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ABSTRACT: Cervical cancer is the 4th most common cancer in women. While the roles of E6 and E7 human papillomavirus 
(HPV) oncogenes in disrupting cell cycle control are known, the specific impact of HPV on immune gene regulation in cervical 
cancer is not fully understood. We hypothesized that if HPV genes regulate PACSIN2 expression via mechanisms independent 
of PACSIN2 transcription factors (TFs), a predictive model of PACSIN2 expression would have substantially better performance 
when using both TFs and HPV genes as input than either alone. Decision trees and XGBoost were used to understand the 
regulatory mechanisms of HPV genes and TFs on immune response genes. The XGBoost model, the best performer for TF-only 
input, yielded a Pearson correlation coefficient of 0.52; when both TF and HPV genes were included, a correlation of 0.69 in the 
XGBoost model was achieved, indicating a notably enhanced predictive accuracy due to the inclusion of HPV genes. The HPV 
gene E6 may exert a substantial regulatory influence on PACSIN2 expression, encouraging a path for further investigation. This 
influence was independent of the regulation by known PACSIN2 TFs. In addition, interactions between E6 and PACSIN2 TFs 
are likely mediated via E6 downregulating p53.  
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�   Introduction
Cervical cancer is a significant global health concern. It 

currently affects over 604,000 women worldwide and resulted 
in 342,000 deaths in 2020.1 Currently, over 90% of cervical 
cancers are due to infection from the human papillomavirus 
(HPV).2 HPV is transmitted sexually and can cause various 
conditions ranging from lesions to the development of mi-
croinvasion3 and may eventually result in the development of 
cervical cancer. There are over 200 distinct HPV strains that 
infect epithelial cells,4 and about 40 of these show a preference 
for mucosal tissues. Depending on their ability to cause cancer, 
they are further classified as low-risk and high-risk HPV (lr-
HPV and hr-HPV, respectively).5 Worldwide, around 70% of 
cervical cancer cases are caused by hr-HPV, primarily HPV-16 
and HPV-18.6,7 While HPV vaccination is available, its effec-
tiveness is limited to specific strains, and its broader impact has 
not yet been confirmed.8

Despite substantial research, the exact molecular mechanisms 
through which HPV initiates and advances cervical cancer re-
main unclear. Current understanding focuses on HPV viral 
oncogenes E6 and E7. It has been found that when the viral 
genome integrates into the host DNA genome, E6 and E7 are 
upregulated.9 This, in turn, deregulates critical proteins in the 
cell signaling pathways, such as inhibition of tumor suppressor 
proteins, p53, and pRb,10 causing cell cycle control impairment 
and genomic instability. However, this view is limited as it does 
not fully encompass the intricate interactions between HPV 
and host gene regulation.

The complexity of HPV's role in cervical carcinogenesis 
necessitates further exploration, which is pivotal for enhanc-
ing prevention and treatment strategies. Identifying markers 

that predict cervical cancer development in HPV-infected in-
dividuals could revolutionize preventive measures, potentially 
through specific biomarker development. Moreover, a deeper 
insight into HPV-host molecular interactions could lead to the 
design of targeted therapeutics, thus advancing personalized 
medicine approaches in cancer treatment.

This study hypothesizes that HPV manipulates the transcrip-
tional environment in cervical cells, fostering a carcinogenic 
milieu. It is speculated that HPV selectively regulates human 
genes in these cells, leading to changes conducive to cancer de-
velopment and progression. To investigate this hypothesis, the 
study employs computational techniques, including machine 
learning and bioinformatics, aiming to elucidate the specific 
gene regulation mechanisms at play in HPV-induced cervical 
cancer.

The current research seeks to fill the knowledge gap in 
understanding HPV's regulation of human gene expression, 
potentially unveiling new insights and strategies for combating 
cervical cancer.

