identification of significant predictive features, such as SIFT, PolyPhen-2, and CADD. The end-
to-end pipeline is deployed via a Streamlit-based GUI that allows real-time evaluation of variants, contextualization within cancer 
types, and makes personalized treatment recommendations. Results demonstrate improved predictive performance and clinically 
meaningful, relevant outcomes, indicating that the classification framework can contribute to a more timely and accurate decision-
making platform for precision oncology. 

KEYWORDS: Cancer Mutations, Pathogenicity Prediction, Multi-class Classifier, Convolutional Neural Network, Ensemble 
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�   Introduction
The swift advancement of next-generation sequencing 

(NGS) technologies has extended the field of cancer genom-
ics by facilitating near-complete characterizations of genetic 
mutations in different types of tumors.1 Mutation signatures 
have proven to be valuable indicators of tumor origin and mu-
tational processes, with machine learning models trained on 
mutation-derived features employed for cancer type prediction 
by phenotyping tumors based on mutational landscapes.2 Si-
multaneously, deep learning advancements have strengthened 
mutation analysis. Deep neural networks that utilize functional 
impact scores, sequence information, and structural features 
have demonstrated increased capability in the identification 
of cancer driver genes and high-risk mutations in terms of 
tumorigenesis. These models can identify high-dimensional, 
non-linear relationships in genomic data, and are reported to 
have higher sensitivity and specificity compared to traditional 
computational approaches.3

Recent studies have demonstrated the effectiveness of 
multi-class classification approaches for improving mutation 
interpretation. Multi-class classification approaches, rather 
than simple binary classification, may differentiate variations 
between mutation classes, even if the distinctions may seem 
subtle for each class. These multi-class classification approach-
es have incorporated genomic, biochemical, and structural 
features to enhance the prediction of actionable clinically sig-
nificant variants. Structural features such as tools for predicting 
functional impact remain a core feature of mutation analysis.4 
Well-known computational tools such as SIFT and Poly-

Phen-2 base their estimations of the deleteriousness of amino 
acid substitutions on evolutionary conservation, sequence ho-
mology, and biophysical properties. These resources have been 
employed as foundational tools for genomic interpretation and 
continue to provide interpretable functional scores to contem-
porary machine learning (ML)-based systems.5 A research 
study addressed the issue of optimizing and identifying gene 
networks linked to cancer through a network-based multi-
class classifier that incorporated multi-omics data.6 The study 
created network models based on gene expression and muta-
tion profiles to improve classification performance. The results 
indicate that applying a network-based approach when using 
machine learning models improves the identification of cancer 
gene networks, compared to standard non-network approaches. 
Another study introduced conservation-based approaches for 
evaluating the functional impact of protein mutations in their 
study, describing the SIFT scoring system.7 SIFT scoring uti-
lizes metrics of evolutionary conservation, which demonstrate 
strong performance in distinguishing deleterious mutations 
from neutral variation. A group made a significant step forward 
in mutation consequence prediction by utilizing a combina-
tion of machine learning and directed network optimization.8 
Another research study studied the functional consequence of 
cancer-associated mutations by integrating multi-omics mu-
tation data with protein structure and functional annotation.9 
A study investigated the interpretation of mutations through 
multi-scale mapping of protein systems, expanding beyond 
single-gene views to analyze interactions at a system level.10
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Machine-learning (ML) approaches have emerged as a via-
ble strategy to address many of these uncertainties. ML models 
using data-driven techniques can analyze large genomic data-
sets, identify unanticipated structural and biochemical trends, 
and produce actionable predictions about mutation function. 
These models have the capacity to outperform many tradi-
tional statistical models based on their ability to analyze 
high-dimensional data, heterogeneous features, and the com-
plex biological patterns noted in cancer evolution and genetics. 
A research study was able to motivate classification of cancer 
subtypes from transcriptomic high-dimensional gene expres-
sion datasets using partial least squares (PLS) modeling. In 
modern cancer genomics studies, multi-class classifiers are 
progressively developed to model mutations across multiple 
cancer types, including Colon, Prostate, Ovarian, Pancreatic, 
Brain, Liver, Head and Neck, Esophagus, Lung, Breast, Stom-
ach, Bladder, Cervical, Endometrium, Sarcoma, Testicular, 
Melanoma, Kidney, Leukemia, and Thyroid cancer.11 These di-
verse cancers exhibit significant variability in their mutational 
signatures and biological pathways, making them suitable for 
assessing machine-learning models to predict the functional 
impact of mutations. The inclusion of a large variety of can-
cers will improve the generalizability of predictive frameworks 
and illuminate cancer-specific mutation patterns that impact 
disease progression and treatment. In a study, large-scale clin-
ical and genomic datasets have been studied to validate their 
artificial intelligence models for predicting cancer driver mu-
tations.9 The authors determined that AI-enabled approaches 
can identify actionable mutations with direct clinical relevance 
and strong translational relevance. A researcher reviewed in 
detail the methods of machine learning that have been used 
to detect cancer driver mutations. Specific attention was given 
to empirical comparisons of supervised, unsupervised, and en-
semble approaches operating on a suite of datasets.12 A group 
has developed MAGICAL, which is a multi-class classifier 
for predicting synthetic lethal interactions that have implica-
tions for targeted cancer treatment. Across a range of machine 
learning models trained on gene interaction datasets, reason-
able classification of lethal genetic pairs was observed.13

