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Background: The mechanisms of carcinogenesis from viral infections are extraordinarily complex and not
well understood. Traditional methods of analyzing RNA-sequencing data may not be sufficient for unrav-
eling complicated interactions between viruses and host cells. Using RNA and DNA-sequencing data from
The Cancer Genome Atlas (TCGA), we aim to explore whether virus-induced tumors exhibit similar
immune-associated (IA) dysregulations using a new algorithm we developed that focuses on the most
important biological mechanisms involved in virus-induced cancers. Differential expression, survival cor-
relation, and clinical variable correlations were used to identify the most clinically relevant IA genes dys-
regulated in 5 virus-induced cancers (HPV-induced head and neck squamous cell carcinoma, HPV-induced
cervical cancer, EBV-induced stomach cancer, HBV-induced liver cancer, and HCV-induced liver cancer)
after which amechanistic approachwas adopted to identify pathways implicated in IA gene dysregulation.
Results: Our results revealed that IA dysregulations vary with the cancer type and the virus type, but cyto-
kine signaling pathways are dysregulated in all virus-induced cancers. Furthermore, we also found that
important similarities exist between all 5 virus-induced cancers in dysregulated clinically relevant onco-
genic signatures and IA pathways. Finally, we also discovered potential mechanisms for genomic alter-
ations to induce IA gene dysregulations using our algorithm.
Conclusions: Our study offers a new approach to mechanism identification through integrating functional
annotations and large-scale sequencing data, which may be invaluable to the discovery of new
immunotherapy targets for virus-induced cancers.
� 2021 Published by Elsevier B.V. on behalf of Research Network of Computational and Structural Bio-
technology. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/

licenses/by-nc-nd/4.0/).
1. Background ogy of cancer, viruses can directly and indirectly affect major cellu-
Virus-induced cancers account for approximately 15–20% of
human cancers [1]. Regarded as the second most important etiol-
lar processes and pathways at varying stages of tumorigenesis
[1,2]. The mechanism by which viruses induce cancer, while exten-
sively investigated, is extremely complicated, with many viruses
known to have more than one way of contributing to cancer devel-
opment [3]. Suggested potential mechanisms of viral oncogenesis
include altered levels of protein expression, genomic modifica-
tions, chronic inflammation, and immunosuppression [2]. The
immune mediation by viruses, also known as the indirect mecha-
nism, may be more amenable to therapeutic targeting or preven-
tive care because the immune system is more druggable than
unseen viruses hidden in cells [3]. By studying well-known viruses
in virus-induced cancers such as human papillomavirus (HPV) in
head and neck squamous cell carcinoma (HNSCC) and cervical
squamous cell carcinoma and endocervical adenocarcinoma

http://crossmark.crossref.org/dialog/?doi=10.1016/j.csbj.2021.11.013&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1016/j.csbj.2021.11.013
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:rongkeko@health.ucsd.edu
https://doi.org/10.1016/j.csbj.2021.11.013
http://www.elsevier.com/locate/csbj


L.M. Wong, Wei Tse Li, N. Shende et al. Computational and Structural Biotechnology Journal 19 (2021) 6240–6254
(CESC), hepatitis B (HBV) and C (HCV) in liver hepatocellular carci-
noma (LIHC), and Epstein-Barr virus (EBV) in stomach adenocarci-
noma (STAD), we aim to elucidate these mechanisms and provide
potential targets for therapy.

Large-scale gene expression sequencing data exist on the above
virus-induced cancers in TCGA. With sequencing data from thou-
sands of patients, the TCGA database is a powerful resource for
analysis and comparison of specific phenotypes. However, analysis
of large-scale sequencing experiments is fraught with difficulties.
The traditional approach of analyzing genes differentially
expressed in one cohort vs. another (i.e. virus-induced cancer sam-
ples vs. normal samples) would yield a long list of statistically sig-
nificant genes that may not reveal which genes are the true drivers
of phenotype, which are dysregulated as a consequence of another
gene being dysregulated, and which are purely statistical noise
that have little biological significance. Out of these concerns, the
idea of analyzing gene pathways was born [4]. Analysis of path-
ways allows analysis of the transcriptome using known biological
pathways, or sets of genes with known functions. Thus, dysregu-
lated genes are grouped into functional clusters. This grouping the-
oretically reveals the underlying biological mechanism suggested
by the transcriptome that is not easily discovered by looking at a
list of dysregulated genes. Furthermore, if many genes within a
pathway are dysregulated in the same direction, the dysregulation
of these genes would more likely be biologically relevant rather
than simply statistical artifacts [5]. Gene set enrichment analysis
(GSEA) is the most popular software for pathways analysis [6].
However, despite its popularity and promise, significant shortcom-
ings exist in its methods. First, the pathways and gene sets assem-
bled for use with GSEA may not represent actual coherent
expression [7]. Gene sets group together genes that upregulate
the pathway and genes that downregulate the pathway, so a con-
certed expression of all genes in the gene set may never be
observed. Some gene sets also represent multiple biological pro-
cesses that may not be dysregulated concurrently in any cell [7].
Second, the gene sets within the database frequently contain over-
lapping genes, and these overlapping gene sets may describe pro-
cesses that are related but decidedly not the same, such as B cell
receptor signaling and the complement cascade [4]. Third, there
is the problem of gene-gene correlation within gene sets, where
gene sets with genes that are frequently co-expressed are more
likely to produce an artificially strong correlation of the pathway
to a target [8]. Fourth, choice of significance cutoff, such as the
GSEA-recommended false discovery rate (FDR) < 0.25 rather than
the traditional FDR < 0.05, can affect results dramatically [6].
Therefore, there is a need to develop new computational methods
for more accurate determination of the true biological processes
dysregulated when analyzing sequencing data.

