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Background: Immune-checkpoint inhibitors have propelled the field of therapeutics for small cell lung cancer (SCLC) treat-

ment, but are only beneficial to some patients. The objective of this study was to identify valid biomarkers for
good potential response to immunotherapy.

Material/Methods: We performed an integrated analysis of the available datasets from the Gene Expression Omnibus (GEO) proj-
ects, Cancer Cell Line Encyclopedia (CCLE), TISIDB database, and Lung Cancer Explorer (LCE) database. Six prog-
nosis-related genes (MCM2, EZH2, CENPK, CHEK1, CDKN2A, and EXOSC2) were identified utilizing the meta
workflow of data analysis methods. We performed subclass mapping to compare their expression profiles to
other datasets of patients who responded to immunotherapy. A drug sensitivity predictive model was used to
predict the chemotherapeutic response to cisplatin and etoposide.

Results: Our results showed that the expression of the 6 key genes was significantly associated with the overall surviv-
al of patients with SCLC. Lower expression of these 6 genes was correlated to the response to anti-PD-1 treat-
ment. Additionally, low expression of MCM2, EZH2, CENPK, and CHEK1 was correlated with increased sensitiv-
ity to cisplatin, but not etoposide.

Conclusions: Overall, our data showed that MCM2, EZH2, CENPK, CHEK1, CDKN2A, and EXOSC2 are potential prognostic and
predictive biomarkers for response to immune-checkpoint inhibitor treatment in patients with SCLC. Further
studies with large sample sizes are required to validate our findings and to explore the detailed mechanisms
underlying the role of these genes in SCLC.

Keywords: Antineoplastic Agents, Inmunological ¢ Antineoplastic Combined Chemotherapy Protocols ¢
Small Cell Lung Carcinoma

Abbreviations: SCLC — small cell lung cancer; GEO — Gene Expression Omnibus; CCLE — Cancer Cell Line Encyclopedia;
LCE - Lung Cancer Explorer; ICls — immune-checkpoint inhibitors; DEGs — differentially expressed genes;
0S - overall survival; IC50 - half-maximal inhibitory concentration; MCODE — molecular complex detec-
tion; GO — Gene Ontology; HR — hazard ratio; Cl — confidence interval; P — Pearson correlation coefficient
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Background

Small cell lung cancer (SCLC) is one of the deadliest and most
aggressive lung cancers due to its rapid growth, early metas-
tasis, and acquired therapeutic resistance [1]. Unlike non-small
cell lung cancer (NSCLC), which can be treated with a pletho-
ra of drugs, few treatment options are available for patients
with SCLC. The current standard of care, which was defined
several decades ago [2], relies on platinum-based chemother-
apy and has a median survival time of only 8-13 months [3].

However, the treatment landscape has recently changed
with the introduction of immune-checkpoint inhibitors (ICls).
Incorporation of the anti-PDL1 antibody atezolizumab with plat-
inum-doublet chemotherapy has become the first-line thera-
py for extensive SCLC, with an improvement in median overall
survival (0S) from 10.3 to 12 months for patients with meta-
static disease [4]. Ipilimumab (an anti-CTLA4 monoclonal an-
tibody) also showed increased survival in a phase Il trial [5].

Unfortunately, only a subset of patients with SCLC benefits from
immunotherapy [4]. More recent studies have reported the use of
drugs such as CheckMate-032 and CheckMate-331 for mainte-
nance and second-line therapy, but these fail to improve survival
for patients with SCLC [6,7]. Recent research suggest that high
tumor mutational burden (TMB) may be correlated with effica-
cy of immunotherapy in SCLC [8]. Moreover, no study used ge-
netic marker to select patients more likely to benefit from these
treatments, which may explain their clinical failure. Therefore,
there is an urgent need to identify biomarkers that can predict
the responsiveness to immune-checkpoint blockade treatment.

To address this, we analyzed the expression of different genes
in healthy and tumor tissues from patients with SCLC in 2 in-
dependent cohorts. We then identified genes associated with
immunotherapeutic response. Using subclass mapping and
survival analysis, we found 6 prognostic genes predictive for
response to immune-checkpoint inhibitors. These results were
validated by meta-analysis and a third cohort (a summary of
the statistical analysis is presented in Figure 1).

Material and Methods

Data and Resources

We used 3 different cohorts for this study. Expression data for
the first 2 cohorts were downloaded from the Gene Expression
Omnibus (GEO) database (http://www.ncbi.nlm.nih.gov/geo) [9].
The first cohort was obtained from the Affymetrix U133plus2
GEO SCLC Cohort (accession number GSE43346) and comprised
42 normal samples and 23 clinical SCLC samples. The second
cohort downloaded from GEO (accession number GSE60052)
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consisted of 7 normal lung samples and 79 SCLC samples, of
which only 48 had associated clinical data. Gene expression
profiles were obtained using the Illumina HiSeq2000 platform.
The third cohort was downloaded from the Cancer Cell Line
Encyclopedia (CCLE) database (https://portals.broadinstitute.
org/ccle) [10]. The CCLE datasets contain information from cell
lines derived from different tumor types; we used data from
SCLC tumors, resulting in 51 samples for this cohort.

