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Abstract

mutations.

Oxidative stress, generated by both endogenous and exogenous agents, can cause DNA lesions that, if not
repaired, accumulate as somatic mutations and can contribute to cancer initiation. Here, we explored this problem
through the lens of DNA electronic properties, quantified by the vertical ionization potential (vIP) of nucleobase
motifs, which reflects their susceptibility to oxidation. We analyzed genome-wide experimental data on oxidative
DNA damage and found that the highest damage levels occur in regions with low vIP values, suggesting a causal
link between them. The analysis of cancer mutational signatures and their annotated aetiologies revealed strong
anticorrelations between mutation frequency and vIP values, particularly in cancers driven by oxidative DNA
damage, such as lung cancer. We further computed anticorrelations between vIP values and the frequencies

of mutated motifs across coding and non-coding regions and across different mutation types, observing the
strongest anticorrelations for silent mutations, consistent with their reduced selective pressure. Moreover, similar
anticorrelations were observed for somatic mutations in cancer and normal tissues, as well as for germline
mutations, suggesting that they arise from similar mutagenesis processes. This work clarifies how oxidative damage,
DNA electronic properties and carcinogenesis are related and help identify genomic regions more prone to
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Introduction

Cancer initiation and progression are driven by cellu-
lar alterations that primarily result from the progressive
accumulation of somatic mutations in the genomes of
normal tissues throughout an individual’s lifetime. These
genetic changes can disrupt normal cellular functions,
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ultimately leading to uncontrolled cell growth and divi-
sion and, consequently, to tumor development.

But only some, called driver mutations, provide a selec-
tive advantage to the cells in which they occur, often by
impairing the function of some key proteins that, for
example, control the cell cycle or apoptosis [1]. These
events facilitate the transition from a benign to a malig-
nant lesion and promote genome instability. In contrast,
passenger mutations also accumulate but do not confer
any selective advantage to their host cells [2] and can in
some cases even have slightly deleterious effects [3, 4].

Among the various types of mutations, single nucleo-
tide substitutions (SBSs), in which one nucleobase is
replaced by another, play a major role and we will focus
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on them in this work. SBSs are primarily caused by cel-
lular exposure to a wide range of endogenous and exog-
enous agents and lie at the heart of carcinogenesis [5].
There are multiple mechanisms of SBS formation, which
depend on a wide variety of mutagenesis pathways. One
example is the oxidation of DNA bases by reactive oxy-
gen species (ROS), which are generated as byproducts
of cellular metabolism [6-8]. Guanine is oxidized to
8-0x0-7,8-dihydroguanine (8-0xoG) at a high rate in the
genome, estimated at around 3,000 lesions per cell per
day in unstressed conditions [9, 10]. If not detected in
time by cellular DNA repair mechanisms, that are often
inactivated in cancer cells [11], the G—8-0x0G oxidation
can lead, after replication, to a G—T base transversion
[12], which can then be fixed in the cell’'s genome. Other
well-known examples of mutational processes are those
related to cell exposure to tobacco smoke, which leads to
an overrepresentation of C—A mutations in lung cancer
genomes [13, 14], and to ultraviolet (UV) light, which
results in an overrepresentation of C—T mutations in
melanoma [15].

An attempt at a systematic classification of SBSs and
their aetiologies has been made in the COSMIC data-
base [16], where 95 mutational signatures from different
cancer types have been identified and linked to distinct
mutational processes. Nevertheless, the precise identi-
fication of their underlying mechanisms remains highly
challenging, and about one-fourth of the COSMIC signa-
tures still have an unknown aetiology [17].

The formation of SBSs has been linked to the presence
of electron holes migrating along the nucleobase stacks
of the double-stranded DNA molecules that make up the
genome [18-21]. Indeed, the nucleobases, which are the
aromatic moieties of the nucleotides arranged in paral-
lel m—= stacks along each of the two strands, can be eas-
ily ionized by various physical and chemical agents. The
resulting electron holes can migrate along the base stack,
generally in the 5" to 3’ direction without interstrand
hopping. They remain localized in regions of low ioniza-
tion potential, sometimes far from their original site of
formation [18], and can ultimately trigger SBSs [20-24].
This mechanism is illustrated in Fig. 1.

Page 2 of 13

The DNA ionization propensity and charge migration
depend on the nucleobase sequence, with electron holes
preferentially accumulating in guanine-rich regions [25,
26]. This preference arises because guanine has the low-
est vertical ionization potential (vIP) among the DNA
bases [19, 21, 27, 28]. In addition, DNA ionization pro-
pensity has been shown to depend, to a lesser extent, on
the nucleobase stack conformation [27, 29]. Note that
electronic properties of DNA play a fundamental role not
only in mutagenesis processes but also in a wide range
of physiological processes within the cell. For example,
charge transfer appears to be essential in signaling mech-
anisms to identify and repair DNA damage [30-32].
Oxidative DNA damage has also been suggested to be
involved in gene regulation by functioning as a kind of
epigenetic mark [33].

To analyze the relationship between DNA electronic
properties and genome mutability, we previously used
quantum chemistry approaches to compute the vertical
ionization potential (vIP) of stacked nucleobase motifs
[21, 27, 29], defined as the energy required to remove
an electron from a DNA molecule without taking into
account possible structural rearrangements. We showed
[21] that DNA motifs with low vIP values are more fre-
quently mutated, whereas those with higher vIP tend to
be more protected against mutations.

