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ABSTRACT

Functional enrichment analysis is usually used to assess the effects of experimental
differences. However, researchers sometimes want to understand the relationship be-
tween transcriptomic variation and health outcomes like survival. Therefore, we suggest
the use of Survival-based Gene Set Enrichment Analysis (SGSEA) to help determine
biological functions associated with a disease’s survival. Despite the availability of
this method to researchers, there are no standard tools or software to perform this
analysis. We developed an R package and Shiny app called SGSEA and presented a
study of kidney renal clear cell carcinoma (KIRC) to demonstrate the approach. In
Gene Set Enrichment Analysis (GSEA), the log-fold change in expression between
treatments is used to rank genes, to determine if a biological function has a non-
random distribution of altered gene expression. SGSEA is a variation of GSEA using the
hazard ratio instead of a log fold change. Our study shows that pathways enriched with
genes whose increased transcription is associated with mortality (NES > 0, adjusted
p-value < 0.15) have previously been linked to KIRC survival, helping to demonstrate
the value of this approach. This method allows rapid identification of disease variant
pathways and provides supplementary information to standard GSEA, all within a
single R package at https:/github.com/ShellsheDeng/SGSEA or via the convenient app
at https:/biostats-shinyr.kumc.edu/SGSEA/.

Subjects Bioinformatics, Computational Biology, Genomics, Statistics

Keywords Gene set enrichment analysis (GSEA), Survival analysis, Kidney renal clear cell
carcinoma (KIRC), R package, Shiny app, Pathway analysis, Transcriptomics, Functional
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INTRODUCTION

Portions of this text were previously published as part of a preprint (https:/doi.org/10.21203/
1s.3.15-3367968/71). Functional enrichment analysis of gene expression data is a standard
step following most transcriptome profiling experiments in biomedical research. It enables
researchers to characterize the biological functions affected by the experiment based on
a subset of relevant genes and study the drug and disease mechanisms at the molecular
level (Reimand et al., 2019). Gene sets over-representation analysis (ORA) and Gene Set
Enrichment Analysis (GSEA) are two widely used tools to perform functional enrichment
analysis (Backes et al., 2007; Zhao ¢ Rhee, 2023; Huang da, Sherman ¢ Lempicki, 2009).
ORA tests whether a pre-selected gene set is more highly represented in a list of genes that
show significant changes in expression compared to what would be expected by chance
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based on one or more statistical tests, such as the hypergeometric test (Draghici et al., 2003).
However, the significance threshold, or the process of selecting differentially expressed
genes is often arbitrary, and important genes with smaller changes (at the boundary) might
be missed (Khatri, Sirota ¢ Butte, 2012). To address this issue, GSEA has been proposed
(Subramanian et al., 2005). It overcomes this by analyzing gene expression changes across
all genes in a ranked list, identifying pathways that show consistent changes at the top or
bottom of this list, regardless of the absolute changes in gene across any two phenotypes
(Subramanian et al., 2007). Both methodologies rely on gene annotation databases, in
which a great deal of work has been devoted to organizing genes and proteins into
biological functions and pathways. Examples include Reactome, the Kyoto Encyclopedia
of Genes and Genomes (KEGG), the Gene Ontology (GO) and the Molecular Signatures
Database (MSigDB). KEGG was developed in 1995 (Ogata et al., 1999), and GO (Ashburner
et al., 2000) was founded in 1998, between which year the first eukaryotic genomes were
released to the public. Reactome (Joshi-Tope et al., 2005) was created in 2004, while MSigDB
(Subramanian et al., 2005) was introduced in 2005 as a resource for GSEA. Each of these
gene annotation databases has certain advantages for particular studies, however, any of
them can be used to perform functional enrichment analysis.

Although functional enrichment analysis is typically focused on determining the impact
of experimental differences, sometimes researchers are interested in how transcriptomic
variation is associated with health outcomes, such as survival (Nagy, Munkacsy ¢ Gyorffy,
2021; Dwivedi et al., 2022). Additionally, there is often an interest in which biological
functions are associated with the outcome, rather than individual gene (Moon et al., 2019).
Even if a specific gene is the cause of poor disease outcomes, an intervention might
be possible at multiple points in the functional pathway involving that specific gene.
Alternatively, there may be small cumulative impacts on a biological pathway that result in
poor outcomes. However, typical functional enrichment analyses are focused on identifying
biological functions associated with experimental differences, not outcomes. Although these
ideas can align, the focus on disease differences can lead to an analysis missing important
results. For example, in the case of cancer, some of the pathways that differ between tumor
and normal samples will likely be associated with survival (Darang et al., 2023). However,
other pathways that influence survival differences among survivors may not differ much
between tumor and normal samples. That is because these differences relate to population
variation that might be key to survival and these differences are not driven by the disease
(Wang et al., 2022a). Furthermore, the analysis will not directly identify the association
between pathways and survival outcomes, or its magnitude, and researchers often resort
to tests of individual genes in some of their top pathways or other indirect methods. For
example, several studies used GSEA to identify cancer-related pathways and then followed
by survival analysis, but their methods do not directly incorporate survival information
during pathway enrichment analysis, and hence their results do not reflect the degree of
association between survival and biological functions (Kin1 et al., 2018; Yang et al., 2018).
Furthermore, the survival differences observed among patients with the disease were not
the primary drivers of the results in the GSEA or survival analysis, as these analyses typically
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focus on treatment differences rather than survival or case differences within the disease
group, leading to potential blind spots in the findings.

