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ABSTRACT

1 Covalently bound DNA adducts are mutation precursors that contribute to aging and diseases such as

2 cancer. Accurate detection of adducts in the genome will shed light on tumorigenesis. Commonly
3 used detection methods are unable to pinpoint the exact genomic locations of adducts. Long-
4 read nanopore sequencing has the potential to accurately detect multiple types of DNA adducts
5 at single-nucleotide precision. In this study, we developed a novel statistical toolkit, IonStats, to
6 profile DNA adducts in nanopore sequencing data. With IonStats, we investigated the effects of
7 four adduct-inducing genotoxic compounds on nanopore sequencing, and found both shared and
8 compound-specific perturbations in base quality scores, ionic current profiles, and translocation
9 dynamics. Notably, aristolochic acid II and melphalan treatments profoundly altered nanopore
10 readouts and led to substantial sequence-specific read interruptions. Our study shows that nanopore

11 sequencing can be effectively employed to detect and characterize DNA adducts, paving the way for

12 high-resolution, high-throughput profiling of DNA damage and the exposome.
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14 1 Introduction

15 DNA adducts are covalently bound lesions caused by exogenous and endogenous genotoxic compounds that react
16 with DNA directly or after metabolic activation [1]]. Enzymatic DNA repair mechanisms remove most adducts, but
17 a small fraction may escape the repair [2]]. Adducts can interfere with DNA transcription and replication, and give
18 rise to mutations that may lead to cancer [3]]. Several compounds have been implicated in cancer initiation, including
19 aristolochic acids (AAs), polycyclic aromatic hydrocarbons (PAHs), and aflatoxin B; (AFB;), linked to urological, lung,
20 and liver cancers, respectively [4} 15, 16][7]. Beyond cancer, DNA adducts serve as molecular imprints of environmental
21 exposures, contributing to accelerated biological aging and increased mortality [8]]. Detecting and characterizing DNA
22 adducts is thus crucial for understanding how exposure to DNA damage can lead to mutations and cellular dysfunction

23 underlying both carcinogenesis and the progressive decline associated with aging.

24 There are two distinct classes of DNA adducts: monoadducts and crosslinks [9]. Monoadducts are formed through
25 chemical modifications by small molecules on individual nucleotides. The primary targets of monoadduct binding
26 depend on the reactive species, nucleophilicity of DNA sites, steric factors, and DNA sequence context. For small
27 alkylating agents, the primary binding sites are the ring nitrogens N3 and N7, which are most nucleophilic in purine
28 bases. For bulky aromatic compounds, such as AAs, the primary binding sites are exocyclic amino groups [10].
29 Molecules with multiple reacting groups can form DNA-DNA crosslinks, where two nucleotides are bound by the
so adduct [L1]. Crosslinks can be either inter- or intrastrand, where the bound nucleotides are on different strands or the

31 same strand, respectively [12} [13]].

32 The most prominent methods for DNA adduct detection include mass spectrometry- and amplicon-based meth-
33 ods [14]. High-resolution mass spectrometry enables comprehensive profiling of adduct exposure, detecting most DNA
34 monoadducts that are present in the sample [[15} [16]. However, these methods require the DNA to be broken down into
35 individual nucleotides, losing the positional information of the adducts in the genome [[14]. Amplicon-based methods
36 solve this issue by recognizing the adducts chemically or enzymatically by using DNA repair enzymes to mark and
37 cleave DNA adducts [17, [18]]. However, amplicon-based methods are unable to distinguish between different types of

38 adducts [14].

39 Nanopore sequencing is an emerging technology with the potential to differentiate between adduct types at single-
40 nucleotide resolution while preserving site-specificity [[19, 20]. Nanopore sequencing measures the ionic current as
41 a single-stranded DNA fragment translocates through a nanopore, which is embedded in an electrically insulating
42 membrane. The nucleobases that reside inside the nanopore at any given time alter the ionic current based on their
43 physical structure. Hence, analysis of the ionic current can potentially reveal both the DNA sequence and modifications

44 such as adducts [21] 22].

45 Previous studies have focused on adducts only in specific known sequence contexts [[19}20]. In this study, we show that
46 nanopore sequencing can be used to characterize adducts in arbitrary sequence contexts for multiple adduct-inducing

47 molecules. We implemented a novel software package called IonStats for distilling nanopore sequencing data into
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48 multiple statistics revealing deviations from the unadducted state. We show that these statistics are informative for adduct
49 formation by creating and analyzing a novel nanopore sequencing dataset of whole genome amplified Saccharomyces
50 cerevisiae DNA with four adduct-inducing genotoxic compounds: aristolochic acid II (AAII), cisplatin, melphalan,
51 and mitomycin C (MMC). These compounds vary in size and chemistry, and bind to various nucleotides in DNA.
52 We demonstrate distinct treatment effects by comparing the sequencing statistic distributions between treated and
53 untreated samples. We also observed that some treatments increase read interruptions, where DNA fragments are not
s+ fully sequenced, likely due to bulky adducts or crosslinks bound at specific sequence contexts. IonStats is available

