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Abstract 

Background

Targeted sequencing is critical in cancer diagnosis, treatment selection, and mon-

itoring. However, the effectiveness of these methods for reflecting whole-exome 

sequencing (WES)-level mutational signatures remains unclear. Therefore, we 

addressed this issue through simulation-based analysis to clarify how well targeted 

sequencing can reproduce WES-level mutational signatures.

Methods

We compared the correlation and similarity of mutational signatures between 

whole-exome sequencing-level mutation data and downsampled data for gene sets 

targeted by each sequencing method in 13 cancer types. Additionally, a similarity 

analysis of the mutational signatures was conducted using randomly downsampled 

data.

Results

The comparison between whole-exome sequencing and targeted sequencing 

showed a low correlation based on Pearson’s correlation coefficient but a high simi-

larity based on the Dice similarity index. As a result of the downsampling of data with 

cancer-related genes and whole genes to evaluate similarity, the cancer-related gene 

random set showed high similarity when 200–400 genes were selected. However, 

the whole-genome random set required 2–3 times as many genes as the cancer-

related gene random set to show high similarity. Among cancer types, colorectal and 

lung cancers demonstrated high similarity with fewer downsampled genes, whereas 

breast and prostate cancers required more downsampled genes to achieve high 

similarity.
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Conclusion

This study demonstrated that current clinically used targeted sequencing methods 

can reflect whole-exome sequencing-level mutational signatures. This suggests that 

considering the cancer type and average number of gene mutations in each patient 

when selecting targeted sequencing methods can lead to more effective treatment 

choices.

Introduction

Cancer is a gene-related disease, and driver mutations play critical roles in its 
development and progression [1,2]. Driver mutations are genetic alterations directly 
involved in the growth and survival of cancer cells, making them important targets for 
cancer diagnosis and treatment [3]. Because the key driver genes vary depending 
on the cancer type, analyzing multiple genes simultaneously according to the cancer 
type is crucial [4]. Utilizing next-generation sequencing (NGS) technologies, it has 
become possible to analyze genetic sequences rapidly and cost-effectively. Large-
scale genetic analyses using whole-exome sequencing (WES) and whole-genome 
sequencing (WGS) have enabled us to understand human diseases at the genomic 
level. Targeted sequencing, which simultaneously examines hundreds of cancer-
related genes, is utilized as an efficient method to analyze genetic information at the 
individual patient level [5,6].

Targeted sequencing plays a crucial role in cancer diagnosis, treatment selection, 
and monitoring. For instance, the Memorial Sloan-Kettering Cancer Center (MSK-
IMPACT) can simultaneously analyze mutations in 468 genes and is FDA-approved 
in the USA [7]. FoundationOne CDx (Foundation Medicine) covers mutations in 
324 genes and has been approved by the FDA in the USA, the EU, and Japan [8]. 
Additionally, there are other targeted sequencing platforms, such as TruSight Oncol-
ogy Comprehensive (Illumina, USA) and OncoaccuPanel (NGeneBio, South Korea) 
[9,10]. While these targeted sequencing methods generally use over 300 genes, 
small-panel methods such as the Oncomine Focus Assay (Thermo Fisher Scientific, 
USA) focus on 52 cancer-related genes [5]. Targeted sequencing is also available for 
liquid biopsy samples, such as FoundationOne Liquid (Foundation Medicine, USA) 
and Guardant 360 CDx (Guardant Health, USA), providing more flexible options for 
clinical application [11].

Each targeted sequencing method includes representative driver genes; however, 
the selection of other cancer-related genes differs among the targeted sequencing. 
On the other hand, there are few effective molecular-targeted drugs for the resulting 
mutated genes, leading to a low treatment success rate of only 10–20% [12–14]. As 
these methods use NGS and the cost of one test is high, selecting the appropriate 
test from the various targeted sequencing panels available is crucial.

