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Abstract: Background: The effectiveness of immunotherapy has been validated in multiple cancers. However, not
all patients benefit from immunotherapy, and its objective response rate is less than 30% in some cancers, so it is
of great importance to find a pan-cancer biomarker that can effectively predict immunotherapy response. Methods:
Fifteen immunotherapy datasets were retrospectively analyzed to determine pan-cancer biomarkers to predict im-
munotherapy response. A total of 348 patients with metastatic urothelial carcinoma (mUC) who received anti-PD-L1
immunotherapy from the dataset of IMvigor210 trial were included in the primary analysis. In addition, 12 public
immunotherapy datasets of different cancers and two datasets of gastrointestinal cancer patients who received
anti-PD-1 or anti-PD-L1 immunotherapy between August 2015 and May 2019 at Peking University Cancer Hospital
(PUCH) were analyzed as validation cohorts. Results: The expression of CXCL9, IFNG, and GBP5 was independently
associated with the response to anti-PD-L1 immunotherapy in patients with mUC. The ability of the expression panel
of CXCL9, IFNG, and GBP5 to predict immunotherapy response was validated in immunotherapy datasets of differ-
ent cancers. Conclusion: The expression panel of CXCL9, IFNG, and GBP5 can potentially be a pan-cancer biomarker

for predicting immunotherapy response.
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Introduction

In the past decade, the introduction of immune
checkpoint inhibitors (ICls) has dramatically
influenced the oncology care landscape. The
efficacy of ICIs has now been demonstrated in
several cancers, including melanoma, non-
small cell lung cancer, urinary system cancet,
gastric cancer, etc. [1-4]. However, not all can-
cer patients can benefit from ICls, and their
objective response rate is even less than 30%
for some cancers [5, 6]. Patients who do not
respond to ICIs may not only fail to obtain a
significant survival benefit but may even suffer
from the adverse events of ICls [7-9]. There-
fore, finding effective biomarkers to predict the
response to immunotherapy is crucial to iden-
tify immunotherapy target populations and

improve treatment strategies for cancer pati-
ents. Several indicators have been suggest-
ed to have potential as biomarkers, including
PD-L1, tumor-infiltrating lymphocytes, tumor
mutational burden (TMB), tumor neoantigen
burden (TNB), and INF-y [10]. In addition to the
potential biomarkers above, little is known
about whether other genes are differentially
expressed between tumor tissues of respond-
ers and nonresponders to immunotherapy, and
this information may improve the current pre-
diction strategies. This study aims to use data
with a large sample size from a phase Il trial of
atezolizumab in metastatic urothelial cancer
(mUC) to identify potential predictive biomark-
ers of immunotherapy response. In addition,
validation cohorts of patients with different
cancers receiving different immunotherapies,
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including two datasets from Peking University
Cancer Hospital (PUCH) and public datasets,
were used to validate their potential for pan-
cancer applications.

Materials and methods
Data collection

Fifteen immunotherapy datasets were retro-
spectively analyzed to identify pan-cancer bio-
markers for predicting immunotherapy respon-
se. The transcriptome profiles of the preimmu-
notherapy tumor samples of 348 patients
with mUC treated with atezolizumab from the
IMvigor210 study were used to screen poten-
tial biomarkers [11]. The study cohorts of
Alexandra et al., Braun et al., Chen et al., Gide
etal.,, Hugo et al., Lauss et al., Nathanson et al.,
Prat et al., Kim et al. and Riaz et al. were includ-
ed as external validation cohorts to validate
the predictive ability of the biomarkers [12-21].
In addition, 75 gastrointestinal cancer patients
who received anti-PD-1 or anti-PD-L1 immuno-
therapy between August 2015 and May 2019
at our center (PUCH), and had pretreatment
tumor tissue transcriptome profiles as well as
information on the level of response to immu-
notherapy, were also included in this study as
validation datasets. The transcriptome profiles
of 33 cancers from The Cancer Genome Atlas
(TCGA) database (https://portal.gdc.cancer.
gov/) were used to perform the pan-cancer
analysis.

