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Abstract 

Background:  When genes are translated into proteins, mutations in the gene 
sequence can lead to changes in protein structure and function as well as in the 
interactions between proteins. These changes can disrupt cell function and contribute 
to the development of tumors. In this study, we introduce a novel approach based 
on graph neural networks that jointly considers genetic mutations and protein interac-
tions for cancer prediction. We use DNA mutations in whole exome sequencing data 
and construct a heterogeneous graph in which patients and proteins are represented 
as nodes and protein-protein interactions as edges. Furthermore, patient nodes are 
connected to protein nodes based on mutations in the patient’s DNA. Each patient 
node is represented by a feature vector derived from the mutations in specific genes. 
The feature values are calculated using a weighting scheme inspired by information 
retrieval, where whole genomes are treated as documents and mutations as words 
within these documents. The weighting of each gene, determined by its mutations, 
reflects its contribution to disease development. The patient nodes are updated 
by both mutations and protein interactions within our noval heterogeneous graph 
structure. Since the effects of each mutation on disease development are different, we 
processed the input graph with attention-based graph neural networks.

Results:  We compiled a dataset from the UKBiobank consisting of patients with a can-
cer diagnosis as the case group and those without a cancer diagnosis as the control 
group. We evaluated our approach for the four most common cancer types, which 
are breast, prostate, lung and colon cancer, and showed that the proposed framework 
effectively discriminates between case and control groups.

Conclusions:  The results indicate that our proposed graph structure and node updat-
ing strategy improve cancer classification performance. Additionally, we extended 
our system with an explainer that identifies a list of causal genes which are effective 
in the model’s cancer diagnosis predictions. Notably, some of these genes have already 
been studied in cancer research, demonstrating the system’s ability to recognize causal 
genes for the selected cancer types and make predictions based on them.
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Background
Cancer is one of the leading causes of death globally [1], with its development driven 
by genetic alterations that disrupt normal cellular processes, leading to uncontrolled 
growth and metastasis. The genetic changes play a central role in the initiation and pro-
gression of tumors [1]. Various types of genetic data have been used for cancer research, 
such as gene and RNA expression levels [2–12] and DNA methylation patterns [3, 5, 8, 
9, 13, 14]. However, the main source of genetic information is DNA and can be accessed 
through DNA sequencing techniques.

Recent advancements in DNA sequencing technologies have significantly enhanced 
the speed, accuracy, and cost-effectiveness of sequencing, facilitating the creation of 
large sequencing databases. In [15, 16], whole genome sequencing data are utilized and 
processed with various statistical methods and available genomics tools to detect novel 
biomarkers for cancer. Besides statistical methods, machine learning methods are of 
great importance to draw meaningful inferences from the vast amount of data gener-
ated. Genetic mutations can be identified using the sequencing data by variant calling 
methods. Mutations can be analyzed directly, rather than working with the raw genomic 
sequences, in order to reduce the computational load on processing systems. Muta-
tion data, in the form of single nucleotide variants (SNVs) and copy number variations 
(CNVs), have been used to explore the genetic basis of cancer in recent studies [3, 5, 8, 
9, 13, 14]. Mutations in genes can also alter protein function since genes provide the 
instructions for protein synthesis. Such changes can disrupt protein-protein interac-
tions, potentially impacting cellular processes such as growth and spread and eventually 
contribute to tumorigenesis [1]. In this study, we propose an approach that integrates 
information on both mutations and protein interactions for cancer prediction.

Proteins engage in numerous interactions to facilitate a wide array of biological pro-
cesses [17]. These Protein-Protein Interactions (PPIs) can be represented as a graph, 
where proteins are the nodes and the interactions between them form the edges. With 
recent advancements in graph-based neural networks, PPI networks have become an 
essential tool for genetic disease-related studies, providing a structured representation 
of the complex relationships between proteins [2]. For example, [3] introduced a graph-
based framework for novel cancer gene discovery, leveraging Graph Neural Networks 
(GNNs) for node-level classification. In this approach, genes within the PPI network 
were labeled based on their relevance to cancer (either cancer-related or non-cancer-
related). Graph Convolutional Networks (GCNs) were then applied to predict whether 
unlabeled genes were associated with cancer. In another study [4], a PPI network was 
constructed for each individual patient, and the network was classified using a Graph 
Isomorphism Network (GIN) architecture to detect disease subnetworks. Another form 
of graph used in disease-related studies is the patient similarity network. In these net-
works, patients are represented as nodes, with omics data serving as the features for each 
node. Edges are formed by calculating a similarity score between the patient features, 
and an edge is created between two nodes if their similarity score exceeds a predefined 
threshold. Patient similarity networks have been processed using GNNs in recent cancer 
studies for tasks such as survival analysis, as well as cancer type and subtype classifica-
tion [18–20]. These studies primarily utilize homogeneous graphs, where a single type 
of entity (proteins or patients) is represented as nodes. In PPI-based studies, proteins 
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serve as the nodes, and patient features are mapped onto them. Similarly, in patient sim-
ilarity networks, patients are the nodes, and protein interactions are not incorporated 
into the model. However, a more comprehensive approach can involve heterogeneous 
graphs, where both patients and proteins are represented as distinct types of nodes. This 
approach would allow for the analysis of the relation between protein interactions and 
the cancer state of patients through the message passing mechanism of the graph.

