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ABSTRACT 21 

Background: Lung cancer, mainly including lung adenocarcinoma, lung squamous 22 

cell carcinoma and small cell lung cancer, is the cancer with the highest incidence and 23 

cancer-related mortality in the world. Platinum-based chemotherapy plays an 24 

important role in the treatment of various lung cancer subtypes, but not all patients 25 

can benefit from it, so it is worth identifying lung cancer patients who are resistant or 26 

insensitive. 27 

Method: The drug response and sequencing data of 170 lung cancer cell lines were 28 

downloaded from the Genomics of Drug Sensitivity in Cancer (GDSC) database, and 29 

support vector machines (SVMs) and beam search were used to select an optimal gene 30 

panel that can predict the sensitivity of cell lines to cisplatin. Then, we used the 31 

available cell line data to explore the potential mechanisms. 32 

Result: In this study, SVMs and beam search were used to screen a 9-gene panel 33 

related to lung cancer cell line resistance to cisplatin, with an area under the curve 34 

(AUC) of 0.873 ± 0.004. The natural logarithm of the half maximal inhibitory 35 

concentration (lnIC50) values of the panel-MT group were significantly higher than 36 

those of the panel-WT group, regardless of whether lung cancer subtype was 37 

considered. In addition, we found that the differentially expressed pathways between 38 

the two groups may explain the difference. 39 

Conclusion: In this study, we found that a panel including nine genes (PLXNC1, 40 

KIAA0649, SPTBN4, SLC14A2, F13A1, COL5A1, SCN2A, PLEC, and ALMS1) 41 

can accurately predict sensitivity to cisplatin, which may provide individualized 42 
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treatment recommendations to improve the prognosis of patients with lung cancer. 43 

 

Key words: Lung cancer; Cisplatin; Machine learning; SVMs; Biomarkers 44 
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1. INTRODUCTION 45 

Lung cancer is the most commonly diagnosed cancer worldwide and the leading 46 

cause of cancer-related deaths(1, 2). According to histological classification, 47 

approximately 85% of lung cancer cases are non-small cell lung cancer (NSCLC). 48 

The current pathological classification mainly includes 3 histological subtypes: 49 

adenocarcinoma, squamous cell carcinoma and small cell carcinoma(3). Small cell 50 

lung cancer (SCLC), a unique type different from NSCLC, is a highly aggressive 51 

tumor, accounting for 13%-15% of lung cancer cases(4). For patients with 52 

limited-stage SCLC, in addition to surgical resection, platinum-based neoadjuvant or 53 

adjuvant therapy could improve patient outcomes. For patients with extensive-stage 54 

SCLC, systemic treatment with cisplatin combined with etoposide is the most widely 55 

used(5). For NSCLC patients, except for stage IIA patients who can be treated with 56 

platinum-based adjuvant therapy after complete tumor resection, platinum-based 57 

chemotherapy is still the main recommendation in the first-line treatment of stage IIB 58 

patients and above(6-8). 59 

Human cancer cell lines originating from tumor tissues and retaining most of the 60 

characteristics of tumor tissues(9) are the simplest experimental model and are widely 61 

used in the development of antitumor drugs. Large-scale drug sensitivity screening 62 

data and genomics data from cancer cell lines have been used to explore the 63 

interactions between drugs and genes(10-13). Following the NCI-60 cell line 64 

screening(14), the Genomics of Drug Sensitivity in Cancer (GDSC) project 65 

(https://www.cancerrxgene.org/) has also made a great contribution to exploring the 66 
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relationship between drug sensitivity and genomic data to discover therapeutic 67 

biomarkers that can be used to identify patients mostly likely to benefit from 68 

anticancer drugs(15). This new release of the GDSC database contains drug response 69 

data for nearly 1,000 cell lines, representing common tumor types. There are 518 70 

drugs, including both cytotoxic drugs and targeted drugs. In addition, nearly every cell 71 

line has corresponding genomics data, including whole-exome sequencing (WES), 72 

gene expression, copy number alteration, DNA methylation, gene fusion and 73 

microsatellite instability data. In summary, the large-scale amount of drug response 74 

data and genomics data contained in the GDSC database provides the opportunity to 75 

explore potential biological indicators of drug responsiveness. 76 

Mutations in key genes such as oncogenes may drive tumorigenesis to influence 77 

the responsiveness of cell lines to drugs, which can be validated in a clinical cohort. 78 

For example, BCR-ABL rearrangement mutations are significantly related to the 79 

efficacy of ABL inhibitors, and ABL inhibitors have been approved for chronic 80 

myeloid leukemia (CML) patients with BCR-ABL fusion mutations(16). In addition, 81 

BRAF mutations are related to the efficacy of BRAF, MEK1, and MEK2 inhibitors. 82 

