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Somatic mutations accumulate over time in cancer cells as a consequence of mutational processes. However, the role of mutational processes in carcinogenesis remains poorly understood. Here, we infer the causal relationship between mutational processes and somatic mutations in 5,828 samples spanning 34 cancer subtypes. We found most mutational processes cause abundant recurrent mutations in cancer genes, while exceptionally ultraviolet exposure and altered activity of the error-prone polymerase bring a large number of recurrent non-driver mutations. Furthermore, some mutations are specifically induced by a certain mutational process, such as IDH1 p.R132H which is mainly caused by spontaneous deamination of 5-methylcytosine. At the pathway level, clock-like mutational processes extensively trigger mutations to dysregulate cancer signal transduction pathways. In addition, APOBEC mutational process destroys DNA double-strand break repair pathway, and bladder cancer patients with high APOBEC activity, though with homologous recombination proficient, show a significantly longer overall survival with platinum regimens. These findings help to understand how mutational processes act on the genome to promote carcinogenesis, and further, presents novel insights for cancer prevention and treatment, as our results showing, APOBEC mutagenesis and HRD synergistically contributed to the clinical benefits of platinum-based treatment.
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INTRODUCTION
Mutational processes, the biological activities that generated mutations, were vital risk factors for carcinogenesis (Pfeifer, 2010; Peña-Diaz et al., 2012). Nik-Zainal et al. (2012), Alexandrov et al. (2013a) developed a mathematical method to describe the mutational processes in an individual cancer genome by using mutational signatures, which greatly improved our understanding of mutational processes. Researchers (Alexandrov et al., 2013b; Alexandrov et al., 2020) have identified a large number of mutational signatures in the cancer genome, some of which are associated with some exogenous or endogenous mutation processes, such as age, exposures to ultraviolet, DNA repair pathways deficiency, and APOBEC activity.
To gain biological insights, researchers portrayed correlation relationships between cancer gene mutations and different mutational processes in a variety of cancer types based on population samples (Degasperi et al., 2020; Poulos et al., 20181007; Temko et al., 2018). But this analysis lacks a causal explanation, that is, it could not distinguish between mutations as a cause or a consequence of the mutational process. Fortunately, the sequence characteristics of mutations lend credence to causal associations. Some mutational processes generate specific patterns of mutations, and this preference will increase the possibility of certain mutations in the genome. For example, POLE p.P286R [C(C>G)T] and PTEN p.R130Q [T(C>T)G] are significantly associated with SBS10 activity in UCEC. The trinucleotide context of C(C>G)T is not frequently observed in SBS10, indicating that the POLE p.P286R mutation is basic in the presence of SBS10 in cancer. This trinucleotide context of T(C>T)G is frequently mutated in SBS10, suggesting that this driver mutation likely arose as a direct result of exposure to the mutagenic processes underlying SBS10.
Some studies have described examples of mutations induced by mutation processes, thus providing the first glimpse of the carcinogenesis of mutational processes. For example, APOBEC mutational processes were found to generate PIK3CA helical domain mutations (Henderson et al., 2014) and FGFR S249C (Shi et al., 2019) to contribute to tumor development. And, Li et al. found that chemotherapy-induced mutagenesis caused the drug resistance mutations such as NT5C2 (Li et al., 2020). These results indicate that the mutational process causes specific mutations to perform oncogenic functions. However, the mutation panorama shaped by various mutational processes is not exhaustively understood.
Therefore, we systematically constructed the mutation landscape induced by various mutational processes in 5,828 samples spanning 34 cancer types and subtypes and dissected the carcinogenic ways of various mutational processes. More importantly, through the extensive mutation spectrum of mutational processes, we can understand the carcinogenic risk of mutational processes and pathways they destroy, providing a comprehensive insight into the role of the mutational process in cancer initiation and development. Typically, we found that mutations that accumulated with age were widely enriched in cancer signaling pathways, indicating a key role of aging in cancer development. And APOBEC mutational process destroys DNA double-strand break repair pathway, revealing a potential clinical application value.
