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Abstract
Background: The majority of patients with small- cell lung cancer (SCLC) show 
a good response in the early stages of treatment, but more than 90% of patients 
will develop drug resistance. Therefore, biomarkers are urgently needed to iden-
tify patients who can benefit from systemic treatment.
Methods: We prospectively enrolled 52 extensive- stage SCLC patients before 
treatment from a local hospital to identify mutations related to patient prognosis, 
and verified them in the published Jiang's cohort and George's cohort.
Results: We found that patients with high mutations (mut- high) in the fatty 
acid (FA) metabolism pathway had a longer progression- free survival (PFS) in 
the local hospital cohort (HR = 0.446, 95% CI, 0.207– 0.959, p = 0.0387) and a 
longer overall survival (OS) in Jiang's cohort (HR = 0.549, 95% CI, 0.314– 0.960, p 
= 0.0351) than patients with low mutations (mut- low). Multivariate analysis sug-
gested that mut- high status was an independent prognostic factor in both cohorts. 
George's cohort verified that mut- high status was associated with a longer OS 
than mut- low status (HR = 0.730, 95% CI 0.440– 1.220, p = 0.2277). The possible 
mechanisms were as follows: the frequency of mutated FA synthase (FASN) in 
the mut- high group was greater than that in the mut- low group, and pathways re-
lated to the cell cycle, DNA repair, and oxidative phosphorylation were enriched 
in the mut- high group.
Conclusions: The prognosis of SCLC patients treated with chemotherapy was 
better among patients with more mutations in the FA metabolism pathway, and 
the underlying mechanisms could be found at the genome and transcriptome 
levels.
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1  |  INTRODUCTION

Lung cancer is the most commonly diagnosed cancer 
worldwide and the most common cause of tumor- related 
mortality.1,2 Small- cell lung cancer (SCLC), a unique type 
of lung cancer, accounts for approximately 13%– 15% of 
lung cancers,3 and it was estimated that there were 29,654 
new SCLC cases in the United States in 2017. This unique 
type is characterized by a higher growth rate and a higher 
degree of malignancy and can develop into a systemic dis-
ease earlier than other lung cancers.4,5 For early limited- 
stage small- cell lung cancer (LS- SCLC), surgery is the 
most common treatment option. However, this only ap-
plies to a very small number of patients who have not yet 
developed mediastinal lymph node metastasis, account-
ing for approximately 2%– 5% of SCLC patients, and most 
patients need systemic management. For the remaining 
patients with extensive- stage SCLC (ES- SCLC), four cy-
cles of chemotherapy with cisplatin combined with etopo-
side (the EP regimen) is the most widely used approach 
in clinical practice, with an overall response rate (ORR) 
of 50%– 80%.6 Although most patients with SCLC show a 
good response in the early stages of treatment, the median 
overall survival (OS) time of ES- SCLC is only 9 months, 
and only 2% of patients survive more than 5 years.7,8 More 
than 90% of patients will develop drug resistance and 
eventually die from tumor recurrence.4,5 A large number 
of existing studies suggest that the expression or mutation 
of certain genes may be related to the primary or second-
ary chemotherapy resistance of patients. Therefore, there 
is an urgent need to screen out people who can benefit 
from chemotherapy through effective indicators and to 
identify patients who are unlikely to benefit from chemo-
therapy for more appropriate treatment.

Next- generation sequencing of tumor and adjacent 
normal tissues can reveal the genetic changes that have 
occurred in a tumor. Existing studies have suggested 
that alterations in key genes, such as tumor suppressor 
genes, may drive tumor progression and affect tumor cell 
responses to chemotherapeutics or targeted drugs, and 
many of these findings have been confirmed in clinical 
trials. For example, BCR- ABL rearrangement mutations 
are related to the efficacy of small molecule inhibitors 
of the BCR- ABL kinase, which leads to the wide usage 
of imatinib in the treatment of chronic myeloid leuke-
mia.9 Oncogenic BRAF mutations are associated with 

the efficacy of BRAF inhibitors, and vemurafenib (BRAF 
V600E) has been demonstrated to extend the survival in 
clinical trials of patients with BRAF- mutated skin mel-
anoma.10 In addition, recent studies have suggested that 
some new genetic mutations may also be related to che-
motherapeutic drug sensitivity and patient prognosis, 
but these claims need to be confirmed in further clini-
cal trials.11,12 There is much valuable genomics informa-
tion stored in many public databases, including the The 
Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.
gov/), Gene Expression Omnibus (GEO, https://www.
ncbi.nlm.nih.gov/geo/), and Genomics of Drug Sensitivity 
in Cancer (GDSC, https://www.cance rrxge ne.org/) data-
bases. In addition, many researchers have disclosed their 
sequencing data and clinical cohort data when their stud-
ies were publicly published. All of these resources provide 
opportunities for molecular medicine research.