The inhibitor vemurafenib (B-Raf V600E) can prolong the survival of patients with 83 

BRAF mutation-positive melanoma in clinical trials(17). ERBB amplification(18), 84 

oncogene EGFR(19) and FLT3 mutations(20) are also sensitive to their target 85 

inhibitors. Recent studies have found that new gene mutations are associated with 86 

chemotherapy sensitivity and patient prognosis(21, 22). 87 

Machine learning, driven by computing power and massive data, has made 88 
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outstanding achievements in the health and medical fields(23). Using preclinical 89 

research models with genomics and drug response data, machine learning or deep 90 

learning methods may identify genomic features(24) or transcriptomic features(23, 91 

25) related to drug response to help clinicians choose suitable drugs for individual 92 

patients. Based on the expression data of tumor organoids and their drug response 93 

data, researchers have used machine learning to identify pathway features related to 94 

the half maximal inhibitory concentration (IC50) that were consistently verified in 95 

colon cancer and bladder cancer patient cohorts(26). 96 

In this study, we conducted a sophisticated machine learning scheme, including 97 

beam search and classification(27), to select an optimal gene panel to predict 98 

resistance to cisplatin and tried to explain the potential underlying mechanism by 99 

analyzing the sequencing and drug response data of 170 lung cancer cell lines from 100 

the GDSC database. Support vector machines (SVMs) were used to construct the 101 

model(28), and 10 times stratified 5-fold cross-validation was performed to ensure the 102 

robustness and reliability of our results. Our research has great potential to provide 103 

individualized treatment recommendations to improve the prognosis of patients with 104 

lung cancer. 105 

 

2. MATERIALS AND METHODS 106 

2.1 Drug response, gene expression and mutation data 107 

The natural logarithm of the half maximal inhibitory concentration (lnIC50) values of 108 

all selected cell lines treated with cisplatin were downloaded from GDSC. Robust 109 
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Multichip Average (RMA) normalized the expression data from the Affymetrix 110 

Human Genome U219 array, and gene mutation information found in cell lines by 111 

Illumina HiSeq 2000 WES were also obtained from GDSC. 112 

 

2.2 Identification of cisplatin-sensitive and cisplatin-resistant cell lines 113 

The sensitivity of cancer cell lines to drugs is mainly expressed in terms of the IC50 114 

value, which refers to the concentration of the drug needed to kill half of the tumor 115 

cells in vitro. Because the drug concentration was diluted by one-tenth or 116 

one-hundredth, we used the lnIC50 to distinguish resistant or sensitive cell lines. 117 

Based on the GDSC 8.1 database (updated on October, 2019), a total of 170 lung 118 

cancer cell lines have cisplatin drug sensitivity data, WES mutation data and RNA 119 

sequencing (RNA-Seq) data. To distinguish between resistant and sensitive cell lines, 120 

we analyzed the distribution of lnIC50 values and performed binary Gaussian fitting 121 

to fit the distribution. Finally, the k-means clustering algorithm was used to determine 122 

whether a cell line was sensitive or resistant based on the lnIC50 value(29). 123 

 

2.3 Feature normalization 124 

The Z-score normalization method was used to normalize the data to improve the 125 

accuracy and reliability of the model(30). Specifically, the normalization of each 126 

feature was as follows: 127 

* ( )

( )

X X
X

X
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where X  denotes measurements of a specific feature, ( )X  denotes the mean 129 

value of X , ( )X  denotes the standard deviation of X , and *
X  denotes the 130 

normalized feature value. We used the same normalization procedure in both the 131 

training and test sets to make the experiments more precise. 132 

 

2.4 Selection of mutated resistance gene panel 133 

A total of 170 lung cancer cell lines in the GDSC database were identified as 134 

cisplatin-sensitive or cisplatin-resistant cell lines with the aforementioned method. A  135 

total of 1693 genes with mutation frequencies above 5% were selected as candidate 136 

genes. SVMs were used to construct the classifiers, and the average area under the 137 

curve (AUC), accuracy, sensitivity, and specificity were used to evaluate the 138 

performance of the classifiers. We aimed to select the optimal gene panel by 139 

combining SVMs and beam search(27, 28). The entire procedure of our workflow is 140 

shown in Fig. 1b; within each loop, the mutation data of each mutation panel were 141 

used as the input data of the model to predict the resistance to cisplatin. Ten times 142 

stratified 5-fold cross-validation was used to select the stable gene panels. Specifically, 143 

within each iteration, a fold was used as the test set, and all remaining folds were used 144 

as the training set. This classification procedure was repeated 5 times, and the average 145 

result of 5 folds was regarded as the cross-validation result of the model. The average 146 

results of 10 repeats of cross-validation were calculated to evaluate each gene panel, 147 

and all gene panels were ranked by AUC. First, 1693 single genes were used as a 148 