In this study, we propose an attention-based graph neural network (GNN) with a het-
erogeneous graph structure, named GNNMutation, designed to classify cancer patients 
based on DNA mutations and protein interactions. The gene mutation data from the 
UK Biobank [21] were used, encompassing a cohort of patients both with and without 
a cancer diagnosis. Among the various types of cancer, breast cancer is the most preva-
lent in women, while prostate cancer in men [22]. Lung and colon cancers rank as the 
second and third most common types in both sexes [22]. Accordingly, we have selected 
these four cancer types for our case study. In addition to leveraging DNA mutation data, 
we enrich this information with protein-protein interaction (PPI) data to enhance the 
model’s predictive capability. GNNMutation operates in a heterogeneous graph environ-
ment, integrating patient mutation data with PPI data. The graph structure defines two 
distinct types of nodes: patients and proteins. Gene mutations and protein interactions 
are represented as edges within the graph. To the best of our knowledge, this is the first 
study to conceptualize patients as separate nodes while combining patient data, muta-
tions, and proteins in a unified heterogeneous graph structure. In GNNMutation, we not 
only incorporate protein-protein interaction edges but also define directed edges from 
protein nodes to patient nodes, based on corresponding gene mutations. These protein-
to-patient edges enable the transfer of information from proteins to patients, enhancing 
the overall information flow and improving classification performance. GNNMuta-
tion demonstrates a high capacity for distinguishing between cancer cases and control 
groups. The explanatory part of GNNMutation specifies the causal genes that lead to the 
development of the disease.

The key contributions of our work can be summarized as follows: 

1.	 A novel heterogeneous graph structure has been proposed for the representation of 
patients, DNA mutations and proteins for disease classification.

2.	 Both the protein interaction information and mutation information have been trans-
ferred into the decision mechanism by defining corresponding edges.

3.	 The parameters of the classification model have been examined to identify a list of 
causal genes that reflect the effectiveness of the proposed heterogeneous graph mod-
eling approach.

Methods
In this study, we propose a heterogeneous graph-based framework for cancer detec-
tion. The input of the system is a novel heterogeneous graph that models patients, DNA 
mutations and proteins in a single graph. This graph represents the protein-protein 
interactions and DNA mutations by defining edges between the corresponding patient 
and protein nodes. A graph attention network (GAT) classifier is applied on this graph 



Page 4 of 17Özcan Şimşek et al. BMC Bioinformatics          (2025) 26:153 

to decide whether an unlabeled patient has cancer or not. An explainer module in the 
framework examines the GAT model parameters and suggests a list of causal genes for 
each cancer type. Figure 1 shows an overview of the proposed framework.

Dataset

We utilized the variant call format (VCF) files [23] of the whole exome sequencing data 
from UKBiobank [21]. The sequencing data is obtained from blood samples. Therefore, 
no biopsy or tumor sample is required for our framework. From the data to which we 
have access rights, we randomly selected 1000 patients diagnosed with the cancer type 
that we investigate. For the control group, we randomly selected the same number of 
patients without a cancer diagnosis. Four most common cancer types are tested with the 
proposed method: breast, prostate, lung and colon.

Our gene set is based on the mutated genes in the VCF files. Then we selected genes 
that are also listed in the Hallmark gene sets [24]. From this set, we selected genes that 
produce proteins in the physical protein-protein interaction (PPI) network of StringDB 
[25]. Based on the resulting list of genes, we selected a subset of the physical PPI net-
work of StringDB and used it as the PPI network for our tests.

GNNMutation

Heterogeneous graph

We formulate our problem as a node classification problem on a global graph. We have 
defined a heterogeneous graph model to represent patients, mutations and proteins 
together. To the best of our knowledge, this is the first study to construct a heteroge-
neous graph that combines protein and mutation information and defines patients as 
separate nodes. We constructed a global graph G = (P,Pr,Eppi,Emut) where P repre-
sents the patient nodes, Pr represents the protein nodes, Eppi represents the edges from 
the PPI network, and Emut represents the edges based on mutations. We used proteins 
as nodes and defined the edges between proteins based on the StringDB physical PPI 
network. The protein-protein edges ( Eppi ) in the graph were defined as undirected. We 
used patients as nodes and defined edges from proteins to patients if there is a mutation 
in the gene that produces the protein for that patient. The protein-patient edges ( Emut ) 