�   Methods
Data Collection and Standardization:
The study used the whole gene expression identified by 

RNA-sequencing (RNA-Seq) of The Cancer Genome At-
las Cervical Squamous Cell Carcinoma and Endocervical 
Adenocarcinoma (TCGA-CESC)11 dataset, which includes 
a substantial number of patient samples for cervical cancer 
human gene expression. The dataset was accessible through 
Recount3,12 which provides access to a large amount of uni-
formly processed RNA-seq data from human and mice 

DOI: 10.36838/v6i10.5

RESEARCH ARTICLE

	 ijhighschoolresearch.org



	 30	

samples, which go beyond gene counts. Overall, our dataset 
included 244 cervical cancer patients.

Matching HPV gene expression data was sourced from a 
study by Ren et al. (2020)13 for HPV strains 16, 33, and 35 
and genes E1, E2, E4, E5, E6, E7, L1, and L2. During the 
development of cervical cancer, several abnormal events are 
triggered, including perturbation of antitumor immune re-
sponse, alteration of gene expression, disruption of cell cycle 
control, and deregulation of microRNA.14 Therefore, we also 
included 2,155 immune-related (IR) genes identified in a 
2023 study by Li et al.,15 along with their transcription factors 
from the Gene Regulatory Network database GRNdb.16 After 
conducting deduplication and filtering for active HPV infec-
tions, we arrived at a dataset of 136 patients, which was split 
into the train (80%), validation (10%), and test (10%) groups.

Gene Expression Normalization:
We removed duplicate patient entries and lowly expressed 

genes as a quality control method. Genes with very low counts 
may be measurement artifacts and add noise to downstream 
analyses. We examined expression levels of early expressed 
HPV genes (E1, E2, E4, E5, E6, E7, L1, and L2) across the 
entire patient cohort and cases with minimal HPV gene ex-
pression, resembling background noise (threshold set to 0.5), 
were excluded (Figure 1). We used gene expression histograms 
to establish criteria for active HPV infection and eliminate 
background noise (Figure 1).

We harmonized the datasets by matching patient identifiers 
using TCGA barcodes. Furthermore, we used Log Transcripts 
Per Million (TPM) to perform within-sample normalization 
of the original raw gene counts. TPM corrects for gene length 
and library size by dividing gene counts by gene length (in kb) 
to get transcript counts and then dividing by the total number 
of transcripts in the sample, resulting in each normalized sam-
ple having the same number of total counts17 (equation 1). Log 
TPM normalizes counts and stabilizes the variance in the data, 
which is essential for downstream visualization, analysis, and 
modeling. We sourced gene length data from Ensembl18 and 
The Papillomavirus Episteme (PaVE) for an accurate com-
parison.19

For gene g, rg is the number of reads, lg is the transcript, and 
n is the number of genes. We used log TPM >1 in 90% of the 
patients as a cutoff for selecting IR genes.

Selection of Relevant Genes:
Tumor purity refers to the proportion of tumor cells in the 

tumor microenvironment (TME). TME comprises different 
cell types, including endothelial cells, immune cells, and fibro-
blasts, along with extracellular components such as hormones, 
cytokines, extracellular matrix, and growth factors.20 The TME 
not only plays a pivotal role during tumor initiation and metas-
tasis, but it also affects therapeutic efficacy. Studies have shown 
that low-risk patients are more sensitive to immunotherapy 

because of the correlation between tumor purity and immu-
nity.21 HPV is involved in the recruitment of immune cells 
within tumors, with HPV-positive tumors showing a stronger 
activation of immune signaling pathways.22 If tumor purity af-
fects IR gene expression, we would expect HPV- and HPV+ 
cases to have differential IR gene expression. Thus, to rule out 
cases where tumor purity may be confounding IR gene expres-
sion, we found genes that exhibited no significant differential 
expression between HPV-negative and HPV-positive tumors, 
applying the Mann-Whitney U test with a threshold of p-val-
ue greater than 0.5.