Such comprehensive human population genomic data are 
critical for modelling cancer evolution, clinical response to 
treatment, and prognostic outcomes. But transforming the 
high-dimensionality of genomic data into clinically actionable 
interpretations poses difficulties. The main research gaps are 
improving the robustness of these models and the translation-
al advancement of predictions into clinical decision-making. 
Classifying mutations such as pathogenic, benign, or clinical 
actions requires computational tools that can deal with both 
comprehensive feature sets as well as high accuracy, robustness, 
and interpretability. Overall, these developments illustrate 
the central role of ML in modern cancer genomics. Thus, it 
was hypothesized that employing traditional scoring tools, 
structural features, mutation signatures, and deep learning al-
gorithms would improve the accuracy and clinical utility of 
genomics interpretation. This study aims to develop an in-
terpretable multi-class classification framework to predict 
the functional impact of cancer-associated mutations using 

integrated genomic, clinical, and functional annotations. We 
hypothesize that combining traditional scoring systems with 
machine learning and deep learning models will improve pre-
dictive accuracy and clinical utility.

�   Methods
Data Acquisition and Integration:
Mutation data were sourced from three of the most com-

monly used genomic repositories: COSMIC, ClinVar, and the 
Variant Effect Predictor (VEP). COSMIC was the primary 
source of somatic cancer mutations, providing more than 1.4 
million variants with annotations across a wide variety of tu-
mor types. ClinVar provided clinically relevant labels obtained 
from geneticists, which enabled training on (i.e., “accurate”) 
clinically validated pathogenic and benign variants. The VEP 
provided functional prediction scores (and likelihood mea-
sures), such as SIFT, PolyPhen-2, and CADD, which quantify 
the likelihood of a functional impact mutation, given a change 
in the amino acid, based on calculated quality matrices. All 
sources used the same genomic coordinates (chromosome num-
ber, start position, end position) to standardize and harmonize 
the nomenclature across their respective sources. Duplicates, 
annotations that conflicted with other genome locations, and 
or incomplete cases were handled through rule-based filtering. 
The final dataset was a merged and harmonized dataset (by 
annotation) that was appropriate for machine learning or deep 
learning pipelines In modern cancer genomics studies, multi-
class classifiers are progressively developed to model mutations 
across multiple cancer types including Colon, Prostate, Ovari-
an, Pancreatic, Brain, Liver, Head and Neck, Esophagus, Lung, 
Breast, Stomach, Bladder, Cervical, Endometrium, Sarcoma, 
Testicular, Melanoma, Kidney, Leukemia, and Thyroid cancer. 
These diverse cancers exhibit significant variability in their 
mutational signatures and biological pathways, making them 
suitable for assessing machine-learning models to predict the 
functional impact of mutations. The combined dataset based 
on COSMIC had more than 1.4 million somatic mutations 
with an additional approximately 1 million clinically annotat-
ed variants from ClinVar enriched with functional prediction 
scores using VEP, including SIFT, PolyPhen-2, and CADD. 
The inclusion of a large variety of cancers will improve the 
generalizability of predictive frameworks and illuminate can-
cer-specific mutation patterns that impact disease progression 
and treatment, as shown below in Table 1.
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Table 1: The mutant and variant type information of some cancer-related 
genes was acquired from different databases.
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Preprocessing and Feature Engineering:
The preprocessing of the data included the treatment of 