A total of 31,117 pathway gene sets are stored in the 
Molecular Signatures Database (MSigDB, https://www.
gsea- msigdb.org/gsea/msigd b/), including 9 major collec-
tions, such as curated gene sets (C2), ontology gene sets 
(C5), and hallmark gene sets (H).13 Based on the gene sets 
provided in the MSigDB, gene set enrichment analysis 
(GSEA) and single sample GSEA (ssGSEA) can be applied 
to calculate the expression score of a specific pathway from 
an expression matrix, thereby inferring the expression of 
the pathway.14,15 For instance, Zeng et al. calculated the 
expression score of each gene set in tumor tissues and 
then explored the expression of gene sets for predicting 
the prognosis of urothelial cancer patients treated with 
immune checkpoint inhibitors.16 In addition, many other 
studies used the data set provided by MSigDB to explore 
the differences in expression or mutations in a specific 
gene set between groups as potential clues to phenotypic 
differences between groups.17– 19

Metabolic reprogramming is considered to be one of 
the 10 major characteristics of tumors.20 Warburg first 
observed that even under aerobic conditions, cancer cells 
mainly rely on glycolysis, which is called “aerobic glycol-
ysis” or the “Warburg effect,” and increasing glycolysis al-
lows glycolysis intermediates to enter various biosynthetic 
pathways, such as pathways that produce nucleosides and 
amino acids.20 In addition, alterations in fatty acid (FA) 
metabolism are often observed in rapidly proliferating 
tumor cells.21 FAs are composed of hydrocarbon chains 
and terminal carboxylic acid groups. Most of the time, 

K E Y W O R D S

biomarker, fatty acid metabolic pathway, prognosis, small- cell lung cancer (SCLC), whole 
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they have an even number of carbon atoms, which can be 
saturated or unsaturated. They are necessary for energy 
storage, membrane proliferation, and signaling molecule 
generation.21 Normal cells tend to use exogenous sub-
stances, while tumor cells prefer de novo FA synthesis and 
show a higher level of FA synthesis.22 The increased FA 
de novo synthesis from acetyl- CoA and NADPH enables 
the synthesis of more cell membranes and signaling mol-
ecules for rapidly proliferating and dividing tumor cells.23

Therefore, we prospectively collected tumor tissue 
samples from patients with ES- SCLC before they received 
EP regimen treatment in Zhujiang Hospital of Southern 
Medical University to perform whole exome sequencing 
(WES) and combined these data with clinical follow- up 
data to explore the relationship between the mutation 
frequency of the FA metabolism pathway and the prog-
nosis of patients. Then, we obtained the published data 
sets for Jiang's cohort and George's cohort for verification. 
Finally, the RNA sequencing (RNA- Seq) data from Jiang's 
cohort and the Genomics of Drug Sensitivity in Cancer 
(GDSC) database were used for subsequent mechanistic 
exploration.

2  |  METHODS

2.1 | Workflow of the whole study

Figure 1 shows an overall flow chart of our research. We 
adopted a three- step method: The first step was the ini-
tial mutational biomarker discovery step, where we sys-
tematically analyzed mutation data and clinical data from 
SCLC patients in the local cohort and Jiang's cohort to 
identify an independent mutational biomarker to predict 
the prognosis of patients treated with chemotherapy. In 
the second step, an independent cohort from a study by 
George et al. was used for verification. Finally, the data 
of cell lines from the GDSC database and clinical sample 
data from Jiang's cohort were used to explore potential 
mechanisms.

2.2 | Collection and sequencing of 
samples from the local hospital cohort

Fresh- frozen SCLC samples (NCT03162705, details of 
protocol available at https://www.clini caltr ials.gov/) 
were collected from April 2017 to June 2020 from 52 pa-
tients before treatment; peripheral blood was collected 
during follow- up. This study was approved by the Ethics 
Committee of Southern Medical University. Whole exome 
sequencing (WES) was performed on the 52 fresh- frozen 
SCLC samples, and WES was performed as mentioned 

in our previous research.11 Fifty- two patients who met 
each of the inclusion criteria were included, and the de-
tailed inclusion criteria were as follows: (1) age between 
18 and 75 years old; (2) patients who had not undergone 
any treatment and were diagnosed with extensive SCLC 
by immunohistochemistry (IHC); (3) ECOG (Eastern 
Cooperative Oncology Group, ECOG) PS (performance 
status, PS) Scale score of 0 or 1; (4) expect to survive for 
at least 3 months; (5) peripheral routine blood tests and 
liver and kidney function met the following criterion 
(blood draw 7  days before the treatment began): white 
blood cell (WBC) count greater than 3.0 × 10^9/L or neu-
trophils (ANC) count more than 1.5 × 10^9/L; and hemo-
globin (HGB) level greater than 80 g/L. Platelet (PLT) is 
greater than 100  ×  10^9/L. Aspartate aminotransferase/
alanine aminotransferase (AST/ALT) <3.0 times of nor-
mal range. Total bilirubin (TBIL) <1.5 times of normal 
range. Creatinine (CREAT) <1.5 times of normal range. 
(6) Female or male patients must adopt effective birth 
control measures, and (7) informed consent forms must 
be provided.

