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ABSTRACT

Somatic mutation signatures are an informative facet of cancer aetiology,
however they are rarely useful for predicting patient outcome. The aim of this study is
to evaluate the utility of a panel of 142 mutation-signature-associated metrics (P142)
for predicting cancer progression in patients from a ‘TCGA PanCancer Atlas’ cohort.
The P142 metrics are comprised of AID/APOBEC and ADAR deaminase associated
SNVs analyzed for codon context, strand bias, and transitions/transversions. TCGA
tumor-normal mutation data was obtained for 10,437 patients, representing 31 of
the most prevalent forms of cancer. Stratified random sampling was used to split
patients into training, tuning and validation cohorts for each cancer type. Cancer
specific machine learning (XGBoost) models were built using the output from the P142
panel to predict patient Progression Free Survival (PFS) status as either “"High PFS” or
“Low PFS”. Predictive performance of each model was evaluated using the validation
cohort. Models accurately predicted PFS status for several cancer types, including
adrenocortical carcinoma, glioma, mesothelioma, and sarcoma. In conclusion, the
P142 panel of metrics successfully predicted cancer progression status in patients
with some, but not all cancer types analyzed. These results pave the way for future
studies on cancer progression associated signatures.

INTRODUCTION biology of the cancerous cells. However, many of the
mechanisms driving cancer progression are still not fully
understood, such as the causes, effects, and patterns of

DNA mutation in oncogenesis.

Cancer is a leading cause of human mortality
worldwide and the incidence of cancer is expected to

rise as our average life expectancy increases [1-3]. Yet,
despite many recent advances in treatment, the immense
socio-economic burden of cancer persists [1-3]. A key
strategy for reducing the burden of cancer is to personalize
treatment regimes to optimize patient outcomes [4].
Currently less than 25% of patients benefit from
personalized care [5, 6] and efforts to increase adoption
and utility are ongoing, for example by incorporating
novel biomarkers into existing treatment methods.
Effective personalized cancer treatment requires a detailed
understanding of the aetiology, physiology and molecular

As cancer develops, many mechanisms and
endogenous cellular processes cause mutations in DNA. A
predominant endogenous DNA mutagen is the orthologous
family of proteins known as deaminases, specifically the
activation-induced cytidine deaminase/apolipoprotein
B editing complex (AID/APOBEC) family of enzymes
[7-11] and putatively adenosine deaminases acting on
RNA (ADARs) [12-14]. These enzymes mutate DNA
and/or can edit RNA [15-17] by binding to specific target
motifs. For example, the binding motif for APOBEC3G
is two consecutive cytosines (“CC”) and deamination of
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the second cytosine results in another nucleotide being
incorporated e.g., “CT” [9]. Deaminase binding domains
are typically highly specific: the deaminase enzyme AID
also deaminates cytosines (“C”) predominantly, however it
binds at WRC loci (W =A/T, R =A/G) [18, 19].

Analyzing somatic mutations coinciding with known
deaminase binding motifs can signal aberrant activity of
that specific deaminase and compromised DNA repair
in cells [8, 9, 20, 21]. Furthermore, the accumulation
of specific deaminase-associated mutations in a patient
can provide valuable information on how the cancer
has developed [20-23], and in specific cases provide
information on the rate of progression of the disease and
likely response to specific treatments [24—28]. Despite
clinical utility in a handful of examples, quantification
of deaminase-associated DNA mutations currently does
not provide actionable information for the majority of
cancer types [29, 30]. However, further classification and
analysis of deaminase-associated DNA mutations can
reveal additional information. This has been previously
shown using metrics such as strand bias [31]; codon
context (the position of the mutated nucleotide within the
codon, relative to the transcript start site and read 5’ to
3’ on the non-transcribed strand) [13]; and the number
and ratio of transitions and transversions in deaminase-
associated variants [32]. For example, higher strand bias
and transition/transversion ratios have been observed in
inherited disease-associated genetic variants [32].

Antecedent research has shown that, when combined
with the codon-context of the targeted motifs for both
cytosine and adenosine deaminases as described by Lindley
[13], deaminase-associated mutation signatures can be
used to stratify patients with high-grade serous ovarian
cancer into long-term and short-term survivors [14]. In this
study, the proposed molecular model of AID/APOBEC
and ADAR mutagenesis advances existing models by
implicating the open transcription bubble and transcription
elongation complex as illustrated by Lindley [12] (Figure
1A). In this model, deamination targets are presented in
C-site motifs both in the displaced ssDNA of the non-
transcribed strand, and may also be accessed in the exposed
ssDNA of the transcribed strand at annealed RNA:DNA
hybrids assisted via the action of the RNA exosome [33].
ADAR A-site deamination targets are present in WA-motifs
in the dsRNA stem loops of the nascent pre-mRNA, and
in the RNA and DNA A-site moieties in the RNA:DNA
hybrid, assisted by the reverse transcriptase activities of
DNA Polymerase-eta (Pol 1) [31, 34, 35]. This presumptive
model is based on known deaminase targets and their role
in oncogenesis, combined with the mechanisms underlying
reverse transcription. This model contributes to the rationale
underpinning the development of the panel of cancer
progression associated metrics used in this study.

Whilst the utility of deaminase-associated metrics
is yet to be fully realized, it is our view that this approach
may ultimately be used to improve the predictive

accuracy of a range of emerging genomic diagnostics
in an ‘additive’ manner. Several other approaches have
also been used to stratify cancer patients into long- and
short-term survivors [36-39]. Methods such as analyzing
gene expression changes and pathway enrichment [40],
protein abundance and localization [41], single nucleotide
polymorphisms (SNPs) [42, 43], altered RNA splicing
[44], metabolites or other analytes [45] have been used
to stratify patients. Models combining these approaches
with clinical data such as patient age, sex, treatment and
histopathology can achieve relatively high predictive
accuracy [46]. The P142 panel is fundamentally different
to these existing methods and may provide a new source of
cancer progression biomarkers. This is the first application
of these deaminase-associated metrics for predicting
cancer progression and patient outcomes.

The aim of this study is to evaluate the efficacy
of a panel of 142 deaminase-associated metrics (herein
referred to as the ‘P142’ panel) for predicting the rate of
cancer progression in patients selected from The Cancer
Genome Atlas (TCGA) PanCancer Atlas cohort. The P142
metrics evaluated in this study are defined and described
in Supplementary Table 1. We hypothesize that the P142
markers associated with AID/APOBEC and ADAR
deamination and codon reading frame context can be used
to predict cancer progression for patients with a range of
different cancer types.

RESULTS

Application of the P142 metric panel and patient
categorization

The P142 panel of metrics was applied to every
patient eligible for inclusion in the study (see Figure
1A; n=5,903) and the results were collated into patient
profiles. Each patient profile contains 142 values: one for
each metric in the panel. Patient profiles were grouped by
cancer type and categorized according to their Progression
Fee Survival (PFS) status, labelled as either “Low PFS”
or “High PFS”. The median PFS for each cohort and the
corresponding PFS threshold used to delineate “Low
PFS” patients from “High PFS” patients are presented
in Table 1, along with the number of patients in each
group. For example, the PFS threshold for TCGA patients
with adrenocortical carcinoma (ADCC) is 24 months:
patients in the “Low PFS” category presented with cancer
progression/recurrence before 24 months (n = 39), and
patients in the “High PFS” category did not progress
before 24 months (n = 46) (Table 1).

Distribution of variants in coding regions of the
genome

Somatic single-nucleotide variants (SNVs) in
protein coding regions (CDS) were quantified for each
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Table 1: A summary of the patient cohorts and key parameters included in the study

Median No. patients No. patients No. patients
Cancer type PFS PFS threshold included in above PFS below PFS