Additionally, we analyzed a comprehensive list of 5826 immuno-
therapy-related genes available from the Tumor-Immune System
Interactions Database (TISIDB) (http://cis.hku.hk/TISIDB/) [11].
These genes are known to differ in expression between pa-
tients that are responders vs those who are non-responders
to immunotherapy.

Identification of Differentially Expressed Genes Related to
Immunotherapy

We identified differentially expressed genes (DEGs) by com-
paring the normalized expression data of SCLC samples to that
of normal samples from GSE43346 and GSE60052. Only DEGs
with |log2FC| >2 and FDR <0.05 were extracted using the Limma
package in R [12]. We calculated the difference between the
2 groups using the t test and adjusted the P value using the
Benjamini-Hochberg (BH) method. To identify immunothera-
py-related genes among the SCLC DEGs, Venn analysis was
utilized to determine overlapping DEGs among the 2 GEO da-
tasets and the TISIDB dataset above. To narrow the scope of
candidate genes, we selected the top 300 DEGs, in ascending
order of FDR, from each GEO dataset.

Functional Enrichment Analysis and PPl Network
Construction

We conducted function and protein-protein interaction (PPI)
enrichment analyses to predict the biological function of
the aforementioned DEGs using Metascape online tools
(http://metascape.org/gp/index.html#/main/step1) [13]. The
DEGs were annotated according to gene ontology biological
processes. The P value was set at <0.01, indicating a statisti-
cally significant enrichment score of the GO or pathway terms.
The PPI network was also visualized by Metascape.

Survival Analysis

Fifty-five patients (48 SCLC samples and 7 normal lung sam-
ples) from GSE60052 were divided into high- and low-expres-
sion groups based on optimal cut-off values defined by R pack-
age “Survminer” [14] for candidate gene expression. We used
Kaplan-Meier survival curves to show the differences in pa-
tients’ OS between the high and low expression groups. Genes
with P values <0.05 were identified as prognosis-related genes.
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Figure 1. The flowchart of our study (Biorender website, https://biorender.com/).

Immunotherapeutic/Chemotherapeutic Response
Prediction

We divided the expression profiles from GSE60052 (n=86) into
high- and low-expression groups based on the median expres-
sion values of our key genes. We further utilized an unsuper-
vised subclass mapping (https://cloud.genepattern.org/gp/) to
compare these expression profiles with those of another da-
taset containing 47 patients with melanoma who responded
to immunotherapy [15,16] to predict the response to ICl ther-
apy in high- and low-subgroup. R package “pheatmap” was
used for visualizing the results. We also analyzed the expres-
sion profiles of SCLC cell lines (n=51) from the CCLE database
using the same method to validate the immunotherapeutic re-
sponse prediction. Groups with Bonferroni-corrected P values
<0.05 were identified as immunotherapy responders.

In addition to the immunotherapeutic response prediction,
the chemotherapeutic response for 86 samples was predict-
ed using the Genomics of Drug Sensitivity in Cancer database

(GDSQ) (https://www.cancerrxgene.org/) [17]. We predicted

the responses to cisplatin and etoposide using the pRRophetic
package in R [18]. Each sample’s half-maximal inhibitory con-
centration (IC50) was assessed by ridge regression, and the
prediction accuracy was evaluated by 10-fold cross-validation
relying on the GDSC training model. We summarized duplicate
gene expression as the mean expression, and set the tissue
type to “allSolidTumours” and the batch effect to “combat”.
Meanwhile, the values of other parameters were set as default.

Survival Meta-Analysis of Key Henes

Using survival meta-analysis on data from the Lung Cancer Explorer
(LCE) database (http://Ice.biohpc.swmed.edu/lungcancer/) [19],
we were able to validate whether our chosen key genes were
prognosis-related in SCLC based on the meta-analysis module in
LCE database. Survival meta-analysis was based on 56 studies,
including over 6700 patients with lung cancer. Cox hazard mod-
els were fitted to evaluate the association between key genes
expression and patient survival outcome in each dataset. After
heterogeneity testing, the HR from individual datasets were then
calculated to summary HR utilizing a random effects model.
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Figure 2. Identification of candidate genes related to immunotherapy. (A) Identification of common differentially expressed genes from
3 datasets. (B) The gene ontology annotation and pathway enrichment analysis of differentially expressed genes. (C) PPI
networks and 11 subclusters of differentially expressed genes. R software Version 4.0.0 (http://www.r-project.org) and
Metascape online tools http://metascape.org/gp/index.html#/main/step1.
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DEGs in common (co-DEGs). We then identified common genes
between these co-DEGS and the immunotherapy-related genes
from TISIDB, which included DEGs between immunotherapy
responders and non-responders, resulting in 443 candidate
genes retained for further analysis (Figure 2A).

Statistical and Bioinformatic Analysis

The t test was used to compare gene expression between tu-
mor tissues and adjacent nontumorous tissues. The OS be-
tween different groups was compared by Kaplan-Meier anal-
ysis with the log-rank test. Bonferroni correction was used for
adjust P value in subclass mapping. The Wilcox test was used
to compare the IC50 between different subgroups. R software
(Version 4.0.0, http://www.r-project.org), Metascape online
tool, subclass mapping and LCE database were used to ana-
lyze data and plot graphs. If not specified above, a P value less
than 0.05 was considered statistically significant.

