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Motivation: Distinguishing between pathogenic cancer-associated mutations and other somatic
variants present in cell-free DNA (cfDNA) is one of the challenges in the field of liquid biopsy. This
distinction is critical, since the misclassification of mutations stemming from clonal hematopoi-
esis (CH) as tumor-derived and vice versa could result in inaccurate diagnoses and inappropriate
therapeutic interventions for patients.

Results: We addressed this by developing a specialized machine learning technique to differentiate
tumor- or CH-related mutations in cfDNA. We established a comprehensive in-house reference
catalog, comprising approximately 25,000 single nucleotide variants (SNVs), each linked to either

tumor or CH origin. This reference serves as a foundation for training a deep learning model,
which is structured on the semi-supervised generative adversarial network (SSGAN) architecture.
By analyzing genomic coordinates and nucleotide composition of c¢fDNA variants, our model
attains 95 % area under the curve (AUC) in classifying uncharacterized variants as CH or tumor-
derived. In conclusion, our research emphasizes the potential of genomic feature prediction, using
cfDNA data, to stand as a robust alternative to conventional multi-analyte sequencing methods.
This approach not only enhances the accuracy of distinguishing CH from tumor mutations in
liquid biopsy data, but also highlights the potential of advanced data analysis techniques and
machine learning in genomics and personalized medicine. Availability: https://github.com/
FPalizban/SSGAN.

1. Introduction

Liquid biopsy testing relies on the identification of cancer biomarkers within bodily fluids. These biomarkers encompass genetic
and epigenetic changes linked to cancer [1]. cfDNA is particularly important for clinical applications due to its advantages, such as its
minimally invasive collection and its ability to capture molecular alterations in tumors [1]. Nevertheless, somatic mosaicism in plasma
complicates the accurate interpretation of liquid biopsy results [2]. A substantial portion of current tests for cancer monitoring and
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early detection leverages somatic mutations as markers of malignancy. However, in recent years, the cancer-specificity of somatic
mutations in cfDNA has come under scrutiny, given the emerging realization that non-cancer-related events within the body can also
give rise to somatic mutations [3]. Clonal hematopoiesis (CH) is a biological phenomenon resulting from the expansion of white blood
cells originating from a single hematopoietic stem cell. It is often driven by mutations in genes that confer a competitive advantage to
hematopoietic stem cells (HSCs), particularly under certain physiological conditions [4]. CH is a natural facet of the aging process,
characterized by the accumulation of somatic mutations and the clonal expansion of hematopoietic stem cells [5]. Non-tumor-derived
CH mutations pose a challenge in analyzing liquid biopsies, introducing *background noise’ that hinders accurate diagnosis. Mis-
classifying CH mutations as tumor-derived somatic mutations may result in erroneous diagnoses and inappropriate therapeutic in-
terventions [6]. A study deploying a highly sensitive and specific circulating tumor DNA (ctDNA) sequencing assay uncovered that
approximately 53.2 % of mutations in cancer patients exhibited features consistent with clonal hematopoiesis [7]. Researchers have
studied different types of somatic mutations in blood to determine their origins. This typically requires matched sequencing of
circulating cell-free DNA (cfDNA) and white blood cells (WBCs). In a recent study, a statistical model demonstrated high accuracy in
categorizing these two types of variants [8]. Another study involved the analysis of blood whole-exome sequencing (WES) data from a
cohort of 200,453 participants within the UK Biobank. This comprehensive analysis unveiled 43 genes harboring somatic mutations
associated with clonal hematopoiesis, providing valuable insights into the genetic factors underpinning this phenomenon [9]. Another
study used the IntOGen pipeline to identify new genes associated with clonal hematopoiesis [10]. Recent studies in this domain have
largely been focused on refining experimental methodologies to eliminate background noise within cfDNA sequencing data, primarily
arising from clonal hematopoiesis and mitochondrial mutations. For instance, parallel sequencing of cfDNA and WBCs was carried out
in a cohort exceeding 10,000 Chinese patients. This involved the implementation of various statistical filtration steps, culminating in
the identification of candidate driver genes in different cancer types [11]. To closely monitor therapeutic dynamics, another group of
researchers conducted an in-depth investigation into the mechanisms of the transition from normal hematopoietic stem and progenitor
cells (HSPCs) to cells characterized by significantly enhanced proliferation rates [12]. Prior investigations have traditionally relied on
the integration of WBC sequencing data, cfDNA, and matched tumor data to discern various somatic mutation types. As in a recent
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Fig. 1. The Schematic overview of the ¢fDNA SNV type prediction by the SSGAN model involves a multi-component process. The generator takes
noise as input and employs a deep neural network. It then generates synthetic cfDNA SNVs based on the learned distributions. The discriminator, on
the other hand, takes both real unlabeled ¢fDNA SNVs and simulated ¢fDNA SNVs as input and employs a classification model again based on deep
neural network. The training data of GAN, comprising real cfDNA SNVs without known labels. The output of the classifier is a labeled cfDNA SNVs,
representing the predicted labels for both CH or tumor SNVs based on the locally developed somatic SNV catalog. The prebuilt model was trained
based on prostate cancer dataset and validated with glioma dataset as well.
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study, a tool named PLASMUT was developed to measure the probability of mutation in cfDNA as tumor specific or not. This approach
requires the both plasma and WBCs samples along with the corresponding number of total distinct reads at those locations [13].
However, the evolving landscape of machine learning techniques presents an opportunity to propose more efficient and cost-effective
alternatives for analyzing biological data. To this end, a previous study employed a supervised learning approach, leveraging multiple
genomic and functional attributes within a labeled variant dataset to differentiate between clonal CH and tumor-derived mutations in
cfDNA samples. The study, however, encountered constraints due to the limited number of variants at its disposal, attributed to the
scarcity of validated labeled datasets in this domain [14].