2.3 | WES, transcription, clinical, and 
drug response data

For Jiang's cohort, the WES data and clinical records 
of 96 SCLC patients were obtained from the supple-
mentary files provided by Jiang et al.,24 and standard-
ized RNA- Seq data for 49 patients were obtained from 
GSE60052 (http://www.ncbi.nlm.nih.gov/geo/query/ acc.
cgi?acc=GSE60052). For George's cohort, the WES data 
and clinical data of 101 SCLC patients were obtained from 
the supplementary files provided by George et al.25 In ad-
dition, we downloaded WES data and corresponding tran-
scriptome data and drug responsiveness data for SCLC 
cell lines from the GDSC database (https://www.cance 
rrxge ne.org/).

2.4 | Gene sets related to the prognosis of 
SCLC patients treated with chemotherapy

Fifty hallmark gene sets (H), 5529 curated gene sets (C2), 
and 10192 ontology gene sets (C5) were downloaded from 
MSigDB (https://www.gsea- msigdb.org/gsea/downl oads.
jsp). Based on the median mutation frequency of a cer-
tain gene set in the cohort, the samples were divided into 
a mut- high group (excluding the median) and a mut- low 
group for a certain pathway, and then univariate Cox 
proportional hazards survival analysis was used to test 
whether there was a significant difference in survival time 
(progression- free survival [PFS] or OS) between groups. 

https://www.clinicaltrials.gov/
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE60052
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE60052
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https://www.cancerrxgene.org/
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https://www.gsea-msigdb.org/gsea/downloads.jsp
https://www.gsea-msigdb.org/gsea/downloads.jsp
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Multivariate proportional hazards survival analyses of the 
significant pathways and available clinical variables were 
applied to eliminate the interference of potential con-
founding factors, and then a reliable gene set represent-
ing a specific pathway related to the prognosis of SCLC 
patients treated with chemotherapy was chosen for sub-
sequent analysis.

2.5 | Differential gene expression (DGE) 
analysis and GSEA between the mut- 
high and mut- low groups

The mutation count of the FA metabolic pathway was re-
lated to the prognosis of SCLC patients, so the samples in 
cohorts were grouped based on the number of mutations 
in the FA metabolic pathway. In detail, if the number of 
mutations in the FA pathway gene set of a sample was 
greater than the median level, it was classified as mut- 
high; otherwise, the sample was classified as mut- low. 
The Limma R package was used to perform DGE analysis 

of the standardized transcription data.26 Then, the clus-
terProfiler R package was used to perform GSEA based 
on the gene set sorted by log fold change (FC) with 1000 
iterations.27 The gene set variation analysis (GSVA) R 
package was used to evaluate the expression of gene sets 
in the sample, which reflects the expression level of the 
corresponding pathway.15 The limma R package was used 
again for differential pathway expression analysis. Gene 
sets C2, C5, and H were included in the GSEA and GSVA.

2.6 | Connectivity Map (CMap) and 
Mechanism of Action (MoA) analysis

The SCLC cell lines in the GDSC database were grouped 
based on the mutation count in the FA metabolism path-
way, and the half- maximal inhibitory concentration 
(IC50) difference between the two groups was explored. 
The CMap biomedical software developed by the Broad 
Institute utilizes transcriptional expression data to explore 
relationships between genes, diseases, and therapeutics 

F I G U R E  1  The whole workflow of this study. A three- step method was adopted in this study: an initial mutational biomarker discovery 
step with the local hospital cohort and Jiang's cohort, a verification step with the independent George's cohort, and an investigation step for 
exploring the potential mechanisms at the genome and transcriptome levels
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(https://clue.io/cmap).28,29 In our study, to identify the po-
tential compounds that reduce patient risk, CMap analy-
sis was applied to compute enrichment scores through a 
web interface (https://porta ls.broad insti tute.org/cmap/), 
and build 02 was built as an Affymetrix- based CMap data 
set. To query CMap, the genes were converted to probes 
in the GPL96 platform to be the exact queries, and CMap 
software was applied to compute an enrichment score that 
ranged from −1 to 1 and the corresponding permutation p 
value instantly. To further understand the drug MoA, all 
MoA and target information were downloaded from the 
same website.

2.7 | Statistical analysis

The differences in clinical data, gene expression, pathway 
enrichment scores, log- transformed IC50s (lnIC50s), and 
tumor mutational burden (TMB) between the mut- high 
group and the mut- low group were assessed, and the 
Wilcoxon test was used for the continuous variables. The 
survival and survminer R packages were used for Kaplan– 
Meier plots. The ComplexHeatmap Bioconductor pack-
age was used to visualize the top 20 mutated genes and 
genes with mutation frequencies of >5% in the FA me-
tabolism pathway, and the Fisher's exact test was used 
to test whether the differences in mutation frequency 
between the two groups were significant. All the above 
analyses and visualizations were achieved in R (version 
3.6.1) and RStudio (Version 1.2.1335). p < 0.05 was con-
sidered statistically significant, and all statistical tests 
were two- sided.