missing values, normalization of numerical features, and con-
version of categorical features into machine-readable formats. 
To preserve biological relevance, the functional prediction 
scores that were missing were imputed with median values 
within the corresponding gene group. Median imputation at 
the gene level was selected to preserve biological context and 
reduce bias introduced by global imputation methods, as mu-
tation effects are often gene-specific and may vary significantly 
across genomic regions. The categorical attributes, including 
mutation type, gene symbol, and cancer subtype, were con-
verted into machine-readable formats via one-hot encoding. 
Feature engineering aimed to capture mutation-specific 
properties and biological meaning. The numerical features in-
cluded amino acid conservation scores, Grantham distances, 
and genomic coordinate features. Derived features included 
mutation hotspot frequency calculated based on recurrence 
within genomic regions, and protein domain annotations in-
dicating whether mutations occur within functionally critical 
domains, enhancing biological interpretability. Overall, the 
features were scaled to allow as equal a contribution as possible 
during model training. Finally, the features for each mutation 
were a combination of genomic features, structural features, 
and computational prediction features, in an attempt to facili-
tate understanding of the mutation in a holistic manner.

Developing the Model:
A hybrid modeling approach was used to take advantage of 

the strengths of ensemble learning and deep learning models. 
Three classical models, Random Forest, Gradient Boosting, 
and Logistic Regression, were built using Scikit-learn, provid-
ing a strong baseline classification capabilities, good predictive 
performance on tabular data, and interpretable classifica-
tion boundaries. A stratified 5-fold cross-validation strategy 
was employed to ensure balanced class representation across 
training and validation splits. In addition to detecting non-
linear relationships between features and complex interactions 
among features, a system developed a Convolutional Neural 
Network (CNN) model using TensorFlow. The mutation fea-
tures were organized into a multi-dimensional input structure 
to allow the convolutional layers to detect hierarchical feature 
relations. The CNN model consisted of an input layer, two 
convolutional layers with a ReLU activation, a max-pooling 
layer to reduce the dimensionality of the features, a dense ful-
ly connected layer, and a softmax output layer for multi-class 
classification. The training of the model utilized stratified 
k-fold cross-validation to preserve the distribution of classes 
across the folds of the data to develop generalization across 
cancer types. The learning rate, batch size, and number of es-
timators were among the hyperparameters tuned using grid 
search and early stopping to select the optimal parameter 
values. The model was evaluated using classification reports, 
which report accuracy, F1-score, precision, and recall, along 
with performance confusion matrices to assess model classi-
fication performance.

