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Purpose: Lung cancer, mainly lung adenocarcinoma, lung squamous cell carcinoma and
small cell lung cancer, has the highest incidence and cancer-related mortality worldwide.
Platinum-based chemotherapy plays an important role in the treatment of various lung cancer
subtypes, but not all patients benefit from this treatment regimen; thus, it is worth identifying
lung cancer patients who are resistant or sensitive to platinum-based therapy.

Methods: The drug response and sequencing data of 170 lung cancer cell lines were
downloaded from the Genomics of Drug Sensitivity in Cancer (GDSC) database, and support
vector machines (SVMs) and beam search were used to select an optimal gene panel that can
predict the sensitivity of cell lines to cisplatin. Then, we used available cell line data to
explore the potential mechanisms.

Results: In this work, the drug response and sequencing data of 170 lung cancer cell lines
were downloaded from the GDSC database, and SVMs and beam search were used to screen
a panel of genes related to lung cancer cell line resistance to cisplatin. A final panel of nine
genes (PLXNCI, KIAA0649, SPTBN4, SLC14A2, F13A1, COL5A1, SCN2A, PLEC, and
ALMSI1) was identified, and achieved an area under the curve (AUC) of 0.873 + 0.004. The
natural logarithm of the half maximal inhibitory concentration (InIC50) values of the mutant-
type (panel-MT) group was significantly higher than that of the wild-type (panel-WT) group,
regardless of the lung cancer subtype. The differentially expressed pathways between the two
groups may explain this difference.

Conclusion: In this study, we found that a panel of nine genes can accurately predict
sensitivity to cisplatin, which may provide individualized treatment recommendations to
improve the prognosis of patients with lung cancer.
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Introduction

Lung cancer is the most commonly diagnosed cancer worldwide and the leading
cause of cancer-related deaths."> According to histological classification, approxi-
mately 85% of lung cancer cases are non-small cell lung cancer (NSCLC). The
current pathological classification mainly includes 3 histological subtypes: adeno-
carcinoma, squamous cell carcinoma and small cell carcinoma.®> Small cell lung
cancer (SCLC), a type unique from NSCLC, is a highly aggressive tumor, account-
ing for 13-15% of lung cancer cases.* For patients with limited-stage SCLC, in
addition to surgical resection, platinum-based neoadjuvant or adjuvant therapy can
improve patient outcomes. For patients with extensive-stage SCLC, systemic treat-
ment with cisplatin combined with etoposide is the most widely used.” For NSCLC
patients, although stage IIA patients can be treated with platinum-based adjuvant
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therapy after complete tumor resection, platinum-based
chemotherapy is still the main recommendation for the
first-line treatment of stage IIB patients and above.®®

The identification of driver mutations promotes perso-
nalized management in non-small cell lung cancer
(NSCLC) which accounts for approximately 85% of lung
cancers. For patients with mutations in the epidermal
growth factor receptor (EGFR), acquired resistance will
inevitably occur when they receive a first-generation
EGFR tyrosine kinase inhibitor (TKI; eg, gefitinib) or
a third-generation EGFR TKI (eg, osimertinib) that over-
comes the EGFR T790M mutation.” Immunotherapy has
antitumor effects in a small part of the population, while it
may cause serious immune-related adverse reactions in
some people. For patients who do not meet the criteria
for the above treatments or for patients who have failed
previous immunotherapy or targeted therapy, systemic
treatments including cisplatin are still important.

Human cancer cell lines originating from tumor tissues
and retaining most of the characteristics of tumor tissues'’
are the simplest experimental model and are widely used
in the development of antitumor drugs. Large-scale drug
sensitivity screening data and genomics data from cancer
cell lines have been used to explore the interactions
between drugs and genes.'''* Following NCI-60 cell