In summary, current methods, which often require extensive resources, are inadequate due to their high cost and time con-
sumption. In the present study, we harnessed machine learning methodologies within the family of generative adversarial networks
(GAN) algorithms, specifically for semi-supervised learning [15]. Our primary aim was to categorize raw variants derived from cfDNA
genomic data into two fundamental groups of CH or tumor-derived somatic variants. Our study introduces a novel semi-supervised
GAN (SSGAN) model designed to improve the precision of identifying the origins of cfDNA somatic mutations, addressing these
limitations effectively. Generative Adversarial Networks (GANs) are particularly suitable for this task due to their unique architecture,
which consists of a generator and a discriminator. The generator creates synthetic data that mimics the real data distribution, while the
discriminator evaluates whether the data is real or generated. This adversarial process helps the model learn complex patterns and
hidden aspects of the data, which is particularly useful when dealing with the high-dimensional and intricate nature of genomic data.
By capturing the underlying distribution of the data, GANs can reveal hidden structures and relationships that may not be immediately
apparent through traditional methods. The semi-supervised learning (SSL) approach enhances this capability by utilizing both labeled
and unlabeled data during training. In the context of cfDNA, obtaining a comprehensive set of labeled data is often challenging due to
the costs and efforts associated with manual annotation. However, there is typically a larger pool of unlabeled data available. By
integrating GAN with SSL, the model can leverage the structure and distribution of the unlabeled data to improve learning and
generalization. This dual advantage makes the SSGAN model a powerful tool for distinguishing between CH and tumor-derived
mutations, offering a cost-effective and highly accurate alternative. An illustrative depiction of our study is shown in Fig. 1. The
integration of GANs in our methodology allows for the generation of realistic synthetic data that augments the training process,
enabling the model to learn from a more extensive dataset than would otherwise be possible. This capability is crucial in scenarios
where labeled data is scarce but unlabeled data is abundant, as is often the case with cfDNA samples.

2. Results
2.1. Preparing a comprehensive set of somatic SNVs

While some mutations that drive CH have been identified through experimental and epidemiological studies, a comprehensive
compilation of all genes that may contribute to CH-related mutations in hematopoietic stem cells (HSCs) remains incomplete. The
success of the training phase in any machine learning-based classifier is relevant to the availability of suitable labeled data. To address
this, our initial efforts were directed at collecting lists of somatic mutations known as either CH or tumor-derived from previously
published resources. We explored several databases housing information on tumor somatic variations, including The Cancer Genome
Atlas (TCGA), International Cancer Genome Consortium (ICGC), Catalogue of Somatic Mutations in Cancer (COSMIC), and Precision
Oncology Knowledge Base (OncoKB). Our goal was to assemble a comprehensive catalog of somatic mutations labeled as either tumor-
derived or CH. To accomplish this, we curated a comprehensive somatic variant reference including both CH and tumor derived from
several studies [7, The ICGC/TCGA Pan-Cancer Analysis of Whole Genomes Consortium, 2020, 9]. Our final somatic SNV catalog
encompasses approximately 25,000 non-redundant SNVs, annotated according to their origin as tumor or CH, based on the studies
mentioned above (Supplementary Material 1). Prior to training, common SNVs between the two categories (labeled as both CH and
tumor-derived according to the literature) were removed our final set. This SNV catalog served as the training data for the classification
task of our proposed SSGAN model. Subsequently, we further annotated the these SNVs to identify the corresponding genes for each CH
and tumor group. This analysis revealed a total of 7882 non-redundant genes for the tumor group and 99 for the CH group, with 16
genes shared between the two categories (Supplementary Material 2). It is worth mentioning that although there are overlaps between
the two groups of CH and tumor on the gene resolution, the redundancy was eliminated between them on the variant level and each
group has its unique SNVs. As illustrated in the Supplementary Material 1, although CH-related mutations are annotated with limited
number of genes, they are also distributed throughout the genome covering different chromosomes. This broader distribution helps
mitigate the risk of the model focusing solely on specific chromosomes or gene positions. And during the model training, the mutation
data was inserted to the model and not the gene name or any other type of variant annotation data. Additionally, to avoid potential
overfitting and ensure that the model does not become biased towards a particular category, we carefully balanced the number of
mutations from both CH-related and cancer-related categories when training the model. By maintaining an equal number of mutations
from each category, we ensured that the model was exposed to a representative sample from both mutation types. This balancing
approach is crucial for preventing the model from "memorizing" specific patterns associated with either CH-related or cancer-related
mutations and instead encourages the model to learn more generalizable features that can be applied to mutations in various contexts.

2.2. Building a classifier to predict somatic mutation types

After assembling a comprehensive catalog of labeled somatic single nucleotide variants (SNVs), we initiated our study using a
prostate cancer dataset that included 48 triplet samples (cfDNA, tissue, and white blood cells) [16]. The SNVs called from the 20 cfDNA
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samples in this dataset served as the unlabeled portion for our model input. Given the mixture of labeled and unlabeled SNVs in our
dataset, we aimed to develop a deep-learning-based approach capable of predicting mutation types from cfDNA using semi-supervised
methods. Generative Adversarial Networks (GANs) have recently shown significant promise in semi-supervised learning (SSL)
frameworks across various domains [17]. The strength of GANS lies in their dual network architecture, consisting of a generator and a
discriminator, which allows for the effective learning of complex data distributions. Integrating GANs with semi-supervised learning
can lead to superior results by leveraging the rich information inherent in both labeled and unlabeled data, thereby uncovering hidden
patterns and relationships within the input data. In our approach, we applied GANs within a semi-supervised training context. Spe-
cifically, we utilized the discriminator network as a classifier to output the class of each SNV in the classification phase. The process
begins with data integration through the generative component of the model, which synthesizes realistic cfDNA SNVs. This is followed
by a semi-supervised classification task where the discriminator network is trained to distinguish between different classes of SNVs.
Our proposed method produces two main outputs: simulated cfDNA SNVs and classified SNVs from real cfDNA genomic data. This dual
output allows us to assess the model’s performance in two distinct phases. The first phase evaluates the generative component of the
GAN, focusing on the quality and realism of the simulated SNVs. The second phase assesses the performance of the discriminator as a
classifier, measured by its ability to accurately classify SNVs in real cfDNA data. The performance of our classifier was tested using the
prostate cancer dataset during the initial phase of model development. As depicted in Fig. 2A, the results demonstrate the classifier’s
capability to accurately predict mutation types, thereby validating our approach. The effectiveness of the model was assessed using loss
functions tailored to both the GAN and the classifier, ensuring a comprehensive evaluation of its performance. Here, integrating GANs
with semi-supervised learning, not only improves classification accuracy but also enhances the model’s ability to generalize from a
diverse set of data, addressing the inherent challenges in cfDNA analysis.

