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A Novel mRNA Signature Related to Immunity to Predict
Survival and Immunotherapy Response in Hepatocellular
Carcinoma
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Abstract

Background and Aims: Hepatocellular carcinoma (HCC)
is the most common primary liver cancer and the incidence
and mortality rates are increasing. Given the limited treat-
ments of HCC and promising application of immunotherapy
for cancer, we aimed to identify an immune-related prog-
nostic signature that can predict overall survival (OS) rates
and immunotherapy response in HCC. Methods: The initial
signature development was conducted using a training data-
set from the Cancer Genome Atlas followed by independent
internal and external validations from that resource and the
Gene Expression Omnibus. A signature based nomogram
was generated using multivariate Cox regression analysis.
The associations of signature score with tumor immune
phenotype and response to immunotherapy were analyzed
using single-sample gene set enrichment analysis and tu-
mor immune dysfunction and exclusion algorithm. A cohort
from Zhongshan Hospital was employed to verify the pre-
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dictive robustness of the signature regarding prognostic risk
and immunotherapy response. Results: The prognostic sig-
nature, IGS,,., consisting of 22 immune-related genes, had
independent prognostic ability, with training and validation
cohorts. Also, IGS,, stratified HCC patients with different
outcomes in subgroups. The prognostic accuracy of IGS, .
was better than three reported prognostic signatures. The
IGS,,.-based nomogram had high accuracy and significant
clinical benefits in predicting 3- and 5-year OS. IGS . re-
flected distinct immunosuppressive phenotypes in low- and
high-score groups. Patients with low IGS,.. scores were
more likely than those with high scores to benefit from im-
munotherapy. Conclusions: 1GS, .. predicted HCC prog-
nosis and response to immunotherapy, and contributed to
individualized clinical management.

Citation of this article: Zhou C, Weng J, Gao Y, Liu C, Zhu
X, Zhou Q, et al. A Novel mRNA Signature Related to Im-
munity to Predict Survival and Immunotherapy Response
in Hepatocellular Carcinoma. J Clin Transl Hepatol 2022;
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Introduction

Liver cancer is the fourth leading cause of cancer deaths
worldwide. Its incidence is increasing most rapidly in the
USA, with 42,810 new cases estimated in 2020. Hepatocel-
lular carcinoma (HCC), the most common form of liver can-
cer, is correlated with chronic infection with hepatitis B or
C virus, aflatoxin-contaminated foodstuff consumption, and
heavy alcohol intake.12 However, due to the universal late
diagnosis, most HCC patients are unlikely to be amenable to
potentially curative treatments.3 Some multi-kinase inhibi-
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tors are currently approved by the U.S. Food and Drug Ad-
ministration for advanced HCCs. However, use of sorafenib
or regorafenib has only improved the median overall sur-
vival (OS) duration by fewer than 3 months in advanced
HCC patients, whose prognoses remain dismal.4> With an
increasing number of HCC patients experiencing resistance
to targeted therapy, efforts to develop novel therapy for
HCC has drawn attention to the HCC microenvironment.®

Recent evidence has highlighted the importance of the
tumor immune microenvironment for HCC outcome.”-°
Clinical trials of agents that target immune checkpoints
such as programmed death 1 (PD-1, programmed death-
ligand 1 (PD-L1), and cytotoxic T-lymphocyte-associate
protein 4 (CTLA4) in HCC patients are ongoing, with an
overall treatment response rate of less than 20%.10-12
The poor response to immunotherapy demonstrates that
current patient-stratification methods are not sufficiently
effective. The HCC immune microenvironment remains
poorly understood and effective immune biomarkers for
the evaluation of HCC prognosis are lacking. Identifying
immune-related signatures for HCC patients that can serve
to predicting the outcomes of and guide immunotherapy
for HCC is needed.

We aimed to add to the knowledge of the association of
immune-related genes with HCC prognosis and response to
immunotherapy, which will set the groundwork for studies
of the identified genes and provide a practical tool to opti-
mize clinical HCC management. We studied 577 HCC cases
from one cohort each in two public databases, identifying
and validating immune-related gene set signature, IGS -
as a robust and independent prognostic classifier for HCC
with greater predictive accuracy than other prognostic mod-
els. We also established an IGS,,.-based nomogram to con-
firm the clinical applicability of our signature. We discovered
a close association of IGS,,-. score with tumor immunocyte
infiltration status and response to immunotherapy and con-
firmed the utility of IGS,-. in prognostic risk-stratification
and immunotherapy response prediction in another inde-
pendent HCC cohort receiving anti-PD-1 therapy. Overall,
the study finding support IGS, . as a robust signature with
potential clinical significance, given its value in individualized
prognostic prediction and immunotherapy guidance for HCC.

