Characterizing Mutagenesis Across Developmental Time
with single-cell indexing (sci) ATAC-seq

Yu-Chen Pan

A thesis
submitted in partial fulfillment of the

requirements for the degree of

Master of Science

University of Washington
2024

Committee:
Kelley Harris
Nasa Sinnott-Armstrong

Alison Feder

Program Authorized to Offer Degree:

Institute of Public Health Genetics



©Copyright 2024
Yu-Chen Pan



University of Washington

Abstract

Characterizing Mutagenesis Across Developmental Time
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Chair of the Supervisory Committee:
Kelley Harris

Genome Sciences

Mutations in DNA are caused by replication errors or exposure to mutagen that damage the DNA
repair mechanisms. Germline variants are mutations that occur in germ cells and can be passed
onto offspring, ultimately becoming polymorphic sites; while somatic variants are mutations that
arise spontaneously in the soma cells during growth and aging. Somatic mutations have been
traditionally studied in cancer due to their natural clonal expansion. However, recent work has
described an association of the accumulation of somatic mutations in healthy tissues with aging
and age-related diseases. The current methodologies for obtaining clonal sequences from healthy
and developing tissues are either costly or laborious, limiting scalability. Therefore, in this thesis,

we explored the feasibility of using single-cell combinatorial indexing (sci) ATAC-seq data to



identify somatic and germline mutations and to study mutational processes across tissues during
embryogenesis. Leveraging available sci-ATAC-seq datasets from fruit fly embryo and human
fetal samples, we were able to identify mutations and differentiate them into germline
polymorphisms and somatic mutations. In the fruit fly embryo dataset, we detected population
structure based on the extracted germline polymorphisms, while in human fetal samples, we
observed an increase in somatic mutation burden over developmental time. We also performed
mutational signature extraction, finding that the activities of clock-like signatures, such as SBS1
and SBSS, positively correlated with developmental time. This indicates a potential association
between somatic mutation accumulation and aging during embryogenesis. We also observed
variations in the mutational processes across tissues. Finally, we reconstructed the main tissue
layers of early development from the detected somatic mutations, suggesting these datasets may
help validate transcriptionally based lineage predictions. Our analysis showed that the reanalysis
of available sci-ATAC-seq datasets can be an alternative solution to study somatic mutagenesis at
a more affordable cost and enhanced scalability. These findings also have provided insights into

developmental processes and cell lineage tracing during embryonic development.
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INTRODUCTION

BACKGROUND

Germline variants are mutations that occur in the germ cells and are inherited to the offspring;
most of these mutations are imprinted in all cells of an individual (Yu et al., 2024). In contrast,
somatic variants are mutations that occur in cells other than germ cells; these mutations usually
originate from a single cell and propagate as a result of erroneous DNA replication, endogenous
process and exposure to external mutagens that cause errors in DNA repair mechanisms
(Alexandrov et al., 2013; Beichman, 2023; Yu et al., 2024; Harris & Pritchard, 2017). Both
germline polymorphism and somatic mutations can be classified into a mutation spectrum by
their trinucleotide context, the 5’ and 3’ bases adjacent to the mutated loci. In the past, there has
been an extensive effort to identify and catalog these patterns into mutational signatures,
especially in cancer studies. Mutational signatures help unravel the biochemical processes that
lead to mutations underlying the observed mutation spectra (Alexandrov et al., 2013; Islam et al.,

2022).

Somatic mutations were initially studied in the context of cancer, but some studies have shown
that the accumulation of somatic mutations is associated with aging and this genomic instability
may contribute to age-related diseases (Beichman et al., 2024; Lopez-Otin et al., 2023). And with
the advent of new sequencing technologies, there has been a growing interest to study somatic
mutation accumulations in normal cells to better understand its potential associations with age-
related diseases and the possibility of tracing cell lineages during development (Dou et al., 2018;
Manders et al., 2021; Solis-Moruno et al., 2023, Cagan et al., 2022). For example, recent

research has used whole-genome sequencing to study the mutagenesis in tissues during



development and reconstruct phylogenetic trees for cell lineage through somatic mutations

(Coorens et al., 2021; Spencer Chapman et al., 2021; Park et al., 2021).

However, unlike tumors, healthy tissues are composed of heterogeneous populations of cells and
will require special equipment to expand the specific cell types before sequencing their DNA.
The current methodologies to obtain clonal sequences include single cell expansion in cell
culture, laser capture microdissection (LCM), whole genome sequencing and duplex sequencing.
In vitro clonal expansion is isolating a single stem cell and expanding it in culture until there is
enough DNA to harvest for bulk sequencing, but this is limited to the cell types that can be
expanded in tissue culture; LCM involves dissecting small groups of cells that arise from a single
natural clonal expansion under microscopic visualization (Espina et al., 2006), but this depends
on finding at least semi clonal population in the tissue sample; whole genome sequencing
(Olafsson & Anderson, 2021) involves sequencing the complete DNA sequence of the genome,
but is restricted detect mutations with relatively high variant allele frequency (VAF) (Alioto et
al., 2015; Dou et al., 2018); duplex sequencing employs tag-based error correction method to
detect very rare mutations with improved accuracy, but it suffers from low sequencing depth
(Schmitt et al., 2012). In general, these technologies are either expensive or labor intensive,

making them difficult to scale up in high-throughput experiments.