To obtain further insight into their function, the candidate
genes were uploaded to the Metascape database. GO and
KEGG (Gene Ontology and Kyoto Encyclopedia of Genes and
Genomes) analysis results showed that the candidate genes
were mainly enriched through mitotic nuclear division, chro-
mosome segregation, nuclear division, organelle fission, nucle-
ar chromosome segregation, and regulation of chromosome
segregation. Moreover, candidate genes for organelle fission
were significantly enriched (Figure 2B).

Results

Identification of Candidate Genes Related to
Immunotherapy

Using the Metascape database, we also constructed PPI net-
works selecting samples that had a PPl minimum network
size above 3. From these constructed PPl networks, we iden-
tified closely related proteins using molecular complex detec-
tion (MCODE). The candidate genes in the PPl networks were
stratified into 11 subclusters through the MCODE algorithm.
Figure 2C shows MCODE components.

To select genes differentially expressed between SCLC and
normal tissues, we conducted Limma analysis of data from
GSE43346 and GSE60052. We identified 2951 and 3365 DEGs
from each dataset, respectively, and the 2 datasets had 777

This work is licensed under Creative Common Attribution-
NonCommercial-NoDerivatives 4.0 International (CC BY-NC-ND 4.0)

€932275-5

[ISI Journals Master List]
[Chemical Abstracts/CAS]

[Index Medicus/MEDLINE]

A
100 MCM2 100 EZH2 100 (DKN2A
0.75 0.75 0.75
i;;.:
£ 050 050 050
0.25 0.25 0.25
p=0.0031 p=0.049 p=0.008
Hazard ratio=2.62 — >7.03(35) Hazard ratio=0.32 — >8.35(17) Hazard ratio=3.37 — >7.01(36)
% Cl: o % (|- | 0 (] -
000 95% (l: 1.19-5.75 — <7.03(20) 0.00 95% (l:0.14-0.76 — <8.35(38) 0.00 95% (l: 1.54-7.41 — <7.01(19)
0 ) 60 0 ) 40 60 0 ) 60
Time Time Time
100 CENPK 100 CHEK1 100 EX0SC2
0.75 0.75 0.75
=
k=
5 050 0.50 0.50
0.25 0.25 0.25
p<0.001 p=0.001 p=0.008
Hazard ratio=4.72 — >5.5(33) Hazard ratio=3.53 — >5.64(28) Hazard ratio=2.49 — >6.38(34)
% (: - % (| - 0 (] "
0.00 95% (l: 2.15-10.36 — <5.5(22) 0.00 959% (l: 1.57-7.92 — <5.64(27) 0.00 959% (l: 1.14-5.46 — <6.38(21)
0 ) 60 0 20 40 60 0 ) 60
Time Time Time
Indexed in:  [Current Contents/Clinical Medicine] [SCI Expanded] [ISI Alerting System]

[EMBASE/Excerpta Medica]



Gao C. et al:

DATA BA S E A N A LYS | S Prognostic and predictive biomarkers for immune-checkpoint inhibitor response

© Med Sci Monit, 2021; 27: 932275

B Heatmap plot
Group 4 Group
CDKN2A Normal
) Tumor
CENPK
] CHEK1
EX0SC2
-2
EZH2
MCM2
-4
C /
> EX0SC2
/>/>/>W
/ 7\ __/— CENPK
7 (DKN2A
EZH2
g s 2 g < i
L
-log10 (p value) Correlation
0 075 15 22 30 048 0.61 0.74 0.87 1

Figure 3. (A) Overall survival according to the expression of the 6 selected genes modulated in SCLC. (B) Heatmap demonstrated the
expression level of 6 selected genes between normal and tumor tissue. (C) Correlation heatmap of the 6 selected genes.
R software Version 4.0.0 http://www.r-project.org.
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Figure 4. SubClass Mapping analysis of the 6 key genes to predict the likelihood of response to immune therapy. (A) Low expression
of MCM2 was correlated with favorable response to anti-PD-1 treatment. (B) Low expression of EZH2 was correlated with
favorable response to anti-PD-1 treatment. (C) Low expression of CDKN2A was correlated with favorable response to anti-
PD-1 treatment. (D) Low expression of CENPK was correlated with favorable response to anti-PD-1 treatment. (E) Low
expression of CHEK1 was correlated with favorable response to anti-PD-1 treatment. (F) Low expression of EXOSC2 was
correlated with favorable response to anti-CTLA4 treatment and anti-PD-1 treatment. R — response; noR — no response;

-L — low-expression group of certain gene; -H — high-expression group of certain gene. (R software (Version 4.0.0,
http://www.r-project.org)).
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Figure 5. Assessment for chemotherapeutic responses to cisplatin and etoposide. (A) The estimated IC50 of cisplatin and etoposide
to MCM-2. (B) The estimated IC50 of cisplatin and etoposide to EZH2. (C) The estimated IC50 of cisplatin and etoposide to
CDKN2A. (D) The estimated IC50 of cisplatin and etoposide to CENPK. (E) The estimated IC50 of cisplatin and etoposide to
CHEK1. (F) The estimated 1C50 of cisplatin and etoposide to EXOSC2. (R software [Version 4.0.0, http://www.r-project.org]).
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Figure 6. Validation of the 6 key genes to predict immunotherapeutic response in the CCLE cohort. (A) There was no significant

correlation between MCM2 and immune response. (B) Low expression of EZH2 was correlated with favorable response to
anti-PD-1 treatment. (C) There was no significant correlation between CDKN2A and immune response (D) Low expression
of CENPK was correlated with favorable response to anti-PD-1 treatment. (E) Low expression of CHEK1 was correlated with
favorable response to anti-PD-1 treatment. (F) There was no significant correlation between EXOSC2 and immune response.
R — response; noR — no response; -L — low-expression group of certain gene; -H — high-expression group of certain gene.