Fig. 1  Overview of GNNMutation: The input of the framework is a heterogeneous graph modeling DNA 
mutations and protein interactions. GAT classifier is applied to decide whether a patient has cancer or not. 
The explainer module examines classifier parameters and outputs a list of predicted causal genes
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in the graph were defined as directed. In this way, the patient nodes are updated directly 
by mutation information and indirectly by protein interactions. The protein nodes are 
only updated by the PPI network. Based on these updates, the network predicts the class 
label for test patients. An example input graph can be found in Fig. 2. In the figure, the 
PPI network is in the center. The patient nodes are scattered over the PPI. The small 
blue nodes are the protein nodes (Pr). The protein-protein edges ( Eppi ) are represented 
as black lines. The large nodes are the patient nodes (P). The red and green P nodes are 
the train patient nodes and the grey P nodes are the test patient nodes to be predicted. 
Protein-patient edges ( Emut ) are represented as yellow arrows. For patient nodes, we cal-
culated mutation importance vectors for each patient and used them as node features. 
For protein nodes, we assigned one-hot vectors for each protein and used them as node 
features. The length of the one-hot vector was equal to the number of proteins in the 
graph. For each protein, the coordinate of the 1 element in the one-hot feature vector 
was different. In other words, all proteins had different feature vectors.

Patient feature vectors

For each patient, we calculated a feature vector that summarizes the significance of 
each mutation information in the VCF files. We applied the feature type that per-
formed best in our previous study [26], namely bm25-tf-rf. In [26], cancer classifica-
tion was performed with different feature weighting methods containing bm25-tf-rf 
and other statistical and mutation scoring schemes and the test results suggested that 
bm25-tf-rf outperformed other feature weighting methods. Term-frequency rele-
vance-frequency (tf-rf) is a supervised statistical measure originally proposed in the 
field of text-based information retrieval [27]. We can clarify the meaning of the term 
tf-rf for text data with an example. Assume we have ocean and forest classes in a doc-
ument classification setup. There are class-specific words such as water and whale for 
the ocean class and tree and bird for the forest class. These words are more important 
for the class prediction than stop words such as a and the. The word whale is more 

Fig. 2  Heterogeneous graph of patients and genes: Small blue nodes are the gene nodes and make a PPI 
network among themselves. Big nodes with P letter are the patient nodes. Red represents cancer patients, 
green represents no cancer patients and grey represents test nodes to be predicted
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informative for ocean class prediction but has no significance in forest class predic-
tion. tf-rf term assigns class specific weights to the words. For our example, we define 
two weights for the word whale, one for each class. The weight of the word whale 
calculated for the ocean class is greater than for the forest class. Therefore, it is more 
effective in predicting the ocean class than in predicting the forest class. Similarly, 
the weight of the word tree calculated for the forest class is greater than for the ocean 
class.

Inspired by these class-related words, we want to model some DNA mutations as dis-
ease-related mutations. We want to include them in the decision mechanism depend-
ing on their significance for the specific disease. If a mutation m is found significantly 
more often in patients with disease d1 than in patients with disease d2, than we can con-
clude that it represents a higher indication for disease d1. With tf-rf, we want to assign 
weights for mutations proportional to their significance for the disease. This significance 
is presented in the relevance-frequency (rf) component. We expect to calculate higher 
rf values for cancer classes for the disease-related genes. For example, rf metrics calcu-
lated for GABRA3 are 1.184751598 for breast cancer and 1.025137749 for non-cancer 
patients. In [28], it is shown that high expression of GABRA3 is inversely correlated with 
breast cancer survival. Another example can be PLAC8. rf metrics calculated for PLAC8 
are 1.181244553 for breast cancer and 1.027704319 for non-cancer patients. In [29], it is 
shown that higher PLAC8 expression was correlated with worse outcome and aggressive 
phenotype in breast cancer. Another example can be AKAP4. rf metrics calculated for 
AKAP4 are 1.171182982 for breast cancer and 1.035242675 for non-cancer patients. In 
[30], it is suggested that AKAP4 may be used as serum based diagnostic test for an early 
detection and diagnosis of breast cancer. From these examples, it is clearly seen that tf-
rf metric assigns higher values to gene mutations which are related to specific cancer 
types. The difference between assigned values may be small, but with the interactions in 
the graph, they help to predict cancer cases with higher success rates.

The term-frequency (tf) in our domain is taken as the count of mutations of a gene 
in a patient. The relevance-frequency (rf) measures how important this gene mutation 
is for each class, in our case for cancer or non-cancer patients. The final tf-rf value is 
obtained by multiplying these two parameters as in Eq. 1. This reflects the degree of 
impact of gene mutations when considering the patient’s DNA mutations and also all 
DNA mutations for the patient’s class. Therefore, we can say that this metric summa-
rizes both the personal and global mutation information for a patient.