Methods

Study populations and gene expression data pre-
processing

The gene expression profiles and clinical information for HCC
cases were collected from two public microarray datasets,
The Cancer Genome Atlas (TCGA)!3 and series GSE14520 in
the Gene Expression Omnibus (GEO) from the Liver Cancer
Institute (LCI) at Zhongshan Hospital, Fudan University.14
Only patients with available follow-up data, gene expres-
sion data, and clinical profiles were included. A total of 356
cases from TCGA and 221 cases from the GSE14520 were
analyzed in our study.

Level 3 TCGA RNA sequencing data for HCC cases were
downloaded and logarithmic-transformed. Gene expres-
sion data from GSE14520 were processed on the Affym-
etrix GeneChip Human Genome U133A 2.0 platform. The
difference in the batch effect between the two datasets was
adjusted by the ComBat method.!> To ensure consistency
in gene names across the cohorts, expression profiles were
collapsed from probe level to the corresponding gene sym-
bols based on the annotation platform of each set.

The 356 patients in the TCGA dataset were randomly as-
signed to training (n=250) and internal validation (n=106)
datasets. GSE14520 served as an external validation data-
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set (LCI validation set 1). Another independent cohort of
HCC patient who underwent hepatectomy at Zhongshan
Hospital in 2012 (n=56) was retrospectively evaluated as
a polymerase chain reaction (PCR) array validation dataset
(LCI validation set 2) to further test the reliability of IGS,.
The clinical characteristics of the patients in the four data-
sets are summarized in Supplementary Table 1. This study
was approved by the ethics committee of Zhongshan Hospi-
tal (approval number: B2021-143R), and written informed
consent was obtained from all patients. The study was con-
ducted following the ethical standards of the Declaration of
Helsinki.

Immune-related gene set definition

A comprehensive list of immune-related genes was down-
loaded from the ImmPort database.® The list consists of
1,534 genes that are involved in various immune pathways,
including antimicrobial pathways, the T-cell receptor sign-
aling pathway, interleukins, and the tumor necrosis factor
family receptor signaling pathways. This list was used as a
gene pool from which we screened out key genes to develop
our immune-related prognostic signature. Among the genes
in the list, 837 whose transcriptional expression levels could
be obtained across all platforms, were selected for further
analysis.

Development of the immune-related gene signature
for HCC

LASSO, a method of regression analysis with high-dimen-
sional factors, has been extended, and is used in Cox propor-
tional hazards regression models for survival analysis.17:18
After application of univariate Cox regression analysis to the
TCGA training dataset to identify candidate genes associat-
ed with prognosis for HCC (p<0.01) in the immune-related
gene list, the LASSO Cox regression model was used with the
glmnet package in the R computing language to screen the
most powerful prognostic genes from the candidate genes.
The best penalty parameter lambda was determined using
10-fold cross-validation. Using the formula below, a weighted
mRNA level-based value, IGS ., was identified, and normal-
ized to predict prognosis for HCC:

. N
Prognostic score = Z WX
i=

where N, w, and x represent the number of the selected
genes, coefficient value, and gene expression level, respec-
tively. The formula was used to calculate the prognostic
scores of HCC patients. The information about and corre-
sponding weight coefficients for 22 identified immune-re-
lated genes are listed in Supplementary Table 2. The cutoff
value for the low- and high-IGS,,.. groups was determined
to be the median IGS,. score in the training set and was
used for further validation analysis.

Validation of the immune-related gene signature for
HcC

The IGS,. score was further in the internal and the ex-
ternal validation sets, and patients were assigned to the
high- or low-IGS,. group based on the cutoff value de-
scribed above. Univariate and multivariate Cox regression
analyses were performed to evaluate the independent pre-
dictive ability of IGS,,, age, sex, a-fetoprotein (AFP) level,
tumor grade, and TNM stage for OS in the HCC patients.
TCGA cases were placed in several subgroups according to
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TP53 genotype, CTNNB1 genotype, AFP level, age, tumor
grade, and TNM stage. The performance of IGS,. was then
evaluated in the subgroups. The OS difference in the high-
and low-IGS,,.. groups was tested for significance by the
Kaplan-Meier method and log-rank test.

Existing HCC prognostic signatures for comparison
with IGS, .

Three other published prognostic signatures were retro-
spectively collected for comparison with IGS, .. (Supple-
mentary Table 3).1°-21 The gene numbers in these signa-
tures ranged from four to 65. The score for each signature
was calculated by the corresponding formula, and a receiver
operating characteristic (ROC) curve analysis was used to
compare the predictive efficiency of different signatures us-
ing the pROC package in the R language. The area under
the ROC curve (AUC) was calculated for all signatures, and
the prognostic signature with the highest AUC value was
considered the most efficient one.