MATERIALS AND METHODS
Datasets Used in the Study
We used the mutation annotation format (MAF) file (version 2.8) provided by the MC3 (Multi-Center Mutation Calling in Multiple Cancers) group within the TCGA Network (Ellrott et al., 2018). The mutation data can be found here (https://gdc.cancer.gov/about-data/publications/mc3-2017) denoted as “Mutations - mc3.v0.2.8.PUBLIC.maf.gz”. For somatic mutations FILTER values were required to be one of PASS, wga, or native_wga_mix, and only single base substitutions were retained in this study. In mutational signature refitting, the fitting accuracy will increase with the increase of mutation size (Supplementary Figure S1). Therefore, to ensure the accuracy of identifying the contribution of each mutational process, we excluded samples with fewer than 50 mutations. The samples were annotated with molecular subtypes based on genomic characterization from TCGA Research Network tumor-specific publications (Sanchez-Vega et al., 2018). After removing some cancer types with smaller sample sizes, we finally enrolled 5,828 samples across 34 cancer types and subtypes for downstream analyses (Supplementary Table S1). Cancer genes were defined using a recent study by Bailey et al. (2018).
Mutational Signature Exposures for Each Sample
We obtained all single base substitution mutational signatures from Alexandrov et al. (2020). Then, an enhanced NNLS framework (Alexandrov et al., 2020) was applied to determine the proportion of mutations attributable to each of the substitution mutational signatures. This framework included the following optimization processes to minimize the signature bleeding effect, and an optimal mutational signature set was finally determined for each sample. In the first step, a reasonable set of mutational signatures was selected for each cancer type based on prior knowledge (Alexandrov et al., 2013b; Alexandrov et al., 2020), the detail was in Supplementary Table S6. Further, for each sample, we filtered mutational signatures based on transcriptional strand bias and the total number of somatic mutations. In the second step, during the NNLS fitting process, the mutational signatures that contribute less to the fitting will be sequentially removed. In the third stage, some of the rest mutational signatures will be added provided that it increases the fitting accuracy.
INFERRING CAUSAL RELATIONSHIP BETWEEN THE MUTATIONAL PROCESS AND MUTATIONS.
The probability that a mutation was caused by a signature was calculated using an approach described previously (Morganella et al., 2016; Li et al., 2020). Let [image: image] represent the mutational signature exposure vector of the signature for a given sample, and [image: image] represent each of the 96 possible trinucleotide mutation types. Each of the k signatures mutated each of these 96 trinucleotide mutation types c with a probability [image: image] (ranging from 0 to 1) where the sum of the probabilities for a given signature across all 96 trinucleotide mutation types is 1. The probability that a mutation of interest [image: image] (at trinucleotide mutation type c) was caused by a specific signature [image: image] is calculated as:
[image: image]
Then, the probability of signatures was merged according to common etiologies. For example, SBS2 and SBS13 were merged into one APOBEC mutational signature (labeled as SBS2/13), and SBS6, 14, 15, 20, 21, 26 were merged into the MMR related signature (labeled as SBS6*). Finally, for each mutation, the mutational process with the highest probability was selected as its associated mutational process. The association with a probability of less than 0.5 was marked as “Ambiguous” and given no analysis.
The Risk of Mutational Processes Inducing Cancer Gene Mutations
A robust linear regression (Huber and Lovric, 2011) was used to evaluate linear dependencies between the number of non-silent cancer gene mutations and the number of all mutations affected by a certain mutational signature in each cancer subtype cohort. The P values of the regression model were corrected for multiple hypothesis testing using the Holm-Bonferroni method (Holm, 1979). The line’s slope of robust regression was then defined as the carcinogenic risk caused by the mutational process, which represents the probability that this mutation was a non-silent driver mutation when the mutational process caused a mutation in the exon. This analysis was performed with the rlm function in the “MASS” package (Ripley, 2002).
IDENTIFICATION OF MUTATIONS CAUSED BY A MUTATIONAL PROCESS SPECIFICALLY
We calculated normalized entropy (Tokheim et al., 2016; Bailey et al., 2018) to characterize mutations on their diversity of effects by mutational processes at cancer-type specific levels:
[image: image]
where, for each mutation in a cohort, n is the total number of mutations, and p(i) represents the proportion affected by the i-th mutational process. This score takes values between 0 and 1, where a value closer to 0 indicates that the mutation was dominantly affected by a certain mutational process. Then, for a given mutation and a mutational process, we modeled the mutation number caused by the dominant mutational process as a binomial distribution with N trials with success probability p, and binomial distribution test was used to infer whether the dominant mutational process effect was over-presented by testing the null hypothesis H0: p = 0.5 against the alternative hypothesis H1: p > 0.5. Then the P values were corrected for multiple hypothesis testing using the Holm-Bonferroni method (Holm, 1979).