For bm25-tf-rf, we have replaced the term tf in tf-rf with the term tf in the BM25 for-
mula [31] as in Eq. 2. The use of bm25-tf introduced a smoothing effect over tf with the 
parameter k and prevented the tf parameter from increasing too much depending on the 
number of mutations (Eq. 3). With bm25-tf-rf, the gene mutations are weighted accord-
ing to their significance both for the patient (represented in the term BM25-tf  ) and for 
the patient’s class (represented in the term rf). rf term is calculated by comparing the 
gene mutation counts in classes with the terms a for the patient’s class and b for the 
other class, as shown in Eq. 4. The class information in the formula enables the class-
related mutations to have higher feature values and therefore have a greater impact on 
the predictions. When a system is trained with this information, it can create an internal 
profile of the disease classes and make more accurate predictions based on this.
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GNN model

After deciding on the heterogeneous graph structure and features, we need to select a 
graph network. There are different GNN types and implementations. The most com-
monly used graph network is GCN. But the GCN implementation of the PyG [32] library 
does not support graphs with edges connecting different node types. Also, we want to 
differentiate between mutation-based updates for a patient, as not every mutation affects 
disease development equally. Therefore, we chose GAT [33] as our graph network. With 
the attention mechanism, the network learns the edge weights during training and dif-
ferentiates the effect of each node update by edges based on the input data.

Explainer model

Before explainer methods, classification algorithms used to be black box methods. Now-
adays, interpretation libraries allow us to understand how these complex methods make 
decisions. In this study, we applied Captum [34] explainer to find the roots of the predic-
tions of our heterogeneous graph based model. Our goal is to evaluate and compare the 
impact of gene mutations on the final class decisions for patients. We computed inte-
grated gradients (IG) [35] on protein-patient edges for cancer patients. The edges with 
higher attribution values indicate that the gene producing the protein in the source of 
the edge has a greater impact on disease detection and development. To obtain attribu-
tion scores, we first transformed our heterogeneous model into a Captum heterogene-
ous model. Second, we converted our inputs from our heterogeneous graph into Captum 
inputs. Then, we computed the IG attribution algorithm for all protein-patient edges in 
our Captum inputs using our Captum heterogeneous model for cancer samples. We for-
mulate our deep model as a function F : Rn → [0, 1] . We have our feature vectors and a 
set of nodes and edges and our model aims to perform a binary classification. Let x ∈ Rn 
be the input at hand, and x′ ∈ Rn be the baseline input. The integrated gradient along the 
ith dimension for an input x and the baseline x′ is defined in Eq. 5.

Implementation and experiment design

GNNMutation model is implemented in Python with the PyG library [32]. The best per-
forming model for our heterogeneous graph is GAT with 2 levels. We tuned the net-
work parameters with several tests. The reported results are with the best parameters, 

(1)tf-rf = tf ∗ rf

(2)BM25-tf-rf = BM25-tf ∗ rf

(3)BM25-tf = ((k + 1) ∗ tf )/(k + tf )

(4)rf = log(2+ a/max(1, b))

(5)IGi(x)::=(xi − xi
′) ∗

∫ 1

α=0

∂F(x′ + α(x − x′))

∂xi
dα
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namely 128 for the number of hidden units, 8 for the number of GAT heads and 0.001 
for the learning rate. We performed our tests with transductive learning. All tests were 
performed with 3 repeats of 10-fold cross-validation by keeping the rate of case–control 
samples equal in each fold. The average accuracy with standard deviation are used as a 
performance measure for comparisons. The best parameters were selected according to 
the accuracy on the validation set. Reported accuracies were calculated using the test 
set. We also report the sensitivity, specificity, Matthews correlation coefficient (MCC), 
the area under the curve (AUC), the area under the precision-recall curve (AUPRC) and 
f1-score metrics.

To determine the effect of the graph data model on classification performance, we 
selected algorithms without graph input for comparison. We applied logistic regres-
sion (LR) and multilayer perceptron (MLP) with 4 layers. We also applied Model-Half 
from our previous study [26]. To our knowledge, for VCF data and cancer classification, 
Model-Half provides the state-of-the-art results. We used the same patient feature vec-
tors as input for these algorithms. For the graph-based comparison, we followed the gen-
eral approach of most studies. We created a homogeneous graph for each patient which 
is the same PPI network used in the heterogeneous graph for GNNMutation. The nodes 
are the proteins and the edges are defined based on protein interactions. We assigned 
the patient features to the protein nodes in this graph such that each node is assigned 
the corresponding bm25-tf-rf value for that protein. This is a graph classification setup. 
For processing unit, the same GAT configuration is used as GNNMutation. We named 
this model as HomogeneousGNN.