Cancer type abbreviation (months) (months) analysis threshold threshold
Adrenocortical Carcinoma ADCC 27.60 24 85 46 39
Glioblastoma Multiforme BGBM 5.92 6 306 161 145
Bladder Urothelial Carcinoma BLCA 17.98 18 291 157 134
Brain Lower Grade Glioma BLGG 27.81 24 290 168 122
Breast Invasive Carcinoma BRCA 46.62 60 321 211 110
Cervical Squamous Cell Carcinoma CESC 31.27 30 134 79 55
Cholangiocarcinoma CHOL 7.96 9 32 18 14
Colorectal Adenocarcinoma COAD 29.06 24 310 202 108
Diffuse Large B-Cell Lymphoma DLBC 32.01 30 20 14 6
Esophageal Adenocarcinoma ESCA 10.55 12 141 83 58
Head and Neck Squamous Cell Carcinoma HNSC 25.97 24 351 190 161
Kidney Chromophobe KICH 87.24 60 45 37 8
Kidney Renal Clear Cell Carcinoma KIRC 45.96 48 264 200 64
Kidney Renal Papillary Cell Carcinoma KIRP 34.29 36 166 127 39
Liver Hepatocellular Carcinoma LIHC 12.89 12 254 122 132
Lung Adenocarcinoma LUAD 23.87 24 320 163 157
Lung Squamous Cell Carcinoma LUSC 31.56 36 283 188 95
Mesothelioma MESO 12.00 12 64 16 48
Ovarian Serous Cystadenocarcinoma OVCA 16.04 18 294 137 157
Pancreatic Adenocarcinoma PAAD 12.33 12 161 130 31
Prostate Adenocarcinoma PRAD 37.00 36 222 156 66
Sarcoma SARC 17.80 18 202 128 74
Skin Cutaneous Melanoma SKCM 28.59 30 371 219 152
Stomach Adenocarcinoma STAD 16.57 18 264 145 119
Testicular Germ Cell Tumors TGCT 40.01 42 73 46 27
Thyroid Carcinoma THCA 39.73 36 217 175 42
Thymoma THYM 45.63 48 62 44 18
Uterine Corpus Endometrial Carcinoma UCEC 35.13 36 257 161 96
Uterine Carcinosarcoma UCSA 11.64 12 51 28 23
Uveal Melanoma UVME 27.52 24 52 34 18
TOTALS 5903 3585 2318

Details include cancer type and cancer type abbreviation, the median Progression Free Survival (PFS) time, the corresponding PFS threshold, and the total
number of patients in each PFS status group (determined to be either “High PFS” or “Low PFS” using the PFS threshold).

patient. The distribution of CDS SNVs for each cancer
type are shown in Figure 1B. The highest average CDS
SNV burden was observed in skin cutaneous melanoma
and lung cancers (SKCM, LUAD, LUSC). In comparison,
the observed SNV burden was more than 10-fold lower in
thyroid cancers, testicular germ cell carcinoma and uveal
melanoma (THYM, TGCT, THCA and UVME).

Correlation between somatic variant burden and
progression free survival

A statistically significant correlation between total
SNV burden and patient PFS status was not found for the
majority of cancer types (see Figure 2). However lower

grade glioma (BLGG, Figure 2B), mesothelioma (MESO,
Figure 2C) and adrenocortical carcinoma (ADCC, Figure
2D) had significantly more mutations in patients with
“Low PFS” vs those with “High PFS” (p < 0.05). This
trend was not seen in sarcoma (SARC, Figure 2E; p >
0.05). Other individual metrics in the P142 panel were
similarly weak predictors of patient PFS status in different
cancer types (Supplementary Figure 1).

Cross validation and predictive accuracy of
machine learning models

Patients grouped by cancer type were split using
stratified random sampling into training, tuning and
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validation cohorts: 75%, 10% and 15% of patients
respectively. These cohorts retained the same approximate
ratio of “High PFS” and “Low PFS” patients as the
original patient groups. Two cancer type groups (DLBC
and KICH) had insufficient patient numbers (i.e., zero
“High PFS” or “Low PFS” patients in the tuning or
validation cohorts) and were excluded from further
analysis.

For the validation cohorts, the average predictive
accuracy for machine learning (ML) models across all
cancer types was 60% + 1.2% (mean = SD; 20 rounds
of cross validation per cancer type), higher than expected
according to random chance (i.e., 50%). Overall, 59.1%
of ML models had a Cohen’s Kappa value > 0 (Figure 3).
As shown in Figure 3, the highest predictive accuracy
was seen in ML models for adrenocortical carcinoma,
mesothelioma and cholangiocarcinoma (ADCC, MESO,
CHOL), which predicted the PFS category of validation
patients with 100% accuracy. A selection of ML models
achieved > 80% predictive accuracy, including models
for adrenocortical carcinoma, lower grade glioma,
cervical squamous cell carcinoma, cholangiocarcinoma,
mesothelioma, sarcoma, thyroid carcinoma, and uterine
carcinosarcoma (ADCC, BLGG, CESC, CHOL, MESO,
SARC, THCA, UCSA). Overall, one or more ML models

Identify mutations

A

Quantify mutations within deaminase binding motifs

achieved a predictive accuracy > 70% in the majority of
cancer types in the TCGA (20/28 cancer types analyzed).

Kaplan—Maeier survival curves for each cancer
type

A significant difference in the probability of
recurrence (the ‘actual’ PFS) between patients predicted
as “Low PFS” compared to those predicted as “High
PFS” is seen in Kaplan—Meier plots for a selection of
cancer types (Figure 4; p < 0.05). Kaplan—Meier plots
generated by applying the best performing ML model to
the respective validation cohorts for each of the 28 cancer
types are shown in Supplementary Figure 2. ML models
with poor predictive accuracy showed little separation
between lines (e.g., lung adenocarcinoma; Supplementary
Figure 2N). This is irrespective of the individual patient’s
predicted PFS status (“Low PFS” or “High PFS”), as the
actual PFS does not correlate with the predictions. Overall,
a significant difference in the probability of recurrence
(the ‘actual’ PFS) in each validation cohort was observed
between patients predicted as “Low PFS” compared
to patients predicted as “High PFS” for the majority of
cancer types in the TCGA (20/28 cancer types analyzed;
p <0.05).
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Figure 1: (A) Schematic of the key concepts involved in generating output from the P142 metric panel. Each metric in the P142 panel
is described in full in Supplementary Table 1. These metrics are derived from tumor-normal single nucleotide variants and cover a range
of sequence motifs, incorporating strand bias, codon context, transitions/transversions and synonymous/non-synonymous status. (B)
Distribution of SNVs contained within the coding sequence (CDS) regions of the genome. Cancer types are ordered and colored from

highest to lowest mutation burden.

www.oncotarget.com

848 Oncotarget



Evaluation of the chosen PFS thresholds

Additional ML models were created for each cancer
type using predetermined PFS thresholds of 6, 12, 24, 36,
48 and 60 months to evaluate the appropriateness of the
PFS thresholds used in the study (listed in Table 1). Cross
validation was performed (10-fold for each PFS threshold)
and Cohen’s Kappa values were used to compare models
for each cancer type (Supplementary Figure 3). ML
models could not be obtained when the PFS threshold
led to insufficient patient numbers in a category (i.e.,
zero “High PFS” or “Low PFS” patients in the tuning
or validation cohorts), for example, Supplementary
Figure 3B: ML models were not generated at 48 and 60
months PFS for the BGBM cohort, as only 4 patients
with that cancer type survived past 48 months. In the 28
different cancer types investigated, the predetermined PFS
threshold (either 6, 12, 24, 36, 48 or 60 months) that was
closest to the threshold used in the study (listed in Table 1)
had the highest Cohen’s Kappa value and predictive
accuracy, confirming the PFS thresholds used in the study
were appropriate.

DISCUSSION

The TCGA PanCancer Atlas has greatly improved
our understanding of cancer biology, leveraging
comprehensive genomic, epigenetic, and transcriptomic

analyses across a broad range of tumor types. Here, we
used TCGA whole exome sequencing data to evaluate
the utility of genomic metrics associated with deaminase
mutagenesis (P142) for predicting the PFS status of
patients from 28 cancer types. Machine learning (ML)
models generated using the P142 metric panel accurately
categorized patients as “High PFS” (above the PFS
threshold) or “Low PFS” (below the PFS threshold) with
up to 100% predictive accuracy and with Cohen’s Kappa
values above 0.4 for 11 cancer types. Nevertheless, the
ML models used did not accurately categorize patients
in all cancer types. In addition to existing methods of
quantifying somatic mutations with putative deaminase
binding motifs, incorporating additional physiological
characteristics such as strand bias, codon context and
transitions/transversions, provides new insights and
novel genomic biomarkers that can be used to predict
PFS status in cancer patients. These findings support our
hypothesis that deaminase-associated metrics can be used
for predicting patient outcome and provides a foundation
for further development of diagnostic and prognostic tests.

An advantage of the methods developed for this
study is that the P142 metrics implicate a broad range of
physiological and molecular mechanisms associated with
mutagenesis. For example, some deaminases are known
to preferentially target the transcribed or non-transcribed
strand of a transcript [18, 47-50]. One P142 metric that
incorporates this specificity is #15: “cds:A3B_T-C-W
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G>A motif %” (Supplementary Table 1), which evaluates
the proportion of mutations that occur within a known
APOBEC3B target motif that we classify as G>A. As this
metric denotes a mutation of “G” within an APOBEC3B
motif, the mutation occurred at C>T on the opposite strand,
which is a measure of strand bias [45]. Another example
is the position of the mutated nucleotide in the codon,
which evaluates synonymous verses non-synonymous
amino acid changes and implicates factors relating to
DNA structure and conformation [13]. This mechanism is
associated with many of the P142 metrics, for example
#7: “cds:A3G_C-C- MC3%” (Supplementary Table 1),
which calculates the proportion of mutations that occur
within the APOBEC3G motif (“CC”) at the 3rd position
of a codon (“MC3”). Leveraging physiological and
molecular insights associated with deaminase mutagenesis
can reveal differences between patients despite similar
overall deaminase signature profiles. This is a key point of
difference between this study and alternative approaches
such as the “mathematical” deaminase signature
quantification methods used by others (e.g., [11, 51-53]).