In this study, we extended the analysis of DNA elec-
tronic properties to gain deeper insight into their rela-
tionship with cancer mutagenesis processes. Specifically,
we compared these properties with experimental data
on DNA mutability across both local and genome-wide
scales. We further examined the sequence-dependent
tendency of DNA motifs to undergo oxidation and its
association with the frequency of SBSs across different
sequence contexts in somatic mutations from normal and
cancer tissues, as well as in germline mutations. Finally,
we explored how DNA electronic characteristics corre-
late with known cancer mutational signatures [16], and
identify those in which they play a prominent role.

Oxidative

DNA base
substitution

Minimum of vIP

Fig. 1 lllustration of the mechanism of electron hole formation and migration along the DNA stack toward low-VIP regions, where the holes can cause
oxidative damage and trigger SBSs, possibly leading to diseases such as cancer
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Materials and methods

Datasets

We constructed two datasets of annotated somatic muta-
tions, one in normal tissues and another in cancer tissues,
and a third dataset of germline variants, among which
benign and disease-causing variants. We only considered
SBSs, and overlooked insertions and deletions. We pro-
vide below a brief description of the dataset characteris-
tics; additional information is available in Supplementary
Sections 1 and 2:

« Sgc is a dataset of somatic SBSs in cancer tissues
that we collected from the COSMIC database [16],
limited to nuclear DNA. It contains about 12.5
million SBSs; about 40% are situated in coding
regions and the remaining 60% in non-coding
regions.

« Sgp is a dataset of somatic SBSs in normal tissues
that we collected and curated from SomaMutDB
[34]. It contains about 8 million SBSs, of which only
2.9% are located in coding regions, with the rest
occurring in non-coding regions.

+ Sg is a collection of germline SBSs from ClinVar
[35], which have been carefully annotated with
genomic and clinical annotations. After curation, we
obtained information for about 3 million germline
SBSs, among which 80 % are in coding regions.

We downloaded the variant data in June 2025 and fil-
tered them to retain only SBSs. These variants were then
annotated using snpEff (v5.2e) [36] based on the GRCh38
reference genome. They were classified into different cat-
egories: coding, separated into nonsense, missense and
silent; untranslated region (UTR); splice region found at
the beginning and end of the introns and spanning the
intron—exon junction; introns; and intergenic (see Sup-
plementary Table S1). Only canonical transcripts were
considered.

Sequence context of the variants

For each SBS in each of the three datasets Ss¢, Ssn and
Sa, we collected the flanking sequence of the mutated
base X’ in the reference genome, both upstream and
downstream. More precisely, we considered motifs with n
nucleobases upstream and # downstream (n < 5), noted
5-N..NXN..N-3; or simply N.NXN..N, with the mutated
base X at the middle position and N one of the four
nucleobases. The frequency fn.nxn.n of occurrence of
these motifs was computed separately in the three muta-
tion datasets Ssc, Ssy and Sg and, when required, sep-
arately for each mutation category (e.g., missense, silent).
In addition, we computed the frequencies fN,,NXN,,N of
the same base motifs, irrespective of mutation status,
in the reference human genome GRCh38. The natural

Page 3 of 13

logarithm of the normalized frequency of each mutated
motif, called F, is defined as:

Fn.nxn..N = log w (1)
N..NXN..N

The more negative the F value, the less frequently the
variant is observed in the N..NXN..N context compared
to a random mutation in the genome. In contrast, posi-
tive F values indicate that the variant is more frequent
in that specific nucleobase motif. Note that we took the
normalizing frequencies f independent of the DNA
region, e.g., coding and non-coding, given that the elec-
tron hole migration is essentially blind to it. This choice is
discussed in the Discussion and conclusion section.

Most sequencing datasets do not retain informa-
tion about the original strand on which a mutation first
occurred, since sequencing is performed after the variant
has been fixed. Consequently, we calculated the F' values
from the sum of the frequencies of the motifs N.NXN..N
and their reverse complement N..NXN..N:

o NNXNN F e~
Fn.NxN.N = log = 'N.NXN.N 2
IN.NXN.N F e N

When the structure of the genetic code does not allow
an SBS to give rise to a particular type of mutation, it is
excluded from the frequency counting. This situation
often arises for nonsense mutations, given that only three
stop codons exist. Particular care must also be taken with
base-context changes at exon—intron boundaries, which
may create a stop codon after mutation; such cases are, of
course, excluded.

Vertical ionization potentials of nucleobase motifs

The vIP is the energy needed to remove an electron from
a molecule, without a change in geometry. Thus, vIP val-
ues are always positive, and the lower they are, the easier
it is to extract an electron.

In a previous paper [29], we have introduced the freely
available program vIPer (github.com/3BioCompBio/
vIPer) that computes the vIP value of all possible single-
stranded DNA stacks in the commonly observed B con-
formation. More precisely, we have calculated the vIP
values for all single nucleobases N, doublets NN, triplets
NNN, and quadruplets NNNN using ab initio quantum
chemistry methods. For longer nucleobase sequences, we
have developed an iterative computational model, called
vIPer, which is based on the vIP value of the submotifs
included in the motif, and is able to return the vIP values
of a motif of any length.

We also calculated the vIP of double-strand motifs,
noted vIP, as the mean of the vIP values of both the for-
ward and reverse strand motifs:
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— 1
vIPN. NXN.N = §(VIPN..NXN..N + VP w)- ()

Both vIP and vIP values were obtained using the vIPer
software, version v1.0 [29].

Among all four nucleobases, guanine has been experi-
mentally shown to be the nucleobase from which elec-
trons are most easily extracted, and therefore it has the
lowest vIP value, followed by adenine, cytosine, and thy-
mine [37]. On the average, longer motifs exhibit lower
vIP values; however, the magnitude of this decrease
diminishes as motif length increases. For example, the
mean vIP computed by vIPer is equal to 8.37, 7.90, 7.68,
7.54, 7.43 eV for singlets, doublets, triplet, quadruplets
and quintuplets, respectively [29] (Supplementary Figure
Sla).