1-gene panel cohort with a size of 1693. Then, we traversed this cohort to classify the 149 

cell lines and took the gene panel with the highest AUC as the priority gene panel and, 150 

similarly, the gene panels with the top 100 AUCs as the priority cohort. Finally, we 151 
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exhaustively added a gene to the panels in the priority cohort to form a new gene 152 

panel cohort. This process was repeated until the accuracy of the priority gene panel 153 

of the next loop no longer increased significantly to obtain the optimal gene panel. 154 

The Scikit-learn (version: 0.23.1) software package was used to conduct the 155 

experiments in this study(31). 156 

 

2.5 TMB and DDR 157 

The nonsynonymous mutations of lung cancer cell lines were taken as the raw 158 

mutation count and divided by 38 Mb to quantify the tumor mutation burden 159 

(TMB)(32). The R package ComplexHeatmap(33) was used to visualize the top 20 160 

mutated genes in the sample and the gene panels identified by SVM. DNA damage 161 

repair (DDR) pathway-related gene sets were downloaded from the Molecular 162 

Signatures Database (MSigDB) of the Broad Institute(34). These gene sets were used 163 

to evaluate the number of nonsynonymous mutations in the DDR pathway and 164 

compare the difference between the panel-MT(panel-MT) group and the panel-WT 165 

type(panel-WT) group. 166 

 

2.6 Differential gene expression analysis and gene set enrichment analysis 167 

The R package limma was used to perform differential analysis on the gene 168 

expression data downloaded from GDSC(35). The R package clusterProfiler was used 169 

to perform gene set enrichment analysis (GSEA)(36), among which P<0.05 in Gene 170 

Ontology (GO) terms, Kyoto Encyclopedia of Genes and Genomes (KEGG) and 171 

Reactome was considered significant. The gene sets in GSEA were downloaded from 172 

MSigDB of the Broad Institute(34). 173 
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2.7 Statistical analysis 174 

The differences in drug response data and TMB between the panel-MT and panel-WT 175 

groups in GDSC were examined using the Mann–Whitney U test, and the associations 176 

between the panel status and the top 20 recurrently mutated genes and genes in the 177 

panel were examined using Fisher’s exact test. P <0.05 was considered statistically 178 

significant, and all tests were two-sided. All statistical tests and visualizations were 179 

performed with R software (version 3.6.1) and R studio (Version 1.2.1335). In 180 

addition, the R package ggpubr was used to create boxplots(37). 181 

 

3. RESULTS 182 

3.1 Identification of cisplatin-sensitive and cisplatin-resistant cell lines 183 

The workflow of our entire study is shown in Fig. 1a. The distribution of lnIC50 was 184 

analyzed to distinguish cisplatin-sensitive cell lines from cisplatin-resistant cell lines. 185 

As shown in Fig. 2a, based on this distribution, binary Gaussian fitting was performed, 186 

and the goodness-of-fit coefficient (R2 = 0.9958) indicated that the curve fit very well. 187 

Therefore, cisplatin-sensitive and cisplatin-resistant phenotypes can be characterized 188 

by a binary Gaussian distribution. From the binary Gaussian distribution, we know 189 

that the cell lines that correspond to lnIC50 in the left (blue) curve indicate 190 

cisplatin-sensitive cell lines, and those in the right (pink) curve indicate 191 

cisplatin-resistant cell lines. Based on the characteristics of the binary Gaussian 192 

distribution, the k-means clustering algorithm was used to perform 100 thousand 193 

iterations to determine whether each cell line is resistant or sensitive. As shown in Fig. 194 

2b, 104 cell lines were identified as cisplatin-sensitive cell lines (cluster 0), and the 195 
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remaining 66 cell lines were identified as cisplatin-resistant cell lines (cluster 1). 196 

 

3.2 Classification performance and optimal gene panel 197 

As shown in Fig. 3a, when using a beam search to select the optimal gene panel, the 198 

AUC of the priority gene panel gradually increased as the number of genes increased. 199 

When 9 genes were selected, the accuracy of the priority gene panel no longer 200 

increased significantly. Therefore, 9 genes were selected as an optimal gene panel to 201 

predict resistance to cisplatin. The corresponding genes were PLXNC1, KIAA0649, 202 

SPTBN4, SLC14A2, F13A1, COL5A1, SCN2A, PLEC, and ALMS1. As shown in 203 

Table 1, the model achieved an AUC of 0.873 and an overall accuracy of 84.71% 204 

when using mutations of the optimal gene panel. In addition, it had an accuracy of 205 

84.68% in correctly identifying resistant cell lines (i.e., sensitivity) and an accuracy of 206 