Despite a clear correlation between the P142 metrics
and patient outcome in the majority of cases, predictive
accuracy was low for 8 of the 28 cancer types investigated.
A potential explanation for this result is that deaminase
expression is highly tissue-specific and perhaps these
cancer types have lower deaminase activity or expression.
This is a potential direction for future investigation.
It should be noted that high expression of deaminase
enzymes does not necessarily cause more mutations in
DNA unless repair pathways are compromised. Recent
investigation into the overexpression of APOBEC3B in
cells has found a negligible increase in mutations in vitro.

Yet, in cells that are pS3-compromised a significantly
higher number of mutations with the expected APOBEC
motif were observed when APOBEC3B was overexpressed
[54]. Thus, despite expression of deaminases varying
greatly between cell/tissue types, the relationship between
expression and phenotype is complex and cannot be easily
quantified by measuring gene or protein expression or
by counting SNVs that occur within deaminase binding
motifs. This is another potential explanation for the low
level of deaminase-associated mutations seen in some
cancer types, such as TGCT and UVME, which do not
typically have compromised DNA repair machinery.

An ongoing research question in oncology is the
clinical utility of Tumour Mutational Burden (TMB) as
a biomarker for patient survival. TMB is increasingly
being incorporated into genomic testing (diagnostic
and prognostic) and it is the leading biomarker used to
predict patient outcome after immune checkpoint inhibitor
therapy [55-58]. High TMB is typically associated with
positive response to immunotherapy (and subsequently
higher PFS), yet in cancer types such as adrenocortical
carcinoma and lower grade glioma (ADCC, BLGG) a
lower mutation burden was associated with longer PFS
(see Figures 3 and 4). This finding was also reported in
a recent study by Alghamri et al. [S9]. There are several
potential explanations for this observation. For instance,
TMB may not relate to patient outcome unless the
patient is treated with immunotherapy, or perhaps TMB
is not a useful biomarker in the cancer types described.
Nevertheless, the link between TMB and patient outcome
in cancer types such as ADCC and BLGG may be useful
for customizing a panel of metrics to increase predictive
accuracy and utility.
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Figure 3: Predictive accuracy of machine learning cross validation (20 rounds) for each cancer type (7 = 28). Cohen’s
Kappa represents the deviation of the observed accuracy from the expected accuracy for each cohort of patients. Cohen’s Kappa is
traditionally evaluated as described in Landis and Koch [74]: values < 0 = not different to random chance, 0-0.20 = slight agreement,
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Machine learning methods were used in this study
to circumvent inherent correlations between individual
P142 metrics. For example, normalizing metric values
using the total number of mutations occurring within a
specific motif is a known source of potential bias. The
XGBoost decision tree ensemble algorithm was chosen
specifically to mitigate this issue. Despite high predictive
accuracy in the final model, we did not observe individual
metrics to be strong predictors of patient PFS status, and
the distribution of patient scores for each metric when
compared between cancer types and PFS status was
highly variable (Supplementary Figure 1). An explanation
for these observations is that each metric made a small
contribution to the final overall prediction, and the
contribution was dependent on cancer type. For example,
the distribution of patient scores for a specific metric in the
four highlighted cancer types with the highest predictive
accuracy were not always found to be concordant
(Supplementary Figure 1C). The XGBoost algorithm is
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well-suited to this scenario as it combines bagging and
boosting algorithms to build weak learner models initially,
then improves the learner models as training progresses
[60]. Overall, the findings of this study support using the
XGBoost algorithm over other analytical methods.
Genomic instability is the accumulation of somatic
mutations and chromosomal alterations within cellular
lineages [61]. This is a hallmark of cancer, and often
these somatic mutations do not have a discernable source
as they are caused by mechanisms such as oxy-radicals
(e.g. oxidation damage creating G — A mutations via
Guanine — 8-Oxoguanine — Adenosine), or exposure
to radiation [62]. Mutations without a discernable source
are not targeted to specific genomic motifs (unlike
deaminase-associated mutations), though there are regions
that appear to be more susceptible than others [63, 64].
We have previously speculated that the combinatorial
association of different deaminase isoforms, homodimers
and heterodimers may moderate deaminase targeting
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Figure 4: Kaplan—Meier plots comparing the ‘actual’ Progression Free Survival (PFS in months; X axis) of patients predicted to be “Low
PFS” (PFS below the threshold, shown in red) versus patients predicted to be “High PFS” (PFS above the threshold, shown in blue) for (A)
Adrenocortical Carcinoma (ADCC), (B) Lower Grade Glioma (BLGG), (C) Mesothelioma (MESO), and (D) Sarcoma (SARC). Results
were generated using the best machine learning (ML) model for each cancer type (i.e., the model with the highest predictive accuracy and
Cohen’s Kappa value). Cancer type, the number of patients in the validation cohort, and the PFS threshold used to delineate “Low PFS”
from “High PFS” are shown. Statistical comparisons between groups were conducted using log-rank tests (significance: "p < 0.05). Kaplan—
Meier plots for all 28 cancer types are presented in Supplementary Figure 2.
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specificity and contribute to this accumulation of
mutations as cancer progresses [65]. This phenomenon is
referred to in the literature as ‘trained’ innate immunity
and experimental evidence is now being generated to
examine the potential contribution of deaminase isoforms
and dimers to genomic instability [66—68]. Regardless of
the underlying mechanism, the accumulation of somatic
mutations without a discernable source may reduce our
ability to resolve deaminase-mediated mutation signatures

in specific regions of the genome. Establishing baseline
levels of 8-Oxo-G—associated mutations and other non-
deaminase—associated mutations in future studies would
address this potential confounding factor.

Notable limitations exist in TCGA genomic
sequencing data that may have affected the results of
this study. For instance, sparse personal information
and clinical history, missing metadata, predominantly
Caucasian samples, and a single timepoint for almost every
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Figure 5: Data analysis pipeline outlining key data processing, machine learning analysis, and validation steps used
in the study. Exclusion criteria are described further in the Methods. Patients were grouped according to cancer type and were split into
training, tuning and validation cohorts using a stratified semi-random approach. The P142 panel was then applied to patients in each cohort
separately and the TSM results (the collective output of the panel) were collated. For each cancer type, the XGBoost algorithm was used
to train and tune models using the training and tuning cohorts, then the final model was evaluated using the validation cohort. This process
was repeated (20 rounds) using a different patient split in each case. The barplot illustrates predictions for validation patients (prediction
values between 0 and 1) with patients predicted to be “Low PFS” below the red line and patients predicted as “High PFS” above the red
line. Bars are colored according to their actual PFS status: red = “Low PFS” and green = “High PFS”.
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patient may have reduced the overall predictive power
and limit translation of the results obtained. Datasets
generated from prospective, purpose-designed studies
could ameliorate these caveats and may provide a more
accurate estimate of the predictive power and potential
utility of the P142 panel. Furthermore, prospective studies
could eliminate the effects of other confounding factors
inherent to NGS technology, for example by obtaining
high tumor purities, using high depth sequencing
(e.g., 500X), ensuring accurate tumor subtyping, and
implementing new technologies and bioinformatics tools.
Creating homogenous datasets and augmenting the P142
panel with additional biomarkers may help to improve the
predictive accuracy for those cancer types with poorer
predictive outcomes as well as provide further insight into
tissue-specific deaminase mutagenesis.

In conclusion, we have identified a correlation
between cancer patient outcomes and changes in metrics
associated with deaminase mutagenesis in some, but
not all, cancer types investigated. Potential molecular
explanations for this observation are based on our
evolving understanding of dysregulated deaminase DNA
mutagenesis, disrupted DNA-RNA repair pathways
and subsequent aberrant protein production. Further
investigation using prospective, purpose-designed studies
would likely improve the efficacy of machine learning
models and provide a more accurate evaluation of the
potential utility of this approach. This study provides a
basis for further development of biomarker panels based
on metrics associated with deaminase mutagenesis for
predicting cancer progression and patient outcome.

MATERIALS AND METHODS

Data source

The Cancer Genome Atlas (TCGA) is a
collaboration between the National Cancer Institute (NCI)
and the National Human Genome Research Institute
(NHGRI). A prominent TCGA initiative is the ‘PanCancer
Atlas’ project, conducted by the Multi-Center Mutation-
Calling in Multiple Cancers (MC3) network, which
includes genomic tumor-normal mutation exome data
for 10,437 tumors from 33 of the most prevalent types of
cancer. The TCGA PanCancer Atlas has been widely used
to improve our understanding of cancer biology across
a broad range of tumor types. This well-characterized
cohort of patients has specific features and characteristics
that enable the application of state-of-the-art machine
learning methods: primarily the size of the dataset and
homogeneity of metadata.

