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Abstract
Background: Recent studies in non-small cell lung cancer (NSCLC) patients have demonstrated that first-line
immunotherapy is associated with better therapeutic response than second-line treatment. So far, the
mechanisms need to be explored. It prompted us to evaluate the association between first-line chemotherapy
and subsequent immunotherapy in NSCLC as well as its underlying mechanisms at the genomic and
transcriptomic level.
Methods: We launched a prospective, observational clinical study, paired tumor biopsies before and after
chemotherapy were collected from NSCLC patients without tyrosine kinase inhibitor (TKI)-related driver
gene mutations. The analyses included genomic and transcriptional changes performed by next-generation
sequencing (NGS)-based whole-exome sequencing (WES) and messager ribonucleic acid (mRNA) sequencing.
Characteristic mutational alterations in 1574 genes were investigated based on mutational status,
clinicopathological factors, and chemotherapy responses. Gene Ontology (GO) and Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathway enrichment analysis, neoantigen prediction and intratumoral
heterogeneity evaluation were also performed.
Results: Samples and information from 32 NSCLC patients without TKI-related driver gene mutations were
obtained. We found that the total number of single nucleotide variants (SNV)/insertion-deletion (INDEL)
mutations did not change significantly after chemotherapy. The tumor mutation burden (TMB) decreased
significantly after chemotherapy in smoking patients and the decreased TMB correlated with a better survival of
smoking patients. The change in copy number variations (CNVs) exhibited a decreasing trend during
chemotherapy. Subsequent analysis at mRNA level revealed a significant decrease in the expression levels of
genes related to antigen processing and presentation as well as other factors relevant for response to
immunotherapy. Pathway enrichment analysis confirmed that the immune-related signaling pathways or
biological processes were decreased after first-line chemotherapy.
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Conclusions: Our study presents an explanation for the unsatisfactory results of immunotherapy when given
after chemotherapy, and suggests that first-line chemotherapy is able to influence the tumor microenvironment
and decrease the efficacy of subsequent immunotherapy. The study was registered at ClinicalTrials.gov, number
NCT03764917, and has completed enrolment; patients are still in follow-up.
Key words: Lung cancer; chemotherapy; immunotherapy; tumor mutational burden (TMB); programmed
death-1 (PD-1); messager ribonucleic acid (mRNA).

Introduction
Lung cancer remained the top reason for cancer
related deaths, and 85% of lung cancers are non-small
cell lung cancer (NSCLC) [1]. Driver gene mutations
can be found in a significant percentage of patients
with advanced or metastatic NSCLC [2-5]. Patients
with mutations of epidermal growth factor receptor
(EGFR) and anaplastic lymphoma kinase (ALK)
respond well to the corresponding tyrosine kinase
inhibitors (TKIs) [6]. However, in a substantial
percentage of NSCLC patient, TKI-related driver gene
mutation(s) are absent [7-9]. For patients with
advanced/metastatic NSCLC without a TKI-related
driver mutation, chemotherapy remains an important
treatment option [10, 11].
Immune checkpoint inhibitors (ICIs) have
significantly changed the therapeutic landscape for
lung cancer patients [12, 13]. At present,
platinum-based chemotherapy, rather than ICIs, is
still used as the first-line treatment for most advanced
NSCLC
patients.
Considering
ICIs
require
pre-existing immune systems especially T cells to
perform anti-neoplastic effects, a hypothesis was
proposed that a weak systemic immunity induced by
chemotherapy might impede the effect of ICIs.
Furthermore, a series of clinical trials have validated
this hypothesis [14-16]. The KEYNOTE-042 study
clearly demonstrated that first-line pembrolizumab is
superior to chemotherapy in advanced/metastatic
NSCLC patients without a driver mutation [17].
Additional studies have confirmed this observation
[18, 19]. Moreover, immunotherapy given as first-line
treatment was associated with a better response rate
than immunotherapy given as a posterior line therapy
[20]. However, these trials did not reveal the
molecular and cellular mechanism, which impaired
the efficacy of posterior line ICIs.
With the advance of next generation sequencing,
multiple features based on gene and transcription
level have been proved a critical function in
immunotherapy. Tumor mutational burden (TMB) is
defined as the number of somatic mutations per
deoxyribonucleic acid (DNA) megabase, which is a
promising biomarker for ICI efficacy in various
cancers [21]. Meanwhile, the tumor copy number
variations (CNVs) provide a superior prediction in
immunotherapeutic response than conventional

biomarkers in gastrointestinal cancers [22]. Thus,
these molecular features offer a new perspective and
an excellent practical way to detect the effects of
first-line
chemotherapy
on
tumor
immune
microenvironment (TIME).
This study aims to explore the potential
influence of chemotherapy on the response to
subsequent immunotherapy and analyze the effects of
the first-line chemotherapy on TMB, CNVs, and
immune-related factors. To this end, we collected
paired pre- and post-therapeutic needle biopsy
samples from 32 NSCLC patients without
EGFR/ALK/ROS/MET/RET or BRAF mutations and
performed WES on all samples to obtain the mutation
spectrum and TMB. Meanwhile, (full) gene expression
profiles were obtained by mRNA sequencing of lung
cancer tissues from 11 patients with adequate paired
tissues. Our data indicated that both TMB and key
immune-related gene expression were decreased after
chemotherapy. Additionally, pathways relevant to
PD-1 blockade were shown to be downregulated,
creating an unfavorable microenvironment for
subsequent immunotherapy.

Methods and materials
Ethical approval by participating hospitals
Experimental plans and protocols for this study
(NO K18-203) were approved by the ethics/licensing
committee of the Shanghai Pulmonary Hospital.
Written informed consents were obtained from all
patients participating in the study. All experiments,
methods, procedures, and personnel training were
carried out in accordance with relevant guidelines
and regulations of the participating hospitals and
laboratories.

Study design, patients, and samples
The study was designed by the investigators
(Zhou CC, He YY, and Zhu B). Tumor biopsy and
blood samples were collected prospectively. The
study included NSCLC patients without EGFR, ALK,
ROS1, MET, RET, or BRAF mutations. All patients
were diagnosed with late-stage NSCLC (IIIB-IV) for
the first time and were expected to receive first-line
chemotherapy due to the lack of TKI-related driver
http://www.thno.org
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gene mutations. Another thing had to be mentioned
was that there were two patients whose clinical stages
were defined as stage III according to the positive
signal of mediastinal lymph nodes on positron
emission
tomography-computed
tomography
(PET-CT) received neoadjuvant chemotherapy and
surgery but their pathological stages were corrected
as stage I and stage II after surgery respectively
because of the negative report of pathological
examination of mediastinal lymph nodes. Thus, in the
manuscript we chose pathological stage as the final
stage of these two patients. These patients had no
history of cancer or cancer therapy. In this way,
samples from 32 NSCLC patients without driver
mutations were obtained, and information on
patients’ clinical status was collected (Figure S1, S2).
Samples included fresh or frozen samples taken from
needle biopsy and blood samples obtained at the
same time during biopsy. The pre-therapeutic tissue
and blood samples, were collected after diagnosis and
before therapy, whereas the post-therapeutic samples
were collected after 4-12 cycles of chemotherapy (e.g.,
before the start of the 5th or the 13th cycle). The
evaluation of response was according to RECIST 1.1.
Briefly, partial response (PR) was defined as the
length of target lesion decreased 30% or more than
baseline, and progressed disease (PD) was defined as
the length of target lesion increased 20% or more than
the smallest or a new lesion occurred. Stable disease
(SD) was the status between PR and PD. Laboratory
technicians were blinded from any of the subjects’
clinical information. The NSCLC diagnosis was based
on information from imaging and subsequent
pathological examination. None of the patients
enrolled in this study received chemotherapy,
radiotherapy, targeted therapy, or immunotherapy
before tissue or blood samples were collected. The
somatic sequencing data presented in this study were
from lung tumor tissue DNA, and germline
sequencing data were from the corresponding white
blood cell genomic DNA. All patients in this study
received the first-line chemotherapy; the regimens
and the responses assessed are presented in Table S1.
The study was registered at ClinicalTrials.gov,
number NCT03764917, and has completed enrolment;
patients are still in follow-up.