Our input features were extracted from the VCF files, encompassing essential information such as chromosome number, SNV
position, reference nucleotide, alternate nucleotide, and the nucleotide sequence context around each variant (three nucleotides
upstream and downstream). These features were selected to capture both positional and sequence-specific information pertinent to
distinguishing between tumor-derived and clonal hematopoiesis (CH)-related somatic variants. No additional annotations were
included to keep the feature set focused on primary genomic data. To assess the importance of these features, we employed a method
for feature ranking tailored to semi-supervised learning contexts, utilizing ensemble ranking techniques. Ensemble ranking involves
aggregating the results of multiple models to provide a robust estimate of feature importance. This method helps to mitigate biases that
might arise from a single model and ensures a more reliable ranking of features. It’s important to note that GANs are primarily designed
for unsupervised representation learning, rather than for feature ranking. The strength of GAN models lies in their ability to learn
complex, high-dimensional data distributions without requiring labeled data. Given this, GANs are not typically used to assess the
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Fig. 2. SSGAN model feature analysis and performance assessment. A) The ROC curve showing the performance of SSGAN model based on prostate
cancer dataset. B) Feature selection and ranking by applying ensemble learning and measuring the importance of each feature. C) The ROC curve
showing the performance of SSGAN model based on glioma as an independent dataset for further assessment. D) Comparing the performance of
SSGAN model by running along the different methods on the same prostate cancer dataset based on accuracy metric.
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relative importance of individual features in a dataset. And in our study, we used semi-supervised methods based on Ensemble learning
for feature ranking instead of relying on the GAN itself for this purpose. The rationale behind this choice is that our ultimate application
of SSGAN is differentiating between CH-related and tumor-derived mutations in cfDNAis a semi-supervised task. Therefore, we
employed semi-supervised methods to prioritize features such as chromosome number, SNV position, reference and alternate nu-
cleotides, and SNV nucleotide context. These semi-supervised methods provided a robust framework for ranking features, ensuring
that the most informative attributes were selected and appropriately weighted during the model training phase. While the surrogate
models provided an initial understanding of feature importance, these rankings were not directly imposed on the GAN. Instead, they
served as a guide for feature selection, ensuring that the GAN received the most relevant inputs for learning. The feature importance
ranking, as illustrated in Fig. 2B, revealed that the nucleotide type at the reference position and its alteration (alternate nucleotide)
exhibited the highest importance among all features. This finding is consistent with biological expectations, as the nature of the
mutation itself is crucial for distinguishing between different types of somatic variants. The relatively balanced importance of other
features, such as chromosome number, SNV position, and surrounding nucleotide sequences, indicates that the model effectively
utilizes all provided information, enhancing classification robustness. This holistic approach ensures a comprehensive understanding
of the mutation landscape, leveraging the collective importance of diverse features to improve accuracy. The ensemble ranking method
used confirms that each feature’s contribution is appropriately weighted, aligning with biological expectations and validating our
feature selection strategy.

For the assessment of our pre-built deep-learning model, we used a completely distinct dataset from a different cancer type (Glioma
SRP2668702). The pre-built model trained on the prostate cancer dataset was used to label the obtained SNVs of the glioma cfDNA
samples. The classifier predicted the type of SNVs with an AUC of 96 % (Fig. 2C) which highlights its adaptability and effectiveness
across different types of cancer, thereby confirming the model’s capability to generalize well beyond the initial training data. This high
performance across distinct datasets is a testament to the model’s robustness and the soundness of our methodological approach. As
mentioned earlier, SSL aims to make use of large amounts of unlabeled data to boost model performance, typically when obtaining
labeled data is expensive and time-consuming. Accordingly, various semi-supervised learning methods have been proposed using deep
learning and have proven to be successful on several standard benchmarks [18]. In this paper, we focused on GAN-based SSL models
and performed a comparison between our SSGAN model performance and other classification and semi-supervised classification
methods such as MLPRegressor [19], BayesianRidge [20], and Kneighborsregressor [21]. In our study, we chose MLPRegressor,
BayesianRidge, and KNeighborsRegressor as baseline models to compare with the performance of our proposed SSGAN model. These
models were selected due to their distinct methodological approaches, each offering a unique perspective on handling the
semi-supervised classification task. Below, we explain the importance of comparing these models in the context of our work.

2.3. MLPRegressor (Multilayer Perceptron Regressor)

¢ Relevance to Genomic Data: The MLPRegressor is a powerful feedforward neural network model that can capture complex, non-
linear relationships between input features. In the context of genomic data, this is crucial because genomic interactions and pat-
terns of somatic mutations are inherently complex and non-linear. The ability of MLPs to handle multiple layers of abstractions is a
key factor in genomic studies, where hidden patterns might be obscured within layers of biological processes.

e Comparison Rationale: MLPRegressor allows us to benchmark our SSGAN model’s performance against a highly flexible, non-
linear model. While MLPs can excel in capturing complex relationships, they are also sensitive to overfitting, especially with
small datasets. In contrast, our SSGAN model addresses this challenge by generating synthetic data to augment the dataset, which
helps improve generalization. Therefore, the comparison between MLPRegressor and SSGAN helps demonstrate the effectiveness of
our model in dealing with data scarcity and complex relationships, common in genomic datasets.