15

line screening,” the Genomics of Drug Sensitivity in

Cancer (GDSC) project (https://www.cancerrxgene.org/)

has also made a great contribution to exploring the

relationship between drug sensitivity and genomic data to
discover therapeutic biomarkers that can be used to iden-
tify patients mostly likely to benefit from anticancer
drugs.'® This new release of the GDSC database contains
drug response data for nearly 1000 cell lines, representing
common tumor types, and 518 drugs, including both cyto-
toxic drugs and targeted drugs. In addition, nearly every
cell line has corresponding genomics data, including
whole-exome sequencing (WES), gene expression, copy
number alteration, DNA methylation, gene fusion and
microsatellite instability data. In summary, the large-scale
amount of drug response data and genomics data contained
in the GDSC database provides the opportunity to explore
potential biological indicators of drug responsiveness.
Mutations in key genes such as oncogenes may drive
tumorigenesis to influence the responsiveness of cell lines
to drugs, which can be validated in a clinical cohort. For
example, BCR-ABL rearrangement mutations are signifi-
cantly related to the efficacy of ABL inhibitors, and ABL
inhibitors have been approved for chronic myeloid leuke-
mia (CML) patients with BCR-ABL fusion mutations.'” In
addition, BRAF mutations are related to the efficacy of
BRAF, MEK 1, and MEK2 inhibitors. The inhibitor vemur-
afenib (B-Raf V600E) can prolong the survival of patients
with BRAF mutation-positive melanoma in clinical
trials.'® ERBB amplification,'” the oncogene EGFR?’
and FLT3 mutations®' are also sensitive to their targeted
inhibitors. Recent studies have found that new gene
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mutations are associated with chemotherapy sensitivity
and patient prognosis.zz’23 In addition, mutations in
GREBI are associated with a worse prognosis of patients
with lung adenocarcinoma and with patients resistance to
cisplatin.”*

Machine learning, driven by computing power and
massive data, has made outstanding achievements in the
health and medical fields.””> Using preclinical research
models with genomics and drug response data, machine
learning or deep learning methods may identify genomic

features®® or transcriptomic features®>?’

related to drug
response to help clinicians choose suitable drugs for indi-
vidual patients. Based on the expression data of tumor
organoids and their drug response data, researchers have
used machine learning to identify pathway features related
to the half maximal inhibitory concentration (IC50) that
have been consistently verified in colon cancer and bladder
cancer patient cohorts.”®

In this study, we conducted a sophisticated machine
learning  scheme, including beam search and
classification,”” to select an optimal gene panel to predict
resistance to cisplatin and attempted to explain the poten-
tial underlying mechanism by analyzing the sequencing
and drug response data of 170 lung cancer cell lines
from the GDSC database. Support vector machines
(SVMs) were used to construct the model®® and 10
times stratified 5-fold cross-validation was performed to
ensure the robustness and reliability of our results. Our
research has great potential to provide individualized treat-
ment recommendations to improve the prognosis of

patients with lung cancer.

Materials and Methods
Drug Response, Gene Expression and

Mutation Data

The natural logarithm of the half maximal inhibitory con-
centration (InIC50) values of all selected cell lines treated
with cisplatin were downloaded from GDSC. Robust
Multichip Average (RMA) normalized expression data
from the Affymetrix Human Genome U219 array, and
gene mutation information found in cell lines by Illumina
HiSeq 2000 WES were also obtained from GDSC.

Identification of Cisplatin-Sensitive and -

Resistant Cell Lines
The sensitivity of cancer cell lines to drugs is mainly
expressed in terms of the IC50 value, which refers to the

concentration of the drug needed to kill half of the tumor
cells in vitro. Because the drug concentration was diluted
one-tenth or one-hundredth, we used the InIC50 to distin-
guish resistant or sensitive cell lines. Based on the GDSC
8.1 database (updated on October 2019), a total of 170
lung cancer cell lines have cisplatin drug sensitivity data,
WES mutation data and RNA sequencing (RNA-Seq) data.
To distinguish between resistant and sensitive cell lines,
we analyzed the distribution of InIC50 values and per-
formed binary Gaussian fitting to fit the distribution.
Finally, the k-means clustering algorithm was used to
determine whether a cell line was sensitive or resistant
based on the InIC50 value.*' The pseudocode of identifi-
cation of cisplatin-sensitive and cisplatin-resistant cell

lines is shown in Table 1.