There have been a couple of attempts to directly link functional enrichment to clinical
outcomes (e.g., survival status or survival time). For example, Woltmann et al. (2014)
identified enriched pathways through different pathway enrichment analysis tools based
on a genome-wide association study (GWAS) of short-term vs. long-term breast cancer
survival in order to make a conclusion to a more general breast cancer population globally.
However, their studies mainly focused on verifying breast cancer-related pathways by
showing the similarities between the GWAS method and different enrichment analyses
and did not suggest an approach to handle censored survival data. Furthermore, though
Goeman et al. (2005) developed a statistical test of the association between groups of genes
and a clinical outcome based on the Cox proportional hazards model, their proposed
method requires a set of pre-selected genes and does not consider coordinated changes of
the genes in a pathway.

We propose a simple solution to this challenge. Researchers can perform Survival-based
Gene Set Enrichment Analysis (SGSEA) to understand how transcriptomic variation
among patients can be used to identify biological functions associated with survival
from the disease. While GSEA is a powerful method for identifying pathways based on
experimental differences, SGSEA extends this by incorporating survival data, linking gene
expression patterns with disease outcomes like survival time. Traditional GSEA does not
account for survival data, which is crucial for understanding disease progression. SGSEA
offers a complementary approach by focusing on how gene expression impacts survival,
making it particularly useful for studying diseases where survival time is a key outcome.
Therefore, we present the SGSEA R package and Shiny app, which facilitate this analysis
conveniently. Although researchers can already use GSEA to perform this analysis, it is not
included as a standard tool in most software and there has not been a paper to demonstrate
its usefulness. With these tools, researchers may uncover unexpected patterns of gene
activity, leading to new avenues of research. In this paper, we will use our R package and
Shiny app to demonstrate while GSEA often provides insight into disease etiology through
experimental differences, SGSEA can provide additional information and unique insights
into disease outcomes.

METHODS

Survival gene set enrichment analysis

GSEA is a powerful tool to identify the biological functions that are enriched in up- or down-
regulated gene expression from comparing two treatment groups of genes. It ranks genes
based on the magnitude of expression changes between two groups (e.g., log-fold change),
such as treatment and control, and then tests whether the genes in a particular pathway
are overrepresented at the extremes of the ranked list. By examining the distribution of
gene ranks in pathways, GSEA identifies biologically meaningful patterns of coordinated
changes. Therefore, to perform the SGSEA, we replace the typical log-fold change (LFC)
used in GSEA with log hazard ratios (LHR) to find the biological functions that are
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associated with mortality or survival. The Cox model allows us to estimate how gene
expression impacts the instantaneous risk of mortality, without making assumptions about
the distribution of hazards over time, and it can handle censored data (cases where the exact
survival time is not known). In SGSEA, we rank genes based on their log hazard ratios,
which reflect the gene’s association with mortality or survival. This modification allows
SGSEA to identify biological functions linked to survival outcomes, which is particularly
valuable for analyzing diseases like cancer, where survival is a critical endpoint.

Through this semi-parametric model, we can evaluate the change in the instantaneous
risk of mortality while incorporating each individual gene’s expression as the risk factor.
The hazard of dying for gene i at time ¢ is defined as

h(t,x;) = ho(t)eP™ (1)

where h(¢) is the baseline hazard function when gene; is not expressed.
Taking the logarithm of Eq. (1) on both sides, we have

log [h(t,x)] =log [ho (t)]+ Bx;. (2)

Bin Eq. (2) is the log hazard ratio for a one-unit increase in the value of x;, the normalized
gene expression. In summary, the SGSEA is a variation of GSEA by performing GSEA with
a hazard ratio instead of a log fold change.