Given this constraint, our goal is to investigate the possibility of using single-cell combinatorial
indexing (sci) ATAC-seq data to extract somatic and germline mutations. The Single-cell
Combinatorial Indexing (sci) methodology uses the combination of molecular indexes and the

“split-pool” method to label a large quantity of cells or nuclei with unique nucleic acid barcodes,



allowing the study of single cells with enhanced scalability and at reduced cost compared to the
conventional single cell techniques (Cusanovich et al., 2015; Martin et al., 2023). In their most
recent study, the sci methodology was applied to study the single cell gene expression profiles in
mouse embryonic development and was able to generate a single dataset equivalent to 30% of
the Human Cell Atlas at a relatively modest cost (approximately 370K USD for extraction,
reagents and sequencing costs combined) (Qiu et al., 2024). In other studies, sci method has been
applied to ATAC-seq to investigate the chromatin accessibility landscapes during tissue
development in different organisms like worms, fruit fly, mouse and humans. (Cao et al., 2017,

Calderon et al., 2022; Cusanovich et al., 2015; Domcke et al., 2020).

AIMS

In this thesis, we aim to explore the feasibility of identifying variant sites in reads derived from
sci-generated chromatin-accessible regions with the available fruit fly embryos and human fetal
samples sci-ATAC-seq datasets. From the obtained variants, we aim to explore the mutational
processes across tissues during development. Finally, we aim to explore the potential of using
acquired somatic mutations to reconstruct and validate cell lineages, which were traditionally

inferred from transcriptional profiles and chromatin accessibility.

RESULTS

DETECTING MUTATIONS FROM SCI-ATAC-SEQ3 DATA
For the fruit fly embryonic development, we were able to retrieve 43,382,175 variants for AD1,
1,891,765 variants for AD2 and 13,942,684 variants for AD3+. We categorized the obtained

mutations according to their allelic depth in AD1, AD2 or AD3+ variant sets (see Methods).



Within each variant set, we explored their 1-mer mutational spectrum, which classifies the
mutations according to their reference and alternative bases. For the analyses, we focused on the
subset of AD3+ mutations because AD1 and AD2 are likely sequencing artifacts (Supplementary
Fig. 1). In the 1-mer mutation spectrum among AD3+ variants, we observed the highest relative
frequency of C>T mutations followed by T>C mutations (Fig. 1). To further investigate the
consistency of this mutational profile with the previous study, we computed their trinucleotide
context, which resulted in 96 mutation types. The trinucleotide profile was enriched in the
TCN>T (where N is A, C, G or T) within the mutation class C>T and in TTN>C peaks within the
mutation class T>C. We compared this 3-mer mutation spectrum in our datasets with the
spectrum in Asaaf, 2017, which is constructed from whole genome sequencing of mutation
accumulation experiments of 17 Drosophila melanogaster lines (Fig. 2). Overall, similar patterns
of mutation class frequencies are observed between the two spectra, especially in the C>T and
T>G (TTN > G) mutation classes. However, mutations in the T>C component of the profile are
significantly enriched in our dataset compared to the mutation accumulation experiments. We
suspect that this may be a characteristic of polymorphism in our data, possibly due to mis-
polarization from the differences between the experimental strain Canton-S and the reference

strain dmo.

In addition, we also measured the distribution of variant allele frequencies in our samples for
AD3+ variants (Fig 3). The distribution shows a decaying pattern enriched in young or low
frequency mutations (Beichman et al., 2024). Of note, as the fruit fly embryos used in this study
come from a diverse population (Calderon et al., 2022; Cusanovich et al., 2018), the allele

frequency extracted in this analysis will likely represent the frequency within that population.



The resulting plot mimics a site frequency spectrum (SFS) in a neutrally evolving population,
suggesting the reliability of the extracted polymorphisms from sci-ATAC-seq3 data is sufficient

to recreate a population structure.

INVESTIGATING SOMATIC MUTAGENESIS ACROSS TISSUE DEVELOPMENT DURING HUMAN
EMBRYOGENESIS

From the human fetal sample dataset, we obtained a total of 2,332,288 mutations. We then split
these mutations according to their cell allele frequency with a hard cutoff at 25%. We also
removed samples (n=9) with fewer than 101 somatic mutations in both somatic and germline

variants set for all the downstream analysis (Fig. 4, see Methods).

Mutations in somatic cells show distinct mutational processes than extracted polymorphisms
We first obtained the trinucleotide spectra of mutations in both the somatic and germline variant
set and performed a principal component analysis (PCA) on the frequency of each 3-mer. We
observe a clear differentiation between germline polymorphisms and somatic variant sets based
on their trinucleotide context, as demonstrated by the PCA (Fig. 5a). However, when grouping
the samples based on the germ layers from which their tissues derived (Supplementary Table 1),

there isn't a distinct separation (Fig 5b).