(R software (Version 4.0.0, http://www.r-project.org)).
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Jones 2004 (61) 040  0.2221 149 [0.96, 2.30] 2.0%
Sato 2013 (274) 0.31 0.0903 137 [1.15,1.63] 5.1%
Tang 2013 (176) 033 01211 139 [1.09,1.76] 4.1%
Raponi 2006 (130) 0.04  0.1266 1.04 [0.81,1.33] 4.0%
Der2014(181) 023 0.1145 1.26 [1.01,1.58] 4.3%
Schabath 2016 (398) 016 0.0906 118 [0.99,1.41] 5.1%
Noro 2017 (107) -0.17  0.1642 0.84 [0.61,1.16] 3.0%
Beer 2002 (86) 015  0.199% 1.16 [0.76,1.71] 23%
Bhattacharjee 2001 (125) 0.4 0.1670 1.15 [0.83,1.59] 2.9%
Baty 2010 (29) 0.48 03001 1.61 [0.90, 2.90] 1.3%
TCGA LUAD 2016 (498) 020  0.0909 1.22 [1.02,1.45] 5.1%
TCGA LUSC2016 (490) 0.03  0.0812 1.03 [0.88,1.21] 5.4%
Takeuchi 2006 (149) 016 0.1331 1.7 [0.91,1.52] 3.8%
Boelens 2011 (35) 095 03240 2.57 [1.36,4.86] 1.1%
Random effects model ° 120 [112,1.29] 100.0%
Heterogeneity: /=57%, r’=0.0185, p<0.01 T
Test for overall effect: z=4.95 (p<0.01) 0.5 1 2
Survival meta-analysis
Gene: EZH2
Cancer: Lung cancer
B Hazard ratio
Study TE seTE HR 95%Cl Weight
Shedden 2008 (442) 0177 0.0634 o - 1.19 [1.05,1.35] 5.6%
Tomida 2009 (117) 033 0.1453 : 1.40 [1.05,1.86] 3.6%
Zhu2010(133) -0.03 01319 0.98 [0.75,1.26] 3.9%
Wilkersen 2010 (51) 020 0.2000 1.22 [0.83,1.81] 2.6%
Hou 2010 (82) -0.03 01433 0.97 [0.73,1.28] 3.7%
Wilkersen 2012 (101) -0.16  0.1373 0.85 [0.65,1.11] 3.8%
Staaf 2012 (68) 0.04  0.1361 1.04 [0.80, 1.36] 3.8%
Kuner 2009 (48) -0.05  0.2193 0.95 [0.62, 1.46] 2.3%
Roussaaux 2013 (293) 055  0.079% 173 [1.46,2.02] 5.3%
Okayama 2012 (204) 0.51 0.1679 1.67 [1.20,2.32] 3.2%
Bild 2006 (110) 0.07  0.1328 1.07 [0.82,1.39] 3.9%
Girard N b (30) 0.47 02709 1.60 [0.94,2.71] 1.7%
Botling 2013 (196) 0.05  0.0823 1.05 [0.90,1.24] 5.2%
Jones 2004 (61) 059 02331 1.80 [1.14,2.84] 2.2%
Sato 2013 (274) 020  0.0932 1.22 [1.02,1.47] 4.9%
Tang 2013 (176) 036  0.1259 1.43 [1.12,1.83] 4.1%
Raponi 2006 (130) 0.07  0.1209 1.07 [0.85,1.36] 4.2%
Der 2014 (181) 037 01192 145 [1.15,1.83] 4.2%
Schabath 2016 (398) 026  0.0954 130 [1.08,1.57] 4.9%
Noro 2017 (107) -0.04  0.1579 0.97 [0.71,1.32] 3.4%
Beer 2002 (86) -0.17  0.2088 0.84 [0.56,1.27] 2.5%
Bhattacharjee 2001 (125) 0.09  0.1690 1.09 [0.78,1.52] 3.2%
Baty 2010 (29) 035  0.2603 14 [0.85,2.36] 1.8%
TCGA LUAD 2016 (498) 0.09  0.0902 110 [0.92,131] 5.0%
TCGA LUSC2016 (490) <012 0.0783 0.89 [0.76,1.04] 5.3%
Takeuchi 2006 (149) 024 0.1242 1.27 [0.99, 1.62] 4.1%
Boelens 2011 (35) 0.08 03024 1.08 [0.60, 1.96] 1.5%
Random effects model 117 [1.08,1.27) 100.0%
Heterogeneity: /=65%, r’=0.0270, p<0.01
Test for overall effect: z=3.81 (p<0.01)
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C Survival meta-analysis
Gene: (DKN2A
Cancer: Lung cancer
Hazard ratio
Study TE seTE HR 95%Cl Weight
Shedden 2008 (442) 0.10  0.0662 ‘i‘_‘" 1.10 [0.97,1.25] 7.8%
Tomida 2009 (117) 0.04 01523 —"'— 1.04 [0.77,1.40] 3.0%
Zhu 2010 (133) -0.10  0.1295 — 0.90 [0.70,1.16] 3.8%
Wilkersen 2010 (51) 020  0.2158 I 122 [0.80, 1.86] 1.7%
Hou 2010 (82) 0.07 01439 —— 1.07 [0.81,1.42] 3.3%
Wilkersen 2012 (101) 0.1 0.1238 —+— 112 [0.88,1.42] 4.0%
Staaf 2012 (68) 0.08  0.1451 —"’— 1.08 [0.81,1.44] 3.2%
Kuner 2009 (48) -0.24  0.2515 —_——t 0.79 [0.48,1.29] 1.3%
Roussaaux 2013 (293) 031 0.0747 e 137 [1.18,1.58] 7.0%
Okayama 2012 (204) 0.07 01776 —— 1.07 [0.76,1.52] 23%
Bild 2006 (110) 0.04 01291 — 1.04 [0.81,1.35] 3.8%
Girard N ¢ (30) 066  0.2791 ——— 1% [1.12,2.36] 1.1%
Botling 2013 (196) 0.04  0.0868 —— 1.04 [0.88,1.24] 6.1%
Jones 2004 (61) 0.21 0.1961 —t 1.24 [0.84,1.82] 2.0%
Sato 2013 (274) 024 0.0914 —— 1.27 [1.07,1.52] 5.8%
Tang 2013 (176) 0.21 0.1281 +—— 1.23 [0.96, 1.58] 3.8%
Raponi 2006 (130) 0.15  0.1209 ——— 1.16 [0.92,1.47] 4.1%
Der 2014 (181) 0.14  0.1138 - 1.15 [0.92,1.44] 4.5%
Schabath 2016 (398) 0.01 0.0944 —— 1.01 [0.84,1.22] 5.6%
Noro 2017 (107) -0.05  0.1587 —-v— 0.95 [0.70,1.30] 2.8%
Beer 2002 (86) -0.23  0.2475 _— 0.79 [0.49,1.28] 1.3%
Bhattacharjee 2001 (125) 032 0.635 -4—-0—— 138 [1.00, 1.90] 2.7%
Baty 2010 (29) 0.1 0.2639 ——+— mm [0.66, 1.87] 1.2%
TCGA LUAD 2016 (498) 0.1 0.0900 —'—Q—— 1.12 [0.94,1.34] 5.9%
TCGA LUSC2016 (490) -0.15  0.0820 ——— 0.86 [0.73,1.01] 6.5%
Takeuchi 2006 (149) 0.00  0.1254 —_— 1.00 [0.78,1.28] 3.9%
Boelens 2011 (35) -0.28  0.2348 —o—-c— 0.76 [0.48,1.20] 1.5%
Random effects model P 109 [103,116]  100.0%
Heterogeneity: =33%, r’=0.0074, p=0.05 | S e—|
Test for overall effect: z=2.89 (p<0.01) 0.5 1 2
Survival meta-analysis
Gene: CENPK
D Cancer: Lung cancer
Hazard ratio