Construction and evaluation of the IGS,.~based
nomogram

In cancer care, nomograms are models commonly used to
predict prognosis. Nomograms generate an individual nu-
merical probability of a clinical event by integrating diverse
variables, fulfilling our desire for biological and clinical inte-
gration of models for prognosis prediction and assisting our
drive toward personalized cancer medicine.?? Thus, IGS,,
was integrated with age and TNM stage, independent prog-
nostic indicators for HCC identified via multivariate Cox re-
gression analysis of the entire TCGA dataset, to establish a
prognostic nomogram for predicting the likelihood of 3- and
5-year OS using the rms package in the R language.

Subsequently, to evaluate the predictive performance
and clinical practicability of the nomogram, calibration plots
and decision curve analysis (DCA) were performed in the
entire TCGA and LCI datasets. Calibration plots were helpful
in assessing the consistency of the actual prognoses with
the predicted outcomes using the nomogram. In addition,
time-dependent ROC analysis was carried out to evaluate
the OS-predictive accuracy of the nomogram.

Single-sample gene set enrichment analysis
(ssGSEA)

ssGSEA was conducted as described previously.?23 Twen-
ty-four immunocyte types that could be discriminated by
gene sets specifically overexpressed in each immunocyte
using a deconvolution approach were included in this
analysis. The immunocytes are involved in both innate
immunity (natural killer cells, CD5649m natural killer cells,
CD56bright natural killer cells, plasmacytoid dendritic cells
[DCs], immature DCs, activated DCs, neutrophils, mast
cells, eosinophils, and macrophages) and adaptive immu-
nity (B cells, central memory T cells, effector memory T
cells, activated CD8* T cells, T follicular helper cells, yd
T cells, T helper [T,] cells, type 1 (T,1), T,2, and T,17,
and regulatory T cells). The T-cell infiltration score was
defined as the average of the standardized ssGSEA values
for CD8* T, central memory T, effector memory T, T, 1, T,2,
T,17, and regulatory T cells. The cytotoxic cell infiltration
score was calculated according to the geometrical mean of
perforin (PRF1) and granzyme A (GZMA) expression lev-
els.24 The DC infiltration score and macrophage infiltration

score were defined as the standardized ssGSEA values for
DC subsets (total, plasmacytoid, immature, and activated)
and macrophages, respectively.

Molecular characterization and immunotherapy re-
sponse prediction

To describe the difference in molecular and signaling path-
way characterization between the high- and low-IGS .-
groups, gene set variation analysis?> was applied to our
dataset with the C7 (immunological) and H (hallmark) gene
sets downloaded from the Molecular Signatures Database.2®
For the C7 gene set, the significant pathway sets were iden-
tified according to p-values <0.001 and fold-change values
of at least 1.85. For the H gene set, the significant pathways
were identified according to t-values of at least 2. In addi-
tion, the tumor immune dysfunction and exclusion (TIDE)
algorithm and subclass mapping were used to predict the
response of cancer to immunotherapy, such as anti-PD-1
and anti-CTLA4 therapy.27.28

Real-time PCR array analysis

An RT? Profiler Custom PCR array (Qiagen, Hilden, Germa-
ny) was conducted to simultaneously examine the mRNA
expression levels of 22 immune-related genes in our signa-
ture. The array was designed and produced by BioTNT and
performed following the manufacturer’s instructions. Brief-
ly, total RNA was extracted from HCC samples using TRIzol
reagent (Invitrogen, Waltham, MA, USA), and cDNAs were
prepared using an iScript cDNA Synthesis Kit (Bio-Rad, Her-
cules, CA, USA). The PCR primers for the 22 immune-re-
lated genes are listed in Supplementary Table 4. Real-time
PCR analysis was performed using RT2 SYBR Green gPCR
Master Mix (Qiagen) with a ViiA 7 (384-well block) instru-
ment (Thermo Fisher Scientific, Waltham, MA, USA). The
relative expression levels of the target genes were calcu-
lated using the AACt method.

Histological and immunofluorescent analyses

HCC tissue sections were prepared and incubated with a rab-
bit anti-PD-L1 antibody (ab205921; Abcam, Cambridge, UK)
and mouse anti-CD8 antibody (ab199016; Abcam). Next,
the slides were incubated with goat antirabbit IgG antibody
(Alexa Fluor 488; Abcam), goat antimouse IgG antibody (Al-
exa Fluor 647; Abcam), and 4’,6-diamidino-2-phenylindole
(Invitrogen). Images of the sections were acquired using a
confocal microscope with 40x objectives and analyzed using
image processing software (Olympus Corp., Tokyo, Japan).