The vIP values are obviously related to the guanine
content of the motifs. This relation is illustrated for quin-
tuplet motifs in Supplementary Figure S1b. As expected,
the correlation is strong but imperfect: two different
motifs with the same guanine content can differ in vIP
by up to 1 eV. To remove the influence of the guanine
content on the correlation R between vIP and F, we com-
puted the corrected partial correlation coefficient defined
as:

_ R(X,Y) - R(X,Z)R(Y, Z)
R.Y12)= V1-R(X,Z)2/1-R(Y, 2)?

where X, Y and Z are the vIP, F and guanine content,
respectively. This expression estimates the true relation-
ship between vIP and F by controlling for the Gua con-
tent. In the absence of information about the DNA strand
on which the mutation occurs, X, Y and Z are the vIP, I’
and Gua/Cyt content. R is either the Pearson (r) or Spear-
man (p) correlation coefficient.

DNA oxidative damage and mutational signature

We collected the 95 mutational signatures contained in
the COSMIC database [16], each corresponding to a dif-
ferent aetiology. Each signature is characterized by the
probability of observing a triplet motif NXN mutated
into NYN. By convention, the triplets reported in the
signatures are those on the DNA strand in which the
mutated nucleobase is a pyrimidine (C or T) [16]. There
are thus six possible substitution types: C— (A, G, T),
and T— (A, G, C), and a total of 96 double-stranded trip-
let motif substitutions NXN—NYN for each mutational
signature. In our analysis, we essentially considered the
wild-type motifs and not the specific substitutions. We
thus took into account the frequency of the 32 wild type
triplet motifs and their reverse complements in each sig-
nature, divided it by the frequencies f of the same motifs
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in the reference human genome, and took the logarithm
of this ratio, thus obtaining F'xxn defined in Eq. (2).

DNA oxidative damage data
We collected and analyzed published experimental data
on DNA oxidative damage at the genome scale, generated
by two high-throughput sequencing techniques, each
designed to detect distinct chemical signatures of oxida-
tive stress in DNA [38, 39].

The first technique is repair-assisted damage detec-
tion (RADD) sequencing, which locates oxidative DNA
lesions at about 150 base pair (bp) resolution [39]. DNA
was first exposed to the oxidizing agent potassium bro-
mate. Repair enzymes were then used to excise the DNA
lesions, and to repair them in vitro with biotinylated
nucleotides. The positions of the lesions were identified
through standard DNA fragmentation, immunoprecipi-
tation, and sequencing [39]. The data were reported on
consecutive 200 bp segments of DNA.

The second technique is the apurinic-site (AP)
sequencing approach, which is designed to detect apu-
rinic sites induced by X-ray treatment [38]. AP sites are
first labeled with an aldehyde-reactive probe, forming
a biotin-tagged DNA adduct. This is followed by DNA
fragmentation, immunoprecipitation, and sequencing,
allowing for genome-wide mapping of DNA lesions at
approximately 250 bp resolution. Three replicas of this
experiment were performed in [38] and the data was pro-
vided for genome segments of heterogeneous length.

To enable direct comparison between the AP and
RADD data over identical genomic regions, we first com-
puted per-nucleotide AP values for each of the three rep-
licates. For each segment, the strength of the AP signal
was divided by the segment length, and the resulting nor-
malized value was assigned to all nucleotides within that
segment. The per-nucleotide values were then averaged
across replicates. To obtain an AP value for each genome
region of 200 bp defined by the RADD data, we simply
summed the per-nucleotide values within that region.

The electronic properties of these genome regions were
evaluated in two ways. First, we computed the vIP val-
ues for all the 200 bp genome segments using the vIPer
program [29]. Second, we counted the number of over-
lapping triplets within these 200 bp segments whose vIP
value is below a threshold value 7' = 7.6 eV, as discussed
in Supplementary Section 4.1. This number, noted M5,
is an estimation of the number of low-vIP traps likely to
host electron holes and cause oxidative damage.

We considered the AP and RADD data and the vIP
and M7 values at multiple genomic resolutions: we first
considered these data at the finest resolution of 200 bp,
and then combined several successive genome regions to
form regions of up to 100,000 bp, which is the size pro-
posed in [38] to reach reasonable AP data accuracy. The
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Fig. 2 Spearman correlation coefficient p between RADD, AP, —vIP and M7 scores (with threshold T' = 7.4 eV) as a function of the genome seg-
ment length (actual values on logarithmic scale). The vertical dashed line indicates 20,000 bp, beyond which the correlations remain essentially constant

Table 1 Spearman correlation coefficients p between the values of RADD, AP, —vIP, and M~ (with threshold T' = 7.4 eV) for

genome segments of various lengths

(=vIP, RADD) (—VIP, AP) (M5, RADD) (M5, AP) (RADD,AP) (—VIP, M%)
200 bp 0.13 0.15 021 023 020 056
20 kbp 053 050 043 049 044 090
100 kbp 058 053 046 050 048 092
1 Mbp 060 060 046 053 052 089

RADD, AP, vIP, and M- values in these larger DNA
segments were taken as the average of the scores of the
combined segments.

Results

Genome-scale oxidation damage data and vIP

Over the past few decades, many experimental studies
have been devoted to quantifying DNA oxidative dam-
ages, from single-site to genome-wide levels, and to
improve our understanding of the biophysical processes
that cause them. Here, we collected a series of data to
more deeply investigate the DNA sequence dependence
of oxidative damage and to compare them with calcu-
lated vIP and M5 values, which estimate how easily a
DNA motif oxidizes. This is fundamental for understand-
ing the genetic stability of the genome and for potentially
identifying mutational hotspots.

