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Decades of experimental research in mutagenesis revealed the 
various error modes of DNA replication and repair (1, 2) but did 

not elucidate which mechanisms are primarily responsible for hu-
man germline mutations. Statistical analysis of sequencing 
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Biological mechanisms underlying human germline mutations remain largely unknown. We statistically decompose variation in 
the rate and spectra of mutations along the genome using volume-regularized nonnegative matrix factorization. The analysis of 
a sequencing dataset (TOPMed) reveals nine processes that explain the variation in mutation properties between loci. We 
provide a biological interpretation for seven of these processes. We associate one process with bulky DNA lesions that resolve 
asymmetrically with respect to transcription and replication. Two processes track direction of replication fork and replication 
timing, respectively. We identify a mutagenic effect of active demethylation primarily acting in regulatory regions and a 
mutagenic effect of LINE repeats. We localize a mutagenic process specific to oocytes from population sequencing data. This 
process appears transcriptionally asymmetric. 
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datasets can quantify contributions of relevant mechanisms. 
Cancer genomics has been propelled by the analysis of “mu-

tation signatures” (3). Signature extraction relies on differential 
mutagen exposure of tumor samples and is not transferable to 
germline mutation, beyond insights from comparing human pop-
ulations (4). 

Here, we use variation of mutation rate along the genome to 
model germline mutagenesis. Our model assumes that several 
mechanisms generate mutations. We approximate these mecha-
nisms by processes characterized by spectra of 192 tri-nucleotide 
mutation types and variable intensities along the genome (Fig. 
1A). Inference of mutational processes from variability of muta-
tional spectra across genomic loci represents a classic nonnega-
tive matrix factorization (NMF) problem. 

NMF separates a set of nonnegative source signals (here, mu-
tational processes) from observed nonnegative signal mixtures 
(here, mutation frequencies). However, NMF can have many so-
lutions with the same quality of approximation (5). To find identi-
fiable solutions, applications in cancer assume that tumors are 
exposed to few mutagenic forces characterized by unique muta-
tion types (6). 

Classic NMF performs poorly in our case (fig. S1K), likely be-
cause mutagenic forces with complex spectra act in most loci. Re-
cently developed “volume-regularized” NMF (vrnmf) (6, 7) 
guarantees a unique solution under mild assumptions of suffi-
ciently spread source signals. Vrnmf finds the most distinct (posi-
tively defined) mutational spectra (Fig. 1B and fig. S1A). For 
germline mutations, our implementation of vrnmf (8) delivers a 
unique interpretable solution, outperforming standard NMF in 
simulations and data (fig. S1, K and C). 

A powerful way to assess the biological relevance of the in-
ferred processes is provided by the symmetry between antiparal-
lel strands of DNA. Strand-specific footprints of molecular 
machineries such as transcription and replication break this sym-
metry. Mutational mechanisms coupled with these machineries 
are strand-dependent. For example, A>G mutations are depleted 
within genes on the transcribed strand due to the action of tran-
scription-coupled repair (TCR) (2). Mutation processes uncoupled 
from the action of strand-specific machineries are strand-inde-
pendent (Fig. 1C). 

We assign mutation types with respect to the genome refer-
ence independently of the direction of transcription and replica-
tion. For some genes the reference strand is transcribed, while for 
others it is non-transcribed. As a consequence of TCR, some genic 
regions display depletion of A>G mutations and others display de-
pletion of the complementary T>C mutations (Fig. 1C). 

For a strand-dependent mutational mechanism, our statistical 
procedure would infer two independent components with re-
verse-complimentary spectra (Fig. 1C and fig. S1B). Following the 
example above, the intensity of A>G mutations in one component 
would be identical to the intensity of T>C in the other. In contrast, 

a strand-independent mechanism would correspond to a single 
self-complementary component (the intensity of A>G would be 
identical to the intensity of T>C). All biologically meaningful com-
ponents would either be self-complementary or arise in mutually 
complementary pairs. We disregard spurious processes not con-
forming to this complementarity rule using the “reflection test” 
(Fig. 1, C and D) (8). 

We applied our method to 292 million very rare (allele fre-
quency below 10−4) single nucleotide variants (SNVs) from 42,813 
individuals in the TOPMed freeze 5 (9). We applied a statistical 
correction (8) to account for multiple independent mutations that 
occurred in the same site (10). This correction increased the esti-
mated rate f CpG>TpG mutations by 1.8-fold (fig. S2). To capture 
the regional variation, we binned the genome into non-overlap-
ping windows of 10 kb (fig. S3C), the scale that maximizes the 
number of reflected components (fig. S1H). 