In this study, we developed a novel gene dysregulation analysis
pipeline that integrates both pathways analysis and individual-
gene analysis. Using this pipeline, we analyzed immune-
associated (IA) gene dysregulation resulting from viral infection
in each of the five comparisons in order to locate common or
unique pathways that may explain the similarities or differences
between virus positive and virus negative tumorigenesis. Using
data from TCGA, we identified significantly dysregulated genes
and correlated their expressions with patient survival, clinical vari-
ables, and immune relevance to identify a panel of clinically rele-
vant dysregulated IA genes for each comparison. We utilized
these dysregulated genes to identify the most clinically relevant
IA pathways, immunologic states, and oncogenic signatures for
each cohort and found overlapping pathways and signatures
between the five virus-induced cancers. Finally, using a new algo-
rithm we developed, we explored the potential mechanisms of
viruses to induce IA gene dysregulation through genomic alter-
ations and reprogramming of cancer pathways. Our novel
6241
approach could accelerate the identification of previously
unknown mechanisms for viral-induced cancers that may be clin-
ically actionable, which may improve the efficacy of existing ther-
apeutic methods or provide new targets.
2. Results

2.1. Conceptual framework

Viral infections can significantly alter the immunologic land-
scape in human tissues, and certain viruses could increase the risk
of cancer development dramatically. The mechanisms of viral car-
cinogenesis are diverse and multi-faceted but revolve around
immune mediation and direct stimulation of oncogenic properties
[3]. While viruses have different and diverse effects on the immune
system, it remains to be discovered which immune pathways are
the primary targets of oncogenic viruses and the mechanism
through which these viruses modulate the immune system. Using
data from TCGA, we will focus on immune-associated (IA) genes’
dysregulation at cancer sites to deduce the effects of each virus
on the immune response and inflammatory pathways. Further-
more, we aim to computationally derive the most probable path-
way causing such immune dysregulation.

To address the shortcomings in traditional analyses of RNA
sequencing data, we developed a new conceptual framework, or
a computational workflow, that will allow us to consider a diverse
array of data and analysis methods before formulating definitive
analysis results. This framework seeks to integrate two major
branches of analysis, pathways-level analysis and gene-level anal-
ysis, before taking in genomic alterations data to deduce a probable
pathway (Fig. 1A). The purpose of our workflow is to computation-
ally identify a mechanism for immune-associated gene dysregula-
tions by integrating analyses examining different aspects of gene
regulation. First, differential expression analysis (edgeR, p < 0.05)
is performed between the virus-induced cancer samples and con-
trol samples. Second, the fold changes for each gene are input into
GSEA on the pathways-level arm (left side of circle in Fig. 1A).
Third, the individual significantly dysregulated genes are filtered
for immune relevance and then are correlated with patient survival
followed by clinical variables, composing our gene-level arm (right
side of circle in Fig. 1A). Individual genes that are significantly dys-
regulated and correlated with survival and other clinical variables
will be retained as candidates for the next step and termed as clin-
ically relevant IA genes. Fourth, we identified genes that are close
in function to these clinically relevant IA genes using Reac-
tomeFIViz, a software that provides functional annotations of
genes in a network. These genes, close in function, are termed
neighboring genes. Fifth, we query these genes in significantly dys-
regulated cancer or immune-associated pathways to identify the
pathways that are most clinically and biologically relevant. Finally,
a list of genes containing clinically relevant IA genes, neighboring
genes, and genes within the clinically/biologically relevant path-
ways is inputted into our pathways inference algorithm, along
with correlations between genomic alterations and IA gene expres-
sion. The algorithm will perform a breadth-first search to deter-
mine the shortest pathway between genomic alteration and IA
gene dysregulation.

Our conceptual framework sidesteps traditional limitations in
gene-level and pathways-level analysis by integrating both types
of analyses. In pathways analysis, while numerous pathways could
be statistically significant, it may be difficult to locate the true
pathways that are biologically dysregulated. In gene-level analysis,
pathways and functional structures are hard to obtain, although
the most dysregulated genes are still apparent. In our approach,
we identified the most significant dysregulated IA genes and



Fig. 1. Summary of study procedures, differential expression results, and survival correlation comparisons. (A) Schematic of computational analyses and data processing
procedures used. The direction of workflow is always downwards and is sometimes indicated by converging colored lines. Left of the circle involves pathways-level analysis
while right of the circle indicates the gene-level analysis. Orange, pink, and blue boxes indicate genes or gene sets, analyses, and results, respectively. Number of patients in
each cohort are indicated within the parentheses. (B) Heatmap of significantly dysregulated IA genes visualized in pathway annotations (FDR < 1x1010) from ReactomeFIViz
when comparing virus samples to normal samples in each cohort. Green, pink, and gold circles indicate that they are found in HPV, LIHC, and in all five comparisons,
respectively. (C) Venn diagram demonstrating unique IA genes and overlapping IA genes between cohorts after filtering differentially expressed IA genes for patient survival.
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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filtered them for clinical relevance first to eliminate genes that may
not be critical to the disease. Next, we expanded this list of most
important dysregulated genes to include genes that are their direct
interactors. This list is then searched within IA pathways to deter-
mine the most clinically relevant pathways that are dysregulated,
which should be pathways that contain the greatest number of
genes from our list of dysregulated genes and their direct interac-
tors. Thus, we were able to benefit from the functional insight of
pathways-level analysis while maintaining focus on the most dys-
regulated genes (gene-level analysis) at the same time. Further-
more, with our mechanism discovery algorithm based on a
further-expanded gene list and genomic alteration correlations,
we will be able to derive our own mechanistic pathway with min-
imal reliance on existing pathways, which is often too narrow or
too broad to accommodate the specific phenotype of study.
2.2. Identification of significant dysregulations in the immune
landscape of virus-induced cancers