84.61% in identifying cell lines sensitive to cisplatin (i.e., specificity).  207 

 

3.3 The gene panel can predict the responsiveness of lung cancer cell lines to 208 

cisplatin 209 

To further demonstrate the accuracy of the trained model, we grouped the cell lines 210 

according to the mutation characteristics of the gene panel to demonstrate whether the 211 

features selected by SVMs can accurately classify cisplatin-sensitive cell lines and 212 

cisplatin-resistant cell lines. It is expected that in the panel-MT group containing any 213 

mutation in the gene panel, the lnIC50 value of the overall lung cancer cell line will 214 

be higher (p <0.001) (Fig. 3b). In addition, when considering The Cancer Genome 215 
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Atlas (TCGA) tumor label provided in the GDSC drug screening data, these lung 216 

cancer cell lines were grouped into lung adenocarcinoma (LUAD), lung squamous 217 

cell carcinoma (LUSC), SCLC, mesothelioma (MESO) and cell lines that could not be 218 

classified. The lnIC50 value of the panel-MT group was significantly higher than that 219 

of the panel-WT group except for MESO (Fig. 3c). 220 

In addition, we explored the correlation between the labels by k-means clustering 221 

and the optimal gene panel selected by SVMs and beam search. We found that more 222 

panel-WT cell lines were significantly enriched in cluster 0, while more panel-MT 223 

cell lines were significantly enriched in cluster 1 (Fig. 3d). This finding also verified 224 

that the gene panel containing 9 genes identified by machine learning can be used as a 225 

marker for the drug response of lung cancer cell lines treated with cisplatin. 226 

 

3.4 The predictive ability of the gene panel for other drugs 227 

To explore whether the optimal gene panel has a similar predictive ability for other 228 

drugs, we also compared other drug response data between the panel-WT group and 229 

the panel-MT group (Supplemental Table 1). Not surprisingly, we also found the same 230 

predictive ability for some other chemotherapeutics (Fig. 4). Although the targets of 231 

these drugs are different, we found that there were some drugs that are similar to 232 

cisplatin through our manual review. Chemical drugs targeting DNA synthesis include 233 

cytarabine, bleomycin, etoposide, camptothecin, YK-4-279, 5-fluorouracil, and 234 

CX-5461. In addition, some drugs target the cell cycle, including docetaxel, AZD7762, 235 
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vinblastine, RO-3306, THZ-2-102-1, PHA-793887, epothilone B, IOX2, 236 

NPK76-II-72-1, temsirolimus, and Genentech Cpd 10. 237 

 

3.5 Differences in gene mutation load between the panel-WT and panel-MT 238 

groups 239 

To determine the potential mechanism by which the gene panel can predict the 240 

response of lung cancer cell lines to cisplatin, we combined the available sequencing 241 

data for subsequent analysis. By calculating the TMB of each group, we found that 242 

the panel-MT group had a significantly higher TMB than the panel-WT group 243 

(Mann-Whitney U test, p <0.05) (Fig. 5a). Because DNA is the target of cisplatin, we 244 

also explored the differences in the frequency of gene mutations in the DDR pathway. 245 

Overall, the median frequency of mutations in the DDR pathway in the panel-MT 246 

group was higher than that of the panel-WT group. In detail, the frequency of 247 

mutations in panel-MT homologous recombination (HR) pathways was also 248 

significantly higher (Fig. 5b). 249 

Next, we explored the differences between the recurrently mutated genes and the 250 

genes in the panel. Fig. 5c shows the recurrently mutated genes and the 9 genes in the 251 

optimal gene panel grouped based on k-means clustering. We found that among the 252 

lung cancer cell lines included in the study, the most recurrently mutated genes were 253 

TP53, TTN, MUC16 and RYR2. For mutations in TP53, missense mutations were 254 

most common, which may be related to their inactivation status. In contrast to TP53, 255 

TTN and MUC16 mainly contained missense mutations and multiple mutations. In 256 
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addition to the most common mutant genes, we found genes with different mutation 257 

frequencies in the two groups. Among the top 20 mutant genes, the mutation 258 

frequency of XIRP2 in the cluster 1 group was higher at 41%, while the mutation 259 

frequency in cluster 0 was 26%. Additionally, the mutation frequency of ALMS1 in 260 

the panel was also significantly higher in the cluster 1 group (26% in cluster 1; 10% in 261 

cluster 0). Moreover, we found that some recurrently mutated genes with different 262 

mutation frequencies in the two groups (Supplemental Table 2), such as CDH10, 263 