Study TE seTE HR 95% (I Weight
Tomida 2009 (117) 0.41 0.1506 --o-— 1.51 [1.12,2.02] 4.8%
Wilkersen 2010 (51) 030 01872 -—fh— 135 [0.93,1.95] 4.0%
Hou 2010 (82) 009 01433 —I-O— 1.09 [0.82,1.44] 5.0%
Wilkersen 2012 (101) 0.08  0.1306 —TO-‘- 1.08 [0.84, 1.40] 5.3%
Staaf 2012 (68) 0.1 0.1495 ——0-— 11 [0.83,1.49] 4.8%
Kuner 2009 (48) -020  0.2282 — 0.82 [0.52,1.28] 3.3%
Roussaaux 2013 (293) 059 0.0827 R 1.81 [1.54,2.12] 6.4%
Okayama 2012 (204) 044 0.1760 —-‘-— 1.55 [1.10,2.18] 4.2%
Bild 2006 (110) 0.01 0.1390 -""' 1.01 [0.77,1.33] 5.1%
Girard N ¢ (30) 1.09 03931 —_— 097 [1.37,6.42] 1.5%
Botling 2013 (196) 0.19  0.0939 H— 121 [1.00, 1.45] 6.2%
Sato 2013 (274) 033 0.0958 E = 1.40 [1.16,1.68] 6.1%
Tang 2013 (176) 037 01315 . 1.45 [1.12,1.88] 5.3%
Der 2014 (181) 0.21 0.1088 i 123 [0.99,1.52] 5.8%
Schabath 2016 (398) 017 0.0927 wa 1.19 [0.99,1.42] 6.2%
Noro 2017 (107) -0.11 0.1506 —""1— 0.89 [0.66, 1.20] 4.8%
Baty 2010 (29) 013 02533 —— 1.14 [0.69, 1.67] 2.9%
TCGA LUAD 2016 (498) 030  0.0903 —'- 135 [1.13,1.61] 6.3%
TCGA LUSC2016 (490) -0.17  0.0843 = 0.84 [0.72,1.00] 6.4%
Takeuchi 2006 (149) 038  0.1145 "‘" 1.46 [1.17,0.83] 5.7%
Random effects model < 124 [1.11,1.38]  100.0%
Heterogeneity: P=72%, ’=0.0393, p<0.01 ! ! ! 1
Test for overall effect: z=3.95 (p<0.01) 02 03 ! 2 >
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E Survival meta-analysis
Gene: CHEK1
Cancer: Lung cancer
Hazard ratio
Study TE seTE HR 95%Cl Weight
Shedden 2008 (442) 020  0.0586 1.22 [1.08,1.36] 6.4%
Tomida 2009 (117) 040  0.1525 153 [1.14,2.06] 3.4%
Zhu2010(133) 0.00  0.1315 1.00 [0.77,1.30] 4.0%
Wilkersen 2010 (51) 0.06  0.2016 1.06 [0.72,1.58] 2.4%
Hou 2010 (82) -0.02  0.1413 0.98 [0.75,1.30] 3.7%
Wilkersen 2012 (101) 0.02  0.1308 1.02 [0.79,1.32] 4.0%
Staaf 2012 (68) 015 0.1364 1.16 [0.89,1.51] 3.8%
Kuner 2009 (48) -0.15 02172 0.86 [0.56,1.32] 22%
Roussaaux 2013 (293) 048  0.0750 1.61 [1.39,1.87] 5.8%
Okayama 2012 (204) 047 0.1479 1.61 [1.20,2.15] 3.5%
Bild 2006 (110) -0.03 01310 0.97 [0.75,1.25] 4.0%
Girard N b (30) 057 0.2630 177 [1.05, 2.96] 1.6%
Girard N ¢ (30) 024 0.2900 127 [0.72,2.24] 1.4%
Botling 2013 (196) 022 0.0879 1.24 [1.05,1.48] 5.4%
Jones 2004 (61) 076 0.2500 215 [1.31,3.50] 1.8%
Sato 2013 (274) 031 0.0952 137 [1.14,1.65] 5.1%
Tang 2013 (176) 044 0.1268 1.55 [1.21,1.99] 4.1%
Raponi 2006 (130) 017 0.125 1.19 [0.93,1.52] 4.1%
Der 2014 (181) 020  0.1035 1.22 [1.00,1.50] 4.8%
Schabath 2016 (398) 028  0.0920 133 [1.11,1.59] 52%
Noro 2017 (107) 0.03  0.1607 1.03 [0.75,1.41] 32%
Bhattacharjee 2001 (125) -0.01 0.1556 0.99 [0.73,1.34] 33%
Baty 2010 (29) 031 0.2645 136 [0.81,2.28] 1.6%
TCGA LUAD 2016 (498) 035 0.0978 14 [117,1.71] 5.0%
TCGA LUSC 2016 (490) -0.05  0.0835 0.95 [0.81,1.12] 5.5%
Takeuchi 2006 (149) 0.21 0.1061 1.3 [1.00,1.52] 4.7%
Random effects model < 123 [114,133]  100.0%
Heterogeneity: =58%, r’=0.0189, p<0.01
Test for overall effect: z=5.49 (p<0.01) 05 1 2
Survival meta-analysis
F Gene: EX0SQ2
Cancer: Lung cancer
Hazard ratio
Study TE seTE HR 95% Cl Weight
Shedden 2008 (442) 023 00655 126 [111,1.44] 7.2%
Tomida 2009 (117) 024 0.1486 127 [095,1.70] 33%
7hu2010(133) 003 01318 097 [0.75,126] 3.8%
Wilkersen 2010 (51) 025 02330 129 [082,2.04] 1.7%
Hou 2010 (82) 008 01295 108 [0.84,139] 3.9%
Wilkersen 2012 (101) -0.24 01352 0.79 [0.60,1.03] 37%
Staaf 2012 (68) 0.04  0.1476 1.04 [0.78,1.38] 33%
Kuner 2009 (48) -0.19 0.2454 0.83 [0.51,1.34] 1.5%
Roussaaux 2013 (293) 029  0.0675 —— 134 [1.17,1.53] 7.1%
Okayama 2012 (204) 016 0.1671 — 117 [0.84,1.63] 2.8%
Bild 2006 (110) <015 0.1339 — 0.86 [0.66,1.12] 3.8%
Girard N b (30) 0.09 03166 1.09 [0.59,2.03] 1.0%
Botling 2013 (196) 019 0.0829 — 1.20 [1.02,1.42] 6.2%
Sato 2013 (274) 017 0.0960 bl 119 [0.98,1.43] 5.4%
Tang 2013 (176) 020  0.1318 —_——— 1.22 [0.94,1.58] 3.8%
Raponi 2006 (130) -0.04 01191 ————— 0.96 [0.76,1.21] 43%
Der2014 (181) 0.11 0.1146 - 112 [0.89, 1.40] 4.5%
Schabath 2016 (398) 022 0.0864 — 125 [1.06, 1.48] 6.0%
Noro 2017 (107) -0.13  0.1562 ——— 0.88 [0.65,1.19] 3.1%
Beer 2002 (86) -030 02156 -+ 0.74 [0.49,1.13] 1.9%
Bhattacharjee 2001 (125) 0.09  0.1383 —HH— 1.09 [0.83,1.43] 3.6%
Baty 2010 (29) 034 0.2670 ——0— 1.40 [0.83,2.37] 1.3%
TCGA LUAD 2016 (498) 014 0.0909 -—.— 1.14 [0.96,1.37] 57%
TCGA LUSC 2016 (490) -0.02  0.0754 —.-l- 0.98 [0.85,1.14] 6.6%
Takeuchi 2006 (149) <010 0.1185 —.-—o- 0.90 [0.71,1.14] 4.4%
Random effects model
Heterogeneity: /=45%, r’=0.0106, p<0.01 r <> ) 109 11021161 100.0%
Test for overall effect: z=2.62 (p<0.01) 05 ] 2