2.4. BayesianRidge

e Relevance to Genomic Data: BayesianRidge is a linear regression model that incorporates Bayesian principles to estimate the
distribution of model parameters. In genomics, where datasets are often small and prone to overfitting, Bayesian methods provide a
robust alternative by incorporating prior knowledge and providing uncertainty estimates for predictions. This model is particularly
useful in semi-supervised learning scenarios, as it can effectively manage small labeled datasets by incorporating prior
distributions.

Comparison Rationale: We included BayesianRidge to compare our SSGAN’s ability to model complex genomic relationships with
a more traditional, probabilistic model that is robust in the face of data scarcity. While BayesianRidge works well for linear re-
lationships and small datasets, its limitations in handling complex, non-linear genomic interactions make it a useful but insufficient
model for our application. The comparison highlights how our SSGAN model can outperform simpler probabilistic approaches
when dealing with large-scale genomic data that requires capturing more complex dependencies between variables.

2.5. KNeighborsRegressor

e Relevance to Genomic Data: KNeighborsRegressor is a non-parametric model that makes predictions based on the proximity of
data points in feature space. In the context of genomic data, where different mutation types might cluster together, this model can
be effective for simple, localized patterns. It has the advantage of being straightforward to implement and interpret, particularly in
cases where the data has clear boundaries or groupings (e.g., specific mutation clusters).
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e Comparison Rationale: KNeighborsRegressor serves as a benchmark for our SSGAN by providing a direct, distance-based clas-
sification approach. However, its limitations in high-dimensional datasets, like genomic data, where the curse of dimensionality
can significantly degrade performance, highlight the need for more sophisticated models like SSGAN. By comparing with
KNeighborsRegressor, we aim to showcase how our model overcomes the challenges posed by large, high-dimensional genomic
datasets, providing more accurate and scalable solutions for mutation classification.

Based on the above-mentioned descriptions, our SSGAN model excels by combining semi-supervised learning with generative
modeling, allowing it to generate synthetic data and learn from huge amount of unlabeled data. This approach significantly enhances
performance in genomic classification tasks, particularly when labeled data is scarce. The comparisons emphasize SSGAN’s ability to
generalize well across different contexts, a critical requirement in the field of genomics, where mutation patterns and biological
processes are often highly complex and not easily captured by simpler models. Ultimately, these comparisons help to establish the
robustness of our SSGAN model, showcasing its superiority in capturing the intricate patterns of genomic mutations, especially in semi-
supervised scenarios where data labeling is resource-intensive and time-consuming. The accuracy metric of all the methods increased
as the input size enriched however, the methods implemented based on neural networks like SSGAN and MLPRegressor showed better
performances. This is likely due to the ability of neural networks to capture complex patterns and relationships in the data. As
illustrated in Fig. 2D, by integrating GANs and SSL, we were able to achieve better results with higher accuracy around 95 % in test
phase of model development.

Next, we set out to further validate the performance of our classifier by comparing to matched tumor and WBC samples. Initially,
our model was developed using a dataset related to pancreatic cancer. To validate the generalizability and robustness of our SSGAN
model, we subsequently tested it on a distinct and independent dataset related to glioma cancer. As illustrated in Fig. 3, the model
produced a noticeable and consistent pattern across both the prostate and glioma cancer datasets. Specifically, in both cases, there is a
distinct separation between tumor-labeled and CH-labeled variants when compared against the real matched tumor and WBC samples.
The overlapping fraction of detected variants is higher for tumor-labeled variants in real tumor samples and higher for CH-labeled
variants in real WBC samples. This consistent behavior across different cancer types supports the reliability of our model in dis-
tinguishing between CH and tumor-derived mutations in cfDNA, regardless of the specific cancer type. This additional validation using
a glioma cancer dataset not only reinforces the pattern observed but also demonstrates the versatility of our SSGAN model across
different types of cancer. By doing so, we increase confidence in the model’s ability to generalize beyond the initial dataset and its
potential utility in various clinical contexts. For this analysis, the output of SSGAN model containing CH or tumor-labeled SNVs for
cfDNA samples were divided into two distinct files and were compared against their real matched tumor and WBC samples. As
illustrated in Fig. 3A, the tumor-labeled SNVs of prostate cancer dataset by SSGAN were mostly detected in the real tumor samples and
the opposite was observed in CH-labeled SNVs which show the most concordance with real WBC samples. The same pattern was also
detected when running the SSGAN model to classify the SNVs of glioma cfDNA dataset as mentioned earlier (Fig. 3B).

In the next step, all the mentioned variants were gone under mutation signature analysis due to its importance in cancer genomics.
De novo mutation signature analysis by Mutalisk [22] was applied for each set of real and predicted SNVs. The difference between the
mutation signatures distributions in CH and tumor-predicted SNVs for both prostate and glioma cancer dataset showed a positive
correlation with their matched tumor and WBCs (with a Pearson correlation coefficient around 0.7853) (Supplementary Material 3,
Figure A and B). Due to the obtained results, it can be inferred that there are no significant differences between the mutation signature
patterns in different SNV types (mean adjusted P-value around 0.8) however the most meaningful difference was observed between
CH-labeled and real tumor-derived variants (Supplementary Material 3, Figure C).