In a previous study [29], we have analyzed single-
site—level data on the photoinduced oxidation of twelve
TNGNT motifs [40], and demonstrated a strong anti-
correlation between measured relative reactivity and
calculated vIP values. Here we considered data obtained
through two high-throughput techniques developed
to study oxidative damage on the genome scale: RADD
sequencing of DNA oxidized using potassium bromate
[39] and AP sequencing after X-ray treatment [38]. As
detailed in the Methods section, RADD scores were
available on successive 200 bp genomic segments, and
we processed the AP data to yield AP scores for the same
DNA segments.

We computed the Spearman correlation p between the
two experimental oxidation damage scores with the vIP
values of these segments on the whole human genome.
As we do not have information on which strand the
mutation primarily occurs, we rather considered the
mean of the vIP of both strands, i.e. VIP as defined in Eq.
(3). We also counted the number of low-vIP traps M5
in the segments, estimating the number of bases where
the electron holes can localize and cause DNA damage.
As described in the Methods section, we tested several
threshold values T to define M traps. The thresh-
old yielding the highest Spearman correlations with the
RADD and AP scores for 200 bp segments, while main-
taining good correlations at larger segment lengths, is
T=7.4 eV, as shown in Supplementary Figure S2. In what
follows, we only consider M_ scores with this threshold
value.

We computed the correlation between RADD, AP, vIP,
and M5 on the original 200 bp segments as well as on
aggregated consecutive segments of up to 1,000,000 bp.
vIP and oxidative damage scores are anticorrelated, as
lower vIPs indicate easier electron extraction; we thus
correlated the experimental scores with —vIP instead of
vIP. The results are shown in Fig. 2 and Table 1. The cor-
relation improves as a function of segment length, and
reaches good values in the 20 kbp to 1,000 kbp range,
as already noted for AP replicas [38]. Indeed, a certain
level of variability is inherent to these experiments, as
the formation of electron holes arises from intrinsically
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probabilistic processes, which hinder accurate estima-
tion of mutability at small scales in such genome-wide
analyses.

For the smallest genome segment length of 200 bp,
the best correlation values with experimental oxidation
scores are obtained with M_ values: 0.21 for RADD
scores and 0.23 for AP, which are close to the RADD-
AP correlation of 0.20. For larger segment lengths, —vIP
performs slightly better than M_, reaching 0.60 for 1
Mbp segments. This result highlights the close agreement
between our estimates of the electronic oxidative prop-
erties of DNA and the experimental mutagenesis data.
Notably, the correlation between experimental RADD
and AP scores is significantly lower than that with —vIP,
ie, 0.52 for 1 Mbp segments. This likely reflects differ-
ences in the mutagenic agents and cell types used in each
experimental assay, which result in distinct patterns of
DNA accessibility. Specifically, RADD exposes an osteo-
sarcoma cell line to potassium bromate [39] whereas AP
exposes the hepatocyte-derived HepG2 cell line to X-ray
irradiation [38].

To further investigate the relationship between experi-
mental and computed oxidation DNA lesions, we plotted
RADD, AP, (—vIP) and M5 scores along the reference
human genome. For comparison purposes, we normal-
ized these scores based on their ranks. The results are
shown in Fig. 3 for chromosome 1 and in Supplemen-
tary Figure S3 for all other chromosomes. We plotted the
results using 100 kbp segments to obtain a smooth repre-
sentation. A zoomed-in view is shown in Supplementary
Figure S4. We observe that the three curves are consis-
tent and follow each other closely, in all chromosomes,
identifying regions with low vIP that are highly mutated.
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We observe a high variation in mutability across the
entire genome, resulting from a complex interplay of
genetics and epigenetics [41]. DNA electronic properties
play a key role in the mutability process, as shown by the
agreement of (—vIP) and M5 values with experimental
mutability scores. However, DNA accessibility is another
important factor as already observed in [39]: heterochro-
matic regions, identified as dark bands in the karyogram,
are highly condensed and less accessible to ROS; they
generally appear as minima in Fig. 3 and Supplementary
Figure S3. In contrast, light bands, corresponding to open
euchromatic regions, are more prone to mutation.

In summary, the (—vIP) and M5 values constitute
very good proxies of mutability, with overall high corre-
lation with the experimental mutability scores. The cor-
relation strength varies within each chromosome, with
certain regions displaying almost perfect correlations
and others much lower ones. This may stem from local
genomic and epigenomic features that are expected to
modulate DNA damage, among which DNA methylation,
DNA accessibility or alternative DNA structures, which
are tissue-dependent and not accounted for in our cur-
rent model (see Discussion and conclusion).

Cancer mutational signatures and vIPs

To understand the relationship between DNA electronic
properties and carcinogenesis, we analyzed the 95 cancer
mutational signatures from the COSMIC database [16]
and correlated them with the calculated vIP values, as
described in the Methods section. Each signature corre-
sponds to a different cancer aetiology. Some are directly
related to DNA oxidation processes, such as SBSI18,
which is associated with ROS, whereas others, such as
SBS2 linked to APOBEC-mediated deamination, are not.