3  |  RESULTS

3.1 | Basic characteristics of the local 
hospital cohort and Jiang's cohort

From April 2017 to June 2020, a total of 52 patients di-
agnosed with ES- SCLC with available biopsy tissues were 
enrolled in the local hospital cohort (clinical trial number: 
NCT03162705). The median age of patients was 63 years 
old. There were 46 male patients and 6 female patients in 
this cohort, and all of the patients received the EP regi-
men after sampling (Table 1). In Jiang's cohort, there were 
96 patients whose data included both follow- up data and 
tumor WES data. The median age of the patients was 57 
(range, 36– 77) years old. Eighty- three (83/96, 86.5%) pa-
tients did not receive chemotherapy before sampling, and 
all patients received at least one chemotherapy cycle after 
sampling. In the latter cohort, the majority of patients 
were in tumor- node- metastasis (TNM) stage III, and the 
numbers of patients in stages I, II, III, and IV were 15, 
16, 62, and 3, respectively. The numbers of smokers and 
nonsmokers were 71 and 25, respectively. The numbers 
of men and women were 83 and 13, respectively (Table 2).

3.2 | FA pathway mutations were 
associated with the prognosis of SCLC 
patients receiving chemotherapy

Gene sets representing different pathways were down-
loaded from MSigDB (https://www.gsea- msigdb.org/
gsea/downl oads.jsp), and the mutation frequency of each 

Characteristics Overall mut- low mut- high p value

N 52 35 17

Age (mean [SD]) 62.96 (7.21) 63.03 (8.15) 62.82 (4.94) 0.924

Gender (%)

Female 6 (11.5) 4 (11.4) 2 (11.8) 1

Male 46 (88.5) 31 (88.6) 15 (88.2)

Smoke (%)

Non- smoker 9 (17.3) 9 (25.7) 0 (0.0) 0.055

Smoker 23 (44.2) 14 (40.0) 9 (52.9)

MISS 20 (38.5) 12 (34.3) 8 (47.1)

TNM stage (%)

III 9 (17.3) 6 (17.1) 3 (17.6) 0.797

IV 22 (42.3) 16 (45.7) 6 (35.3)

III/IV 21 (40.4) 13 (37.1) 8 (47.1)

Chemotherapy exposed biopsy (%)

Naive 52 (100.0) 35 (100.0) 17 (100.0) — 

T A B L E  1  Baseline clinical 
characteristics of patients from the local 
cohort

https://clue.io/cmap
https://portals.broadinstitute.org/cmap/
https://www.gsea-msigdb.org/gsea/downloads.jsp
https://www.gsea-msigdb.org/gsea/downloads.jsp
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Characteristics Overall mut- low mut- high p value

N 96 53 43 0.654

Age (mean [SD]) 57.66 (8.33) 58.01 (8.56) 57.24 (8.11)

Gender (%)

Female 13 (13.5) 7 (13.2) 6 (14.0) 1

Male 83 (86.5) 46 (86.8) 37 (86.0)

Smoke (%)

Non- smoker 25 (26.0) 12 (22.6) 13 (30.2) 0.543

Smoker 71 (74.0) 41(77.4) 30 (69.8)

TNM stage (%)

I 15 (15.6) 9 (17.0) 6 (14.0) 0.866

II 16 (16.7) 9 (17.0) 7 (16.3)

III 62 (64.6) 34 (64.2) 28 (65.1)

IV 3 (3.1) 1 (1.9) 2 (4.7)

Chemotherapy exposed biopsy (%)

Naive 83 (86.5) 47 (88.7) 36 (83.7) 0.685

Chemotherapy 
treated

13 (13.5) 6 (11.3) 7 (16.3)

T A B L E  2  Baseline clinical 
characteristics of patients from the Jiang's 
cohort

F I G U R E  2  Fatty acid metabolism- related mutations were associated with the prognosis of SCLC patients receiving chemotherapy. (A) 
Patients were grouped based on the median frequency of pathway mutations in their corresponding cohort, and the scatter plot shows the 
HRs of different pathways from the local hospital cohort and Jiang's cohort. All the points in the plot represent a pathway with p < 0.05 in 
the univariate Cox regression, and the green, blue, and gray dots indicate the pathways that were associated with better, worse, and different 
patient prognoses in the two cohorts, respectively. (B) Kaplan– Meier survival curves of the PFS of the local hospital cohort comparing 
patients in the mut- high group and the mut- high group. (C) Kaplan– Meier survival curves of the OS of Jiang's cohort comparing patients in 
the mut- high group and the mut- high group. (D) Kaplan– Meier survival curves of the OS of the George's cohort comparing patients in the 
mut- high group and the mut- high group. (E) Univariate and multivariate analyses in Jiang's cohort. (A– D) Differences between the mut- 
high and mut- high groups were assessed using univariate Cox analysis
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pathway in the sample was calculated. In the discovery 
stage, both the local hospital cohort and Jiang's cohort 
contained only patients from China. We calculated the 
mutation frequency of each sample in the two cohorts 
based on the genes in the C2, C5, and H gene sets. We 
performed univariate Cox analysis of patients stratified 
by the median value of mutational counts in each path-
way. In these two cohorts, we compared the HR of path-
ways that was significantly related to the prognosis and 
found that a total of 10 gene sets had consistent patterns 
in both cohorts (Figure 2A): one highly mutated pathway 
was related to a worse prognosis and nine highly mutated 
pathways were associated with a better prognosis. The 
prognosis of patients with high mutational counts (mut- 
high) in the FA metabolism pathway was significantly 
better than that of patients with low mutational counts 
(mut- low) in this pathway. Specifically, in the local hos-
pital cohort, patients with a high number of mutations 
(patients with more than one mutation) in the FA metab-
olism pathway had a longer PFS time than those in the 
mut- low group (median PFS [95% CI]: 7.07 [5.36 –  8.43] 
months vs. 7.97 [6.83- not reached] months; HR [95% CI]: 
0.446 [0.207– 0.959]; p  =  0.0387](Figure  2B). In Jiang's 
cohort, the mut- high group which included patients with 
more than two mutations in the FA metabolism pathway 
had a longer OS time than the mut- low group (median 
OS [95% CI]: 20.1 [13.3– 27.8] months vs. 34.2 [26.1- not 
reached] months; HR [95% CI]: 0.549 [0.314– 0.960]; 
p = 0.0351) (Figure 2C).