R package

All analyses performed in this paper use R statistical programming language (R Core Team,
2023). We created the SGSEA R package that is designed specifically for SGSEA analysis.
It provides a complete set of functions for SGSEA and standard GSEA that allow users
to easily normalize gene expression data using a mean—variance model method, calculate
log hazard ratios with adding optional covariates based on the Cox proportional hazard
model, calculate log, fold-change based on the negative binomial regression model, extract
reference pathway annotations from the Reactome database or GO terms, generate the
pathway enrichment analysis statistics, export the ranked genes along with their Cox hazard
ratios to a CSV file, and produce a table of both the top 10 significant pathways associated
with disease survival and top 10 significant pathways associated with disease mortality as
well as the individual pathway enrichment plot. Therefore, this package can also be used for
the standard case vs. control (or normal vs. tumor) GSEA method, providing users with the
additional advantage of conducting various functional enrichment analyses using a single
package. The coxph function from the survival package is used to fit Cox Proportional
Hazards model (Therneau ¢ Grambsch, 2023), from which estimates of the log-hazard are
obtained. Because higher hazard ratios generated by the model indicate that increased
expression is associated with an increased hazard of the event, higher enrichment scores
indicate that increased expression in a pathway is associated with a higher risk of mortality.
We then call the fgsea function from the fgsea package in R to conduct the enrichment
analysis. This package can efficiently and accurately estimate p-values, which significantly
increases the sensitivity of GSEA in multiple hypothesis correction procedures compared
to other implementations (Korotkevich, Sukhov & Sergushichev, 2021). In addition to our
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case-only SGSEA, we also conducted the standard GSEA method between the tumor and
tumor-adjacent normal tissues by using the DESeq function from the DESeq2 package in R
(Love, Huber ¢ Anders, 2014), which uses a negative binomial generalized linear model, to
get the log fold-change as the input of the enrichment analysis. Additionally, the package
includes an example R script (SGSEA_example_script.R) that guides users through the
SGSEA workflow by simply running R commands directly and a downloadable example
data that allows users to follow easily. This package can be downloaded at the GitHub
repository https:/github.com/ShellsheDeng/SGSEA.git. All code and results generated by
the SGSEA R package are licensed under the GPLv3 license, ensuring open-source access
and usage.

Shiny app

The SGSEA Shiny app is an interactive web application that performs SGSEA (Fig. 1).
It was built using the Shiny package and allows users to input multiple formats of the
gene expression file and corresponding survival information. The SGSEA Shiny app
outputs a table of enrichment results with a series of options for data pre-processing
steps such as filtering and normalization. For first-time users, the example dataset can
be downloaded from the top left corner of the webpage to familiarize themselves with
the expected input format and an example script is provided to guide users through
the SGSEA analysis workflow in the package. The app provides a visually appealing and
intuitive interface for users to interact with on the left and show results on the right. It is
designed for researchers with no programming background. This app can be initiated by
either calling the runExample function from the SGSEA package or by visiting the website
https:/biostats-shinyr.kumc.edu/SGSEA/ All code and results generated by the SGSEA
Shiny app are also licensed under the GPLv3 license, covering both the software tool and
the results produced.

Data summary

To demonstrate the SGSEA R package and app, we used an mRNA-seq dataset that contains
patients with kidney renal clear cell carcinoma (KIRC) (version 2016_01_28) from The
Cancer Genome Atlas (TCGA) (Tomczak, Czerwiriska ¢~ Wiznerowicz, 2015). Data were
obtained from The Broad Institute’s Genome Data Analysis Center (GDAC) Firehose
website (https:/gdac.broadinstitute.org/). In this dataset, there are 520 observations, out of
which 360 patients were alive at the last follow-up and 160 patients were dead. After filtering
out some invalid data input (e.g., survival time < 0) and genes without HUGO symbols,
there were 20,502 genes remaining from the original 60,660. The standard GSEA method
conducted in this paper uses 70 out of those 520 patients who have paired normal tissues
that allow us to conduct a case-control analysis to derive log fold-change of differential
expression between tumor and normal.

We used the human pathway annotations from both the Reactome pathway database
and Gene Ontology database. We mapped Entrez IDs to HUGO gene symbols using the
org.HS.eg.db R package (Carlson, 2023). Reactome is a curated and peer-reviewed pathway
database that provides detailed information on molecular processes, such as metabolism,
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Survival-based Gene Set Enrichment Analysis App (SGSEA)

& Download Example Dataset (KIRC)

Input Data Filtering Normalization SGSEA Restullts

Top10 Significant Pathways

Pathway Gene ranks NES pval - padLg

Click to download the example dataset Homo sapiens: Cell Cycle, Mitotic ____“ 210 9310 ° 6.4:10
(KIRC) with gene expression and survival Homo sapiens: DNA Replication  tmmwmini w5220 27-10° 9.110°
data Homo sapiens: Synthesis of DNA  Vimmsmimm ww im0 216 7. 710°  1810°
) Jiated phosphorylation and removal of Cdc6  Hummuwim v o 2.09 6410° 2210°
. Homo sapiens: Cell Cycle Checkpoints ~ Imsmmumm: 178 4410° 2210*

