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Association of clock-like mutational signature
with immune checkpoint inhibitor outcome
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Immune checkpoint inhibitor (ICI) therapy has achieved
remarkable clinical benefit in melanoma and non-small cell
lung cancer (NSCLC). Tumor mutational signatures are the
fingerprints of endogenous and exogenous factors that have
acted throughout tumorigenesis and heterogeneity; however,
their association with immune response in ICI-treated samples
remains unclear. Here, we leveraged whole-exome sequencing
(WES)-based mutational profiles combined with clinicopatho-
logic characteristics from melanoma and NSCLC datasets to
examine whether tumor genomic features contribute to clinical
benefit of ICI treatment. Mutational data acquired from
targeted next-generation sequencing (NGS) assays (MSK-
IMPACT panels) were also employed for further corrobora-
tion. A mutational signature (known as age-related clock-like
processing) characterized by enrichment of C>T mutations at
NpCpG trinucleotides were identified to be associated with a
worse prognosis and lower tumor mutation load (TML) in
both WES and targeted NGS immunotherapy cohorts. We
also analyzed gene transcriptomic profiles and identified im-
mune regulation-related gene pathways that were significantly
altered in samples with different clock-like signature grouping.
Leucocyte subset analysis further revealed that clock-like
signature was associated with the reduction of cytotoxic cell
infiltration and elevation of regulatory T cells. Overall, our
work re-annotated that the age-related clock-like signature
was associated with worse prognosis and lower immune activ-
ity, offering opportunities to stratify patients into optimal
immunotherapy plans based on genomic subtyping.
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INTRODUCTION
Immune checkpoint inhibitor (ICI) therapy, such as anti-CTLA-4
and/or anti-PD-1 agents, have revolutionized the treatment of pa-
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tients with advanced-stage skin cutaneous melanoma (SKCM) and
non-small cell lung cancer (NSCLC).1,2 However, the durable benefit
is limited to a minority of patients due to tumor heterogeneity and
diverse immunogenicity. Recent studies elucidated that cancer
genomic and transcriptome features can contribute to their predic-
tion of response to ICI; for example, higher tumor mutation burden,
PD-L1 expression, neoantigen quality, and T cell-inflamed gene levels
were associated with clinical benefits from immunotherapy.3–6

Further studies also found that tumors surrounded with a greater level
of immune cell infiltration, particularly the cytotoxic cells (CD8+

T cells, natural killer [NK] cells, etc.) had a better prognosis and treat-
ment response.7

Genomic profiling studies of whole-exome sequencing (WES) assays
and hybridization capture-based next-generation sequencing (NGS)
assays (targeted-NGS panels) have been frequently utilized to identify
various genetic aberrations that provide insights into the biological
heterogeneity and clinical implication in melanoma and NSCLC.8

The mutational signatures are the fingerprints of endogenous and
exogenous factors that have acted throughout tumorigenesis and het-
erogeneity.9 Substitution of C>T at TpCpW (where W = A or T)
correlated with over-activity of the APOBEC(apolipoprotein B
mRNA editing catalytic polypeptide-like) RNA-editing enzyme and
mediated the tumor immune activity in lung cancer.10,11 Prevalent
C>T mutations at CpG dinucleotide via spontaneous deamination
of 5-methylcytosine was associated with aging, a risk factor for cancer
erapy: Nucleic Acids Vol. 23 March 2021 ª 2020 The Author(s). 89
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development.12 Recent genomic mutation studies also elucidated po-
tential driver genetic mutation underlying tumor immune
response.4,13,14 Acquired resistance to PD-1 blockade in patients
with advancedmelanoma can be associated with loss-of-functionmu-
tations in the genes encoding interferon-gamma receptor-associated
JAK1 or JAK2.15 There is also evidence suggesting that KRAS muta-
tion is a genetic marker of benefit from ICIs and emerging direct in-
hibitors of K-Ras, which will soon be combined with immunotherapy
into clinical utilization.16

Considering melanoma and NSCLC possess higher mutational fre-
quency and various mutational footprints, exploring their association
with immune infiltration and prognostic prediction will provide po-
tential novel targets for immunotherapy. The relationship between
the specific mutational signature process (e.g., CC>AA and CC>TT
dinucleotide substitutions) and the origin of pathogenesis (e.g., UV
exposure and tobacco smoking) have been observed in melanoma
and lung cancer;11,17,18 however, the association with immune
response and prognostic prediction are still ambiguous in such
tumors. Recent advances suggested a negative correlation between
immune infiltration and clock-like mutational signature across spe-
cific cancer types (melanoma, breast and stomach cancers) from
The Cancer Genome Atlas (TCGA) datasets,19,20 indicating that the
common mutational process may have an impact on tumor
immunogenicity.