The classified SNVs by SSGAN were also annotated with ANNOVAR [23] and the obtained gene lists were assessed. A list of
previously reported CH-driver genes including 64 genes was obtained from IntOGen (https://intogen.org/ch/search). 48 % and 68 %
of these CH reference genes were detected in the cfDNA and WBCs samples of prostate cancer dataset, respectively (Fig. 4A), and 38 %
of them have been observed in CH-labeled SNVs with 7 % in matched tumor-labeled variants. Meanwhile, in the glioma dataset, the
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concordance between the Intogen database and CH-labeled genes expanded to encompass 36 genes, constituting 56 % of the reference
gene list. It is worth highlighting those two pivotal genes, DNMT3A and TET2, each harboring several loci associated with CH [9] were
accurately identified as CH-derived by SSGAN. To comprehensively evaluate the performance of our model, we compiled lists of
control genes for each mutation type. First, a random gene set from previously documented housekeeping genes [24] was collected. A
random mixture of 64 genes was selected from the aforementioned compilation of human housekeeping genes, and their presence in
real WBC and CH-labeled data was examined (Fig. 4B). Next, a prostate cancer driver gene list was acquired from cBioPortal prostate
adenocarcinoma TCGA PanCancer data with 745 distinct genes. Then, we investigated the state of this gene panel in real tumor and
tumor-labeled variants (Fig. 4C). Meanwhile, a glioma gene list was obtained from cBioPortal from brain lower grade glioma (TCGA,
PanCancer Atlas and the highly recommended oncogenes with a frequency of more than 50 % were extracted from the data and their
status was investigated in tumor-labeled genes from our model. By applying these filtrations, the number of genes in the glioma gene
panel reduced to 250. Among the 672 tumor-labeled genes and 250 glioma genes, 107 were detected as common genes with SDHA,
TEC, MTOR, PIK3CD, FANCD2, CAMTA1, SPEN were more frequent. It is essential to underscore that these genes are associated with
tumor suppression and the regulation of cell proliferation processes [25-31]. Next, a selection of less probable oncogenes was curated
from cBioPortal, each boasting a mere 0.2 % frequency, was designated as the negative control for tumor-labeled mutations. This
assemblage of negative controls comprised 5270 genes, of which only 159 were detected among the tumor-labeled mutations, each
featuring a frequency of less than 0.5 % in our dataset (Fig. 4D).

Next, we performed gene set enrichment analysis on both the real and the SSGAN-labeled SNVs by using g: Profiler [32] and
biological pathway enrichment was conducted for annotated variants. In a recent study using gene expression data, a positive cor-
relation between CH status and increased level of inflammation factors was observed, mostly related to TET2 or DNMT3A mutations
[14]. In our prostate cancer dataset, ‘chemotaxis’ and ‘cellular response to stimulus’ were also enriched in CH-labeled SNVs by our
model which is consistent with previous findings (Supplementary Material 4, Figure A and B). The biological pathways enriched in the
tumor-derived variants also showed meaningful results related to cell regulation and amplifications (Supplementary Material 4,
Figure C and D).

2.6. Simulating new cfDNA variants using SSGAN

In addition to developing a classifier for predicting somatic variant types, our SSGAN model is able to simulate new cfDNA SNVs as
well. NGS data simulators play a pivotal role in advancing genomics research and bioinformatics tool development. Serving as
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Fig. 4. Gene annotation and investigation analysis of labeled cfDNA SNVs by SSGAN model. A) The plot showing the presence of each IntOGen-
reported CH-related gene in real WBC and CH-labeled variants by SSGAN model in prostate cancer dataset. B) The plot showing the presence of
each human housekeeping-reported gene as a control group for validated CH-related reference genes in real WBC and CH-labeled variants by SSGAN
model in prostate cancer dataset. C) The bar plot showing the frequency of each TCGA-reported prostate cancer-related gene in real tumor and
tumor-labeled variants by SSGAN model in prostate cancer dataset. D) The bar plot showing the frequency of each cBioportal-reported less-probable
oncogenes and tumor-labeled variants by SSGAN model in prostate cancer dataset.
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controlled environments, these simulators generate synthetic datasets mirroring the characteristics of real NGS data. The significance
of NGS data simulators lies in their ability to benchmark and optimize bioinformatics tools, validate new methods, and assess
sensitivity and specificity under various conditions. The simulated datasets can be used to study the impact of experimental design
factors, such as sequencing depth and read length, on analysis pipelines. In this study, the GAN engine of SSGAN can be viewed as a
simulator for other research goals like benchmarking novel variant callers and variant annotation tools. Here, the simulated cfDNA
variants were compared to real cfDNA data based on different genomic and functional characteristics. The loss value of model which is
calculated based on cross-entropy was decreased by each epoch which shows the convergence of the generator and discriminator
(Supplementary Material 5, Figure A). The model loss which is related to the GAN performance was measured both for prostate cancer
(training: 0.22, test: 0.286) and glioma (training: 0.176, test: 0.210) dataset separately. Along with the model computational metrics,
we have investigated the content of the generated SNVs as well. For this aim, first the chromosome type distribution was extracted from
both real and simulated ¢cfDNA SNVs and compared with each other as boxplots in Supplementary Material 5, Figure B which leads to
no significant difference (P > 0.05). Then, the landscape of nucleotide conversion was compared between the simulated and real
cfDNA variants and both showed no significant difference (P > 0.05) and high concordance (correlation coefficient around 0.9435)
when considering the same sample size (Supplementary Material 5, Figure C).

3. Discussion

Liquid biopsy, an emerging experimental approach for detecting somatic mutations, is capable of serving as a valuable tool for
cancer diagnosis and monitoring through the identification of genomic and epigenomic biomarkers. However, the presence of CH
mutations in plasma can significantly impact the ability to accurately identify true positive somatic mutations in the area of cancer
genomics. Consequently, there is a need for experimental or computational methods capable of discriminating plasma somatic mu-
tations from each other based on their tissue of origin, presenting an area of high interest and application in cancer research and
diagnostics. The cost associated with identifying plasma mutation types is a significant barrier due to the requirement for multiple
distinct samples of an individual. Machine learning models present a solution, offering the means to overcome these obstacles. Ma-
chine learning’s capacity to process large volumes of data efficiently and accurately positions it as a powerful tool in situations where
labeling real data is resource-intensive and time-consuming. GANs have influenced the field of SSL by providing an effective means to
extract valuable insights from limited input data. By integrating GANs into the SSL framework, we achieved greater accuracy and
performance than traditional classification algorithms.