These causative gene mutations in cancer can be present in all cells of the 
human body and occur throughout a person’s lifetime [15,16]. They result from 
multiple mutational processes, including minor errors during DNA replication, 

collection and analysis, decision to publish, or 
preparation of the manuscript.
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exposure to mutagens, enzymatic DNA modifications such as methylation, and defects in DNA repair [17,18]. A 
method called “mutational signatures” exists to estimate the causes of these mutations by classifying the patterns of 
DNA substitution mutations. This method uses 96 different trinucleotide patterns, considering the adjacent bases on 
the 5’ and 3’ sides of a single base substitution, and classifies them into existing patterns using techniques, such as 
non-negative matrix factorisation (NMF), to estimate the causative factors [19]. The COSMIC database categorises 
these mutational signatures into 30 single-base substitution (SBS) patterns (SBS1-SBS30). For example, SBS4, 
associated with smoking, is commonly observed in smoking-related cancers such as lung cancer, and SBS7, asso-
ciated with UV-induced DNA damage, is prominently observed in skin cancer [20,21]. By analyzing these mutational 
signatures, the underlying causes of cancer can be inferred from patient-specific mutation patterns, which cannot be 
revealed by single gene mutations alone [22].

Calculation of mutational signatures typically uses information from all gene mutations at the WGS or WES level. 
However, with respect to targeted sequencing, which focuses on cancer-related genes, it remains unclear whether these 
mutational signatures can be reliably applied to the estimation of actual causative processes. Therefore, this study aims to 
determine the optimal number of genes for each cancer type by simulating the relationships between the number of genes 
and mutational signatures, thereby providing the number of cancer-related genes to be analyzed and the rationale for 
selecting targeted sequencing methods based on the patient’s disease background.

Materials and Methods

Mutation data used in this study

For this analysis, WES mutation data from TCGA for 13 cancer types were used: bladder urothelial carcinoma (BLCA) 
[23], breast invasive carcinoma (BRCA) [24], colon adenocarcinoma (COAD) [25], head and neck squamous cell carci-
noma (HNSC) [26], kidney renal clear cell carcinoma (KIRC) [27], lung adenocarcinoma (LUAD) [28], lung squamous cell 
carcinoma (LUSC) [29], ovarian serous cystadenocarcinoma (OV) [30], prostate adenocarcinoma (PRAD) [31], skin cuta-
neous melanoma (SKCM) [32], stomach adenocarcinoma (STAD) [33], oesophageal carcinoma (STES) [34], and uterine 
corpus endometrial carcinoma (UCEC) [35]. Mutation data for each patient were downloaded from cBioPortal (https://
www.cbioportal.org/) and analyzed (S1 Table) [36,37].

Targeted sequencing methods for comparison

Targeted sequencing methods examined were grouped based on the number of genes included. Oncomine Focus Assay 
(OFA) [38] was a small-panel method with fewer than 100 genes were used. NCC OncoPanel (NCC) [39] and Oncomine 
Comprehensive Assay v3 (OCA) [40,41] were categorized using the middle panel method with 100–300 genes. Founda-
tionOne CDx (F1CDx) [8,42], CANCERPLEX (CPX) [43], and MSK-IMPACT (MSK) [44] were categorized as large-panel 
methods with over 300 genes (Table 1). Additionally, the Cancer Gene Census (downloaded on 06/21/2023), which cata-
logues cancer-related genes, was used as a reference gene set [45,46].

Table 1.  List of targeted sequencing methods for comparison.

Targeted sequencing Number of genes Developer Group Reference

Oncomine Focus Assay (OFA) 52 Thermo Fisher Scientific Small 38

OncoGuide NCC OncoPanel System (NCC) 124 Sysmex Middle 39

Oncomine Comprehensive Assay v3 (OCA) 161 Thermo Fisher Scientific Middle 40, 41

FoundationOne CDx (F1CDx) 324 Foundation Medicine Large 8, 42

CANCERPLEX (CPX) 435 KEW Large 43

MSK-IMPACT (MSK) 468 Memorial Sloan Kettering Cancer Center Large 44

https://doi.org/10.1371/journal.pone.0326071.t001

https://www.cbioportal.org/
https://www.cbioportal.org/
https://doi.org/10.1371/journal.pone.0326071.t001
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Random gene sets by downsampling