Sample preparation, targeted next-generation
sequencing (NGS), and data processing for
whole-exome sequencing (WES)
DNA was extracted from the needle biopsy
samples using the QIAamp DNA tissue Kit (QIAGEN,
Valencia, CA, USA) following the manufacturer’s
instructions. The whole exome sequencing on tissue
samples was performed as previously described [23].
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For blood samples, 10 ml blood was collected in
EDTA tubes and centrifuged at 1,600 × g for 10 min (4
°C) within 2 h of collection. The peripheral blood
lymphocyte (PBL) debris was stored at −20 °C for later
use. The supernatants were further centrifuged at
10,000 × g for 10 min (4 °C), and plasma was
harvested and stored at −80 °C for later use. DNA was
extracted from PBLs using the RelaxGene Blood DNA
system (Tiangen Biotech Co., Ltd., Beijing, China).
Both cancer tissue and white blood cell genomic DNA
were quantified with the Qubit 2.0 Fluorometer and
the Qubit dsDNA HS assay kit (Thermo Fisher
Scientific, Inc., Waltham, MA, USA) according to
manufacturer's instructions. In brief, fragmented
genomic DNA underwent end-repairing, A-tailing
and ligation were sequentially completed with
indexed adapters, followed by size selection using
Agencourt AMPure XP beads (Beckman Coulter Inc.,
Brea, CA, USA), and DNA fragments were used for
library construction with the KAPA Library
Preparation kit (Kapa Biosystems, Inc., Wilmington,
MA, USA) according to the manufacturer's protocol.
Hybridization-based target enrichment was carried
out with HaploX WESPlus gene panel (an upgraded
version of the standard WES, HaploX Biotechnology)
for cancer tissue sequencing. Seven to eight
polymerase chain reaction (PCR) cycles, depending
on the amount of DNA input, were performed on
Pre‑LM‑PCR Oligos (Kapa Biosystems, Inc.) in 50 μl
reactions. DNA sequencing was then performed on
the Illumina Novaseq 6000 system according to the
manufacturer's instructions at an average depth of
500×.
Genome Analysis Toolkit (GATK, Version
4.1.7.0) best practice workflow was followed for
somatic short variant discovery. Sequencing data
were aligned to the hg19 genome (GRch37) using
Burrows‑Wheeler
Aligner
(BWA,
Version:
0.7.17-r1198) with default settings. Duplicated reads
were subsequently marked and removed using the
GATK Picard tool. After the base quality score
recalibration using BaseRecalibrator and ApplyBQSR
functions of GATK, SNVs and INDELs were called
from tumor and matched-normal pairs using Mutect2
from GATK. MutSigCV (Version: 1.41) was used to
determine significantly mutated gene with a q value
below 0.05. Matched genomic DNA from white blood
cells was used as control.
The exaction of the mutational signatures in our
tumor
samples
was
performed
with
SignatureAnalyzer. Non-negative matrix factorization
algorithm (NMF) was applied for mutational
signature analysis. The mutational signatures
detected in our samples were compared to 30 known
COSMIC cancer signatures. ConsensusClusterPlus
http://www.thno.org
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was used for classifying patients according to their
mutational signature. We selected 80% item
resampling (pItem), 10 resamplings (reps), Pearson
correlation distances (distance) as settings of the
ConsensusClusterPlus.

patient human leukocyte antigen-A (HLA-A), HLA-B,
and HLA-C alleles. Candidate peptides were
considered HLA binders when IC50<500 nM, and was
considered with high affinity binders when IC50<50
nM [25].

Sample preparation, targeted NGS, and data
processing for mRNA sequencing

Statistics and data analysis and calculation of
somatic TMB

RNA-sequencing library preparation

Statistical analysis was performed and figures
were plotted with GraphPad Prism 5.0 software
(GraphPad Software, Inc., La Jolla, CA, USA), SPSS
22.0 (SPSS lnc., Chicago, IL,USA) and R software
(https://www.r-project.org/). Student’s t-test or
non-parametric test was performed when 2 groups
were compared, and analysis of variance (ANOVA)
and post hoc tests were performed when 3 or more
groups were compared. Paired t test or Wilcoxon sign
rank test was used to analyze the paired data.
Chi-square test and Fisher’s test were performed
when rate or percentage was compared for
significance. P<0.05 was identified as statistically
significant. TMB was calculated by dividing the total
number of tissue non-synonymous SNV and INDEL
variations (allele frequency > 5%) by the full length of
the WES panel. In addition, we used MATH score as
quantitative measure for intratumoral heterogeneity
(ITH), which considered the width of variant allele
frequency distribution for calculation.

Total RNA was extracted using Trizol (Life
Technologies Corp.) and further treated with DNase
to remove genomic DNA contamination. Isolation of
mRNA was performed using the NEBNext PolyA
mRNA Magnetic Isolation Module (New England
Biolabs, Ipswich, MA, USA), and the mRNA was then
used for RNA-sequencing library preparation with
the NEB Next Ultra Directional RNA Library Prep Kit
for Illumina (New England Biolabs, Ipswich, MA,
USA). The library was then subjected to Illumina
sequencing with the paired-end 2 x 150 sequencing
mode.

Quality control and alignment of sequencing data
Raw reads were applied quality and adapter
trimming using Trim Galore (v0.5.0). FastQC (v0.11.8)
was used to ensure high read quality [24]. The clean
reads were mapped to the human genome using the
HISAT2 software. After mapping, read counts for
each
transcript/gene
were
calculate
using
featureCounts (v1.6.3).

Identified differentially expressed genes (DEGs) and
functional annotation
We used “edgeR” R package to calculate the
DEGs and FDR less than 0.05 and |log2 (FC)| higher
than 2 were set as cutoff values. Gene ontology (GO)
and Kyoto Encyclopedia of Genes and Genomes
(KEGG) analysis were conducted through DAVID
(https://david.ncifcrf.gov/).

Transcription factor analysis and protein-protein
interaction (PPI) network construction
The transcription factor was conducted on
TRRUST (https://www.grnpedia.org/trrust/). The
PPI network was constructed through STRING
(https://string-db.org/).