Results and discussion
Comparison of different numbers of protein‑patient edges

We defined our protein-patient edges based on the genes that have maximum feature 
values for each patient. We connected each patient to the k proteins that have the high-
est mutation scores in the patient’s feature vector. For the initial tests, we selected k as 
100 genes for each patient. We repeated our tests with different number of genes. The 
classification test results with different number of protein-patient edges per patient are 
shown in Table 1. The validation set accuracy values are parallel to the test set results. 
For breast cancer, increasing the number of genes first leads to improved accuracy. How-
ever, when the number of edges exceeds a threshold, in our case 300 genes, the accuracy 
value starts to decrease. This may be due to the fact that, in graph networks, nodes can 
have similar values after certain runs when they are updated by similar edges. This simi-
larity makes it difficult to differentiate between nodes and degrades performance. The 

Table 1  Classification test accuracy results with different number of protein-patient edges per 
patient (The highest scores are shown in bold, the standard deviation is given in paranthesis)

Edge Breast Prostate

Max 100 0.740 (0.008) 0.847 (0.003)

Max 200 0.824 (0.006) 0.800 (0.025)

Max 300 0.903 (0.003) 0.871 (0.018)
Max 400 0.873 (0.019) 0.841 (0.018)
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highest accuracy for both breast and prostate cancer is achieved by selecting k as 300 
genes.

Comparison of different protein‑patient edge strategies

The input for GNNMutation is a heterogeneous graph of protein and patient nodes. 
There are two types of edges in the input graph. The protein-protein edges were defined 
according to the PPI network. The protein-patient edges were defined based on the 
mutations in the genome of the patient. Each patient node is connected to the 300 pro-
teins for which the corresponding genes of the patient have the highest (i.e., maximum) 
mutation scores. To validate our approach and demonstrate the impact of the mutation 
information, we also created a graph where each patient node is connected to 300 ran-
domly selected protein nodes.

The classification test results for these two protein-patient edge strategies are shown 
in Table 2. The validation set accuracy values are parallel to the test set results. It can 
be seen from this table that maximum selection leads to higher accuracy for both can-
cer types. Random selection leads to poor results, demonstrating that incorporating PPI 
information with mutation information is essential and leads to a powerful approach for 
cancer detection.

Comparison of algorithms

Classification test results are presented in Tables  3, 4, 5 and 6. We tested our data 
with three algorithms, LR, MLP and Model-Half, which don’t use a graph structure. 
LR leads to better accuracy compared to MLP for all four cancer types. LR also leads 
to higher f1-score compared to MLP in all our tests. Model-Half is more accurate 

Table 2  Classification test accuracy results with different protein-patient edge strategies. In the 
first strategy, each patient node is connected to the proteins for which the mutation scores in 
the patient feature vector are maximum. In the second strategy, each patient node is connected 
to random protein nodes. Thus, the first strategy incorporates mutation information, whereas the 
second strategy doesn’t (The highest scores are shown in bold, the standard deviation is given in 
paranthesis)

Edge Breast Prostate

Max 300 0.903 (0.003) 0.871 (0.018)
Random 300 0.495 (0.003) 0.495 (0.005)

Table 3  Classification test results for breast cancer (The highest scores are shown in bold, the 
standard deviation is given in paranthesis)

Model Accuracy Sensitivity Specificity MCC AUC​ AUPRC F1-Score

LR 0.722 
(0.000)

0.734 
(0.000)

0.710 
(0.000)

0.445 
(0.000)

0.722 
(0.000)

0.792 
(0.000)

0.725 
(0.000)

MLP 0.698 
(0.006)

0.728 
(0.050)

0.669 
(0.063)

0.423 
(0.017)

0.698 
(0.006)

0.792 
(0.001)

0.691 
(0.022)

Model-Half 0.737 
(0.004)

0.756 
(0.012)

0.718 
(0.017)

0.476 
(0.008)

0.737 
(0.004)

0.804 
(0.003)

0.741 
(0.003)

HomogeneousGNN 0.501 
(0.000)

0.402 
(0.000)

0.599 
(0.000)

0.004 
(0.000)

0.501 
(0.000)

0.734 
(0.000)

0.271 
(0.000)

GNNMutation 0.903 
(0.003)

0.857 
(0.002)

0.949 
(0.003)

0.806 
(0.003)

0.903 
(0.003)

0.935 
(0.002)

0.895 
(0.001)
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compared to LR and MLP, which is consistent with our previous study [26]. For pros-
tate cancer, LR and Model-Half performances are similar considering all of the per-
formance metrics calculated in this study. When GNNMutation is considered, we 
find that the classification accuracy, MCC, AUC, AUPRC and f1-score values are sig-
nificantly better than all three algorithms. For breast cancer, GNNMutation achieves 
an accuracy of 90.3% , for prostate cancer 87.1% , for lung cancer 81.3% and for colon 
cancer 81.6% . The difference in all performance metrics indicates that GNNMu-
tation is more stable and more accurate compared to non-graph based algorithms. 
The improved performance of GNNMutation is the result of the graph input model. 
By using the graph representation, the additional biological system information is 

Table 4  Classification test results for prostate cancer (The highest scores are shown in bold, the 
standard deviation is given in paranthesis)