DNINNDE | Wil i

0 50 100

150 200 250

Genomic Position (Mbp)

Fig.3 Experimental RADD and AP scores and calculated (—vIP) scores along human chromosome 1, averaged over 100 kbp genome segments. M5

values are not shown as they are basically superimposed with (—vIP) values. For visualization purposes, the scores were rank-normalized and subse-
quently smoothed using a Gaussian filter spanning ten bins, as implemented in the ndimage .gaussian_filterld function from the SciPy Python
library. A karyotype of the chromosome is displayed at the top; the darker the regions, the fewer genes they contain and the more compacted they are;
the red region corresponds to the centromere. The results on all the other human chromosomes are available in Supplementary Figure S3, and a zoom-in

representation in Supplementary Figure S4
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In a first step, we classified all signatures into six cat-
egories, following [42]: mutations resulting from expo-
sure to electrophilic agents, exposure to UV light, defects
in DNA repair mechanisms, other mutational processes,
experimental artifacts, or unknown causes. Details on
this classification is provided in Supplementary Table S4.
Note that the identification of mutational signatures in
which DNA oxidation plays a major role is a non-trivial
issue and clearly depend on the flanking sequence of the
mutated bases [33, 43].

To explore this further, we computed, for each signa-
ture, the correlation between Fnxn, the logarithm of
the normalized mutation frequency of the base triplets
NXN defined in Eq. (1), with their calculated vIP values
(see Methods). As we do not have information on which
strand the mutation primarily occurs, we rather consid-
ered vIP (Eq. (3)) and F (Eq. (2)). Note that using the vIP
of the reference strand or of the strand of minimal vIP
yields slightly weaker anticorrelations (see Supplemen-
tary Table S5). We focused here on the wild-type trip-
let motifs and aggregated the data over all substitution
types, as our primary aim is to characterize the global
effect of DNA electronic properties on mutagenesis. For
a detailed analysis of the relationship between vIP and
mutational signatures across substitution types and a
discussion on the specific mechanisms underlying each
mutation type, see Supplementary Section 5.2.

We considered here the Pearson correlation as the rela-
tionship between an energy (vIP) and the logarithm of a
frequency (F) is expected to be linear in the context of the
Boltzmann law; we added for comparison the Spearman
correlation in Supplementary Figure S5 and Table S4.
Both correlation types show the same trends and lead to
the same conclusions.

The results of the ' — vIP Pearson correlations for
the 68 signatures that are not annotated as experimental
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artifacts are shown in Fig. 4. We observe that the major-
ity of signatures (72%) show a negative correlation. This
proportion is even larger for the signatures categorized as
being due to electrophilic substances (80%) or to defects
in repair mechanisms (80%).

The SBS4 signature shows the strongest anticorrela-
tion: r = —0.79. It is attributed to tobacco smoking and
annotated as likely resulting from DNA lesions directly
induced by tobacco carcinogens [42]. For more details
on this signature and the underlying mutational pro-
cess, see the analysis presented in Supplementary Sec-
tion 5.2. Related signatures are SBS92 (r = —0.60), linked
to tobacco smoking, and SBS29 (r = —0.69), associated
with tobacco chewing. The SBS5 signature (r = —0.65)
has an unknown aetiology, yet its mutational burden is
annotated to be consistently elevated in cancers related
to tobacco exposure. These four signatures show a strong
anticorrelation with vIP, consistent with the presence of
a large variety of electrophilic molecules in tobacco, such
as the polycyclic aromatic hydrocarbons, that are capable
of inducing oxidative DNA damage [45].

Another signature with a strong anticorrelation of
—0.65 is SBS18. This is expected, as SBS18 is linked to
ROS, which react with DNA to generate a variety of oxi-
dative lesions (e.g., 8-0x0G). ROS arise both from normal
cellular metabolism, especially mitochondrial activity,
and from external stressors such as radiation or pollut-
ants, making oxidative DNA damage a burden for the cell
[45, 46].

It is also noteworthy that the signature that exhibits the
strongest VIP — F Pearson anticorrelation (r = —0.81) is
SBS45 (Supplementary Table S4); it is not shown in Fig. 4
as it is annotated as an artifact. Notably, these muta-
tions arise from the oxidation of guanine to 8-oxoG dur-
ing sequencing sample preparation, a process driven by

Fig. 4 Pearson correlation coefficients between F and vIP for all cancer mutational signatures that are not reported to be experimental artifacts. The
classification is performed according to [42]: exposure to electrophilic agents, exposure to UV light, defects in DNA repair mechanisms, other mutational
processes or unknown mechanisms (see Supplementary Table S4). The * symbol indicates that the adjusted p-value, computed using the Benjamini-
Hochberg correction for multiple testing [44], is < 0.05. Signatures with a nominal p-value < 0.05 (but not meeting the adjusted p-value threshold) are
denoted by the ‘o’ symbol. A similar figure based on Spearman correlations is depicted in Supplementary Figure S5
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oxidative stress [47]. This explains why SBS45 shows such
a pronounced vIP — F anticorrelation.

The reason why DNA repair—associated mutational
signatures are anticorrelated with vIP is that several of
them, such as the base excision repair—related signatures
SBS36 (r = —0.63) and SBS30 (r = —0.61), are directly
linked to the repair of oxidative DNA damage. When the
repair machinery is impaired, oxidative lesions remain
unrepaired and consequently accumulate as mutations of
oxidative origin. Mutational signature SBS6 also shows a
strong anticorrelation with vIP (r = —0.73). SBS6 is pri-
marily associated with mismatch repair deficiency, often
resulting in microsatellite instability, and is responsible
for correcting DNA polymerase errors. Despite this, it
also correlates strongly with vIP, suggesting that it may
additionally be related to oxygen-induced genomic mis-
matches, as recent evidence appears to indicate [48].