We obtained RNA-sequencing data for HNSCC, CESC, LIHC, and
STAD from TCGA for patients with documented presence of HPV,
HBV, HCV, or EBV. HPV is known to cause HNSCC and CESC, HBV
and HCV are known to cause LIHC, and EBV is known to cause
STAD. We first identified differentially expressed IA genes in
virus-induced cancer samples compared to normal samples
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(Fig. 1A). The significantly dysregulated IA genes across the five
cohorts of virus-induced cancers (HNSCC-HPV, CESC-HPV, LIHC-
HBV, LIHC-HCV, and STAD-EBV) were clustered into pathways
using the ReactomeFIViz pathway annotation. The most represen-
tative pathways to which the differentially expressed IA genes
belong to are plotted in Fig. 1B (FDR < 1 � 1010). Several pathways
are significantly dysregulated in multiple cohorts. We discovered
that a significant number of IA genes within the cytokine-
cytokine receptor interaction pathway, which contains cytokines
and their receptors, are dysregulated across all five cohorts. How-
ever, the direction of dysregulation is not the same for different
cohorts. In virus-induced LIHC, most genes within the cytokine-
cytokine receptor interaction pathway are downregulated, while
the numbers of genes upregulated and downregulated in the
cytokine-cytokine receptor interaction pathway are comparable
in HNSCC, CESC, and STAD. The IL4/IL13 signaling and IFN-alpha/
beta signaling pathways are dysregulated in both HPV-induced
CESC and HNSCC, while genes involved in the complement and
coagulation cascade are dysregulated in both HBV and HCV-
induced LIHC.

We next correlated the expressions of dysregulated IA genes to
patient survival and identified a list of survival-correlated IA genes
(Cox regression, p < 0.05). No IA gene is survival-associated across
all cohorts, and most survival-correlated genes are unique to each
cohort (Fig. 1C). However, HBV and HCV-induced LIHC possess a
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large number of survival-associated IA genes in common, suggest-
ing that the different viral origins lead to LIHC with similar
prognostically-relevant immune dysregulations. The HPV-induced
cancers exhibit five common survival-associated IA genes, suggest-
ing that HPV leads to similar prognostically-relevant immune dys-
regulation in HNSCC and CESC. Interestingly, very few genes
correlated with survival in STAD. One potential reason for this is
that there were fewer STAD patients compared to any other cancer
cohort, making it harder for correlations to be significant. Addition-
ally, we used strict logFC and FDR cutoffs to filter genes when per-
forming differential expression analysis, which could have also
resulted in fewer STAD genes being selected.

2.3. Identification of most clinically relevant dysregulated IA genes

In order to identify biological pathways whose dysregulation
has the most impact on clinical phenotype and prognosis, we cor-
related the gene expression of survival-associated genes with clin-
ical variables and identified a set of most clinically relevant
dysregulated IA genes, which we defined as dysregulated IA genes
whose expression correlates with patient survival and two or more
clinical variables (Kruskal-Wallis test, p < 0.05). Three IA genes
were retained for CESC, two were retained for STAD, while eight
to ten were retained for other cohorts (Fig. 2A). Hazard ratios
greater than one correspond to better patient prognosis while haz-
ard ratios less than one correspond to decreased patient survival.
The genes retained for LIHC cohorts tended to have hazard ratios
greater than one, which demonstrates that the downregulation of
these genes corresponds to decreased patient survival. On the
other hand, the genes retained for HNSCC tended to have hazard
ratios less than one, which indicate that the upregulation of these
genes correspond to higher patient mortality. Both STAD and LIHC-
HCV had around equal numbers of retained IA genes that were
associated with lower patient survival when upregulated or down-
regulated. Examples of Kaplan Meier survival graphs for a selected
gene for each cohort are presented in Fig. 2B.

The majority of clinical variable correlations were with respect
to histologic grade, pathologic T or clinical T stage, and pathologic
or clinical stage (Fig. 2C). For most of the associated clinical vari-
ables including neoplasm cancer status, clinical pathologic T, and
residual tumor, it appears that the LIHC cohorts contained the most
significant IA gene-clinical variable correlations in comparison to
other cohorts. However, HPV-induced HNSCC contained the great-
est proportion of correlations with the clinical variables clinical
pathologic M and presence of perineurial invasion. Both LIHC
cohorts and HPV-induced cohorts contained approximately equal
significant IA gene-clinical variable pairs for the clinical variables
clinical pathologic N. Finally, HPV-induced CESC contained the
greatest number of IA gene-clinical variable pairs with clinical
pathologic stage. The absence of more correlations with N and M
stages suggests that virus-induced IA dysregulation has a much
higher impact on local tumor growth than regional or distant
metastasis (Supplementary Fig. 1). For all eight clinical variables,
3

Fig. 2. IA gene correlations with patient survival and clinical variables in virus versu
dysregulated differentially expressed IA genes for each of the five comparisons. Only
Individual IA genes with center lines greater or less than the hazard ratio cutoff of one ind
survival, respectively. Whiskers extending from the center lines denote the confidence
expressed IA genes for each of the five comparisons. (C) Pie charts demonstrating th
respective cohort across all five cohorts for the clinical variables neoplasm histolog
clinical/pathologic stage, clinical/pathologic T, clinical/pathologic N, and clinical/patholog
variable-IA gene correlations for each of the eight clinical variables shown in Fig. 2C.
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the cohorts that tended to have the most significant p-value per
clinical variable include HPV-induced HNSCC, HBV-induced LIHC,
and HCV-induced LIHC (Fig. 2D). Both LIHC cohorts had identical
p-values as this analysis is performed using all patients labeled
as LIHC.
2.4. Identification of IA and Cancer-Associated (CA) pathways
dysregulation through GSEA