55 open source at GitHub (https://github.com/ykoski/ionstats).

s 2 Results

57 2.1 TIonStats: a comprehensive toolkit for capturing adduct effects in nanopore sequencing data

s8 Nanopore sequencing generates large volumes of ionic current signal data, posing substantial challenges for downstream
so analyses (Fig.[T]A,B). To distill informative features for adduct detection, we developed a computational workflow
60 called IonStats (Methods). IonStats collects and summarizes diverse statistics from nanopore signal and basecalled
st sequencing data by k-mers or reference genome positions (Methods; Fig. [TIC). Comparison of the statistics of treated
62 samples with those of untreated samples allows the characterization of treatment effects. In addition, IonStats collects
63 read-level statistics including read counts and lengths, and base quality scores. In our study, we used k = 9, or the
64 number of nucleotides that reside within the nanopore (ONT pore version R10.4.1) at any given time [23]]. This choice

65 also ensured high k-mer coverage in our experiments.

66 For each k-mer or reference position, IonStats collects nanopore signal means and standard deviations, base quality
67 scores, and dwell times. The latter indicates the number of measurements obtained for each nucleotide, correlating with
68 the time the nucleotide resided in the nanopore sensing region (Fig.[T]A,C). In addition, IonStats computes motor-protein
69 adjusted dwell time (ADT). This statistic reflects the duration that each nucleotide resides at the motor protein, rather
7o than within the sensing region. ADT lets us study the effects that adducts might have when interacting with the motor
71 protein, in addition to in-pore effects. IonStats also provides a novel windowed error score called Average Expected
72 Absolute Deviation (AEAD; Methods). AEAD captures how much the signal means or standard deviations differ from
73 expected values within a k-mer window. Finally, adducts may cause failed translocations, which IonStats can detect by

74 identifying interrupted reads through missing rear barcode sequences.

75 lonStats provides distributional tests to detect differences between sample groups, typically between treated and control
76 samples. The available tests include the Kolmogorov-Smirnov (KS) test and the Cramér von Mises (CvM) criterion.
77 Compared to the more common KS test, CvM is more sensitive to differences in tails of distributions. Together, these

78 complementary tests enable robust detection of treatment-induced perturbations in nanopore data.
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Figure 1: Key concepts and study design. A: Visualization of the nanopore sequencing process. Positions of the
nanopore are numbered. B: An illustration of the effect that a DNA adduct can have on the ionic current. C: Overview
of the data analysis approaches that IonStats uses to distill nanopore sequencing data into multiple statistics to compare
treated and untreated control samples. D: Visualization of the experimental setup of this study. E: Number of reads per
sample replicate obtained in the experiment.

79 2.2 Adduct-induced DNA damage reduces nanopore read length and quality

go  We first examined whether the effects of adduct treatments can be observed in read-level nanopore sequencing statistics

s1  after treating S. cerevisiae DNA with four genotoxic, adduct-inducing compounds (Fig.[TD; Methods). These statistics
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g2 included the number of reads sequenced (Fig. [TE), read lengths and mean base quality scores (Fig.[2), and rear barcode
g3 quality scores (Suppl. Fig. [T} Suppl. Table[I). AAII, melphalan, and cisplatin samples showed lower mean quality
84 scores (16.6, 17.8, and 5.23, respectively; Suppl. Table[2)), whereas in mitomycin samples, scores were higher (MMC
g5 interstrand 19.9, MMC intrastrand 19.9) than in untreated controls (19.6, p < 10~ for all compounds) (Fig.. Both
gs melphalan and cisplatin samples had shorter reads (median lengths: 1833 and 3658, respectively) compared to other
g7 samples (AAII 6744, MMC interstrand 7430, MMC intrastrand 7331, control 7061; Suppl. Table @ The replicates
g8 generally correlated very well, except for AAII, where the two replicates differed by mean quality score (means 15.8

g0 and 17.1;p < 10716).
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Figure 2: Overview of the sequencing statistics in the nanopore sequencing dataset. A: Read mean quality scores by
sample. B: Read lengths by sample. The vertical line shows the median value of each replicate.