Surprisingly, SBS90 shows a positive correlation with
vIP, although it is associated with duocarmycin expo-
sure, an electrophilic substance. However, its specific
mode of action explains the positive rather than negative
correlation: it binds within the minor groove of DNA,
where it induces adenine alkylation [49]. Therefore, its
specificity for adenine bases severs potential correlation
with vIP.

UV radiation induces diverse forms of DNA damage
[50]. For example, it can cause oxidative damage either
directly, through ionizing interactions with DNA, or indi-
rectly, via UV-induced free radicals and ROS. Conversely,
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it can also generate double-strand breaks that are not
directly linked to oxidative reactivity. Annotations gen-
erally do not explicitly specify the underlying mutational
processes, but we can reasonably assume that certain
UV-related signatures may primarily be due to electron-
extracting processes, whereas others may arise from dis-
tinct, non-oxidative pathways. The correlation pattern
observed with vIP values may therefore help disentangle
which UV signatures are predominantly associated with
specific types of photoproducts. Although the aetiol-
ogy of the SBS38 signature is annotated as unknown, it
is detected exclusively in UV-associated melanomas and
shows a statistically significant correlation of r = -0.57,
which suggests that it could be caused by indirect DNA
oxidation damage caused by UV light. Signatures SBS7b
and SBS7a are also due to UV exposure and have sta-
tistically significant anticorrelations of r = —0.58 and
—0.36, respectively. In contrast, SBS7d and SBS7c dis-
play a positive, but not statistically significant correlation,
suggesting they might not be due to UV-caused oxidative
damage.

Comparison between somatic and germline mutations

Here we analyzed the correlation between the vIP
of mutated motifs and their normalized frequency of
observation F in the datasets of somatic cancer muta-
tions (Ssc), somatic normal tissue mutations (Ssy),
and germline mutations (S¢) (see Methods). The Pear-
son correlations are shown for both triplets (Table 2.a)

Table 2 Pearson correlation coefficients rand rgc between F and vIP values of (a) triplets and (b) quintuplets in the three

datasets Ssc, Ssn, Sa

Triplets - NXN

Ssc SsN Sa Total
r rGc T rGc T rGc r rac
silent -0.85 (-0.70)  -0.87 (-0.74) -0.86 (-0.72) -0.86 (-0.72)
missense 20.77 (0.52)  -0.76 (-0.52)  -0.72 (-0.45)  -0.76 (-0.52)
nonsense -0.70 (-0.55)  -0.62 (-0.50) -0.61 (-0.45) -0.69 (-0.54)
intronic 10.67 (-0.53)  -0.71 (-0.57)  -0.74 (-0.53)  -0.69 (-0.54)
UTR 075 (-0.58)  -0.75 (-0.59)  -0.75 (-0.56)  -0.76 (-0.59)
splice region  -0.61 (-0.41)  -0.68 (-0.49)  -0.64 (-0.41)  -0.64 (-0.43)
intergenic -0.72 (-0.55)  -0.72 (-0.57) -0.80 (-0.56) -0.72 (-0.57)
@)
Quintuplets - NNXNN
Ssc Ssn Sa Total
r rGe T rGc T rGc r rac
silent -0.77 (-0.58)  -0.79 (-0.61) -0.77 (-0.57) -0.78 (-0.59)
missense 0.73 (-0.49)  -0.76 (-0.53)  -0.71 (-0.45)  -0.73 (-0.49)
nonsense -0.63 (-0.47)  -0.59 (-0.47)* -0.60 (-0.44) -0.59 (-0.43)
intronic 0.59 (-0.51)  -0.64 (-0.57)  -0.69 (-0.51)  -0.62 (-0.53)
UTR 070 (-0.53)  -0.70 (-0.57)  -0.75 (-0.56)  -0.71 (-0.55)
splice region ~ -0.47 (-0.28)  -0.52 (-0.37)%  -0.45 (-0.24)  -0.47 (-0.28)
intergenic -0.66 (-0.53)  -0.61 (-0.56) -0.78 (-0.53)* -0.63 (-0.57)

(b)

“Total” means the ensemble of the three datasets. r¢ ¢ is the Gua-Cyt-corrected partial correlation coefficient 7(vIP, F' | G-C) defined in Eq. (4). The p-values
are all lower than 0.001. Darker shades indicate stronger anticorrelation (r). A X superscript indicates that the dataset contains less than 50 times the number of
triplets (which is 64; in (a)) or of quintuplets (1024; in (b)); the dataset content is specified in Supplementary Table S2. We disregard these values with low statistical
significance in our analyses. Similar Tables with Spearman correlations are found in Supplementary Table S6
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and quintuplets (Table 2.b); Spearman correlations are
given for comparison in Supplementary Tables S6a-b. We
added in these Tables the partial Pearson and Spearman
correlation coefficients between vIP and I while control-
ling for the effects of the G—C content, as defined in Eq.
(4), in order to remove its contribution to the observed
correlation. Note that the analysis of germline mutations
further elaborates on our earlier studies [21, 29].

First, we observe strong Pearson anticorrelations of
—0.75 for triplets and —0.71 for quintuplets when aver-
aged across all datasets and substitution types. These
highly significant anticorrelations indicate that lower vIP
values are associated with higher mutability. This trend is
consistently observed across somatic mutations in both
normal and cancer tissues, as well as in germline muta-
tions, with comparable correlation values. Interestingly,
this suggests that these mutational processes may arise
through similar mechanisms, with oxidative damage
playing a central role.

One might suspect that these strong anticorrelations
are driven primarily by the Watson—Crick G-C base
pair content rather than by the intrinsic vIP values them-
selves. This is not the case: the partial correlation coef-
ficient r(vIP, F | G-C) for given G-C content remain
substantial: —0.58 for triplets and —0.57 for quintuplets.
This result demonstrates that vIP-derived electronic
properties contribute intrinsically to DNA mutability
beyond simple base composition effects.