Subsequently, we excluded lowly expressed genes that could 
have a differential expression due to noise and focused on 
well-expressed genes, characterized by a median log2 TPM 
(Transcripts Per Million) value exceeding 1. Next, we selected 
genes showing the effect of the HPV E6 protein on IR gene 
expression, identified by an absolute slope value greater than 
0.2. After applying those filters, we considered the top and 
bottom 10 IR genes by Pearson r between HPV E6 and IR 
gene expression (Figure 2). We removed genes specific to im-
mune cell types to account for noise from tumor purity based 
on annotations from the Human Protein Atlas.23 Of the re-
maining genes, we prioritized genes with some known impact 
on immune function, leaving us with PACSIN2, NDUFS1, 
APOE, and WNT5B.

Finally, looking at the correlation matrix, we excluded HPV 
genes with similar gene expression to reduce redundancy. We 
excluded E7 while retaining E6 since studies have shown that 
the E7 is translated from spliced E6*I fusion transcripts.24 Sim-
ilarly, we excluded E4 and retained E2 since both transcripts 
are up-regulated by keratinocyte differentiation and give rise 
to two fusion proteins in vitro, E2^E4-S and E2^E4-L.25 Our 
final HPV gene selection included E1, E2, E5, and E6.

Predictive Modeling – Decision Tree:
The initial modeling approach was based on decision trees 

(DT).26 DTs are a non-parametric supervised learning meth-
od used for classification and regression. They form branches 
based on criteria within nodes and decisions that can be based 
on categorical or continuous data.26 The process involves 
building trees from bootstrapped training data such that each 
split is based on a random sample of m variables from a full set 
of n attributes.26 However, the model runs the inherent risk 
of overfitting when it fits to noise or misleading points in the 
input distribution, leading to poor performance and general-
ization. To handle this, DTs are pruned to reduce the tree size 
without losing predictive accuracy. We used a cost complexity 
pruning algorithm parameterized by a complexity parameter 
α ≥ 0. The complexity parameter is used to define the cost-com-
plexity measure, Ra(T) of a given tree T as:

Where |T ̃| is the number of terminal nodes in T and R (T) 
is the total misclassification rate of the terminal nodes. The 
cost complexity measure of a single node is Rα(T) = R (T) + α. 
The inputs to the DT have selected HPV genes together/sin-
gularly with TF Factors used to predict the immune response 
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(output IR genes). We used 80% of our dataset for training, 
10% for validation, and 10% for testing.

The eXtreme Gradient Boosting (XGBoost) Algorithm:
The XGBoost model iteratively builds competent models 

from a collection of distinct weak learners–initially, all samples 
in the dataset are given the same weight. The first model was 
trained by arbitrarily selecting samples from the dataset to give 
each sample an equivalent chance to contribute to training.27 
All models were then tested, and the weight of the incorrectly 
classified cases was updated such that they were chosen for 
the training of the subsequent model. The XGBoost algorithm 
has the advantage of strong generalizability and fast operation 
speed compared to other classifiers.28 This advanced model 
underwent fine-tuning through a random search methodol-
ogy, incorporating cross-validation across over 100 iterations. 
We fine-tuned the XGBoost algorithm to search randomly 
across different distributions of tree depth, weights, and loss 
reduction. Our maximum tree depth range was between 2 and 
6 for base learners, the minimum sum of instance weight (hes-
sian) between 0 and 15, and minimum loss reduction between 
a uniform distribution of 0.9 and 0.2 (required to make a fur-
ther partition on a leaf node of the tree) as parameters to the 
model.

We used the XGBoost algorithm trained on HPV gene ex-
pression with and without TF Factor expression to predict IR 
gene expression. We used SHAP (SHapley Additive exPla-
nations) values to determine feature importance and visualize 
how each feature affects final model predictions.

Statistical Analysis:
Our analysis used the SciPy version 3.10 software package 

to conduct statistical evaluations. We used the Pearson r to 
assess correlation and the Mann-Whitney U test to compare 
differences between two independent groups. The p-value less 
than 0.05 was regarded as statistically significant.