90 2.3 Treatment effects are observed in tails of nanopore signal-level statistics

91 We then focused on the signal-level statistics obtained with IonStats. Overall, for most treatments, the distributions of
o2 these k-mer-level statistics were consistent with those observed in controls (Suppl. Table 3| &[] Suppl. Fig.[2). However,
93 for AAIL melphalan, and cisplatin, the variability of many statistics differed substantially from controls (Suppl. Table
94 &3] Suppl. Fig. [3). This led us to believe that the treatment effects are primarily observed at the tails of k-mer
o5 value distributions. Consistent with this hypothesis, the extreme quantiles (1st and 99th percentiles) of signal statistics
96 revealed pronounced shifts (Fig.[3] Suppl. Table[3), while their means showed only minor differences (Suppl. Table 3]
o7 [). This supported the notion that adduct formation affects only a subset of DNA nucleotides, producing a mixture of
96 modified and unmodified k-mers (Fig.[3] A, B). Due to insufficient k-mer coverage, cisplatin samples were excluded

99 from these analyses (Suppl. Table|I).
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Figure 3: A: Nanopore signal mean distribution for the 9-mer GGCAGGCAT, where 1% quantile outliers distinguish
the AAll-treated sample from controls. Dashed lines and annotations indicate the 1% and 99% quantiles; solid lines
indicate the distribution means. B: An example of a 9-mer (AAAATGGTG) where the signal mean distribution is
non-normal but highly similar between AAll-treated and control samples, with no substantial differences in the extreme
quantiles. C-F: Quantile differences for signal mean (C), standard deviation (D), mean AEAD (E), and standard
deviation AEAD (F). For treatments, differences for each k-mer are shown between treatment and controls; for controls,

between-replicate differences are shown.

Among all treatments, we observed the strongest effects in AAll-treated samples, with melphalan samples showing

similar but weaker effects (Fig. BIC-F; Suppl. Table @][7). Specifically, the lowest quantile signal means for most k-mers

in AAII samples were lower than those in controls (Fig.[3IC). This is consistent with bulky DNA adducts impeding ion

flow through the nanopore, thus lowering the measured current. We also found that many k-mers displayed markedly

higher variability of signal levels, particularly in AAII samples (Fig. D). Furthermore, aggregating signal over multiple

consecutive k-mers, our AEAD score displayed more pronounced alterations in AAII and melphalan samples than the

other statistics (Fig. BE,F). While the effects of adduct treatments were evident in both AAII and melphalan samples

(Suppl. Table[d), signal-level statistics did not differentiate mitomycin C samples from controls.
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Motif discovery reveals sequences associating with treatment effects
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Figure 4: All significant, high-quality motifs found with the STREME analysis. A motif had to occur on both strands
and have an E-value smaller than 0.05 to be included. For each motif, its identifier (top), E-value (middle), and the
number and fraction of motif matches in the significant 9-mers (bottom) are shown. Significant motifs shown for A:
signal mean and standard deviation, B: dwell times and signal mean AEAD, and C: signal standard deviation AEAD. In
B, * refers to a reduced k-mer set (Methods).

Next, we asked whether treatment-driven effects might be linked to recurring DNA sequence contexts. To explore
this, we conducted sequence motif discovery on k-mers associated with differences in sequencing statistics between
the treated and control samples, as determined by the CvM criterion (Methods, Suppl. Fig. ). This analysis revealed
multiple significant motifs (£ < 0.05), some specific to individual treatments and others shared across treatments

(Fig.[). No significant motifs were linked to base quality scores in any of the treatments.

We identified motifs in AAII, cisplatin, and melphalan samples to associate with the signal mean level and variability
(Fig.[A). The most prominent motifs (SM-AA-1, SM-CI-1, SM-ME-1; Fig.[d) all showed purine preference at upper

pore positions (i.e., closest to the motor protein; Fig. [TA).

We observed pyrimidine-rich motifs at upper pore positions in AAII and cisplatin samples (SM-AA-2, SM-CI-2).
Additionally, weaker motifs containing pairs of cytosines, either directly adjacent or separated by one to two nucleotides,
were also identified (SM-AA-3, SM-AA-4, SM-CI-4, SM-ME-3). The discovery of pyrimidine-rich motifs was
unexpected, since the treatments have been reported to primarily target purines [3] [26]. However, these findings
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121 align with a previous report [23] that the ionic current is strongly influenced by the nucleotide in the seventh pore
122 position in the nanopore we used in our experiments (ONT R10.4.1). For signal variability, motifs of repeated purines
123 showed a strong effect in all treatments (Fig. E]A; SD-AA-1, SD-CI-2, SD-CI-3, SD-ME-1), while cisplatin also yielded
124 a thymine repeat (SD-CI-1), with similar patterns seen in AAII (SD-AA-2, SD-AA-4).

125 Strong motifs associating with dwell times were observed in AAII and melphalan (DT-AA-1, DT-ME-1; Fig.[dB). These
126 purine-rich motifs resembled those identified in signal SD analyses (SD-AA-1, SD-ME-1). Motifs linked to dwell
127 time differences at the motor protein (ADT) revealed an adenine-rich motif in AAIl (MT-AA-1) and a less specific
128 motif in melphalan (MT-ME-1). Such motifs may indicate sequence contexts where adducts influence translocation
129 speed by interacting with the motor protein rather than the sensing region. In general, dwell time motifs contained

130 homopolymeric tracts, suggesting that repetitive sequences are particularly sensitive to adduct-induced perturbations.