Within coding regions, we classified mutations into
silent, missense, and nonsense. Silent mutations show the
strongest vIP — F anticorrelations across all three data-
sets: —0.85 to —0.87 for triplets and —0.77 to —0.79 for
quintuplets. Missense mutations also display strong anti-
correlations, though to a lesser extent (—0.72 to —0.77
for triplets and —0.71 to —0.76 for quintuplets).

The stronger anticorrelations observed for silent com-
pared with missense mutations might be attributed to
their lack of effect on the encoded amino acid. As these
mutations are typically under weaker selective con-
straints, the resulting correlation pattern might more
faithfully mirror the intrinsic mutational process. It
should be noted that silent mutations are not totally neu-
tral: they can influence translation efficiency and mRNA
stability, and some have been implicated in cancer patho-
genesis [51-53]. However, missense mutations are gener-
ally under stronger purifying selection, which removes
deleterious variants from the observable spectrum and
consequently distorts the underlying vIP — F relation-
ship. Nonsense mutations, which introduce premature
stop codons, are typically highly deleterious and therefore
subject to even stronger negative selection, which may
account for the weaker anticorrelations observed. Over-
all, the decline in anticorrelation from silent to missense
to nonsense mutations can be interpreted as reflecting
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their progressively greater functional impact and the cor-
responding intensification of negative selection. Further
investigations are needed to support this hypothesis.

In non-coding regions, the strongest F — vIP anti-
correlation occur in UTRs, which show anticorrelations
comparable to missense mutations (—0.75 to —0.76 for
triplets and —0.70 to —0.74 for quintuplets). Indeed,
UTRs regulate mRNA stability, localization, and transla-
tion, so mutations in these regions can significantly dis-
rupt gene expression [54].

Splice regions show weaker anticorrelations (—0.61 to
—0.68 for triplets and —0.45 to —0.47 for quintuplets),
consistent with their high functional impact. Mutations
in these sites often produce aberrant transcripts and are
well known to contribute to inherited diseases and can-
cer [55, 56].

Introns display intermediate anticorrelations (—0.67 to
—0.74 for triplets and —0.59 to —0.69 for quintuplets).
Some intronic motifs have been reported to play a role
of limiting the impact of oxidative damage. It has indeed
be observed that poly-Gua regions are frequent near the
5" termini of introns, where they have been suggested to
serve as sacrificial anodes to protect the protein-coding
part of the genes from oxidative damage [57]. Further
analyses are needed for interpreting the mechanisms and
impact of mutations in these regions.

Finally, the anticorrelations in intergenic regions are
in the —0.72 to —0.80 range for triplets and between
0.61 and —0.66 for quintuplets. The observed variabil-
ity between datasets, with slightly stronger anticorrela-
tions in the Sg set, may stem from differences in DNA
sequencing methods. Specifically, capture sequencing
and whole-exome sequencing tend to focus on intergenic
regions adjacent to genes which are enriched in regula-
tory motifs, whereas whole-genome sequencing targets
the entire genome. Sg essentially contain variants col-
lected with the former methods and Ssy with the latter;
Ssc contains both types.

We emphasize that, across all mutation categories con-
sidered, not only the F'—vIP anticorrelations but also the
corresponding partial anticorrelations controlling for
G-C content are strong. This further supports the con-
clusion that vIP is intrinsically linked to DNA mutability.

When interpreting differences in anticorrelation values
across genomic regions, it is important to recall that F is
obtained by normalizing the mutated motif frequency by
the motif frequency in the whole genome (see Eq. (1)).
We made this choice because the electron hole migra-
tion towards the DNA region of lowest vIP is blind to the
type of DNA region it crosses. However, although the
electron holes can migrate over long distances, of at least
100 A [58], they do not migrate across the whole genome.
Moreover, some regions may adopt conformations or
interact with proteins which either block or facilitate
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Fig. 5 Pearson correlation r between F and vIP as a function of motif length, for silent mutations in the datasets Ss¢, Ssn, Sa

the migration [59]. So, the chosen normalization is an
approximation, and differences in the levels of anticor-
relation values in different regions may partly be related
to this choice. Note, however, that altering the normal-
ization scheme by computing motif frequencies within
specific genome regions, does not substantially affect the
results, as mentioned in Supplementary Section 8.

Influence of flanking sequences. We observed a decrease
in vIP — F anticorrelation strength between triplets and
quintuplets, accompanied by a strong increase in sta-
tistical significance, as measured by p-values of about
10719 and 10719 for triplets and quintuplets, respec-
tively. Here, we investigated whether this anticorrelation
persists for longer motifs, assessing whether flanking
sequence context beyond quintuplets and its associated
vIP continues to modulate DNA mutability. We spe-
cifically focused on silent mutations, where the nega-
tive selection is lowest. As shown in Fig. 5, the strength
of anticorrelations slightly decreases with motif length
to approximately the same extent for the three datas-
ets Ssc, Ssn, Sg, but remain strong: about —0.5 for
undecuplet motifs. In parallel, the statistical significance
increases sharply, reaching an undetectable p-value for
undecuplets. The decrease in the strength of the vIP — F
anticorrelation may be attributed to the increasing uncer-
tainty in VIP calculations for longer motifs and the lim-
ited availability of mutational data to adequately sample
all motifs.