D load E: le Script i

< Downloa xample Scrip! >f soluble exogenous antigens (endosomes) | HIBIL 1N 4w 21 4210° 2210°
Click to download an R script that omo sapiens: DNA Replication Pre-Initiation  wamsw winim w208 2110° 2210°
demonstrates how to use the SGSEA s: Disorders of transmembrane transporters — IWImmEINN fx " 211 5410° 2210*
package. 0 sapiens: G1/S DNA Damage Checkpoints I mmmusimn wnwe o 215 2.9-10 5 2210*
| mo sapiens: Host Interactions of HIV factors I v, ni 207 3910° 2210*
L piens: Toll Like Receptor 3 (TLR3) Cascade | mo -1.90 1.810° 11107
Step 1: Upload data cont: G R : a
ex:':essiol:\oa?'nd s::li‘\:lgll.lh?fl:::gati::e 1s: TRIF(TICAM1)-mediated TLR4 signaling ! o g 190 1810 ° 1110"
apiens: MyD88-independent TLR4 cascade | | 11 1 gy 190 1810° 1.410°
Homo sapiens: RHOQ GTPase cycle T 191 1510° 9510°
Browse... | KIRC_example.csv e 4 -3

— Homo sapiens: Citric acid cycle (TCA cycle) ! LT -2.10 1.4-10 1310
Upload complete Homo sapiens: RHOA GTPase cycle | LTI R —— 202 3810° 4910°
'CA) cycle and respiratory electron transport [ LT —— 212 1710° 3010°
The first column must be 'ID', the second Homo sapiens: RHOC GTPase cycle |1 11wy gy gy 2041 4-10? 3010°

, . — . vate metabolism and Citric Aci A) cycle o, 2. 7 -

survtime', and the third 'status'. All other bolism and Citric Acid (TCA) cycl won iy 21217 10'2 30 10’1

columns should contain numeric gene Homo sapiens: RHOB GTPase cycle I gy 218 50107 220

o 200 400 600

expression values with gene symbols as
column names. Click 'Input Data' (top-right
panel) to verify the upload before proceeding.

Select File Type

@ .csv
O ixt
O xlsx

The uploaded file should match the format of
the KIRC dataset, including 'ID', 'survtime',
'status', and gene expression columns.

Step 2: Apply Filtering?

@® Yes

O No

Step 3: Apply Normalization?
@ Yes

O No

Go!

Results will appear in the tabs on the right.
Need Help?

Contact: shellshe_deng@hotmail.com

License
This software is released under the GPLv3 license.

View License

Figure 1 SGSEA Shiny app interface. Overview of the Shiny app interface for conducting SGSEA analy-
sis, showing the interactive features for pathway enrichment analysis.
Full-size Gal DOI: 10.7717/peerj.19489/fig-1

signaling, and disease pathways for over 2,000 different species (Fabregat et al., 2018). Due
to the high-quality annotations, comprehensive coverage of human biological pathways,
and the most prevalent annotation systems in genomics, we selected both Reactome and
GO terms as the knowledge base in this analysis to demonstrate how SGSEA can help
researchers gain insights into underlying biological processes and mechanisms in their
data.

Data structure
The general data structure for conducting the SGSEA method is the same for both the R
package and the Shiny app. The rows should be the patients or samples and the columns
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should be the gene expression count data. To perform the survival analysis, there are two
important variables that need to be included in the data, the patient’s time-to-event and
survival status. Users can also check the input data structure by referring to an example
data called KIRC which is a subset of the original KIRC RNA-seq data that is embedded
in the package as well as a downloadable example dataset function and button in both
package and app.

Data preprocessing

Filtering

The R package users can choose different filtering methods based on their own preferences.
However, the filtering rule is fixed in the Shiny app and the results presented in this paper
all use the same filtering rule. Specifically, we excluded genes with less than 1 read per 10
participants on average before conducting the SGSEA method. For the KIRC data set, there
were 19,098 genes that withstood our filtering procedure. When performing the typical
GSEA method, this filtering rule left the total number of genes at 18,198. This difference is
due to the fact that the analyses were conducted on different sets of samples.

Normalization

In order to adjust for the heteroscedasticity and nonnormality of the gene expression data,
we use the voom function from limma package (Ritchie ef al., 2015) for both the SGSEA
package and the Shiny app before performing the SGSEA method. This function estimates
the mean—variance trend for log counts and then assigns a weight to each observation
based on its predicted variance. However, the normalization method for the preprocessing
step before performing typical GSEA in the SGSEA package is different from the one in
the preprocessing step of the SGSEA method, because it calls out the DESeq function from
DESeq?2 package which uses raw counts and models the normalization inside the negative
binomial model.

RESULTS

Survival-based gene set enrichment analysis

In this study, we applied the SGSEA package and Shiny app to analyze the KIRC (Kidney
Renal Clear Cell Carcinoma) dataset. KIRC is one of the most common and aggressive
forms of kidney cancer, with a high mortality rate of around 22% has died from this
kind of cancer for people who are diagnosed with kidney cancer, and is more common
in men. According to recent studies, the 5-year survival rate for KIRC patients varies
widely depending on the stage at diagnosis, with overall survival rates ranging from 70% to
90% for localized stages, but dropping significantly for metastatic cases (National Cancer
Institute, 2023; Hu, Zeng ¢» Liu, 2019). This highlights the need for effective tools that
can identify the biological pathways associated with KIRC survival and mortality. As an
example output of the SGSEA package and Shiny app, Table 1 shows the pathway analysis
statistics using KIRC dataset. A positive normalized enrichment score (NES) indicates the
pathway is enriched with genes having larger log hazard ratios and a larger log hazard
ratio for a certain gene means that KIRC patients who have an increasing expression of
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Table 1 SGSEA package and Shiny app pathway analysis statistics using KIRC data. Example output from the SGSEA package and Shiny app
showing pathway analysis statistics based on kidney cancer data.