Model Interpretability:
To achieve transparency, explainability, and clinical credibil-

ity, an interpretability module in the predictive framework via 
SHAP is used. SHAP offers a unified, theoretically principled 
method of quantifying the marginal contribution of each fea-
ture for an individual prediction. SHAP uses Shapley values 
from cooperative game theory to assign easily interpretable im-
portance scores to consider genomic, structural, and functional 
variables, thus fulfilling the criteria outlined above. In the con-
text of cancer mutation analysis, the interpretability module 
enables the identification of the most important attributes 
used to classify each variant. Across categories of high-impact 
features, the following key contributions were consistently ob-
served. SIFT scores, PolyPhen-2 predictions, CADD scores, 
evolutionary conservation scores, and classification of amino 
acid substitutions, and whether the substitution occurs in a 
protein domain. The interpretability analysis also demonstrat-
ed how combinations of features built up to influence predicted 
pathogenicity and can provide additional information beyond 
single features as a more biologically relevant interpretation 
of feature dependences. Once again, taking a global approach, 
the overall importance of features across all mutations is sum-
marized using global SHAP analysis. While mutation-level 
behavior is interpreted using local SHAP explanations. These 
outputs provide a foundation for any biological validation that 
a researcher or clinician can use for justifying the plausibility 
associated with each prediction, the predicted impact on pro-
tein function, evolutionary significance, etc. SHAP not only 
enhances the clinical utility of machine-learning-based pre-
dictive models by providing better alignment between their 
predictive performance and biological interpretability, but it 
also creates a mechanism for clinicians and researchers to de-
velop confidence in, confirm, and make decisions about model 
outputs based on clear, robust, and data-driven evidence that 
can be correlated to existing genomic and molecular science.

Web Deployment:
The final integrated classification framework was imple-

mented using a Streamlit-based web application that provides 
fast, reliable, and accessible real-time interaction. The deploy-
ment architecture incorporates end-to-end usability from user 
input to prediction visualization, interpretability outputs, and 
treatment recommendations. The user is able to input vital 
genomic parameters: gene name, mutation type, amino acid 
substitution, chromosomal location, cancer subtype, and oth-
er relevant parameters. After receiving the input request, the 
platform automatically initiates preprocessing, which involves 
validation of features, encoding, and transforming them ac-
cording to the trained model pipeline. Once features have 
been preprocessed, these features are passed onto the ensem-
ble-learning models and the CNN classifier, which provides 
pathogenicity scores and confidence values. A decision layer 
combines these outputs to provide a final prediction that rep-
resents each model’s relative contribution to the concluded 
verdict. The interface includes additional visualization mod-
ules that display the SHAP-based feature importance scores 
for each prediction, allowing end-users to examine which 
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The model showed stable performance across all cancer-type 
evaluations including Colon, Prostate, Ovarian, Pancreatic, 
Brain, Liver, Head and Neck, Esophagus, Lung, Breast, Stom-
ach, Bladder, Cervical, Endometrium, Sarcoma, Testicular, 
Melanoma, Kidney, Leukemia, and Thyroid types, displaying 
the robustness of the model in identifying heterogeneous muta-
tion–impact relationships with different tumor origins. SHAP 
interpretability analysis allowed insight into the decision 
process utilized by the models. Functional scores (SIFT, Poly-
Phen-2, and CADD) were consistently identified as influential 
predictors across models, as far as overall model performance. 
A baseline comparison using standalone functional prediction 
scores (SIFT, PolyPhen-2, and CADD) demonstrated low-
er predictive performance compared to the proposed hybrid 
model, highlighting the advantage of integrating multi-feature 
machine learning approaches. Gene type, mutation type, and 
cancer type were also identified as major contributors, further 
supporting the biological importance of predicting mutation 
pathogenicity. Overall, these insights validated that the model 
was basing predictions on biologically meaningful patterns of 
evidence versus artifacts of the dataset, as shown in Figure 2.

biological and computational features had the strongest in-
fluence over the model's decision. Additional panels display 
mutation-specific profiles, functional annotations, and curated 
literature-based evidence to support clinical reasoning. Fur-
thermore, the system provides additional supporting practices. 
In short, the implementation context converts the predictive 
framework to a user-friendly, clinically relevant tool that can 
help oncologists, researchers, and genetic analysts in variation 
interpretation and precision medicine decision-making.