Identification of differentially expressed genes
(DEGS)

Because the accuracy of assessing patients’
immunotherapy response clinically is affected
by several factors, the response levels of some
patients may be incorrectly divided into adja-
cent response level categories. For a more
accurate identification of genes that can influ-
ence the immunotherapy response, we only
compared patients with progressive disease
(PD) and those with complete response (CR) to
identify DEGs. The “limma” package of R soft-
ware was used to determine the DEGs be-
tween PD and CR patients, and genes with
adjusted P < 0.05 were considered DEGs.

GO term and KEGG pathway enrichment analy-
ses

To explore the biological significance of the
DEGs, we used the “clusterProfiler” package of

3961

R software for functional and pathway enrich-
ment analyses of DEGs. P < 0.05 was consid-
ered significant enrichment.

Screening of genes associated with immuno-
therapy response and establishment of CIG
score

Search Tool for the Retrieval of Interacting
Genes (STRING, Zurich, Switzerland, https://
string-db.org/), which contains relevant infor-
mation on functional and physical associations
between proteins, was used to construct pro-
tein-protein interaction (PPI) networks in this
study. Confidence values > 0.4 were defined as
significant associations. The PPI results were
imported into Cytoscape software for PPI net-
work analysis. The maximal clique centrality
(MCC) algorithm is an effective way to find the
central nodes in a PPl network. The cytoHubba
tool in Cytoscape software was used to calcu-
late the MCC value of each node, and the genes
whose MCC value ranked in the top 10 were
considered as the hub genes [22]. The hub
genes and the DEGs with |log2 fold change
(log2 FC)| > 1 were included in multivariate
logistic regression, and genes with P value <
0.05 were considered predictive genes. Pati-
ents with CR and partial response (PR) were
considered responsive to immunotherapy, and
patients with stable disease (SD) and PD were
considered unresponsive to immunotherapy.
The predictive genes were included in multivari-
able logistic regression to calculate the regres-
sion coefficient (coef), and a CIG score for each
patient was calculated based on the predictive
gene expression and the coef as follows:

CIG score = X, (Coefi X ExpGenei).
Survival analysis based on the CIG score

The patients were divided into high-CIG and
low-CIG score groups based on the median CIG
score, and the Kaplan-Meier method was used
to estimate the overall survival of the patients
in the two groups.

Analysis of the predictive ability of the CIG
score based on the internal and external vali-
dation datasets

The mUC patients in the IMvigor210 study were
used as the internal validation dataset for CIG
score validation. Alexandra et al.'s study also
used the pretreatment tumor tissues of UC
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patients receiving anti-PD-L1 treatment as the
research object, so this dataset was used as
the external validation dataset for CIG score
validation [21]. The CIG score and other popu-
lar biomarkers were included in logistic regres-
sion models, receiver operating characteristic
(ROC) curves were drawn, and the area under
the curve (AUC) was calculated to estimate the
predictive ability of these models. The “rms
and “pROC” packages in R software were used
to draw ROC curves and to calculate the AUC
values.

”

Analysis of the predictive ability of the expres-
sion panel of CXCL9, GBP5, and IFNG based
on the external validation datasets

Since the other external validation datasets
involved patients with different cancers and dif-
ferent immunotherapies, the coefficients of the
three biomarkers in the CIG score may not be
applicable to datasets of other cancer types.
Therefore, the expression of CXCL9, GBP5, and
IFNG was directly included in the logistic re-
gression model to update the coefs, ROC
curves were drawn, and AUC values were calcu-
lated to estimate the predictive ability of the
model in different datasets while evaluating
other popular biomarkers for comparison.