Since somatic mutations can be applied to clinical practice, evaluation
of larger patient series is essential to identify potential tumor genomic
aberrations that predict immune response and to investigate whether
patients have distinct clinical outcomes. Hence, our present
study aimed to characterize mutational signatures driving the molec-
ular subtypes with genetic prognosticators and immune activity in
melanoma and NSCLC patients from published multi-omic studies.
We consider these findings may be applicable for prognostic
prediction and therapeutic guidance for melanoma and NSCLC
immunotherapy.

RESULTS
Mutational signatures operative in aggregated melanoma

immunotherapy cohort

The workflow is displayed in Figure 1. Somatic mutational profiles
were acquired and uniformly analyzed from previous WES datasets
of 216 melanoma patients. A median of 223 mutations per sample
(range, 1–6,945) in a total of 138,182 coding somatic mutations
were identified in this aggregated melanoma cohort (Figures S1A–
S1C). To gain further insights into the mutational processes operative
in melanoma patients, we delineated the mutation signatures from
the somatic mutation data. The overall mutational pattern in mela-
noma was mainly dominated by C>T mutations (Figure S1D). Subse-
quently, we extracted three mutational signatures (i.e., signatures 1, 7,
and 11) with varying mutational activities (Figure 2A; Figure S2A)
and re-annotated against the Catalogue of Somatic Mutations in Can-
cer (COSMIC) signature nomenclature by using cosine similarity
analysis (Figure S2B). The proportion and activities of the three
90 Molecular Therapy: Nucleic Acids Vol. 23 March 2021
extracted signatures in each melanoma sample are illustrated in Fig-
ure 2B and Table S1. We observed that signature 1 (clock-like muta-
tional process, 38.7%) was dominated by C>T transitions at NpCpG
trinucleotides that were associated with age-related accumulation of
spontaneous deamination of 5-methylcytosine in most cancer types.
The signature 7 (UV signature, 48.2%) was associated with large
numbers of CC>TT dinucleotide mutations at dipyrimidines,
possibly due to exposure to UV light. Signature 11 (alkylating agents
signature, 13.1%), which was characterized by a strong transcriptional
strand-bias for C>T substitutions, indicating that mutations occurred
on guanine, exhibited a mutational pattern resembling that of alkylat-
ing agent treatment.21

To investigate whether the extracted mutational signature was associ-
ated with immune response/resistance, we followed the previous pro-
cedure22 and stratified the extracted mutational signature into binary
variables (i.e., clock-like versus non-clock-like signature: 1 versus 0)
model for further analysis. Among the three signatures, we observed
that patients with the clock-like signature were markedly associated
with worse survival outcomes in the melanoma cohort (log-rank
test, p = 0.007; hazard ratio [HR], 1.61 [95% confidence interval
(CI): 1.14–2.28]; Figure 2C). This association remained statistically
significant after controlling for age, sex, monoclonal antibody type,
and clinical stage (HR, 1.93 [95%CI: 1.24–2.98], p = 0.003; Figure 2D).
We further investigated the relationship between clock-like signature
and immune response and found samples with clock-like signature
were more likely clustered in a subgroup of immune resistance
outcome (Fisher’s exact test, odds ratio [OR] = 3.18, p = 0.004).
The distribution of six single-nucleotide variant (SNV) mutational
patterns between clock-like and non-clock-like signature grouping
also exhibits a significant difference; on average, the clock-like signa-
ture subset presented fewer C-to-T transitions at dipyrimidines (Fig-
ures 2E and 2F). In addition, we compared the clock-like signature
with tumor mutation load (TML) and found a significantly lower
TML in patients with the clock-like signature (Wilcoxon rank-sum
test, log2 median TML, 5.6 versus 8.8, p < 0.001; Figure 2G).