Pathway pval padj Log2err ES NES Size leadingEdge
Homo sapiens: 2-LTR circle formation 7.9734 %107 8.9529x 107! 0.0475 0.3411 0.7396 7 BANF1, H...
Homo sapiens: A tetrasaccharide linker sequence isr... 2.1229 x 107! 4.4949 x 107! 0.1110 0.4041 1.2085 26 B3GATS3, ...
Homo sapiens: ABC transporter disorders 3.5335x 1078 7.6478 x 1077 0.7195 0.5852 2.1875 77 PSMD3, P...
Homo sapiens: ABC transporters in lipid homeostasis 4.3452 %107} 6.5931 x 107! 0.1106 —0.3203 —1.0100 18 PEX19, A...
Homo sapiens: ABC family proteins mediated transport 6.5682 x 1077 1.0755 x 107> 0.6594 0.2518 2.0369 102 PSMD3, P...
Homo sapiens: ADORA2B mediated anti-inflammator. .. 9.8930 x 107! 1.0000 0.0959 —0.1570 —0.7445 121 GNB1, GN...
Homo sapiens: ADP signalling through P2Y purinocep... 1.4815x 107! 3.6462 x 107! 0.2043 —0.3815 —1.2984 25 GNBI1, GN...
Homo sapiens: ADP signalling through P2Y purinocep... 2.7907 x 107! 5.2392x 107! 0.1511 —0.3487 —1.1239 21 GNBI, GN...
Homo sapiens: AKT phosphorylates targets in the cyt... 2.0093 x 107! 4.3438 x 107! 0.1183 0.4739 1.2348 14 CASPY, A...
Homo sapiens: AKT phosphorylates targets in the nuc... 2.7632x 107! 5.2070 x 107! 0.1336 —0.4553 —1.1478 9 FOXO4, F...

this gene tend to have a higher risk of dying. Conversely, a negative NES represents the
pathway is enriched with genes having smaller log hazard ratio, linked to better survival.
We consider a pathway significantly enriched if the adjusted p-value is below 0.15, as this
threshold is commonly used in omics data to capture biologically meaningful pathways
while maintaining better FDR control.

Numerous studies have suggested that proliferation-related biological functions are
significantly associated with KIRC mortality, while pathways involved in metabolism
and oncogenic transformation may be linked to better survival outcomes (Fritz ¢ Fajas,
20105 Cui et al., 2020). For example, the mitotic cell cycle pathway, which is involved in
cellular proliferation, has been found to be significantly up-regulated in aggressive KIRC
tumors and associated with poor prognosis by Golias, Charalabopoulos & Charalabopoulos
(2004), and our results, shown in, also identify this pathway is one of the most significant
pathways with NES = 2.33, adjusted p-value = 1.5¢~%’, reinforcing its role in poor survival.
Conversely, pathways associated with metabolism and oncogenic transformation, such as
the RHO GTPase cycle (Orgaz, Herraiz ¢ Sanz-Moreno, 2014), were enriched with genes
that have smaller log hazard ratios, suggesting their potential role in improving survival
outcomes for KIRC patients.

In summary, Fig. 2 displays the enrichment plot of top 10 significant pathways with
positive NES, linked to higher mortality in KIRC patients, and the top 10 with negative
NES (from the 11th row to the last row), linked to higher survival. Figure 3 displays the
individual enrichment plot for a specific pathway of interest, e.g., Mitotic Cell Cycle and
RHO GTPase, produced by the SGSEA R package (which utilized for plot generation). In
particular, The plot of RHO GTPase shows a higher density of lines on the right, indicating
that the pathway is enriched with genes having smaller log hazard ratios (NES = —1.54,
adjusted p-value = 2.5¢7%). This pathway is implicated in oncogenic transformation, which
has been well-documented in the literature for its involvement in tumor progression and
cancer metastasis (Joshi-Tope ef al., 2005; Orgaz, Herraiz ¢ Sanz-Moreno, 2014).