Feature Normalization

The Z-score normalization method was used to normalize
the data to improve the accuracy and reliability of the
model.** Specifically, the normalization of each feature

was as follows:

where X denotes measurements of a specific feature, X
denotes the mean value of X, 6(X) denotes the standard
deviation of X, and X % denotes the normalized feature

value. We used the same normalization procedure in both

Table | The Pseudocode of Identification of Cisplatin-Sensitive
and Cisplatin-Resistant Cell Lines

Initialization : D = {x1,X1, ..., Xy}, k=2

Randomly select k samples from D as initial mean vector
Jor g =1 to 100000,
C=0(1<i<k)
forj=1tom
di = |l — il
A = argminc(1 2ydji;
Cy=0Cy U@{xj};
end for
fori=11tok,
Hi=rr X%
. xeC;
end for
end for
Return : Cy,Cy

Notes: D, denotes the sample set; y, denotes the meanvector; C, denotes the
cluster; d, denotes the distance of the sample from the meanvector; , denotes the
label of cluster.
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the training and test sets to make the experiments more
precise.

Selection of Mutated Resistance Gene

Panel

A total of 170 lung cancer cell lines in the GDSC database
were identified as cisplatin-sensitive or -resistant with the
aforementioned method. A total of 1693 genes with muta-
tion frequencies above 5% were selected as candidate
genes. SVMs were used to construct the classifiers, and
the average area under the curve (AUC), accuracy, sensi-
tivity, and specificity were used to evaluate the perfor-
mance of the classifiers. We aimed to select the optimal
gene panel by combining SVMs and beam search.?**° The
entire procedure of our workflow is shown in Figure 1B;
within each loop, the mutation data of each mutation panel
were used as the input data of the model to predict the
resistance to cisplatin. Ten times stratified 5-fold cross-
validation was used to select the stable gene panels.
Specifically, within each iteration, a fold was used as the
test set, and all remaining folds were used as the training
set. This classification procedure was repeated 5 times, and
the average result of 5 folds was regarded as the cross-
validation result of the model. The average results of 10
repeats of cross-validation were calculated to evaluate
each gene panel, and all gene panels were ranked by
AUC. First, 1693 single genes were used as a 1l-gene
panel cohort with a size of 1693. Then, we traversed this
cohort to classify the cell lines and took the gene panel
with the highest AUC as the priority gene panel and,
similarly, the gene panels with the top 100 AUCs as the
priority cohort. Finally, we exhaustively added a gene to
the panels in the priority cohort to form a new gene panel
cohort. This process was repeated until the accuracy of the
priority gene panel of the next loop no longer increased
significantly to obtain the optimal gene panel. The Scikit-
learn (version: 0.23.1) software package was used to con-
duct the experiments in this study.>

TMB and DDR

The nonsynonymous mutations of lung cancer cell lines
were taken as the raw mutation count and divided by 38
Mb to quantify the tumor mutation burden (TMB).** The
R package ComplexHeatmap® was used to visualize the
top 20 mutated genes in the sample and the gene panels
identified by SVM. DNA damage repair (DDR) pathway-
related gene sets were downloaded from the Molecular

Signatures Database (MSigDB) of the Broad Institute.*®
These gene sets were used to evaluate the number of
nonsynonymous mutations in the DDR pathway and com-
pare the difference between the panel-MT (panel-MT)
group and the panel-WT type (panel-WT) group.