Identify driver genes associated with clock-like signature

We combined OncodriveCLUST and MutsigCV algorithms to iden-
tify driver genes that significantly mutated in melanoma and associ-
ated with the clock-like process. First, four potential driver genes
(e.g., BRAF, NRAS, HRAS, and PPP6C) in pooled melanoma datasets
were identified by the two algorithms (Figure 3A). The mutational
landscape of these potential tumor driver genes with different variant
classification in melanoma samples is illustrated in Figures 3B and
S3A. We further analyzed the association between driver gene muta-
tion rate and clock-like signature and found that alterations in BRAF
and PPP6C were more likely clustered in the non-clock-like signature
subgroup (Fisher’s exact test, BRAF: p = 0.004; PPP6C: p = 0.003;
Figure 3C).

Clock-like signature in pooled NSCLC immunotherapy cohort

Next, we sought to further investigate the association of the clock-like
signature with immune response modulation in the NSCLC cohort. A



Figure 1. The workflow of this study

The clock-like mutational signature attenuates tumor response to immune checkpoint inhibitors by contributing to exclusion of immune activation and immune infiltration in

melanoma and NSCLC immunotherapy cohorts (both in WES-Seq and Target-Seq tumors).
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median of 171 mutations per sample (range, 11–1,311) in a total of
70,950 coding somatic mutations were identified in this aggregated
NSCLC cohort. The overall mutational pattern was mainly domi-
nated by C>T and C>A mutations (Figure S4). We next extracted
mutational signatures from lung cancer with varying mutational ac-
tivities (Figures 4A and 4B; Table S2) and annotated against the COS-
MIC signature nomenclature (Figure S5). The extracted mutational
signatures in NSCLC samples included signature 1 (clock-like signa-
ture activities, 36.5%), signature 4 (smoking signature activities,
40.9%), and signature 7 (UV signature activities, 22.6%).

We also observed that patients with the clock-like signature were
significantly associated with worse survival prognosis (log-rank
test, p = 0.003; HR, 2.01 [95% CI: 1.27–3.19]; Figure 4C) even after
adjusting for age, sex, monoclonal antibody type, and PD-L1 expres-
sion (HR, 1.98 [95% CI: 1.21–3.24], p = 0.006; Figure 4D). The six
SNVmutational patterns between different clock-like signature sub-
groups exhibited a lower proportion of C>A but a higher proportion
of C>T substitutions in the clock-like signature (Figure S6). Samples
with clock-like signature occurred predominantly in the immune
non-response group (Fisher’s exact test, OR = 2.92, p = 0.033). In
addition, we compared the clock-like signature with TML and found
significantly lower TML in patients with clock-like signature (Wil-
coxon rank-sum test, log2 median TML, 6.86 versus 7.71, p =
0.004; Figure 4E). KRAS was identified as a potential lung cancer
driver gene in immunotherapy datasets with combined oncogene
detection algorithms (Figure 4F; Figure S3B). We further analyzed
and confirmed that samples with KRAS mutation were clustered
Molecular Therapy: Nucleic Acids Vol. 23 March 2021 91

http://www.moleculartherapy.org


Figure 2. The clock-like signature is associated with the immune non-response in the ICI-treated melanoma cohort

(A) The mutational activities of corresponding extracted mutational signatures (clock-like signature, UV signature, and alkylating-agents signature, named as COSMIC

signature). The trinucleotide base mutation types are on the x axes, whereas y axes show the percentage of mutations in the signature attributed to each mutation type. (B)

Mutational exposures (number ofmutations) were attributed to eachmutation signature. (C) Kaplan-Meier survival analysis classified bymutational clock-like signature status.

p value was calculated by log-rank test. (D) Multivariate Cox regression analysis of clock-like signature with age, grade, drug type, and clinical stage taken into account. (E and

F) Square data markers indicate estimated hazard ratios. Error bars represent 95% CIs. Schematics of mutational proportion (E) and counts (F) of the six base substitution

types (C>A, C>G, C>T, T>C, T>A, and T>G), which were classified by the clock-like signature grouping in each ofmelanoma samples. (G) TMLwas calculated and compared

by clock-like mutation signature status. p value was calculated by Wilcoxon rank-sum test. Error bars represented the 95% confidence interval.
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in the non-clock-like signature subgroup (Fisher’s exact test, p =
0.006; Figure 4G).

