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Predicting the hub interactome
of COVID-19 and oral squamous
cell carcinoma: uncovering
ALDH-mediated Wnt/B-catenin
pathway activation via salivary
inflammatory proteins
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Understanding shared pathways and mechanisms involved in the pathogenesis of diseases like oral
squamous cell carcinoma (OSCC) and COVID-19 could lead to the development of novel therapeutic
strategies and diagnostic biomarkers. This study aims to predict the interactome of OSCC and
COVID-19 based on salivary inflammatory proteins. Datasets for OSCC and COVID-19 were obtained
from https://www.salivaryproteome.org/differential-expression and selected for differential gene
expression analysis. Differential gene expression analysis was performed using log transformation
and a fold change of two. Hub proteins were identified using Cytoscape and Cytohubba, and machine
learning algorithms including naive Bayes, neural networks, gradient boosting, and random forest
were used to predict hub genes. Top hub genes identified included ALDH1A1, MT-CO2, SERPINC1,
FGB, and TF. The random forest model achieved the highest accuracy (93%) and class accuracy (84%).
The naive Bayes model had lower accuracy (63%) and class accuracy (66%), while the neural network
model showed 55% accuracy and class accuracy, possibly due to data pre-processing issues. The
gradient boosting model outperformed all models with an accuracy of 95% and class accuracy of 95%.
Salivary proteomic interactome analysis revealed novel hub proteins as potential common biomarkers.
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Saliva is a valuable source for biomarker discovery in diseases like oral squamous cell carcinoma (OSCC) and
COVID-19%. 1t offers advantages over traditional blood-based biomarker discovery, including non-invasive
collection, lower risk of infections, and the ability to collect multiple samples over time to monitor disease
progression or treatment response. Saliva contains SARS-CoV-2 viral RNA in infected individuals, making it a
useful medium for early detection®. Changes in the salivary proteome can reflect the body’s response to SARS-
CoV-2 infection, potentially serving as indicators of disease severity or progression. Non-invasive sampling
allows frequent monitoring of patients, which is crucial for managing and controlling the spread of COVID-19.

Saliva contains a wide range of proteins and nucleic acids shed from the oral mucosa, making it a rich source
for discovering biomarkers specific to OSCC. Proteomic analyses can identify alterations in salivary proteins that
correlate with OSCC development and progression. Early detection of OSCC is critical for improving patient
outcomes, and salivary biomarkers can potentially serve as non-invasive diagnostic tools for early-stage OSCC.
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However, challenges include standardization of collection and analysis, validation of biomarkers, and integration
with other diagnostic tools®.

Saliva presents a promising source of proteins for detecting and monitoring OSCC and COVID-19, and
ongoing research and technological advancements in proteomics and molecular diagnostics are likely to expand
its utility further.

Hub genes in the interactome play a central role in the molecular network of interactions and pathways
associated with a biological process or disease. In COVID-19, these genes are crucial for viral infection
progression, host immune response, and disease severity*. ACE2 stands out as a key hub gene in the interactome,
serving as the primary receptor for SARS-CoV-2, allowing the virus to enter host cells and initiate infection.
Variations in ACE2 and its expression levels have been linked to differences in susceptibility to infection and
the severity of COVID-19. TMPRSS2 is another important hub gene responsible for priming the viral spike
protein and facilitating viral entry. Targeting TMPRSS2 has been proposed as a potential therapeutic strategy.
Additionally, other hub genes in the interactome have been implicated in COVID-19, including those involved
in cytokine signaling, coagulation, and cellular metabolism. Understanding these interactions is essential for
identifying therapeutic targets and developing effective treatment strategies®.

OSCC constitutes most oral cancer cases, accounting for over 90% of all oral malignancies®. The disease is
characterized by complex molecular alterations and dysregulated pathways. Genomic studies have identified
numerous hub genes that play pivotal roles in OSCC development and progression. TP53, a tumor suppressor
gene, is frequently mutated in OSCC, promoting tumor progression, invasion, and therapy resistance’. EGFR, a
key gene involved in tumor growth, invasion, and angiogenesis, has been recognized as a potential therapeutic
target. Other hub genes include PTGS2, CCNDI, and STAT3. Understanding the functions of these genes is
crucial for developing targeted therapies and identifying potential biomarkers.