Differential Gene Expression Analysis and

Gene Set Enrichment Analysis

The R package limma was used to perform differential
analysis on the gene expression data downloaded from
GDSC.*” The R package clusterProfiler was used to per-
form gene set enrichment analysis (GSEA),*® among
which p<0.05 was considered significant. If the enrich-
ment score was greater than 0 and the p value was less
than 0.05, the pathway was highly expressed in the panel-
MT group; the opposite pattern indicated that the pathway
was highly expressed in the panel-WT group. The pathway
gene sets used in the GSEA were downloaded from
MSigDB of the Broad Institute and included 3 categories,
(GO)
Encyclopedia of Genes and Genomes (KEGG) and

including Gene Ontology terms, Kyoto

Reactome.>®

Statistical Analysis

The differences in drug response data and TMB between
the panel-MT and panel-WT groups in GDSC were exam-
ined using the Mann—Whitney U-test, and the associations
between the panel status and the top 20 recurrently
mutated genes and genes in the panel were examined
using Fisher’s exact test. p <0.05 was considered signifi-
cant, and all tests were two-sided. All statistical tests and
visualizations were performed with R software (version
3.6.1) and R studio (Version 1.2.1335). In addition, the
R package ggpubr was used to create boxplots.>’

Results
Identification of Cisplatin-Sensitive and -

Resistant Cell Lines

The workflow of our entire study is shown in Figure 1A. The
InIC50 distribution was analyzed to distinguish cisplatin-
sensitive cell lines from cisplatin-resistant cell lines. As
shown in Figure 2A, based on this distribution, binary
Gaussian fitting was performed, and the goodness-of-fit coef-
ficient (R2 = 0.9958) indicated that the curve fit very well.
Therefore, cisplatin-sensitive and -resistant phenotypes can be
characterized by a binary Gaussian distribution. From the
binary Gaussian distribution, we know that the cell lines that
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bottom shows the minimum screening concentration of 0.0391 pM. The red dots correspond to the predicted cisplatin-resistant cell lines by the k-means method, and the

blue dots correspond to the predicted cisplatin-sensitive cell lines.

correspond to InIC50 in the left (blue) curve indicate cisplatin-
sensitive cell lines, and those in the right (pink) curve indicate
cisplatin-resistant cell lines. Based on the characteristics of the
binary Gaussian distribution, the k-means clustering algo-
rithm was used to perform 100 thousand iterations to deter-
mine whether each cell line was resistant or sensitive. As
shown in Figure 2B, 104 cell lines were identified as cisplatin-
sensitive cell lines (cluster 0), while the remaining 66 cell
lines were identified as cisplatin resistant (cluster 1).

Classification Performance and Optimal

Gene Panel

As shown in Figure 3A, when using a beam search to select
the optimal gene panel, the AUC of the priority gene panel
gradually increased as the number of genes increased. When
9 genes were selected, the accuracy of the priority gene panel
no longer increased significantly. Therefore, 9 genes were
selected as an optimal gene panel to predict resistance to
were PLXNCI,

cisplatin. The corresponding genes
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Abbreviation: ns, not significant.

KIAA0649, SPTBN4, SLC14A2, FI13Al1, COLS5AL,
SCN2A, PLEC, and ALMSI1. As shown in Table 2, the
model achieved an AUC of 0.873 and an overall accuracy
of 84.71% when using mutations of the optimal gene panel. In
addition, it had an accuracy of 84.68% in correctly identifying
resistant cell lines (ie, sensitivity) and an accuracy of 84.61%
in identifying cell lines sensitive to cisplatin (ie, specificity).

The Gene Panel Can Predict the
Responsiveness of Lung Cancer Cell Lines
to Cisplatin

To further demonstrate the accuracy of the trained
model, we grouped the cell lines according to the

mutation characteristics of the gene panel to demon-
strate whether the features selected by SVMs can accu-
rately classify cisplatin-sensitive and -resistant cell lines.
It is expected that in the panel-MT group containing any
mutation in the gene panel, the InIC50 value of the
overall lung cancer cell line will be higher (p <0.001)
(Figure 3B). In addition, when considering The Cancer
Genome Atlas (TCGA) tumor label provided in the
GDSC drug screening data, these lung cancer cell lines
were grouped into lung adenocarcinoma (LUAD), lung
squamous cell carcinoma (LUSC), SCLC, mesothelioma
(MESO) and cell lines that could not be classified. The
InIC50 value of the panel-MT group was significantly
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Table 2 A Summary of Priority Gene Panels (Means and Deviations)