Prediction of Neoantigen
WES data were reviewed for non-synonymous
exonic mutations (NSEM), and the binding affinity
with patient-restricted major histocompatibility
complex Class I (MHC Class I) molecules of all
possible 8-mer-11-mer peptides spanning NSEM was
evaluated with the NetMHCPan4.0 (http://www.cbs.
dtu.dk/services/NetMHCpan/) algorithm based on

Results
Analysis of mutation spectrum by WES
revealed genetic variations following
chemotherapy
To investigate the genetic alterations occurring
during chemotherapy in NSCLC patients, we
obtained paired lung cancer tissues before and after
the first-line chemotherapy and compared the genetic
alterations at both the genomic and transcriptomic
levels using WES and mRNA sequencing. WES was
performed using 32 paired tissues and the
corresponding normal white blood cells as the
control, and mRNA sequencing was performed using
11 paired tissues.
The number of mutations in pre- and
post-chemotherapy samples showed a weak linear
correlation, although it was not statistically significant
(Spearman’s correlation = 0.274, P=0.129) (Figure 1A).
The number of non-synonymous somatic mutations
(SNVs + INDELs) was similar before and after
chemotherapy, as a median of 215.5 in the primary
tumor before chemotherapy and 207.5 after
chemotherapy (Wilcoxon signed rank test P=0.926)
(Figure 1B).

http://www.thno.org

Theranostics 2021, Vol. 11, Issue 14

7096

Figure 1. The first-line chemotherapy led to genomic changes in lung cancer tissues. (A) a linear relationship between the number of mutations before and after chemotherapy
in paired cancer tissues. (B) scatter plot of the number of mutations before and after chemotherapy; data are presented in log value for pre-therapeutic, post-therapeutic, and
common mutations; (C) significant non-synonymous mutations before chemotherapy; (D) significant non-synonymous mutations after chemotherapy; (E) differential mutated
genes in paired tissues; (F) lollipop chart for the mutated amino acids of TP53 before and after chemotherapy (the upper one is post-therapeutic, the lower one is
pre-therapeutic).

http://www.thno.org
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We use MutsigCV v1.41 to identify the
significant mutations in the samples before and after
the chemotherapy respectively (Figure 1C, D). And
after comparing significantly mutated genes between
per-therapeutic and post-therapeutic, we found the
frequency of TP53 was significantly lower in
post-therapeutic samples (Figure 1E). Except for
mutation rate, changes of amino acids of the TP53
were also different between pre- and post-therapeutic
(Figure 1F). It indicated that tumor cells with different
TP53 mutations might have different sensitivity to
chemotherapy. We also found that the mutational
signatures of treatment naïve sample were similar to
COSMIC signature 4, 13 and 15. While the mutational
signatures of post-chemotherapy samples were
similar to COSMIC signature 4 and 6 (Figure 2A, B).
We divided patients into three groups according to
the pre-therapeutic mutational signature and found
patients having signature 15 tended to have a better
survival although it was not statistically significant
which might be due to the small sample size (Figure
2C). By comparing the mutational profile before and
after chemotherapy, we found some unique
pre-therapeutic and post-therapeutic mutations, and
there were also some common mutations that
presented before therapy remained after therapy. The
ratio of unique mutations before and after therapy
and the ratio of common mutations for each patient,
were also calculated and the ratio of mutations varied
greatly across patients (Figure 2D). The ratio of
pre-therapeutic unique mutation and the ratio of
post-therapeutic unique mutation was similar (Figure
2E), suggesting that the ratio of post-therapeutic
acquired mutations was similar to that of mutations
lost due to chemotherapy. The tendency of the ratio of
unique mutations after chemotherapy was different in
squamous cell carcinoma (LUSC) and adenocarcinoma (LADC), suggesting that chemotherapy might
exert distinct effects on LUSC and LADC (Figure S3).
We further explored whether the pre-therapeutic
tissue TMB is able to predict response to
chemotherapy. No significant differences in TMB
counts were found between patients who were stable
or responded to chemotherapy and those who
progressed (Figure 2F), or between the PR and the
SD/PD group (Figure 2G), suggesting that TMB was
unable to predict response to chemotherapy. Pathway
enrichment analysis suggested that the unique
mutations present before therapy reflected a variety of
functions or pathways (Figure S4A), while the unique
mutations after therapy frequently exhibited signal
transduction, and negative regulation of canonical
Wnt signaling pathways (Figure S4B).
We also investigated the mutational changes that
must have occurred during chemotherapy in patients
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attaining PR, and those who showed SD or PD. It can
be seen from Figure 3A and 3B that a slightly decrease
in the total number of mutations is present in the PR
group (the left panels), while the number of common
mutations before and after therapy was similar to that
in the SD groups (the left and middle panels). The
decreasing total number of mutations was not found
in the SD and PD group (Figure 3A and 3B, middle
and right panels). Since some pre-therapeutic
mutations had disappeared after chemotherapy and
other mutations appeared, we attempted to unravel
the potential relationship between pre- and
post-therapeutic unique and common mutations
(Figure 3C, 3D). Figure 3C and 3D showed that the
number of post-therapeutic unique mutations had
decreased in the PR group (left panels). This was not
the case in the SD and PD groups. And the number of
common mutations of the PR group was similar to
that in the SD group (Figure 3C and 3D, left and
middle panels).
We further explored the TMB of the samples and
its changes induced by chemotherapy. Not
surprisingly, we found patients having smoking
history would have higher TMB level than those who
had never smoked, but we also found this difference
no longer existed after chemotherapy (Figure 4A). As
shown in Figure 4B, changes of patients TMB were
variable among different patients and TMB was not
significantly different between pre-chemotherapy and
post-chemotherapy samples. Moreover, neither
increased TMB nor decreased TMB after
chemotherapy showed benefit for overall survival
(OS) or progression free survival (PFS) (Figure 4C, D).
As smoking had a great impact on the TMB, changes
of the TMB were compared separately in smokers and
never-smokers.
Chemotherapy
induced
TMB
decreasing was at a higher frequency in smokers than
that in never-smokers (77.8% vs. 35.7%, P=0.03)
(Figure 4E). And the TMB level was significantly
reduced in smokers after chemotherapy, which was
not found in never-smokers (Figure 4F, G).
Meanwhile, patients having smoking history who had
decreased TMB would have a better survival in both
OS and PFS, although it was not statistically
significant in PFS (Figure 4H, I). However, this
tendency did not occurred in patients who had never
smoked (Figure S5). And we also compared mutation
frequencies of genes before and after the
chemotherapy in smokers and never-smokers. It was
found that in smokers, mutational frequencies of 7
genes were significantly decreased, while mutational
frequency of IRX4 was increased (Table 1). It
suggested that cells with mutated ASXL3, TP53,
FSIP2, PCDHGA2, PTGER1, RP1 and SALL1 might be
sensitive to chemotherapy. In never-smokers, we did
http://www.thno.org
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not find any genes with significantly decreased
mutational frequency after chemotherapy, while we
found mutational frequencies of 6 genes were
increased (Table 2).
Table 1. Differentially mutated genes before and after
chemotherapy in smokers.
Symbol

disappeare
d
ASXL3
5
TP53
5
FSIP2
4
IRX4
0
PCDHGA 4
2
PTGER1
4
RP1
4
SALL1
4

acquire
d
0
0
0
4
0

retaine
d
3
9
0
0
0

P
value
0.025
0.025
0.046
0.046
0.046

comparing to
per-therapy
decreased
decreased
decreased
increased
decreased

0
0
0

0
2
0

0.046
0.046
0.046

decreased
decreased
decreased

Table 2. Differentially mutated genes before and after
chemotherapy in never-smokers.
Symbol