Statistical analysis

All statistical analyses were performed in the R language
(version 3.6.0) and SPSS software (version 23.0; IBM
Corp., Armonk, NY, USA). Continuous variables were re-
ported as means + standard deviation and were compared
using Student t-test. Categorical variables were reported as
frequencies and percentages (%) and compared using the
Pearson chi-square test. A Cox proportional hazards model
was used to conduct standard univariate and multivariate
analyses. Prognostic differences between groups or sub-
groups were analyzed using the Kaplan-Meier method and
log-rank tests. For all tests, two-tailed p-values <0.05 were
considered significant.
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Results

IGS,, . is a powerful prognostic signature with high
predictive accuracy

The study design and workflow are shown in Figure 1. Uni-
variate Cox regression analysis identified 78 genes from the
immune-related gene list that were significantly associated
with the OS of HCC patients (p<0.01) in the TCGA train-
ing set as the candidate genes for signature construction
(Supplementary Table 5). Subsequently, by applying the
LASSO Cox regression model to these genes, we construct-
ed a prognostic signature consisting of 22 immune-related
genes (Supplementary Fig. 1A, B). Most of the genes in the
signature were cytokines, chemokines, and their receptors.
To varying degrees, they played roles in the transforming
growth factor-B signaling pathway, antigen processing and
presentation, and adaptive immune response (Supplemen-
tary Fig. 1C). Detailed information on and corresponding
coefficients for the 22 immune-related genes are presented
in Supplementary Table 2 and Figure 1D. We calculated the
IGS,,c score as the sum of the weighted expression levels
for the 22 genes. To guarantee the consistency of our study
findings, the cutoff value for high- and low-IGS, .. group
was set as the median IGS,. score in the TCGA training
dataset and fixed as 1.291 during further validation pro-
cesses (Supplementary Fig. 2).

Kaplan-Meier survival curve analysis (Fig. 2A) demon-
strated an significant prognostic difference in OS between
the high- and low-IGS,,. groups in the TCGA training data-
set [hazard ratio (HR), 3.87, 95% confidence interval (CI),
2.44-6.14]; p<0.0001). We also confirmed the robust
predictive performance of IGS, . in the internal validation
dataset (Fig. 2B), the entire TCGA dataset (Fig. 2C), and
the LCI validation dataset (Fig. 2D). Of note, in the LCI
validation dataset, the high- and low-IGS,.. groups also
had markedly different clinical outcomes (HR: 1.99 95% CI:
1.30-3.05; p=0.0013). Additionally, we compared the ex-
pression levels of the 22 immune-related genes in the high-
and low-IGS,, groups in the four datasets (Supplementary
Fig. 2). The heatmaps in Supplementary Figure 2 show that
the expression levels of genes such as BMP6, GLP1R, and
GMFB were higher in the high-IGS,,. group than in the low-
IGS,,cc group. In contrast, tumors with low IGS, .. scores
had much higher expression of genes like CCR8, TNF, and
RETN than did those with high scores. Taken together, the
results demonstrate that the signature we constructed was
a powerful and effective tool for prognostic risk prediction
for HCC patients.

IGS,,.. score is an independent risk factor for HCC
prognosis

To confirm the independent prognostic value of our signa-
ture, we performed univariate and multivariate Cox regres-
sion analyses of the TCGA training dataset (Fig. 3A, B). In
addition to IGS,., we included several common prognos-
tic factors, like age, sex, AFP level, tumor grade, and TNM
stage, in the analysis. The univariate regression model dem-
onstrated that IGS,.. was significantly associated with OS
(HR: 4.11, 95% CI: 3.03-5.57; p<0.0001). Furthermore,
in the multivariate regression model, IGS,.-. remained a
strong independent prognostic predictor of OS (HR: 5.51,
95% CI: 3.40-8.96; p<0.0001). The results were consist-
ent with those obtained from the internal validation dataset
(Fig. 3C, D), LCI validation set (Fig. 3E, F), and the en-
tire TCGA dataset (Supplementary Fig. 3A, B). In the LCI
validation cohort, IGS,,.- was still considered a significant
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prognostic variable (univariate p=0.001 and multivariate
p=0.035). The results revealed that the IGS.. score was a
powerful independent risk factor for HCC prognosis.

To determine whether IGS,. retained its prognostic val-
ue for OS in HCC patient subgroups with different molecu-
lar or clinical characteristics, we placed the patients in the
entire TCGA dataset into different subgroups according to
TP53 genotype, CTNN1B genotype, AFP level, age, tumor
grade, and TNM stage. IGS, . succeeded in distinguishing
HCC patients with distinct OS durations in all of the subpop-
ulations (Supplementary Fig. 4A-L). Again, these results
demonstrated that IGS,,. is a promising predictive signa-
ture with high clinical relevance that can be used to further
assess the prognostic risk in HCC patients on the basis of
existing stratification systems.