Analysis of Pathways Disturbed by Mutational Processes
For a given mutational process A in a cancer type or subtype, we used the following method to identify related pathways (Supplementary Figure S9). Firstly, we prioritized genes based on the number of non-synonymous mutations caused by A for each cancer type. Since many mutations caused by A have the same frequency, we combined the posterior probabilities of associations between A and mutations to rank the genes. Then, pathway enrichment analysis in ranked lists of candidate genes is carried out with a hypergeometric test described previously (Paczkowska et al., 2020). Biological pathways of the Reactome database (Joshi-Tope et al., 2004) were used as the source of human pathways, where large general gene sets with more than 500 genes and small specific gene sets with less than 10 genes were removed. The ranked hypergeometric P-value was computed for all pathways and resulting P values are corrected for multiple testing using the Holm-Bonferroni method (Holm, 1979). Finally, for each pathway, we integrated the evidence from all cancer types by merging all P values using Brown’s extension (Brown, 1975) of the Fisher’s combined probability test. And significant pathways were reported by p < 0.05. EnrichmentMap (Merico et al., 2010) and AutoAnnotate (Kucera et al., 2016) application of Cytoscape (Shannon et al., 2003; Cline et al., 2007) were used for network visualization of similar pathways with stringent pathway similarity scores (Jaccard and overlap combined coefficient 0.6) and their coloring according to cancer types. We manually chose the most representative name for a group of similar pathways and processes based on prior knowledge.
Evaluating the Clinical Application of the APOBEC Mutational Process
We acquired 88 BLCA patients who underwent platinum-based adjuvant chemotherapy after tissue collection based on the time of sampling and first treatment. First, we explored the clinical net income of two prognostic models based on two factors: HRD score and combination of the contribution of APOBEC mutational process and HRD score. This analysis was performed utilizing the “DCA” package. Then, we evaluated the prognostic power of APOBEC activity. Referred to previous studies (Telli et al., 2016), patients with HDR scores greater than 42 or BRCA1/2 mutation were defined as HR-deficient, and the AOBEC-related mutational processes contribution greater than 0.25 were defined as APOBEC-high. The survival curves were calculated with Kaplan-Meier estimation, and the differences between survival curves were calculated by log-rank test. The hazard ratio, multivariate analysis adjusting for clinical parameters was determined through a Cox proportional hazards model. Survival analysis was carried out using the “survminer” and “survival” R packages.
Statistics Analysis
All statistical analyses were performed with R statistical software version 3.5.2 (http://www.R-project.org). The significance of differences between the two groups was determined by Wilcoxon rank-sum test. The Chi-square test was used to determine the significance of the overlap between the two groups. We used copy number burden as a mediator to analyze the relationship between mutations caused by APOBEC and HR-deficient using the “mediation” package. A Linear mixed-effect model was used to associate APOBEC-related mutational processes contribution with HRD contribution across cancer types using the “lme4” package.
RESULTS
Mutational Processes Exhibit Diverse Carcinogenic Risks in Human Cancers
In 5,828 samples, we calculated the contribution of various mutational processes which can leave mutations in the genome, increasing the risk of carcinogenesis. Then the causal relationships between mutational processes and mutations were identified (details see Methods), to estimate the carcinogenic risk of mutational processes by calculating their mutagenic ability and risk of causing non-silent mutations affecting cancer genes. As expected, the mutational processes mediated by DNA damage repair, including the altered activity of the error-prone polymerase (SBS10) and defective DNA mismatch repair (MMR defects, SBS6*), generate huge numbers of mutations in samples (median mutation load: 6,227 and 927; Figure 1A), which may reflect a strong carcinogenic ability.
[image: Figure 1]FIGURE 1 | The cancer gene mutation risk of mutational processes. (A) The mutation burdens induced by mutational processes. Each dot represents a sample colored by the cancer type while the horizontal lines are the median numbers of mutations in the respective cancer types. The total number of samples affected by each mutational process is marked at the top of the figure. The y axis (log scaled) shows the number of mutations while different mutational signatures are ordered on the x-axis based on their median numbers of mutations. (B) The cancer gene mutation risk of each mutational process in each cancer type or subtype was represented as a dot colored according to cancer type or subtype. Boxplots represent the median and interquartile range (IQR). (C) The cancer gene mutation risk of SBS5 in GIACs. Each dot represents a sample colored by cancer subtype, and the line corresponding to each cancer subtype represents the linear relationship between the number of cancer gene mutations and total mutations caused by SBS5. (D) The cancer gene mutation risk of several mutational processes in LIHC. Each dot represents a sample colored by the mutational process, and each line represents the linear relationship between the number of cancer gene mutations and total mutations caused by the mutational process. In B and C, the sample size and carcinogenic risk of mutational processes were shown in parentheses separated by commas.