disappeare
d
RYR1
0
ABCA2 0
COL22A 0
1
TTN
0
VPS13B 0
ZSWIM6 0

acquire
d
7
4
4

retaine
d
0
0
0

P
value
0.008
0.046
0.046

comparing to
per-therapy
increased
increased
increased

4
4
4

3
1
0

0.046
0.046
0.046

increased
increased
increased

We further examined how chemotherapy
affected the copy number variations (CNVs) in
NSCLC patients. We found that both the pre- and
post-therapeutic CNVs were distributed across the
majority of chromosomes, and the CNVs were varied
from patient to patient (Figure S6). At arm-level, we
identified 5 significant arm-level amplification and 10
arm-level depletion in pre-therapeutic samples and 5
significant arm-level amplification and 7 arm-level
depletion in post-therapeutic samples (Figure S7A).
At focal level, the number of significant amplification
peaks and deletion peaks was similar in per- and
post-therapeutic samples (Figure S7B, C). At segment
level, we found that the number of segments with
CNV loss and the number of segments with CNV gain
were both decreased after chemotherapy (Ploss=0.011,
Pgain<0.001, Figure 5A). To further study the details of
the CNV changes following chemotherapy, patients
were divided into 4 groups: pre-therapeutic CNV
negative and post-therapeutic CNV negative
(pre-post-), pre-therapeutic CNV positive and
post-therapeutic
CNV
positive
(pre+post+),
pre-therapeutic CNV positive and post-therapeutic
CNV negative (pre+post-), and pre-therapeutic CNV
negative and post-therapeutic CNV positive
(pre-post+). Figure 5B showed that the number of

patients with pre-post-, pre+post+, pre+post-, and
pre-post+ CNVs was 0, 12, 15, and 5 respectively and
that the majority of patients either had CNV before
chemotherapy (pre+post-) or had CNV that was
present all the time (pre+post+) (Figure 5B). Further
grouping by therapeutic response showed that in only
1 out of 5 PR patients had increased total CNV
number after chemotherapy (Figure 5C). A decreasing
trend of CNV number was found in the PR group, but
because of the small sample size the statistical
difference was not reached (Wilcoxon signed rank
test, P=0.125). In patients with SD, a significant
decreased total CNV number was detected (Wilcoxon
signed rank test, P<0.001). A similar trend was also
observed in patients with PD, but statistical
significance was at borderline (Wilcoxon signed rank
test, P=0.063) (Figure 5C).
Furthermore,
we
analyzed
the
tumor
heterogeneity by calculating MATH scores of samples
before and after chemotherapy. Although total
non-synonymous somatic mutations did not change
after chemotherapy, we found the MATH score was
significantly decreased after chemotherapy which
indicated that chemotherapy abated the tumor
heterogeneity (Figure 6A). Meanwhile, higher
pre-therapeutic MATH score had a correlation with
shorter OS (P=0.027), while this was not detected in
PFS (Figure 6B, C).

Characteristic mutational alterations in
NSCLC without TKI-related driver gene
mutations
We also investigated the potential effect of pretherapeutic DNA damage response (DDR)-relevant
mutations on TMB. We compared the TMB between
subjects with or without mutations in mismatch repair
(MMR)-related genes (MLH1, MSH2, MSH3, MSH6,
MLH3, PMS1, PMS2, MSH4 and MSH5) and other
DDR-relevant genes (BRCA1/2, TP53, ATR, CDK12,
MRE11A, ATM, PTEN, RAD51, BARD1, BRIP1,
CHEK1/2, POLE and POLD1). Comparing to DDR
wild-type
patients,
patients
having
other
DDR-relevant gene mutations would have higher
TMB level (Figure 7). Only 2 patient had a MLH3
mutation (pre-therapeutic TMB=5.2, 7.95) while no
mutations were identified in other MMR-related
genes. No mutations were found in ATM, RAD51,
BARD1, BRIP1, CHEK1/2, and POLD1. While patients
with PTEN or PLOE mutation would have a higher
TMB level (PPTEN= 0.03, PPLOE= 0.02). No significant
difference (P>0.05) was found between subjects with
or without mutations in BRCA1/2, TP53, ATR, CDK12,
or PMS1. These results suggested that the some
mutated genes of DDR pathway might affect TMB.
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Figure 2. Changes of mutational signature and other mutation characteristics during the chemotherapy. (A) the mutational signature and the clusters of patients before
chemotherapy; (B) the mutational signature and clusters of patients after chemotherapy; (C) OS of different clusters before chemotherapy (because only 1 patient was in cluster
3, the cluster 3 was not included in survival analysis); (D) the percentage of unique SNV and INDEL mutations before and after therapy and common mutations of each patients;
(E) box and whisker plot for the percentage of unique SNV and INDEL mutations before and after therapy and common mutations for all patients; (F) TMB values for patients
with PR/SD and PD (bars represent mean with 95%CI); (G) TMB values for patients with PR and SD/PD (bars represent mean with 95%CI).
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Figure 3. Total and unique mutational changes following first-line chemotherapy in patients with PR, SD, or PD. (A) The slope charts for all mutations before and after
chemotherapy, and common mutations in the 3 patient groups; (B) mean values with 95% CI for all mutations before and after chemotherapy, and common mutations in the 3
patient groups; (C) the slope charts for unique mutations before and after chemotherapy, and common mutations in the 3 patient groups; (D) mean values with 95% CI for unique
mutations before and after chemotherapy, and common mutations in the 3 patient groups.

We also compared the ratio of mutations from
1574 genes in LADC and LUSC (Table S2), and
statistically significant differences (P<0.05) were
found in 4 genes: PCDH11X, MYO16, HERC2 and
USH2A. When P<0.10 was regarded as the threshold
of statistical significance, another 16 genes showed
statistical differences: NFE2L2, POUSF3, NYAP2, ATR,
FAT1, CSMD1, SPATA6L, LRP2, NDST4, ADGRV1,

ANKRD30A, OTOF, ROS1, ADGRL1, DLGAP2, and
DYNC2H1. Due to the limited number of patients in
this study, our data should be interpreted with
caution. In that context, it is important to note that
certain genes showed a different mutational status in
LADC and LUSC. It is not excluded that these
differences that might become a clue to new
therapeutic approaches in the future.
http://www.thno.org
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Figure 4. The TMB level in smokers and never-smokers. (A) box plot for TMB values in smokers and never-smokers before and after chemotherapy; (B) the slope chart for the
TMB values before and after chemotherapy of each patients; (C, D) the correlation between survival and trend of TMB change; (E) the percentage of TMB-up and TMB-down in
smokers and never-smokers respectively; (F, G) the slope chart for TMB values before and after chemotherapy of smokers and never-smokers respectively; (H, I) the correlation
between survival and trend of TMB change in smokers.

The correlation between mutational status,
clinicopathological factors, and chemotherapy
responses was also assessed. It can be seen from data
given in Table S3. And from all genes with
computable mutation frequency, 32 genes showed a
statistically significant difference between diseasecontrolled and disease-progressed, suggesting that
mutations of these 32 genes might predict therapeutic
response.