Figure 7. Validation of expression of the 6 potential biomarkers for the prognosis of SCLC in the LCE database. The forest plot
presented the results of survival meta-analyses. (A) MCM2 was a risk factor in lung cancer (HR=1.20, 95% Cl: 1.12-1.29).
(B) EZH2 was a risk factor in lung cancer (HR=1.17, 95% Cl: 1.08-1.27). (C) CDKN2A was a risk factor in lung cancer (HR=1.09,
95% Cl: 1.03-1.16). (D) CENPK was a risk factor in lung cancer (HR=1.23, 95% Cl: 1.11-1.38). (E) CHEK1 was a risk factor in
lung cancer (HR=1.23, 95% Cl: 1.14-1.33). (F) EXOSC2 was a risk factor in lung cancer (HR=1.09, 95% Cl: 1.02-1.16). TE — log
(HR); seTE — SE (log (HR)). (LCE database (http://Ice.biohpc.swmed.edu/lungcancer/), meta-analyses module).
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Key genes as Prognostic Biomarkers

The prognostic importance of the 11 selected genes modulated
in SCLC was evaluated using the GSE60052 clinical data, from
which we retrieved 55 SCLC patient samples with clinical data.
The gene expression values were categorized as high or low
according to the optimal cut-off values set by the Survminer
package for R. As a result, 6 genes were found to be indepen-
dent prognostic factors for OS. Low expression of enhancer of
zeste homolog 2 (EZH2) was associated with poor OS (P=0.049),
whereas high expression of minichromosome maintenance com-
plex component 2 (MCM2) (P=0.031), cyclin-dependent kinase
inhibitor 2A (CDKN2A) (p=.008), centromere protein K (CENPK)
(P<0.001), checkpoint kinase 1 (CHEKI) (P=0.001), and exo-
some component 2 (EXOSC2) (P=0.031) were associated with
poor OS (Figure 3A). The heatmap showed that the expres-
sion level of 6 genes is lower in the normal tissue (Figure 3B).
Moreover, the correlation heatmap showed a significant pos-
itive correlation among the 6 genes (Figure 3C).