ENSG00000121031, SCN1A, WDFY4, and NLRP5, had higher mutation frequencies 264 

in cluster 1 (27%, 23%, 23%, 23%, and 21%, respectively), while ABCA1, ZFAT, 265 

PCDHG_cluster, RP11-551L14.1, VCX, HEPHL1 and LHCGR had higher mutation 266 

frequencies in cluster 0 (16%, 13%, 12%, 12%, 11%, 11%, and 11%, respectively). 267 

Among the 9 genes in the panel, the mutation frequencies of COL5A1 and F13A1 in 268 

cluster 1 were significantly higher than those in cluster 0 (COL5A1 17% vs 1%; 269 

F13A1 14% vs 3%). 270 

 

3.6 High enrichment of DNA repair-related pathways in the panel-MT group 271 

may promote cell resistance to cisplatin 272 

Next, we performed gene differential expression analysis (DEA) and GSEA to 273 

identify molecules or pathways that may explain the differences in the responses of 274 

the two groups to cisplatin. The DEA results showed that a total of 7 genes were 275 

upregulated in the panel-MT group and 14 genes were upregulated in the panel-WT 276 

group when p value <0.05 and fold change (FC)>3/2 or FC  <2/3 (Fig. 6a, 277 
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Supplemental Table 3). 278 

Pathways representing several function-related genes can achieve specific 279 

biological functions. In contrast, dysfunction pathways are related to the occurrence 280 

and development of diseases. In this study, we found that the pathways enriched in the 281 

panel-MT group and the panel-WT group were different (Fig. 6b, Supplemental Table 282 

4). Based on the pathways filtered by p<0.05, we found that pathways related to 283 

telomerase maintenance and cell cycle-related pathways were enriched in the 284 

panel-MT group. In addition, we found that the DNA synthesis involved in DNA 285 

repair and interstrand crosslink repair pathways were significantly enriched in the 286 

panel-MT group. 287 

 

4. DISCUSSION 288 

In this study, we found that a combination of mutations and machine learning can 289 

accurately predict resistance to cisplatin. Furthermore, we selected a 9-gene panel that 290 

may be highly associated with resistance to cisplatin and an efficient  biomarker for 291 

resistance to cisplatin in lung cancer cells. In this paper, we innovatively applied beam 292 

search and machine learning for the prediction of resistance to cisplatin in lung cancer 293 

cell lines. First, we performed binary Gaussian fitting on the drug susceptibility data 294 

of lung cancer and used k-means clustering to identify the cisplatin-sensitive and 295 

cisplatin-resistant cell lines. Second, we applied a beam search to select the optimal 296 

gene panel. In addition to selecting 1693 genes of larger magnitude as candidate genes, 297 

we also traversed as many gene panels as possible to evaluate their prediction ability 298 

for resistance to cisplatin in lung cancer cell lines to select an optimal gene panel that 299 
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can accurately predict resistance to cisplatin. Moreover, 10 times stratified 5-fold 300 

cross-validation was employed to obtain stable and reliable observation results. 301 

Finally, classification was based on the mapping relationship between the features and 302 

labels, so the optimal gene panel we selected may implicitly indicate the correlation 303 

between these genes and resistance to cisplatin, which can help us to explain the 304 

potential mechanism. 305 

The 9-gene panel included PLXNC1, KIAA0649, SPTBN4, SLC14A2, F13A1, 306 

COL5A1, SCN2A, PLEC, and ALMS1. Except F13A1, which has only been reported 307 

in benign tumors(38), the remaining genes have been reported to be associated with 308 

malignant tumors. Among them, highly expressed plexin c1 (PLXNC1)(39), 309 

KIAA0649(40), SCN2A(41) and SCN2A(42, 43) are related to malignant tumor 310 

progression, metastasis or chemotherapy resistance. 311 

The lung cancer cell lines in GDSC were grouped into panel-MT and panel-WT 312 

groups, and the accuracy of the panel in classifying sensitive and resistant cell lines 313 

was verified in our study. We found that in all cell lines, the lnIC50 values of the 314 

panel-MT group were significantly higher than those of the panel-WT group 315 

(p<0.001). In addition, with the exception of MESO (malignant tumors derived from 316 

the pleura), cell lines from different lung cancer subtypes in the panel-MT group were 317 

less responsive to cisplatin, and the corresponding lnIC50 values were higher, all of 318 

which were statistically significant (p<0.05). The above results suggest that the 319 

mutation status of the gene panel selected by SVM can predict the response of lung 320 

cancer cell lines to cisplatin well. 321 

Cisplatin-based treatment regimens play a very important role in each subtype of 322 

lung cancer(5-8). The main mechanism by which cisplatin suppresses tumors is 323 

interacting with DNA to form covalent adducts with purine DNA bases, causing DNA 324 
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damage and disrupting DNA replication and transcription(44). Theoretically, tumors 325 

with damaged DDR pathways are more sensitive to cisplatin because they cannot 326 

recover the DNA damage caused by cisplatin in a timely manner(45), which is found 327 

in many tumor types(46, 47). It is worth mentioning that in the DDR sub-pathway, the 328 