GSEA was used to identify the pathways containing genes that
are collectively dysregulated in each cohort compared to normal
samples. Curated canonical pathways for cancer and immune-
related processes were downloaded from the Molecular Signature
Database (MSigDB). We visualized the distribution of dysregulated
IA/CA pathways associated with each cohort (Fig. 3A). Cancer-
associated (CA) pathways are defined as pathways classically
implicated in tumor development, progression, or metastasis, as
classified by MSigDB. We found that a similar distribution was
found for all cohorts except for the CESC cohort, which had few
pathways with general innate and general adaptive responses.
The HPV-induced cancers seemed to have higher enrichment of
viral infection response pathways in comparison to the other
cohorts. We next separately visualized the enriched pathways into
IA vs. CA pathways (Supplementary Fig. 2). A log(p-value) to the
left of the 0 line corresponds to downregulation of the pathway
while a log(p-value) to the right of the 0 line corresponds to the
upregulation of the pathway. In HPV-induced cancers, more IA
pathways are upregulated than downregulated, while in LIHC
cohorts, more IA pathways are downregulated (Supplementary
Fig. 2A-2D). As we expected, the majority of IA pathways dysregu-
lated in HBV-induced LIHC is also dysregulated in HCV-induced
LIHC, but several pathways are uniquely upregulated in HCV-
induced LIHC, namely interferon-related pathways, antigen cross
presentation pathways, and antiviral immunity pathways (i.e.
RIG-I-like receptors) (Supplementary Fig. 2A, 2B) [9]. Between
the HPV cohorts, cytokine signaling pathways, antigen cross pre-
sentation, HIV infection, and interferon signaling pathways are
commonly upregulated (Supplementary Fig. 2C, 2D). Interestingly,
many of these upregulated pathways are also upregulated in HCV-
induced LIHC, but not in HBV-induced LIHC. In particular, the JAK/
STAT pathway is downregulated in both LIHC cohorts, while the
complement cascade pathway is downregulated in HPV+ CESC
(Fig. 3B). In EBV-induced STAD, a larger number of cancer-
associated pathways are downregulated, and an even larger num-
ber of IA pathways are upregulated compared to all other cohorts
(Supplementary Fig. 2E).
2.5. Identification of most clinically relevant IA pathways in virus-
induced cancers

We identified pathways most implicated with clinically rele-
vant IA gene dysregulations through a mechanistic approach inte-
s normal samples for all five comparisons. (A) Hazard ratio plots of significantly
genes with two or more significant clinical variable correlations were displayed.
icate that downregulation or upregulation of the gene corresponds to worse patient
interval. (B) Kaplan Meier plots of select significantly dysregulated differentially

e proportion of significantly dysregulated IA genes that are correlated with their
ic grade, cancer neoplasm status, perineural invasion presence, residual tumor,
ic M (Kruskal-Wallis, p < 0.05). (D) Boxplot examples of the most significant clinical



Fig. 2 (continued)
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grating individual gene-level analyses with GSEA pathway enrich-
ment. Briefly, clinically relevant IA genes and differentially
expressed IA genes adjacent to them in a ReactomeFIViz interac-
6245
tion map, which is compiled from publicly available network reg-
ulations databases, such as KEGG, Reactome, and Pathways
Interactions Database, are searched within the canonical pathways



Fig. 3. Canonical (C2) IA and CA pathway enrichment using GSEA. (A) Stacked bar plot demonstrating the proportions of pathways that fall into nine categories (Antigen
Presentation and Processing (B cells), Cytokines & Interleukins (includes interferons), Viral Infection Response, General Innate Response, General Adaptive Response (T cells),
Extracellular Matrix, Tumor Suppressor, Oncogenes, Tumor Suppressor & Oncogenes) for each cohort (FDR < 0.01). (B) Select GSEA plot examples of pathways categorized in
Fig. 3A (FDR < 0.01). The green peak or valley in the GSEA plot corresponds to the upregulation or downregulation of the pathway listed in the plot title, respectively. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 4. Canonical IA pathway and immunologic signatures most implicated in each cohort following integration with gene-level analysis. (A) Horizontal bar graphs comparing
enrichment scores of all five cohorts for canonical pathways (C2) with the greatest number of cohort-specific IA genes and neighboring genes, including Kegg small cell lung
cancer, Reactome A1 Rhodopsin-like receptors, PID IL12 pathway, PID p73 pathway, PID E2F pathway, Reactome metabolism of lipids and lipoproteins, and PID FOXM1
pathway. (B) Vertical bar graphs demonstrating the top ten immunologic signatures (C7) with the greatest number of cohort-specific IA genes and neighboring genes.
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Fig. 5. Oncogenic signature comparisons. (A) Five-way Venn Diagram comparing oncogenic signatures (C6) most implicated in each cohort following integration with gene-
level analysis. (B) Superimposed GSEA plots of six oncogenic signatures that are most similarly enriched across all 5 cohorts.
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found to be most dysregulated by GSEA. Canonical pathways found
to contain the greatest number of clinically-relevant and related
genes are most likely representative of the biological processes
implicated in the dysregulation of the clinically-relevant IA genes,
and therefore the most clinically-relevant pathways dysregulated
in relation to immunologic processes.

Through this analysis, we sought to identify a set of clinically
relevant pathways implicated in all five virus-induced cancer
cohorts to investigate whether viruses dysregulate similar path-
ways in different cancers. We found the small cell lung cancer
pathway to be the most IA-implicated, clinically important path-
way, as evidenced by clinical variable correlation to the expression
of individual genes, in all five cohorts, with genes within the path-
way being consistently upregulated across the cohorts (Fig. 4A). In
other words, the small cell lung cancer pathway is the dysregu-
lated pathway containing the largest number of clinically relevant
IA genes and neighboring IA genes. Interestingly, clinically impor-
tant pathways with IA functions are dysregulated in opposite
directions for different cancers. The class A1 rhodopsin-like recep-
tor pathway, which contains chemokine receptors, is strongly
downregulated in CESC and LIHC but upregulated in HNSCC and
STAD, while the IL12 pathway is upregulated in HNSCC, CESC,
and STAD but downregulated in LIHC. Well-known cancer-
associated pathways comprise the rest of the top seven most
IA-implicated, clinically important pathways that are commonly
dysregulated across the cohorts (Fig. 4A). All pathways, except
for KEGG small cell lung cancer and REACTOME metabolism of
lipids and lipoproteins, are all dysregulated in a similar trend as
the IL12 pathway for the different cohorts, especially HNSCC HPV
and the two LIHC cohorts (Fig. 4A). Our results suggest that differ-
ent viruses may dysregulate the same biological processes in oppo-
site directions by mediating IA gene dysregulation.