The Human genome version GRCh37/hg19 was obtained from GENCODE (https://www.gencodegenes.org/human/). 
As shown in Fig 1, genes were randomly extracted ten times from 19,212 genes encoding exons in the human genome 
GRCh37/hg19 based on the specified number of genes. These random gene sets were called “Whole gene random set”. 
Additionally, for KIRC and PRAD only, random gene sets were also created in the range from 2,200–4,000 genes. More-
over, 100 simulation iterations were performed exclusively for KIRC and PRAD. For random sets of cancer-related genes, 
738 genes listed in the Cancer Gene Census were randomly extracted 10 times for each specified number of genes 
(50–700), referred to as the “CGC random set”. A total of 141 gene sets were created using this method. In total, 548 
gene sets were used for each of the 11 cancer types, comprising 400 Whole gene random sets, 140 CGC random sets, 
one CGC gene set, and six targeted sequencing methods (Table 1). For KIRC and PRAD, 4,148 gene sets were used, 
with an increased number of 4,000 Whole gene random sets while the other components remained the same.

Genes were randomly extracted ten times from 19,212 genes coding for exons in the human genome based on the 
specified number of genes. The gene lists extracted for each number of genes were used as the CGC random set and the 
Whole gene random set.

Mutational signature analysis

DNA substitution data corresponding to the coding genes in the reference gene sets were extracted from WES mutation 
data for each cancer type. To investigate the relationships between characteristic mutational patterns and cancer causes 

Fig 1.  Flowchart for the creation of target gene set.

https://doi.org/10.1371/journal.pone.0326071.g001

https://www.gencodegenes.org/human/
https://doi.org/10.1371/journal.pone.0326071.g001
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for each patient, we utilized the mutational signatures from COSMIC (version 2), which identified 30 SBS mutational 
signatures [16]. The positions and substitution information of SBS variants for each patient were mapped to the COSMIC 
mutational signatures using the “deconstructSigs” package in R, with the contribution threshold set to less than 0.06. We 
calculated the mutational signatures for all the 547 gene sets.

Correlation and similarity analysis

Mutational signatures calculated from mutations in the downsampled gene sets in each patient were compared to those 
at the WES level before downsampling. Pearson’s correlation analysis and Dice index similarity were used as comparison 
metrics. The workflow of the analysis is shown in Fig 2. Correlation coefficients were calculated using the following formula:

	

rxy =

n∑
i=1

(xi – x)(yi – y)
√

n∑
i=1

(xi – x)2
√

n∑
i=1

(yi – y)2
=

sxy
sxsy

	

For Pearson’s correlation analysis, the occurrence frequencies of SBS1 – SBS30 for each patient were calculated as 
continuous values and used to compare the mutational signatures between the WES mutation data and the downsampled 

Fig 2.  Analysis workflow.

https://doi.org/10.1371/journal.pone.0326071.g002

https://doi.org/10.1371/journal.pone.0326071.g002
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targeted sequencing data. In the calculation of the Dice index, each of the 30 mutational signatures was converted to “1” 
or “0” if they were present or absent, respectively. These converted data were then compared between a downsampled 
level and a WES level to calculate similarity. The method for calculating the Dice index was as follows [47]:

	
Dice index (X, Y) =

2|X ∩ Y|
|X|+ |Y|	

To visualize the correlation coefficients and similarities between each gene set, Python (version 3.8.8) Matplotlib was 
used. Pearson’s correlation analysis and similarity evaluation were based on the median values of correlation coefficients 
and Dice index, with values of 0.8 or higher as high correlation or similarity and values less than 0.8 as low correlation or 
similarity.

Using gene mutation data from 13 cancer types, mutational signature analysis was conducted, followed by correlation 
and similarity analysis of the downsampled mutational signatures.

Results

Comparison of mutation counts in each cancer type

The number of single nucleotide variants (SNVs) in the WES data for each patient among the 13 cancer types was com-
pared (Fig 3). The maximum, median, and minimum numbers of somatic mutations for each cancer type are shown in  
Fig 3. Notably, SKCM, UCEC and COAD included cases with exceptionally high mutation counts exceeding 10,000. 
SKCM is characterized by a high propensity for mutation accumulation due to repeated DNA damage and repair caused 
by the exposure of epidermal cells to ultraviolet (UV) radiation [32]. UCEC and COAD are among cancer types with a high 
frequency of microsatellite instability (MSI), which likely accounts for the presence of cases with elevated mutation bur-
dens [25,35].