Gene Panel AUC Accuracy/% Sensitivity/% Specificity/%
|-panel 0.560 £ 0.019 46.41 £ 4.1 31.70 + 8.95 56.04 £ 11.10
2-panel 0.648 + 0.006 71.77 £ 0.0 30.30 £ 0.18 98.08 + 0.03
3-panel 0.701 £ 0.003 74.12 £ 0.0 53.04 £ 0.20 87.52 + 0.05
4-panel 0.748 £ 0.005 77.06 £ 0.0 63.58 £ 0.17 85.60 + 0.04
5-panel 0.776 + 0.006 7941 £ 0.0 69.64 £ 0.21 85.60 + 0.03
6-panel 0.799 + 0.007 80.59 £ 0.0 77.25 £ 0.10 82.70 + 0.05
7-panel 0.826 + 0.008 82.35 £ 0.0 83.31 £0.17 81.77 + 0.04
8-panel 0.848 + 0.006 84.12 £ 0.0 86.35 + 0.15 82.73 + 0.03
9-panel 0.873 + 0.004 84.71 £ 0.0 84.86 + 0.07 84.61 + 0.06

Note: Values expressed as mean * deviation.
Abbreviation: AUC, area under curve.

higher than that of the panel-WT group except for
MESO (Figure 3C).

In addition, we explored the correlation between the
labels by k-means clustering and the optimal gene panel
selected by SVMs and beam search. We found that more
panel-WT cell lines were significantly enriched in cluster
0, while more panel-MT cell lines were significantly
enriched in cluster 1 (Figure 3D). This finding also verified
that the gene panel containing 9 genes identified by
machine learning can be used as a marker for the drug
response of lung cancer cell lines treated with cisplatin.

The Predictive Ability of the Gene Panel
for Other Drugs

To explore whether the optimal gene panel has a similar
predictive ability for other drugs, we also compared other
drug response data between the panel-WT group and the
panel-MT group (Supplemental Table 1). Not surprisingly,

based on the list of medications for lung cancer patients
from the latest NCCN guidelines of SCLC and NSCLC,
we also found the same predictive ability for certain other
chemotherapeutics (Figure 4). With regard to these che-
motherapeutic agents, the InIC50 of the drugs was signifi-
cantly different between the groups except for gemcitabine
and paclitaxel. Among the recommended targeted drugs,
none of the drugs had showed significant differences in
InIC50.

Differences in Gene Mutation Load
Between the Panel-WT and Panel-MT
Groups

To determine the potential mechanism by which the gene
panel can predict the response of lung cancer cell lines to
cisplatin, we combined the available sequencing data for

subsequent analysis. By calculating the TMB of each
that
a significantly higher TMB than the panel-WT group
(Mann—Whitney U-test, p <0.05) (Figure 5A). Because
DNA is the target of cisplatin, we also explored differ-

group, we found the panel-MT group had

ences in the frequency of gene mutations in the DDR
pathway. Overall, the median frequency of mutations in
the DDR pathway in the panel-MT group was higher than
that of the panel-WT group. In detail, the frequency of
mutations in panel-MT homologous recombination (HR)
pathways was also significantly higher (Figure 5B).

Next, we explored the differences between the recurrently
mutated genes and the genes in the panel. Figure 5C shows
the recurrently mutated genes and the 9 genes in the optimal
gene panel grouped based on k-means clustering. We found
that among the lung cancer cell lines included in the study, the
most recurrently mutated genes were TP53, TTN, MUC16
and RYR2. For mutations in TP53, missense mutations were
most common, which may be related to their inactivation
status. In contrast to TP53, TTN and MUC16 mainly con-
tained missense mutations and multiple mutations. In addition
to the most common mutant genes, we found genes with
different mutation frequencies in the two groups. Among
the top 20 mutant genes, the mutation frequency of XIRP2
in the cluster 1 group was higher at 41%, while the mutation
frequency in cluster 0 was 26%. Additionally, the mutation
frequency of ALMSI in the panel was also significantly
higher in the cluster 1 group (26% in cluster 1; 10% in
cluster 0). Moreover, we found that some recurrently mutated
genes with different mutation frequencies in the two groups
(Supplemental Table 2), such as CDHI10,
ENSG00000121031, SCN1A, WDFY4, and NLRPS, had
higher mutation frequencies in cluster 1 (27%, 23%, 23%,
23%, and 21%, respectively), while ABCAIl, ZFAT,
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PCDHG cluster, RP11-551L14.1, VCX, HEPHLI1 and
LHCGR had higher mutation frequencies in cluster 0 (16%,
13%, 12%, 12%, 11%, 11%, and 11%, respectively). Among
the 9 genes in the panel, the mutation frequencies of COL5A1
and F13A1 in cluster 1 were significantly higher than those in
cluster 0 (COL5A1 17% vs 1%; F13A1 14% vs 3%).