Then, we compared the clinical characteristics of pa-
tients in the local cohort and Jiang's cohort. There was no 
significant difference between the mut- high and mut- low 
groups in either cohort (Table 1 and Table 2). In addition, 
we included the available clinical variables and performed 
univariate and multivariate Cox regression analyses that 
took the patients’ age, sex, tumor stage, and previous che-
motherapy into account to exclude confounding factors. 
In Jiang's cohort, because there were only three patients 
with stage IV disease, we combined stage III and stage IV 
patients into an advanced SCLC group and combined the 
remaining stage I and stage II patients into an early SCLC 
group. In the univariate analysis (Figure 2C,E), we found 
that in addition to a high number of mutations in FA me-
tabolism pathways being associated with longer OS time 
(HR = 0.549, 95% CI, 0.314– 0.959, p = 0.035), late SCLC 
was associated with a shorter OS time (HR = 2.750, 95% 
CI 1.440– 5.249, p = 0.002), which was consistent with the 
actual clinical observations. In the multivariate analysis 
that included the significant variables from the univari-
ate analysis, tumor stage and the mutation levels of the 
FA metabolism pathway were still related to the prognosis 
(HR = 3.027, 95% CI 1.579– 5.804, p < 0.001; HR = 0.483, 
95% CI 0.275– 0.847, p = 0.011, respectively).

In the validation phase, we again verified that mut- 
high status (patients with more than one mutation) of the 
FA metabolism pathway was associated with a better prog-
nosis than mut- low status(median OS [95% CI]: 23 (20- 34) 
months vs. 32 [18- not reached] months; HR[95%CI]: 0.73 
[0.44– 1.22]; p  =  0.2277) in George's cohort(Figure  2D), 
where most of the patients were Caucasian.

3.3 | Differences in gene mutation 
profiles between the mut- high and mut- 
low groups

We grouped the patients in Jiang's cohort based on counts 
of mutations in the FA metabolism pathway and summa-
rized the clinical characteristics of each group (Table 1). 
We found that there was no significant difference in clini-
cal characteristics between the two groups, so the data sets 
were balanced. Figure 3A shows the top 20 mutated genes 
and the genes in FA metabolism pathways with an overall 
mutation frequency greater than 5%. TP53 was the most 
frequently mutated gene, whose mutation frequencies in 
the two groups were 87% and 80%, respectively. CSMD3 
(47% vs. 44%), LRP1B (47% vs. 35%), RB1 (42% vs. 52%), 
and OBSCN (36% vs. 44%) were also commonly mutated. 
Among the top 20 mutated genes, the mutation frequency 
of EYS in the mut- high group was significantly higher 
than that in the mut- low group (33% vs. 13%). For genes 
in the FA metabolism pathway, the mutation frequencies 
of fatty acid synthase (FASN), ACACB, ACACA, DECR2, 
and PTGIS were greater than 10% in the mut- high group. 
Among these genes, FASN was the most commonly mu-
tated gene and the only gene whose mutation frequency 
in the mut- high group was significantly higher than that 
in the mut- low group (18% vs. 4%). We applied the same 
analysis in the local hospital cohort and found that the 
mutation frequency of FASN was significantly higher in 
the mut- high group than in the mut- low group (12% vs. 
0%).

In addition, we calculated the TMB for each sample in 
each cohort. The TMB in the mut- high group was signifi-
cantly higher than that in the mut- low group in Jiang's 
cohort (p  =  0.0016) (Figure  3B). Considering that the 
mutation frequency of FASN was significantly different 
between the two groups, we explored the association be-
tween FASN mutations and TMB. As expected, we found 
that the TMB in the group with mutated FASN was sig-
nificantly higher than that in the group without mutated 
FASN (Figure 3C). Genomic instability is one of the hall-
marks of tumors, so we compared the mutations in the 
genes related to DNA damage and repair pathways (DDR) 
between the two groups. However, there was no signifi-
cant difference between the two groups (data not shown). 
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This result suggests that there may be other mechanisms 
that lead to differences in patient prognosis between the 
two groups.