Further, we found the number of non-silent mutations in driver genes and the total number of exon mutations caused by the mutational process were highly correlated and displayed a linear relationship, albeit with different ratios across cancer types (Supplementary Figure S2), suggesting the different but constant carcinogenic risks induced by mutational processes. Thus, we leveraged robust linear regression to evaluate these linear dependencies (details see Methods). Our results showed that fourteen mutational signatures showed a stable carcinogenic risk in at least one cancer type (adjusted [image: image]; Figure 1B and Supplementary Table S3). For example, we calculated that 1.28 out of 100 exon mutations (1.28%) contributed by UV exposure in melanoma (SKCM) were expected to affect known cancer genes (adjusted [image: image], [image: image]).
The risk values of cancer gene mutations across cancer types contributed by a mutational process showed substantial variation, especially SBS1, SBS5, and APOBEC-mediated mutational processes (Figure 1B, Supplementary Figure S3). SBS1 and SBS5 were found to correlate with age at diagnosis, showing clock-like properties (Alexandrov et al., 2020; Alexandrov et al., 2015). Typically, SBS5 induced different cancer gene mutation risk across gastrointestinal adenocarcinomas (GIACs), being high in genomically stable gastroesophageal cancer (STES GS, 5.03%, adjusted [image: image], [image: image]) and colorectal cancer (CRC GS, 5.77%, adjusted [image: image], [image: image]) in comparison to GIACs with chromosomal instability and microsatellite instability (Figure 1C, Supplementary Table S3). Further analysis showed that cancer gene mutation risk induced by SBS5 was negatively correlated with mutation load and copy number load (Supplementary Figures S4A,B). However, genomically stable GIACs have low mutation load and copy number load (Supplementary Figures S4C,D). One possible explanation is that genomically unstable tumors have higher DNA damage pressure and lower selection intensity, thus leading to a lower mutation risk in cancer genes. In addition, different mutational processes had various degrees of contributions to cancer gene mutations in a cancer type (Supplementary Figure S3). In liver cancer, SBS16, related to alcohol consumption with strong evidence (Wei et al., 2020), had a high cancer gene mutation risk (4.17%, adjusted [image: image], [image: image]), while other processes such as SBS1 had a relatively small contribution to cancer gene mutation (Figure 1D, Supplementary Table S3). This suggested that the toxic effects of alcohol on the liver genome may be more serious than the cumulative effects of clock-like mutational processes.
The Landscape of High-Frequency Mutations Shaped by Mutational Processes
When the mutational process inducing mutations, some of them might increase the growth advantage of cancer and would be retained by the selection, showing a trend of high frequency in the sample population. Here, we systematically portrayed the landscape of high-frequency mutations that were shaped by mutational processes. As a result, for two clock-like mutational processes, SBS1 gave rise to 4,782 recurrent mutations across 30 cancer types and subtypes (Figure 2A), and SBS5 resulted in 596 recurrent mutations in 28 cancer types and subtypes (Figure 2B). Especially, there were both 25 mutations induced by SBS1 and SBS5 respectively occurring frequently in samples (at least six samples) across a variety of cancer types. For example, SBS1-mediated mutation p.R132H of IDH was observed in 12 glioblastomas (GBM) and 52 low-grade gliomas (LGG) samples. In colorectal cancer, SBS1 mainly caused mutations in TP53 (such as p.R175H and p.R282W) and APC (such as p.R1450* and p.R216*) to act carcinogenic role (Figure 2A). The most frequent mutation induced by SBS5, BRAF p.V600E, was found in 93 SKCM samples and 28 MSI CRC samples (Figure 2B). Surprisingly, most of the high-frequency recurrent mutations induced by SBS5 were also induced by SBS40 (Figure 2BC), suggesting the convergence of carcinogenic effects of different mutation processes.