Further corroboration of clock-like signature characteristics in

the targeted-sequencing cohort

Currently, the majority of precision oncology platforms use NGS of
targeted gene panels (e.g., MSK-IMPACT) to test the genomic mu-
92 Molecular Therapy: Nucleic Acids Vol. 23 March 2021
tation with immune response. To gain further insights into the
mutational processes operative in targeted NGS panel datasets, we
utilized the SigMA analysis tool based on the nonnegative-least-
squares (NNLS) algorithm to decompose the mutation signatures
frommelanoma and NSCLC samples treated with ICI and whose tu-
mors underwent MSK-IMPACT panel sequencing. The 96-type
trinucleotide mutational context of 253 targeted-sequencing



Figure 3. Melanoma driver gene mutation associated with clock-like signature status

(A) Driver genes with mutation clustering detected by OncodriveCLUST. (B) Mutational landscape of the five driver genes in the melanoma cohort with different colors

indicating different variant classifications. (C) Forest plot of the gene mutation frequency associated with clock-like signature status. p value was calculated by Fisher’s exact

test. Driver genes also identified by the MutsigCV algorithm are highlighted with the upper right asterisk.
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melanoma samples (t-melanoma) and 339 targeted-sequencing
NSCLC (t-NSCLC) samples are delineated and illustrated in Figures
S7A and S7B. Clock-like mutational signature coupled with homol-
ogous recombination deficiency (HRD) signature and microsatellite
instability (MSI) signature were both detected in t-melanoma and
t-NSCLC cohorts (Figures S7C and S7D; Tables S3 and S4). The per-
centage of mutational activities attributed to the clock-like signature
was 17.8% in t-melanoma and 40.2% in t-NSCLC samples. We also
divided the patients into clock-like versus non-clock-like signature
subgroups based on the clock-like mutational contribution and
analyzed the relationship with patient survival. Samples with
clock-like signature were significantly associated with a worse prog-
nosis in both t-melanoma and t-NSCLC cohorts (log-rank test, t-
melanoma: p = 0.009; Figure 5A; t-NSCLC: p = 0.023; Figure 5B).
This association remained significant after taking into account
age, gender, drug type, and metastasis status (Cox proportional haz-
ards model, t-melanoma: HR, 1.67 [95% CI: 1.10–2.52], p = 0.016;
Figure 5C; t-NSCLC: HR, 1.39 [95% CI: 1.06–1.83], p = 0.017; Fig-
ure 5D). As TML played a vital role in predicting immune response
to ICI therapy, we compared the mutational burden between clock-
like and non-clock-like signature subgroups. Likewise, tumor sam-
ples with the clock-like mutational signature exhibited significantly
lower TML than those without this signature (Wilcoxon rank-sum
test, t-melanoma: 5.58 versus 21.64, p < 0.001; Figure 5E; t-NSCLC:
5.10 versus 10.82, p < 0.001; Figure 5F).

Immune-related pathways and immunocyte infiltration

associated with clock-like signature

We further investigated the potential mechanism behind the muta-
genesis of the clock-like signature. Gene set enrichment analysis
(GSEA) on melanoma gene expression (RNA) profile (GEP) against
REACTOME datasets revealed that enrichment of genes involved
in interferon-gamma, PD-1 signaling, immune cytokine, and nuclear
factor kB (NF-kB ) pathway was significantly altered in the different
clock-like signature subgroups (Figure 6A; Figure S8). To ascertain
the association of the clock-like mutational signature with immune
cell infiltration, we composed a heatmap with the single sample
GSEA (ssGSEA) method to visualize the relative abundance of 28
infiltrating immune cell populations (Figure 6B). Anti-tumor leuco-
cyte subsets, including effector memory CD4+, CD8+ T cells, and
natural killer T cells, were markedly decreased in samples with the
clock-like mutational footprint. To further validate and characterize
the clock-like signature, we also performed the mutational signature
analysis with Maftools package on TCGA-SKCM genomic data.
Signature 7 (UV exposure), signature 11 (alkylating agents), signature
1 (Clock-like), and signature 17 (etiology unknown but previously
Molecular Therapy: Nucleic Acids Vol. 23 March 2021 93
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Figure 4. The clock-like signature identified the immune non-responders from the aggregated NSCLC immunotherapy cohort

(A) Mutational exposures (number of mutations) were attributed to each mutation signature. (B) The mutational activities of corresponding extracted mutational signatures