Next, we visualized the mutations of genes with high 
mutation frequency in the FA metabolism pathway 
(Figure 3D). FASN is a complex gene containing multiple 
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F I G U R E  3  The landscape of genomic alterations and lollipop charts of FASN mutation sites in Jiang's cohort. (A) Mutation profile of 
the top 20 currently mutated genes and genes in FA metabolism with overall mutation frequency >5% in 99 SCLC samples from Jiang's 
cohort, grouped by the frequency of mutations in the FA metabolism pathway. The gene symbols are marked on the left side: the symbols of 
genes in black font color are the top 20 mutated genes, and the symbols of genes in red font color are genes in the FA metabolism pathway. 
Asterisks indicate the relationship between the mut- high/mut- low groups, and those mutated genes were tested using the Fisher's exact test. 
****p < 0.0001, ***p < 0.001, **p < 0.01, *p < 0.05. (B) The TMB in the mut- high group was significantly higher than that in the mut- low 
group. The values of the TMB are plotted on a log scale. (C) The TMB of the patients with mutated FASN was significantly higher than 
that of patients without mutated FASN. The values for TMB are plotted on a log scale. (D– F) Amino acid positions of FASN, ACACB, and 
ACACA mutations. Numbers in circles represent the frequency of the corresponding site mutation

F I G U R E  4  Representative differentially enriched pathways between the mut- high and mut- low groups and the pathway related to 
patient survival. (A– C) Pathways related to the cell cycle, DNA damage and repair, and oxidative phosphorylation were enriched in the mut- 
high group compared with the mut- low group. (D) The very long FA metabolic process pathway scored higher in the mut- high group than 
in the mut- low group. (E) A higher score for the very long FA metabolic process pathway was associated with a better prognosis (HR: 0.3, 
95% CI: 0.1−0.93). FA, fatty acid
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enzyme domains, and the mutations were mainly lo-
cated in the region that lacks catalytic activity, includ-
ing p.L1039P, p.D1229E, p.D1311N, and p.R1349P. Some 
other mutations were located in the thioesterase domain, 
including 3p.A2398S, 1p.R2413H, and 1p.R2428C, which 
may cause loss of function. Other key genes in FA metabo-
lism, including ACACB, ACACA, DECR2, and PTGIS, had 
recurrent mutations. Mutations in the above genes mainly 
occurred in the active sites (Figure 3E– F).

3.4 | Differences in gene and pathway 
expression between the mut- high and mut- 
low groups

We analyzed the transcription data of 49 patients with 
both WES data and prognostic information to further 
explore potential mechanisms. First, when the mut- high 
and mut- low groups were compared, there were a total of 
50 upregulated genes and 77 downregulated genes in the 
mut- high group (p value <0.05 and FC >2/1 or FC <1/2). 
Then, we performed GSEA to identify the relationships 
between upregulated or downregulated genes. Pathways 
related to the cell cycle, DNA damage and repair, and 
oxidative phosphorylation were enriched in the mut- high 
group (Figure 4A– C). In contrast, some pathways related 
to lipid localization and binding were mainly enriched in 
the mut- low group. Pathways related to arachidonic acid 
metabolism and bile salt circulation were also enriched in 
the mut- low group.

3.5 | Relationship between mutations 
in FA metabolism pathways, pathway 
expression, and patient prognosis

Previous results suggested that mutations in FA metabo-
lism pathways do not directly affect the patient prognosis 
by affecting the metabolism of FAs or other substances. 
Therefore, we further explored which pathway muta-
tions are related not only to FA pathway mutations 
but also to patient prognosis to identify the potential 
mechanism that may affect patient outcomes. We found 
that the very long fatty acid metabolic process pathway 
scored higher in the mut- high group (Figure 4D, t = 2.3, 
p = 0.026), and a higher score of this pathway was asso-
ciated with a better prognosis (Figure 4E). In the univar-
iate Cox analysis of the very long FA metabolic process 
pathway, patients with higher scores were at a lower risk 
than those with lower scores (median OS (95% CI): 16.3 
(14.6- not reached) months vs. 33.4 (17.0- not reached) 
months; HR (95% CI): 0.302 (0.098– 0.925); p  =  0.036). 
In the following multivariate Cox regression, when the 

influence of clinical factors such as tumor stage, sex, age, 
and smoking was excluded, this pathway also showed a 
trend to be prognostic (HR = 0.315, 95% CI, 0.098– 1.018, 
p = 0.054).

3.6 | Mutations in the FA metabolism 
pathway affect the responsiveness of SCLC 
cell lines to some drugs

Next, we explored the correlation between the frequency 
of mutations in FA metabolism pathways and the re-
sponsiveness of SCLC cell lines to compounds in the 
GDSC database. We found that only the mut- low group 
demonstrated significantly higher lnIC50s than the mut- 
high group (Figure 5A). These drugs included THZ- 2– 49, 
CGP- 082996, and KIN001- 270, which target the cell 
cycle, as well as NVP- BHG712, GSK690693, CAL- 101, 
BAY.61– 3606, UNC1215, TL- 1– 85, NG- 25, JNK- 9L, XL- 
880, and salubrinal.