HR pathway repairs DNA double-strand breaks, and abnormalities in its function 329 

cause significant damage to tumor cells. However, other previous studies have found 330 

that colon cancer cells and endometrial cancer cells with defects in DNA damage 331 

repair are resistant to cisplatin and carboplatin, respectively(48). The possible 332 

mechanism may be that the normal function of the mismatch repair system (MMR) 333 

after DNA replication can induce cell apoptosis and increase the sensitivity of 334 

cisplatin to damaged DNA, while MMR-deficient cells can lead to decreased 335 

apoptosis and cell resistance(49). In our study, the overall number of DDR mutations 336 

in the panel-MT group was significantly higher than that in the panel-WT group 337 

(p<0.05). 338 

Previous studies suggested that tumors with mutations in the DDR pathway show 339 

higher TMB because of a greater accumulation of unrepaired DNA damage in 340 

cells(50). Similarly, we also found that the TMB of the panel-MT group was higher, 341 

which is consistent with the higher mutations in the DDR pathway in the panel-MT 342 

group. Immunotherapy has made remarkable achievements in the treatment of solid 343 

tumors, including lung cancer(51), but only a small subset of the population benefits, 344 

and there is an urgent need to identify patients who are likely to benefit from immune 345 

checkpoint inhibitors (ICIs). The KEYNOTE-158 pan-cancer study recently promoted 346 

the Food and Drug Administration (FDA) approval of pembrolizumab for the 347 

treatment of patients with tumors with high TMB (> 10 mutations/Mb)(51) 348 

(https://www.fda.gov/drugs/ drug-approvals-and-databases/ fda-approves 349 
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-pembrolizumab -adults-and-children-tmb-h-solid-tumors). The above research 350 

indicates that we can also use the panel genes found in our research to predict TMB. 351 

In addition, our previous study demonstrated that cancer cells with high TMB are 352 

associated with higher IC50 values(21), which is consistent with our current 353 

conclusion, suggesting that high TMB may also be a mechanism of cisplatin 354 

resistance. 355 

In addition, we explored genes with a high frequency of mutations in lung cancer 356 

cells. Among the top 20 frequently mutated genes, the mutation frequency of XIRP2 357 

in cluster 1 was significantly higher (41% vs 26%). This gene has been reported in 358 

breast cancer(53) and gastric cancer(54) in clinical samples, but it has not been 359 

reported in other cancers. This suggests the need to increase the number of clinical 360 

samples to discover new mutant genes and provide opportunities for subsequent 361 

mechanistic research. Among the genes identified by SVMs, ALMS1 (26% vs 10%), 362 

COL5A1 (17% vs 1%) and F13A1 (14% vs 3%) had mutation frequencies in cluster 1 363 

that were significantly higher than those in cluster 0. Except for the mechanisms of 364 

COL5A1 in tumors, the mechanisms of the remaining two genes in malignant tumors 365 

have not been reported. Previous studies suggested that high expression of COL5A1 is 366 

associated with poor prognosis in breast cancer(42) and metastasis of lung 367 

adenocarcinoma(43). The above results suggest that our algorithm can identify new 368 

molecular markers related to chemotherapy, which should be validated further. 369 

Studies on the mechanism of cisplatin, which is a kind of cell cycle-specific drug, 370 

have shown that cisplatin is mainly cross-linked with DNA during replication to affect 371 
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the function of DNA and cause cell death(55). In addition, enhanced DNA damage 372 

repair capabilities can prevent the accumulation of lethal DNA damage induced by 373 

platinum-based treatment, leading to chemotherapy resistance(56). In our research, we 374 

found that telomere pathways, such as telomere maintenance, extension, and C-chain 375 

lagging synthesis, and cell cycle pathways, such as meiotic cell cycle process, DNA 376 

replication initiation and DNA replication, were enriched in the panel-MT group, 377 

suggesting that cells in the panel-MT group may be more sensitive to cisplatin. 378 

However, the IC50 values of the panel-MT group were significantly higher than those 379 

of the panel-WT group, indicating that there may be other factors influencing the 380 

response of cell lines to cisplatin. In our research, we also found that pathways related 381 

to DNA repair during DNA synthesis were also enriched in the panel-MT group, 382 

suggesting that cells in the panel-MT group have a stronger ability to repair DNA 383 

damage, thereby reducing the formation of damaged DNA induced by cisplatin. The 384 

latter factor may play a major role in explaining why cells in the panel-MT group are 385 

more likely to be resistant to cisplatin. 386 

The panel features identified by the SVMs algorithm have the same predictive 387 

ability for the response of lung cancer cell lines to other chemotherapeutics. It is 388 

worth mentioning that among the drugs we identified, there are many drugs that have 389 

the same mechanism as cisplatin, interacting with DNA and preventing DNA 390 

synthesis, including cytarabine, bleomycin, etoposide, camptothecin, YK-4-279, 391 