Pan-cancer analysis

To explore the underlying mechanisms of the
predictive genes affecting the response to
immunotherapy, the associations of the predic-
tive genes with the tumor microenvironment
(TME) and immune cell infiltration were ana-
lyzed in 33 cancers in the TCGA database. The
“ESTIMATE” package of R software was used
to calculate the stromal score (indicating the
presence of stromal cells in tumor tissue),
immune score (representing the infiltration of
immune cells in tumor tissue), and tumor purity
for each tumor sample. Then, the correlations
of the potential predictive genes with the stro-
mal score, immune score, and tumor purity
were separately analyzed in 33 cancers by
using Spearman correlation analysis, and only
the results with |R| > 0.5 and P < 0.001 were
recorded [23]. CIBERSORT, a deconvolution
algorithm, was used in this study to estimate
the proportions of 22 tumor-infiltrating immune
cell subsets across all tumor samples. Then
the correlations of the predictive genes with the
22 tumor-infiltrating lymphocyte subsets were
analyzed by using Spearman correlation analy-
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sis in 33 cancers, retaining only the results with
|IR] > 0.5 and P < 0.001 [24]. The online analy-
sis website TISIDB (http://cis.hku.hk/TISIDB/
index.php) was used to explore the potential
relationship between GBP5 expression and
immunoinhibitors by using Spearman correla-
tion analysis in 30 cancers in the TCGA
database.

Results

Identification and functional enrichment of
DEGs between responders and nonresponders
to anti-PD-L1 treatment for metastatic urothe-
lial cancer

The “limma” package of R software was used
to identify DEGs between 167 PD patients and
25 CR patients in the IMvigor210 dataset. A
total of 32 genes had an adjusted P value <
0.05 and were upregulated in CR patients, of
which five genes (CXCL9, CXCL10, CXCL13,
CCL5, and GBP5) had |log2 FC| > 1. The heat-
map and correlation heatmap of the DEGs
are shown in Figure 1A, 1B. GO functional
enrichment analysis showed which biological
processes (BPs), cellular components (CCs),
and molecular functions (MFs) the DEGs were
involved in. The main BPs included cellular
defence response, regulation of response to
biotic stimulus, regulation of natural killer cell
mediated cytotoxicity, regulation of natural kill-
er cell mediated immunity, regulation of cell
killing, positive regulation of response to exter-
nal stimulus, cell killing, regulation of innate
immune response, regulation of immune effec-
tor process, and natural Killer cell mediated
cytotoxicity. The DEGs were mainly enriched on
the external side of the plasma membrane in
the CC category. Among the MFs, the DEGs
were primarily enriched in cytokine receptor
binding, chemokine receptor binding, cytokine
activity, chemokine activity, receptor ligand
activity, signaling receptor activator activity,
CCR chemokine receptor binding, CXCR chemo-
Kine receptor binding, G protein-coupled recep-
tor binding, and promoter-specific chromatin
binding (Figure 1C, 1D). The KEGG pathway
enrichment analysis showed that the DEGs
were mainly enriched in natural Killer cell medi-
ated cytotoxicity, antigen processing and pre-
sentation, cytokine-cytokine receptor interac-
tion, graft-versus-host disease, viral protein
interaction with cytokine and cytokine receptor,
chemokine signaling pathway, inflammatory
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Figure 1. Identification and functional enrichment of DEGs between patients with complete response (CR) and those with progressive disease (PD) with anti-PD-L1
treatment of metastatic urothelial cancer. A. Heatmap of DEGs between CR patients and PD patients. B. Correlation heatmap of DEGs. C. Bar plot of GO functional
enrichment of DEGs. D. Bubble plot of GO functional enrichment of DEGs. E. Bar plot of KEGG pathway enrichment of DEGs. F. Bubble plot of KEGG pathway enrich-
ment of DEGs.
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Figure 2. Identification of marker genes and establishment of the CIG score. A. The cytoHubba plug-in of Cytoscape
was used to screen the top 10 hub genes among the differentially expressed genes according to the connectivity
degree. B. Violin plot of CXCL9. C. Violin diagram of GBP5. D. Violin diagram of IFNG. E. Violin diagram of the CIG

score. F. Overall survival curves of high- and low-CIG score patients.