Model Accuracy Sensitivity Specificity MCC AUC​ AUPRC F1-Score

LR 0.803 
(0.000)

0.793 
(0.000)

0.813 
(0.000)

0.609 
(0.000)

0.803 
(0.000)

0.854 
(0.000)

0.801 
(0.000)

MLP 0.746 
(0.016)

0.764 
(0.047)

0.729 
(0.036)

0.517 
(0.027)

0.746 
(0.016)

0.833 
(0.008)

0.733 
(0.033)

Model-Half 0.805 
(0.005)

0.808 
(0.007)

0.801 
(0.005)

0.611 
(0.010)

0.805 
(0.005)

0.854 
(0.003)

0.805 
(0.005)

HomogeneousGNN 0.499 
(0.000)

0.600 
(0.000)

0.399 
(0.000)

0.007 
(0.000)

0.499 
(0.000)

0.700 
(0.000)

0.400 
(0.000)

GNNMutation 0.871 
(0.018)

0.874 
(0.055)

0.868 
(0.021)

0.757 
(0.031)

0.871 
(0.018)

0.910 
(0.008)

0.867 
(0.030)

Table 5  Classification test results for lung cancer (The highest scores are shown in bold, the 
standard deviation is given in paranthesis)

Model Accuracy Sensitivity Specificity MCC AUC​ AUPRC F1-Score

LR 0.722 
(0.000)

0.716 
(0.000)

0.728 
(0.000)

0.446 
(0.000)

0.722 
(0.000)

0.792 
(0.000)

0.719 
(0.000)

MLP 0.661 
(0.039)

0.665 
(0.018)

0.657 
(0.090)

0.352 
(0.062)

0.661 
(0.039)

0.775 
(0.012)

0.625 
(0.037)

Model-Half 0.732 
(0.005)

0.736 
(0.006)

0.728 
(0.005)

0.465 
(0.010)

0.732 
(0.005)

0.799 
(0.004)

0.733 
(0.005)

HomogeneousGNN 0.500 
(0.000)

0.600 
(0.000)

0.400 
(0.000)

0.002 
(0.000)

0.500 
(0.000)

0.750 
(0.000)

0.400 
(0.000)

GNNMutation 0.813 
(0.012)

0.853 
(0.027)

0.773 
(0.027)

0.645 
(0.017)

0.813 
(0.012)

0.869 
(0.005)

0.820 
(0.016)

Table 6  Classification test results for colon cancer (The highest scores are shown in bold, the 
standard deviation is given in paranthesis)

Model Accuracy Sensitivity Specificity MCC AUC​ AUPRC F1-Score

LR 0.716 
(0.000)

0.723 
(0.000)

0.709 
(0.000)

0.433 
(0.000)

0.716 
(0.000)

0.787 
(0.000)

0.718 
(0.000)

MLP 0.675 
(0.006)

0.674 
(0.043)

0.676 
(0.043)

0.382 
(0.018)

0.675 
(0.006)

0.777 
(0.003)

0.644 
(0.016)

Model-Half 0.736 
(0.007)

0.755 
(0.005)

0.718 
(0.008)

0.474 
(0.012)

0.736 
(0.007)

0.804 
(0.004)

0.741 
(0.006)

HomogeneousGNN 0.500 
(0.000)

0.600 
(0.000)

0.400 
(0.000)

0.002 
(0.000)

0.500 
(0.000)

0.750 
(0.000)

0.400 
(0.000)

GNNMutation 0.816 
(0.022)

0.826 
(0.028)

0.806 
(0.057)

0.656 
(0.037)

0.816 
(0.022)

0.876 
(0.015)

0.816 
(0.021)



Page 11 of 17Özcan Şimşek et al. BMC Bioinformatics          (2025) 26:153 	

appended to the features. And by using a GNN model, the messaging between the 
nodes enable the information transfer from proteins to patients. By modeling the 
GNN in multiple layers, not only mutation information but also the protein interac-
tions are used to update the patient nodes.

We also compared our system with a homogeneous graph-based model. When we 
consider the classification results of HomogeneousGNN, we see that it cannot differ-
entiate between case and control patients with the input parameters and the homoge-
neous graph structure. When we compare two graph-based methods, we see that GAT 
can learn from the data and is able to distinguish between different classes based on the 
definition of the heterogeneous graph structure.

If we look at Tables 1, 3 and 4 together, we can also see that even the lowest accuracy 
of the proposed system, GNNMutation, is better than all other methods tested in this 
study. If we look at the highest score of GNNMutation, it clearly outperforms the other 
methods and produces a significant leap in performance. When we consider sensitivity 
and specificity values, GNNMutation outperforms the other methods on these metrics 
as well. For breast cancer, the specificity of GNNMutation is higher. For prostate cancer, 
the sensitivity of GNNMutation is higher. But for each cancer type, the two metrics are 
close to each other. We can conclude that GNNMutation can model one class better, but 
overall it can distinguish between case and control patients with a higher classification 
performance compared to the other algorithms listed here.