(smoking signature, UV signature, and clock-like signature, named as COSMIC signature). The trinucleotide base mutation types are on the x axes, whereas y axes show the

percentage of mutations in the signature attributed to each mutation type. (C) Kaplan-Meier survival analysis classified by clock-like signature status. p value was calculated

by log-rank test. (D) Multivariate Cox regression analysis of clock-like signature with age, grade, drug type, and PD-L1 expression taken into account. p value was inferred by

multivariate Cox regression model. (E) Tumor mutation load was calculated and compared in different clock-like mutation signature groupings. p value was calculated by

Wilcoxon rank-sum test. (F) Cancer driver genes with mutation clustering detected by OncodriveCLUST. Genes also identified byMutsigCV algorithm are highlighted with the

upper right asterisk. (G) Mutation landscape of the four driver genes in the NSCLC cohort. Error bars represented the 95% confidence interval.
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identified in melanoma) were extracted and annotated against the
COSMIC signature nomenclature (Figures S9A and S9B; Table S5).
Clock-like signature accounts for 22.7% of mutational activities and
stratified the melanoma samples into clock-like signature and non-
clock-like subgroups (Figure S9C). Patients with clock-like signature
were characterized by a significantly lower TML (Figure S9D). We
94 Molecular Therapy: Nucleic Acids Vol. 23 March 2021
also further analyzed the immune response-related biomarker in
the TCGA-SKCM cohort. The T cell-inflamed GEP algorithm was
utilized and found a lower inflamed score in the clock-like signature
subgroup (Figure S9E). TIDE (Tumor Immune Dysfunction and
Exclusion) was significantly higher in the clock-like subtype
compared with the non-clock-like subtype (Figure S9F).



Figure 5. Clock-like mutational signature extracted from the targeted NGS-panel sequencing datasets also associated with immune non-responding

SigMA analysis tool was utilized to decompose the mutational signatures. (A and B) Kaplan-Meier survival analysis was utilized to analyze clock-like mutational signature

grouping in t-melanoma and t-NSCLC cohorts. p value was calculated by log-rank test. (C and D) Forest plot representation of the multivariate Cox regression model with

adjustment for confounding clinical factors. p value was inferred by multivariate Cox regression model. (E and F) Tumor mutation load was assessed by clock-like mutation

signature status in t-melanoma and t-NSCLC. p value was calculated by Wilcoxon rank-sum test. Error bars represented the 95% confidence interval.
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As gene expression data of the NSCLC immunotherapy cohort
were unavailable, we curated and analyzed the genomic and tran-
scriptomic data from the TCGA lung adenocarcinoma (TCGA-
LUAD) dataset. Clock-like (36.1%), APOBEC (21.4%), and smoke
signatures (42.5%) were extracted and annotated from the LUAD
cohort (Figures S10A and S10B; Table S6). We further stratified the
LUAD tumors into clock-like signature and non-clock-like subtype
based on mutational signature activities. Intriguingly, the clock-like
signature was not significantly associated with LUAD patients’
prognosis (log-rank test, p = 0.93; Figure S10C), implying its specific
prediction efficacy of response to immunotherapy but not simple
treatment.

Moreover, we evaluated (using the Cell Type Identification by
Estimating Relative Subsets of RNA Transcripts[CIBERSORT] algo-
rithm) the abundance of tumor-infiltrating lymphocyte in the
LUAD tumor microenvironment with the GEP data. We found that
CD8+ T cells, CD4+ memory-activated T cells, and macrophages M1
were less enriched in the mutational clock-like signature subgroup,
whereas CD4+ memory resting T cells, monocytes, dendritic cells
resting, and mast cells resting were more enriched in this subgroup
(p < 0.05; Figure 6C). In addition, the tumor immune escape prediction
score of TIDE was significantly higher in the clock-like subtype
compared with the non-clock-like subtype (TIDE, 0.033 versus
�0.006, p = 0.004; Figure 6D). The T cell-inflamed GEP algorithm
also revealed a lower inflamed score in the clock-like signature sub-
group (GEP scores, 2.9 versus 3.1, p = 0.036; Figure 6E). These results
indicated that the clock-like mutational signature markedly associated
with the exclusion of immune infiltration in melanoma and NSCLC.