IGS,,.c outperforms previously published HCC prog-
nostic signatures

The number of prognostic signatures for HCC reported in the
literature is increasing. We chose representative signatures
to compare their effectiveness with that of IGS, ... The se-
lection criteria were that the signature was identified in more
than 100 HCC patients and validated in an independent co-
hort. The details of the selected studies are provided in Sup-
plementary Table 3.19-21 Because ROC curves are useful for
organizing classifiers and visualizing their performance, we
performed ROC analyses to evaluate the predictive accuracy
of these selected signatures and IGS,, regarding OS within
the TCGA dataset. As shown in Figure 4A, we drew an ROC
curve for each signature according to their sensitivity and
specificity in survival prediction. In each curve, we drew a
45-degree line in gray as the negative reference. IGS, .
had a greater AUC (0.67, 95% CI: 0.62-0.72) than those of
the other prognostic signatures, indicating that it provided
the most accurate prognosis prediction. Although the dif-
ference in AUC between the IGS,,. and TNM stage was not
significant (0.67 vs. 0.65), the combination of IGS,,.. and
TNM stage had greater predictive efficacy than did the TNM
stage alone (0.72 vs. 0.65; p=0.0046) and age alone (0.72
vs. 0.51; p<0.0001). These results implied that IGS,,. out-
performs other published prognostic signatures and, when
integrated with the TNM stage, increased the sensitivity and
precision of the prediction of OS of HCC patients.

An IGS,.-based nomogram is useful in clinical HCC
management

Because IGS,. proved to be a powerful prognostic signa-
ture model for HCC, we further attempted to provide clini-
cians with a quantitative method of predicting the 3- and
5-year OS rates in HCC patients. Therefore, we generated
a nomogram by integrating IGS, . with age and TNM stage
to leverage the complementary value of these independent
prognostic factors (Fig. 4B). Calibration curves were con-
sistent with actual observations of OS duration and nomo-
gram-based prediction of 5-year OS likelihood in the TCGA
(Fig. 4C) and LCI validation (Fig. 4D) datasets. Similarly,
regarding 3-year OS, the bias-corrected lines in calibration
curves were still close to the ideal 45-degree line for both
datasets (Supplementary Fig. 5A, B), indicating good pre-
dictive performance of our nomogram for HCC prognosis. In
addition, we plotted ROC curves to evaluate the predictive
accuracy of the nomogram. In the entire TCGA dataset, the
AUCs for 3- and 5-year OS were both 0.72 (Fig. 4E). We
further verified the predictive efficacy of IGS, . in the LCI
validation dataset, with AUCs of 0.71 and 0.69 for 3- and
5-year OS, respectively (Fig. 4F).
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DCA can determine whether application of the nomo-
gram to predicting cancer outcomes increases net clinical
benefits when compared with the treat-none or treat-all
scheme. The results of DCA in the CGA and LCI validation
datasets showed that the nomogram provided HCC patients
with greater net clinical benefits in predicting 5-year OS
likelihood than did IGS,-. alone (Fig. 4G, H). The nomo-
gram also exhibited greater prediction threshold probabili-
ties than IGS,... Consistently, the DCA of 3-year OS also
demonstrated increased net clinical benefits and threshold
probabilities of the nomogram (Supplementary Fig. 5C, D).
The results confirmed the clinical practicability of IGS,.
in that, when integrated into a nomogram, it can serve as
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a quantitative method for predicting OS rates in HCC pa-
tients.

IGS, . can distinguish HCC patients with contrasting
tumor immune microenvironments

An increasing number of patients with cancer have benefit-
ed from immune checkpoint blockade.” Considering that we
constructed the IGS,,.. based on 22 immune-related genes,
we wanted to determine whether the signature can provide
some clues about tumor immune microenvironments, which
would contribute to treatment responder identification and
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Fig. 4. Predictive performance of IGS,.. and development of the IGS..~-based nomogram for HCC patients. (A) ROC analyses of the predictive efficacy
of TNM stage combined with IGS,,.., IGS, .. alone, TNM stage alone, age alone, and three published prognostic signatures for predicting OS in HCC patients in
the entire TCGA dataset. The difference in AUC among the combined models and other factors was tested using the Delong method. (B) Nomogram developed for
predicting the probability of 3- and 5-year OS in HCC patients. The point of each variable was determined by drawing a vertical line upward to the point scale. The
probability of 3- and 5-year OS was determined by drawing a vertical line from the total point axis downward to the probability axis. (C and D) Calibration curves
for the nomogram used to evaluate the consistency of the predicted and actual 5-year OS durations in the TCGA and LCI validation datasets. The 45-degree dashed
line represents the ideal consistency. (E and F) ROC curves for the nomogram used to assess its predictive efficacy regarding 3- and 5-year OS. (G and H) DCA
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immunotherapy guidance among HCC patients. To that end,
we applied ssGSEA to tumor samples from the CGA to de-
convolve the relative abundance of 24 immunocyte types
based on bulk tumor gene expression profiles. We visual-
ized the abundance of immunocytes in each tumor sample
using a heatmap and then categorized tumor immune infil-
tration into three subgroups (low, moderate, and high) us-
ing unsupervised hierarchical clustering (Fig. 5A). We also
assessed the associations of immune cell infiltration with
other clinical features, such as the TP53 mutation status.
HCCs with high IGS,,.- scores tended to exhibit relatively
low tumor immune cell infiltration statuses and vice versa.
This demonstrated that high-IGS, . patients may have had
“cold” tumors and were unlikely to respond to immunother-
apy and that low IGS, . patients may have benefited from
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immunotherapy. These results demonstrated that IGS,.
reveals, to some extent, the immune phenotypes for HCCs.