Table 1. Multivariate logistic regression of
the anti-PD-L1 immunotherapy response of
candidate predictive genes

Gene OR (95 CI%) P value
CXCL13 1.142 (0.863, 1.512) 0.353
CXCL10 1.299 (0.850, 1.985) 0.227
CXCL9 1.775 (1.093, 2.882) 0.02

GBP5 0.358 (0.186, 0.690) 0.002
FASLG 0.295 (0.071, 1.230) 0.094
GNLY 1.324 (0.776, 2.259) 0.304
KLRC1 1.130 (0.469, 2.720) 0.786
LAG3 1.404 (0.605, 3.259) 0.429
TBX21 0.118 (0.011, 1.277) 0.079
CCL5 0.900 (0.512, 1.582) 0.714
NCR1 2.465 (0.914, 6.653) 0.075
IFNG 8.043 (1.525, 42.412) 0.014

bowel disease, influenza A, toll-like receptor
signaling pathway, Th17-cell differentiation,
hepatitis C, Thl and Th2 cell differentiation,
and Chagas disease (Figure 1E, 1F).

Three candidate predictive genes indepen-
dently associated with immunotherapy re-
sponse

The DEGs were imported into the STRING on-
line analysis website for PPl analysis. Then, the
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results of the PPl analysis were imported into
Cytoscape software for visualization analysis,
and the MCC value of each gene was calculat-
ed. The genes with the 10 highest MCC values
were regarded as hub genes (Figure 2A). The
hub genes and all DEGs with |log2 FC| > 1 (a
total of 12 candidate predictive genes) were
included in multivariate logistic regression an-
alysis. The results showed that the expression
of CXCL9, GBP5, and IFNG was independently
associated with the immunotherapy response
(Table 1).

Establishment and validation of the marker
gene-derived CIG score

The expression of CXCL9, GBP5, and IFNG was
included in multivariate logistic regression, the
corresponding regression coefficients were
obtained, and the CIG score was calculated as
follows:

CIG score Exp (CXCL9) x (0.6667) + Exp
(GBP5) x (-0.7452) + Exp (IFNG) x (1.4092).

The distributions of CXCL9, GBP5, IFNG, and
the CIG score among the different immunother-
apy response groups are shown in Figure 2B-E.
The patients were divided into low- and high-
CIG score groups according to the median CIG
score, and Kaplan-Meier analysis showed a sig-

Am J Transl Res 2023;15(6):3960-3975



A pan-cancer biomarker for immunotherapy response

08

06

TNB(AUC: 0.778)

CIG score(AUC: 0.734)

o ! IFNG(AUC: 0.668)
CDSA(AUC: 0.596)
PD-1(AUC: 0.576)

PD-L1(AUC: 0.571)

00

Sensitivity

08

06

CIG score(AUC: 0.714)

PD-L1(AUC: 0.673)

IFNG(AUC: 0.592)

PD-1(AUC: 0.582)

02

CDSA(AUC: 0.582)

00

1.0 08 06 04 02 0.0

Specificity

1.0 08 06 04 02 00
Specificity

Figure 3. Internal and external validation of the CIG score. A. ROC curves based on the IMvigor210 dataset (training
dataset). B. ROC curves based on Alexandra et al.’s dataset (external validation dataset).

nificant difference (P = 0.0001) in overall sur-
vival between the two groups (Figure 2F).

In the internal validation dataset, the ability of
the CIG score (AUC: 0.734) to predict immuno-
therapy response ranked second among the
popular biomarkers and was only second to
TNB (AUC: 0.778) (Figure 3A). In Alexandra et.
al.s dataset, the predictive ability of the CIG
score ranked first (AUC: 0.714) (Figure 3B).