�   Results and Discussion 
In this study, the hybrid multi-class classification framework 

exhibited strong predictive ability across all of the mutation 
categories analyzed and successfully leveraged ensemble 
learning approaches, as well as deep learning architectures, 
to model diverse genomic relationships. This system was 
trained on uniformly prepared datasets that included genom-
ic, functional, and clinical features from COSMIC, ClinVar, 
and cancer-type-specific annotation sources. Gene identifiers, 
mutation categories, chromosome coordinates, clinical signifi-
cance labels, and functional scores such as SIFT, PolyPhen-2, 
and CADD were included as inputs. All features were stan-
dardized and developed into structures that were ready for 
modeling, allowing for consistent learning across cancer types.

To take advantage of the complementary modeling ca-
pabilities of different methodologies, the pipeline utilized 
three traditional machine-learning methods: Random For-
est, Gradient Boosting, and Logistic Regression, which were 
implemented via Scikit-learn. The algorithms have high in-
terpretability of feature boundaries and good reliability in 
performance with structured tabular data. A combination of 
hyperparameters, such as the number of estimators (200–500), 
maximum depth (5–15), learning rate (0.05–0.2), and regular-
ization strength, was optimized using a grid-search approach. 
In parallel, a Convolutional Neural Network (CNN) was built 
using TensorFlow to capture nonlinear interactions and to 
identify higher-order genomic patterns that more traditional 
models often miss. The CNN architecture included an input 
layer that encoded the mutation features, two layers of convo-
lution with ReLU activation, a max-pooling layer for reduced 
dimensions, a fully connected dense layer, and a softmax out-
put layer to provide predictions related to the three impact 
classes, such as benign/low impact, moderate, and high impact. 
A stratified k-fold cross-validation approach was implemented 
to train and evaluate all models in a class-balanced manner, 
ensuring robustness, minimizing overfitting, and enabling fair 
performance comparison across impact categories while pre-
serving the original class distribution in each fold, as shown 
in Figure 1.
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Figure 1: Training dynamics of the CNN-based variant classification model 
across 30 epochs. The blue lines in the plots show training, and red represents 
validation performance for accuracy, loss, precision, and recall over successive 
epochs. Overall, accuracy/precision/recall increase while loss decreases, 
indicating progressive learning and convergence, with close training–validation 
trends suggesting reasonable generalization.

Figure 2: Streamlit-based Cancer Mutation Analysis Platform for precision 
oncology. The GUI enables real-time mutation impact prediction by 
entering genomic details (gene, variant, chromosome/position) and clinical 
context (cancer type, mutation type, known clinical significance). Functional 
annotation scores (e.g., SIFT, PolyPhen/CADD, CADD) are displayed 
alongside the input fields, with dedicated tabs for ML prediction, treatment 
options, and clinical trials to support actionable interpretation.
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support, such as therapy ranking and risk associated with mu-
tations. The real-time and interactive dashboard converted 
complex genomic predictions into usable output for clinicians.

Traditionally, mutation interpretation methods, includ-
ing rule-based scoring systems (SIFT, PolyPhen-2, etc.) and 
manual curation methods, rely heavily on evolutionary conser-
vation, expert assessment, and statistical assumptions. While 
these approaches were fundamental to the discovery of driver 
mutations, serious challenges still exist with the speed of pro-
cessing, the expense of genome validation, limited prediction 
for rare variants, and the inability to use them in real-time 
clinical workflows. As shown below in Table 2, it summariz-
es an overview and comparison between the proposed hybrid 
multi-class classification system and established functional 
prediction tools in terms of key operational and clinical factors.