Our research centered around the development of a novel in silico approach for the classification of somatic variants found in
cfDNA. We aimed to label these variants and also identify driver gene mutations, a crucial aspect of cancer research. A key outcome of
our study was confirming our model’s robustness and reproducibility. This was exemplified when we applied the model to diverse
datasets representing different cancer types, further highlighting the consistency and reliability of the SSGAN framework. Our in-depth
annotation of the CH-labeled SNVs led to the revelation of their involvement in essential biological processes. These CH-labeled SNVs
were linked to chemotaxis and responses to stimuli. This discovery aligns with recent research findings [14] that highlight an increased
level of inflammation markers associated with CH mutations. Such biological insights exemplify the broader implications of our
research and its potential impact on our understanding of CH and its role in health and disease. Our study emphasizes the broader
perspective that somatic variants are not confined to cancer samples but extend to healthy tissues as well. SomaMutDB is a resource for
categorizing somatic mutations in various healthy tissue types [33]. In this regard, we propose expanding our predictive model to
encompass the multi-classification of cfDNA somatic variants. This expansion involves integrating information from SomaMutDB with
our established SNV catalog, promising to further advance the field. Meanwhile, by accurately distinguishing between CH and
tumor-derived mutations, SSGAN model holds significant potential to reduce the incidence of false positives in liquid biopsy appli-
cations. This enhancement directly contributes to improving the precision of early cancer detection, which is crucial for making
informed clinical decisions, leading to more accurate diagnoses and personalized treatment plans. The ability of our SSGAN model to
differentiate between these mutation types in cfDNA could profoundly impact patient management, particularly in monitoring disease
progression and assessing response to therapy. For instance, accurate detection of tumor-derived mutations can lead to earlier
intervention, potentially improving patient prognosis. Conversely, reducing the misclassification of CH mutations as tumor-derived
can prevent unnecessary treatments, thereby minimizing patient risk and healthcare costs. To facilitate the clinical adoption of
SSGAN model, we outline a comprehensive pathway that includes several key steps. First, extensive validation across diverse and more
independent cfDNA datasets is necessary to ensure the model’s robustness, generalizability, and reproducibility in real-world clinical
settings. This would involve collaboration with clinical laboratories and research institutions to access varied datasets and test the
model’s performance in different patient populations and cancer types. Second, integration into existing diagnostic workflows would
require careful consideration of compatibility with current liquid biopsy protocols and infrastructure. This may involve adapting the
model to work seamlessly with widely-used cfDNA sequencing technologies and ensuring it meets regulatory requirements for clinical
use. Additionally, the development of user-friendly software tools that incorporate our SSGAN model could facilitate its adoption by
clinicians, making it easier to interpret and act on the results. Finally, by providing a more accurate method for interpreting cfDNA
data, our model can contribute to more timely and appropriate clinical interventions. For instance, the SSGAN model could be used in
conjunction with existing diagnostic tests to confirm the presence of cancer-related mutations, or to monitor minimal residual disease
(MRD) in patients undergoing treatment. Over time, as the model is refined and its predictive accuracy further validated, it could
become an integral component of personalized cancer care, supporting precision oncology initiatives that tailor treatments based on an
individual’s unique genetic profile. In conclusion, our study underscores the transformative potential of machine learning in the
interpretation of complex genomic data, particularly in scenarios where labeling real data is resource-intensive and time-consuming.



F. Palizban et al. Heliyon 10 (2024) 39379

Another advantage of the SSGAN model lies in its ability to generate novel cfDNA SNVs, serving as an independent dataset that mimics
the characteristics of real cfDNA variants.

4. Conclusion

In this study, we introduced a deep learning model called SSGAN to enhance the precision of somatic variant classification in cfDNA
samples. Our model addresses a critical gap in liquid biopsy analysis by distinguishing CH from tumor-derived SNVs, a distinction that
has posed significant challenges and resource demands in traditional methodologies. The SSGAN model’s adaptability was demon-
strated through performance assessment across multiple cancer datasets, confirming its reliability and accuracy. Additionally, our
approach contributes to the bioinformatics field by generating simulated cfDNA SNVs, offering a novel resource for benchmarking
variant analysis tools in the area of cancer cfDNA analysis.

4.1. Materials and methods

In this study, we tried to provide a computational method to identify the origin of cfDNA somatic variants (CH or tumor) instead of
cost vector laboratory methods. For this purpose, machine learning algorithms can be a good choice that can help us to achieve this
goal by providing appropriate input data and implementing a good computational architecture. In this regard, at first, we collected the
proven labeled variants from studies and other databases and create a somatic SNV catalog, but since their number was limited, the
semi-supervised algorithm was proposed to carry out the variant classification task, and is explained in more detail below.

4.2. Data preparation

Due to the semi-supervised nature of our model, we have two main groups of data points. One is the unlabeled group which includes
the somatic variants obtained from cfDNA WGS samples and the labeled group which is created based on the somatic variants that are
experimentally validated to be derived from CH or tumor. The first group included genetic material derived from cfDNA, tissue, and
WBC samples, all originating from the same individuals and the second part included the variants that were validated through
experimental techniques and were categorized as either CH or tumor-derived variants. To prepare the unlabeled part of the proposed
model, we accessed raw FASTQ files from two distinct sources: the European Genome-phenome Archive (EGA) with accession number
EGADO00001004526 [16] for prostate cancer and the other one from National Center for Biotechnology Information (NCBI) with
accession number SRP268702 for glioma. The prostate cancer dataset served as the foundation for developing our model, while the
glioma cancer dataset was reserved for subsequent model validation. On the other hand, we tried to create the labeled dataset for the
classification task of our model. For this aim, we have collected the catalog of somatic variants as ground truth data that each of the
variants is classified as CH or tumor. For the tumor somatic class, we compiled a diverse set of cancer-related variants from reputable
sources such as cBioPortal and the Catalogue Of Somatic Mutations In Cancer (COSMIC). In the case of the CH class, we established our
reference dataset by drawing upon validated results from multiple studies, as indicated in Supplementary Material 1 [7, The
ICGC/TCGA Pan-Cancer Analysis of Whole Genomes Consortium, 2020, 9]. This locally-curated somatic variant catalog then un-
derwent the redundancy removal and the overlapped variants between the two classes (tumor and CH) were removed which finally
leads to of 5000 non-redundant variants. The specificity of the variants for each class is on the mutation level and not gene level. As one
gene can harbor completely different variants related to tumor or CH origin.