3.7 | CMap analysis revealed that ATPase 
inhibitors could reduce patient risk

CMap is a gene expression profile database based on in-
terventional gene expression developed by the Broad 
Institute, which can be used to reveal the functional con-
nections between small molecule compounds, genes, and 
diseases. Therefore, we used the data of SCLC cell lines 
to explore potential drugs that could reduce patient risk 
(Figure  5B,C). Among the four drugs with scores >0.9 
and p < 0.05, there were two ATPase inhibitors (2/4), an 
adrenergic receptor antagonist (1/4), and a DNA synthe-
sis inhibitor. Among the 11 drugs with scores >0.8 and 
p < 0.05, 4 were ATPase inhibitors, 2 were adrenergic an-
tagonists, 1 was a DNA synthesis inhibitor, 1 was a protein 
synthesis inhibitor, 1 was a topoisomerase inhibitor, 1 was 
a DNA replication inhibitor, and 1 was a STAT inhibi-
tor. Among the drugs with the opposite trend, only one 
drug— a PARP inhibitor, NU- 1025— satisfied the score 
<−0.8 and p < 0.05 criteria.

4  |  DISCUSSION

In our research, we found that the mut- high group had a 
better prognosis than the mut- low group. Analysis of the 
underlying mechanisms suggested that there were muta-
tion differences in key genes in FA metabolism between 
the two groups, and some pathway components related 
to the cell cycle, DNA damage and repair, and oxidative 
phosphorylation were differentially expressed. Finally, 
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F I G U R E  5  Comparison of drug responsiveness between the mut- high and mut- low groups and the results of CMap analysis. 
(A) LnIC50 values of drugs between the mut- high group and the mut- low group. The IC50s reported in the GDSC database were log 
transformed. The differences in the lnIC50 values of different drugs between the mut- high and mut- low cell lines were tested using the 
Mann– Whitney U test. ns: not significant; *p < 0.05; **p < 0.01; ***p < 0.001. (B) Heatmap showing the enrichment score of each drug from 
the CMap analysis for cell lines in the GDSC database. Blue corresponds to a negative enrichment score; red corresponds to a positive score. 
(C) Heatmap showing the drugs from the CMap analysis that share an MoA. The background colors (blue and pink) correspond to negative 
and positive enrichment scores, respectively
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the results based on CMap analysis suggest that ATPase 
inhibitors may reduce patient risk.

Genomic instability is a characteristic of tumors, man-
ifested by the accumulation of mutational burden. When 
comparing the TMB of the mut- high group and the mut- 
low group, we found that the TMB of the mut- high group 
was significantly higher. This may be because the mut- 
high group itself included tumor samples with a higher 
mutational background. However, the classification of 
mut- high and mut- low groups in this study was based on 
the median mutation counts in the FA metabolism path-
way. Specifically, the medians in Jiang's and local hospi-
tal cohorts were 2 and 1, respectively, suggesting that the 
grouping may not be the cause of the difference in TMB 
between the two groups. Previous studies have suggested 
that the accumulation of mutations in the DDR pathway 
leads to higher TMB because more unrepaired mutations 
will accumulate in the cells.30 However, we did not find 
any difference in the mutation loads of the overall DDR 
pathway or each DDR sub- pathway between the two 
groups, which may indicate that there were other reasons 
for the difference in TMB between the two groups.

FASN is a key regulatory molecule in lipid metabolism 
and plays an important role in the growth and survival of 
tumor cells with lipogenic phenotypes.31 In our study, the 
mutational frequency of FASN was significantly higher in 
the mut- high group (18% vs. 4%). FASN is a large multien-
zyme complex whose monomer protein is approximately 
270  kDa. It contains six independent enzyme grooves, 
which can work together to generate 16- carbon chain sat-
urated FAs from acetyl- CoA (CoA) and malonyl- CoA (FA) 
in the presence of nicotinamide adenine dinucleotide hy-
drogen phosphate (NADPH). Although a single FASN 
molecule contains all the crucial enzymes for palmitate 
synthesis, the dimerization of FASN is important for its 
function.32 Approximately 1/4 of the length of FASN is lo-
cated in the middle range, which lacks catalytic activity 
but is necessary for the formation of dimers. The muta-
tions in FASN, including p.L1039P, p.D1229E, p.D1311N, 
and p.R1349P, were mainly located in the crucial middle 
part, which may affect dimer formation and thus affect its 
function. In addition, thioesterase is the key enzyme that 
controls chain length during FA synthesis,33 and some 
mutations were located in the thioesterase domain of 
FASN, including 3p.A2398S, 1p.R2413H, and 1p.R2428C, 
which may also cause functional deficiency. Next, we also 
reviewed recurrent gene mutations in the FA metabolism 
pathway. The affected genes were key genes in FA metab-
olism, including ACACB, ACACA, DECR2, and PTGIS, 
with mutations mainly in the active sites. Although there 
was no significant regional enrichment, the role of these 
mutations in the process of tumorigenesis should not be 
ignored.