Furthermore, considering the concomitant infiltration of
tumor promoting and suppressing immune cells in the tumor
microenvironment, we compared the cytotoxic function of T
cells in the low- and high-IGS,,- groups to see if the prog-
nostic signature was correlated with the cytotoxic potential
of immunocytes. As expected, the T-cell infiltration score
(p<0.0001), cytotoxic cell infiltration score (p=0.0001),
and DC infiltration score (p<0.0001) were increased in the
low-IGSHCC group (Fig. 5B-D), patients in which tended
to have high immunocyte infiltration statuses. In contrast,
the macrophage infiltration score (p=0.0015) was higher
in HCC patients with high IGS,,. scores than in those with
low IGS,. scores (Fig. 5E). The data demonstrated that
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HCC patients with low IGS,.. scores may have immune-
activated phenotypes, characterized by increased immune
cell infiltration and high cytotoxic potential, whereas those
with high IGS,,.. scores suffer from relatively low levels of
immune activation.

Low- and high-IGS,,.. groups have different sensi-
tivities to immunotherapy

Because HCC immunotherapy response is closely related to
immune activation in the local microenvironment, we then
performed gene set variation analysis to explore the as-
sociation between immune functional condition and IGS, -
score. As depicted in the heatmap in Figure 6A, distinct
functional pathways were enriched in the low- and high-
IGS,,cc groups. Interleukin-6 signaling, interferon-a re-
sponse, interferon-y response, and T-cell activation were
among the most significantly enriched biological processes
in the low-IGS,.- group. Next, we characterized the low-
and high-IGS,,. groups regarding the hallmark gene sets.
Several tumorigenesis pathways, such as unfolded protein
response, G2/M checkpoint, the phosphoinositide 3-kinase/
Akt/mammalian target of rapamycin signaling pathway, the
transforming growth factor-f signaling pathway, and DNA
repair pathways, were enriched in the high-IGS,.. group
(Fig. 6B). These results again showed that HCC patients
in the low- and high-IGS. groups have distinct immune
conditions in the tumor microenvironment.

To determine whether our prognostic signature can pre-
dict HCC patient responses to immunotherapy, we used the
TIDE algorithm to calculate the probability of tumor response
to immunotherapy in the TCGA dataset and LCI validation
set. The four-fold contingency tables in Figure 6C, D showed
that low-IGS,, patients were more likely than high-IGS, .
patients to have immunotherapy-sensitive disease (TCGA
dataset, p<0.001; LCI validation set, p=0.032). Moreover,
we applied subclass mapping to compare the expression
profiles for the HCCs in these two groups with a published
dataset for 47 patients with melanoma that responded to
anti-PD-1 and anti-CTLA4 immunotherapy.2® This demon-
strated that compared with high-IGS, .. patients, low-IGS,.
cc batients were more likely to have responses to anti-PD-1
therapy (Bonferroni corrected p=0.008; Fig. 6E). The find-
ings proved that our prognostic signature can effectively
predict sensitivity of HCC to immunotherapy and thus con-
tribute to identification of suitable candidates for anti-PD-1
therapy. IGS, . score can serve as a useful reference for
determining the immunotherapeutic strategy for HCC.

IGS,,. successfully stratifies HCC patients in an in-
dependent PCR array cohort

To validate the robust power of IGS,.. in prognostic risk-
stratification and immunotherapy response prediction, we
collected and analyzed data on an independent cohort of HCC
patients in our institution. The detailed clinical characteristics
of the HCC patients in this PCR array validation dataset (LCI
validation set 2) are shown in Supplementary Table 1. Based
on the formula described in Materials and Methods, the IGS,.
cc score for each individual was calculated, and patients were
assigned to the high-IGS,, (n=33) or low-IGS.- (n=23)
groups according to the cutoff value (Fig. 7A). Kaplan-Meier
analysis demonstrated that IGS, .. retained the ability to
predict prognosis for HCC patients in this cohort (HR: 2.49,
95% CI, 1.19-5.22; p=0.012; Fig. 7B).