131 AEAD analysis, which sensitively captures effects on longer sequence contexts (Methods), highlighted the role of
132 purine-rich motifs. For the AAII samples, to focus on the most variable set of 9-mers, we used the 9-mers within
133 the highest 1% of CvM test scores. In AAII and melphalan, the signal mean AEAD varied the most at A-rich motifs
134 (AM-AA-1, AM-ME-1). In the melphalan samples, we observed also thymine-rich motifs (AM-ME-2, AM-ME-3).

135 These were the shortest and least position-specific motifs discovered.

136 Finally, we found gapped sequence motifs associated with signal SD AEAD in every treatment group. In AAII, motif
137 AS-AA-1 is an A-rich motif, while in cisplatin and melphalan, the motifs contain adenines and thymines (AS-CI-1,
138 AS-ME-1). For mitomycin C, we found T-rich motifs (AS-CE-1, AS-CR-1), and for the interstrand mitomycin C
139 sample, an additional purine-rich motif, AS-CE-2. Signal SD AEAD was the only variable associated with significant

140 motifs across all treatments.

141 2.5 Recurrent sequence motifs display characteristic effects on nanopore signal levels

142 Quantile analyses revealed that adduct-induced effects were concentrated at the extremes of k-mer distributions, but
143 their directionality and recurrent sequence patterns remained unclear. We thus examined sequence motifs associated

144 with extreme quantiles in more detail (Methods).

145 Signal levels in both untreated and mitomycin-treated samples correlated closely with controls (control-control r» =
146 0.997, MMC interstrand = 0.999, and MMC intrastrand r = 0.999; Fig.5]A, Suppl. Fig.[5)), indicating the absence
147 of strong effects in these conditions. In contrast, in both AAII and melphalan samples, nearly all k-mers displayed
148 reduced signal levels compared to untreated controls. Moreover, motifs discovered earlier were consistently associated
149 with lower signal levels in AAII, but the association was not as strong in melphalan samples (Fig.[5]A). Examining the
150 k-mers which yielded the largest reductions revealed patterns (Fig.[5B) compatible with the previously discovered
151 signal mean and SD motifs (Fig. {JA). In melphalan samples, we observed that motifs associated with reduced signal
152 levels contained more guanines at the seventh pore position and more purines at the preceding positions, which was

153 also observed in AAII. Outliers at intermediate signal levels contained more cytosines at the seventh position and
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Figure 5: Quantile-based analyses of signal statistics and their association with sequence motifs. A: Scatterplots of low
quantile signal mean values for all k-mers comparing two control replicates, melphalan, and AAII, and high quantile
comparisons for AAII and melphalan signal SD and AAII dwell times. B: Sequence logos of outlier values in quantile
distributions. The top logo was computed from all k-mers within the range, and the bottom logo was computed with
only outlier values, shown in red.
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154 showed increased frequencies of purines or cytosines in the preceding positions in both the AAII- and melphalan-treated
155 samples. Finally, for AAII, SD outliers at low signal values were enriched in purines at pore positions 68, and the high
156 signal SD outliers had a [A/G][T/C][A/G] motif at the end of the pore. In contrast, in AAII, the dwell time motifs did
157 not consistently associate with quantile differences, suggesting that this treatment has no consistent effect on nanopore

158 sequencing translocation speed.

159 We also tested how different DNA triplets affect extreme values of the sequencing statistics at specific nanopore
160 positions (Suppl. Fig.[6l [7). We found that purine-rich triplets were associated with lower signal levels in AAII and
161 melphalan samples. More specifically, a CAG-triplet in AAII and a GGG-triplet in melphalan had the highest effects.
162 In AAII samples, purine-rich triplets were associated with high signal variation, with AGG and GGG showing the most

163 variability.

164 In summary, motif discovery revealed sequence logos that were significantly associated with changes in the ionic
165 current. These motifs had purine bases, primarily adenines, at the upper pore positions, in all samples and for all signal
166 statistics, except for SD in cisplatin. In addition, we observed pyrimidine-rich motifs that should not be binding sites of
167 any of the adduct-forming compounds [55} 24} 25| [26]. The discovered motifs correlated with low signal mean quantiles
168 in AAII and melphalan treatments and with high standard deviation quantiles in AAIL Signal SD AEAD was the only
169 variable that had significant sequence motifs associated with every treatment, and the motifs had a unique gapped

170 appearance.