Signaling pathways and neoantigens (NeoAgs)
related to immunotherapeutic responses were
altered by first-line chemotherapy
A considerable number of NSCLC patients will
develop resistance after chemotherapy and be
considered
candidates
for
(second-line)
immunotherapy. It is known that antigen processing
and presentation are critical for anti-PD-1/
programmed death ligand 1 (PD-L1) therapies. To
determine whether chemotherapy is able to affect
these biological processes, the antigen processing and
presentation scores were calculated for both
http://www.thno.org
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pre-therapeutic and post-therapeutic tumor samples.
They were based on the average mRNA levels of
HLA-DMB,
HLA-DQA1,
HLA-DQA2,
HSPA6,
KIR2DL3, KIR3DL1, and KLRC1. Results from 11
patients showed that the score decreased after
chemotherapy although it did not reach the statistical
significance (P=0.110) (Figure 8A and 8B, left panels).
The mRNA level of all genes except KIR3DL1
exhibited a decreasing trend, including 1
representative gene, HSPA6 (Figure 8A and 8B,
middle panels). The expression of HSPA6 (presented
as transcripts per million reads or TPM) decreased
from a mean value of 90.3 before chemotherapy to
30.3 after chemotherapy. Interestingly, a typical
IFN-γ-related gene called IRF1 tended to be
down-regulated following chemotherapy, but the
significance was at borderline (Figure 8A and 8B,
right panels).
We further investigated the corresponding
pathways of the down-regulated genes by GO and
KEGG pathway enrichment analysis (Figure 9A-C). It
was found that the down-regulated genes were
strongly enriched in immune-related biological
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processes
or
molecule
function,
including
inflammatory response (GO_BP), immune response
(GO_BP),
positive
regulation
of
tyrosine
phosphorylation of Stat3 protein (GO_BP), cytokine
activity (GO_MF), and interleukine-1 receptor
binding (GO_MF). These alterations indicated that the
chemotherapy might negatively regulate the immune
status and might impair the efficacy of ICIs.
We further tried to analyze the potential
correlation
between
genomic
changes
and
transcriptomic
changes
after
chemotherapy.
Transcription factor analysis showed that the
down-regulated gene, CRYAB, could be regulated by
differentially mutated gene, TP53. Protein-protein
interaction (PPI) also suggested a complex
interactions among proteins coded by differentially
mutated and expression genes. And interactions
between TP53 and 4 differentially expressed genes
were detected (Figure 9D). It indicated that the
genomic changes caused by chemotherapy might
have a profound impact on gene expression profile
after chemotherapy.

Figure 5. Distribution and change of CNV in patients with PR, SD, and PD. (A) changes of CNVs before and after chemotherapy of each patients; (B) the number of cases with
pre-post-, pre+post+, pre+post-, and pre-post+CNV mutations in the PR, SD, and PD groups (because no patients was classified into pre-post- group, the group was not shown
in bar plot); (C) the slope chart and, box and whisker plot for the PR, SD, and PD groups before and after chemotherapy.
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Figure 6. The heterogeneity of tumor before and after chemotherapy. (A) changes of MATH score before and after chemotherapy of each patient; (B, C) survival analysis of
pre-therapeutic MATH score.

Figure 7. TMB level and mutational status of DNA damage repair related genes.

NeoAgs were predicted through the mutational
data obtained from WES, and the pre-therapeutic and
post-therapeutic status of NeoAgs were determined
and compared. It can be observed from Figure 10A
that the number of NeoAgs did not change
significantly after chemotherapy no matter total
NeoAgs, or strong NeoAgs or weak NeoAgs was
examined. The changes in NeoAgs were investigated
in detail, as shown in Figure 10B. The total number of
pre- and post-therapeutic NeoAgs and the common
NeoAgs in patients with PR, SD or PD were compared
in slope chart and bar plot. It appeared that the
number of post-therapeutic NeoAgs show a trend of
increase in SD and PD group, while it exhibited a

trend of decrease in the PR group although it was not
statistically different (P=0.438). We further studied the
change of pre- and post-therapeutic unique NeoAgs.
Figure 10C shows that the number of unique
post-therapeutic NeoAgs also exhibited a trend of
decrease in the PR group (P=0.438), while no such
change was observed with the SD and PD group. We
finally compared the percentage of common NeoAgs
in PR, SD, and PD groups. Figure 10D shows that
patients with SD exhibited much higher percentage of
common NeoAgs than the PD group, suggesting that
the status of NeoAgs changed substantially when
cancer lesions were progressed, while remained
relatively stable when the lesions were stable.
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Figure 8. Antigen processing and presentation changes following the first-line chemotherapy. (A) the slope chart for antigen processing and presentation score (APPS), HSPA6
gene transcripts per million reads (TPM) and IRF1 gene TPM; (B) the box and whisper plot for APPS, HSPA6 gene TPM and IRF1 gene TPM.

Discussion
The influence of the first-line chemotherapy
on mutation spectrum in NSCLC patients
without TKI-related driver gene mutations
In order to optimally detect mutations before
and after chemotherapy, we collected both pre- and
post-therapeutic tissues and used WES to determine
the mutation spectrum and TMB (WES is the gold
standard test for TMB). We used transcriptome
sequencing to obtain complete gene expression
information related to chemotherapy response. In the
whole cohort, the total non-synonymous mutation
was similar before and after chemotherapy. In PR
group, all mutations, including unique mutations,
decreased after chemotherapy. This suggests that the
ratio of unique mutations to all mutations may be
constant. Furthermore, it was interesting that
common mutation was low in the PD group, while it
was relatively high in the PR and SD group. This
suggested that when lesions progressed, the mutation
spectrum would have changed significantly, with
common mutations reduced. The mutation spectrum

turned out to be more unstable in patients with
progressed disease including common mutations. We
also found that the mutational signatures altered after
chemotherapy, which suggested that chemotherapy
did change the genomic characteristics of tumors.
Moreover, pre-therapeutic mutational signature
showed an association with survival of the patients. In
the whole cohort, we did not find significant changes
of TMB after chemotherapy and the change of TMB
was not associated with neither OS nor PFS. However,
we found a significantly decreased TMB after
chemotherapy in smokers. Furthermore, only in
patients who had smoking history, decreased TMB
would indicated a better survival of chemotherapy.
We also found that high intratumoral heterogeneity
was associated with poor survival, which was
consistent with pervious studies [26, 27]. Moreover,
analysis showed a decreased the MATH score after
chemotherapy which indicated that the chemotherapy
could reduce the clone diversity of the tumor. Further
analysis of post-therapeutic tumor tissues might give
us more information about tumor evolution under
chemotherapy stress.
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Figure 9. Functional enrichment of differentially expressed genes after chemotherapy and interactions between changes of genome and transcriptome induced by
chemotherapy. (A-C) GO analysis of down regulated genes following the first-line chemotherapy; (D) protein-protein interactions among differentially expressed genes and
differentially mutated genes following the first-line chemotherapy.