To better understand specific mutation processes that we might be capturing in our data and to
identify possible artifacts, we further detangled the mutation profiles of each sample into
mutational signatures. Mutational signatures can reveal specific patterns associated with

particular mutational mechanisms, providing insights for mutagenesis during tissue development.



We ran SigProfilerExtractor (Alexandrov et al., 2013) on our dataset (see Methods) and extracted
7 de novo signatures (Supplementary Fig. 2) based on the selection plot that gives us the most
sample reconstruction with a local maximum in average stability (Fig. 6). From the extracted de
novo signatures, we performed receiver operating characteristic (ROC) analysis to select the
most predictive signature in terms of distinguishing germline and somatic variants (Fig 7a). The
corresponding AUC values for the ROC curve are listed in Table 2. Notably, all mutational
signatures were able to differentiate the mutation class to certain extent, implying mutation
patterns occurring in the putative-somatic class were distinct from the germline polymorphism
class. We used the two signatures with the highest AUC, SBS96D followed by SBS96A, and
plotted the proportion of the signature’s activity found in each of the samples (Fig 7b). Most of
the germline mutation samples have higher SBS96 A signature activity, while most of the somatic
mutations have higher SBS96D signature activity (Supplementary Fig. 3). These results suggest
that the polymorphisms in the germline and the somatic cells are involved in independent

mutational processes during tissue development.

Mutational processes during embryogenesis

The mutation profile of the most predictive de novo signature distinguishes between variant sets
might reveal the fundamental mutational mechanisms that differ in germline and somatic cells
during development, we therefore delved deeper into the two most predictive de novo signatures,
SBS96A and SBS96D, to uncover the specific mutational mechanisms underlying tissue
development (Fig. 8). We first decomposed the de novo 3-mer mutation spectra into mutational
signatures from the COSMIC database (Sondka et al., 2024), most of which have annotated

etiologies and associated molecular mechanisms. SBS96A is decomposed into SBS1 (70.14%),



SBSS5 (17.4%), and SBS54 (12.46%) (Fig. 8a). SBS1 and SBSS5 are considered ubiquitous
signatures because they are present in most tissues including de novo mutations, polymorphisms
and somatic mutations (Alexandrov et al., 2020; Blokzijl et al., 2016; Beichman, 2023). These
signatures are also coined as clock-like because their behaviors are found to increase linearly
with age (Alexandrov et al., 2015). We also observe the spike in T>C mutations at TpG sites
corresponding to the artifactual signature of SBS54. This signature in the cancer analysis is likely
a result from a mis-polarization of the ubiquitous signature SBS1, which is an indication of
germline polymorphisms. On the other hand, SBS96D is decomposed into SBS4 (51.84%)),
SBS43 (30.18%), SBS5 (14.5%) and SBS1 (3.48%) (Fig. 8b). Although SBS4 is associated with
exposure to tobacco carcinogens in cancer tissues, its profile enriched in C>A mutations is
shared with other signatures that capture naturally occurring oxidative DNA damage (Poetsch,
2020). The SBS43 currently has an unknown etiology but is suggested as a potential sequencing
artifact. Dissecting the mutation spectrum into mutational signatures gives us an understanding
of the underlying mutational processes taking place during embryonic development. The rest of
the decomposed de novo signatures and their corresponding etiologies can be found in

Supplementary Fig. 2 and Table 2.

Mutational processes across developmental time

To study the mechanisms of mutagenesis in tissues during embryogenesis, we plotted the
mutational load of each sample normalized by the accessible genome across days of pregnancy
(Fig 9). We fitted a regression line and hypothesized that the mutational burdens should increase
over time in soma cells but remain constant in the germline polymorphisms since these mutations

are inherited at birth. Although it shows an increase in mutational burden across developmental



time in somatic cells, contrary to our expectations, germline mutations also show an increase
over time. We suspected the increase in the mutations could be due to the confounder of total
read coverage. Therefore, we plotted the residuals from the fitted linear model of mutation
counts against coverage, with days of pregnancy (Supplementary Fig. 4). Although there is a
slight correlation between the residuals and days or pregnancy, they are not significant (adjusted
r-squared value of 0.218 and 0.0145, p-values are 0.138 and 0.17 for germline and somatic

respectively).