The results shown here are in whole or part based
upon data generated by the TCGA Research Network:
https://www.cancer.gov/tcga. Data access is via the NIH
Genomic Data Commons (https://gdc.cancer.gov/access-
data/data-access-processes-and-tools). Data visualization

can be conducted using the cBioPortal for Cancer
Genomics (https://www.cbioportal.org/) [69, 70].

Patients without a valid Progression Free Survival
(PFS) and patients without any detected somatic mutations
were excluded from analysis. Somatic mutations were
obtained for 9,433 patients (30 different cancer types)
in VCF format (https:/samtools.github.io/hts-specs/
VCFv4.1.pdf).

Genomic metrics included in the P142 panel relate
to mutational burden, deaminase binding motifs, incidence
of tumor/normal single nucleotide mutations, and reading-
frame context of the codon triplet (i.e., if a codon contains
a mutation, what is the position of the mutated codon
(MC): 1, 2 or 3 as read 5’ to 3”). The panel also contains
additional metrics, such as those related to transitions/
transversions and strand bias. The metrics included in the
P142 biomarker panel used in this study are defined in
Supplementary Table 1.

Data analysis

SNVs for each patient were processed using the
‘Targeted Somatic Mutation’ (TSM) platform as described
in Lindley et al. [14]. Schematics of the data processing
pipeline are provided in Figure 1A and Figure 5. For
each patient, the bases surrounding each somatic SNV
were identified, and mutations with defined motifs were
quantified to create a patient profile. Patient profiles were
then collated, and patients were grouped by cancer type
for analysis. Patients were annotated according to their
Progression Free Survival (PFS) time in months. PFS is
defined as the period of time from the date of diagnosis
until the date of the first occurrence of a new tumor event
(NTE), locoregional recurrence, distant metastasis, a
new primary tumor, or death with tumor. Patients were
categorized as “High PFS” or “Low PFS” according to
the median PFS (months) from the TCGA PanCancer
cohort rounded to the nearest 6-month increment. The
PFS threshold was adjusted for three cancer types (BRCA,
COAD, KICH) to more closely reflect PFS thresholds
previously reported in the literature. The thresholds used
to delineate “High PFS” from “Low PFS” patients for each
cancer type are shown in Table 1.

Machine learning models were built to predict
membership to either the “High PFS” or “Low PFS”
groups, and a nested cross validation (CV) was performed
to evaluate predictive performance. For each cancer type,
data was split into partitions using the createDataPartition
function from the caret package (https://topepo.github.
io/caret/data-splitting.html) [71]. For each CV iteration
(n =20), one partition was used to train the model (using
75% of patients), one partition was used for tuning
hyperparameters (random search, https:/mlr.mlr-org.com/
reference/makeTuneControlRandom.html [72]) (using
10% of patients), and one partition was used to evaluate
predictive accuracy for validation (using 15% of the total
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number of patients that were removed from the patient pool
before data processing, training or tuning was conducted).

Patients were randomly allocated to each partition
for each iteration (random seed), and a “gbtree” booster
was applied with a “binary:logistic” objective function
[60]. Hyperparameter values, or range of values, included
an “eta” between 0.1 and 0.3, “gamma” = 0, “subsample”
= 0.8, “max depth” between 4 and 12, “minimum child
weight” between 2 and 8, “colsample by tree” between
0.5 and 1, and up to 250 “rounds” of training with “early
stopping” after 50 rounds with no improvement in error
rate. The accuracy of each trained classifier for predicting
the class labels (“High PFS” or “Low PFS”) of patients
in the validation partition was then evaluated for each
iteration. Evaluation included calculation of sensitivity,
specificity, positive predictive value, negative predictive
value, balanced accuracy and Cohen’s Kappa values.

In addition to the clinically relevant PFS thresholds
used to delineate between “High PFS” and “Low PFS”
patients, further training/tuning/validation was conducted
at 6, 12, 24, 36, 48, 60 months PFS for each cancer type
(Supplementary Figure 3).

Data visualization and statistics

Data analysis and visualization was conducted using
R (v4.0.2) and python (v3.7.7). The R package Janitor
v1.2.1 (https://garthtarr.github.io/meatR/janitor.html) was
used to correct variable names. Data was partitioned using
caret v6.0-85 (https://topepo.github.io/caret/) [71], and
models were trained using XGBoost v0.90.0.2 (https:/
xgboost.readthedocs.io/) [60]. Hyperparameters were tuned
using MLR v2.17.0 (https://github.com/mlr-org/mlr) [72]
and data was visualized using functions from the tidyverse
v1.3.0 (https:/github.com/tidyverse/tidyverse) [73] and
XgboostExplainer v0.1 (https://github.com/
AppliedDataSciencePartners/xgboostExplainer). Cohen’s

po - pe 1-po

Kappa statistic was defined as k= 1-r¢ g where po
is the observed predicted accuracy, and pe is the expected
predictive accuracy, per Landis and Koch [74]. The
magnitude of Cohen’s Kappa was evaluated as: values < 0
= not different to random chance, 0-0.20 = slight
agreement, 0.21-0.40 = fair agreement, 0.41-0.60 =
moderate agreement, 0.61-0.80 = substantial agreement,
and 0.81-1 = almost perfect agreement (i.e., perfect
predictive accuracy on validation data). Survival curves
were estimated using the Kaplan—Meier method and
compared with a log-rank test using the Survival R package
v3.2-3 (https:/github.com/therneau/survival) [75].

Novelty and significance

This is the first study to predict cancer progression
in TCGA patients with 28 cancer types using a panel
of metrics associated with AID/APOBEC and ADAR
deaminase mutagenic processes.

Author contributions

JM and NH conceived and designed the study.
JM and NH obtained and curated the data, conducted
the analyses, and interpreted the results. JM prepared
the figures and drafted the manuscript. RAL is group
leader and provided significant intellectual inputs. All
authors reviewed and edited the manuscript and all
authors approved the final version of the manuscript for
submission.

ACKNOWLEDGMENTS AND FUNDING

This work was funded by GMDx Group Ltd.

CONFLICTS OF INTEREST

The authors are employees of GMDx Group Ltd,
a genomics research and test development company.
They have published several patents describing various
applications of targeted somatic mutation signatures and
associated methods, such as those described here.

REFERENCES

1. Bray F, Ferlay J, Soerjomataram I, Siegel RL, Torre LA,
Jemal A. Global cancer statistics 2018: GLOBOCAN
estimates of incidence and mortality worldwide for 36
cancers in 185 countries. CA Cancer J Clin. 2018; 68:394—
424. https://doi.org/10.3322/caac.21492. [PubMed]

2. Ferlay J, Colombet M, Soerjomataram I, Mathers C, Parkin
DM, Pifieros M, Znaor A, Bray F. Estimating the global
cancer incidence and mortality in 2018: GLOBOCAN
sources and methods. Int J Cancer. 2019; 144:1941-53.
https://doi.org/10.1002/ijc.31937. [PubMed]

3. Pilleron S, Sarfati D, Janssen-Heijnen M, Vignat J, Ferlay

J, Bray F, Soerjomataram I. Global cancer incidence in
older adults, 2012 and 2035: A population-based study:
Global cancer incidence in older adults. Int J Cancer. 2019;
144:49-58. https://doi.org/10.1002/ijc.31664. [PubMed]

4. Budreviciute A, Damiati S, Sabir DK, Onder K, Schuller-
Goetzburg P, Plakys G, Katileviciute A, Khoja S,
Kodzius R. Management and Prevention Strategies for
Non-communicable Diseases (NCDs) and Their Risk
Factors. Front Public Health. 2020; 8:574111. https://doi.
org/10.3389/fpubh.2020.574111. [PubMed]

5. Stockley TL, Oza AM, Berman HK, Leighl NB, Knox JJ,
Shepherd FA, Chen EX, Krzyzanowska MK, Dhani N,
Joshua AM, Tsao MS, Serra S, Clarke B, et al. Molecular
profiling of advanced solid tumors and patient outcomes
with genotype-matched clinical trials: the Princess Margaret
IMPACT/COMPACT trial. Genome Med. 2016; 8:109.
https://doi.org/10.1186/s13073-016-0364-2. [PubMed]

6. Zehir A, Benayed R, Shah RH, Syed A, Middha S, Kim HR,
Srinivasan P, Gao J, Chakravarty D, Devlin SM, Hellmann

www.oncotarget.com

854

Oncotarget


https://garthtarr.github.io/meatR/janitor.html
https://topepo.github.io/caret/
https://xgboost.readthedocs.io/
https://xgboost.readthedocs.io/
https://github.com/mlr-org/mlr
https://github.com/tidyverse/tidyverse
https://github.com/AppliedDataSciencePartners/xgboostExplainer
https://github.com/AppliedDataSciencePartners/xgboostExplainer
https://github.com/therneau/survival
https://doi.org/10.3322/caac.21492
https://www.ncbi.nlm.nih.gov/pubmed/30207593
https://doi.org/10.1002/ijc.31937
https://www.ncbi.nlm.nih.gov/pubmed/30350310
https://doi.org/10.1002/ijc.31664
https://www.ncbi.nlm.nih.gov/pubmed/29978474
https://doi.org/10.3389/fpubh.2020.574111
https://doi.org/10.3389/fpubh.2020.574111
https://www.ncbi.nlm.nih.gov/pubmed/33324597
https://doi.org/10.1186/s13073-016-0364-2
https://www.ncbi.nlm.nih.gov/pubmed/27782854

10.