To confirm the potential value of IGS, . in identifying
HCC patients who need immunotherapy, we examined the
infiltration of CD8* T cells and expression of PD-L1 in the

Zhou C. et al: Prognostic value of a mRNA signature in HCC

tumors in patients who received nivolumab (anti-PD-1 anti-
body) in our PCR array validation dataset using immunoflu-
orescence. Compared with the nonresponders, nivolumab
responders tended to have greater CD8* T-cell infiltration
and lower expression of PD-L1 in tumors (Fig. 7C). Impor-
tantly, we found that HCC patients who responded well to
treatment with nivolumab had lower IGS,,. scores than did
nonresponders (Fig. 7D), which greatly supported our pre-
vious conclusion that the signature can help identify suit-
able HCC candidates for immunotherapy. Collectively, the
observations highlighted the clinical significance of IGS,~
in predicting survival and immunotherapy response in HCC
patients.

Discussion

The heterogeneity of HCC leads to greatly varied clinical
outcomes among patients, and effective prognostic predic-
tors are lacking. Furthermore, although the achievements
of immunotherapy have revolutionized cancer treatment
and provided significant survival benefits to patients,”:3°
accumulating evidence from preclinical and clinical studies
demonstrates that traditional immune-related markers such
as PD-L1 are neither consistent nor reliable predictors of
immunotherapy outcomes.3! In view of that, we designed
this study to develop a signature based on immune-related
genes that is associated with the tumor immune microenvi-
ronment and can provide an individualized prediction of both
prognosis and immunotherapy sensitivity for HCC patients.
A novel 22-gene signature named IGS, .. was developed,
and proved to be a reliable tool to predict HCC survival and
immunotherapy response, which was successfully validated
in multiple public datasets, as well as an independent clini-
cal cohort of HCC patients in our own institution. In addition,
the IGS,..-based nomogram had satisfying accuracy and
sensitivity in predicting the likelihood of 3- and 5-year OS of
HCC and provided added clinical benefits to HCC patients.
The study results will serve to improve prognostic prediction
and personalized therapy in HCC patients by measuring the
expression of genes in the IGS, . panel in tumors.

Based on large public datasets, researchers have devel-
oped several prognostic signatures for HCC,19-21 but they
have yet to be incorporated into clinical practice because of
limitations such as the overfitting risks arising from screen-
ing of a large gene pool. In addition, Cox proportional haz-
ards regression analysis is unsuitable for high-dimensional
microarray data in which the number of covariates is close
to or greater than the number of observations.32 In this
study, we used the LASSO Cox regression method, which
can select the most valuable variables with robust prognos-
tic value and low correlations to prevent overfitting.1” As
expected, IGS,. had better predictive performance than
did other published prognostic models, and there was no
reduction in stability and reliability of our signature when
applied across independent datasets. In addition, there is
no significant gene overlap between our signature and other
published models, even if the same construction method
was used. The main reason is that the distribution ratios
we and other researchers used to randomly divided dataset
into training set and internal verification set were differ-
ent. Therefore, a unified modeling standard and procedure
is warranted to promote the consistent use of predictive
signatures in clinical practice.

Most of the genes in our prognostic signature were cy-
tokines, chemokines, and their receptors that play key
roles in immune and inflammatory response. Several of the
genes, including STC2, TNF, CCR8, and BMP6, are asso-
ciated with human cancers. For example, increased STC2
expression is correlated with aggressive disease and short-
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Total 186(100%)

108(63.53%) 190(53.37%)

104(55.91%) 62(36.47%) 166(46.63%)

170(100%) 356(100%) < 0.001

D  Prediction in LCI Validation dataset based on TIDE algorithm

Immunotherapy Low-IGSHcc

High-IGSHCcC  Total P

No response 77(58.78%)
54(41.22%)
131(100%)