High Enrichment of DNA Repair-Related
Pathways in the Panel-MT Group May

Promote Cell Resistance to Cisplatin

To explore the correlation between the expression of genes
in the panel, we performed correlation analysis between
genes, and the results indicated that there was no signifi-
cant correlation between most genes. PLEC had a strong
negative correlation with SPTBN4 (r = —0.68), ALMSI (r
= —0.51), and SCN2A (r = —0.51), while ALMSI had
a weak positive correlation with SPTBN4 (r = 0.49), and
SCN2A (r = 0.39). There was a weak positive correlation

between SCN2A and SPTBN4 (r = 0.41) (Supplementary
Figure 1).

Next, we performed gene differential expression ana-
lysis (DEA) and GSEA to identify molecules or pathways
that may explain the differences in the responses of the
two groups to cisplatin. The DEA results showed that
a total of 7 genes were upregulated in the panel-MT
group, and 14 genes were upregulated in the panel-WT
group, with a p value <0.05 and fold change (FC)>3/2 or
FC <2/3 (Figure 6A, Supplemental Table 3).

Pathways representing several function-related genes

can achieve specific biological functions. In contrast,
dysfunctional pathways are related to the occurrence
and development of diseases. In this study, we found
that the pathways enriched in the panel-MT group and
the panel-WT group were different (Figure 6B-D,
Supplemental Table 4). Based on the pathways filtered

by p<0.05, we found that pathways related to telomerase
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Figure 5 Differences in gene mutations between the panel-MT and panel-WT groups. (A) The TMB in the panel-MT group was significantly higher (p <0.001). (B) The
number of mutations of the overall DDR and HR pathways in the panel-MT group was significantly higher than that in the panel-WT group (p <0.05). (C) The top 20 mutant
genes and genes in the panel are grouped by the results of k-means clustering. Fisher’s exact test was used to test the associations between the panel status and the mutated

genes. ¥, ¥ ¥k P<0,05, P<0.01, P<0.0001.

Abbreviations: TMB, tumor mutation burden; DDR, DNA damage repair; HR, homologous recombination; ns, not significant.

maintenance and cell cycle-related pathways were
enriched in the panel-MT group (Figure 6B and D). In
addition, we found that DNA synthesis involved in

DNA repair and interstrand crosslink repair pathways
were significantly enriched in the panel-MT group
(Figure 6C).
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Figure 6 Differences in molecular and pathway expression between the panel-MT and panel-WT groups. (A) Differentially expressed genes between the panel-MT and
panel-WT groups. A total of 14 genes were upregulated in the panel-WT group when the p value <0.05 and FC > 3/2 or FC < 2/3. FC, fold change. (B-D) The GSEA results
show the significantly enriched pathways in the panel-MT group. Pathways related to telomerase maintenance (B) and the cell cycle (D) were enriched in the panel-MT
group. DNA synthesis involved in DNA repair and interstrand crosslink repair pathways were significantly enriched in the panel-MT group (C).

Abbreviation: GSEA, gene set enrichment analysis.