11.

12.

13.

14.

15.

16.

MD, Barron DA, Schram AM, et al. Mutational landscape
of metastatic cancer revealed from prospective clinical
sequencing of 10,000 patients. Nat Med. 2017; 23:703—13.
https://doi.org/10.1038/nm.4333. [PubMed]

. Harris RS, Petersen-Mahrt SK, Neuberger MS. RNA editing

enzyme APOBECI1 and some of its homologs can act as
DNA mutators. Mol Cell. 2002; 10:1247-53. https://doi.
org/10.1016/S1097-2765(02)00742-6. [PubMed]

Burns MB, Temiz NA, Harris RS. Evidence for APOBEC3B
mutagenesis in multiple human cancers. Nat Genet. 2013;
45:977-83. https://doi.org/10.1038/ng.2701. [PubMed]

Beale RCL, Petersen-Mahrt SK, Watt IN, Harris RS, Rada
C, Neuberger MS. Comparison of the differential context-
dependence of DNA deamination by APOBEC enzymes:
correlation with mutation spectra in vivo. ] Mol Biol. 2004;
337:585-96. https://doi.org/10.1016/j.jmb.2004.01.046.
[PubMed]

Roberts SA, Lawrence MS, Klimezak LJ, Grimm SA, Fargo
D, Stojanov P, Kiezun A, Kryukov GV, Carter SL, Saksena
G, Harris S, Shah RR, Resnick MA, et al. An APOBEC
cytidine deaminase mutagenesis pattern is widespread in
human cancers. Nat Genet. 2013; 45:970-76. https://doi.
org/10.1038/ng.2702. [PubMed]

Alexandrov LB, Nik-Zainal S, Wedge DC, Aparicio SA,
Behjati S, Biankin AV, Bignell GR, Bolli N, Borg A,
Borresen-Dale AL, Boyault S, Burkhardt B, Butler AP, et
al, and Australian Pancreatic Cancer Genome Initiative, and
ICGC Breast Cancer Consortium, and ICGC MMML-Seq
Consortium, and ICGC PedBrain. Signatures of mutational

processes in human cancer. Nature. 2013; 500:415-21.
https://doi.org/10.1038/nature12477. [PubMed]

Lindley R. A Review of the mutational role of deaminases

and the generation of a cognate molecular model to explain
cancer mutation spectra. Med Res Arch. 2020; 8. https://doi.
org/10.18103/mra.v8i8.2177.

Lindley RA. The importance of codon context for
understanding the Ig-like somatic hypermutation strand-
biased patterns in TP53 mutations in breast cancer. Cancer
Genet. 2013; 206:222-26. https://doi.org/10.1016/].
cancergen.2013.05.016. [PubMed]

Lindley RA, Humbert P, Larner C, Akmeemana EH,
Pendlebury CR. Association between targeted somatic

mutation (TSM) signatures and HGS-OvCa progression.
Cancer Med. 2016; 5:2629-40. https://doi.org/10.1002/
cam4.825. [PubMed]

Bass BL. RNA editing by adenosine deaminases that act
on RNA. Annu Rev Biochem. 2002; 71:817—46. https://
doi.org/10.1146/annurev.biochem.71.110601.135501.
[PubMed]

Niavarani A, Currie E, Reyal Y, Anjos-Afonso F, Horswell
S, Griessinger E, Luis Sardina J, Bonnet D. APOBEC3A
is implicated in a novel class of G-to-A mRNA editing in
WTT1 transcripts. PLoS One. 2015; 10:¢0120089. https://doi.
org/10.1371/journal.pone.0120089. [PubMed]

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

Nishikura K. A-to-I editing of coding and non-coding RNAs
by ADARs. Nat Rev Mol Cell Biol. 2016; 17:83-96. https:/
doi.org/10.1038/nrm.2015.4. [PubMed]

Sohail A, Klapacz J, Samaranayake M, Ullah A, Bhagwat
AS. Human activation-induced cytidine deaminase causes
transcription-dependent, strand-biased C to U deaminations.
Nucleic Acids Res. 2003; 31:2990-94. https://doi.
org/10.1093/nar/gkg464. [PubMed]

Di Noia JM, Neuberger MS. Molecular mechanisms of

antibody somatic hypermutation. Annu Rev Biochem.
2007; 76:1-22. https://doi.org/10.1146/annurev.
biochem.76.061705.090740. [PubMed]

Chen YJ, Roumeliotis TI, Chang YH, Chen CT, Han CL, Lin
MH, Chen HW, Chang GC, Chang YL, Wu CT, Lin MW,
Hsieh MS, Wang YT, et al. Proteogenomics of Non-smoking

Lung Cancer in East Asia Delineates Molecular Signatures
of Pathogenesis and Progression. Cell. 2020; 182:226-244.
el7. https://doi.org/10.1016/j.cell.2020.06.012. [PubMed]
Petljak M, Maciejowski J. Molecular origins of APOBEC-
associated mutations in cancer. DNA Repair (Amst). 2020;
94:102905. https://doi.org/10.1016/j.dnarep.2020.102905.
[PubMed]

McPherson A, Roth A, Laks E, Masud T, Bashashati A,
Zhang AW, Ha G, Biele J, Yap D, Wan A, Prentice LM,
Khattra J, Smith MA, et al. Divergent modes of clonal
spread and intraperitoneal mixing in high-grade serous

ovarian cancer. Nat Genet. 2016; 48:758—67. https://doi.
org/10.1038/ng.3573. [PubMed]

Buisson R, Langenbucher A, Bowen D, Kwan EE, Benes

CH, Zou L, Lawrence MS. Passenger hotspot mutations
in cancer driven by APOBEC3A and mesoscale genomic
features. Science. 2019; 364:caaw2872. https://doi.
org/10.1126/science.aaw2872. [PubMed]

Kasar S, Kim J, Improgo R, Tiao G, Polak P, Haradhvala N,
Lawrence MS, Kiezun A, Fernandes SM, Bahl S, Sougnez
C, Gabriel S, Lander ES, et al. Whole-genome sequencing
reveals activation-induced cytidine deaminase signatures
during indolent chronic lymphocytic leukaemia evolution.
Nat Commun. 2015; 6:8866. https://doi.org/10.1038/
ncomms9866. [PubMed]

Davies H, Glodzik D, Morganella S, Yates LR, Staaf J,
Zou X, Ramakrishna M, Martin S, Boyault S, Sieuwerts
AM, Simpson PT, King TA, Raine K, et al. HRDetect is
a predictor of BRCA1 and BRCA2 deficiency based on
mutational signatures. Nat Med. 2017; 23:517-25. https://
doi.org/10.1038/nm.4292. [PubMed]

Bolli N, Maura F, Minvielle S, Gloznik D, Szalat R, Fullam A,
Martincorena I, Dawson KJ, Samur MK, Zamora J, Tarpey P,

Davies H, Fulciniti M, et al. Genomic patterns of progression
in smoldering multiple myeloma. Nat Commun. 2018; 9:3363.
https://doi.org/10.1038/s41467-018-05058-y. [PubMed]

Wang S, Jia M, He Z, Liu XS. APOBEC3B and APOBEC
mutational signature as potential predictive markers for
immunotherapy response in non-small cell lung cancer.