Mutational processes across tissues

Similar to the increase for mutational load, we also observed an increase in the mutational
signature activities for both SBS1 and SBS5 over developmental time (Fig. 10a). We are
interested to see if SBS1 and SBS5 activities might differentiate between tissues at this early
stage as it is observed in adult tissues. In the adult tissue, the replicating or mitotic cells, such as
those in the colon and small bowel, show a more rapid increase in SBS1 activity while SBS5
activity remains relatively constant over time. However, this relationship is reversed in noon
actively replicating post-mitotic cells such as neurons, liver, and lung (Blokzijl et al., 2016;
Abascal et al., 2021; Spisak et al., 2023). It is hypothesized that SBS1 is associated with or
driven by rounds of DNA replication, whereas SBS5 is independent of DNA replication cycles
and increases with biological time. Therefore, we analyzed the activities of these signatures
across time in each tissue type for our somatic mutation class (Fig. 10b), but we did not observe
a significant distinction between SBS1 and SBSS5 activities in different tissues; all the regression
lines are parallel. Nevertheless, we do see variations of these activities across developmental

time. In general, adrenal, brain, heart and intestine exhibit upward mutational signature activities,



while kidney, liver, lung, and placenta showed reduced activities across the developmental time
span. It is important to note that these trends are extrapolated from sparse data points and could

be sensitive to noise.

BUILDING CELL PHYLOGENIES FROM SOMATIC MUTATIONS DURING DEVELOPMENT

One potential application of detecting somatic mutations during development is to use these
somatic mutations (extracted from sci-ATAC-seq3) to reconstruct cell lineages that recapitulate
the developmental lineage of each tissue. We used the algorithm Unweighted Pair Group Method
with Arithmetic Mean (UPGMA) to build a phylogeny tree for each donor. We calculated the
phylogenetic distance of each pair of samples by counting unique mutations present in each
tissue within the shared accessible regions. This ensured sufficient coverage in both tissues and
comparability between them (see Methods). The resulting trees represent the cell lineage of the
available tissues in each donor. The tissue is color coded with its corresponding germ layer. For
instance, for donor H27431 shown in Fig 11, tissues originating from the same germ layer are
found together within the same clade in the soma cells. However, the phylogenetic tree that was
reconstructed with germline variants displays more dispersed groupings. This is expected for
germline mutations because they are inherited at birth and should not differentiate during tissue
development. Other donors in our dataset present groupings to a lesser extent (Supplementary

Fig. 5).

In order to obtain a quantifiable measure for the phylogenetic distance for the tissue pairs across
all donors, we then classified each tissue pair into three categories based on their phylogenetic

distance: technical replicates, tissues derived from the same germ layer, and tissues derived from



different germ layers (Fig 12). We hypothesized that the phylogenetic distance between the pairs
in the technical replicates group should be the lowest, followed by the same germ layers, and the
different germ layers be the highest. In the putative somatic variant set, we show that the median
of the distances among technical replicates are the shortest with a fold change difference against
the distinct germ layer of 0.466 (p-value = 0.016). Tissue pairs in the same germ layer also show
lower distance in medians compared to distinct germ layers (f.c. 0.958), although this difference
1s not significant (p-value = 0.95). However, when computing the mean distance in each
category, we see that the mean distance in the same germ layer is slightly higher than the distinct
germ layer, but is also not significant (f.c. 1.038, t.test p-value = 0.777). In the germline
polymorphism sets, which should not reconstruct a representative phylogenetic tree, it also
shows the shortest phylogenetic distances in the technical replicates. But the highest
phylogenetic distance is found in the pairs within the same germ layer. This suggests we should

be mindful of making further conclusions inferred from the obtained trees (Fig 11).

Overall, here we show the potential of utilizing the somatic mutations detected from sci-ATAC-
seq to build a phylogenetic tree that recapitulates cell lineage during embryonic development, but

it is important to note that there are still caveats and limitations with this approach.

DISCUSSION

We have shown that it is possible to detect single nucleotide variants from sci-ATAC seq data
and extract a putative set of somatic variants. Contrary to other methods available (Dou et al.,
2018; Muyas et al., 2023), our approach does not require a direct tissue matching between

subpopulations of cells nor a direct linkage to any common polymorphisms. We have also
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explored two datasets, from fruit fly (Calderon et al., 2022) and human (Domcke et al., 2020)
that were not previously surveyed for mutations. Both principal component analysis (PCA) on
the mutation spectra and an accuracy test using ROC curve analysis of mutational signature
activities provide evidence that we can differentiate the extracted mutations further based solely
on allele frequency, and that these groups have distinct patterns of trinucleotide accumulation.
We also presented that the underlying mutational processes present in both germline
polymorphisms and soma cells by extracting the mutational signatures from the stratified
mutation sets. Among the decomposed signatures, SBS96A is particularly relevant as it contains
SBS1 and SBSS5, together with the mispolarization signature (SBS54). SBS96A shows higher
activity in the germline polymorphisms set (see Fig. 7b); and thus the presence of SBS54 is most
likely originating from the mispolarization of the CpG deamination associated mutations,
indicating that our variants in the germline variant set display expected profile for a
polymorphism loci profile (Alexandrov et al., 2020; Beichman, 2023.; Mathieson & Reich,
2017). We also identified a somatic specific mutational signature, SBS96D, which is also able to
classify among somatic and germline variants. The C>A mutation component in our spectrum
appears authentic, i.e. does not seem like any obvious artifactual signature from COSMIC, could
represent unrepaired oxidative damage that occurs during the rapid division rate in development
(Poetsch, 2020). We note that previous studies (Spencer Chapman et al., 2021) using deep
targeted sequencing also observed a C>A mutational process occurring during development with
a limited similarity at the trinucleotide level. However, other components of the extracted
signatures do resemble potential sequencing artifacts and should reserve caution upon