Discussion

In this study, we found that a combination of mutations and
machine learning can accurately predict resistance to cispla-
tin. Furthermore, we selected a 9-gene panel that may be
highly associated with resistance to cisplatin and an efficient
biomarker for resistance to cisplatin in lung cancer cells. In
this paper, we innovatively applied beam search and machine
learning for the prediction of resistance to cisplatin in lung
cancer cell lines. First, we performed binary Gaussian fitting
on the drug susceptibility data of lung cancer and used
k-means clustering to identify cisplatin-sensitive and -
resistant cell lines. Second, we applied a beam search to
select the optimal gene panel. In addition to selecting 1693
genes of larger magnitude as candidate genes, we also tra-
versed as many gene panels as possible to evaluate their
prediction ability for resistance to cisplatin in lung cancer

cell lines to select an optimal gene panel that can accurately
predict resistance to cisplatin. Moreover, 10 times stratified
5-fold cross-validation was employed to obtain stable and
reliable observation results. Finally, classification was based
on the mapping relationship between the features and labels,
so the optimal gene panel we selected may implicitly indicate
the correlation between these genes and resistance to cispla-
tin, which can help us to explain the potential mechanism.
The 9-gene panel included PLXNCI1, KIAA0649,
SPTBN4, SLC14A2, F13A1, COL5A1, SCN2A, PLEC,
and ALMSI1. Except for F13A1, which has only been
reported in benign tumors,®” the remaining genes have
been reported to be associated with malignant tumors.
Among them, PLXNCI,* KIAA0649,*' SCN2A** and
SCN2A** are related to malignant tumor progression,

metastasis or chemotherapy resistance.
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The lung cancer cell lines in GDSC were grouped into
panel-MT and panel-WT groups, and the accuracy of the
panel in classifying sensitive and resistant cell lines was
verified in our study. We found that in all cell lines, the
InIC50 values of the panel-MT group were significantly
higher than those of the panel-WT group (p<0.001). In
addition, with the exception of MESO (malignant tumors
derived from the pleura), cell lines from different lung
cancer subtypes in the panel-MT group were less respon-
sive to cisplatin, and the corresponding InIC50 values
were higher, and the differences were all significant
(p<0.05). The above results suggest that the mutation
status of the gene panel selected by SVM can predict the
response of lung cancer cell lines to cisplatin well.

Cisplatin-based treatment regimens play a very impor-
tant role in each subtype of lung cancer.”® The main
mechanism by which cisplatin suppresses tumors is
through interacting with DNA to form covalent adducts
with purine DNA bases, causing DNA damage and dis-
rupting DNA replication and transcription.*> Theoretically,
tumors with damaged DDR pathways are more sensitive to
cisplatin because they cannot recover the DNA damage
caused by cisplatin in a timely manner,*® which is found in
many tumor types.*’*® It is worth mentioning that in the
DDR subpathway, the HR pathway repairs DNA double-
strand breaks, and abnormalities in its function cause sig-
nificant damage to tumor cells. However, other previous
studies have found that colon cancer cells and endometrial
cancer cells with defects in DNA damage repair are resis-
tant to cisplatin and carboplatin, respectively.*’ The possi-
ble mechanism may be that the normal function of the
mismatch repair system (MMR) after DNA replication can
induce cell apoptosis and increase the sensitivity of cis-
platin to damaged DNA, while MMR-deficient cells can
lead to decreased apoptosis and cell resistance.”’® In our
study, the overall number of DDR mutations in the panel-
MT group was significantly higher than that in the panel-
WT group (p<0.05).

Previous studies have suggested that tumors with muta-
tions in the DDR pathway show a higher TMB because of
a greater accumulation of unrepaired DNA damage in
cells.** Similarly, we also found that the TMB of the
panel-MT group was higher, which is consistent with the
higher mutations in the DDR pathway in the panel-MT
group. Immunotherapy has made remarkable achievements
in the treatment of solid tumors, including lung cancer,”'
but only a small subset of the population benefits, and
there is an urgent need to identify patients who are likely

to benefit from immune checkpoint inhibitors (ICIs). The
KEYNOTE-158 pan-cancer study recently promoted the
Food and Drug Administration (FDA) approval of pem-
brolizumab for the treatment of patients with tumors with
high TMB (> 10 mutations/Mb)’ ! (https://www.fda.gov/

drugs/
pembrolizumab -adults-and-children-tmb-h-solid-tumors).

drug-approvals-and-databases/ fda-approves -
The above research indicates that we can also use the
panel genes found in our research to predict TMB. In
addition, our previous study demonstrated that cancer
cells with high TMB are associated with higher IC50
values,”” which is consistent with our current conclusion,
suggesting that high TMB may also be a mechanism of
cisplatin resistance.