Ablation study

GNNMutation has many components that work together to achieve high classification 
accuracy. In this ablation study, we subtracted one component of GNNMutation at a 
time to determine its contribution to the results. We decomposed four components of 
GNNMutation, namely the feature weighting technique, the GNN component, the 
graph structure, and the edge selection strategy. For four models in our ablation study, 
we excluded one component in each one. To exclude the GNN component, we tested 
our data with Model-Half by using the same bm25-tf-rf features. To exclude the hetero-
geneous graph structure, we tested our data with HomogeneousGNN using the same 
bm25-tf-rf features and the same PPI network. To rule out bm25-tf-rf feature weight-
ing, we tested our data with a GNNMutation model using the same graph but normal-
ized number of gene mutations as patient features. To exclude maximum edge selection 
strategy, we tested our data with a GNNMutation model using the same bm25-tf-rf fea-
tures and the same PPI network but random protein-patient edges. The details of these 
models and the proposed GNNMutation model (last row) can be found in Table 7.

Table 7  Ablation study details for GNNMutation

Model Feature weighting GNN 
component

Graph structure Edge selection

Model-Half bm25-tf-rf – – –

HomogeneousGNN bm25-tf-rf + homogeneous –

GNNMutation-rand bm25-tf-rf + heterogeneous Random

GNNMutation-nm num. of mutations + heterogeneous Max

GNNMutation bm25-tf-rf + heterogeneous Max
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We tested these models with breast and prostate cancer datasets. The results for the 
ablation study models and the proposed GNNMutation model are presented in Table 8. 
As we can see from these results, the success of GNNMutation is dependent on all four 
components. If we exclude one of them, the performance decreases significantly. The 
graph structure and the edge selection strategy are the most effective components of 
our model. Changing these parts almost halves the performance. The bm25-tf-rf fea-
ture weighting technique can be mentioned as the second important component after 
these two components. If we keep the same feature weights but extract the graph struc-
ture at all, the performance is higher compared to other ablation results. This shows the 
representation power of the features. But there is still a significant difference with the 
proposed model. This difference is made by the heterogeneous graph representation. 
The patients are represented as separate nodes and this allows the system to reflect the 
effects of other biological concepts on the patient nodes and predict the cancer status as 
a result of to these updates.

Discussion of explainer results

The input of the GNNMutation framework is a heterogeneous graph containing both 
patient and protein information. With the undirected protein-protein edges, the protein 
nodes update each other. With the directed protein-patient edges, the protein nodes 
update the patient nodes with mutation information and their interaction information. 
Graph-based frameworks make predictions that take these updates into account as well 
as the feature values. The explainer for the graph model extracts the rationale behind 
the framework’s decision mechanisms. We let the explainer evaluate the protein-patient 
nodes to see the effects of mutations and protein interactions on the predictions. We 
then select 20 genes with the highest scores for each cancer type. For visualization, we 
normalized the gene scores of the top 20 genes between 0 and 1.

The most effective genes and their normalized scores for breast cancer are shown in 
Fig. 3. [36] suggests that CASP9 transcriptional regulation is an important factor in the 
development of breast cancer. [37] proposes CASP9 as a biomarker and a therapeutic 
target in inflammatory breast cancer. [38] investigates the role of IQGAP2 in tumor 
angiogenesis in breast cancer. [39] investigates the role of IQGAP2 as a tumor suppres-
sor in breast cancer. [40] examines breast tissue microarrays and shows overexpression 
of MADD. [41] shows that the PFKP protein is highly expressed in triple-negative breast 
cancer (TNBC). [42] investigates that silencing NOTCH4 promotes tumorigenesis and 
inhibits metastasis in TNBC. [43] suggests that MED13L positively correlates with sur-
vival of patients with breast cancer. [44] finds that NEDD4 expression is a predictive 

Table 8  Ablation study results for GNNMutation (accuracy) (The highest scores are shown in bold, 
the standard deviation is given in paranthesis)

Model Breast Prostate

Model-Half (w/o GNN component) 0.737 (0.004) 0.802 (0.001)

HomogeneousGNN (w/o heterogeneous graph) 0.500 (0.000) 0.499 (0.000)

GNNMutation-rand (w/o max edge selection) 0.495 (0.003) 0.495 (0.005)

GNNMutation-nm (w/o bm25-tf-rf feature weights) 0.555 (0.010) 0.563 (0.011)

GNNMutation 0.903 (0.003) 0.871 (0.018)
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factor for the response to hormone therapy in breast cancer patients. [45] indicates 
upregulated MXRA5 expression in breast cancer tissue.