[image: Figure 2]FIGURE 2 | The recurrent mutations shaped by mutational processes. Barplots and word clouds illustrate the recurrent mutation landscapes for (A) SBS1, (B) SBS5, (C) SBS40, (D) SBS2/13, (E) SBS4, (F) SBS6*, (G) SBS7, and (H) SBS10. Barplot depicts a recurrence pattern, where mutations were binned by their reoccurrence frequency and the height of the bar represented the fraction of mutations in each cancer type or subtype. The numbers of mutations in and out of cancer genes were filled by red and gray respectively and also showed in parentheses separated by commas in each cancer type or subtype. The bar plot is displayed in a circular layout in (A) and (B). Word clouds show high-frequency mutations occurring at least 6 times in a cancer type or subtype, of which word size is proportional to the number of mutations and word colored by cancer type or subtype.
The APOBEC mutational process mainly resulted in mutations in the PIK3CA, such as p.E545K and p.E542K in CESC, BLCA, and BRCA (Figure 2D). SBS4, related to tobacco exposure, showed different mutagenicity patterns in lung adenocarcinoma (LUAD) and lung squamous cell carcinoma (LUSC) (Figure 2E). For example, SBS4-mediated KRAS mutations, including p.G12C and p.G12V being dominant in many LUAD samples. While a large number of high-frequency mutations (such as p.R158L, p.V157F, and p.R373L) were found in TP53 across LUSC samples (Figure 2E). MMR defect-associated mutation processes resulted in fewer high-frequency sites, mainly in UCEC and GI samples resulting in KRAS (G12/13D) and BRAF (V600E) mutations (Figure 2F).
For SBS7 and SBS10, unlike other mutational processes, with were showed high mutagenic ability (Figure 1A), and caused a large number of recurrent non-driving mutations in melanoma and uterine corpus endometrial carcinoma (UCEC), respectively (Figures 2G,H), suggesting that their mutagenicity was stronger than selection effect. In terms of cancer genes, SBS7 caused a large number of BRAF and NRAS mutations in SKCM, and SBS10 caused some high-frequency mutations in PTEN genes in UCEC. Other cancer-specific mutational processes were found to cause rare high-frequency mutation sites (Supplementary Figure S5). This may be due to the small sample size (Supplementary Figure S6) and mutations (Figure 1A) affected by these mutational processes.
Identifying Mutations Specifically Induced by a Certain Mutational Process
Our above results indicated that the mutational processes induced high-frequency cancer gene mutations (Supplementary Figure S7), which was essential for understanding the carcinogenic mechanisms of the mutational processes. Then, we used a binomial distribution test to screen for mutations specifically caused by a certain mutational process (details see Methods). In total, 39 significant specific associations were found among six mutational processes across 15 cancer types (adjusted [image: image]; Figure 3, Supplementary Figure. S8, Supplementary Table S4). For example, 23 associations of SBS1-specific in seven cancer types, including the mutations in TP53 (p.R175H, p.R248Q, p.R273H, and p.R282W), and the truncated mutations of APC and CDKN2A in CRC CIN and HPV- HNSC respectively (Figure 3). Indeed, codons of these positions contained CpG dinucleotides, which were susceptible to produce C > T mutation by SBS1 (Alexandrov et al., 2013b). There were nine associations caused by SBS5 specifically, including PIK3CA H1047R in HNSC and BRCA, BRAF V600E in SKCM and CRC, and NRAS Q61K in SKCM (Figure 3). Our results also suggest that SBS5 may have an impact on NER-related mutational phenotype by inducing ERCC2 p.N238S and POLE p.P286R, which are responsible for proofreading and faithful replication of DNA (Rayner et al., 2016).
[image: Figure 3]FIGURE 3 | Some mutations caused by a certain mutational process specifically. Each dot represents a specific relationship between mutation and mutational process. P values were obtained from the binomial test after multiple test corrections. Significant dots (adjusted p < 0.05) are filled by cancer type and the size of dots indicates the frequency of mutation in the corresponding cancer type or subtype.
APOBEC mutagenesis has mutational specificity in TCW motifs (where W corresponds to either A or T) (Burns et al., 2013; Roberts et al., 2013). And 13 APOBEC-related associations were observed in BLCA (n = 9), BRCA (n = 2), and CESC (n = 2), of which p.E542K and p.E545K in PIK3CA accounted for 46.2% (6/13) associations across three cancer types (Figure 3). For known cancer-related mutational processes, we found SBS4 specifically included KRAS mutations (G12V, G12C) and TP53 mutations (V457F, R158L) in LUAD and LUSC respectively (Figure 3). Additionally, SBS7 had 10 associations in SKCM (such as NRAS Q61R, RAC1 P29S) and SBS10 had 14 associations in UCEC (such as PTEN R130Q, ARID1A R1989*) (Figure 3, Supplementary Figure S8). These results suggest that the mutational processes can uniquely affect genomic mutations, leading to specific oncogenic effects.