Analysis of the potential mechanisms of the
predictive genes affecting immunotherapy re-
sponse in patients with mUC

Multinomial multivariate logistic regression
analysis showed that the expression of GBP5
was associated with immune phenotypes, the
expression of CXCL9 and GBP5 was associat-
ed with the immune cell level, and the expres-
sion of GBP5 and IFNG was associated with
the tumor cell level (Table 2; Figure 4A-E). The
expression levels of CXCL9, GBP5, and IFNG
were all significantly correlated with TNB and
TMB (Figure 5A-F).

Cross-cancer type validation of the ability of
CXCL9, GBP5, and IFNG to predict the re-
sponse to immunotherapy

A total of 13 immunotherapy datasets were
used for external validation, and the character-
istics of the datasets and AUC values for multi-
ple biomarkers are shown in Table 3 [12-20].
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The expression of GBP5 was missing from the
Chen et al., Prat et al. and PUCH datasets. The
AUC values (CXCL9 + GBP5 + IFNG/CXCL9 +
IFNG) were higher than those of PD-1, PD-L1,
IFNG and CD8A in ten of the 13 datasets, high-
er than TMB in the datasets of Riaz et al. and
Braun et al., and higher than TNB in the dataset
of Riaz et al.

Pan-cancer analysis of the three biomarkers

The pan-cancer analysis based on the TCGA
database showed that CXCL9 and GBP5 were
positively correlated with the stromal score and
the immune score but negatively correlated
with tumor purity in multiple cancers (Figure
6A, 6B). IFNG was mainly positively correlated
with the immune score and negatively correlat-
ed with tumor purity in multiple cancers (Figure
6C). The pan-cancer analysis of the association
of tumor immune cell infiltration revealed that
CXCL9, GBP5, and IFNG were mainly positively
correlated with the infiltration of M1 macro-
phages, activated memory CD4 T cells, and
CDS8T cells in multiple cancers (Figure 6D-F).

The expression of GBP5 was strongly correlat-
ed with multiple immunosuppressive genes in
cancers, and the results are shown in Figure 7.

Discussion

In this study, IFNG, CXCL9, and GBP5 were
identified as biomarkers for predicting the

Am J Transl Res 2023;15(6):3960-3975
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Table 2. Multinomial logistic regression of immune phenotype, immune cell level and tumor cell level

in patients with metastatic urothelial cancer

Gene Immunophenotype
Desert Excluded Inflamed

OR (95% ClI) P Value OR (95% ClI) P Value
CXCL9 Reference 1.209 (0.727, 2.009) 0.465 1.314 (0.728, 2.373) 0.364
GBP5 2.594 (1.469, 4.581) 0.001 5.938 (2.868, 12.295) <0.001
IFNG 0.217 (0.009, 5.137) 0.344 1.309 (0.047, 36.181) 0.874

Immune cell level
ICO IC1 IC2+

OR (95% Cl) P Value OR (95% Cl) P Value
CXCL9 Reference 0.935 (0.581, 1.505) 0.781 1.984 (1.193, 3.301) 0.008
GBP5 2.740 (1.656, 4.534) <0.001 2.403 (1.357, 4.255) 0.003
IFNG 1.030 (0.054, 19.642) 0.984 1.368 (0.069, 26.927) 0.837

Tumor cell level
TCO TC1 TC2+

OR (95% Cl) P Value OR (95% Cl) P Value
CXCL9 Reference 1.242 (0.700, 2.203) 0.459 1.036 (0.725, 1.480) 0.848
GBP5 0.638 (0.312, 1.304) 0.218 2.033(1.294, 3,195) 0.002
IFNG 7.498 (1.279, 43.954) 0.026 1.377 (0.369, 5.148) 0.634
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Figure 4. Correlation of the predictive genes with the tumor immunophenotype, immune cell level, and tumor cell
(TC) level (Chi square test). A. Bar graph of the correlation between the expression of GBP5 and immunophenotype.
B. Bar graph of the correlation between the expression of GBP5 and the immune cell (IC) level. C. Bar graph of the
correlation between the expression of CXCL9 and the IC level. D. Bar graph of the correlation between the expres-
sion of GBP5 and the TC level. E. Bar graph of the correlation between the expression of IFNG and the TC level.