Pathway enrichment analyses showed that
pre-therapeutic mutations did not exhibit specific
signaling pathways beyond those previously reported
in NSCLC, while pathways affected by chemotherapy
mainly included signal transduction, intracellular
signal transduction, and negative regulation of
canonical Wnt signaling pathway. These suggested
that cancer cells might aberrantly activate some
signaling pathways through genomic changes
induced by chemotherapy to survive under the
pressure of chemotherapy. Mutations in suppressive
factors of Wnt signaling pathway might cause the
activation of the Wnt pathway, an oncogenic
pathway, of cancer cells [28]. Moreover, studies had
demonstrated that Wnt pathway had strong
correlation with the modulation of tumor immune
microenvironment [29]. It suggested that aberrant
activated Wnt pathway would promote an exclude
immune phenotype which was unfavorable for the
efficacy of ICIs [30, 31]. Meanwhile, Wnt inhibitor had
shown its role in enhancing the efficacy of ICIs [32].
These observations suggested that both tumor
intrinsic characteristics and tumor microenvironment

changed profoundly after chemotherapy. And the
change of microenvironment might be unfavorable
for latter ICIs.
CNV analysis found that, in all response groups,
a trend of decreased CNV was detected. However,
only in SD group the decreasing was statistical
significant. It might be due to the small sample size of
our study. Further analyses of genes involved in
CNVs showed that the deletion of CD274, CDKN2A
and PTEN in some patients after chemotherapy.
CD274 encoded PD-L1 which was one of the target for
ICI and studies had suggested that patients with
CD274
amplification
would
have
better
immunotherapy outcomes [33, 34]. Current research
also found that deletion of CDKN2A and alteration of
PTEN increase the resistance to ICIs [35, 36]. NOTCH2
was amplified in some patients before and after
chemotherapy. Study showed that deleterious
mutation of NOTCH indicated a better outcome of
ICIs [37]. Further studies on these CNV markers are
needed to clarify their roles in predicting therapeutic
response and prognosis.
http://www.thno.org

Theranostics 2021, Vol. 11, Issue 14

7106

Figure 10. Comparison of the number of pre-, post-therapeutic and common NeoAgs. (A) The number of total, strong and weak NeoAgs before and after therapy; (B) the
number of total pre- and post-therapeutic and common NeoAgs in patients with PR, SD and PD; (C) the number of unique pre- and post-therapeutic and common NeoAgs in
patients with PR, SD and PD; (D) comparison of the percentage of common NeoAgs in patients with PR, SD and PD.

Potential impact of first-line chemotherapy on
the therapeutic response to subsequent
immunotherapy
Therapy with PD-1 inhibitors such as
pembrolizumab and nivolumab have achieved great
success in treating advanced NSCLC as both first- and
second-line therapy [19, 38-41]. However, only a

minority of patients responds to therapy. One of the
strategies to address the problem of patient selection
for immunotherapy is research into biomarkers [12]
that are able to accurately identify sensitive patients.
KEYNOTE-024 demonstrated that pembrolizumab
was associated with significantly longer PFS and OS
in advanced NSCLC patients with a PD-L1 (tumor)
score ≥ 50% [19, 42], while the Checkmate-026 study
http://www.thno.org
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reported that nivolumab failed to show any benefit
compared with standard chemotherapy based on
PD-L1 expression ≥ 5%. Previous studies have
suggested that TMB has the capacity to become a
better predictor of response to immunotherapy than
PD-L1 expression [43]. Other predictive biomarkers,
such as IFN-γ-related gene expression, antigen
presentation, and chemokine expression, have also
shown to correlate with clinical responses to
immunotherapy [44].
Although a substantial number of studies have
focused on biomarkers potentially predicting
response to immunotherapy, few have also explored
the impact of chemotherapy on subsequent
immunotherapy. A meta-analysis including 20,013
patients suggested that no difference was found in the
OS between first-line and multiple-line targeted
therapy, but a difference was found between first and
multiple-line immunotherapy [18]. Other studies have
confirmed that the response rate to immunotherapy is
less favorable if used after chemotherapy [20, 45]. PFS
following first-line pembrolizumab was 12.9 months,
while the PFS of the immunotherapy, which was
applied after chemotherapy, was only 4.2 months [19].
Antigen processing and presentation play an
important role in immunotherapy and are regarded as
key factors for the efficient killing of tumor cells by
immune cells. We observed the decrease in antigen
processing/presentation following chemotherapy.
Although the total number of neoantigens showed a
slightly increasing trend after chemotherapy,
down-regulated antigen processing and presentation
made them could not be recognized by immune
system and facilitated the immune escape. It has been
shown that the INF-γ signaling pathway regulates the
expression of PD-L1 [46, 47], and is closely correlated
with the efficacy of immunotherapy [19]. Some
studies have reported that the high expression of
IFN-γ-related genes is correlated with the improved
efficacy of immunotherapy [44]. Patients with a high
expression of IRF1 exhibited favorable PFS in
metastatic melanoma [48]. Moreover, it has been
reported that patients with a high expression of
MHC-II complex exhibited better OS and PFS when
receiving anti-PD-1/PD-L1 treatment [49]. Since the
expression of IRF1 and MHC protein complex and
IFN-γ-related genes is involved in the presentation of
tumor antigens [49], down-regulation of their
expression might be one of the mechanisms for tumor
immune escape. More interestingly, our study
suggests that chemotherapy is able to inhibit the
expression of these genes (leading to significant
down-regulation of lymphocyte activation, IFN-γ,
and chemokine-related signaling pathways) and the
presentation of NeoAgs, and also indicates that
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chemotherapy may have multiple inhibitory effects
on subsequent immunotherapy which in practice may
translate into resistance.

Conclusions
We systematically explored the genomic and
transcriptomic consequences of chemotherapy in
paired biopsy samples of 32 driver mutation–negative
NSCLC patients and assessed the potential influence
of genomic and transcriptomic changes on
immunotherapy response. Reduction of mutation
burden and transcriptional levels of key antigen
processing and presentation-related genes were
noticed after chemotherapy, likely reflecting
mutational and transcriptional inhibitory effects of
chemotherapy. These alterations might promote a
tumor microenvironment resistant to subsequent
immunotherapy. Our observations support the use of
immunotherapy in advanced/metastatic NSCLC in a
first-line as an opposed to a second-line setting.

Abbreviations
mRNA: messager ribonucleic acid; DNA:
deoxyribonucleic acid; ALK: anaplastic lymphoma
kinase; CNVs: copy number variations; DDR: DNA
damage response; ECM: extracellular matrix; EGFR:
epidermal growth factor receptor; GO: Gene
Ontology; ICIs: Immune checkpoint inhibitors; KEGG:
Kyoto Encyclopedia of Genes and Genomes; LADC:
lung adenocarcinoma; LUSC: lung squamous cell
carcinoma; MMR: mismatch repair; NeoAgs:
neoantigens; NGS: next-generation sequencing;
NSCLC: non-small cell lung cancer; OS: overall
survival; PBL: peripheral blood lymphocyte; PCR:
polymerase chain reaction; PD: progression of
disease; PD-1: programmed death-1; PD-L1:
programmed death ligand 1; PFS: progression-free
survival; PR: partial response; SD: stable disease;
TIME: tumor immune microenvironment; TKI:
tyrosine kinase inhibitor; TMB: tumor mutational
burden; TPM: transcripts per million reads; WES:
whole-exome sequencing.

Supplementary Material
Supplementary figures and tables.
http://www.thno.org/v11p7092s1.pdf

Acknowledgements
This study was accepted by ASCO 2020 poster
presentation. This study was supported in part by a
grant of young talents in Shanghai, National Natural
Science Foundation of China (81802255), Shanghai
Pujiang Program (17PJD036) and a grant from
Shanghai Municipal Commission of Health and
Family Planning Program (20174Y0131), National key
http://www.thno.org

Theranostics 2021, Vol. 11, Issue 14
research & development project (2016YFC0902300),
Major disease clinical skills enhancement program of
three year action plan for promoting clinical skills and
clinical innovation in municipal hospitals, Shanghai
Shen Kang Hospital Development Center Clinical
Research Plan of SHDC (16CR1001A), "Dream Tutor "
Outstanding Young Talents Program (fkyq1901), key
disciplines of Shanghai Pulmonary Hospital
(2017ZZ02012), grant of Shanghai Science and
Technology Commission (16JC1405900).