interpretation.
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In terms of mutation accumulation during embryonic development, we see an increase in
mutation burden and activities of the clock-like signatures SBS1 and SBSS5 in all samples in the
soma cells. This could potentially imply that the association between the accumulation of
somatic mutations and aging (Abascal et al., 2021; Alexandrov et al., 2015) begins to unfold
during embryogenesis. However, we also observed this increasing trend in the germline
polymorphism variant set, which is not expected because the amount of inherited polymorphic
sites should remain constant across the development and aging of the individual. This suggests
there might be noise coming from the sequencing artifacts in the germline variant sets and
requires caution when interpreting the results in the putative somatic set. Additionally, the
narrow time span in our data, compared to other aging studies (Abascal et al., 2021; Cagan et al.,

2022) also restricted our ability to investigate the effect of aging in our dataset.

We also explored if different tissues undergo distinct mutational processes during development.
However, there is no clear clustering or separation between tissues or germ layers, and there are
no significant variations in the clock-like signature activities within tissues. This could be
because the mutations accumulated in the tissues were not differentiated enough at this early
developmental time. Some of the samples exhibit data sparsity and the developmental time span
is limited. Additional data is thus needed to conclude how mutational processes differ between

tissues during development.

Lastly, while the previous literature demonstrated the usage of somatic mutations reconstruct cell

lineage with whole genome sequencing (Coorens et al., 2021, 2024; Spencer Chapman et al.,

2021), we demonstrated the possibility of reconstructing the tissue development from the

12



somatic mutations detected from sci-ATAC-seq using UPGMA. To further support this, we found
that technical pairs have the shortest phylogenetic distance among the detected variants and that
tissues from the same germ layer are located within clades in the resulting trees (Fig. 11 and
Supplementary Fig. 5). Although this is still preliminary data and will require future research to
increase the resolution, it still suggests that our methodology could be used to provide orthogonal
evidence for the cell lineages derived from transcriptomic and chromatin accessible data
(Domcke et al., 2020; Q1u et al., 2024). Overall, these results open the doors to future refinement

of the cell lineage mapping.

CONCLUSION AND FUTURE DIRECTION

In this thesis, we have developed a new method that aims at extracting variants from sci-ATAC-
seq3 data and is able to differentiate between somatic variants and germline polymorphisms.
Additionally, we investigated mutagenesis during tissue development in

embryogenesis. Finally, we demonstrated the potential of using these detected mutations to
reconstruct a cell lineage. We believe this innovative method could serve as a cost-effective

alternative for studying mutagenesis in tissue development.

There are limitations in our study and will require future improvements. It is important to
interpret the results with consideration since most of the samples on COSMIC come from tumor
samples whereas our samples are from healthy tissues. For example, SBS4 observed in our data
might be due to other factors that have similar etiologies to tobacco carcinogens that occur
during normal development, such as oxidative stress. With the current COSMIC signatures and

literature, it is difficult for us to draw a conclusion about the etiology of the detected mutational
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signatures as the current data on human fetal studies is limited. Furthermore, the phylogenetic
trees for some of the donors do not exhibit expected clades; and it is difficult to interpret the
length of the tree branch. A recently developed method to reconstruct phylogeny tree capturing
cell lineage, Sequoia, can be applied on genome-wide somatic mutation sets from clonal samples
and single-cell genomic data (Coorens et al., 2024). We are interested in applying this method to
our data to see if we can obtain a more accurate phylogenetic tree representation for tissue

development during embryogenesis.

METHODS

DATA

Fruit fly embryos data

sci-ATAC-seq3 data from synchronized Canton-S fruit fly embryos was obtained from (Calderon
et al., 2022) and it is publicly available in (Data). In brief, embryos were collected across 11
windows with each window spaced 2 to 4 hours apart. Each collection of embryos was then
pooled to be sequenced via sci-ATAC-seq3. The sequencing reads were mapped to the reference
genome dm6 and were processed using a standardized pipeline for quality control, filtering low
read depths and reads mapping to mitochondria or ribosomal genes. This dataset comprises a

total of 1.5 million cells.

sci-ATAC-seq3 Human fetal samples data

Raw sci-ATAC-seq3 data from human fetal samples was obtained from (Domcke et al., 2020). In

brief, 59 fetal samples, representing 15 organs, were obtained from 23 fetuses with an estimated

14


https://krishna.gs.washington.edu/content/members/DEAP_website/public/ATAC/revision/bams/

post-conceptual age ranging from 89 to 125 days. The raw reads were re-mapped to the GRCh38

genome assembly. In total, approximately 1.6 million cells were captured.