2.6. Identification of immunologic states mediated by clinically
relevant IA dysregulations

We examined the potential effects of IA gene dysregulations on
the states of immune cells through immunologic signatures pro-
vided by MSigDB. A signature contains differentially expressed
genes between different immune cell states or cell types. GSEA
was first employed to identify immunologic signatures most signif-
icantly implicated in each cohort, then a list of genes reflecting the
most clinically-relevant IA dysregulations, including the clinically-
relevant IA genes, IA genes surrounding them according to the
ReactomeFIViz interaction map, and genes within the most impli-
cated canonical pathways, were searched within the significant
immunologic signatures. Signatures with the highest number of
genes implicated in clinically relevant IA dysregulations represent
immunologic states that viral-induced IA dysregulations may
induce.

From the top 10 signatures implicated in each cohort, we
noticed that signatures involving Treg cells are heavily implicated
with clinically relevant IA dysregulations in all cohorts except for
EBV-induced STAD (Fig. 4B). Signatures involving other subtypes
of T-cells are mostly implicated in HNSCC, CESC, and HBV-
induced LIHC, while signatures involving monocytes and dendritic
cells are implicated in EBV-induced STAD (Fig. 4B). Our results sug-
gest that different viruses likely influence different immune pro-
cesses, but commonalities exist in the immune processes and
pathways affected in HPV-induced cancers.

2.7. Identification of cancer-related gene signatures implicated in
clinically relevant IA dysregulations

We next examined signatures of cancer-related processes in
relation to IA gene dysregulations. Using the same method as we
6249
employed for immunologic signatures, we sought to uncover
cancer-related genes most implicated with clinically relevant IA
dysregulations. Each signature we examined is a set of gene
expression changes from the dysregulation of a CA gene. We dis-
covered that the majority of the top 10 CA genes most strongly
associated with IA dysregulation for HPV-induced CESC, HCV-
induced LIHC, and EBV-induced STAD tended to be upregulated,
while the remaining cohorts had a roughly even split between
the number of downregulated and upregulated CA genes (Supple-
mentary Fig. 3A). The downregulated genes are mostly tumor sup-
pressors, while the upregulated genes are mostly oncogenes.
Overall, the signatures most in common between all five cohorts
included CSR (serum starvation) upregulation and MEL18 down-
regulation (Fig. 5A). Each cohort had at least one signature that it
was uniquely associated with. Out of all five cohorts, HPV-
induced HNSCC contained the most uniquely implicated signatures
in its top 10 signatures. Other signatures were shared with at least
two or more cohorts. Almost all signature correlations are consis-
tent with the role of the cancer-associated genes. For example, sig-
natures associated with oncogenes, such as KRAS, E2F1, and ATF2,
are upregulated, while those associated with tumor suppressors,
such as RB, are downregulated. However, an exception includes
ALK in STAD, which is expected to be upregulated since it is an
oncogene.

We also identified the top 6 signatures that are associated with
IA dysregulation in all five cohorts (Supplementary Fig. 3B). These
signatures include MEL18 and RB downregulation, ATF2 and SHH
upregulation, and serum starvation, suggesting that viruses may
engage in similar cancer pathways in different cancers to dysregu-
late IA genes. These cancer-related processes were dysregulated in
the same direction across all five cohorts according to the superim-
posed GSEA plots of all cohorts (Fig. 5B).

2.8. Discovery of mechanisms leading to IA gene dysregulation from
genomic alterations

We explored possible mechanisms for genomic alterations in
virus-induced cancers to cause dysregulation of clinically relevant
IA genes by writing an algorithm that integrates genomic alter-
ations, gene co-expression relationships, and functional mapping
of dysregulated IA genes. As input, the algorithm takes clinically
relevant IA genes, as identified through IA gene expression correla-
tion with clinical variables. The algorithm then outputs the path-
way by which a mutation/CNA can lead to the dysregulation of
these IA genes. The pathways are built from genes within clinically
relevant IA pathways or genes close to dysregulated IA genes on a
functional interaction map (Fig. 4A). Briefly, we correlated IA gene
expression to copy number alterations (CNA) and mutations using
the REVEALER algorithm (|CIC| > 0.3). All genes within significant
CNA regions identified by REVEALER as well as significantly
mutated genes were examined for coexpression with clinically rel-
evant IA genes, their neighboring genes on a pathway map, and
genes within clinically relevant IA pathways (Spearman correla-
tion, p < 0.05). Genes most coexpressed with the IA genes are then
placed on a functionally annotated map with other dysregulated IA
genes, and the shortest path to trace a coexpressed gene to the IA
gene through the interaction map is determined to be the most
probable mechanism of IA gene dysregulation from genomic alter-
ations. Each pathway begins with a mutation or gene within a CNA
region, proceed to genes co-expressed with dysregulated IA genes,
and ends with a dysregulated IA gene. Details of the algorithm can
be found in the Methods section.