DISCUSSION
In this study, WES-based genomic meta-analysis of 216 melanoma
samples and 113 NSCLC samples from previous immunotherapy co-
horts was performed and delineated extracted mutational signatures
Molecular Therapy: Nucleic Acids Vol. 23 March 2021 95
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Figure 6. Significantly enriched pathways and immune infiltration alteration with clock-like signature

(A) Top enriched pathways in distinct clock-like signature activity groups (0 versus 1) from the melanoma cohort were assessed by using the GSEA algorithm. (B) Single-

sample gene set enrichment analysis identifying the relative infiltration of immune cell subpopulations for melanoma samples with available RNA-sequencing data. (C) The

relative abundance of tumor-infiltrating leukocytes (TILs) with clock-like signature grouping in lung adenocarcinoma from TCGA datasets was estimated by the CIBERSORT

algorithm. Leucocyte subsets with statistically significant differences are highlighted in red. (D) Distribution of TIDE immune response prediction scores in lung adenocar-

cinoma (TCGA cohort) stratified by clock-like signature grouping. (E) Distribution and association of T cell-inflamed GEP in clock-like versus non-clock-like signature

subgroups. p value was calculated by Wilcoxon rank-sum test. Error bars represented the 95% confidence interval.
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and driver mutations that were associated with survival prediction
and immune response. We revealed that the signature of the clock-
like mutational process was associated with tumor progression and
immune suppression in melanoma and NSCLC and confirmed these
findings in another type of sample, whose tumors underwent NGS of
targeted gene panels (MSK-IMPACT). We further identified that the
clock-like signature was associated with lower lymphocyte infiltration
and suppressed immune modulation process, suggesting that cancers
with the clock-like signature may remodel the tumor microenviron-
ment (TME) and escape from immune surveillance.

Immune phenotypes in determining the prognosis of various types of
cancers were increasingly recognized23–26 and highlighted baseline
96 Molecular Therapy: Nucleic Acids Vol. 23 March 2021
levels of tumor-infiltrating lymphocytes (e.g., CD8+, CD3+ T cells,
etc.) markedly correlated with the likelihood of immune response
and survival outcome.27 Our analyses also revealed that TME charac-
terization of the clock-like mutational footprint was characterized by
less immune cell infiltration, indicating tumors with this mutational
signature may represent the immune “cold” status. A recent study
pointed out elderly patients with lung adenocarcinoma were charac-
terized by impaired cytolytic molecule expression and loss of clonal
neoantigens and associated with the accumulation of immunosup-
pressive elements.28 In this research, we identified patients with ag-
ing-related mutational signatures were associated with decreased T
lymphocyte infiltration and immunogenicity, further demonstrated
by restrained expression of pathways related to interferon-gamma
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and immune cytokine signaling. Moreover, clock-like signature activ-
ities inversely correlated with the anti-CTLA-4/PD-1 therapy im-
mune response predictor TIDE and T cell-inflamed GEP,7 suggesting
the clock-like signature may predict the failure of ICI treatment.

Comprehensive knowledge of the mutated driver genes underlying
human cancers is a critical foundation for cancer diagnostics, thera-
peutics, and selection of rational combination therapies.29 Here, we
used OncodriveCLUST and MutSigCV algorithms followed by
further filter criteria to re-annotate mutations and identified that
tumor driver genes BRAF and PPP6C in melanoma and KRAS in
NSCLC were negatively associated with the clock-like signature. Mu-
tations in these genes were more clustered in non-clock-like signature
subgroups, demonstrating its specific immune response to ICI
treatment. BRAF is the most prevalent mutation gene in melanoma;
an association between cancer patients’ age and mortality with
distinct mutation status in BRAF V600E was observed and indepen-
dent of other clinicopathologic risk factors.30,31 PPP6C, a catalytic
subunit of protein phosphatase 6 (PP6), is also frequently mutated
in melanoma.32 PP6 participates in the innate immune defense
against viruses mediated by RIG-I signaling,33 whose mutation may
cause chromosome instability and DNA damage owing to dysregu-
lated cell cycle-regulated kinase Aurora-A.34 KRAS mutation in
NSCLC is correlated with an inflammatory tumor microenvironment
and tumor immunogenicity, resulting in superior response to PD-1/
PD-L1 inhibitors.35 Moreover, age is reported to be associated with
different subtypes of EGFR and KRAS mutations in lung cancer pa-
tients,36 and perturbations induced by Ras-mediated signaling are
sufficient to deregulate the mammalian circadian clock.37