The number of gene mutations per donor for each of the 13 cancer types was plotted using boxplots. The number of 
gene mutations per donor was log-transformed using base 10. The red line indicates the median number of gene muta-
tions in each cancer type. The table shows the maximum, median, and minimum gene mutation counts for donors of each 
cancer type.

Correlation and similarity analysis of targeted sequencing

LUAD and COAD, which are known for having a high tumor mutation burden per megabase in coding regions, and BRCA 
and PRAD, known for having a low tumor mutation burden, were analyzed. For each patient, the correlation and similarity 
of mutational signatures were calculated using WES-level mutation data and downsampled mutation data based on the 
gene sets of targeted sequencing.

Analysis of the correlation between the mutational signatures at the WES level and those downsampled to each tar-
geted sequencing gene set showed that large panel methods had a median correlation coefficient of 0.5–0.6 for COAD, 
indicating moderate correlation. However, LUAD, BRCA, and PRAD had median correlation coefficients of less than 0.3, 
making it difficult to find a correlation during downsampling. Therefore, instead of using correlation coefficients to mea-
sure the degree of concordance between mutational signature values, similarity was evaluated based on the presence or 
absence of mutational signatures. High similarity was observed across all three cancer types except PRAD (Fig 4). Spe-
cifically, COAD exhibited a high median Dice index close to 0.9, while PRAD showed a median Dice index of 0 in both the 
small and middle panels, indicating significantly low similarity. Even with the large-panel method, the interquartile range 
was wide, from 0.0 to 0.8. The same analyzes were conducted for the other nine cancer types, and high similarity with a 
median Dice index exceeding 0.8, was observed in SKCM, STAD, STES, and BLCA, which have a high tumor mutation 
burden (S1 Fig).
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Boxplots show the correlation coefficients and similarity of mutational signatures before and after downsampling for 
each donor (A, COAD; B, LUAD; C, BRCA; D, PRAD). The red line indicates median values. The left panel shows the 
correlation coefficients and the right panel shows the Dice index similarity.

Correlation and similarity analysis of random gene sets

Each targeted sequencing method selects important cancer-related genes, including driver genes and other key genes. 
To verify the significance of the number of genes to be analyzed and the selection of cancer-related genes, the number 
of genes required to achieve a median Dice index of 0.8 or higher was investigated for the cancer-related gene random 
set (CGC random set) based on the 738 genes in the Cancer Gene Census (CGC) and the Whole gene random set. As a 
result of evaluating similarity in the four cancer types (COAD, LUAD, BRCA and PRAD), the CGC random set showed a 
median Dice index above 0.8 when more than 200 and 300 genes were present in COAD and LUAD, respectively  
(Fig 5). Conversely, the median Dice index for BRCA was above 0.8 for 600 or more genes, but never exceeded 0.8 for 
PRAD. When the same analysis was performed on the whole gene random set, COAD and LUAD required 500 and 700 
genes, respectively, to exceed the median Dice index of 0.8. Furthermore, BRCA required at least 1800 genes, whereas 
PRAD did not exceed 0.8, even when 2,000 genes were used.

Fig 3.  Distribution of gene mutation counts per donor in each cancer type.

https://doi.org/10.1371/journal.pone.0326071.g003

https://doi.org/10.1371/journal.pone.0326071.g003
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Boxplots show the similarity of mutational signatures before and after downsampling for each donor (A, COAD; B, 
LUAD; C, BRCA; D, PRAD). The red line indicates median values. The X-axis represents the gene sets and the Y-axis 
represents the Dice index. Only PRAD was analyzed for up to 4,000 genes.