5-fluorouracil, and CX-5461. In addition, we found some drugs that target the cell 392 

cycle, including docetaxel, AZD7762, vinblastine, RO-3306, THZ-2-102-1, 393 
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PHA-793887, epothilone B, IOX2, NPK76-II-72-1, temsirolimus, and Genentech Cpd 394 

10. The above cytotoxic drugs are cell cycle-specific. The results suggest that the 395 

panel features identified by SVMs can predict not only the sensitivity of lung cancer 396 

cell lines to cisplatin but also the drug response to the same or similar mechanism. 397 

There were several potential limitations in our study. First, our sample size was 398 

limited, and there were only 170 lung cancer cell lines with cisplatin drug sensitivity 399 

data, mutation data and transcription data. However, full validation strategies were 400 

performed to ensure the reliability and robustness of the observations. Second, there 401 

are currently no suitable large-sample clinical data to directly support our conclusion, 402 

and further relevant clinical studies are needed to verify our conclusion. 403 

 

5. CONCLUSION 404 

In conclusion, we analyzed the drug response data and sequencing data of 170 405 

lung cancer cell lines and established a 9-gene panel related to cisplatin sensitivity. 406 

Targeted sequencing containing these 9 genes helps predict the responsiveness of lung 407 

cancer patients to cisplatin and may provide personalized guidance for patient 408 

management.  409 

 

6. List of abbreviations 410 

Abbreviation Abbreviate from 

GDSC Genomics of Drug Sensitivity in Cancer 

SVMs support vector machines 

AUC area under the curve 
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NSCLC non-small cell lung cancer 

SCLC small cell lung cancer 

WES whole-exome sequencing 

CML chronic myeloid leukemia  

RMA Robust Multichip Average  

RNA-Seq RNA sequencing  

TMB tumor mutation burden  

DDR DNA damage repair  

MSigDB Molecular Signatures Database  

GSEA gene set enrichment analysis 

GO Gene Ontology  

KEGG 
Kyoto Encyclopedia of Genes and 
Genomes 

TCGA The Cancer Genome Atlas  

LUAD lung adenocarcinoma 

LUSC lung squamous cell carcinoma 

MESO mesothelioma 

DEA differential expression analysis 

MESO malignant tumors derived from the pleura 

MMR mismatch repair system 

FDA Food and Drug Administration  
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Figure legends 

Fig. 1. 613 

(a) Flowchart of the selection of the mutated resistance gene panel. N indicates the 614 

sample size. AUC, area under the curve; SVMs, support vector machines. 615 

(b) Work flow of this paper. SVMs, support vector machines; WES, whole-exome 616 

sequencing. 617 

 

Fig. 2. IC50 distribution of cisplatin in lung cancer cells. 618 

(a) Fit curve displaying the distribution of lnIC50 values in 170 lung cancer cell lines. 619 

(b) Scatter plot of the IC50 distribution of cisplatin in 170 lung cancer cells. The first 620 
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red dotted line shows the maximum screening concentration of 10.0 µM, and the 621 

second red dotted line at the bottom shows the minimum screening concentration of 622 

0.0391 µM. The red dots correspond to the predicted cisplatin-resistant cell lines by 623 

the k-means method, and the blue dots correspond to the predicted cisplatin-sensitive 624 

cell lines. 625 

 

Fig. 3. The identified features can distinguish sensitive cell lines from 626 

drug-resistant cell lines. 627 

(a) Comparison of SVMs algorithms containing 1-9 characteristic genes. When more 628 

gene features are included, the accuracy and sensitivity of the SVMs algorithm can be 629 

substituted, as with AUC. 630 

(b) Regardless of the subtype of lung cancer, the lnIC50 values of cell lines 631 

containing any mutations in the 9 genes are significantly higher, and these cell lines 632 

are resistant to cisplatin. 633 

(c) Considering the subtypes of lung cancer, with the exception of EMSO, cell lines 634 

containing mutations in the 9 genes have significantly higher lnIC50 values and are 635 

resistant to cisplatin. 636 

(d) Correlation analysis of cluster labels between SVMs and the k-means method. 637 

Cluster 0 by k-means is significantly enriched in more panel-MT cell lines. 638 

 