Advancements in OSCC genomics can facilitate personalized treatment approaches and the discovery of
novel therapeutic targets and predictive markers for prognosis and treatment response®. A recent study identified
2071 upregulated and 1893 downregulated genes in OSCC, with five hub genes (IRF4, CCR7, TNFRSF17, CD27,
and S1PR4) predicted as favorable prognostic markers’. Low expression of these genes was associated with worse
overall survival, while increased expression correlated with immune cell infiltration and potential therapeutic
targets!®1L,

The COVID-19 pandemic has had a significant impact on global health, resulting in millions of cases
and considerable morbidity and mortality®. Understanding the molecular mechanisms of infection is crucial
for the development of effective therapeutic strategies. Genomic studies have identified several hub genes
that play central roles in the COVID-19 interactome, which are involved in essential biological processes.
ACE2, TMPRSS2, immune-related genes, and genes involved in cytokine signaling, coagulation, and cellular
metabolism are among the hub genes implicated in the COVID-19 interactome.

Further research into the genomics of COVID-19 and the functional characterization of these hub genes may
lead to the development of targeted therapies and improved clinical management of the disease!2. A previous
study identified 15 potential drug targets for COVID-19 by analyzing the immune response of human cells
infected with SARS-CoV-213. It highlights specific interferon-stimulated genes (ISGs) as targets, including IFIT1,
IFITM1, IRF7, ISG15, MX1, and OAS2, and suggests using TLR3 agonists for drug repurposing in COVID-19
treatment, proposing modulation of the innate immune response as a valuable strategy'*!°.

Network biology approaches facilitate the identification of key interactions and potential drug targets.
Proteomics has gained significant attention in recent years as a powerful tool for studying the molecular
mechanisms underlying various diseases'®!”. Two diseases that have garnered global attention are COVID-19,
caused by the novel coronavirus SARS-CoV-2, and OSCC, a malignant tumor that affects the oral cavity and
has a high mortality rate. Both COVID-19 and OSCC profoundly impact the immune system, particularly
inflammation and the release of inflammatory proteins.

Saliva has emerged as a valuable diagnostic medium due to its non-invasive collection, abundant protein
content, and direct contact with the oral cavity, respiratory tract, and blood. Inflammatory proteins present in
saliva offer crucial insights into the pathogenesis and progression of diseases. Analyzing the interactome, or
the network of interactions between proteins, can provide a deeper understanding of the underlying molecular
mechanisms of these diseases'*!8:1%.,

By identifying the proteins within the interactome, we can unravel potential molecular connections between
the two diseases. This research has the potential to shed light on the shared pathways and mechanisms involved
in the pathogenesis of COVID-19 and OSCC, ultimately leading to the development of novel therapeutic
strategies and diagnostic biomarkers.

Furthermore, comprehending the interaction between these diseases could help identify patients at higher
risk of severe COVID-19 symptoms and OSCC progression, enabling targeted interventions and better patient
outcomes. Few studies have explored predicting interactome genes between COVID-19 and OSCC. Thus, this
study aims to predict the interactome of COVID-19 and OSCC based on salivary inflammatory proteins.

Materials and methods

Samples identification and differential gene expression analysis

Using the dataset from COVID-19 and OSCC obtained from https://www.salivaryproteome.org/differenti

al-expression, differential gene expression analysis was conducted. For COVID-19, the dataset IDs included

4251, 4280, 4240, and 4255, and for OSCC, the dataset IDs were 1029, 1043, 1036, and 1052. Differential gene

expression analysis involved log transformation and a fold change threshold of two. This analysis is commonly

used in genomics research to identify genes expressed differently between two or more conditions or groups.
The primary approach involves calculating the fold change, which quantifies the change in gene expression

between conditions, and performing statistical tests such as the t-test. Before the t-test, log normalization is
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applied to stabilize the variance and remove systematic biases. The t-test calculates a test statistic (t-value) for
each gene and converts it to a p-value. A fold change threshold of 2 is used to filter out genes with small changes,
ensuring that only genes with substantial changes are considered differentially expressed. The study utilized log
transformation with a fold change threshold of 2 and a P-value cutoff of 0.05 using a parametric statistical t-test.
The hub gene labeled dataset underwent feature selection without needing additional normalization, and any
missing data was removed through removal.