Application of vrnmf to this dataset identifies 14 components 
passing the “reflection test” and robust to resampling. They are 
reproduced in gnomAD (10) and recapitulated in de novo muta-
tion data (figs. S1, G and L, and S4D) (11, 12). The 14 components 
correspond to 9 processes, 5 strand-dependent represented by 
two components) and 4 strand-independent (Fig. 1D and fig. S1L). 
Eight processes correlate exclusively with one or two genomic 
features including gene bodies, replication timing, direction of 
replication, and chromatin accessibility (Fig. 1E and fig. S4A). Pro-
cesses have, on average, 40% higher correlation with genomic 
features than any individual trinucleotide mutation type (fig. 
S4B). This is remarkable given that the inference was solely based 
on mutation density. 

Up to 5% of heritable mutations arise during early mosaic di-
visions (13). Intensities of several processes differ between de 
novo germline mutations and early mosaic mutations (Fig. 1F). 

Broadly, mutations arise from replication errors or from DNA 
damage. Bulky damage is resolved in a strand-specific manner 
within gene bodies due to the action of TCR (2) and due to the 
preferential error-prone damage bypass on the lagging strand 
during replication (14). 

Strand-dependent Process 1/2 is represented by mutually 
complementary components 1 and 2 (Figs. 1D and 2A). The strand 
asymmetry, measured as the difference between intensities of 
components 1 and 2, correlates with the directions of both tran-
scription (r=0.32) and replication (r=-0.15), and with gene expres-
sion (Table S1). Process 1/2 correlates with the experimentally 
obtained TCR activity (15) (fig. S5A). We conclude that this pro-
cess is a footprint of the asymmetric resolution of bulky DNA dam-
age. Process 1/2 has reduced intensity in early development, and 
transcriptional asymmetry of mosaic A>G/T>C mutations has the 
opposite direction (Figs. 1F and 2A). 

Strand-dependent process 3/4 likely captures asymmetric 
replication errors. Its asymmetry correlates with the direction of 
replication (Fig. 2B, r=0.34 at the optimal 100kb scale, Table S2). 
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This process is unlikely to be mediated by bulky DNA damage, be-
cause the correlation with direction of transcription is small. We 
hypothesize that process 3/4 reflects differential replication fidel-
ity between leading and lagging strands (1), offering the first 
probable footprint of replicative errors. 

Process 5/6 has an elevated intensity on non-transcribed 
strands of L1PA LINE repeats (Fig. 2C and fig. S5E). The two per-
cent of the genome with the strongest asymmetry of process 5/6 
are four-fold enriched with L1PA repeats, but not with other LINEs 
(fig. S5D). 

Strand-independent process 7 closely tracks replication timing 
(RT) (r=0.64 at the optimal 500 kb scale) (Fig. 2D). The modest as-
sociation of mutation rate with RT has been long known (16, 17). 
It is stronger for transversions (17), especially C>A (18). The inten-
sity of process 7 increases by 4.4-fold from the earliest to latest 
RT decile, while the rate of transversions increases by just 20% 
(fig. S5C). Process 7 is substantially more active in early develop-
ment (Figs. 1F and 2D). 

Strand-dependent process 8/9 is dominated by C>G transver-
sions. It is characterized by local spikes totaling 264 Mb (Fig. 3, A 
to C); just 10% of the genome harbors 67% of clustered de novo 
mutations of maternal origin and includes all known (19) and 
many new regions of accelerated maternal mutagenesis (Fig. 3D 
and tables S3 and S4). 

Process 8/9 displays a 50-200% increase in the rate of C>G mu-
tations on the non-transcribed strand compared to gene flanks 
(Fig. 3, E to G, and figs. S6 and S7A;). This effect is especially pro-
nounced for long, fragile genes (WWOX, RBFOX1, CSMD1, FHIT, 
SDK1) covered by spikes of the process. We interpret this as tran-
scription-associated mutagenesis in oocytes that is possibly in-
duced by localized susceptibility to DNA damage (20). Mutations 
in spikes of process 8/9 show a much stronger effect of maternal 
age than the remaining genome (Fig. 3H). 

Accumulation of maternal mutations with age in non-dividing 
oocytes cannot be mediated by replication. Literature favors res-
olution of double strand breaks (DSB) as a likely mechanism (11, 
19, 21). Complex crossovers in spikes of process 8/9 have 399-fold 
elevated C>G mutation rates (Fig. 3I) in line with (11). However, 
all complex crossovers contribute only 10 out of 507 additional 
C>G mutations in spikes of process 8/9 in the de novo mutation 
dataset (11) suggesting that this is an important but not a major 
mechanism. 

Process 10 characterized by CpG transitions is known to be 
mediated by methylcytosine deamination or by erroneous repli-
cation over methylcytosine (8, 22) (Fig. 4, A and B, and fig. S8A). 