To assess the control of the false discovery rate (FDR) under the null hypothesis, we
performed 100 permutations on the original data. For each of the 2,541 human pathways

Deng and Thompson (2025), PeerJ, DOI 10.7717/peerj.19489 8118


https://peerj.com
http://dx.doi.org/10.7717/peerj.19489

Peer

Pathway Gene ranks NES pval padj
Homo sapiens: Cell Cycle, Mitoic  NEMINI VI NN 1 wbwmn v, w233 156-20 2.86-26
e ——r R o 2-32 186-22 176-18
Homo sapiens: Mitotic Metaphase and Anaphase  NNNMUIRNL UL 1T 10 v w246 116-20 6.96-18
Homo sapiens: Cell Cycle Checkpoints WML UL 1100w iy 243 1.5e-20 6.9e-18
Homo sapiens: Mitotic Anaphase L RN RER w246 2.26-20 8.1e-18
Homo sapiens: Separation of Sister Chromatids TR0 W 248 1.7e-18 5.26-16
Homo sapiens: DNA Replicaon  INIIMIT LWL T o i 254 1.7e-17 45e-15
Homo sapiens: Synthesis of nA IR 0N 1w Wi 256 7.66-17 1.8e-14
Activation of APC/C and APC/C:Cdc20 mediated degradation of mitotic proteins TME e (1) 1 2.63 1.9e-16 4.0e-14
Homo sapiens: APC/C:Cdc20 mediated degradation of mitotic proteins TE L} [REAN 2.62 2.3e-16 4.3e-14
Homo sapiens: RAC2 GTPase cycle [ NI T IR TR T ) 2.56-04 2.46-03
Homo sapiens: RACL GTPase cycle IO wnmm - ~1.60 2.5e-04 2.4e-03
Homo sapiens: Glyoxylate ism and glycine ion (. e ny o 213 1.5e-04 1.6e-03
Homo sapiens: Peroxisomal protein import L U A TN —— 8.2e-05 8.8e-04
Homo sapiens: Branched—-chain amino acid catabolism I I ! | L -2.14 6.8e-05 7.5e-04
Homo sapiens: Beta oxidation of octanoyl-CoA to hexanoyl-CoA | Tt 5.6e-05 6.2e-04
Homo sapiens: Protein localization RN RN TITTR T 3.56-05 4.06-04
Homo sapiens: Citric acid cycle (TCA cycle) I LI oy 234 4.4e-06 6.2e-05
Homo sapiens: Pyruvate metabolism and Citric Acid (TCA) cycle Py ey 222 3.7e-06 53e-05
Homo sapiens: RHO GTPase cycle 0 O 0000 O 0 s 154 2.56-06 3.06-05

0 5000 10000 15000

Figure 2 SGSEA package and Shiny app pathway analysis output using KIRC data: the top 10 signifi-
cant pathways with positive NES and the top 10 significant pathways with negative NES. Visual repre-
sentation of the top pathways enriched for survival outcomes with positive and negative normalized en-
richment scores (NES).

Full-size B DOI: 10.7717/peerj.19489/fig-2

from the Reactome database, we calculated the estimated FDRs based on the proportion of
times the pathway’s adjusted p-value (padj) was less than 0.15. The average FDR across all
pathways was 0.1552. This result confirms that the SGSEA method appropriately controls
FDR within the expected range (alpha level = 0.15). Table 2 shows the FDR values for an
example of 15 pathways.

Tumor vs. normal gene set enrichment analysis

The result of the standard GSEA method using the SGSEA package based on the log
fold change between tumor and tumor-adjacent normal tissue is shown in Fig. 4. The
signaling pathway pertinent to immunoregulatory interactions between a lymphoid and a
non-lymphoid cell is significantly enriched with up-regulated genes in tumor compared
to normal (Wang et al., 2022b). On the contrary, cellular metabolism pathways (on the
bottom) are the most significantly enriched pathways with down-regulated genes in tumor
compared to normal (Yang et al., 2014).

Comparison between case-only SGSEA and tumor vs. normal GSEA
Figure 5 presents a Venn diagram showing the overlapping significant pathways identified
by case-only SGSEA and tumor vs. normal GSEA separately at a 15% significance level
to keep in line with the threshold recommendation from the original GSEA paper
(Subramanian et al., 2005). Out of the total 1,867 pathways, 139 significant pathways
were found to be overlapping. Additionally, SGSEA identified 354 significant pathways

that were not detected by GSEA.
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Figure 3 SGSEA package pathway analysis output using KIRC data: The individual enrichment plot of
the top 1 significant pathway with positive NES (top) and negative NES (bottom). Detailed enrichment
plots for the most significant pathways linked to mortality and survival.

Full-size & DOI: 10.7717/peer;j.19489/fig-3

In Table 3, SGSEA identified the mitotic cell cycle and cell cycle checkpoints as two
significant pathways enriched in genes with the largest log hazard ratios, while standard
GSEA found these two pathways are statistically significantly (adjusted p-value < 0.15)
enriched with up-regulated genes in tumor compared to normal. That is, these two pathways
that are significantly associated with mortality were also found to be up-regulated in tumor
vs. normal samples, suggesting that these two pathways are up-regulated with tumor vs.
normal during tumor progression and will increase the risk of dying. On the other hand,
SGSEA identified the RHO GTPase cycle and branched-chain amino acid catabolism as two
pathways significantly (adjusted p-value < 0.15) associated with survival. However, typical
GSEA found that the former one is not statistically significantly (adjusted p-value > 0.15)
enriched in up-regulated genes with an NES score of 1.09, while the latter is significantly
(adjusted p-value < 0.15) enriched in down-regulated genes with an NES score of —1.67,
showing that the two methods can provide different insights.