response to anti-PD-L1 immunotherapy in mUC
patients. The ability of the panel of CXCL9,
GBP5, and IFNG to predict immunotherapy
response was also validated in multiple immu-
notherapy datasets of different cancers and
was superior to that of IFNG, PD-1, PD-L1,
CD8A, TMB and TNB.

Many factors may influence the efficacy of
immunotherapy, and differences in both tumor
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and clinical characteristics among cancer
patients result in only a subset of patients ben-
efiting from immunotherapy [25, 26]. Therefore,
finding effective biomarkers to predict immuno-
therapy response in cancer patients is of great
importance for regimen selection. ICls enhance
the immune response of the immune system
against tumors by blocking immune check-
points, so whether patients can respond to ICls
depends on whether the immune system can

Am J Transl Res 2023;15(6):3960-3975
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Table 3. Predictive ability of multiple biomarkers for immunotherapy response across the external validation datasets

Number of

Study patients Cancer AUC (CXCL9 + GBP5 + IFNG) AUC (CXCL9 + IFNG) AUC (IFNG) AUC (PD-1) AUC (PD-L1) AUC (CD8A) AUC (TMB) AUC (TNB)
Nathanson et al. CTLA4 9 SKCM 1(1) 0.950 (2) 0.75(3)  0.600(5)  0.650(4)  0.450 (6) -

Kim et al. PD-1 45 STAD 0.843 (1) 0.843 (1) 0.843(1) 0.763(4)  0.833(2)  0.798(3) -

Gide et al. PD-1 a1 SKCM 0.816 (5) 0.811 (6) 0.837(2) 0.849(1) 0.828(3)  0.818(4) -

Gide et al. PD-1 + CTLA4 32 SKCM 0.81 (1) 0.805 (2) 0.738(4) 0.658(6) 0.788(3)  0.736(5) -

Lauss et al. ACT 25 SKCM 0.787 (1) 0.727 (3) 0.72(4)  0.687(5) 0.733(2)  0.680(6) -

Riaz et al. PD-1 + CTLA4 44 SKCM 0.690 (1) 0.631 (4) 0.603(6) 0.651(3) 0.541(8) 0.656(2) 0.574(7) 0.609 (5)
Braun et al. PD-1 172 KIRC 0.587 (1) 0.541 (3) 0.541(3) 0.496(5) 0569(2)  0.492(6) 0.511(4)

Hugo et al. PD-1 26 SKCM 0.56 (2) 0.530 (5) 0.542(4) 0.548(3)  0.601(1)  0.530(5) -

PUCH PD-L1 14 al - 0.875 (1) 0.833(2) 0.792(3) 0.750(4)  0.542(5) -

Chen et al. CTLA4 + PD-1 14 SKCM - 0.822 (1) 0.8(2) 0.733(3)  0.622(4) 0.8(2) -

Chen et al. CTLA4 16 SKCM - 0.673 (1) 0509 (4) 0582(3) 0.582(3)  0.636(2) -

Prat et al. PD-1 33 NSLC + HNSC + SKCM - 0.671 (1) 0569 (3) 0.635(2) 0417(4)  0.635(2) -

PUCH PD-1 61 Gl - 0.653 (3) 0.677(2) 0619(4) 0.719(1)  0.585(5) -

SKCM, skin cutaneous melanoma; STAD, stomach adenocarcinoma; KIRC, kidney renal clear cell carcinoma; Gl, gastrointestinal cancer; NSLC, non-small cell lung cancer; HNSC, head and neck squamous cell carcinoma.
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Figure 6. Pan-cancer analysis of the correlation of the predictive genes with tumour components and immune cell infiltration. A. Correlation heatmap of CXCL9
expression with tumor components. B. Correlation heatmap of GBP5 expression with tumor components. C. Correlation heatmap of IFNG expression with tumor
components. D. Correlation heatmap of CXCL9 expression with immune cell infiltration. E. Correlation heatmap of GBP5 expression with immune cell infiltration. F.