171 2.6 Read interruptions are associated with upstream guanine repeats at the motor protein

172 Nanopore sequencing occasionally yields incomplete reads due to interruptions in pore translocation [27]. By examining
173 rear barcode qualities (Methods), we observed that AAII, cisplatin, and melphalan samples produced more reads
174 lacking a rear barcode than control and MMC samples, indicating a higher frequency of interrupted reads (Fig.[0]A,
175 Suppl. Fig.[I). To investigate whether these interruptions are associated with particular sequence contexts, we performed
176 motif discovery analysis on interrupted reads. We identified two types of interrupted reads based on the signal level at

177 the read end: passing-like reads where the level was similar to fully-read reads, and blocking reads where the level was

178 lower (Fig.[6B).

179 We discovered guanine-rich motifs in AAII and melphalan samples associating with read interruptions (£ < 0.05; Fig.
180 [0[C). Passing-like reads in melphalan sample highlighted a simple guanine motif, whereas two blocking read motifs in
181 AAIIl and melphalan samples had more varied T(G)n and GGC compositions, respectively. Interestingly, these three
182 motifs were all enriched at the motor protein instead of the sensing region (Fig. [6]D). This led us to believe that both
183 AAII and melphalan monoadducts may cause interruptions in nanopore sequencing. The GGC-motif in melphalan
184 blocking reads could suggest a binding position for an interstrand crosslink, which would interrupt sequencing by

185 interacting with the motor protein.
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Figure 6: A: Fraction of interrupted reads in each sample replicate. B: Mean signal levels at read ends for interrupted
and fully-read reads in the AAII sample. The red line shows the classification threshold for passing-like and blocking
reads. C: Sequence motifs detected with STREME associating with read interruptions. D: Position weight matrices
(PWMs) for the sequences corresponding to motifs centered at the sensing region. The motor protein region is located
approximately at position +14 from the sensing region.

3 Discussion

186
187 In this study, we investigated how genotoxic, adduct-forming compounds influence nanopore sequencing readouts. To
188 our knowledge, this was the first study to thoroughly examine the effect of DNA adducts in complex DNA contexts
189 (99.96% of all 9-mers), whereas previous studies have analyzed only up to four specific adduct sites [19, 20]. By
190 applying our novel IonStats framework, we profiled adduct-induced changes across multiple dimensions of nanopore
191 data, including base quality, nanopore signal statistics, pore translocation (dwell) times, and read interruptions. This
192 effort revealed a multitude of compound-specific alterations in signal properties and sequence contexts, highlighting
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193 both shared and distinct patterns of how different adducts perturb DNA translocation through the pore. Our observations
194 establish a foundation for linking nanopore-based adduct detection to exposure-associated mutational processes and

195  signatures [28} [3]].

196 Detecting DNA adducts is a crucial step toward understanding how mutational signatures arise. For instance, signature
197 SBS4 found in lung cancers has been linked to tobacco carcinogens [29]. Site-directed mutagenesis studies demonstrate
198 that the mutational signatures of DNA adducts are directly related to DNA polymerase activity, its DNA insertion and
199 extension mechanism, and the DNA sequence context [30]. To properly assign an etiology to a mutational signature,
200 it is essential to consider DNA adduct types and locations as the key intermediate steps that yield somatic mutations.
201 This, however, requires accurate, site-specific methods for adduct detection: we here showed that nanopore sequencing

202 coupled with sophisticated computational tools for ionic current analysis shows substantial promise.

203 Our software package IonStats can be easily applied to sets of treated and control samples to evaluate sequencing
204 statistics for treatment effects. In contrast to previous DNA and RNA modification detection tools that can be used to
205 characterize DNA adducts [31,[19,132]], IonStats was developed specifically for DNA adduct detection. It introduces
206 several new readouts on signal-level statistics, and translocation dynamics including dwell-times and read interruptions.
207 These readouts enable multifaceted characterization of effects caused by DNA adducts. We hope that this tool
208 will encourage further research on profiling effects of environmental exposures with nanopore sequencing beyond

209 metagenomics [33]].

210 Our treatment-specific findings illustrate both potential and challenges. Aristolochic acid II (AAII) altered sequencing
211 quality and ionic current signals mainly in purine-rich contexts at the nanopore sensing region. In addition, guanine
212 repeats were enriched upstream of the sensing region at the motor protein, associating with translocation interruptions.
213 This finding led us to believe that aristolactam II-dA (AL-dA) adducts are more likely to pass through the nanopore,
214  while AL-dG adducts can cause read interruptions by interacting with the motor protein. This is consistent with the
215 larger size of AL-dG adducts compared to AL-dA adducts [5]. Melphalan produced shorter and poorer quality reads
216 than the other treatments, and displayed widespread effects in adenine-rich contexts and evidence of read interruptions
217 in CG-rich contexts. This could indicate melphalan crosslinks, binding to two guanines on opposing strands [34], to