Cytoscape network and cytohubba

Cytoscape network analysis?® and hub gene identification using CytoHubba: The process involved several steps
to conduct network analysis and identify hub genes using CytoHubba in Cytoscape. Firstly, gene expression data
was preprocessed, followed by the construction of protein-protein interaction (PPI) networks. Cytoscape was
then utilized for network visualization. Subsequently, hub genes were identified using the CytoHubba plugin,
and their biological functions and potential roles were explored through functional enrichment and pathway
analysis.

Machine learning of interactome hub genes

Machine learning analysis was conducted using Orange on interactome hub genes®!. This process involves
collecting gene expression and PPI network data, extracting relevant features, preprocessing the data, splitting
it into training and testing sets, selecting a suitable machine learning algorithm, training the model, evaluating
its performance using metrics, optimizing model parameters, testing the model, interpreting the results, and
validating the findings. The specific implementation may vary depending on the research question, available
data, and the choice of machine learning algorithms.

The preprocessing involves several steps, including data acquisition, data cleaning, outlier detection,
and normalization. We adopted Data cleaning steps include removing missing values, outlier detection, and
normalization, which wasn’t necessary as values are already normalized. We performed feature selection for
machine learning, which involves selecting relevant features from the hub gene labelled dataset.

Random forest

Random Forest is an ensemble learning algorithm that aggregates predictions from multiple decision trees
to make accurate predictions. It constructs decision trees independently using a subset of training data and
features. Each decision tree is created by bootstrapping, which involves replacing samples from the original data.
Additionally, a random feature subset is chosen for each tree to determine the best split at each node. Predictions
are then made by combining the predictions of each tree, using the most common class in classification tasks and
the average prediction in regression tasks. Random Forest employs bagging and ensemble techniques to create a
robust model, reducing the risk of overfitting.

Naive bayes

Naive Bayes is a probabilistic classifier based on Bayes’ theorem, which follows a specific workflow and set
of assumptions. It requires a labeled training dataset, where each instance contains feature values and class
labels. Naive Bayes assumes that all features are conditionally independent given the class label, simplifying the
calculation of class probabilities.

The classifier estimates the probability of each feature value given each class label from the training data, using
probability density functions for categorical features or probability density functions for continuous features. It
also estimates the prior probability of each class label from the training data. During the prediction phase, the
classifier calculates the posterior probability of each class label given the feature values of a new instance.

Neural networks

Neural networks have a more intricate architecture compared to Naive Bayes, consisting of interconnected
layers of neurons. This architecture, coupled with the Adam optimizer, includes the input layer, hidden layers,
activation functions, and output layer. The Adam optimizer, an extension of the stochastic gradient descent
algorithm, adjusts the learning rate during training by combining the advantages of AdaGrad and RMSProp
optimizers.

The backpropagation algorithm calculates the difference between predicted and actual class labels through
the network’s gradients. The labeled training data is divided into batches, and multiple iterations are conducted
to update the model parameters using the Adam optimizer. Despite their flexibility, neural networks are more
computationally demanding and necessitate larger training datasets to prevent overfitting.

Gradient boosting
Gradient boosting is a machine learning algorithm that utilizes weak learners, typically decision trees, to
construct a robust predictive model. The architecture involves sequentially adding weak learners to the model
ensemble, with each learner focused on correcting the mistakes of the previous ones. Residuals from the previous
models are calculated, and the next weak learner is trained on these residuals to minimize errors. Predictions
from each weak learner are combined to produce a final prediction, with weights determined based on their
performance on the training data.

Gradient boosting also includes a learning rate parameter to regulate the contribution of each weak learner
to the final prediction. Regularization techniques are commonly employed to prevent overfitting and enhance
generalization.
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Results

Normalized values in COVID and OSCC samples adjust for variations in total RNA or cDNA amounts, ensuring
accurate comparisons (Fig. 1). Log normalization converts raw expression values into a logarithmic scale,
stabilizing variance and rendering them suitable for statistical analysis. This technique is particularly beneficial
for analyzing high-throughput gene expression data from microarrays or RNA sequencing technologies.