4.3. Variant calling of genomic data

We conducted somatic variant calling on the raw FASTQ sequencing reads following the Genome Analysis Tool Kit (GATK)
(McKenna et al., 2010) best practices [34] by using GRCH38 reference genome. The primary variant calling algorithm used in this
process was Mutect2[35]. The resulting variant calling format (VCF) files were subjected to a particular filtering procedure based on
three fundamental criteria.

1) SNV: variants had to meet the criterion of being only SNV for inclusion in the subsequent analysis and indels were not considered in
this study.

2) Human chromosomes: only variants associated with the 23 pairs of chromosomes and the mitochondrial genome were retained and
other scaffolds in the reference genome were ignored.

3) High depth: variants were further filtered to ensure they exhibited a high depth, with a depth exceeding 30.

We used the 20 VCF files of cfDNA prostate cancer dataset that passed these stringent filters for our model construction. The other
VCF files, representing tissue or WBCs were reserved for evaluating the model’s performance and biological interpretation of the
results. Following GATK’s best practices for somatic variant calling [36], we identified approximately 90,000 variants in each prostate
cancer cfDNA sample. Following the application of our filtration steps, this number was refined to around 70,000 SNVs for subsequent
analysis and interpretation.
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4.4. Selecting genomic features

After preprocessing the raw cfDNA sequencing samples and obtaining the SNVs, we needed to prepare the feature set of our model
based on genomic characteristics. In this study, we aimed to build a model based on simple features that can be obtained by
straightforward processing methods and not make the feature set so complex by adding other information such as long nucleotide
sequences of gene annotations which requires more processing before and for model running. Accordingly, we integrated the variant’s
genomic coordination along with nucleotide type information. We introduced a new feature as the nucleotide composition around the
single variant position. To obtain this nucleotide composition, we utilized the GRCH38 reference genome, samtools faidx [37], and a
few Linux commands to extract sequences based on the variant’s coordinates. We conducted experiments with various window sizes,
including 10, five, and three bases upstream and downstream of each variant’s position. The model demonstrated its optimal per-
formance when a window size of three bases was incorporated into the feature space. This approach resulted in assigning a 10-feature
vector (chromosome number, the SNV position, reference nucleotide at the SNV position, alternate nucleotide at the SNV position,
three nucleotides upstream of the SNV position, and three nucleotides downstream of the SNV position) to each data point.

4.5. Implementing the SSGAN model

Given the insufficiency of labeled data in comparison to the substantial number of unlabeled variants constituting only 10 % of the
total dataset, conventional supervised algorithms were not considered to be suitable for the binary classification task in the current
study. Consequently, we adopted semi-supervised learning (SSL) methods [38] as a suitable strategy for cfDNA somatic variant
classification. While there are several SSL algorithms available, recent approaches that integrate SSL with generative models have
exhibited superior performance [17]. This is largely due to their ability to encompass a representation learning phase in conjunction
with classification accordingly the model can learn different and hidden aspects of the dataset and apply the classification task in the
following step more accurately. In our study, we found inspiration in semi-supervised learning with GAN architecture [15] and
customized it to align with our classification task. The algorithm of our implemented semi-supervised generative adversarial networks
(SSGAN) model is depicted in Algorithm 1. The following is a detailed breakdown with specific parameter values for Algorithm 1.

1. Initialization:

o The algorithm begins by initializing the parameters for both the generator and discriminator networks within the SSGAN
framework.

o Learning Rate: The learning rate for both the generator and discriminator is set to n = 0.05.

o Optimizer: The Adam optimizer is used.

2. Input Data Preparation:

o Labeled Data: The labeled dataset consists of 30 % of the input data, where each sample is categorized as either CH-related or
tumor-derived and only fed to the classifier.

o Unlabeled Data: The remaining 70 % of the input data is unlabeled, serving as the basis for semi-supervised learning and is the
input for the discriminator.

o This mix of labeled and unlabeled data is crucial for enabling the model to generalize effectively and improve classification
performance.

3. Generator Training:

o The generator network is initialized to create synthetic data samples that closely resemble the real cfDNA variants. The
generator receives random noise vectors following a normal distribution as input and produces data mimicking cfDNA somatic
mutations.

o Batch Size: The model is trained using a batch size of 2000 samples per iteration.

4. Discriminator Training:
o The discriminator network is trained concurrently with the generator. It receives both real and synthetic cfDNA samples as input
and aims to distinguish between them.
o The discriminator’s loss function includes two components: one for classifying real vs. synthetic data and another for correctly
classifying the labeled real data in the classification phase and tuned up for the GAN part of the model.
o The discriminator’s training is structured to balance its ability to classify and differentiate between the real and synthetic data
effectively.
5. Semi-Supervised Learning Process:
o After training the GAN, the discriminator tuned architecture now is used to classifies the labeled data with accuracy.
o This process allows the model to improve its classification ability with limited labeled data, exploiting the large amounts of
unlabeled data available.
o Epochs: The training process runs for 1000 epochs to ensure sufficient learning and convergence of the model.
6. Loss Calculation and Optimization:
o The loss functions for both the generator and the discriminator are computed during each iteration based on cross entropy.
o Discriminator Loss: This includes a component for classifying real vs. synthetic data and another for classification accuracy on
only labeled data.
o Generator Loss: This loss is focused on the discriminator’s ability to distinguish real from synthetic data.
o The Adam optimizer is used to iteratively update the model parameters to minimize these losses, facilitating convergence.
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7. Convergence and Model Outputs:
o Training continues until the model reaches convergence, meaning the generator produces highly realistic cfDNA samples that the
discriminator struggles to distinguish from real data.
o The final SSGAN model is capable of accurately classifying somatic mutations in cfDNA, distinguishing between CH-related and
tumor-derived mutations.