218 cause translocation failure at the motor protein, similarly to AAIL

219 We observed cisplatin-driven differences in signal statistics primarily in A and T-rich motifs. Although GG-crosslinks
220 are the primary reported cisplatin adduct, our motif discovery analysis was not able to detect these. This may be due
221 to insufficient power resulting from the low sequencing coverage, caused by degradation of the DNA by the cisplatin
222 treatment. We were surprised to find many T-rich motifs in cisplatin and AAII (e.g., SM-AA-2, SM-CI-2, SD-AA-2,
223 SD-AA-4, SD-CI-1), since cisplatin has not been reported to bind to thymines, although GpNpG 1,3-intrastrand
224  crosslink can rarely occur (SM-CI-3) [35]]. Furthermore, AL-dT adducts have not been observed in previous studies [36]].
225 The only effects we discovered after MMC treatments were the motifs associated with signal variability over longer
226 sequences captured by the AEAD score, suggesting that AEAD is more sensitive to treatment effects than other statistics

227 studied.
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228 While IonStats enabled comprehensive profiling of treatment effects, it is not able to identify individual reads harboring
220 adducts. Thus, its sensitivity might be limited when adduct frequencies are low. In addition, IonStats has only been
230 applied to in vitro samples that are expected to carry relatively large amounts of DNA adducts compared to in vivo
231 samples [3]]. Further work is required to evaluate the utility of IonStats in in vivo settings. Another limitation of our
232 work is that IonStats is not able to quantify the amount of adducts in treated samples directly. A complementary mass

233 spectrometry analysis could be used to estimate the fraction of adducted nucleotides.

234 Taken together, our work establishes a framework for studying DNA adducts with nanopore sequencing and demonstrates
235 how different compounds leave distinct signatures in sequencing signals. By developing methods for site-specific
236 adduct detection, future studies may bridge the gap between DNA lesions and mutational signatures, clarifying the

237 causal pathways by which exogenous and endogenous exposures contribute to cancer development.
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30 4 Methods

400 4.1 Whole genome DNA amplification

401 Yeast genomic DNA was extracted from the haploid Saccharomyces cerevisiae strain CEN.PK113-7D by using the
402 MasterPure Yeast DNA Purification Kit (MPY80200, LGC). High molecular weight yeast genomic DNA was uniformly
403 amplified by using the REPLI-G mini whole genome amplification kit (150023, Qiagen). In brief, 20 ng of yeast
404 genomic DNA was used as a template and amplified by incubating with REPLI-G DNA Polymerase at 30 °C for 16
405 hours. Amplified yeast genomic DNA was purified by using 1.8x Ampure XP beads (10136224, Beckman Coulter)
406 and eluted in 10 mM Tris-HCI, pH 8.0, or double-distilled water. Amplified yeast genomic DNA was fragmented
407 and size-selected for 10-15 Kb by using g-tube (520079, Covaris). For Melphalan treatment, DNA was extracted for

408 ultrapure distilled water (10977035, Invitrogen).

409 4.2 Aristolochic acid II treatment

410 AAII DNA adducts were formed by using the protocol described in [37]]. Amplified yeast genomic DNA (10 ug DNA,
411 one ug per ul) was treated with 0.25 mM AAII solution in 50 ul of 50 mM potassium phosphate buffer, pH 5.8. AAII
412 was activated by 1 mg of zinc dust and incubated at 37 °C for 30 minutes. AAll-treated DNA was purified by using
413 1.8x Ampure XP beads and eluted in 25 pl 10 mM Tris-HCI, pH 8.0.

414 4.3 Cisplatin treatment

415 Cisplatin DNA-adduct was prepared by using the protocol in [38]] with modifications. Cisplatin (3 mg, 10 umol) was
416 activated by incubation with AgNOj3 (6 mg, 35 umol) at 37 °C for 6 hours in 50 ul of water. The activation reaction
417 was conducted in a 1.5 ml Eppendorf tube covered with an aluminium foil to prevent light exposure. Cisplatin and
418 AgNOj3 mixture was centrifuged at 13,000 rpm for 10 minutes, and the clear supernatant containing activated cisplatin

419 was used for DNA-adduct formation. Cisplatin-DNA adduct was formed by incubating DNA (10 pg) and activated
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420 cisplatin in 10 mM HEPES buffer, pH 7.0, at 37 °C for 1 hour in the dark. Cisplatin-treated DNA was purified by using

421 Phenol-Chloroform extraction and eluted in 10 mM Tris, pH 8.0.

422 4.4 Melphalan treatment

423  Melphalan DNA-adduct was prepared by using the protocol in [39] with a modification. Amplified yeast genomic
424 DNA was eluted in distilled water (10 pg in 10 pl water). Amplified yeast genomic DNA was incubated with 8 pl of
425 melphalan stock solution (1 mg per ml of DMSO) and 12 pl of DMSO at 37 °C for 1 hour. Melphalan-treated DNA was

426 purified by using Phenol-Chloroform extraction and eluted in distilled water.