The volcano plot illustrates the differential gene expression between COVID and OSCC samples, highlighting
up-and-down-regulated genes (Fig. 2). Each point represents a gene, with the x-axis representing the log2 fold

Before Normalization

7000 -

G000 -

5000 -

4000

3000 -

Density

2000

1000 -

PE2304 -
014818 |
P45880
Q14103 |
P01037 |
P01780 -
POG576

ADADCADHIE -
P15941
P02753
POO29O
P1/65 -

AUAOBAJ1US
PO4040
P30045
PO2654
P01011
Q01459 |
P30740
P22392
QOY394
Q13443
PO4OTS
QUULVS
P12532
PO2748
QaTCTy
QOULAS
QA6PDS
P0E590
015145
PE0763
Q07020
PO1034

QBNEES
QA3
PB1604
PO2746
PE0511
P23497

T T : T T T T
g = a8 3 2 8 2
o o o o o o o
t

t
)

t

- " .

&

]

k
{

b
i
i
i

)
|
b

kH
I

{Iy

I
I
]

)

i
|
|
i
|
I
i
I
|
]

Hl-4 = °
i
i
b
t
k
]

T T T T T T T
2 8 3 = b3 - s
=1 =] o =3 < (=] (=]

Concentration

Fig. 1. Normalized values in COVID and OSCC samples.
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Fig. 2. Volcano plot of differential gene expression.

change and the y-axis representing the negative log10 of the adjusted p-value. Up-regulated genes are depicted
in red, while down-regulated genes are shown in blue. This analysis provides insights into the molecular
mechanisms and pathways underlying COVID and OSCC, aiding in understanding the biological processes
contributing to these conditions.

The Principal Component Analysis (PCA) plot illustrates the simplification and visualization of complex
datasets (Fig. 3). In this example, PCA generated two principal components (PCs): PC-1 and PC-2. PC-1,
representing 46.6% of the variance, captures the most significant patterns or trends in the data, explaining a
considerable portion of the overall variability. PC-2, with a variance of -10.7%, explains a smaller variance,
indicating it may represent noise or unimportant variation. These results suggest that additional principal
components may be necessary to explain the remaining variance in the data.

The heat map illustrates the distribution of genomic samples for salivary COVID and OSCC, facilitating the
identification of shared genetic characteristics and patterns (Fig. 4). This visualization enables quick comparisons
of genomic profiles, offering insights into the genetic distribution within the dataset and potentially leading to
discoveries or targeted interventions.

The interactome network illustrates the connections between differentially expressed genes in COVID and
OSCC, with hub genes identified using the CytoHubba tool (Fig. 5). These hub genes are crucial for connectivity
and molecular mechanisms. Notable hub genes include ALDH1A1, MT-CO2, SERPINCI, FGB, and TE.

Dysregulation of these cascades in COVID-19 can lead to inflammation and a hypercoagulable state (Fig. 6).
Similarly, in OSCC, these pathways are involved in tumor progression and immune evasion. Understanding
these cascades is essential for developing targeted treatments for both diseases.

Table 1 compares the performance of machine learning models, including random forest, naive Bayes, neural
networks, and gradient boosting. The random forest model achieved the highest accuracy at 93% and a class
accuracy of 84%. Naive Bayes had lower accuracy at 63% and a class accuracy of 66%. The neural network model
showed 55% accuracy and a class accuracy of 55%, possibly due to data preprocessing issues. Gradient boosting
outperformed all models with an accuracy of 95% and a class accuracy of 95%.

The ROC curve illustrates the Receiver Operating Characteristic of the hub (Fig. 7).

The ROC curve depicts the Receiver Operating Characteristic of non-hub genes (Fig. 8).

The Receiver Operating Characteristic Curve (ROC) visually displays the performance of a binary
classification model by plotting the true positive rate (TPR) against the false positive rate (FPR) across various
classification thresholds. An ideal model achieves a TPR of 1 and an FPR of 0, forming a perfect curve, while a
random model produces a diagonal line. The area under the ROC curve (AUC) serves as a metric for evaluating
model performance, with higher AUC values indicating better predictive capability. The AUC is higher for
models like random forest and gradient boosting, indicating greater predictive accuracy, and lower for naive
Bayes and neural networks.