The Landscape of Biological Pathways Disrupted by Mutational Processes
In this study, we used a ranked hypergeometric test to explore the effects of mutational processes on pathways (Supplementary Figure S9, details see Methods). Totally, 14 mutational processes resulted in 294 significantly enriched Reactome pathways (adjusted [image: image], Figure 4, Supplementary Table S5), of which 78 (26.5%) pathways were affected by at least four mutational processes (Supplementary Figure S10A). The major biological themes with these pathways included extracellular matrix organization, cell communication, transport of small molecules, protein metabolism, signal transduction pathways such as MET, rho GTPase, and others that are increasingly recognized in cancer biology (Figure 4) (Trusolino et al., 2010; Walker et al., 2018). In contrast to these associations, a large group of pathways (136, 46.3%) were affected by one mutational process solely, and APOBEC mutagenesis and clock-like mutational processes contributed mostly (Supplementary Figure S10B).
[image: Figure 4]FIGURE 4 | Enrichment map of pathways affected by mutational processes. (A) Nodes in the network represent pathways and are colored by associated mutational processes. The node size indicates the number of genes in a pathway. Similar pathways with many common genes are connected and named according to prior knowledge. (B) Cancer type evidence of various mutational processes affecting pathways. Nodes in the matrix are filled by cancer-type evidence.
A striking observation was that clock-like mutational processes had a predominant impact on signal transduction pathways evidenced by multiple cancer types (Figure 4A). For example, the influence of SBS1 on the pathway is mainly focused on the NOTCH signal pathway (such as “Signaling by NOTCH1”, [image: image]) and metabolic processes associated pathway, such as “Metabolism of carbohydrates” ([image: image]) and “Integration of energy metabolism” ([image: image]) (Figure 4B; Supplementary Figure S11A). SBS5 mainly caused mutations in the ERBB2 (such as “Signaling by ERBB2 in Cancer”, [image: image]), EGFR (such as “Signaling by EGFR in Cancer”, [image: image]), FGFR (such as “Signaling by FGFR in disease”, [image: image]) and Non-RTK (such as “Signaling by PTK6”, [image: image]) signal pathways in various cancer types (Figure 4B; Supplementary Figure S11B). SBS40 presented similar pathway disturbance with SBS5, but additionally affected the MAPK signal pathway (such as “MAPK family signaling cascades”, ) (Supplementary Figure S11C). These findings suggest that aging plays an important role in activating cancer signal transduction pathways.
The Clinical Actionability of APOBEC Mutational Process Inducing HRD
Previous studies reported that the APOBEC family of proteins plays an important role in the innate immune response against virus infections (Malim, 2009; Stavrou and Ross, 2015; Vieira and Soares, 2013). Indeed, our result revealed that APOBEC mutagenesis induced abnormalities in the virus infection pathway such as “Interactions of Rev with host cellular proteins” ([image: image]) and “Transport of Ribonucleoproteins into the Host Nucleus” ([image: image]) in multiple cancer types (Figure 4B; Supplementary Figure S12A). Additionally, the APOBEC mutational process affected cell cycle (such as “Mitotic Prometaphase”, [image: image]) and DSB repair (such as “HDR through Homologous Recombination”, [image: image]) pathways in BLCA, BRCA, HNSC, and CESC (Figure 4B; Supplementary Figure S12A), which were supported by evidence-based on gene expression (Kim et al., 2020).
According to this result, we next explored the contribution of APOBEC mutagenesis to homologous recombination repair deficiency (HRD). The APOBEC mutational process caused mutations in HR-related genes, such as BRCA1, BRCA2, and ATM, in large numbers of BLCA, BRCA, CESC, and HNSC samples (Figure 5A; Supplementary Figure S13). We also found that HR-deficient was associated with higher levels of APOBEC exposure in BLCA (Figure 5B, Supplementary Figure S14A). As expected, tumors with deficient HR function provide a huge copy number burden (Figure 5C; Supplementary Figure S14B). We wondered to know whether copy number load can increase the formation of APOBEC-mutagenesis-prone single-stranded DNA (ssDNA). This ssDNA is formed during the 5′→3′ resection that occurs at DNA double-strand breaks during the homology-directed repair (Roberts and Gordenin, 2014). By the mediation analyses, we found copy number burden significantly mediated the association of HR status with APOBEC mutational process exposure (HR = −0.309, p = 0.006; Figure 5D). An estimated 37.6% of the association was mediated through copy number burden in BLCA. In addition, APOBEC mutational process and HRD significantly co-occurred in samples ([image: image], [image: image] test; Figure 5E). We further used a linear mixed effect model to assess the relationship between the APOBEC mutational process and HRD and found a significantly positive interaction ([image: image], [image: image]; Figure 5E).