Correlation heatmap of IFNG expression with immune cell infiltration.
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Figure 7. Correlation heatmap of GBP5 with immunoinhibitors. The top 4 strongest associations are displayed by using dot plots.
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recognize tumor cells and generate an immune
response. Current biomarkers predict immuno-
therapy response mainly through three strate-
gies: the first is assessing the neoantigen level
of tumor cells to predict whether tumor cells
can be recognized by immune cells; the second
is to infer whether the immune system has gen-
erated an immune response against the tumor
cells by measuring the levels of specificimmune
cells or inflammatory factors within the tumor
tissues; and the third is using the expression of
specific immune checkpoints within tumor tis-
sues to reflect the level of immunosuppressive
environment. Based on the above strategies,
multiple emerging biomarkers have been ex-
tensively studied and discussed, including
PD-L1, IFN-y, TMB, TNB, microsatellite instabil-
ity (MSI), CD8+ T cells, mutations in JAK,
MDM2/MDM4, EGFR, etc [10, 27]. This study
also confirmed that IFN-y played an essential
role in predicting the response to immunother-
apy. The production of IFN-y is mainly regulated
by natural killer (NK) and natural killer T (NKT)
cells in innate immunity, and CD8+ and CD4+ T
cells are primary paracrine sources of IFN-y
during adaptive immune responses. Upon stim-
ulation by tumor cell neoantigens, these cells
activate adaptive immunity against cancer
cells through the production of IFN-y [28, 29].
Therefore, the expression of IFN-y within tumor
tissue can indicate, to some extent, whether
the immune system can recognize tumor cells
as abnormal cells and provoke an immune
response. The results of the DEG analysis in
this study showed that IFN-y and its down-
stream genes were highly expressed in pa-
tients with CR, providing further evidence that
IFN-y is an important feature of tumor immuni-
ty. The level of IFN-y within the tumor mass
can also influence the magnitude of the tumor
immune response, and intravesical Bacillus
Calmette Guérin (BCG) immunotherapy, a treat-
ment for noninvasive bladder cancers, works by
inducing the production of IFN-y and other
infammatory factors [29, 30]. Of note, the
expression of PD-L1 is widely discussed as a
potential biomarker for predicting the respon-
se to anti-PD-1 or anti-PD-L1 immunotherapy.
However, in the analysis of DEGs in this study,
PD-L1 was not differentially expressed in pre-
treatment tumor tissues between CR patients
and PD patients, so it seems insufficient to use
PD-L1 as a sole biomarker for predicting the
response to anti-PD-L1 or anti-PD-1 immuno-
therapy [31].
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In this study, the expression of CXCL9 was
also identified as an independent influencing
factor of immunotherapy response. Based on
current studies, CXCL9 is mainly secreted by
monocytes, endothelial cells, fibroblasts and
cancer cells in response to IFN-y; thus, its
expression level is closely related to tumor
components [32]. Herbst et al’s study also
showed that CXCL9 was highly expressed in
the pretreatment tumor tissues of anti-PD-L1
melanoma responders; however, this associa-
tion was weaker in non-small cell lung cancer
and renal cell carcinoma patients, and this
difference may be due to differences in the
tumor components of different cancers [33].
Although CXCL9 is not highly expressed in
responders to immunotherapy in all cancers,
its role in predicting the response to immuno-
therapy should not be neglected, and its func-
tion is mainly involved in mediating lymphocyte
infiltration and the differentiation and activa-
tion of immune cells to inhibit tumor growth
[32]. The internal analysis and pan-cancer anal-
ysis of this study showed similar results that
CXCL9 was significantly correlated with im-
mune cell infiltration, especially CD4+ T cells,
CD8+ T cells, and M1 macrophages. A study by
Chow et al. showed that tumor-bearing mice
lacking CXCR3, the receptor for CXCL9, respond
poorly to anti-PD-1 therapy and that CXCR3 and
its ligand CXCL9 are essential for the genera-
tion of CD8+ T-cell responses in tumor-bearing
mice treated with anti-PD-1 therapy [34].