Compared to recent AI-based frameworks such as Moon-
light and MAGICAL, the proposed model integrates both 
ensemble and deep learning approaches with SHAP-based 
interpretability, enabling not only high predictive performance 
but also transparent feature-level explanations, which are of-
ten limited in existing models. The future scope of this study 
includes the addition of additional omics layers, including 
transcriptomics and proteomics, to the dataset, along with the 
integration of graph neural networks (GNNs) to model gene–
gene and protein–protein interaction networks. The system 
will be implemented as a cloud-based clinical decision-sup-
port tool to interface with hospital EMR systems to improve 
the treatment recommendation module using reinforcement 
learning for personalized therapy selection. The model will be 
expanded to predict survival, predict drug response, and ac-
count for multi-mutation interactions.

�   Conclusion 
This research outlines a thorough process for assessing 

the functional implications of cancer mutations using a hy-
brid approach that uses machine-learning and deep-learning 
methods with a streamlined approach. By employing ge-
nomic annotations from COSMIC, ClinVar, and VEP, the 
model takes advantage of using separate yet complementary 
sources of information for high predictive accuracy. The hy-
brid approach includes ensemble methods and a convolutional 

The amalgamated Streamlit framework effectively enabled 
real-time predictions by the model. Users can enter the relevant 
mutations, see predicted impact classes, view SHAP-based 
contributions of features, and eventually see recommendations 
for treatment prioritization. Specific patient simulations can 
be run, including the PIK3CA p.R175H sitting in Head and 
Neck, which are consistently classified with high confidence, 
and our system offers treatment options for the patient that 
adhere to existing standards in precision oncology, Low Im-
pact, Moderate Impact, and High Impact, as shown in Figure 
3.

For lower-impact mutations, the system prioritized targeted 
therapies against immunotherapies and standard chemothera-
peutic strategies based on the efficacy score agreed upon by the 
model, as shown in Figure 4.

In general, the results show that the combined modeling 
approach yields accurate, interpretable, and clinically relevant 
predictions. At approximately 90% accuracy, the framework is 
an effective tool for assisting with mutation prioritization and 
treatment planning and is scalable to encompass precision on-
cology approaches. The main findings of the study constitute 
a consolidated genomic dataset incorporating both COSMIC, 
ClinVar, and VEP, increased feature completeness and trust in 
predictions, and a trained CNN with ensemble learning sub-
stantially increased accuracy in predicting the pathogenicity of 
mutations. SHAP analysis indicated that conservation metrics, 
along with functional predictions, were the most important 
factors influencing the model’s decision. The overall system 
provided actionable information to inform clinical decision 
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Figure 3: Predicted mutation impact class probabilities generated by the 
classification model. The bar chart shows the model’s softmax probability 
distribution across three outcome classes, i.e., Low, Moderate, and High 
impact. In this prediction, the variant is assigned the highest likelihood of 
Low Impact (78%), with lower probabilities for Moderate Impact (15%) and 
High Impact (7%), supporting transparent, confidence-aware interpretation.

Table 2: Comparative Analysis Between Existing Approaches and Proposed 
Framework.

Figure 4: Treatment recommendation and predicted efficacy visualization 
from the deployed platform. The interface lists high-priority treatments and 
additional options, and displays a bar plot of predicted treatment efficacy for 
each strategy (e.g., targeted therapy, immunotherapy, monitoring, standard 
therapy, standard chemotherapy). Bars are annotated by confidence level (low/
medium/high), providing an interpretable, decision-support view to help 
contextualize model-driven recommendations for precision oncology.
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neural network (CNN) to model both linear and non-linear 
mutation effects that improve the classification performance 
across different variant types. The use of SHAP-based in-
terpretability guarantees transparency while identifying 
feature-specific contributions that are consistent with biolog-
ical rationale. The application of the predictive model with 
a Streamlit user interface allows for expedient real-time de-
termination of the mutation effect, which can help inform 
clinical and research-based decisions. In summary, this process 
demonstrates great promise for improving workflows in pre-
cision oncology through improved predictive capability and 
interpretability. This model builds a scalable future basis for 
clinical decision-support mechanisms, while emphasizing the 
value of multi-source genomic data in conjunction with mod-
ern computational approaches.
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