Both cisplatin and etoposide are cell cycle- specific 
drugs, and both can form cross- links with cell DNA to 
affect DNA function,34 thereby inducing cell death.35 The 
GSEA results suggested that pathways related to the cell 
cycle and DNA damage and repair were enriched in the 
mut- high group, which may be a potential mechanism for 
the difference in prognosis between the mut- high group 
and the mut- low group. In addition, pathways related to 
oxidative phosphorylation, the tricarboxylic acid cycle, 
and respiratory electron transfer processes were also en-
riched in the mut- high group. In contrast, some pathways 
related to lipid localization and binding were mainly en-
riched in the mut- low group. Arachidonic acid metabo-
lism-  and bile acid salt circulation- related pathways were 
also enriched in the mut- low group. This may indicate 
that normal oxidative metabolism was more enriched in 
the mut- high group or that the degree of tumor metabolic 
reprogramming in the mut- high group was lower than 
that of the mut- low group.

Previous studies have suggested that very long- chain 
FAs have a carbon chain length >= 22 and are beta- 
oxidized in peroxisomes36; these FAs generate heat instead 
of ATP and ultimately disperse in cells.37 The pathway of 
very long- chain FA metabolism scored significantly higher 
in the low- risk group, and a higher score for this pathway 
was related to a better patient prognosis (HR  =  0.302, 
95% CI: 0.098– 0.925, p  =  0.036), which may be one of 
the possible mechanisms for the difference in survival 
between the two groups. In the subsequent multivariate 
analysis including clinical variables, the score of this path-
way showed a trend to be prognostic (HR  =  0.315, 95% 
CI: 0.098– 1.018, p = 0.054), which was mainly due to the 
small sample size.

The current version of the GDSC database contains 
nearly 1000 tumor cell lines, covering common tumor 
types.38 It also contains 518 kinds of drugs, including cy-
totoxic drugs and targeted drugs. In our research, only the 
mut- low group demonstrated a significantly higher lnIC50 
than the mut- high group for some drugs, suggesting that 
the mut- low group may be less sensitive to cytotoxic che-
motherapeutics than the mut- high group on a global scale.

CMap is a gene expression profile database based on 
interventional gene expression developed by the Broad 
Institute, which can be used to reveal the functional con-
nections between small molecule compounds, genes, and 
diseases.28,29 The results of CMap analysis suggested that 
ATPase inhibitors may reduce patient risk, thereby im-
proving the prognosis of patients in the high- risk group. 
Specifically, the enriched ATPase inhibitors referred to 
Na+/K+- ATPase inhibitors, including digitoxigenin, di-
goxin, helveticoside, ouabain, and proscillaridin, which 
are cardiac glycosides that have been studied in the con-
texts of inducing tumor apoptosis, inhibiting tumor cell 
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growth, and inhibiting topoisomerase activity.39 A re-
cent study showed that circulating tumor cells (CTCs) 
with stem cell- like characteristics can methylate DNA to 
achieve metastatic seeding, while ouabain can rescue this 
process by increasing the intracellular Ca2+ concentra-
tion.40 The results of the mentioned studies suggest that 
ATPase inhibitors may play an antitumor role.

The advantage of this study is that it combines data 
from two publicly published cohorts to verify our conclu-
sions from the local hospital cohort, making our conclu-
sions more robust. In addition, we used bioinformatics 
analysis to explore the potential mechanisms at the ge-
nome and transcriptome levels. Finally, we explored the 
relationship between mutations in FA metabolism path-
ways and the IC50 of cytotoxic drugs and used CMap anal-
ysis to identify potential drugs that could reduce patient 
risk. However, there were also some limitations. First, we 
found that a high number of mutations in FA metabolism 
pathways may be associated with a better prognosis than 
a low number of mutations in SCLC patients treated with 
chemotherapy. However, there were too many missing 
values in treatment response records that made it impos-
sible to compare the disease control rate between groups 
directly, and there may be other therapeutic factors aside 
from chemotherapy, such as thoracic radiotherapy, that af-
fect the prognosis of patients in the three clinical cohorts. 
Second, we grouped samples based on the median counts 
of FA metabolism pathway mutations. The medians in the 
three clinical cohorts were slightly different (local hos-
pital cohort, 1; Jiang's cohort, 2; and George's cohort, 1), 
and there was no uniform cutoff value. Finally, when we 
used the GDSC database to explore potential drugs that 
can reduce patient risk, we screened cardiac glycosides 
through strict conditions. Although these drugs have an 
antitumor effect in a variety of tumors, they have rarely 
been reported in SCLC, so our conclusion requires further 
validation.

5  |  CONCLUSION

In our study, we found that SCLC patients with a high 
number of mutations in the FA metabolism pathway 
had a better prognosis than patients with a low number 
of mutations after receiving the EP regimen. Mechanistic 
analysis suggested that these findings may be explained by 
the observations that the mut- high group demonstrated 
a higher TMB and a higher number of FASN mutations 
than the mut- low group. Analysis of expression data re-
vealed that pathways related to the cell cycle, DNA dam-
age and repair, and oxidative phosphorylation pathways 
were more enriched in the mut- high group. In addition, 
the level of very long- chain FA metabolism was higher 

in the mut- high group, which may be a metabolic factor 
affecting the prognosis of patients. Analysis of these data 
and data from the GDSC database suggested that the mut- 
low group tends to be more resistant to chemotherapeu-
tics. The results of CMap analysis suggested that NA+/
K+- ATPase inhibitors could reduce patient risk, but this 
requires further verification.
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