Based on the results, GBP5 had a negative
coefficient in the CIG score formula, and it
apparently played a negative role in tumor
immunity in patients treated with anti-PD-L1
immunotherapy. The immunosuppressive eff-
ect of GBP5 may be achieved through the regu-
lation of the expression of immunoinhibitors
and pan-cancer analysis revealed a strong cor-
relation between the expression of GBP5 and
multiple immunoinhibitors in 30 cancers. In
addition, a study on triple-negative breast can-
cer showed that GBP5 could regulate PD-L1
expression in tumor cells and is associated
with the migration ability of tumor cells [35].
Our results also showed a significant associa-
tion between GBP5 and the immunophenotype
of patients with mUC. Therefore, GBP5 may
also have a regulatory relationship with the
expression of other immunoinhibitors, and high
expression of multiple immunoinhibitors may

Am J Transl Res 2023;15(6):3960-3975
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negatively affect the efficacy of immunotherapy
with a single target. The immunosuppressive
effects of GBP5 may also be achieved by regu-
lating the assembly of the NLRP3 inflamma-
some [36]. To date, several studies have shown
that the NLRP3 inflammasome has a close
relationship with the TME and tumor progres-
sion [37-39]. Ju et al. showed that the NLRP3
inflammasome was significantly associated
with immune checkpoint expression in 15 can-
cers [40]. A study by Wang et al. indicated that
NLRP3 mutations were associated with elevat-
ed TMB, favorable immune infiltration, and bet-
ter ICI efficacy [39]. A study on breast cancer
demonstrated that the cancer-associated fibro-
blast-derived NLRP3 inflammasome can modu-
late the TME toward an immunosuppressive
environment and upregulate the expression of
adhesion molecules on endothelial cells to pro-
mote tumor progression and metastasis [41].
However, the specific role of the NLRP3 inflam-
masome in the process of tumor immunity still
needs further research to clarify.

Based on the current evidence, it seems that a
single biomarker is not sufficient to accurately
predict the response of cancer patients to
immunotherapy. The strength of tumor immu-
nity in patients is regulated by different positive
and negative factors and is in an individualiz-
ed equilibrium, so the combined expression of
different genes to predict immunotherapy
response seems to be a more effective strate-
gy. Furthermore, in addition to the characteris-
tics of the tumor, it seems that the state of the
patient’s immune system should also be con-
sidered an important factor in predicting the
response to immunotherapy, and several stud-
ies have demonstrated that worse performance
status is associated with a poor immunothera-
py response [42-45]. Predicting immunothera-
py response using a combination of multiple
indicators is being increasingly implemented
[46).

This study has the following limitations. First,
five of the 14 validation datasets lacked data
on the expression of GBP5, resulting in the
inability to validate the predictive ability of the
expression panel of CXCL9, IFNG, and GBP5.
Second, the tumor samples involved in the data
from PUCH were biopsy samples, which were
quite limited and not enough to further com-
plete basic experiments such as immunohisto-
chemistry to validate the results.
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Conclusion

This study found that the expression panel of
CXCL9, GBP5, and IFNG in tumor tissues can
potentially be used as a pan-cancer predictive
biomarker for immunotherapy response.
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