Response
Total

66(73.33%) 143(64.71%)
24(26.67%) 78(35.29%)
90(100%)  221(100%) 0.032

1
P=0.001| Low-IGSHcc
0.8
High-IGSHcc
0.6
P=0.008| Low-IGSHcc 0.4
0.2
High-IGSHcc

value

No No P
Response Response Response Response I Nominal P value

CTLA4

PD1

Bonferroni corrected

groups. HCC, hepatocellular carcinoma; TCGA, The Cancer Genome Atlas; TIDE, tumor immune dysfunction and exclusion.
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Fig. 7. Independent clinical validation of the prognostic risk-stratification and immunotherapy response prediction ability of IGS,... (A) The IGS, .
score and expression of 22 immune-related genes in the HCC patients in the PCR array cohort (n=56). Top panel, the low- and high-IGS,,. groups defined based on
the cutoff value for TCGA training dataset. Middle panel, the survival status and duration in the HCC cases in the low- and high-IGS,, groups. Bottom panel, heatmap
of the expression of the 22 immune-related genes in each tumor. (B) Kaplan-Meier analysis of OS in the HCC patients classified according to IGS. in the PCR array
validation dataset. (C) Representative immunofluorescent images of nuclei (blue), PD-L1 (green), and CD8 (red) in tumor samples obtained from HCC patients who
had responses (left panel) or no response (right panel) to anti-PD-1 therapy. (D) The IGS,,.. scores in patients with HCC that responded well and did not respond to
anti-PD-1 therapy. HCC, hepatocellular carcinoma; OS, overall survival; PCR, polymerase chain reaction; PD-1, programmed death 1; PD-L1, programmed death-ligand

1; PRF1, perforin; TCGA, The Cancer Genome Atlas.

ened OS in renal cell carcinoma patients.32 Also, BMP6 has
been shown to inhibit mast cell recruitment in melanoma,
which indicates the role of this gene in modulation of the
tumor immune microenvironment.33 Some genes included
in the signature may be therapeutic targets in HCC patients,
but their biological functions have yet to be fully explored in
HCC cases, which is well deserving of further investigation.

Some researchers have proposed that stratifying cancer
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patients based on the characteristics and quality of tumor
immune infiltration is a critical next step in predicting the
responsiveness of their disease to immunotherapy.34 In this
study, the immune landscape of HCCs depicted by ssGSEA
sheds light on the negative correlation between immune in-
filtration status and IGS, . score. The complexity and di-
versity of tumor immune components drove us to explore
the association of the IGS, . score with T-cell activation and
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cytotoxic function. The decreased T-cell infiltration score, cy-
totoxic cell infiltration score, and DC infiltration score, and in-
creased macrophage infiltration in patients with high IGS,.
scores demonstrated that their tumors are more likely than
those in patients with low scores to be infiltrated-excluded
and poorly immunogenic, with a lack of effective antigen-
presenting cells and adaptive antitumor cytotoxic T cells.
Moreover, several immune-related pathways were enriched
in tumors in the low-IGS, .. group, whereas some tumori-
genesis pathways were enriched in those in the high-IGS .-
group, further supporting the distinct immune biological pro-
cesses in low- and high-IGS,.. tumors. In addition, given
the close association between IGS, .. score and tumor im-
mune phenotype, we performed an analysis using the TIDE
algorithm and subclass mapping that demonstrated that HCC
patients with low IGS, . scores were more likely than those
with high scores to benefit from anti-PD-1 immunotherapy.

Most important, we validated the robust prognostic risk-
stratification ability and immunotherapy response predic-
tion of IGS, .. in an independent cohort of HCC patients
from our institution. External verification of the signature
in a real-world cohort strongly demonstrated that progno-
sis risk and immunotherapy response in HCC patients can
be readily evaluated by measuring the expression of 22
immune-related genes in tumor samples using PCR. Thus,
our study, for the first time, shows the feasibility of trans-
lating IGS,, into a clinical assay and set the groundwork
for future prospective cohort studies to assess the overall
translational potential of this signature.

The study had some limitations. First, the retrospective
study design and single-center validation require future pro-
spective validation of the results in multicenter cohorts. Sec-
ond, the patients’ clinical information was incomplete, which
impeded comprehensive analyses and decreased statistical
reliability and validity. Moreover, the function of some genes
in the signature in HCC cases is not clearly understood, so
basic experimental studies are warranted to reveal the bio-
logical mechanisms underlying our prognostic signature. Fi-
nally, although we verified the predictive value of IGS . in
HCC patients undergoing surgical resection, for major liver
cancer patients who cannot receive surgery, whether the ex-
pression level of these genes in the tumor can be obtained
through minimally invasive methods like needle biopsy and
liquid biopsy needs further research to explore whether the
signature can be applied to the majority of HCC cases.

In conclusion, IGS.. is the first immune-related prognos-
tic signature for HCC patients and is a robust and independent
biomarker for predicting the risk of OS, even in specific clini-
cal subgroups of patients. Furthermore, this immune-based
signature provides a broad view of tumor immune pheno-
types, resulting in improved identification of HCC patients
who are likely to benefit from immunotherapy. The clinical
feasibility of IGS,,. and the IGS,,-based nomogram should
be studied further prospectively in multicenter cohorts.
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