However, the persistence of significant anticorrelation
values underscores the important influence of flanking
sequences on both vIP and mutation frequency. These
results point out towards a causative link between vIP
and oxidative, mutation-inducing phenomena, which

are both non-local in nature. Indeed, oxidative damage
has been experimentally shown to occur sometimes far
from the eventual mutation site, and electron holes can
migrate along the DNA stack over long distances to reach
regions of lowest vIP [58].

Dependence on chromosome. We tested whether the
strength of the anticorrelation between vIP and I
depends on the chromosome. For this purpose, we con-
sidered together all the silent mutations contained in
the datasets Ssc, Ssn, Sg. As shown in Supplemen-
tary Table S7, there are only minor variations in Pearson
anticorrelation across the different chromosomes: from
—0.73 for chromosome 13 to —0.79 for chromosomes
16, 20, and 22. The only exception is the Y chromosome,
for which » = —0.64. As the most compact and densely
packed chromosome, it may be partially "protected” from
oxidative damage. However, the limited number of silent
mutations on the Y chromosome (446) precludes this
result from reaching statistical significance.

Dependence on the tissue. As various tissues encounter
diverse levels and types of mutagens and mutation pro-
cesses, face unique functional constraints, and develop
cancers through different molecular pathways, we inves-
tigated the vIP — F anticorrelation strength of cancer
mutations in Sgc according to the tissue; we focused
again on silent mutations.

We found the anticorrelations for triplet motifs to lie
between r = —0.87 for mutations in the lung and in the
kidney to » = —0.72 for mutations in the nervous system
(Supplementary Table S8). These correlation differences
are related to the mutational signatures discussed in the
previous section. For example, lung cancer is predomi-
nantly caused by oxidative substances present in tobacco,
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and thus both tobacco-related signatures and mutations
in the lung anticorrelate strongly with vIP. This reflects
the dominant contribution of oxidative agents present in
tobacco to lung carcinogenesis. In contrast, only a sub-
set of DNA lesions caused by UV light are of oxidative
nature. As a consequence, different UV-related signa-
tures have different anticorrelation strengths, which can
be related to the observation that skin cancer mutations
anticorrelate less strongly (r = 0.76).

Discussion and conclusion

Oxidative DNA damage, generated by endogenous meta-
bolic by-products or exogenous environmental stressors,
produces lesions that are key drivers of carcinogenesis
and determinants of chemotherapy efficacy. However,
gaining a precise understanding of how oxidative agents
give rise to SBSs remains challenging, due to the com-
plexity and diversity of oxidative lesions and their repair
pathways.

In this study, we advanced this question by studying the
DNA electronic properties quantified through vIP values.
Low-vIP genomic regions are particularly susceptible to
oxidative lesions, as they have a greater propensity for
electron extraction leading to electron-hole formation.
Such lesions are either repaired by the cellular repair
machinery or cause sequence alterations such as SBSs.
Moreover, when electron holes are generated in higher
vIP regions, they tend to migrate along the nucleobase
stack in the 5-3’ direction until they reach a low-vIP
site [60, 61], where a lesion and possibly a mutation may
be induced. Note that, in the absence of information on
the strand on which the mutation occurs, we considered
here the mean vIP of both strands, i.e., vIP rather than
vIP.

In our study, we compared vIP profiles with cancer
mutational signatures and demonstrated that such pro-
files reliably highlight signatures linked to oxidative dam-
age aetiologies. Therefore, our vIP-based approach could
be used to predict the oxidative nature of cancer muta-
tional signatures of unknown origin, thereby providing
new insights into their aetiology. A key perspective of
this study involves designing a tool to enable such vIP
-based predictions.

Furthermore, we observed that selective pressure
shapes the mutation spectrum observed in sequencing
data. Highly deleterious SBSs, such as those disrupting
essential regulatory elements or introducing nonsense
mutations, are often removed from the cell population
and therefore go undetected. This depletion of highly
deleterious variants might explain why severe mutation
types (e.g., nonsense and, to a lesser extent, missense)
tend to show weaker anticorrelations with vIP than
more benign ones such as silent mutations. However,
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this interpretation requires further investigation to be
substantiated.

An interesting finding is that the vIP — F anticorrela-
tions we observed are very similar for somatic and germ-
line mutations, as well as in cancer and normal tissues.
This suggests that these mutations arise through similar
mechanisms, in which oxidative damage plays a central
role. Some small differences are nevertheless observed,
which could be attributed to varying levels of negative
selection [62, 63].

Although our vIP model already describes DNA elec-
tronic properties and their relationship to mutational
processes very well, its ability to identify genomic regions
prone to mutation could still be improved. Obtain-
ing more precise vIP values using advanced quantum
chemistry techniques and considering alternative DNA
conformations, thereby dropping the assumption that
chromosomes adopt a uniform B-form DNA structure,
could further refine the model and provide a more accu-
rate representation of sequence-dependent mutational
susceptibility.

While oxidative damage is strand specific, this informa-
tion is often unavailable in mutation databases, leading
us to use the vIP and mutation frequency averaged over
both strands. Using the vIP of the exact strand where the
oxidative damage occurred could further improve our
understanding of these processes. Interestingly, recent
results suggest a strand bias in oxidative damage, with
transcribed strands experiencing less oxidative damage
than their non-transcribed counterparts [43].

It would also be interesting to incorporate chroma-
tin state and tissue-specific genomic data in our model.
Chromatin accessibility, nucleosome positioning, and
tissue-dependent epigenetic landscapes all influence
how DNA is exposed to damaging agents and how effi-
ciently lesions are repaired. Possible important protein-
DNA interactions likely to affect electron hole migration
[59, 64] could also be integrated. Including these layers
of information could therefore improve the ability of our
vIP model to describe mutational processes.
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