Fig. 4. The identified features can be extended to other chemotherapy drugs in 639 

the GDSC database. 640 
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(a) Cell lines containing any mutations in the 9 genes are resistant to some common 641 

drugs that target DNA synthesis, such as cytarabine, bleomycin, etoposide, 642 

camptothecin, YK-4-279, 5-fluorouracil, and CX-5461. 643 

(b) Cell lines containing any mutations in the 9 genes are resistant to some common 644 

cell cycle-targeting drugs, such as docetaxel, AZD7762, vinblastine, RO-3306, 645 

THZ-2-102-1, PHA-793887, epothilone B, IOX2, NPK76-II-72-1, temsirolimus, and 646 

Genentech Cpd 10. 647 

 

Fig. 5. Differences in gene mutations between the panel-MT and panel-WT 648 

groups. 649 

(a) The TMB in the panel-MT group was significantly higher (p <0.001). 650 

(b) The number of mutations of the overall DDR and HR pathways in the panel-MT 651 

group was significantly higher than that in the panel-WT group (p <0.05). 652 

(c) The top 20 mutant genes and genes in the panel are grouped by the results of 653 

k-means clustering. Fisher's exact test was used to test the associations between the 654 

panel status and the mutated genes. TMB, tumor mutation burden. DDR, DNA 655 

damage repair. HR, homologous recombination. 656 

 

Fig. 6. Differences in molecular and pathway expression between the panel-MT 657 

and panel-WT groups. 658 

(a) Differentially expressed genes between the panel-MT and panel-WT groups. A 659 

total of 14 genes were upregulated in the panel-WT group when p value <0.05 and 660 
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FC > 3/2 or FC < 2/3.FC, fold change. 661 

(b-d) The GSEA results show the significantly enriched pathways in the panel-MT 662 

group. Pathways related to telomerase maintenance (B) and the cell cycle (D) were 663 

enriched in the panel-MT group. The DNA synthesis involved in DNA repair and 664 

interstrand crosslink repair pathways were significantly enriched in the panel-MT 665 

group (c). GSEA, gene set enrichment analysis. 666 



Figures

Figure 1

(a) Flowchart of the selection of the mutated resistance gene panel. N indicates the sample size. AUC,
area under the curve; SVMs, support vector machines. (b) Work �ow of this paper. SVMs, support vector
machines; WES, whole-exome sequencing.



Figure 2

IC50 distribution of cisplatin in lung cancer cells. (a) Fit curve displaying the distribution of lnIC50 values
in 170 lung cancer cell lines. (b) Scatter plot of the IC50 distribution of cisplatin in 170 lung cancer cells.
The �rst red dotted line shows the maximum screening concentration of 10.0 µM, and the second red
dotted line at the bottom shows the minimum screening concentration of 0.0391 µM. 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.

Figure 3

The identi�ed features can distinguish sensitive cell lines from drug-resistant cell lines. (a) Comparison of
SVMs algorithms containing 1-9 characteristic genes. When more gene features are included, the
accuracy and sensitivity of the SVMs algorithm can be substituted, as with AUC. (b) Regardless of the
subtype of lung cancer, the lnIC50 values of cell lines containing any mutations in the 9 genes are
signi�cantly higher, and these cell lines are resistant to cisplatin. (c) Considering the subtypes of lung
cancer, with the exception of EMSO, cell lines containing mutations in the 9 genes have signi�cantly
higher lnIC50 values and are resistant to cisplatin. (d) Correlation analysis of cluster labels between
SVMs and the k-means method. Cluster 0 by k-means is signi�cantly enriched in more panel-MT cell
lines.



Figure 4

The identi�ed features can be extended to other chemotherapy drugs in the GDSC database. (a) Cell lines
containing any mutations in the 9 genes are resistant to some common drugs that target DNA synthesis,
such as cytarabine, bleomycin, etoposide, camptothecin, YK-4-279, 5-�uorouracil, and CX-5461. (b) Cell
lines containing any mutations in the 9 genes are resistant to some common cell cycle-targeting drugs,
such as docetaxel, AZD7762, vinblastine, RO-3306, THZ-2-102-1, PHA-793887, epothilone B, IOX2, NPK76-
II-72-1, temsirolimus, and Genentech Cpd 10.



Figure 5

Differences in gene mutations between the panel-MT and panel-WT groups. (a) The TMB in the panel-MT
group was signi�cantly higher (p <0.001). (b) The number of mutations of the overall DDR and HR
pathways in the panel-MT group was signi�cantly 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.
TMB, tumor mutation burden. DDR, DNA damage repair. HR, homologous recombination.

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 p value <0.05 and FC > 3/2 or FC < 2/3.FC, fold change. (b-d)
The GSEA results show the signi�cantly 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. The DNA
synthesis involved in DNA repair and interstrand crosslink repair pathways were signi�cantly enriched in
the panel-MT group (c). GSEA, gene set enrichment analysis.
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