�   Results 
Out of the 244 patients available in The Cancer Genome 

Atlas (TCGA) Cervical Squamous Cell Carcinoma (CESC) 
cohort, we utilized data from 136 patients. After deduplication, 
we used the distribution of HPV gene expression to establish 
criteria for active HPV infection and to eliminate background 
noise (Figure 1). A cutoff of 0.5 log TPM was chosen, yielding 
136 patients. Because of the low level of systematic expression, 
we excluded L1 and L2 from further analysis (Figure 1).

To identify immune-related (IR) genes most likely to be 
regulated by HPV genes, we first considered the top 10 IR 
genes most and least co-expressed with HPV genes. We also 
selected genes not differentially expressed between HPV- and 
HPV+ patients and were sufficiently expressed across the 
cohort (Methods: Selection of Relevant Genes). Finally, we 
excluded IR genes exclusively expressed in immune cells, leav-
ing PACSIN2 as the top candidate IR gene.

Next, to define the input features for models of PACSIN2 
gene expression, we extracted known transcription factors (TF) 
of PACSIN2 in the context of CESC from GRNdb.16 This 
yielded SREBF2, XBP1, CTNNB1, and HNF1A. To define 
HPV-related input, we identified a non-redundant set of HPV 
genes, E1, E2, E5, and E6, based on their co-expression pat-
terns with IR genes (Figure 2). The log TPM expression of 
these eight genes served as the final input for models of PAC-
SIN2 expression.

Figure 1: Distribution of HPV gene expression in log TPM across TCGA 
CESC cohort. Vertical red lines indicate cutoffs for determining whether 
patients had active HPV infections. Panel A shows gene expression for HPV 
genes E1, E2, E4, E5, E6, E7, L1, and L2. Most L1 (Panel G) and L2 (Panel 
H) gene expressions are lower than 0.5 log TPM, so they were excluded from 
further analysis.

Figure 2: Pearson correlation between IR genes (x-axis) and HPV genes 
(y-axis), denoted by color. Rows and columns are hierarchically clustered, 
shown in the dendrograms.
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We computed SHAP values for all patients in the test set to 
interpret the best-performing model. A plot of feature impor-
tance (Figure 6A) shows that the most important features for 
the XGBoost model with both HPV and TF genes as input 
are SREBF2, CTNNB1, E6, and XBP1. A wider spread of 
the dots for SREBF2, CTNNB1, and E6 indicates that these 
features substantially interact with others. So, we computed 
SHAP interaction values (Figure 6B) to identify important 
interactions. The strongest interactions between HPV genes 
and TFs are E6 and CTNNB1, E6 and SREBF2, and E6 and 
XBP1.

�   Discussion 
We hypothesized that, besides its canonical role in down-

regulating TP53 and Rb, HPV manipulates the transcriptional 
environment in cervical cells by regulating immune-related 
(IR) genes, resulting in immune evasion and enabling can-
cer progression. An understanding of how HPV contributes 
to immune evasion can provide new insights and strategies 
to combat cervical cancer. We found that E6, independently 
and with transcription factors (TF) SREBF2, CTNNB1, and 
XBP1, likely regulate PACSIN2 gene expression (Figure 6), 
suggesting future in vitro and in vivo studies into this rela-
tionship.

PACSIN2 is a protein kinase family member involved 
in endocytosis and links the actin cytoskeleton with vesicle 
formation. It has been previously shown that PACSIN2 is in-
volved in cancer’s collective cell migration, which affects cancer 
metastasis.29 Additionally, PACSIN2 is a negative epidermal 
growth factor (EGF) regulator whose increased expression has 
been associated with cancer.30 This suggests that regulating 
PACSIN2 by HPV may manipulate the host cell environment 
in favor of viral persistence and cancer progression.