Author Contributions
Zhou CC, He YY, Zhu B, and Zhu B designed the
study. All authors involved in data collection,
analysis, and interpretation of results. All authors
agreed the submission of this manuscript and endorse
the completeness and accuracy of the data. The
corresponding author had full access to all the study
data and was responsible for the decision to submit
the manuscript for publication.

Competing Interests
The authors have declared that no competing
interest exists.

References
1.
2.
3.
4.
5.
6.
7.

8.
9.

10.

11.
12.

13.

Ali A, Levantini E, Fhu C, Teo J, Clohessy J, Goggi J, et al. CAV1 - GLUT3
signaling is important for cellular energy and can be targeted by Atorvastatin
in Non-Small Cell Lung Cancer. Theranostics. 2019; 9: 6157-74.
Reiter JG, Makohon-Moore AP, Gerold JM, Heyde A, Attiyeh MA, Kohutek
ZA, et al. Minimal functional driver gene heterogeneity among untreated
metastases. Science. 2018; 361: 1033-7.
Horn H, Lawrence MS, Chouinard CR, Shrestha Y, Hu JX, Worstell E, et al.
NetSig: network-based discovery from cancer genomes. Nat Methods. 2018;
15: 61-6.
Rotow J, Bivona TG. Understanding and targeting resistance mechanisms in
NSCLC. Nat Rev Cancer. 2017; 17: 637-58.
Hirsch FR, Suda K, Wiens J, Bunn PA, Jr. New and emerging targeted
treatments in advanced non-small-cell lung cancer. Lancet. 2016; 388: 1012-24.
Lin C, Huang Y, Cho C, Lin Y, Lo C, Kuo T, et al. Targeting positive feedback
between BASP1 and EGFR as a therapeutic strategy for lung cancer
progression. Theranostics. 2020; 10: 10925-39.
Benayed R, Offin M, Mullaney K, Sukhadia P, Rios K, Desmeules P, et al. High
Yield of RNA Sequencing for Targetable Kinase Fusions in Lung
Adenocarcinomas with No Mitogenic Driver Alteration Detected by DNA
Sequencing and Low Tumor Mutation Burden. Clin Cancer Res. 2019; 25:
4712-22.
Liu B, Quan X, Xu C, Lv J, Li C, Dong L, et al. Lung cancer in young adults
aged 35 years or younger: A full-scale analysis and review. J Cancer. 2019; 10:
3553-9.
Wang Z, Zhang H, Zhou C, Long X, Guan R, Yang N, et al. Real-world
outcomes of various regimens of recombinant human endostatin combined
with chemotherapy in non-driver gene mutation advanced non-small cell lung
cancer. Cancer Med. 2019; 8: 1434-41.
Lim JU, Yeo CD, Rhee CK, Kim YH, Park CK, Kim JS, et al. Overall survival of
driver mutation-negative non-small cell lung cancer patients with COPD
under chemotherapy compared to non-COPD non-small cell lung cancer
patients. Int J Chron Obstruct Pulmon Dis. 2018; 13: 2139.
Wu J, Wu Y, Tung C, Tsai Y, Chen H, Chen Y, et al. DNA methylation
maintains the CLDN1-EPHB6-SLUG axis to enhance chemotherapeutic
efficacy and inhibit lung cancer progression. Theranostics. 2020; 10: 8903-23.
Rizvi H, Sanchez-Vega F, La K, Chatila W, Jonsson P, Halpenny D, et al.
Molecular determinants of response to anti–programmed cell death (PD)-1
and anti–programmed death-ligand 1 (PD-L1) blockade in patients with non–
small-cell lung cancer profiled with targeted next-generation sequencing. J
Clin Oncol. 2018; 36: 633.
Dai X, Lu L, Deng S, Meng J, Wan C, Huang J, et al. USP7 targeting modulates
anti-tumor immune response by reprogramming Tumor-associated
Macrophages in Lung Cancer. Theranostics. 2020; 10: 9332-47.