DETECTING VARIANTS

Detecting mutations from sci-ATAC-seq data

First, we processed the BAM files to filter out higher quality reads based on various criteria such
as mapping quality, insert size, and number of mismatch positions. Then, we utilize samtools
rmdup (version 1.19) to eliminate duplicate marks, accounting for artifacts in our base calling
procedure. We then employed bcftools mpileup (version 1.19) to call variants. Upon obtaining an
initial set of mutations, we revisited the read data (BAM files) to extract cell information
including tissue, sample, and donor for each variant. We aggregate and pseudo-bulk the cells at
the sample level and further refine our selection by focusing on mutations present in at least two

cells, with a total coverage of 34, to minimize artifacts and sequencing errors.

Classifying variants from the detected mutations

In the fruit fly dataset, we used allelic depth (AD), measured as the number of alternative alleles
at a given locus, to classify mutations in likely artifacts (AD1, AD = 1), putative somatic or rare
variants (AD2, AD = 2) and common polymorphisms (AD3+, AD = 3+). In the human fetal data
dataset, we used cell allele frequency distribution (CAF) to distinguish the mutations present
across all cells. We expect variants with a CAF of <25% to be putative somatic mutations, and

those with a CAF of >50% are likely germline mutations.

15



There is discrepancy in variant classification between the two datasets because of their
experimental setup. In the fruit fly data, multiple embryos were pooled into a sample according
to the collection windows; therefore, the germline polymorphisms allele frequency that are
exclusive to smaller subset of flies within the sampled population is not expected to be 50%. In
contrast, in the human fetal data, each embryo was pooled into a sample based on individual
donor; therefore, the germline polymorphism allele frequency was expected to be 50% for
heterozygous variant and 100% for homozygous variant. The cutoff of 25% was selected based
on the histogram of variant allele frequency, where it clearly separated the major peak of

heterozygous variants.

STATISTICAL ANALYSIS

Excluded samples

In the fetal human sample datasets, to avoid potential noise associated with low counts in
samples with low coverage, we filtered out sets of variants with fewer than 101 detected somatic
mutations and removed the corresponding sets of variants in germline variants. In total, we
removed 9 samples: run3.H27423 .brain, run3.H27469.lung, run3.H27791.bonemarrow,
run3.H27820.pancreas, run3.H27846.eye, run3.H27847.thymus, run3.H27875.spleen,

run3.H27962.gonad and runl.H27477 kidney.

PCA

We performed the PCA on the trinucleotide context of the mutations using R function prcomp

(version 4.3.2). The first two principal components that captured the most variation (PC1: 27.9%,
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PC2: 17.62%) were plotted. The data points were then colored by either their mutation types or

the germ layers.

Mutation burden over time

We calculated the total mutations corrected by accessible genome regions. We then mapped the
samples to their corresponding donor’s days of pregnancy by the donor ID and calculated the
mutational burden across developmental time. For the residual plot, we fitted a linear model of
total mutation counts and coverage and plotted the residuals of the fitted model against days of

pregnancy.

Signature proportion

We selected the signatures with the highest AUC and plotted the proportion of each de novo
signature for all the samples. We divide SBS96D’s activity across the total signature activity for
every sample. We performed the same calculations for SBS96A. We plotted the signature
SBS96A’s activity proportion on x-axis and signature SBS96D’s activity proportion on the y-

axis. And then we colored the samples by the mutation types.

Signature across time

For the SBS1 and SBSS signature across developmental time, the samples were grouped by the
donor ID and were matched to the donor’s pregnancy. For the signature stratified by tissue types,
tissues with less than 3 samples were removed. A total of 6 samples were removed:

run3.H27791.gonad.somaticvr, run3.H27791.gonad.germlinevr, run3.H27895.spleen.somaticvr ,

17



run3.H27895.spleen.germlinevr, run3.H27917.pancreas.somaticvr and,

run3.H27917.pancreas.germlinevr.

Germline versus somatic classification by de novo signatures

From the SigProfiler Extractor output, we used the samples’ de novo signature activities (total of
7 signatures, SBSA to SBSG) to predict if the inputted mutation set was attributed to the
germline or somatic set. The most predictive de novo signature will indicate the specific
mutational mechanisms that are fundamentally different in germline and somatic cells during
development. Therefore, we used the R library pROC (version 1.18.5) to predict the class of the
mutation set, either somatic or germline. From each prediction, we calculated a ROC curve, and

AUC (area under the curve) to assess the performance and accuracy of each de novo signature.

MUTATIONAL SIGNATURE ANALYSIS

Since sci-ATAC-seq3 only captures sequencing reads within open chromatin regions, promoters,
enhancers and other regulatory elements, the captured reads resulted in a significant divergence
in trinucleotide content compared to the rest of the genome. Therefore, we need to adjust for this
bias when comparing the mutation signatures in the cosmic database, which is obtained from

whole genome sequencing.

In order to achieve this, we derive the correction factor by obtaining the ratio of trinucleotide
context frequencies, comparing those obtained from the read coverage of our samples to those of

the UCSC hg38 reference genome. We then multiply the number of mutations in each
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trinucleotide context by the correction factor to get the number of mutations corrected for the

background genomic composition.