427 4.5 Mitomycin C treatment

428 4.5.1 Intrastrand crosslink adduct preparation:

429 Mitomycin C (MMC) intrastrand crosslink DNA-adduct was prepared by using the protocol in [40]]. Amplified yeast
430 genomic DNA was diluted to 30 ul of 0.1 M PBS pH 7.4 (P5493, Sigma) (6.54 pg DNA in 30 ul PBS, 60 nmol of DNA).
431 MMC was dissolved in 0.1 M PBS, pH 7.4, to prepare a 100 mM stock solution. 0.24 pmol of mitomycin C (2.4 pl of
432 0.1 M MMC stock solution was diluted to 27 ul in 0.1 M PBS) and 12 umol of Na3S204 (3 ul of 40 mM NayS204 in
433 water) were added to amplified yeast genomic DNA and incubated in a PCR tube in a thermoshaker at 40 °C, 400 rpm
43¢ with open lid in fume hood. MMC-treated DNA was purified by using 1.8x Ampure XP beads and eluted in 20 pl 10
435 mM Tris-HCI, pH 8.0.

436 4.5.2 Interstrand crosslink adduct preparation:

437 MMC interstrand crosslink DNA adduct was prepared using a protocol similar to intrastrand crosslinking, except the
438 incubation was performed in a closed lid PCR tube, and a total of 60 umol of NasS204 was added in five portions of 12
439 umol at a five-minute interval. MMC-treated DNA was purified by using 1.8x Ampure XP beads and eluted in 20 ul 10
440 mM Tris-HCI, pH 8.0.

441 4.6 DNA sequencing and data collection

as2 Two replicates for each treatment were prepared for sequencing, with an additional cisplatin sample, where the DNA
43 fragments were selected by size. Approximately 400 ng of DNA was used for each sample to prepare the sequencing
444 library with the Native Barcoding Kit 24 V14 (SQK-NBD114.24, Oxford Nanopore Technologies (ONT)) following the
445 manufacturer’s protocol. In total, 13 barcodes were used (two for each treatment, two for controls, and one additional
a6 for cisplatin size-selected). The constructed libraries were loaded onto the R10.4.1/FLO-PRO114M flow cell on the
447 PromethION 24 device. The sequencing and data collection were performed with the MinKNOW software v24.02.19,

448 which generated .pod5 files containing the raw ionic signal measurements for individual DNA molecules.
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449 The cisplatin treatment heavily damaged the DNA, and we observed a small number of reads for both non-size-selected
450 replicates and the size-selected replicate. For unknown reasons, the yield for the second MMC intrastrand replicate was

451 very low, and we excluded this sample from further analyses.

42 4.7 Data processing

453 Basecalling and alignment were performed with ONT’s basecaller Dorado (version 0.6.0) with the
454 dna_r10.4.1_e8.2_400bps_sup@v4.3.0 model. The aligner function in Dorado uses minimap2 [41] to align the
455 basecalled reads to a reference genome with the "lr:hq" preset. We used the S. cerevisiae strain CEN.PK113-7D
456 assembly from [42] as the reference genome. To map the raw ionic current measurements to positions in the reference
457 genome, a signal-alignment step is required. The ionic current is divided into events, and each event is mapped to a
458 reference position. We applied Uncalled4 [23]] to align signals to reference positions for all reads. This allowed us to

459 compute and compare ionic current statistics for different samples.

40 4.8 Data analysis of sequencing statistics with IonStats

461 TonStats can extract and compare quality scores, ionic current means, ionic current standard deviations, dwell times,
462 and adjusted dwell times between treated and control samples. We also derived windowed error scores for ionic current

463 mean and standard deviation, referred to here as Average Expected Absolute Deviation (AEAD) scores.

a6+ The quality score () is a value given to each base by the basecaller, and it is logarithmically related to the estimated
465 basecalling error probability (P): () = —10log;, P. The ionic current mean and standard deviation are computed
466 from the raw ionic current measurements that belong to a single event, defined by the signal alignment. The dwell time
467 refers to the time that a k-mer resides inside the nanopore, and we quantified it as the number of measurements that
as8  belong to an event. To capture the interaction between putative adducts and nanopore motor protein, we computed the
469 motor-protein shifted dwell times (adjusted dwell times), where the dwell time of a k-mer was associated with a k-mer

470 14 base pairs downstream in the reference genome [20].

471 To estimate how much the ionic current varies over consecutive events, we propose the AEAD statistic. For a window
472 of width w, the AEAD for statistic s at position ¢ can be specified as:
. 3]
AEAD,; = — > Isi— Els, k]|
i=i-| %]
473 where s; is the value of the statistic for event j and E[s, k;] is the expected value of the statistic s for k-mer centered at
474 position j. We used the 9-mer table provided by Uncalled4 to get the expected values for the signal mean and standard

475 deviation for all 9-mers.