We were able to discover point mutations or genes within CNA
regions that have high correlation coefficient (R2) after Spearman’s
correlation test for each clinically relevant IA gene (Fig. 6A). Sur-
prisingly, despite the large number of point mutations correlating



Fig. 6. Genomic alterations correlated with IA gene dysregulation and inferred mechanistic explanations. (A) Bar graph comparison of R2 and CIC values of genomic
alterations associated with cohort-specific IA genes. Only the best R2 value is displayed if the genomic alteration locus contains multiple genes. (B) Interaction map depicting
possible mechanisms of the effects of genomic alterations on the respective IA gene. Green circles indicate the genes related to the cohort-specific IA genes identified by our
algorithm, dark cyan circles indicate linker genes, blue circles indicate the starting gene (genomic alteration), yellow circles indicate genes that fall under the same categories
as both green and blue circles, and purple circles indicate the unique IA gene. (For interpretation of the references to colour in this figure legend, the reader is referred to the
web version of this article.)
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with IA gene expression, the expression of genes with point muta-
tions generally does not exhibit as high of a correlation with IA
gene expression as genes within the CNA regions do. After we
mapped the most likely mechanism of IA gene dysregulation using
our algorithm, we discovered that the great majority of mecha-
nisms for every IA gene involves a well-known cancer-related gene
(Fig. 6B). This observation is consistent with the assumption that
cancer-related genomic alterations would lead to dysregulation
of a cancer-associated gene. Thus, our mechanisms are plausible.
Interestingly, we also observed the same genes participating in
the mechanistic pathways in different cohorts. EP300 participates
in a mechanism for all cohorts except for STAD, although it is not
dysregulated in HBV-induced LIHC. STAT1 or STAT3 participates
in a mechanism for HNSCC and both LIHC cohorts.
3. Discussion

In this study, we sought to discover common features between
five different types of epithelial cancers that can be induced by
viruses, as well as profile differences between them, from an
immunologic angle. The pathogenesis mechanism of viruses with
respect to cancer have been well-documented and can be grouped
into two main categories: indirect and direct mechanisms. Direct
mechanisms entail the integration of viral genomes into the host
genome or expression of viral oncogenes, while indirect mecha-
nisms entail the induction of chronic inflammation or immunosup-
pression by the virus, which could both result in cancer
development [3].

The different viruses we examined are known to have different
mechanism of inducing cancer. EBV produces the viral protein
LMP1 and LMP2A, which activates PI3K, STAT, and MAPK [10].
The primary target of infection is B-cells, which could transfer
the virus to stomach epithelial cells [11]. There have been argu-
ments that EBV can promote chronic inflammation, but the results
are not conclusive [12]. HPV can cause cancer by producing the
oncoproteins E6 and E7 to dysregulate key cancer-related genes
[13]. However, the vast majority of people with HPV infection do
not develop cancer because of immune clearance or immune
recognition of cancerous cells [14]. Therefore, how viruses evade
immune detection in certain populations is an important question.
HCV is known to exert its oncogenic properties mainly through the
oncoprotein Core, which dysregulates a complex web of oncoge-
nes, tumor suppressors, ROS production, NF-kB, and many other
pathways [3]. Its activities can lead to high levels of inflammation,
indirectly leading to cancer [3]. Like HCV, the mechanism of HBV-
induced carcinogenesis is also extremely complicated, ranging
from inflammation induction, oxidative stress increase, methyla-
tion, and the oncoprotein HBx [15]. EBV, HBV, and HPV can all inte-
grate into the host genome and cause insertional mutagenesis, but
HCV cannot [16,17]. The complicated mechanisms of most viruses
for causing cancer lend a strong case for an in-depth investigation
using large sample sizes.

To identify the potential impact of viruses on the immune envi-
ronment of the tumor, we focused on examining IA genes that are
dysregulated in patients with a particular virus, compared to nor-
mal samples. The dysregulated IA genes were profiled across differ-
ent cohorts, and we then examined the mechanistic impact of IA
gene dysregulation on biological pathways and immune cells’ sta-
tus. Finally, we examined cancer-associated signatures implicated
in IA gene dysregulation and also created an algorithm to identify
possible mechanisms for genomic alterations to initiate IA gene
dysregulations.

Collectively, our results suggest that virus-induced cancers
cause dysregulation of the cancer immune landscape in a variety
of ways, as evidenced by the diverse IA pathways and genes found
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to be dysregulated. However, we discovered that some of the most
prominent dysregulations are within cytokine-cytokine signaling
pathways. Genes within cytokine and cytokine receptor signaling
are found to be significantly enriched functionally within the list
of differentially expressed IA genes in all 5 cohorts. Despite their
prevalent dysregulation, the cytokine pathways are not similarly
dysregulated in all cancers. In both LIHC cohorts, the majority of
genes in the cytokine-cytokine receptor interaction pathway is
downregulated. Since this is the case in both HBV and HCV associ-
ated LIHC, the downregulation of genes in this pathway could be
important to general viral-induced LIHC. The number of genes
upregulated and downregulated in this pathway are similar in
HNSCC, CESC, and STAD. This pattern of dysregulation could there-
fore be characteristic of HPV and EBV -induced cancer. What con-
tributes to differences in the dysregulation of this pathway
remains to be investigated.

We found that the IL4/IL13 signaling pathway was dysregulated
in both HPV-associated CESC and HNSCC. This indicates that the
dysregulation of this pathway could be important to HPV-
induced cancers. The IL4/IL13 signaling pathway is a significant
cytokine pathway known to be associated with inflammation and
human cancers [18]. For most genes in this pathway, a high expres-
sion of genes was associated with cancer, while a lower expression
was associated with normal tissue. This suggests that worse HPV-
induced cancer outcomes could results from the upregulation of
IL4 /IL13 pathway.

Additionally, the IFN (interferon)-alpha/beta signaling path-
ways were also dysregulated in HPV-induced cancers. Like IL4/
IL13, most genes in the IFN-alpha/beta pathway with high expres-
sion were associated with cancer tissue, while a lower expression
was associated with normal tissue. IFN alpha and beta are interfer-
ons significantly associated with viral infections [19], and are usu-
ally seen at elevated levels during some viral infections [20]. Thus,
the upregulation of the IFN-alpha/beta pathways can be expected
in virus-induced cancer tissue.