In addition, we explored genes with a high frequency
of mutations in lung cancer cells. Among the top 20
frequently mutated genes, the mutation frequency of
XIRP2 in cluster 1 was significantly higher (41% vs
26%). This gene has been reported in breast cancer’> and
gastric cancer™ in clinical samples, but it has not been
reported in other cancers. This finding suggests the need to
increase the number of clinical samples to discover new
gene mutantations and provide opportunities for subse-
quent mechanistic research. Among the genes identified
by SVM, ALMSI1 (26% vs 10%), COL5A1 (17% vs 1%)
and F13A1 (14% vs 3%) had mutation frequencies in
cluster 1 that were significantly higher than those in cluster
0. Except for the mechanisms of COL5A1 in tumors, the
mechanisms of the remaining two genes in malignant
tumors have not been reported. Previous studies have
suggested that high COLS5SA1 expression is associated
with a poor prognosis in breast cancer** and with the
metastasis of lung adenocarcinoma.*> The above results
suggest that our algorithm can identify new molecular
markers related to chemotherapy, which should be vali-
dated further.

Studies on the mechanism of cisplatin, which is a type
of cell cycle-specific drug, have shown that cisplatin is
mainly cross-linked with DNA during replication to affect
the function of DNA and cause cell death.>* In addition,
enhanced DNA damage repair capabilities can prevent the
accumulation of lethal DNA damage induced by platinum-
based treatment, leading to chemotherapy resistance.’” In
our research, we found that telomere pathways, such as
telomere maintenance, extension, and C-chain lagging
synthesis, and cell cycle pathways, such as meiotic cell
cycle process, DNA replication initiation and DNA repli-
cation, were enriched in the panel-MT group, suggesting
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that cells in the panel-MT group may be more sensitive to
cisplatin. However, the IC50 values of the panel-MT
group were significantly higher than those of the panel-
WT group, indicating that there may be other factors
influencing the response of cell lines to cisplatin. In our
research, we also found that pathways related to DNA
repair during DNA synthesis were also enriched in the
panel-MT group, suggesting that cells in the panel-MT
group have a stronger ability to repair DNA damage,
thereby reducing the formation of damaged DNA induced
by cisplatin. The latter factor may play a major role in
explaining why cells in the panel-MT group are more
likely to be resistant to cisplatin.

The panel features identified by the SVM algorithm
have the same predictive ability for the response of lung
cancer cell lines to other chemotherapeutics. It is worth
mentioning that among the drugs we identified, etoposide
has the same mechanism as cisplatin of interacting with
DNA and preventing DNA synthesis. In addition, there
were some drugs targeted the cell cycle, including doce-
taxel, vinblastine, and vinorelbine. The above cytotoxic
drugs are cell cycle-specific. The results suggest that
the panel features identified by SVM can predict not
only the sensitivity of lung cancer cell lines to cisplatin
but also the response to drugs with the same or similar
mechanism.

There were several potential limitations in our study.
First, our sample size was limited, and there were only 170
lung cancer cell lines with cisplatin drug sensitivity data,
mutation data and transcription data. However, full valida-
tion strategies were performed to ensure the reliability and
robustness of the observations. Second, there are currently
no suitable large-sample clinical data to directly support
our conclusions; additional relevant clinical studies are
needed.

Conclusion
In conclusion, we analyzed the drug response data and
sequencing data of 170 lung cancer cell lines and estab-
lished a 9-gene panel related to cisplatin sensitivity.
Targeted sequencing containing these 9 genes helps predict
the responsiveness of lung cancer patients to cisplatin and
personalized guidance for

may provide patient

management.
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