www.oncotarget.com

855

Oncotarget


https://doi.org/10.1038/nm.4333
https://www.ncbi.nlm.nih.gov/pubmed/28481359
https://doi.org/10.1016/S1097-2765(02)00742-6
https://doi.org/10.1016/S1097-2765(02)00742-6
https://www.ncbi.nlm.nih.gov/pubmed/12453430
https://doi.org/10.1038/ng.2701
https://www.ncbi.nlm.nih.gov/pubmed/23852168
https://doi.org/10.1016/j.jmb.2004.01.046
https://www.ncbi.nlm.nih.gov/pubmed/15019779
https://doi.org/10.1038/ng.2702
https://doi.org/10.1038/ng.2702
https://www.ncbi.nlm.nih.gov/pubmed/23852170
https://doi.org/10.1038/nature12477
https://www.ncbi.nlm.nih.gov/pubmed/23945592
https://doi.org/10.18103/mra.v8i8.2177
https://doi.org/10.18103/mra.v8i8.2177
https://doi.org/10.1016/j.cancergen.2013.05.016
https://doi.org/10.1016/j.cancergen.2013.05.016
https://www.ncbi.nlm.nih.gov/pubmed/23880211
https://doi.org/10.1002/cam4.825
https://doi.org/10.1002/cam4.825
https://www.ncbi.nlm.nih.gov/pubmed/27485054
https://doi.org/10.1146/annurev.biochem.71.110601.135501
https://doi.org/10.1146/annurev.biochem.71.110601.135501
https://www.ncbi.nlm.nih.gov/pubmed/12045112
https://doi.org/10.1371/journal.pone.0120089
https://doi.org/10.1371/journal.pone.0120089
https://www.ncbi.nlm.nih.gov/pubmed/25807502
https://doi.org/10.1038/nrm.2015.4
https://doi.org/10.1038/nrm.2015.4
https://www.ncbi.nlm.nih.gov/pubmed/26648264
https://doi.org/10.1093/nar/gkg464
https://doi.org/10.1093/nar/gkg464
https://www.ncbi.nlm.nih.gov/pubmed/12799424
https://doi.org/10.1146/annurev.biochem.76.061705.090740
https://doi.org/10.1146/annurev.biochem.76.061705.090740
https://www.ncbi.nlm.nih.gov/pubmed/17328676
https://doi.org/10.1016/j.cell.2020.06.012
https://www.ncbi.nlm.nih.gov/pubmed/32649875
https://doi.org/10.1016/j.dnarep.2020.102905
https://www.ncbi.nlm.nih.gov/pubmed/32818816
https://doi.org/10.1038/ng.3573
https://doi.org/10.1038/ng.3573
https://www.ncbi.nlm.nih.gov/pubmed/27182968
https://doi.org/10.1126/science.aaw2872
https://doi.org/10.1126/science.aaw2872
https://www.ncbi.nlm.nih.gov/pubmed/31249028
https://doi.org/10.1038/ncomms9866
https://doi.org/10.1038/ncomms9866
https://www.ncbi.nlm.nih.gov/pubmed/26638776
https://doi.org/10.1038/nm.4292
https://doi.org/10.1038/nm.4292
https://www.ncbi.nlm.nih.gov/pubmed/28288110
https://doi.org/10.1038/s41467-018-05058-y
https://www.ncbi.nlm.nih.gov/pubmed/30135448

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Oncogene. 2018; 37:3924-36. https://doi.org/10.1038/
s41388-018-0245-9. [PubMed]

Wang D, Li X, LiJ, Lu Y, Zhao S, Tang X, Chen X, Li J,
Zheng Y, Li S, Sun R, Yan M, Yu D, et al. APOBEC3B
interaction with PRC2 modulates microenvironment to
promote HCC progression. Gut. 2019; 68:1846—57. https://
doi.org/10.1136/gutjnl-2018-317601. [PubMed]

Swanton C, McGranahan N, Starrett GJ, Harris RS.
APOBEC Enzymes: Mutagenic Fuel for Cancer Evolution

and Heterogeneity. Cancer Discov. 2015; 5:704—12. https://
doi.org/10.1158/2159-8290.CD-15-0344. [PubMed]

Law EK, Levin-Klein R, Jarvis MC, Kim H, Argyris PP,
Carpenter MA, Starrett GJ, Temiz NA, Larson LK, Durfee
C, Burns MB, Vogel RI, Stavrou S, et al. APOBEC3A
catalyzes mutation and drives carcinogenesis in vivo. J
Exp Med. 2020; 217:€20200261. https://doi.org/10.1084/
jem.20200261. [PubMed]

Steele EJ, Lindley RA. ADAR deaminase A-to-I editing
of DNA and RNA moieties of RNA:DNA hybrids
has implications for the mechanism of Ig somatic
hypermutation. DNA Repair (Amst). 2017; 55:1-6. https:/
doi.org/10.1016/j.dnarep.2017.04.004. [PubMed]

Lindley RA, Hall NE. APOBEC and ADAR deaminases
may cause many single nucleotide polymorphisms curated
in the OMIM database. Mutat Res. 2018; 810:33-38.
https://doi.org/10.1016/j. mrfmmm.2018.03.008. [PubMed]
Basu U, Meng FL, Keim C, Grinstein V, Pefanis E,
Eccleston J, Zhang T, Myers D, Wasserman CR, Wesemann
DR, Januszyk K, Gregory RI, Deng H, et al. The RNA
exosome targets the AID cytidine deaminase to both strands
of transcribed duplex DNA substrates. Cell. 2011; 144:353—
63. https://doi.org/10.1016/j.cell.2011.01.001. [PubMed]
Zheng Y, Lorenzo C, Beal PA. DNA editing in DNA/RNA
hybrids by adenosine deaminases that act on RNA. Nucleic
Acids Res. 2017; 45:3369-77. https://doi.org/10.1093/nar/
gkx050. [PubMed]

Franklin A, Steele EJ, Lindley RA. A proposed reverse
transcription mechanism for (CAG)n and similar expandable

repeats that cause neurological and other diseases. Heliyon.
2020; 6:¢03258. https://doi.org/10.1016/j.heliyon.2020.
€03258. [PubMed]

Nicolini A, Ferrari P, Duffy MJ. Prognostic and predictive

biomarkers in breast cancer: Past, present and future. Semin
Cancer Biol. 2018; 52:56-73. https://doi.org/10.1016/].
semcancer.2017.08.010. [PubMed]

Nikiforov YE, Carty SE, Chiosea SI, Coyne C, Duvvuri
U, Ferris RL, Gooding WE, Hodak SP, LeBeau SO, Ohori
NP, Seethala RR, Tublin ME, Yip L, Nikiforova MN.
Highly accurate diagnosis of cancer in thyroid nodules with
follicular neoplasm/suspicious for a follicular neoplasm
cytology by ThyroSeq v2 next-generation sequencing
assay. Cancer. 2014; 120:3627-34. https://doi.org/10.1002/
cncr.29038. [PubMed]

van de Vijver MJ, He YD, van’t Veer LJ, Dai H, Hart AA,
Voskuil DW, Schreiber GJ, Peterse JL, Roberts C, Marton

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

MJ, Parrish M, Atsma D, Witteveen A, et al. A gene-
expression signature as a predictor of survival in breast
cancer. N Engl J Med. 2002; 347:1999-2009. https://doi.
0rg/10.1056/NEJM02a021967. [PubMed]

Cardoso F, van’t Veer LJ, Bogaerts J, Slaets L, Viale G,
Delaloge S, Pierga JY, Brain E, Causeret S, DeLorenzi
M, Glas AM, Golfinopoulos V, Goulioti T, et al, and
MINDACT Investigators. 70-Gene Signature as an Aid
to Treatment Decisions in Early-Stage Breast Cancer. N
Engl J Med. 2016; 375:717-29. https://doi.org/10.1056/
NEJMoal602253. [PubMed]

Mandel J, Avula R, Prochownik EV. Sequential analysis of

transcript expression patterns improves survival prediction
in multiple cancers. BMC Cancer. 2020; 20:297. https://doi.
org/10.1186/s12885-020-06756-x. [PubMed]

Orre LM, Vesterlund M, Pan Y, Arslan T, Zhu Y,
Fernandez Woodbridge A, Frings O, Fredlund E, Lehtio
J. SubCellBarCode: Proteome-wide Mapping of Protein
Localization and Relocalization. Mol Cell. 2019; 73:166-182.
7. https://doi.org/10.1016/j.molcel.2018.11.035. [PubMed]
Dong X, Huang D, Yi X, Zhang S, Wang Z, Yan B, Chung
Sham P, Chen K, Jun Li M. Diversity spectrum analysis
identifies mutation-specific effects of cancer driver genes.
Commun Biol. 2020; 3:6. https://doi.org/10.1038/s42003-
019-0736-4. [PubMed]

Vosoughi A, Zhang T, Shohdy KS, Vlachostergios PJ,
Wilkes DC, Bhinder B, Tagawa ST, Nanus DM, Molina
AM, Beltran H, Sternberg CN, Motanagh S, Robinson BD,
et al. Common germline-somatic variant interactions in

advanced urothelial cancer. Nat Commun. 2020; 11:6195.
https://doi.org/10.1038/s41467-020-19971-8. [PubMed]

Shuai S, Suzuki H, Diaz-Navarro A, Nadeu F, Kumar
SA, Gutierrez-Fernandez A, Delgado J, Pinyol M, Lopez-
Otin C, Puente XS, Taylor MD, Campo E, Stein LD. The
Ul spliceosomal RNA is recurrently mutated in multiple
cancers. Nature. 2019; 574:712-16. https://doi.org/10.1038/
$41586-019-1651-z. [PubMed]