Figure 9 displays the confusion matrix of all algorithms used in the study.
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Fig. 3. Principal component analysis (PCA).

A confusion matrix is a table that summarizes a classification model’s performance on test data, showing the
proportion of true positive (TP), true negative (TN), false positive (FP), and false negative (FN) predictions.
It allows for calculating performance metrics like accuracy, precision, recall, specificity, and F1 score. The
confusion matrix helps understand the model’s performance, particularly in balancing identification with
avoiding misclassification, especially in imbalanced datasets with uneven class distribution.

Figure 10 presents the lift curve, a visualization tool utilized to assess the performance of predictive models,
particularly for predicting hub genes. The lift curve illustrates that random forest and gradient boosting
algorithms effectively identify hub genes with high lift, which holds significance in biological applications.
However, each algorithm has its strengths and weaknesses, necessitating further analysis and comparison of
performance metrics to gain a comprehensive understanding of their effectiveness in this context.

Figure 11 displays the lift curve for all non-hub genes. The lift curve is a visualization tool used to evaluate
the performance of predictive models. It demonstrates the ability of the models to accurately predict non-hub
genes. Analyzing the lift curve helps in understanding the effectiveness of different algorithms in identifying
non-hub genes.
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Fig. 4. Heat map of genomic samples.
Discussion
Saliva emerges as a promising source of biomarkers for medical research and diagnostics, containing various
proteins such as enzymes, antibacterial compounds, growth factors, hormones, and cytokines?*?*. Its non-
invasive nature, ease of collection, cost-effectiveness, stability, and dynamic properties make it valuable for
providing real-time insights into oral and systemic diseases?. Saliva-based biomarker research is gaining
momentum in fields like oncology, infectious diseases, autoimmune diseases, metabolic disorders, and oral
health. However, challenges including variability in saliva composition, potential interference from oral bacteria,
dilution factors, and the need for standardized collection methods need to be addressed'24. Further research is
necessary to fully harness saliva’s potential in clinical practice?>?3.

Interactome hub genes (Figs. 1, 2, 3, 4 and 5), which are central nodes in molecular interaction networks, play
crucial roles in cellular processes and pathways, providing valuable insights into the underlying mechanisms of
oral cancer and COVID-19%. For instance, TP53, a tumor suppressor gene, is associated with tumor progression
and poor prognosis in oral cancer, while EGFR regulates innate immune responses and inflammatory processes
in both diseases. Additionally, genes like STAT3, CASP3, and IL6 regulate immune responses and cell survival.
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Fig. 5. Interactome network of differentially expressed genes.

The complement and coagulation cascades, crucial in COVID-19, impact blood coagulation and inflammation
through proteins like C3 and fibrinogen. Similarly, in OSCC, these cascades contribute to tumor progression
and immune evasion by regulating blood coagulation and complement activation. Understanding their gene
ontology and KEGG pathways offers insight into potential therapeutic targets for both conditions, influencing
inflammation, immune responses, and tumor microenvironments (Fig. 6). Furthermore, comprehending these
interactions may lead to targeted therapies and biomarkers, potentially repurposing existing drugs or developing
new therapeutic strategies. However, further research is necessary to fully understand their complex interactions
and implications?.

In this study, we identified several hub proteins and discussed their roles. ALDH1AL is a gene encoding the
enzyme ALDH1A 11526 which plays a crucial role in aldehyde metabolism. It is upregulated in the lung tissues
of COVID-19 patients, likely due to oxidative stress. ALDH1A1 has also been identified as a potential biomarker
for COVID-19 severity, suggesting its potential for predicting disease progression. In oral cancer, ALDH1A1 is
a critical marker associated with cancer stem cells (CSCs), contributing to tumor initiation, progression, and
therapy resistance'®. The pathway of aldehyde dehydrogenase 1A1 (ALDH1A1), a marker of cancer stem-like
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Fig. 6. Gene ontology and KEGG pathway analysis. (a) Cellular component: this section of the figure displays
the cellular components associated with the analyzed genes. (b) Biological Processes: The biological processes
related to the analyzed genes are depicted in this section. (c) Molecular Function: This section shows the
molecular functions of the analyzed genes. (d) KEGG Pathway: The KEGG Pathway section highlights the
Complement and Coagulation Cascades pathway, which is critical for COVID-19 and OSCC.