DISCUSSION

This work aims to demonstrate the utility of SGSEA in examining the association between
disease survival and particular biological functions, while also providing tools to facilitate
this analysis. We introduce the SGSEA R package and the accompanying Shiny app,

demonstrating their functionality using a kidney cancer dataset as an illustrative example.
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Table 2 FDR estimation results based on 100 permutations. FDR values are shown for an example of 15

pathways.
Pathway FDR
Homo sapiens: Hemostasis 0.21
Homo sapiens: Platelet degranulation 0.05
Homo sapiens: Immune System 0
Homo sapiens: Platelet activation, signaling and aggregation 0.03
Homo sapiens: Metabolism 0.12
Homo sapiens: Phase II - Conjugation of compounds 0.07
Homo sapiens: Acetylation 0.03
Homo sapiens: Biological oxidations 0.11
Homo sapiens: Drug ADME 0.05
Homo sapiens: Paracetamol ADME 0.05
Homo sapiens: Developmental Biology 0
Homo sapiens: Regulation of Insulin-like Growth Factor 0.05
(IGF) transport and uptake by Insulin-like Growth Factor
Binding Proteins (IGFBPs)
Homo sapiens: Metabolism of proteins 0.02
Homo sapiens: Post-translational protein modification 0
Homo sapiens: Post-translational protein phosphorylation 0
Pathway Gene ranks NES pval padj
Immunoregulatory interactions between a Lymphoid and a non-Lymphoid cell  BIIIIN 1 " 0w 2.77 3.2.10% 6.0-.10%
Homo sapiens: Signaling by Interleukins [N R T T —— 8110 2910
Homo sapiens: Neutrophil degranulation IS XM | 1.93 1510 9.6-10™
Homo sapiens: Cell Cycle, Mitotic ~ IINNNIY 1EW/mR 8 mmmemnin ST CRTI 1.91 2510 12,107
Homo sapiens: Antigen processing-Cross presentation Il WML 100 11wt T 2.30 4,010 15-10°°
Homo sapiens: Costimulation by the CD28 family WL 11111 v,y | 2.34 2.7.10%° 8.3.10°
Homo sapiens: Cell Cycle Checkpoints IR NN toinmMmt 0 o oo 2.03 5.1.107%° 1.4.107
Homo sapiens: Separation of Sister Chromatids Il INL 1 11111 W wn TR LRI 2.10 6.5-10"° 1.5-10°7
Homo sapiens: Mitotic Metaphase and Anaphase | I MU0 11001 oo v o ) 2.00 1.1.10° 23107
Homo sapiens: Eukaryotic Translation Elongation T e I 222 16-107° 2.9:107
Homo sapiens: Sulfur amino acid metabolism O | 1.80 13107 1.9:1072
Homo sapiens: Phase | - Functionalization of compounds | Il v i gy -1.66 10107 1.7.107
Homo sapiens: The citric acid (TCA) cycle and respiratory electron transport | 11 O g g | 258 9.2:10° 15107
ithesis by chemiosmotic coupling, and heat production by uncoupling proteins. PRy | -1.76 2.2.10" 47107
Homo sapiens: Respiratory electron transport L 0 -1.77 2310 4.7.10°°
Homo sapiens: Glyoxylate ism and glycine [l " OO -2.00 6.1-10° 1.6:10°
Homo sapiens: Tight junction interactions LT | -1.99 3.0-10° 8.3.10™
Homo sapiens: lon channel transport Il I WM O L v A -1.79 1.3.10° 3.8-10°*
sapiens: Transport of inorganic cations/anions and amino acids/oligopeptides PO ey, O -1.97 1.9-10° 6.9-10°
Homo sapiens: SLC-mediated transmembrane transport | Il I W0 W0mwwin st i -1.86 3.0.10°° 1.9-10°
0 5000 10000 15000

Figure 4 GSEA pathway analysis using SGSEA package on KIRC data: top 10 significant pathways with
positive NES and top 10 significant pathways with negative NES. Comparison of GSEA results based on
the traditional approach for pathways enrichment analysis.
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Figure 5 Venn diagram of comparison between SGSEA and GSEA. The overlap between pathways iden-
tified by SGSEA and GSEA, highlighting the unique contributions of SGSEA in survival-related pathway
analysis.

Full-size & DOI: 10.7717/peerj.19489/fig-5

Table 3 Example result of pathways tested by SGSEA and GSEA. The table shows the results of pathway enrichment analysis using SGSEA and
GSEA, showing the significant pathways identified in both methods.