Bhandari V, Hoey C, Liu LY, Lalonde E, Ray J, Livingstone
J, Lesurf R, Shiah YJ, Vujcic T, Huang X, Espiritu SM,
Heisler LE, Yousif F, et al. Molecular landmarks of tumor
hypoxia across cancer types. Nat Genet. 2019; 51:308-18.
https://doi.org/10.1038/s41588-018-0318-2. [PubMed]

Wulczyn E, Steiner DF, Xu Z, Sadhwani A, Wang H,
Flament-Auvigne I, Mermel CH, Chen PC, Liu Y, Stumpe
MC. Deep learning-based survival prediction for multiple

cancer types using histopathology images. PLoS One.
2020; 15:¢0233678.  https://doi.org/10.1371/journal.
pone.0233678. [PubMed]

Saini N, Roberts SA, Sterling JF, Malc EP, Mieczkowski
PA, Gordenin DA. APOBEC3B cytidine deaminase targets
the non-transcribed strand of tRNA genes in yeast. DNA
Repair (Amst). 2017; 53:4-14. https://doi.org/10.1016/].
dnarep.2017.03.003. [PubMed]

Steele EJ. Mechanism of somatic hypermutation: critical
analysis of strand biased mutation signatures at A:T and

www.oncotarget.com

856

Oncotarget


https://doi.org/10.1038/s41388-018-0245-9
https://doi.org/10.1038/s41388-018-0245-9
https://www.ncbi.nlm.nih.gov/pubmed/29695832
https://doi.org/10.1136/gutjnl-2018-317601
https://doi.org/10.1136/gutjnl-2018-317601
https://www.ncbi.nlm.nih.gov/pubmed/31154396
https://doi.org/10.1158/2159-8290.CD-15-0344
https://doi.org/10.1158/2159-8290.CD-15-0344
https://www.ncbi.nlm.nih.gov/pubmed/26091828
https://doi.org/10.1084/jem.20200261
https://doi.org/10.1084/jem.20200261
https://www.ncbi.nlm.nih.gov/pubmed/32870257
https://doi.org/10.1016/j.dnarep.2017.04.004
https://doi.org/10.1016/j.dnarep.2017.04.004
https://www.ncbi.nlm.nih.gov/pubmed/28482199
https://doi.org/10.1016/j.mrfmmm.2018.03.008
https://www.ncbi.nlm.nih.gov/pubmed/29957488
https://doi.org/10.1016/j.cell.2011.01.001
https://www.ncbi.nlm.nih.gov/pubmed/21255825
https://doi.org/10.1093/nar/gkx050
https://doi.org/10.1093/nar/gkx050
https://www.ncbi.nlm.nih.gov/pubmed/28132026
https://doi.org/10.1016/j.heliyon.2020.e03258
https://doi.org/10.1016/j.heliyon.2020.e03258
https://www.ncbi.nlm.nih.gov/pubmed/32140575
https://doi.org/10.1016/j.semcancer.2017.08.010
https://doi.org/10.1016/j.semcancer.2017.08.010
https://www.ncbi.nlm.nih.gov/pubmed/28882552
https://doi.org/10.1002/cncr.29038
https://doi.org/10.1002/cncr.29038
https://www.ncbi.nlm.nih.gov/pubmed/25209362
https://doi.org/10.1056/NEJMoa021967
https://doi.org/10.1056/NEJMoa021967
https://www.ncbi.nlm.nih.gov/pubmed/12490681
https://doi.org/10.1056/NEJMoa1602253
https://doi.org/10.1056/NEJMoa1602253
https://www.ncbi.nlm.nih.gov/pubmed/27557300
https://doi.org/10.1186/s12885-020-06756-x
https://doi.org/10.1186/s12885-020-06756-x
https://www.ncbi.nlm.nih.gov/pubmed/32264880
https://doi.org/10.1016/j.molcel.2018.11.035
https://www.ncbi.nlm.nih.gov/pubmed/30609389
https://doi.org/10.1038/s42003-019-0736-4
https://doi.org/10.1038/s42003-019-0736-4
https://www.ncbi.nlm.nih.gov/pubmed/31925297
https://doi.org/10.1038/s41467-020-19971-8
https://www.ncbi.nlm.nih.gov/pubmed/33273457
https://doi.org/10.1038/s41586-019-1651-z
https://doi.org/10.1038/s41586-019-1651-z
https://www.ncbi.nlm.nih.gov/pubmed/31597163
https://doi.org/10.1038/s41588-018-0318-2
https://www.ncbi.nlm.nih.gov/pubmed/30643250
https://doi.org/10.1371/journal.pone.0233678
https://doi.org/10.1371/journal.pone.0233678
https://www.ncbi.nlm.nih.gov/pubmed/32555646
https://doi.org/10.1016/j.dnarep.2017.03.003
https://doi.org/10.1016/j.dnarep.2017.03.003
https://www.ncbi.nlm.nih.gov/pubmed/28351647

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

G:C base pairs. Mol Immunol. 2009; 46:305-20. https://
doi.org/10.1016/j.molimm.2008.10.021. [PubMed]

Boursier L, Su W, Spencer J. Analysis of strand biased
‘G’.C hypermutation in human immunoglobulin V(L) gene
segments suggests that both DNA strands are targets for
deamination by activation-induced cytidine deaminase.
Mol Immunol. 2004; 40:1273—78. https://doi.org/10.1016/].
molimm.2003.11.026. [PubMed]

Branton SA, Ghorbani A, Bolt BN, Fifield H, Berghuis
LM, Larijani M. Activation-induced cytidine deaminase

can target multiple topologies of double-stranded DNA
in a transcription-independent manner. FASEB J. 2020;
34:9245-68.  https://doi.org/10.1096/1].201903036RR.
[PubMed]

Alexandrov LB, Jones PH, Wedge DC, Sale JE, Campbell
PJ, Nik-Zainal S, Stratton MR. Clock-like mutational
processes in human somatic cells. Nat Genet. 2015;
47:1402-07. https://doi.org/10.1038/ng.3441. [PubMed]

Alexandrov LB, Kim J, Haradhvala NJ, Huang MN, Tian
Ng AW, Wu Y, Boot A, Covington KR, Gordenin DA,
Bergstrom EN, Islam SM, Lopez-Bigas N, Klimczak LJ,
et al, and PCAWG Mutational Signatures Working Group,
and PCAWG Consortium. The repertoire of mutational
signatures in human cancer. Nature. 2020; 578:94-101.
https://doi.org/10.1038/541586-020-1943-3. [PubMed]

Pleasance ED, Cheetham RK, Stephens PJ, McBride
DJ, Humphray SJ, Greenman CD, Varela I, Lin ML,
Ordoéiiez GR, Bignell GR, Ye K, Alipaz J, Bauer MJ, et al.
A comprehensive catalogue of somatic mutations from a

human cancer genome. Nature. 2010; 463:191-96. https://
doi.org/10.1038/nature08658. [PubMed]

Nikkild J, Kumar R, Campbell J, Brandsma I, Pemberton HN,
Wallberg F, Nagy K, Scheer I, Vertessy BG, Serebrenik AA,
Monni V, Harris RS, Pettitt SJ, et al. Elevated APOBEC3B
expression drives a kataegic-like mutation signature and

replication stress-related therapeutic vulnerabilities in p53-
defective cells. Br J Cancer. 2017; 117:113-23. https://doi.
org/10.1038/bjc.2017.133. [PubMed]

Addeo A, Banna GL, Weiss GJ. Tumor Mutation Burden-
From Hopes to Doubts. JAMA Oncol. 2019; 5:934-35.
https://doi.org/10.1001/jamaoncol.2019.0626. [PubMed]
Wang L, Ge J, Lan Y, Shi Y, Luo Y, Tan Y, Liang M, Deng S,
Zhang X, Wang W, Tan Y, Xu Y, Luo T. Tumor mutational
burden is associated with poor outcomes in diffuse glioma.
BMC Cancer. 2020; 20:213. https://doi.org/10.1186/
s12885-020-6658-1. [PubMed]

Patel RR, Ramkissoon SH, Ross J, Weintraub L. Tumor
mutational burden and driver mutations: characterizing

the genomic landscape of pediatric brain tumors. Pediatr
Blood Cancer. 2020; 67:€28338. https://doi.org/10.1002/
pbc.28338. [PubMed]

Di Nunno V, Franceschi E, Gatto L, Bartolini S, Brandes AA.
Predictive markers of immune response in glioblastoma:
hopes and facts. Future Oncol. 2020; 16:1053—63. https:/
doi.org/10.2217/fon-2020-0047. [PubMed]

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

Alghamri MS, Thalla R, Avvari RP, Dabaja A, Taher A,
Zhao L, Ulintz PJ, Castro MG, Lowenstein PR. Tumor
mutational burden predicts survival in patients with low-
grade gliomas expressing mutated IDH1. Neurooncol Adv.
2020; 2:a042. https://doi.org/10.1093/noajnl/vdaa042.
[PubMed]

Chen T, Guestrin C. XGBoost: A Scalable Tree Boosting
System. Proceedings of the 22nd ACM SIGKDD
International Conference on Knowledge Discovery and
Data Mining. San Francisco California USA: ACM. 2016;
785-94. https://doi.org/10.1145/2939672.2939785.