SREBF2 is a key regulator of lipid metabolism that controls 
the transcription of sterol-regulated genes. Lipid metabolism 
disorders such as fatty acid disorder and cholesterol metabo-

Modeling:
After identifying PACSIN2 as the most likely IR gene regu-

lated by HPV, we trained a decision tree (DT) and an extreme 
gradient boosted tree (XGBoost) to predict PACSIN2 expres-
sion using the expression of its TFs and HPV genes as input. 
We hypothesized that if complex interactions occur between 
TFs and HPV genes to regulate PACSIN2 expression, the 
XGBoost model would outperform the DT. In addition, we 
trained three versions of each model class, using either TFs, 
HPV genes, or both as input. We hypothesized that if HPV 
genes regulate PACSIN2 expression via mechanisms indepen-
dent of PACSIN2 TFs, the models would have substantially 
better performance when using both TFs and HPV genes as 
input than either alone.

First, we optimized the DT for maximal performance by 
measuring the coefficient of determination as a function of the 
DT’s cost-complexity pruning parameter, α (Figure 3). As α 
increases, more of the tree is pruned until only a single leaf re-
mains. The optimal α for the DTs using TFs only, HPV genes 
only, and both as input were 0.006, 0.013, and 0.004, respec-
tively.

Figure 4 shows the performance of the DT model predic-
tion. The r-value represents Pearson's correlation coefficient 
between actual and predicted data. We find the biggest cor-
relation (best performance) between predicted and actual 
(measured) data for combined TF and HPV input DTs (Fig-
ure 4C, r = 0.4847).

The XGBoost model trained only on TF has a Pearson cor-
relation coefficient of 0.52 for predicted and actual data for 
the best estimator (Figure 5A). For the HPV-only training set, 
R = 0.35 (Figure 5B), and for HPV and TF, the R = 0.69 (Fig-
ure 5C).
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Figure 3: Coefficient of determinant versus cost-complexity pruning α for 
models using (A) TFs, (B) HPV genes, and (C) both TF and HPV genes as 
input.

Figure 5: Pearson’s correlation coefficient for predicted and actual data for 
the XGBoost model. Panels A, B, and C show Pearson’s r as the best estimator 
for TF-only, HPV-only, and TF and HPV inputs, respectively.

Figure 6: Panel A shows feature importance. Each dot represents the 
XGBoost model’s prediction for a patient in the test data. Panel B shows 
the SHAP value for each feature. Each box represents the median SHAP 
interaction value across patients for all pairwise combinations of genes.

Figure 4: DT predicted vs. measured expression (log TPM) with Pearson’s 
correlation coefficient shown. (A) performance for TF-only input, (B) 
performance for HPV-only input, and (C) performance using both HPV and 
TF genes as input.
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In addition, using artificial intelligence tools for structural 
prediction and advanced data analytics opens new avenues for 
research. For example, tools for protein structure prediction, 
such as AlphaFold, could be used to predict the structure of 
HPV proteins, especially in the presence of mutations. Pri-
or studies have shown that E5 has a drastically different 3D 
structure between low-risk and high-risk genotypes40 Protein 
docking simulations, especially between E6 and putative inter-
acting partners, could yield valuable insights. For example, it is 
known that E6 can bind to PDZ-domain-containing proteins 
like hScrib, hDlg, MAGI-family proteins, MUPP1, PATJ, and 
PTPN3.41

�   Conclusion 
Our study suggests that HPV genes E6 and TFs may exert 

a substantial regulatory influence on the IR gene PACSIN2. 
This finding substantiates our initial hypothesis, suggesting a 
potential intersection between HPV gene regulation, TF genes, 
and the pathogenesis of cervical cancer. Specifically, our results 
suggest that E6 regulates PACSIN2 expression independently 
of known TFs. We also find that E6, SREBF2, CTNNB1, and 
XBP1 all interact with p53 and that complex interplay likely 
contributes to regulating PACSIN2 expression and, hence, tu-
mor development and progression. Future in vitro and in vivo 
studies must be conducted to test these findings.

Our findings suggest that HPV can independently influ-
ence host gene expression, separate from human transcription 
factors. The pathways identified in the study may play an im-
portant role in the molecular dynamics of HPV-associated 
cervical carcinogenesis and are worthy of further investigation. 
This research supports our initial hypothesis and also lays the 
groundwork for future investigations into targeted therapies 
and the development of more effective strategies for managing 
HPV-related cervical cancer.
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