Lastly, class A1-rhodopsin receptors, which include chemokine
receptors, and the IL12 signaling pathways are some of the top
pathways that are clinically relevant across all five cohorts. The
A1-rhodopsin receptors are downregulated in CESC and LIHC, but
upregulated in HNSCC and STAD. This is interesting as the pathway
is oppositely dysregulated in the CESC and HNSCC cohorts despite
both being HPV-induced. This could therefore represent a differ-
ence between the impact of HPV in the two cancers. The IL12 path-
way is upregulated in HNSCC, CESC, and STAD but downregulated
in LIHC. This could represent a difference between viral-induced
LIHC and other viral-induced cancers.

We also found that while differences exist between the differ-
ent viral-induced cancers, important similarities exist, especially
between HPV-induced cancers and LIHC cancers. These two groups
of cohorts exhibit similar dysregulation trends that are opposite of
each other for clinically significant IA pathways. There are also
similarities between all cohorts. All or most groups consistently
correlate with the cancer processes of CSR upregulation, KRAS
upregulation, AKT upregulation, RB downregulation, ATM down-
regulation, and MEL18 downregulation. Furthermore, the path-
ways inferred by our algorithm frequently contain the same
genes, such as EP300.

Using our newly developed framework, we were able to lever-
age large-scale transcriptomic and genomic data to trace the path-
way of how virus-induced cancers interact with the immune
system. Starting from genomic alterations, we identified possible
mechanisms for dysregulation of IA genes, which we then impli-
cated to be involved in the dysregulation of key IA pathways, pro-
cesses, and cells. We believe that our mechanistic analyses
identified key pathways to test in vitro and in vivo for investigation
of virus-induced immune dysfunction, which may lead to the dis-
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covery of novel intervention points for immunotherapy treatments
of virus-induced cancers.
4. Conclusion

In summary, we incorporated gene-level analysis with path-
ways analysis to establish a novel gene dysregulation process for
analyzing immune-associated dysregulation in five virus-induced
cancers. We used TCGA data from HNSCC HPV+, CESC HPV+, LIHC
HBV+, LIHC HCV+ and STAD EBV+ patients to uncover significantly
dysregulated genes and correlated them to patient survival and
clinical variables. In the next step, we used these sets of genes to
find clinically relevant immune and cancer pathways within and
across cohorts. Lastly, we elucidated potential mechanisms
through which viruses induce gene dysregulation via genomic
alterations using our own algorithm.

Cytokines are immunomodulating proteins, and our analyses
found many pathways associated with cytokines to be significant
across the cohorts. Interferon-alpha/beta pathways and IL4/IL13
pathways are dysregulated in HPV-associated cancers. The
cytokine-cytokine receptor interaction pathway and interleukin
pathways were upregulated in HPV-associated cancers and EBV-
associated stomach adenocarcinoma, but not in hepatitis-induced
liver cancers. Across all five cancers, class A1-rhodopsin receptors,
which contain chemokine receptors, were among the most clini-
cally significant pathways, although it is dysregulated differently
in different cancers. Additionally, our algorithm found a potential
mechanism of virus-associated gene dysregulation through the
EP300 oncogene.

Our results suggest that viruses dysregulate the cancer immune
landscape most prominently through cytokine signaling, although
different viruses dysregulate this pathway differently. By integrat-
ing functional annotations and large-scale sequencing data using a
novel algorithm, we provide a new approach for discovery of can-
cer pathogenesis mechanisms.
5. Methods

5.1. The cancer genome Atlas (TCGA) RNA-sequencing datasets and
cohort designation

Level 3-normalized mRNA expression read counts for tumor
samples from 89 HNSCC HPV+ patients, 228 CESC HPV+ patients,
74 LIHC HBV+ patients, 30 LIHC HCV+ patients and 23 STAD EBV
+ patients along with their adjacent normal tissue were down-
loaded from TCGA (https://tcga-data.nci.nih.gov/tcga). Data on
patient disease progression, staging, and vital status recorded over
this period were used in later analysis.
5.2. Differential expression analysis to identify dysregulated immune-
associated genes

Using edgeR v3.5 (http://www.bioconductor.org/packages/re-
lease/bioc/html/edgeR.html), mRNA read count inputs were fil-
tered, resulting in the removal of lowly expressed mRNAs
(counts-per-million < 1 when comparing samples from the larger
group to those of the smaller group in a cohort) from the analysis.
Trimmed mean of M-values (TMM) were normalized and pairs of
mRNAs were designated to identify those that were significantly
differentially expressed when comparing one cohort to another.
mRNAs considered to be significantly dysregulated were those
with fold change> 2 or <�2 and false discovery rate (FDR) < 0.05,
output by the edgeR analysis. After filtering for dysregulated genes,
potential candidates were retained if they were considered to be
6252
immune or cancer associated. A list of immune associated genes
was obtained from ImmPort [21] and InnateDB [22].

5.3. Reactome FIViz clustering of genes by function

Reactome FIViz, a plugin for the Cytoscape gene pathways visu-
alization software [23], was used to draw gene-gene interaction
diagrams based on pathways interaction databases. The software
was also used to find genes next to the IA gene of interest on the
interaction diagram, termed neighboring genes.

5.4. Correlating gene expression with survival

Survival analyses were performed using the Kaplan–Meier
Model, with gene expression designated as a binary variable based
on expression above or below the median expression of all sam-
ples. Univariate Cox regression analysis was used to identify candi-
dates that were significantly associated with patient survival
(p < 0.05).

5.5. Correlating gene expression with clinical variables

Clinical significance of immune-associated genes that were cor-
related with patient survival was determined by employing the
Kruskal-Wallis test. Gene expression values were correlated with
variables including pathologic stage, pathologic TNM stage, resid-
ual tumor, neoplasm cancer status, neoplasm histologic grade
and presence of perineurial invasion. All genes, separated by viral
cohorts, with two or more clinical variable correlations and corre-
lation with survival are retained for further analysis and termed
clinically relevant cohort-specific IA genes.