Recent advances reported that genomic mutational signatures were
associated with clinical prognostic and treatment response. Trucco
et al.38 classified the melanoma samples depending on the predomi-
nance of UV radiation signature and identified UV signature
surrogated as prognostic for survival outcome. There was evidence
suggested that the APOBEC mutational signature has potential to
predict immune response for anti-PD-1 therapy in NSCLC.11 In
our genomic meta-analysis, we identified that the clock-like signature
was associated with shortening survival outcomes among melanoma
and lung cancer patients treated with ICI, regardless of profiling the
genome with whole-exome or targeted gene-panel sequencing plat-
forms. Moreover, the clock-like signature was significantly negatively
associated with TML and tumor immune infiltration. Recent studies
indicated that short-term local chemotherapy may induce a more
favorable tumor microenvironment and enhance the anti-PD-1 anti-
tumor immunity.39,40 Therefore, we speculated that patients with the
clock-like signature after induction treatments of controlled chemo-
therapy may improve the clinical benefit of ICI therapy.

The main limitation of this research was using the public dataset from
different cohorts, which have somewhat heterogeneous data process-
ing and may introduce a batch effect in the final mutation lists. In
addition, RNA-sequencing (RNA-seq) results of NSCLC samples
were obtained from TCGA dataset, instead of the original ICI treat-
ment cohort, which may not fully explain the effects of immuno-
therapy. As a result, the association between mutational patterns
and gene expression, including analysis of T-lymphocyte infiltration
and oncogenic pathways, need further validation.

In this study, we assembled and characterized genomic data and clin-
ical information from melanoma and NSCLC patients treated by ICI
to determine whether the tumor genetic landscape affects the clinical
benefit. This study indicated that the clock-like mutational signature
was associated with prognosis of ICI treatment by integrating WES
cohorts and targeted-gene panel sequencing cohorts, demonstrating
the complex interplay of host and tumor in the immune response.
In addition, we identified that the clock-like signature correlated
with decreased TML and lessened leucocyte infiltration, further
corroborating its prediction efficacy of immune resistance to ICI
agents. Therefore, the clock-like signature may act as a biomarker
for prognostic estimation that guides the application of immunother-
apies. However, the mechanisms underlying the association between
clock-like signature and the prognostic outcome are still unclear, and
further studies in other cancers are warranted.

MATERIALS AND METHODS
Genomic data and clinical information

Somatic mutational profiles of the WES platform were curated from
previous immunotherapy studies, including a total of 216 melanoma
samples41–43 and 113 NSCLC samples.4,13,14Whole-exome capture li-
braries were constructed using the Agilent SureSelect All Exon V2/V4
kit and sequenced on a HiSeq 2000/2500 platform (Illumina) to
generate a goal of 174� mean target coverage (range, 32–380). We
re-annotated all of the previously called somatic mutations by Onco-
tator44 against the hg19 reference genomics database and generated a
total of 138,182 and 70,950 somatic mutations belonging to mela-
noma and NSCLC cohorts. Gene expression data were obtained
from supplementary materials of the aforementioned melanoma
study (n = 117) and TCGA datasets. Genomic profile of targeted
NGS assay (MSK-IMPACT, 341/410 panels) and clinical details of
ICI-treated melanoma (n = 253) and NSCLC (n = 339) samples
were obtained from Samstein et al.45 Detailed clinical information
including age, gender, stage, drug type, lymph node status, survival
time, and immune response status were also collected from these
studies and are listed in Tables S1–S6. All of the extracted DNA
and RNA for sequencing were obtained from the pre-treatment and
primary tumor tissues. This study was approved by the Shandong
Provincial Hospital Affiliated to Shandong First Medical University
Institutional Review Board, which waived additional informed con-
sent because all data used in this study were obtained from public da-
tabases. Participants in the original genomic studies provided
informed consent.

Identification of cancer driver genes

We first explored the cancer driver genes by using the Oncodrive-
CLUST46 algorithm and further validated and filtered the gene sets
by MutSigCV29 algorithm. OncodriveCLUST is designed to identify
cancer genes with a significant bias towardmutation clustering within
Molecular Therapy: Nucleic Acids Vol. 23 March 2021 97
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the protein sequence. MutSigCVmeasures the significant enrichment
of non-silent somatic mutations in a gene by addressing mutational
context-specific background mutation rates. Candidate driver genes
were required to meet these criteria: statistically significant in two
algorithms (both q < 0.1 in MutSigCV and OncodriveCLUST), and
expressed in the human Cancer Cell Lines Encyclopedia (CCLE,
https://portals.broadinstitute.org/ccle).47
Deciphering mutational signature operative in the genome