Fig 4.  Correlation and similarity of mutational signatures in each targeted sequencing.

https://doi.org/10.1371/journal.pone.0326071.g004

https://doi.org/10.1371/journal.pone.0326071.g004
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Relationships between the tumor mutation burden and similarity in each cancer type

Cancer types with a higher total number of gene mutations showed higher similarity with fewer target genes after downs-
ampling. Therefore, we visualized the relationship between the number of gene mutations observed in the patients and 
high similarity (>0.8) (Fig 6). When the number of gene mutations per patient was high, a high similarity was observed, 
even with fewer target genes. Conversely, cancers with an average number of gene mutations below 100 (PRAD, OV, 
BRCA, and KIRC) required more than 600 genes to achieve high similarity, even for the CGC random set. In contrast, the 
Whole gene random set showed high similarity when 2–3 times more genes were used compared to the CGC random 
set. KIRC and PRAD did not exceed a median Dice index of 0.8 in the 2,000 genes whole gene random set. However, 
when the Whole gene random set was increased to 4,000 genes, both KIRC and PRAD exceeded 0.8 with 3,200 genes 
(S2 Fig). The correlation coefficients between the number of genes or mutations and high similarity in the 13 cancer types 

Fig 5.  Distribution of mutational signature similarity in each gene set.

https://doi.org/10.1371/journal.pone.0326071.g005

https://doi.org/10.1371/journal.pone.0326071.g005
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were calculated for each of the three gene sets. While the CGC random set and Whole gene random set showed a strong 
negative correlation (r ≦ −0.7), the targeted sequencing showed a moderate negative correlation (r ≈ −0.5).

The results of downsampling in the three types of gene sets showed the number of genes required for each gene set to 
achieve a median Dice index of over 0.8 (Y-axis). The X-axis represents the average number of gene mutations detected 
in all donors for each cancer type in the WES data. Cancer types are shown at the top of the graph. Values in parentheses 
indicate the average number of gene mutations for each cancer type. The number of genes showing high similarity for the 
Whole gene random set in KIRC and PRAD was 3,200; therefore, these data were excluded from this graph. Moreover, 
the R-values did not include these two cancer types.

Discussion

In this study, the correlation and similarity of mutational signatures between the WES-level mutation data and downsam-
pled data for the gene sets of each targeted sequencing method were compared. As a result, the Dice index similarity 
tended to show higher concordance than the correlation coefficients. This difference arises because Pearson’s correlation 
assesses how closely the occurrence frequencies of SBS1 – SBS30 align between datasets, whereas the Dice index 
focuses on whether each signature is present or absent. As the concordance rate between the presence or absence 
of target mutational signatures is important, a high similarity reflects the characteristics of WES-level mutational signa-
tures. If highly similar results are obtained, this information will be sufficient to help us understand the cause of cancer, 
as indicated by the mutational signatures provided at the WES level, even with a limited number of genes as in targeted 
sequencing methods.

Subsequently, to evaluate whether the high similarity depends on cancer-related genes, the similarity was compared 
between the downsampled cancer-related genes and whole-exon coding genes. Although there were variations among 

Fig 6.  Relationship between the number of gene mutations and the number of genes required to show high similarity in the 13 cancer types.

https://doi.org/10.1371/journal.pone.0326071.g006

https://doi.org/10.1371/journal.pone.0326071.g006
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cancer types, the cancer-related gene random set showed notable concordance with the selection of 200–400 genes. In 
contrast, the whole gene random set did not demonstrate substantial similarity based on the median Dice index unless 
2–3 times more genes were selected. This suggests that cancer-related genes play a key role in supporting strong con-
cordance with WES-level mutational signatures. Furthermore, the fact that targeted sequencing achieved comparable 
performance with even fewer genes than the cancer-related gene random set suggests that targeted sequencing may 
focus on genes that more efficiently indicate the causes of gene mutations across the genome. Each targeted sequencing 
method selects many actionable cancer-related genes and important driver genes likely to lead to cancer, which could 
explain why they reflect mutational signatures better, even with fewer genes. Confirming the presence of mutational 
signatures in a patient’s cancer DNA could expand treatment options. Therefore, when selecting gene sets for targeted 
sequencing, incorporating a higher proportion of drivers and other cancer-related genes likely to reflect mutational signa-
tures may lead to effective treatments.