Mutational signatures were then extracted from all available variant sets, including both the
polymorphism and the somatic set within each individual sample. Due to the abundance of
polymorphisms compared to somatic mutations in our data, we also needed to correct the total
number of germline mutations to match the number of somatic mutations in each sample to
ensure comparability between sets of variants. To do so, we divided the number of mutations in
each trinucleotide by the ratio of total germline to somatic variants and rounded the resulting
fractional values to simulate actual counts. This process resulted in an equal number of germline

and somatic mutations, while maintaining the overall trinucleotide profile within each sample.

After the mutation profile matrixes were constructed, we run the SigProfiler Extractor (version
1.1.23) from 1 to to 10 signatures using default settings and parameters, which include both a de
novo extraction and a decomposition of the extracted signatures to known COSMIC signatures
(COSMIC v99). For each extracted signature, we plot the sample cosine distance and the average
stability, as provided in the output of the SigProfiler Extractor (see Fig. 6). We selected 7
signatures for our analysis, which is the optimal number of signatures that maximize the stability

of the solution while minimizing the reconstruction error.

PHYLOGENETIC ANALYSIS

Phylogenetic tree
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We divided all of our sample variant sets according to their donor and to their variant
classification (putative-somatic or germline). Within each donor and variant set, we computed all
possible tissue pair combinations and calculated a phylogenetic distance. To calculate this
distance, we first identified shared open chromatin regions that are common in each tissue pair
by finding the number of shared regions of the genome (measured in nucleotides) where both
samples were covered with at least 10 reads between their accessible genomes. We then extracted
any mutations that are both present and available in these shared chromatin regions for each
tissue pair. Next, we detected the mutations unique to each tissue among the available mutations.
We compiled and tallied the total count of unique mutations found in each tissue separately and
divide it by the total number of shared nucleotides for each tissue pair. Finally, we used the
computed distance to infer a phylogenetic tree of the distinct tissues using the UPGMA algorithm

from the R function hclust (version 4.3.2).

Phylogenetic distance category

We further grouped each tissue pair based on their phylogenetic distance into three categories:
technical replicates, tissues derived from the same germ layer, and tissues derived from different
germ layers. The table for the germ layers and their derived tissues can be found in
Supplementary Table 1. We used the median to calculate the fold change difference between the
distance of each category and used Wilcoxon rank sum test to calculate the p-value between

groups. For the mean, we used student student’s t test to calculate the p-value.
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FIGURES AND TABLES

Table 1. | Summary of the main differences between the datasets. The table compares the key

differences between the fruit fly embryo datasets and human fetal samples datasets.

Fruit fly embryos Human fetal samples
Reads Each read is from different fly Each read is from the same tissue,
individual, treating all the cells as a treating cells in each tissue as a
whole population population
Coverage Lower coverage per sample Higher coverage per sample per
individual
Time points 0-20 hours, over lapping 2-hour 89 -125 days

collection window

Advantages Smaller sample size, Higher coverage,
Includes developmental times Single sample per individual
Goal Mutation loads across developmental Mutational processes across tissue

time

types
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Fig 1.

Mutation class proportion

1-mer mutation spectrum of AD3+ mutations in fruit fly embryos dataset. Relative
mutation frequency (which sums to 1) for the six mutation classes in AD3+ variants.
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Fig. 2 | Comparison of mutation spectrum with previous literature. a) 3-mer mutation

spectrum from AD3+ variants in fruit fly embryo dataset. The number of mutations counts for

the 96 mutation types. The 96 mutation types were color labeled by the six mutation classes. b)

3- mer mutation spectrum retrieved from Assaf, 2017.
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Fig 3. | Histogram of variant allele frequency (VAF) distribution for the AD3+ variants. The
x-axis is the VAF distribution percentage and y-axis is the number of variants (in millions)
corresponding to the derived allele frequency bin.
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Fig. 4 | Total mutations in all the samples. Histogram showing the total mutation load for

samples in inferred germline variants (CAF > 0.25) and inferred somatic variants (CAF <= 0.25).

The line indicates the threshold at mutation counts of 100.
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Fig. 5 | Differentiation of mutations explained by the trinucleotide context. Principal

component analysis, centered and scaled, performed using mutations in the trinucleotide context.

The clusters displayed the results with respect to the first two principal components. a) capacity
of trinucleotide context to distinguish the germline variants and somatic variants. b) analysis as
in a but with three germ layers: mesoderm, endoderm, and ectoderm.

Sa.
5_
0.
N Mutation type
%_3 Germline mutation
51 Somatic mutation
.10.
-5 0 5 10
PCA1
low count samples removed
Sb.
51 2e
o LB
e
Q% “®
)
1 gfRe
. ¢ Germ layer
R ° ® ® ectoderm
o 5] °® ® endoderm
® mesoderm
. .
® °
-10 o '®
)
-5 0 5 10
PC1

low count samples removed

26



Fig. 6 | Selection plot for all the extracted signature from Sigprofile Extractor. The mean
sample cosine distance is shown on the left y-axis and the average stability is shown on the right
y-axis for each of the decomposition.
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Fig. 7 | A summary of evaluating the most effective reconstructed de novo signatures to
differentiate between germline and somatic variants. a) ROC curve to show the each of the
reconstructed de novo signature’s ability to differentiate between germline and somatic variants.
b) distinguishing somatic and germline variants using the two de novo signatures with the
highest AUC, SBS96D and SBS96A. The x-axis is the proportion of SBS96A, and y-axis is the
proportion SBS96 in each sample. Each data point, representing each sample, was labeled for
germline or somatic variants.
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Table 2. | The AUC value for each ROC curve sorted from highest to lowest.