We used R packages Maftools proposed by Mayakonda et al.48 to
extract mutational signatures from the aggregated WES genomic
data of melanoma and NSCLC cohorts. The ExtractSignatures
function from Maftools factorized the mutation portrait matrix
into two nonnegative matrices, “signatures” and “contributions,”
where “signatures” represented mutational processes and “contri-
butions” represented the corresponding mutational activities.
This framework is based on Bayesian variant nonnegative matrix
factorization, and it can automatically determine the optimal num-
ber of extracted mutational signatures. SigMA49 is a signature
analysis tool optimized to detect the specific mutational signatures
from hybrid capture panels (e.g., MSK-IMPACT assay) according
to their known tumor-specific signature composition. Multivariate
analysis with gradient boosting machines yields a final score for
the presence of signatures, combining likelihood with cosine sim-
ilarity and exposure of signature with the NNLS algorithm. Muta-
tional signatures were annotated by calculating cosine similarity
against 30 validated mutational signatures in COSMIC, Version
2.50
GSEA and network analysis

The functional pathway-level changes in samples with different clock-
like signature subgroups (0 versus 1) were evaluated by the R packages
limma51 and fgsea. Specifically, the expression data were background
corrected and quantile normalized, and probe sets were summarized
using robust multi-array average (RMA) with the affy R package. Sub-
sequently, the normalized expression data was then fed into lmFit and
eBayes functions to calculate the differential statistics with the limma
package. The logFC produced by limma was used as input to perform
GSEA against the REACTOME reference gene set (download from
MSigDB database v7.1). The enrichment plot obtained from the
fast gene set enrichment analysis algorithm was implemented in the
Bioconductor R package fgsea.
CIBERSORT estimation

CIBERSORT (https://cibersort.stanford.edu/index.php)52 was used
to conduct an estimation of the abundances of immune cell subsets
in each sample. The machine-learning-derived algorithm uses
RNA-seq data against the LM22 signature (including 22 human he-
matopoietic cell phenotypes) with 1,000 permutations that produce
an empirical p value for the deconvolution using Monte Carlo sam-
pling. Cases with the output of p <0.05 indicated that the inferred
fractions of immune cell populations are accurate and eligible for
further analysis.
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Quantifying the TIDE and T cell-inflamed GEP

The TIDE algorithm53 (http://tide.dfci.harvard.edu/) uses a set of
gene expression markers to estimate two distinct mechanisms of tu-
mor immune evasion, including dysfunction of tumor infiltration
cytotoxic T lymphocytes (CTL) and exclusion of CTL by immuno-
suppressive factors. Patients with higher TIDE prediction scores
represent the greater potential of tumor immune escape; therefore,
these patients would obtain poorer immunotherapy response.
T cell-inflamed GEP proposed by Ayers et al.54 was used to predict
clinical response to PD-1 blockade. The GEP was composed of 18 in-
flammatory genes associated with antigen presentation, chemokine
expression, cytotoxic activity, and adaptive immune resistance.

Immune cell infiltration estimation with ssGSEA

ssGSEA55 was employed to quantify the infiltration level of 28 im-
mune cell subsets that are over-represented in the tumor microenvi-
ronment. Special feature gene panels for each immune cell type were
curated from a recent publication.7 The relative abundance of each
immune cell type was represented by an enrichment score in R pack-
age GSVA. The ssGSEA score was normalized to unity distribution
from 0 to 1 for each immune cell type. The bio-similarity of the im-
mune cell filtration was estimated by multidimensional scaling
(MDS) and a Gaussian fitting model.

Statistical analyses

The statistical analyses in this study were generated by R-3.6.1. The
extracted mutational signatures were stratified as binary variables
(i.e., 0 and 1) according to activity in the multivariate model.
Quantitative data are presented as medians. The continuous variables
between groups were compared by the Wilcoxon rank-sum test. The
association between mutational signatures and the immune response
status was tested by Fisher’s exact test. Kaplan-Meier survival analysis
and Cox proportional hazards model were used to analyze the
association between mutational signatures and prognosis with the R
survival package (Survminer 0.4.6). All comparisons were two-sided
with an alpha level of 0.05, and the Benjamini-Hochberg method
was applied to control the false discovery rate (FDR) for multiple
hypothesis testing.56
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