Key Genes as Predictive Biomarkers of
Immunotherapeutic/Chemotherapeutic Response

We subsequently performed a SubClass Mapping (SubMap)
analysis to determine whether groups with high and low ex-
pression of these key genes were similar to other groups that
clearly responded to immunotherapy [15]. SubMap results in-
deed showed that low expression of the 6 key genes was corre-
lated with favorable response to anti-PD-1 treatment CDKN2A
(Bonferroni-corrected P=0.008), CENPK (Bonferroni-corrected
P=0.007), CHEK1 (Bonferroni-corrected P=0.023), EXOSC2
(Bonferroni-corrected P=0.001), EZH2 (Bonferroni-corrected
P=0.031), and MCM2 (Bonferroni-corrected P=0.008). Moreover,
lower expression of EXOSC2 was correlated with more favor-
able response to anti-CTLA4 treatment (Bonferroni-corrected
p=0.039) (Figure 4).

Because chemotherapy is the standard of care for SCLC, we as-
sessed the GDSC data for chemotherapeutic responses to cispl-
atin and etoposide based on a predictive model. The estimat-
ed IC50 of cisplatin, but not of etoposide, significantly differed
between the high- and low-expression groups. Low expres-
sion of MCM2 (P=0.019), EZH2 (p=0.0008), CENPK (P=0.008),
and CHEK1 (P=0.0013) was correlated with favorable cispla-
tin response, whereas the expression of CDKN2A (p=0.598)
and EXOSC2 (P=0.096) was not predictive of chemothera-
peutic response. There were no statistically significant differ-
ences between the high and low expression groups in terms
of predicting response to etoposide (MCM2, P=0.824; EZH2,
P=0.473; CENPK, P=0.775; CHEK 1, P=0.832; CDKN2A, P=0.993;
and EXOSC2, P=0.924). Overall, our results suggest that MCM2,
EZH2, CENPK, and CHEK1 are predictive biomarkers for che-
motherapeutic response to cisplatin (Figure 5).

DATABASE ANALYSIS

Validation of the Prognostic and Predictive Value of the 6
Key Genes

To validate the expression of the 6 potential biomarkers for
the prognosis of SCLC, we examined their impact on the 0OS
of patients with SCLC. In multiple selected lung cancer stud-
ies, we found that the survival meta-analyses for MCM2, EZH2,
CENPK, CHEK1, CDKN2A, and EXOSC2 were significant in pa-
tients with SCLC (P<0.01). Our results indicate that these 6
genes can predict the prognosis of SCLC (Figure 6).