Burrell RA, McGranahan N, Bartek J, Swanton C. The
causes and consequences of genetic heterogeneity in

cancer evolution. Nature. 2013; 501:338—45. https://doi.
org/10.1038/nature12625. [PubMed]

Shigdel UK, Ovchinnikov V, Lee SJ, Shih JA, Karplus M,
Nam K, Verdine GL. The trajectory of intrahelical lesion

recognition and extrusion by the human 8-oxoguanine
DNA glycosylase. Nat Commun. 2020; 11:4437. https:/
doi.org/10.1038/s41467-020-18290-2. [PubMed]

Shibutani S, Takeshita M, Grollman AP. Insertion of
specific bases during DNA synthesis past the oxidation-
damaged base 8-0xodG. Nature. 1991; 349:431-34. https:/
doi.org/10.1038/349431a0. [PubMed]

Kay J, Thadhani E, Samson L, Engelward B. Inflammation-

induced DNA damage, mutations and cancer. DNA Repair
(Amst). 2019; 83:102673. https://doi.org/10.1016/].
dnarep.2019.102673. [PubMed]

Mamrot J, Balachandran S, Steele EJ, Lindley RA. Molecular
model

linking Th2 polarized M2 tumour-associated
macrophages with deaminase-mediated cancer progression
mutation signatures. Scand J Immunol. 2019; 89:¢12760.
https://doi.org/10.1111/sji.12760. [PubMed]

Thuy-Boun AS, Thomas JM, Grajo HL, Palumbo CM, Park
S, Nguyen LT, Fisher AJ, Beal PA. Asymmetric dimerization
of adenosine deaminase acting on RNA facilitates substrate
recognition. Nucleic Acids Res. 2020; 48:7958-72. https:/
doi.org/10.1093/nar/gkaa532. [PubMed]

Shaban NM, Shi K, Lauer KV, Carpenter MA, Richards CM,
Salamango D, Wang J, Lopresti MW, Banerjee S, Levin-
Klein R, Brown WL, Aihara H, Harris RS. The Antiviral
and Cancer Genomic DNA Deaminase APOBEC3H Is
Regulated by an RNA-Mediated Dimerization Mechanism.
Mol Cell. 2018; 69:75-86.€9. https://doi.org/10.1016/].
molcel.2017.12.010. [PubMed]

Maiti A, Hou S, Schiffer CA, Matsuo H. Interactions
of APOBEC3s with DNA and RNA. Curr Opin Struct
Biol. 2021; 67:195-204. https://doi.org/10.1016/].
$bi.2020.12.004. [PubMed]

Cerami E, Gao J, Dogrusoz U, Gross BE, Sumer SO, Aksoy
BA, Jacobsen A, Byrne CJ, Heuer ML, Larsson E, Antipin
Y, Reva B, Goldberg AP, et al. The cBio cancer genomics
portal: an open platform for exploring multidimensional
cancer genomics data. Cancer Discov. 2012; 2:401-04.
https://doi.org/10.1158/2159-8290.CD-12-0095. [PubMed]

www.oncotarget.com

857

Oncotarget


https://doi.org/10.1016/j.molimm.2008.10.021
https://doi.org/10.1016/j.molimm.2008.10.021
https://www.ncbi.nlm.nih.gov/pubmed/19062097
https://doi.org/10.1016/j.molimm.2003.11.026
https://doi.org/10.1016/j.molimm.2003.11.026
https://www.ncbi.nlm.nih.gov/pubmed/15128044
https://doi.org/10.1096/fj.201903036RR
https://www.ncbi.nlm.nih.gov/pubmed/32437054
https://doi.org/10.1038/ng.3441
https://www.ncbi.nlm.nih.gov/pubmed/26551669
https://doi.org/10.1038/s41586-020-1943-3
https://www.ncbi.nlm.nih.gov/pubmed/32025018
https://doi.org/10.1038/nature08658
https://doi.org/10.1038/nature08658
https://www.ncbi.nlm.nih.gov/pubmed/20016485
https://doi.org/10.1038/bjc.2017.133
https://doi.org/10.1038/bjc.2017.133
https://www.ncbi.nlm.nih.gov/pubmed/28535155
https://doi.org/10.1001/jamaoncol.2019.0626
https://www.ncbi.nlm.nih.gov/pubmed/31145420
https://doi.org/10.1186/s12885-020-6658-1
https://doi.org/10.1186/s12885-020-6658-1
https://www.ncbi.nlm.nih.gov/pubmed/32164609
https://doi.org/10.1002/pbc.28338
https://doi.org/10.1002/pbc.28338
https://www.ncbi.nlm.nih.gov/pubmed/32386112
https://doi.org/10.2217/fon-2020-0047
https://doi.org/10.2217/fon-2020-0047
https://www.ncbi.nlm.nih.gov/pubmed/32270715
https://doi.org/10.1093/noajnl/vdaa042
https://www.ncbi.nlm.nih.gov/pubmed/32642696
https://doi.org/10.1145/2939672.2939785
https://doi.org/10.1038/nature12625
https://doi.org/10.1038/nature12625
https://www.ncbi.nlm.nih.gov/pubmed/24048066
https://doi.org/10.1038/s41467-020-18290-2
https://doi.org/10.1038/s41467-020-18290-2
https://www.ncbi.nlm.nih.gov/pubmed/32895378
https://doi.org/10.1038/349431a0
https://doi.org/10.1038/349431a0
https://www.ncbi.nlm.nih.gov/pubmed/1992344
https://doi.org/10.1016/j.dnarep.2019.102673
https://doi.org/10.1016/j.dnarep.2019.102673
https://www.ncbi.nlm.nih.gov/pubmed/31387777
https://doi.org/10.1111/sji.12760
https://www.ncbi.nlm.nih.gov/pubmed/30802996
https://doi.org/10.1093/nar/gkaa532
https://doi.org/10.1093/nar/gkaa532
https://www.ncbi.nlm.nih.gov/pubmed/32597966
https://doi.org/10.1016/j.molcel.2017.12.010
https://doi.org/10.1016/j.molcel.2017.12.010
https://www.ncbi.nlm.nih.gov/pubmed/29290613
https://doi.org/10.1016/j.sbi.2020.12.004
https://doi.org/10.1016/j.sbi.2020.12.004
https://www.ncbi.nlm.nih.gov/pubmed/33486429
https://doi.org/10.1158/2159-8290.CD-12-0095
https://www.ncbi.nlm.nih.gov/pubmed/22588877

70.

71.

72.

Gao J, Aksoy BA, Dogrusoz U, Dresdner G, Gross B,
Sumer SO, Sun Y, Jacobsen A, Sinha R, Larsson E,
Cerami E, Sander C, Schultz N. Integrative analysis of
complex cancer genomics and clinical profiles using the
cBioPortal. Sci Signal. 2013; 6:pl1. https://doi.org/10.1126/
scisignal.2004088. [PubMed]

Kuhn M. Building Predictive Models in R Using the caret
Package. J Stat Softw. 2008; 28. https://doi.org/10.18637/
jss.v028.i05.

Bischl B, Lang M, Kotthoff L, Schiffner J, Richter J,
Studerus E, Casalicchio G, Jones ZM. mlr: Machine
Learning in R. J Mach Learn Res. 2016; 17:1-5.

73.

74.

75.

Wickham H, Averick M, Bryan J, Chang W, McGowan
L, Frangois R, Grolemund G, Hayes A, Henry L, Hester
J, Kuhn M, Pedersen T, Miller E, et al. Welcome to the
Tidyverse. J Open Source Softw. 2019; 4:1686. https://doi.
org/10.21105/j0ss.01686.

Landis JR, Koch GG. The measurement of observer
agreement for categorical data. Biometrics. 1977; 33:159—
74. https://doi.org/10.2307/2529310. [PubMed]

Therneau TM. A Package for Survival Analysis in R. 2020.
https://CRAN.R-project.org/package=survival.

www.oncotarget.com

858

Oncotarget


https://doi.org/10.1126/scisignal.2004088
https://doi.org/10.1126/scisignal.2004088
https://www.ncbi.nlm.nih.gov/pubmed/23550210
https://doi.org/10.18637/jss.v028.i05
https://doi.org/10.18637/jss.v028.i05
https://doi.org/10.21105/joss.01686
https://doi.org/10.21105/joss.01686
https://doi.org/10.2307/2529310
https://www.ncbi.nlm.nih.gov/pubmed/843571
https://CRAN.R-project.org/package=survival