5.6. Identification of pathways and signatures dysregulated in each
cohort using GSEA

For each cancer cohort, Gene Set Enrichment Analysis (GSEA)
[6] was used to find canonical pathways, immunologic signatures,
and cancer-associated (CA) gene activation signatures dysregu-
lated in cancer vs. normal samples. The above gene sets are derived
from the Molecular Signatures Database (MSigDB) [24], under the
gene set IDs C2, C7, and C6, respectively. The GSEA was run using
the pre-ranked setting, which takes a ranked gene list over the
entire transcriptome as input. The ranked gene list is a list of all
genes ordered by differential expression fold change, from the gene
with the most positive fold change to that with the most negative
fold change (cancer vs. normal samples). This analysis allows us to
examine pathways dysregulation by taking all expression data into
account, which would avoid the shortcomings of single-gene anal-
ysis, such as arbitrary significance cutoffs leading to significant
genes being overlooked.

5.7. Identification of clinically relevant IA pathways dysregulated
within each cohort

Within each of our 5 virus-induced cancer cohorts, we sepa-
rately identified clinically relevant IA pathways by searching for
canonical pathways (C2) that are immune-associated and contain
the greatest number of clinically relevant cohort-specific IA genes
and genes that surround them in a ReactomeFIViz graph (neigh-
boring genes). The ReactomeFIViz graph was produced with only
significantly dysregulated IA genes (exact test from differential
expression, p < 0.05). Only canonical pathways that are dysregu-
lated after GSEA analysis are included in our analysis (p < 0.05).
This procedure was used to effectively filter for the most clinically
relevant IA pathways and pathways that are most relevant to the
mechanism of viral-induced cancer.

https://tcga-data.nci.nih.gov/tcga
http://www.bioconductor.org/packages/release/bioc/html/edgeR.html
http://www.bioconductor.org/packages/release/bioc/html/edgeR.html
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5.8. Identification of immune states most implicated by dysregulated
IA genes

Immune states, or immunologic phenotypes defined by path-
ways activation or immune cell population changes, most impli-
cated by the clinically relevant dysregulated IA genes were
identified by searching for significant immunologic signatures
(C7) dysregulated in each cohort (from GSEA, p < 0.05) containing
the greatest number of relevant genes. These relevant genes
include the original clinically relevant cohort-specific IA genes,
their neighboring genes on the ReactomeFIViz plot, and genes
within the clinically relevant IA pathways identified above.

5.9. Identification of cancer gene dysregulations most implicated by
dysregulated IA genes

Cancer gene dysregulation phenotypes are captured by onco-
genic signatures (C6) in MSigDB. These signatures contain the
top 200 genes that are upregulated or downregulated following
the overexpression of knockdown of a cancer-related gene. We
identified the cancer gene activation/suppression most implicated
by the dysregulation of IA genes in each cohort by searching for
significantly dysregulated oncogenic signatures containing the
greatest number of relevant genes, which include the same genes
as those used to identify immune states that were most implicated.

5.10. Correlating gene expression with genomic alterations

Copy number alteration (CNA) and mutation data were
obtained from annotation files generated by the BROAD Institute
GDAC Firehose on March 31, 2018. Quantification of mutation
presence were analyzed by calculating the percentage of patients
with each mutation, indicated by a binary value per mutation.
The GDAC files were compiled into input files for the REVEALER
(repeated evaluation of variables conditional entropy and redun-
dancy) algorithm, which identifies sets of specific CNAs and muta-
tions that are most likely implicated in changes to the target
expression profile. The target profile was identified as the expres-
sion of a single CA or IA gene. The REVEALER algorithm runs in
multiple iterations in order to identify the most prominent geno-
mic alterations. For our study, we set the maximum number of
iterations to three. The algorithm also allows for the use of a seed,
or a particular mutation of CNA gain or loss event that may account
for target activity. However, because we did not know the individ-
ual genetic alterations that were responsible for each genes’ dys-
regulation, the seed was set to null. Significant association
between genomic alteration and gene expression was determined
by conditional information coefficient (CIC) > 0.25 and p-value
<0.05.

5.11. Development of an algorithm to identify the mechanism of IA
gene dysregulation through genomic alterations

We attempted to trace the most plausible pathway through
which genomic alterations can lead to IA gene dysregulation. The
algorithm integrates REVEALER output, whole transcriptome data,
and a list of genes of interest, including clinically relevant IA genes,
neighboring genes, and genes within clinically relevant IA path-
ways. The REVEALER output contains the genomic regions or muta-
tions most strongly associated with the dysregulation of IA genes.
The algorithm first takes significant CNA loci and procures a list of
all genes within the reported loci. These genes were then corre-
lated to the clinically relevant IA gene(s) associated with the CNA
(Spearman). We hypothesize that genes within the CNA loci were
amplified or deleted to cause the upregulation or downregulation
of IA genes. Therefore, only loci genes with correlations consistent
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with our hypothesis are kept for the next step. After this cause-
effect hypothesis was established, we proceeded to find a pathway
between the potentially causal genes within the CNA locus and the
IA gene by identifying genes in between these two genes within a
gene-gene interaction network. This interaction network was con-
structed using Cytoscape, and the shortest distance between these
two genes is found by an unweighted breadth-first search, using
the R package igraph (igraph.org). For this study, we found the
top 10 potential causal genes with the most significant correlation
with the expression of each target IA gene, given that p < 0.05
(Spearman), and then calculated the shortest path between each
of these 10 genes and the target IA gene. The gene out of these
top 10 with the shortest path overall was determined to be the
most likely causal gene. For mutations, the same procedure was
performed, except that unlike CNAs, no correlation direction
matching will need to be performed between a mutation and an
IA gene. The code for this algorithm is available at https://github.-
com/har-li/IntegrativePathwayDiscoveryTool/.
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