Finally, we selected 51 SCLC cell lines to validate the ability
of our 6 key genes to predict immunotherapeutic response.
Using SubMap analysis, we found that low expression of 4 of
the 6 genes predicted response to anti-PD-1 therapy (CENPK
(Bonferroni-corrected P=0.020), CHEK1 (Bonferroni-corrected
P=0.021), and EZH2 (Bonferroni-corrected P=0.048)). Low ex-
pression of MCM2, CDKN2A, and EXOSC2 did not significant-
ly predict response (MCM2 Bonferroni-corrected P=0.479,
CDKN2A Bonferroni-corrected P=1.000, and EXOSC2 Bonferroni-
corrected P= 0.315). Interestingly, the high expression of CENPK
predicted response to anti-CTLA4 therapy (CENPK Bonferroni-
corrected P=0.030) (Figure 7).

Discussion

The addition of ICls to chemotherapy regimens for first-line
management is a significant advancement in the treatment of
patients with SCLC. Predictive biomarkers are crucial to identify
patients with SCLC who could benefit from ICls. Recent stud-
ies have shown that TMB could serve as a predictive factor for
immunotherapy in SCLC [20]. However, genetic markers that
predict ICl response have not been well studied. To the best of
our knowledge, this is the first study to assess potential genes
that predict response to ICls in SCLC. In this study, we also as-
sessed chemotherapeutic response in patients with SCLC. Our
results revealed that lower expression of 6 key genes (MCM2,
EZH2, CDKN2A, CENPK, CHEK1, and EXOSC2) in patients with
SCLC predicted responses to both anti-PD-1 therapy and cis-
platin. We expect that low expression of these 6 key genes
will be a significant predictor of clinical response to the com-
bination of chemotherapy and ICls in patients with SCLC, and
the expression levels of 6 key genes were lower in the adja-
cent normal tissues. However, due to the lack of detailed clin-
ical information, the expression level of the key genes was
unclear in different stages. Thus, further studies are urgent-
ly needed to explore the correlation of these 6 key genes and
tumor progression.

A limitation of this study is that we did not explore the poten-
tial mechanisms of our 6 key genes underlying the response of
patients with SCLC to immunotherapy, as all the data analyzed

Indexed in:  [Current Contents/Clinical Medicine] [SCI Expanded] [ISI Alerting System]
[ISI Journals Master List] [Index Medicus/MEDLINE] [EMBASE/Excerpta Medica]
[Chemical Abstracts/CAS]

This work is licensed under Creative Common Attribution-
NonCommercial-NoDerivatives 4.0 International (CC BY-NC-ND 4.0)

€932275-13




DATABASE ANALYSIS

in our study were retrieved from online databases. The prog-
nostic significance of the 6 genes is validated in lung cancers,
not specifically in small cell lung cancer. Due to the lack of val-
id verifying datasets of SCLC, further studies with larger sam-
ple sizes are required to validate our findings and to explore
the detailed mechanisms of the 6 key genes in SCLC.

MCM2, which is essential for DNA replication and cell cycle,
has been recently identified as a prognostic biomarker in oral,
gastric, colon, and breast cancers [21-24]. Fujii et al report-
ed that MCM2 could be a strong predictor of poor outcome
in SCLC [25]. These studies suggest that high expression of
MCM2 may play a role in the poor prognosis of cancers, which
is consistent with our results [26]. However, the specific immu-
notherapeutic function of MCM2 in SCLC has not yet been ex-
plored. In our study, low MCM2 expression was correlated with
increased response to anti-PD-1 treatment in the GEO datas-
ets, but this was not statistically significant in the CCLE data-
set. Further studies are needed to determine whether MCM2
plays a vital role in immunotherapeutic response of SCLC.

EZH?2 is highly expressed in various cancer types and is more
frequently overexpressed in SCLC than in NSCLC [27]. Hubaux
et al demonstrated that EZH2 inhibits apoptosis and promotes
the cell cycle in SCLC by promoting the oncogenic RB1/E2F
pathway [28]. Gardner reported that inhibition of EZH2 en-
hances the effectiveness of current standard chemothera-
py [29]. Toyokawa et al found that the expression of EZH2 was
not significantly associated with postoperative survival [30]. In
SCLC, EZH2, and other PRC2 components contribute to gene
repression, which may be associated with worse prognosis in
SCLC [31]. Intriguingly, we found a correlation between low
EZH?2 expression and poor OS in our SCLC cohorts.

EZH?2 is further reported to inhibit immunity by repressing the
production of Th1-type chemokines CXCL9 and CXCL10 in co-
lon and ovarian carcinomas [32,33]. Additionally, Bugide et al
reported that inhibition of EZH2 enhances hepatocellular car-
cinoma eradication by NK cells [34]. In our study, low EZH2
expression was correlated with a favorable response to an-
ti-PD-1 treatment, validated by 2 independent SCLC cohorts.
Nevertheless, the potential mechanism of EZH2 in the regula-
tion of SCLC immune responses remains unclear.
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