Model AUC |[CA |F1 Precision | LogLoss | Specificity
Random forest 0.936 | 0.849 | 0.836 | 0.853 0.400 0.659
Naive Bayes 0.630 | 0.661 | 0.659 | 0.657 0.622 0.488
Neural network 0.556 | 0.720 | 0.602 | 0.518 0.593 0.280
Gradient boosting | 0.950 | 0.862 | 0.851 | 0.868 0.368 0.682

Table 1. Comparison of machine learning models.

cells (CSCs), is crucial for maintaining their properties. Studies have shown that high ALDH1A1 expression is
an adverse prognostic factor in OSCC patients. Overexpression activates the AKT-B-catenin signaling pathway,
while low expression enhances chemo-resistance ability and sporogenesis. ALDH, a crucial protein in the body,
is regulated by the Wnt/[-catenin pathway, which depends on B-catenin and TCE, affecting its activity.

Recent evidence showed that High expression levels of ALDH1A1 in oral squamous cell carcinoma are linked
to advanced TNM tumor and nodal stages, as well as increased mortality rates, establishing it as a significant
marker of invasiveness and poor prognosis?”-?%. Patients with adenocarcinoma with SARS-CoV2 showed more
cancer stem cells (CSCs) and increased lymph node metastasis cases. SARS-CoV2 proteins, Nucleocapsid and
Spike, were found in lung adenocarcinoma cells, suggesting the virus may stay in the body longer and increase
cancer spread also substantiaing our study results?.

Targeting ALDH1AL1 in oral cancer cells has yielded promising results, reducing cancer stem cell (CSC)
properties, and increasing therapy sensitivity. MT-CO2 (Mitochondrially Encoded Cytochrome C Oxidase II)
is a gene encoding a subunit of cytochrome ¢ oxidase, an essential enzyme involved in the electron transport
chain in mitochondria. This enzyme plays a crucial role in cellular respiration by facilitating the final step of
the energy production process. While the direct relationship between MT-CO2 and COVID-19 or oral cancer
is not well-established, mitochondrial dysfunction has been implicated in the pathogenesis of these diseases.
COVID-19 can cause mitochondrial damage'®, impairing energy production, increasing oxidative stress, and
promoting the release of pro-inflammatory cytokines. This dysfunction contributes to the severity of symptoms
and complications, such as organ failure. In oral cancer, alterations in mitochondrial function result in increased
reactive oxygen species (ROS) production and altered energy metabolism, promoting tumor growth, invasion,
and therapy resistance. SERPINCI, a gene encoding antithrombin, has been associated with abnormal blood
clotting and coagulation disorders in severe cases of the disease. Oral cancer is also associated with an increased
risk of thromboembolic events. Elevated levels of fibrinogen have been associated with worse prognosis and
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Fig. 7. ROC Curve of the Hub with multiple curves with AUC values labeled as 0.501 (cyan curve), 0.516
(orange curve), and 0.339 (purple curve). The cyan and orange curves show weak predictive power, while the
purple curve has the lowest AUC (0.339). The purple curve indicates poor performance, worse than random
guessing.Models with lower AUC values are less reliable for biomarker identification and indicates weaker
models overall, with no curve achieving strong predictive performance.

increased risk of thrombosis in COVID-19 patients. Tissue Factor®’, a gene activating clotting factors and blood
clot formation, has been upregulated in COVID-19 cases, contributing to hypercoagulable states.

The KEGG pathway analysis highlights the role of complement and coagulation cascades in understanding
COVID-19 and oral squamous cell carcinoma (OSCC). The activation of the Wnt/p-catenin signaling pathway,
which plays a crucial role in cellular proliferation and differentiation, may contribute to OSCC malignancy.
Targeting this pathway could offer a strategic therapeutic approach. Aldehyde dehydrogenase regulation may
promote cancer stem cells, linking these pathways to tumor aggressiveness. Inflammatory pathways, particularly
those associated with salivary proteins, suggest immune response involvement in both conditions. Coagulation
dysregulation through the SERPINCI gene may be linked to cancer progression. Metabolic alterations mediated
by MT-CO2 could provide insights into metabolic shifts. Further research is needed to fully understand the
specific mechanisms and implications of these genes in COVID-19 and oral cancer.