[image: Figure 5]FIGURE 5 | The clinical actionability of APOBEC mutational process. (A) HR-related genes affected by APOBEC mutation processes in BLCA, BRCA, CESC, and HNSC. The thickness of the edge connecting two nodes is proportional to the number of associations in all samples. (B) Differences in APOBEC exposure between HRD and HRP groups. (C) Differences in copy number burden between HRD and HRP groups. (D) Mediation analyses examining copy number burden between HRD and APOBEC exposure. (E) A scatter plot shows correlations between the log exposure value of APOBEC mutational signatures (SBS2 plus SBS13, x-axes) and HRD signature (SBS3, y-axes). Each dot represents a sample and the line shows best estimates for the slope estimated by mixed effect model in samples that APOBEC mutational signatures and HRD signature co-occurred. (F) The decision curve of the net benefit of the two models (HRD score and the combination of HRD score and APOBEC mutational process contribution) for the 5-years survival rate. (G) Kaplan–Meier curves for homologous recombination deficient (HR-D; n = 23), homologous recombination proficient but APOBEC activity high (HR-P APOBEC-H; n = 46), and homologous recombination proficient but APOBEC activity low (HR-P APOBEC-L; n = 17) patients who treated with platinum-based adjuvant therapy. Pairwise comparisons of survival curves are presented in the table. (H) Hazard ratios for the variables in the Cox regression model. The horizontal bars show the 95% CI; the P values are calculated with two-sided likelihood-ratio tests.
HRD is a promising target for platinum-based therapies and poly-ADP ribose polymerase (PARP) inhibitors treatment (Kaufman et al., 2015; Telli et al., 2016). In this study, we asked about the clinical actionability of the positive interaction between the APOBEC mutational process and HRD. We hypothesized that patients with higher APOBEC activity may induce HRD and thus respond to these drugs. To confirm this hypothesis, we curated TCGA BLCA samples who received platinum-based adjuvant therapy and evaluated the impact of APOBEC activity on outcomes. By decision curve analysis, we found considering APOBEC activity resulted in a higher net benefit for platinum-treated patients over a long threshold probability range (Figure 5B). When selecting a threshold probability of 0.6, considering APOBEC activity would benefit an additional 11.5% of patients compared to considering HRD alone (0.219 vs 0.104; Figure 5B). And the overall survival for HR-proficient and APOBEC-high patients (n = 46) was comparable to that of patients with HR-deficient (n = 23) ([image: image], log-rank test; Figure 5C), and both two groups had significantly longer overall survival than those patients with HR-proficient and APOBEC-low (n = 17) ([image: image], log-rank test; Figure 5C). We did not find similar results in BRCA, CESC, and HNSC (Supplementary Figure S15). Furthermore, in HR-proficient population, the risk of death is 93.1% lower for APOBEC-high patients than the APOBEC-low cases (hazard ratio: 0.069, 95% confidence interval (CI): 0.015–0.322, [image: image], Cox regression; Figure 5D). From these results, we expect a subset of HR-proficient patients with APOBEC-high would benefit from platinum-based therapy.
DISCUSSION
In this study, we described the causal relationship between the mutational process and the genomic mutations (Morganella et al., 2016), and integrated large-scale samples to construct the landscape of mutations and dysregulate biological pathways shaped by mutational processes across multiple cancer types (Figure 6). The genomic landscape is shaped by a balance between the levels of mutations and selective pressures (Temko et al., 2018; Persi et al., 2021). Through observing the highly recurrent mutations caused by each mutational process, we provide evidence for the relative contribution of mutation and selection. Especially, ultraviolet exposure and altered activity of the error-prone polymerase contributed to a large number of recurrent non-driver mutations in melanoma and endometrial cancer, respectively, indicating that the mutation effect of these mutational processes is stronger than selection.