7108
14. Huang AC, Postow MA, Orlowski RJ, Mick R, Bengsch B, Manne S, et al. T-cell
invigoration to tumour burden ratio associated with anti-PD-1 response.
Nature. 2017; 545: 60-5.
15. Ready N, Hellmann MD, Awad MM, Otterson GA, Gutierrez M, Gainor JF, et
al. First-line nivolumab plus ipilimumab in advanced non–small-cell lung
cancer (CheckMate 568): outcomes by programmed death ligand 1 and tumor
mutational burden as biomarkers. J Clin Oncol. 2019; 37: 992.
16. Fancello L, Gandini S, Pelicci PG, Mazzarella L. Tumor mutational burden
quantification from targeted gene panels: major advancements and challenges.
J Immunother Cancer. 2019; 7: 183.
17. Mok TS, Wu Y-L, Kudaba I, Kowalski DM, Cho BC, Turna HZ, et al.
Pembrolizumab
versus
chemotherapy
for
previously
untreated,
PD-L1-expressing, locally advanced or metastatic non-small-cell lung cancer
(KEYNOTE-042): a randomised, open-label, controlled, phase 3 trial. Lancet.
2019; 393: 1819-30.
18. Blumenthal GM, Zhang L, Zhang H, Kazandjian D, Khozin S, Tang S, et al.
Milestone analyses of immune checkpoint inhibitors, targeted therapy, and
conventional therapy in metastatic non–small cell lung cancer trials: a
meta-analysis. JAMA Oncol. 2017; 3: e171029-e.
19. Reck M, Rodríguez-Abreu D, Robinson AG, Hui R, Csőszi T, Fülöp A, et al.
Pembrolizumab versus chemotherapy for PD-L1–positive non–small-cell lung
cancer. N Engl J Med. 2016; 375: 1823-33.
20. Park SE, Lee SH, Ahn JS, Ahn M-J, Park K, Sun J-M. Increased response rates
to salvage chemotherapy administered after PD-1/PD-L1 inhibitors in
patients with Non–Small cell lung cancer. J Thorac Oncol. 2018; 13: 106-11.
21. Klempner SJ, Fabrizio D, Bane S, Reinhart M, Peoples T, Ali SM, et al. Tumor
Mutational Burden as a Predictive Biomarker for Response to Immune
Checkpoint Inhibitors: A Review of Current Evidence. Oncologist. 2020; 25:
e147-e59.
22. Lu Z, Chen H, Li S, Gong J, Li J, Zou J, et al. Tumor copy-number alterations
predict response to immune-checkpoint-blockade in gastrointestinal cancer. J
Immunother Cancer. 2020; 8: e000374.
23. Clark MJ, Chen R, Lam HY, Karczewski KJ, Chen R, Euskirchen G, et al.
Performance comparison of exome DNA sequencing technologies. Nat
Biotechnol. 2011; 29: 908-14.
24. Brown J, Pirrung M, McCue LA. FQC Dashboard: integrates FastQC results
into a web-based, interactive, and extensible FASTQ quality control tool.
Bioinformatics. 2017; 33: 3137-9.
25. Reuben A, Gittelman R, Gao J, Zhang J, Yusko EC, Wu C-J, et al. TCR
repertoire intratumor heterogeneity in localized lung adenocarcinomas: an
association with predicted neoantigen heterogeneity and postsurgical
recurrence. Cancer Discov. 2017; 7: 1088-97.
26. Yang J, Lin Y, Huang Y, Jin J, Zou S, Zhang X, et al. Genome landscapes of
rectal cancer before and after preoperative chemoradiotherapy. Theranostics.
2019; 9: 6856-66.
27. Jamal-Hanjani M, Wilson GA, McGranahan N, Birkbak NJ, Watkins TBK,
Veeriah S, et al. Tracking the Evolution of Non-Small-Cell Lung Cancer. N
Engl J Med. 2017; 376: 2109-21.
28. Bugter JM, Fenderico N, Maurice MM. Mutations and mechanisms of WNT
pathway tumour suppressors in cancer. Nat Rev Cancer. 2021; 21: 5-21.
29. Pai SG, Carneiro BA, Mota JM, Costa R, Leite CA, Barroso-Sousa R, et al.
Wnt/beta-catenin pathway: modulating anticancer immune response. J
Hematol Oncol. 2017; 10: 101.
30. Luke JJ, Bao R, Sweis RF, Spranger S, Gajewski TF. WNT/β-catenin Pathway
Activation Correlates with Immune Exclusion across Human Cancers. Clin
Cancer Res. 2019; 25: 3074-83.
31. Feng M, Jin JQ, Xia L, Xiao T, Mei S, Wang X, et al. Pharmacological inhibition
of β-catenin/BCL9 interaction overcomes resistance to immune checkpoint
blockades by modulating T(reg) cells. Sci Adv. 2019; 5: eaau5240.
32. Wall JA, Meza-Perez S, Scalise CB, Katre A, Londoño AI, Turbitt WJ, et al.
Manipulating the Wnt/β-catenin signaling pathway to promote anti-tumor
immune infiltration into the TME to sensitize ovarian cancer to ICB therapy.
Gynecol Oncol. 2021; 160: 285-94.
33. Gupta S, Cheville JC, Jungbluth AA, Zhang Y, Zhang L, Chen YB, et al.
JAK2/PD-L1/PD-L2 (9p24.1) amplifications in renal cell carcinomas with
sarcomatoid transformation: implications for clinical management. Mod
Pathol. 2019; 32: 1344-58.
34. Gupta S, Vanderbilt CM, Cotzia P, Arias Stella JA, 3rd, Chang JC, Chen Y, et al.
JAK2, PD-L1, and PD-L2 (9p24.1) amplification in metastatic mucosal and
cutaneous melanomas with durable response to immunotherapy. Hum Pathol.
2019; 88: 87-91.
35. Hilke FJ, Sinnberg T, Gschwind A, Niessner H, Demidov G, Amaral T, et al.
Distinct Mutation Patterns Reveal Melanoma Subtypes and Influence
Immunotherapy Response in Advanced Melanoma Patients. Cancers (Basel).
2020; 12.
36. Barroso-Sousa R, Keenan TE, Pernas S, Exman P, Jain E, Garrido-Castro AC, et
al. Tumor Mutational Burden and PTEN Alterations as Molecular Correlates
of Response to PD-1/L1 Blockade in Metastatic Triple-Negative Breast Cancer.
Clin Cancer Res. 2020; 26: 2565-72.
37. Zhang K, Hong X, Song Z, Xu Y, Li C, Wang G, et al. Identification of
Deleterious NOTCH Mutation as Novel Predictor to Efficacious
Immunotherapy in NSCLC. Clin Cancer Res. 2020; 26: 3649-61.
38. Ishizuka JJ, Manguso RT, Cheruiyot CK, Bi K, Panda A, Iracheta-Vellve A, et
al. Loss of ADAR1 in tumours overcomes resistance to immune checkpoint
blockade. Nature. 2019; 565: 43-8.

http://www.thno.org

Theranostics 2021, Vol. 11, Issue 14

7109

39. Gettinger S, Choi J, Hastings K, Truini A, Datar I, Sowell R, et al. Impaired
HLA Class I Antigen Processing and Presentation as a Mechanism of Acquired
Resistance to Immune Checkpoint Inhibitors in Lung Cancer. Cancer Discov.
2017; 7: 1420-35.
40. Fehrenbacher L, Spira A, Ballinger M, Kowanetz M, Vansteenkiste J, Mazieres
J, et al. Atezolizumab versus docetaxel for patients with previously treated
non-small-cell lung cancer (POPLAR): a multicentre, open-label, phase 2
randomised controlled trial. Lancet. 2016; 387: 1837-46.
41. Baba Y, Saito B, Shimada S, Sasaki Y, Murai S, Abe M, et al. [Development of
cardiac tamponade and emergence of arrhythmia during chemotherapy for
diffuse large B-cell lymphoma]. Rinsho Ketsueki. 2019; 60: 577-81.
42. Talts JF, Wirl G, Dictor M, Muller WJ, Fässler R. Tenascin-C modulates tumor
stroma and monocyte/macrophage recruitment but not tumor growth or
metastasis in a mouse strain with spontaneous mammary cancer. J Cell Sci.
1999; 112 ( Pt 12): 1855-64.
43. Goodman AM, Kato S, Bazhenova L, Patel SP, Frampton GM, Miller V, et al.
Tumor Mutational Burden as an Independent Predictor of Response to
Immunotherapy in Diverse Cancers. Mol Cancer Ther. 2017; 16: 2598-608.
44. Ayers M, Lunceford J, Nebozhyn M, Murphy E, Loboda A, Kaufman DR, et al.
IFN-γ–related mRNA profile predicts clinical response to PD-1 blockade. J
Clin Invest. 2017; 127: 2930-40.
45. Ascierto ML, Makohon-Moore A, Lipson EJ, Taube JM, McMiller TL, Berger
AE, et al. Transcriptional Mechanisms of Resistance to Anti-PD-1 Therapy.
Clin Cancer Res. 2017; 23: 3168-80.
46. Lu C, Redd PS, Lee JR, Savage N, Liu K. The expression profiles and
regulation of PD-L1 in tumor-induced myeloid-derived suppressor cells.
Oncoimmunology. 2016; 5: e1247135.
47. Taube JM, Klein A, Brahmer JR, Xu H, Pan X, Kim JH, et al. Association of
PD-1, PD-1 ligands, and other features of the tumor immune
microenvironment with response to anti-PD-1 therapy. Clin Cancer Res. 2014;
20: 5064-74.
48. Smithy JW, Moore LM, Pelekanou V, Rehman J, Gaule P, Wong PF, et al.
Nuclear IRF-1 expression as a mechanism to assess "Capability" to express
PD-L1 and response to PD-1 therapy in metastatic melanoma. J Immunother
Cancer. 2017; 5: 25-.
49. Johnson DB, Estrada MV, Salgado R, Sanchez V, Doxie DB, Opalenik SR, et al.
Melanoma-specific MHC-II expression represents a tumour-autonomous
phenotype and predicts response to anti-PD-1/PD-L1 therapy. Nat Commun.
2016; 7: 10582.

http://www.thno.org