In a previous study, 257 susceptibility genes associated with RNA splicing, mitochondrial functions, and
proteasomes were identified in lung adenocarcinoma (LUAD) patients with COVID-19°!. Ten hub genes
(MEA1, MRPL24, PPIH, EBNA1BP2, MRTO4, RABEPK, TRMT112, PFDN2, PFDN6, and NDUFS3) were
significantly correlated with immune cell infiltration. SARS-CoV-2 has a higher chance of progression in
adults with underlying health conditions such as cancer and neurological diseases, leading to comorbidities
and potential death. Understanding host-virus protein-protein interactions is crucial for designing effective
antiviral drugs for SARS-CoV-2. Identifying hub proteins and their interactions with SARS-CoV-2 proteins,
which trigger comorbidities like Alzheimer’s, Parkinson’s, and prostate cancer, is essential'®.

This study evaluated the performance of various machine learning algorithms in accurately predicting hub
genes in OSCC and COVID-19 (Table 1). The random forest model demonstrated the highest accuracy at 93%
and class accuracy at 84% (Figs. 5, 6, 7, 8, 9 and 10)****. In contrast, the naive Bayes model exhibited lower
accuracy at 63% and class accuracy at 66%, attributed to its assumption of feature independence. The neural
network model achieved an accuracy of 55% and class accuracy®®, with performance heavily reliant on proper
data preprocessing. However, the gradient boosting model outperformed all other models with an accuracy of
95% and class accuracy, indicating its effectiveness in learning underlying data patterns.

Predicting interactomic hub proteins using machine learning faces several challenges. One major obstacle is
the availability of high-quality training data, necessitating the collection of comprehensive and diverse datasets.
Generalizing across different conditions is essential, as studies often focus on specific cell types or biological
conditions. Moreover, biological interpretation and validation are crucial for accurate predictions. Integrating
multi-omics data, such as transcriptomics, proteomics, and epigenomics, can provide a more comprehensive
understanding of molecular interactions®*-%°.
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Fig. 8. ROC Curve of Non-Hub Genes with purple curve (AUC=0.661) shows the best performance,
indicating better sensitivity and specificity. The purple curve represents a model with moderate predictive
power, while the cyan and orange curves have AUC values closer to 0.5, indicating models with performance
close to random guessing.Models with higher AUC values are better at identifying true hub biomarkers while
minimizing false positives. model with moderate predictive power (AUC=0.661), which could be useful for
biomarker identification.

Optimizing preprocessing steps, such as data normalization and feature selection, can enhance model
performance. However, interpretability remains a concern, particularly for models like random forest and
gradient boosting, which are often considered black-box models®**-3. Finally, incorporating network topology
information can enhance the accuracy and applicability of hub gene prediction models in understanding
complex biological systems.

Conclusion

The study suggests that predicting interactomic hub genes for COVID-19 and OSCC holds promise, but
several challenges need to be addressed. Random forest and gradient boosting models demonstrated superior
performance, while naive Bayes performed poorly.

Scientific Reports | (2025) 15:4068 | https://doi.org/10.1038/s41598-025-88819-2 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

[ Confusion matrix of all algorthims ]

Predicted Predicted
hub non hub )3 hub non hub 3
hub 909% 147% 106

= hub 877% 157% 106
2 nonhub 91% 853% 272 I
< 2 nonhub 123% 843% 272
3 66 312 378 <
b3 65 313 378
( Gradient boosting ) [ T P e
hub non hub ) 3 hub non hub 2
hub NA 280% 106 hub 392% 239% 106
T ©
2 non hub NA 720% 272 2 nonhub 608% 761% 272
< <
3 0 378 378 )3 102 276 378
( Neural networks ) [ Naive bayes

Fig. 9. Confusion matrix of all algorithms.

Fig. 10. Lift curve for predicting hub genes.
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Data availability
The datasets generated and/or analysed during the current study are available in https://www.salivaryproteome
.org/differential-expression.
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