SBS96D

SBS96A

SBS96G

SBS96E

SBS96C

SBS96F

SBS96B

AUC

0.8729167

0.8147222

0.7390278

0.7268056

0.6318056

0.6266667

0.5827778
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Fig. 8 | Decomposition of 3-mer mutation spectrum into COSMIC mutational signatures.
Original spectrum (top left) is the spectrum we obtained from our data; Reconstructed spectrum
(bottom left) is the spectrum reconstructed from the COSMIC signatures. a) Reconstructed
SBS96A spectrum and its decomposed mutational signatures. The percentage of the signature’s
contribution is shown on the top right corner. b) analysis as in a but for SBS96D. The rest of the
decompositions are in supplementary Fig. 2.
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Fig. 9 | Mutation load across developmental time. The mutation burden across developmental
time in soma and germline cells. The x-axis is the days of pregnancy, representing developmental
time, and y-axis is the mutation counts normalized by sample coverage.
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Fig. 10 | Activity of signature SBS1 and SBSS across developmental time in soma cells. a)
Activity of signature SBS1 and SBSS5 in somatic mutations across days of pregnancy. Linear
regression lines show the linear relationship between signature activities and developmental
time, along with confidence intervals. b) analysis as in a but stratified by tissues
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Fig. 11| Reconstructed phylogenetic tree representing cell lineage during embryonic
development using the extracted mutations. The phylogenetic tree reconstructed from somatic
mutations for donor H27431 (left). Each branch is color-labeled by tissue’s corresponding germ
layer. The same analysis but for germline mutations (right). Additional phylogenetic trees for all
the donors can be found in the supplementary Fig. 5.
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Fig. 12 | Distance for each tissue pair based on their category. Each data point, representing
the distance of each tissue pair, was categorized into either technical replicate, same germ layer,
or different germ layers (See distance calculation in Method). The line indicates the median.
Same germ layer represents the tissues in the tissue pair are derived from the same germ layer
and different germ layers represent tissues are derived from different germ layers.
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SUPPLEMENTARY MATERIALS

Fig 1.
b). Analysis as in a but for AD2
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Fig. 2 | All of the mutational signatures extracted from Sigprofiler Extractor (SBSA-SBSG).
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Fig 3. | Mutational burden for extracted mutational signature from SigProfiler Extractor.
a) The x-axis is the number of samples plotted over total number of samples; y-axis is the
somatic mutations per megabase. Each column represents the decomposed de novo mutational
signature. b) analysis as in a for COSMIC mutational signatures. The plot is ordered by the mean

somatic mutations per megabase.
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Fig 4. | Residuals plot for the fitted model of mutation counts ~ coverage against days of
pregnancy. a) For somatic variants, the adjusted r-squared value is 0.2177 and the p-value for
the correlation is 0.1377 b) for germline variants, the adjusted r-squared value is 0.01462 and the
p-value for correlation is 0.17.
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Fig 5. | Reconstructed phylogenetic tree representing cell lineage during embryonic
development using the extracted mutations for all the donors.
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Table 1. | Germ layers and its derived tissue

Mesoderm Endoderm Ectoderm
Muscle Intestine Brain
Heart Stomach Cerebllum
Kidneys Adrenal Eye
Gonads Lung

Placenta Pancreas

Spleen Liver

Bonemarrow Thymus

Table 2. | COSMIC signatures and the proposed etiology

Signature

SBS1

SBS3

SBS4

SBS5

SBS54

SBS16, SBS23,
SBS43, SBS46,
SBS89,

SBS96,SBS98,

Proposed etiology

An endogenous mutational process initiated by spontaneous or
enzymatic deamination of 5-methylcytosine to thymine which generates
G:T mismatches in double stranded DNA. Failure to detect and remove
these mismatches prior to DNA replication results in fixation of the T
substitution for C.

Defective homologous recombination-based DNA damage repair which
manifests predominantly as small indels and genome rearrangements due
to abnormal double strand break repair but also in the form of this base
substitution signature.

Associated with tobacco smoking. Its profile is similar to the mutational
spectrum observed in experimental systems exposed to tobacco
carcinogens such as benzo[a]pyrene. SBS4 is, therefore, likely due to
direct DNA damage by tobacco smoke mutagens.

Unknown. SBS5 mutational burden is increased in bladder cancer
samples with ERCC2 mutations and in many cancer types due to tobacco

smoking.

Possible sequencing artefact. Possible contamination with germline
variants.

Unknown
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