In addition, the number of downsampled genes that showed strong concordance, reflecting WES-level mutational sig-
natures, was investigated for each cancer type. We noted that the total number of gene mutations in each patient varied 
among cancer types. Focusing on random gene sets, a correlation was found between the number of gene mutations and 
the number of downsampled genes, showing close resemblance. In other words, a small number of genes in colorectal 
and lung cancers with high total gene mutation rates can reflect a WES-level mutation signature. In contrast, cancer types 
with low total gene mutations in each patient, such as breast and prostate cancers, showed high similarity only when a 
large number of genes were included in the downsampling, suggesting that it is difficult to reflect mutational signatures. 
For these cancer types, choosing a large-panel targeted sequencing method increases the likelihood of reflecting WES-
level mutational signatures. Therefore, selecting targeted sequencing methods that consider the differences in gene 
mutation load among cancer types would lead to effective treatment proposals based on the causal estimation of cancer 
using mutational signatures.

Recent studies have reported that mutational signatures inferred from targeted sequencing data are associated with 
treatment response and prognosis [48]. In addition, systematic CRISPR-based functional screens have demonstrated that 
targeted disruption of DNA repair genes, such as those involved in mismatch repair or base excision repair, can induce 
characteristic mutational signatures [49,50]. These findings highlight the biological relevance of mutational signatures and 
support their potential as functional biomarkers in cancer diagnostics and therapy. However, despite growing interest in 
the clinical applicability of mutational signatures, no study has systematically and comprehensively evaluated how well 
targeted sequencing can reproduce WES-level mutational signatures. Our study addresses this gap by simulating downs-
ampling from WES data and quantitatively assessing the preservation of mutational signatures across various gene sets 
and cancer types. In particular, our findings highlight the potential utility of targeted sequencing for mutational signature 
analysis in clinical settings where WES or WGS is difficult to implement. Nevertheless, targeted sequencing may not 
sufficiently recapitulate WES-level mutational signatures in cancer types with a low mutation burden. In addition, this study 
is based on WES data from TCGA and has limitations including restricted sample size, lack of gene expression informa-
tion, and the exclusion of non-coding regions. Future research should incorporate larger clinical cohorts and explore the 
integration of other genomic alterations, such as copy number variations and structural variations, to enable more compre-
hensive mutational signature profiling. Furthermore, our findings suggest the possibility of capturing cancer-type-specific 
mutational signatures at the targeted sequencing level, which may in the future provide a foundation for their application in 
treatment selection or drug prioritization. The accumulation of such knowledge could contribute to the realization of more 
refined personalized medicine and improved cost-effectiveness in clinical oncology.

Conclusion

In this study, we demonstrated that the targeted sequencing methods currently used in clinical practice reflect WES-level 
mutational signatures by downsampling WES-level gene mutation data according to the number of target genes. However, 
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targeted sequencing methods with a large number of genes are more likely to reflect WES-level mutational signatures in 
cancer types with a low number of gene mutations. Based on these findings, considering the cancer type and average 
number of gene mutations when selecting a targeted sequencing method for a patient may lead to more effective treat-
ment choices.
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S1 Fig.  Correlation and similarity of mutational signatures in each targeted sequencing. Box plots showing the 
correlation coefficients and similarity of mutational signatures before and after downsampling for each donor (A: BLCA, 
B: HNSC, C: KIRC, D: LUSC, E: OV, F: SKCM, G: STAD, H: STES, I: UCEC). The red line indicates the median values. 
The left panel shows the correlation coefficients, and the right panel shows the Dice index similarity.
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S2 Fig.  Distribution of mutational signature similarity in each gene set. Box plots showing the similarity of mutational 
signatures before and after downsampling for each donor (A: BLCA, B: HNSC, C: KIRC, D: LUSC, E: OV, F: SKCM, G: 
STAD, H: STES, I: UCEC). The red line indicates the median values. The X-axis represents the gene sets, and the Y-axis 
represents the Dice index. Only PRAD was analyzed up to 4,000 target genes.
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for 13 cancer types downloaded from cBioPortal. 
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