[image: Figure 6]FIGURE 6 | Summary of the effect of mutational processes. This picture exhibits the top 15 mutations and pathways affected by several mutational processes. Barplot shows the mutation number induced by the mutational process, and the filled color of the bar indicates the cancer type or subtype. The red asterisk indicates the specific relationship identified by Results in at least one cancer type. Mutations marked blue are mutations in cancer genes and gray are passenger mutations.
SBS1 and SBS5 were associated with age at diagnosis and persisted throughout the patient’s life, called clock-like mutational signatures (Alexandrov et al., 2015). These two mutational processes inevitably occur frequently in tumor and normal samples, leading to mutations accumulating through a person’s lifetime in different ways (Martincorena and Campbell, 2015; Kim et al., 2020). We found these two mutational processes play key roles in carcinogenesis, showing a link between aging and cancer development. For example, SBS5 brings high carcinogenic risk in stable gastrointestinal tumors. And, though having different mutation context tendencies, they convergently resulted in a large number of mutations in key cancer genes, and extensively activated signal transduction pathways, promoting tumor initiation and progression.
Exogenous mutational processes often cause a large number of genomic damages, involving key cancer genes, playing a crucial role in carcinogenesis. We found UV exposure induced numerous BRAF and NRAS mutations in SKCM, and the smoking-related mutational process caused KRAS and TP53 mutations in LUAD and LUSC samples respectively. Also, carcinogenic risk analysis indicates that alcohol exposure and aristolochic acid exposure bring a higher risk of cancer gene mutation than the age-accumulated way in liver cancer. Thus, it is necessary to avoid exogenous exposures through human behavior and government control policies.
Damaged DNA repair (DDR) function can cause genomic instability, which is a typical feature of cancer hallmark (Negrini et al., 2010). Our results highlight that some endogenous mutational processes lead to DNA damage repair deficiency. Mutations in NER-related genes, ERCC2 and POLE, were mainly induced by SBS5, indicating that SBS5 plays an important role in blocking NER. In addition, the APOBEC mutational process causes mutations in the DSB pathway, inducing an HRD phenotype. Especially, in BLCA, the deficient HR function was able to increase APOBEC mutation levels through genomic instability, demonstrating a synergistic effect between APOBEC and HRD. These results suggest that these mutational processes not only possess their mutagenic capacity but also activate DNA repair damage-related mutational processes potentially. These mutational processes may leave a large number of mutations in the genome within a short time by this way, of which advantageous mutations may promote tumor evolution, metastasis, and resistance to chemotherapy drugs.
Patients with defects in DNA repair mechanisms can benefit from synthetically lethal therapeutic interventions (Van Allen et al., 2014; Mateo et al., 2015) and immunotherapy (Wang et al., 2019), which may provide a unique clinical application of mutational processes. Sequencing technology provides a cross-sectional snapshot of a patient’s genome, and although we do not find HRD phenotype at this moment, this patient could still benefit from DDR-based therapies as highly APOBEC activity may induce HRD during cancer progression. Indeed, bladder cancer patients with high APOBEC activity, even though HR-proficient, show a significantly longer overall survival with platinum regimens, providing evidence for this idea. This will help to reconcile the paradox that patients with low HRD mutation signature exceptionally respond to the platinum-based drug, and highlight the potential value of considering APOBEC activity in platinum-based therapy. This case raises a meaningful topic that APOBEC activity may help refine decisions on using synthetically lethal therapy, and needs to be validated in more data sets and prospective studies.
In terms of the method that determines the causal association between mutational signature and mutation, it relies on the trinucleotide contexts favored by the mutational process. The similarity of the mutational processes will present a challenge for the accuracy of signature assignments to each mutation. For instance, the APOBEC enzyme mainly causes C > T mutations in the CpG site, so it may be relatively easy to assign a particular mutation to an APOBEC mutational process (SBS2/13). However, some mutational processes, such as SBS5, are rather trickier due to lacking distinctive mutational trinucleotide peaks, exhibiting a flat distribution. As a result, in a sample, the probability of a mutation affected by two mutational processes may be similar and low, leading to the ambiguous assignment. In recognition of this, therefore, we adopt the maximum likelihood with probability threshold approach (Morganella et al., 2016) to achieve our analysis. This process could remove many vaguest assignments to properly mitigate this impact.
In summary, our results presented a comprehensive landscape of the effects of mutational processes on the genome, which was necessary for us to explicitly understand the role of mutational processes in carcinogenesis. And our results provide an extra clinical actionability of mutational processes from an evolutionary perspective.
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