Process 11 is represented by CpG transversions (Fig. 4C). It is 
likely a footprint of enzymatic demethylation, which proceeds 
through hydroxymethylated cytosines and abasic sites as inter-
mediates (23). Unfinished repair of abasic sites results in CpG 
transversions (24). Process 11 negatively correlates with cytosine 
methylation (25) only in demethylated CpG islands and positively 

correlates with hydroxymethylation (26) (Fig. 4, D to G, and fig. 
S8). Process 11 has an increased activity in early mosaic mutations 
(Figs. 1F and 4H), likely driven by the demethylation wave in early 
zygote (26). 

The remaining unexplained processes 12 and 13/14 (figs. S9 
and S10) are responsible for a small fraction of mutations (Fig. 
1E). 

Subsampling suggests no statistical signs of saturation for the 
number of detectable processes with respect to sample size (figs. 
S1, I and J, and S4D). Due to limited power, the contributions of 
known mechanisms such as recombination are not observed in 
our analyses. 
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Fig. 1. Inference of spatially-varying mutational processes in germ line. (A) Mutational data are modeled as the sum of 
processes defined by spectra and positional intensities. Two hypothetical processes (left) produce rates of the two mutation 
types (middle) that together generate the data (right). (B) Inference steps for volume-regularized NMF (vrnmf): rates of 
mutation types in each locus (left) are represented in the low-dimensional space (PCs, middle). In that space, vrnmf searches 
for the cone of minimum volume containing all the data; standard NMF identifies any cone containing the data (right). (С) A 
strand-independent process (left) has equal rates of mutations on reference strand and complementary mutations on non-
reference strand at each locus. A strand-dependent mutational process (right) has unequal complementary mutation rates. 
(D) Reflection matrix reveals strand-dependency of processes. Correlation of spectrum of one mutational component with 
reverse complementary spectrum of another component separates the components into self-correlated and mutually 
correlated pairs. (E) Left: correlations of process intensities with genomic features. For strand-dependent processes, intensity 
is the sum of the two components, and asymmetry is the difference. Shaded correlations have Bonferroni-corrected p-value 
> 0.001. High values of the replication timing track correspond to early replicating regions. Middle: fraction of mutations 
contributed by the process. Right: spatial scale of intensities. (F) Ratios between contributions of the processes to de novo vs 
early zygotic mutations. 
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Fig. 2. Mutational processes are associated with distinct genomic features. (A) Top: The 
spectrum of component 1 (the reference strand is bright, and the non-reference strand is 
translucent). Mutation types are normalized to standard deviations; Middle: Example of 
Intensities of components 1 and 2. The bars depict gene bodies colored by direction of 
transcription. Bottom: Transcriptional asymmetry of de novo and mosaic mutations. (B) Top: 
The spectrum of component 3. Bottom: The association between asymmetry of process 3/4 
and direction of replication. (C) Top: The spectrum of component 5. Bottom: intensities of 
component 5 and component 6 near LINEs (template strand). (D) The spectrum of component 
7 (top), and its association with replication timing (middle). (bottom) Fractions of de novo and 
mosaic non-CpG mutations as function of activity of process 7 
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Fig. 3. Oocyte-specific mutational process. (A) The spectrum of component 8. (B and C) Examples of spikes of process 8/9 
(black dots) alongside de novo maternal clustered mutations (11) (red dots). (D) Enrichment of maternal clustered de novo 
mutations (11) in spikes of process 8/9. (E and F) Spikes of process 8/9 around FHIT and CSMD1 on non-transcribed strands. 
The bars depict gene bodies colored by direction of transcription. (G) C>G mutation rate on transcribed or non-transcribed 
strands compared to 100 kb flanks. (H) Ratio of parent-specific de novo mutation rates between the first and the last parental 
age quartiles. (I) Fold change in maternal de novo mutation rate in 100kb windows around complex crossovers. 
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Fig. 4. Cytosine deamination and cytosine demethylation. (A and C) Spectra of components 10 and 11. (B, D) The intensity 
or processes 10 (C) and 11 (D) as function of methylation and hydroxymethylation. (E) Process 10 increases and process 11 
decreases in CpG islands (CGI). (F) Dependency of CpG mutations on methylation within and outside CGI. (G) Mechanisms 
suggested for processes 10 and 11. Oxidation of methylcytosine (5-mC) leads to hydroxymethylcytosine (5-hmC), which is 
removed by glycosylase, leaving an abasic site (AP). If not repaired prior to replication, AP sites are causing CpG>GpG or 
CpG>ApG mutations (H) Fraction of CpG transversions among mosaic mutations, de novo mutations and rare 
polymorphisms. 
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