The most effective genes and their normalized scores for prostate cancer are shown 
in Fig. 4. ARHGEF3 is shown to be an oncogene and is proposed as a novel biomarker 
for the prediction of invasive prostate cancer in [46]. [47] associates high and interme-
diate levels of CCDC88A with higher prostate cancer survival. [48] finds that overex-
pression of DOCK4 is observed in primary prostate tumors in the TCGA dataset. [49] 
finds that CR-1 mRNA and protein are upregulated in prostate cancer and suggests that 
CR-1 expression may be a novel biological target for personalized therapy. [50] identi-
fies RXRA as a novel target in prostate cancer. PDLIM5 is reported to be abnormally 
enriched in prostate cancer tissues in [51]. According to [52], studies using various sys-
tems biology methods have highlighted NR3C1 as a potential gene in prostate cancer 
metastasis. SATB1 is shown to be overexpressed in metastatic prostate cancer in [53]. 

Fig. 3  Explainer results for breast cancer

Fig. 4  Explainer results for prostate cancer



Page 14 of 17Özcan Şimşek et al. BMC Bioinformatics          (2025) 26:153 

[54] finds that serum concentration of TYRO3 is significantly increased in men with 
localized or metastatic prostate cancer compared to men without prostate cancer.

We searched the literature if there exist research for top 20 of these proposed genes 
related with the corresponding cancer type by our explainer. We found that nearly half 
of them took part in previous studies. This shows that our framework emphasizes on 
proper genes for the selected cancer types. And also the rest of the genes that are pro-
posed by the explainer can be utilized as novel target genes for new cancer studies.

A real‑life simulation experiment for GNNMutation

Since the patient features of GNNMutation are based on class information, we con-
structed a simulation study to demonstrate how it can be applied in a real-life scenario 
where the class information (cancer or no-cancer) of a patient is not known. In this case, 
we have to consider the patient as being in both classes and compare the results for the 
final prediction.

We combined our training and validation sets and used them as a large training set, 
which makes up 90% of our dataset. The simulation test set consists of 10% of our data-
set. The class ratios are kept the same in all sets. For each test patient, we calculated 
two node feature vectors. We calculated one feature vector taking the patient as in case 
group and another feature vector taking the patient as in control group. For each test 
patient, we trained and tested GNNMutation twice with one of the feature vectors. 
We can illustrate this setup with an example. For breast cancer, we have a total of 2000 
patients in our dataset; 1000 patients for the case group and 1000 patients for the control 
group. We selected 1800 of these as the training set and 200 as the test set for the simu-
lation. For a case group patient, Pc , in the test set, we calculated a feature vector as the 
patient is in case group, Pc1 , and also a feature vector as the patient is in control group, 
Pc2 . We constructed two heterogeneous graphs: one with train set and Pc1 and one with 
train set and Pc2 . We applied GNNMutation on these two graphs. We then calculated 
the sum of the prediction probabilities for the case and control classes from these two 
runs and then decided on the final class prediction based on the highest overall predic-
tion probability. We repeated this for all 200 test patients. A single test run took about 
18 minutes on an Intel i9 machine with 64GB ram, linux operating system and NVIDIA 
GeForce GTX 1080 Ti graphic card. Since we performed two test runs for each patient, a 
decision for a patient lasted 36 minutes after feature vectors are calculated. The required 
time for the simulation is constant for any patient and every patient can be tested in 
parallel independent from others. The prediction performance results of our simulation 
study are presented in Table 9. The simulation accuracy results are lower then test accu-
racy results as expected. However, the obtained performance is still promising and dem-
onstrates the potential of the proposed method to be used as a non-invasive approach to 
aid cancer diagnosis and also predict causal genes.

Table 9  Classification results of GNNMutation for the real-life simulation experiment

Cancer type Accuracy Sensitivity Specificity

Breast 0.800 0.880 0.720

Prostate 0.720 0.630 0.810
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Conclusion
DNA mutations can affect the structure and function of the corresponding proteins. 
These effects can change the behaviour of a cell from normal to cancerous [1]. In this 
study, we propose an explainable graph-based framework to detect the genomic roots 
of cancer. We selected the four most common cancers for our tests. We utilized gene 
mutations from whole exome sequencing data and enrich them with protein interaction 
data. We modeled our input graph to contain separate patient and protein nodes. With 
this heterogeneous graph structure, we can model the effects of gene mutations and 
protein-protein interactions on patient decisions by defining corresponding edges. We 
compared our framework, GNNMutation, with both graph-based and non-graph based 
algorithms. Our test results show that the updates in the heterogeneous graph struc-
ture lead to a significantly better discrimination between case and control patients. Fur-
thermore, we employ an explainer module that examines GNNMutation and evaluates 
the genes according to their influence on cancer decision. Our literature search on these 
genes shows that many of them have already been studied and reported in association 
with the corresponding cancer types. Therefore, we suggest that the remaining genes in 
the explainer output list are candidate genes to be studied further for the selected cancer 
types. In addition, we created a simulation study to demonstrate how GNNMutation can 
be used in a real-life situation. GNNMutation has been trained and run on four cancer 
types but can be applied to any genomic disease.
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