476 IonStats collects values for selected variables and groups them by the reference k-mer or by reference position for

477 a specific chromosome or contig. It then performs distributional tests on the k-mer/ref_pos distributions to find the
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478 k-mers that show statistically significant differences in the variables of interest. It applies the Cramér—von Mises (CvM)
479 criterion and the Kolmogorov—Smirnov (KS) test to compare the k-mers. For both of these tests, we used the versions
480 that were implemented in the SciPy [43]] Python library. These two tests are applied to capture different effects since
481 KS is more sensitive to differences in medians, while CvM is more sensitive to differences in distribution tails. Since
ag2  both tests assume the data to be continuous, we added a small amount of noise to the discrete variables (quality score,
483 dwell time, and adjusted dwell time) to facilitate test calibration. To control for multiple testing, IonStats applies the

484 Benjamini-Hochberg correction for the p-values of each test with a significance level . We used oo = 0.05.

485 4.9 Motif discovery analysis

486 To search for patterns that could correspond to recurrent adduct-forming sequence motifs in the DNA, we performed
487 motif discovery analysis with STREME [44] for the significant k-mers associated with each test. In the STREME
ags analyses, we used the set of all k-mers as the control sequences. To process the k-mers only in forward-strand
489 orientation, we used a custom STREME alphabet, which did not consider the complementarity of nucleobases. The
490 motif discovery was performed separately on forward and reverse reads. A motif had to occur on both strands with an
491 E-value smaller than 0.05 to be reported in Fig. [3]and considered significant. All motifs discovered by STREME with
492 E < 0.05 are shown in Suppl. Fig.[B{T6] We also used the Logomaker [45] Python library to draw sequence logos for

493 the significant k-mers, and for the outlier k-mers in Fig.

494 For the AAII signal mean AEAD, we restricted the motif discovery analysis only to the k-mers within the top 1% CvM
495 values. This was done to reduce the similarity between the positive set and the control set, which consisted of all k-mers.
496 Initially, by using all significant k-mers, we found no significant motifs, likely due to the high overlap of the positive

497 and control k-mer-sets in the STREME analysis.

498 4.10 Quantile difference analysis

499 To study how the extreme values of k-mer distributions compare in treated and control samples, we computed the
s00 top and bottom 1%-quantiles for each sequencing variable. We then computed the quantile difference to measure if
501 a k-mer shows more extreme values in the treated samples. The quantile difference for k-mer ¢ is defined simply as:

502 d; = qt; — qc,i» Where c is control and £ is treatment, and ¢ can be either the lowest or highest 1%.

503 4.11 Data analysis for interrupted reads

s04 Nanopore sequencing reads can exhibit low rear barcode qualities, indicating that the read barcode was non-determinable
505 based on the sequence at the end of the read. This led us to believe that interrupted reads, i.e., reads that interrupted
so6 the sequencing and did not pass completely through the pore, belong to this subset of reads. We classified reads as
s07  interrupted based on the barcode_rear_score value, which is recorded for all reads in the sequencing summary file

s08 provided by MinKNOW and which ranges between —100 and 100. If barcode_rear_score was < 60, we classified
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s09 the read as interrupted. We chose this threshold as MinKNOW requires a minimum value of 60 from either the front or

510 rear barcode scores for a read to be assigned to a barcode.

511 After further investigation, we noticed that some reads classified as interrupted had a low ionic current at the end of the
st2 read, while other reads had a similar ionic current level at the end of the read to fully-read reads (Fig. @A). We divided
513 the interrupted reads into two classes based on their last 20 ionic current measurements: passing-like reads with high
514 end-mean, and blocking reads with low end-mean (< 50 pA). The passing-like reads exhibit a similar signal level at
515 the end of sequencing as fully-read reads, and the blocking reads exhibit a lower signal level. We analyzed the end
s16  positions of these reads by extracting 25 bases upstream and downstream (50 in total) of the mapping end position in
517 the reference genome to study whether the reads typically ended at specific sequence motifs, which might be binding
st sites of adducts. We also performed a motif discovery analysis on subsequences at the mapping end position and on

519 sequences that interact with the motor protein.

s20 4.12 Motif affinity analysis

521 To estimate how well a k-mer matches a sequence motif, we applied AMA [46] to compute average motif affinity
522 scores. We did this for motifs detected with STREME on all possible k-mers, where k = 9, with the --norc option to
523 consider motif affinity only in the forward strand direction. In Figure[5JA, a 9-mer was colored to match a motif if the
524  AMA score was more than 5. In the case where a 9-mer had high affinity to multiple motifs, we considered only the

s25 motif with the highest affinity.

526 4.13 Analysis of DNA triplets at specific pore positions

527 We computed the effect of triplet-pore position pairs on quantile differences by iterating all seven triplet positions for a

526 9-mer by computing the mean quantile difference of all 9-mers that contain a triplet ¢ at position i:

1
mean_qd; ; = = Z q_treatedy, — q_controly,

ke K[izi43]=t

529  where K is the set of all 9-mers.
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