In this study, the SSGAN model was implemented by TensorFlow library, the GAN part of which was aimed at identifying the
hidden parts of the data and applying the representation learning of cfDNA SNVs. While the classification part was for classifying
cfDNA somatic SNVs as CH or tumor. In this way, the feature matrix including only unlabeled somatic SNVs of prostate cancer with a
dimension of 10 x 100,000, first produced based on the preprocessing method mentioned above and normalized for position values
then given to the discriminator engine of the GAN, which tried to label these data points as real or simulated by comparing with the one
initially generated by the generator based on random samples from the normal distribution. It is worth mentioning that unlabeled data
provides additional information that helps the model to learn more robust and discriminative features. In the context of the SSGAN, the
unlabeled somatic SNVs of prostate cancer serve as valuable examples for the model to learn the underlying patterns and represen-
tations within the data. By exposing the model to a wider range of data points, it can extract more meaningful features, leading to better
generalization and improved performance. The architecture used in the generator is 9 layers deep neural networks and for discrim-
inator is six convolutional layers that are designed to extract hierarchical features from the input data. Both the generator and
discriminator were trained with LeakyReLU activation function.

Initially, the generator and discriminator components undergo a training phase. Once they reach an optimal level of performance,
then the pre-built discriminator engine is deployed for executing the binary classification task as well. All three constituent parts of our
model are constructed on deep neural networks and Adam optimizer [39] along with learning rate n = 0.05 were implemented in
classification task. Here, the loss function of each deep neural network including the loss function of the generator, discriminator, and
classifier are provided in Equations (1)-(3).

Loss function of generator:

Lg= —% ilogD(G(z*”)) (¢))
i=1

In this formula, m denotes the number of generated data points (SNVs) by the generator based on a normal distribution, and z is a
matrix related to a random sample from the hidden space (generated samples). G and D indicate generator and discriminator,
respectively.

Loss function of discriminator:

Lp= 7% Xm:log(l D(G(z@))) 7% ilogD(x(“> 2)
= i1

Here, m is again related to the number of generated data points by the generator, and n denotes the number of real SNVs from the
unlabeled part of the dataset that are the input of the discriminator and obtained from the cfDNA WGS samples. x is a matrix related to
the real sample from the unlabeled part of the dataset.

Loss function of classifier:

P
Le= _117 > (" log C(x(”) + (1-y")log (1 - C(x)) 3
i=1

In this formulation, p denotes the number of labeled SNVs that are obtained from our locally developed somatic variant catalog. C
showes the classifier which has the same architecture of discriminator and use the real labeled SNVs with label y to carry out the cfDNA
SNV binary classification task.

Accordingly, the model receives the cfDNA SNV information as a matrix including the previously described 10 features for each
data point and which provides two different outputs. One output is the simulated cfDNA SNVs created by the GAN and the other is the
input cfDNA SNVs with the label of their class as tumor or CH.

11
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Algorithm 1: SSGAN

for each epoch do
Sample z',..., 2" from N(0, 1);
Sample z', ..., 2" from real data:
Guwe — lV,,.,: p I [logD(G(2") )]:

m e

we +— wg + nadam(gy. ., we);

Gup 'f. Vo S:” IV‘)-‘I( 1 - D(G(z")))] + ’ll Vs S:' l[/ugl)lv.r‘ );
wp — wp + n.adam(g,,,, wp);

end

for each epoch do

Sample (z!,5'), ..., (27, y”) from Labeled data;

Jue + 20 [y'logCx') + (1 = y')log(1 - C(a"))];

]) i
we — we + nadam(gy,.. we);

end

4.6. Evaluation of SSGAN model performance

Our evaluation of the SSGAN model’s performance followed a dual approach. Initially, we assessed its computational performance
using conventional metrics derived from loss functions. Subsequently, we embarked on a biological interpretation of the results, which
took into account information from matched tumor and WBC samples. From a computational perspective, we assessed the model’s
performance through well-established metrics, including accuracy, precision, and the area under the curve (AUC). Particularly, given
the utilization of the GAN structure [40] in our study, we also computed metrics related to loss based on cross-entropy. Transitioning to
the biological interpretation, we proceeded by defining the overlaps between the model’s outputs and the variants identified in
matched tumor and WBC samples. This involved the utilization of VCF tools [41] along with custom Python scripts available on our
GitHub page. Furthermore, we carried out the functional assessment of the classified variants. For this purpose, we exploited tools such
as Mutalisk [22] for mutational signature analysis and ANNOVAR [23] for somatic variant annotation. These analyses were applied to
both real tumor samples and SNVs labeled by the SSGAN machine. Statistical analyses were then performed to assess the similarity
between the two data sources by Prism. An analogous analysis pipeline was executed for CH-labeled SNVs compared to matched real
WBC samples.

4.7. Validation with an independent dataset

As previously mentioned, the unlabeled part of our feature set was created from the prostate cancer cfDNA samples and the labeled
part from the locally developed somatic SNVs catalog. In order to confirm the reliability and generalizability of our model, we extended
our validation to encompass an independent dataset related to glioma, a form of brain cancer encompassing three cfDNA samples, each
accompanied by corresponding matched tumor and WBC samples. This dataset underwent the same GATK workflow for somatic
variant calling and following filtration steps. After the preprocessing phase, the obtained SNVs from glioma cfDNA samples were fed to
the GAN part of the model as an unlabeled dataset. Another model validation was also done by implementing divers machine learning
models for cfDNA SNV type classification however, given the distinct nature and features of the methods employed in our study, we
focused solely on validating our model using distinct cfDNA samples because there was no other similar method for this kind of study.
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