SGSEA GSEA
Adjusted P-value NES Adjusted P-value NES
Homo sapiens: Cell Cycle, Mitotic 8.9x 107 2.36 1.2x 1071 1.91
Homo sapiens: Cell Cycle Checkpoints 1.8x 1071 2.43 1.4x1077 2.03
Homo sapiens: RHO GTPase cycle 8.1x107¢ —1.57 0.4x10° 1.09
Homo sapiens: Branched-chain amino acid catabolism 1.6x 1073 —2.13 0.9x 107 —1.67

Notes.
*Significant at 0.15.

Our Shiny app provides a user-friendly interface to conduct SGSEA efficiently. On the
other hand, our R package provides greater flexibility for R programmers, allowing them
to perform both SGSEA and GSEA within a single package and access cross-reference
information.

Furthermore, the comparison between SGSEA and GSEA, illustrated in the Venn
diagram, highlights that while SGSEA originates from GSEA, it offers unique insights
and complementary information. While the original GSEA primarily focuses on assessing
experimental differences, SGSEA incorporates survival information, making it particularly
valuable for studying disease outcomes. This allows SGSEA to identify pathways linked to
survival, which may not be detectable using traditional GSEA.
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The data used for demonstration in this work are all cancer patients including censored
cases. This highlights another key difference between SGSEA and a typical GSEA: SGSEA
is case-only, and can handle censored data, whereas GSEA involves a comparison
between treatment/case and control. Consequently, SGSEA specifically identifies pathways
associated with disease survival within the context of abnormal tissues, such as up-regulated
genes linked to mortality in KIRC patients. However, even when both types of data are
available, as they are in these data, SGSEA identifies pathways associated with a disease’s
survival which might not be enriched using typical GSEA, such as pathway RHO GTPase
cycle (Liu et al., 2019). That is because the drivers of survival differences do not necessarily
need to be the processes that are changed by disease. If directly look at which pathway
is up or down-regulated, it might miss these pathways that are associated with survival.
Therefore, our finding suggests the potential utility of SGSEA in identifying key pathways
involved in cancer progression and survival. For example, when comparing the significant
pathways generated from the case-only SGSEA and those generated from tumor vs. normal
GSEA, there are 139 (Fig. 5) overlapping pathways that are both related to disease outcome
and disease state, conveying important biological information that might help researchers
start their research more efficiently by focusing on the cell products or changes generated by
these biological pathways first instead of those 176 (Fig. 5) significant pathways identified
by typical GSEA. However, not all pathways associated with mortality are found to be
up-regulated in tumor vs. normal tissues, nor are all pathways associated with survival
found to be down-regulated in tumor vs. normal samples. Those 354 (Fig. 5) significant
pathways from the Venn diagram, which do not differ between tumor and normal tissue
but differ between survival and mortality, provide complementary information that helps
researchers explore the biological processes underlying disease survival.

In summary, our study utilized the SGSEA R package and Shiny app to identify
significant pathways associated with kidney cancer progression and survival, showcasing
the effectiveness of SGSEA in this context. Pathways significantly associated with mortality
(NES > 0 and adjusted p-value < 0.15) are enriched in genes whose expression is linked
with higher mortality rates in KIRC patients. Similarly, pathways significantly associated
with survival (NES < 0 and adjusted p-value < 0.15) are enriched in genes whose expression
is linked with higher survival rates in KIRC patients. That is, the risk of dying will increase
for KIRC patients who have increasing gene expression in pathways that are statistically
significantly associated with mortality or decreasing gene expressions in pathways that
are significantly associated with survival. Specifically, the pathways most closely linked to
mortality are related to proliferation. This result has been validated in previous studies
demonstrating that proliferation is associated with mortality in KIRC (Morgan et al., 2018;
Xiao et al., 2018; Wang et al., 2023; Zhang et al., 2016).

However, it is important to note that there are certain constraints associated with this
approach. These limitations primarily stem from the dependence on pre-existing pathway
databases and the utilization of the GSEA method, which assesses coordinated change in
gene expression. Also, currently only the Reactome database and Gene Ontology database
is accessible for the SGSEA package. Another aspect to note is that we don’t include the
assumption checks for the Cox proportional hazards model in our tools. Our focus is
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on obtaining coefficient values from thousands of Cox regression models rather than
drawing inferences from individual models. As a result, it is not practical to perform
assumption checks for thousands of models. While this approach may lead to potential
biases in standard errors and p-values for some Cox models with invalid proportional
hazard assumptions, our analysis does not rely on inferences from these individual models.
Instead, we test the distribution of the ranks of coefficients using a permutation approach,
in order to identify biological functions associated with mortality and survival. Using
this approach, researchers may more accurately be able to determine the key drivers of
the processes involved, which will not always contain the genes with the highest hazard
ratios. This highlights the insufficiency of solely relying on survival analysis methods like
Cox proportional hazards models to investigate the association between transcriptomic
variations and clinical outcomes. In summary, our study confirms that pathways associated
with a disease outcome might not always align with a disease state. Our SGSEA package
and the Shiny app can help researchers conduct such functional enrichment analyses and
gain insights into the complex relationship between transcriptomic variations and clinical

outcomes.
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