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Mitochondrial DNA (mtDNA) mutations occur more frequently than nuclear
mutations and are associated with various diseases. While single-cell sequen-
cing enables mtDNA variant heteroplasmy analysis, a holistic view of mtDNA
mutational landscapes in individual cells has remained limited. Here, we
leverage mitochondrial single-cell ATAC-seq and mtDNA-hypermutated
POLG”* knock-in HEK293 cell lines to introduce two metrics—single-cell
mtDNA mutations per million base pairs (scmtMPM) and heteroplasmy-
weighted mitochondrial local constraint scores (scwMSS)—to capture cellular
mutational loads and somatic mosaicism. We demonstrate that individual
POLG"* cells exhibit complex mutational landscapes, with pathogenic
mutations and truncating variants only present at subthreshold levels, indi-
cative of their negative selection. In human healthy donors and mitochon-
driopathy patients, we identify constrained mutations in complex I,
highlighting previously unrecognized mtDNA mutational landscape hetero-
geneity present on the single-cell level. Overall, scmtMPM and scwMSS pro-
vide a framework to investigate fundamental properties of mitochondrial
genetics, disease, and somatic mosaicism.

Mitochondria are essential for cellular metabolism and contain amulti-  of the respiratory chain, alongside its own translational machinery,
copy genome with hundreds to thousands of copies per cell'>. In  comprising two ribosomal RNAs (rRNAs) and 22 transfer RNAs (tRNAs).
humans, the 16.6 kb circular double-stranded mitochondrial DNA  Notably, somatic mtDNA mutations occur more frequently than in
(mtDNA) encodes 13 protein subunits, contributing to four complexes  their nuclear counterpart, with an up to >200x fold elevated rate in
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human blood®. Bulk-sequencing has demonstrated an age-related
increase in somatic mtDNA variants*, established multiple associa-
tions with cancers®®, and other human phenotypes'. However, estab-
lishing genotype-phenotype relationships at the cellular level remains
challenging due to heteroplasmy (the presence of wild-type and
mutant mtDNA) with variable variant allele frequencies (VAFs), and
cell-type- and state-dependent mtDNA copy number. Additionally,
relaxed replication, vegetative segregation, and natural turnover of
mitochondria collectively make cellular mtDNA VAFs more dynamic
than for nuclear DNA variants’.

The pathogenicity of mtDNA variants is best established in the
context of maternally inherited mitochondriopathies’. While typically
multi-systemic, cell-type-specific effects may extend to red blood cell
production, and selection against pathogenic mtDNA has been
described in T cells'®", Defects in the murine mtDNA polymerase lead
to a ‘mutator’ phenotype with increased levels of mtDNA variants that
result in the premature onset of aging-related features'. However,
fundamental challenges remain in our understanding of the functional
impact of mtDNA variants. While individual pathogenic single-
nucleotide variants (SNVs) or large-scale deletions are readily defin-
able, the additivity of constantly arising somatic variants is harder to
account for. Depending on the specific gene affected and its VAFs,
these variants may exert variable cell-type-specific effects. Tradition-
ally, cells are thought to tolerate 60-80% of mutated mtDNA before
reaching the biochemical threshold at which metabolic defects man-
ifest themselves'®; however, recent genetic evidence suggests that
phenotypes may already manifest at lower VAFs™".

Recent advancements in single-cell sequencing have enabled
massively parallel whole mitochondrial genome sequencing'®, and
have demonstrated an unprecedented level of variation in mtDNA
variants” and copy number®° across thousands of cells. For example,
mitochondrial single-cell ATAC-seq (mtscATAC-seq) enables the con-
comitant sequencing of mitochondrial genomes and chromatin
accessibility®*. Moreover, a recently introduced mitochondrial gen-
ome constraint model provides a means of interpreting genetic var-
iation underlying human phenotypes® across genomic databases such
as the Genome Aggregation Database (gnomAD). Here, we leverage
these advances to characterize cell lines with proofreading-deficient
mtDNA polymerases and to benchmark the sensitivity of these
approaches for detecting and quantifying mitochondrial genetic var-
iation. We demonstrate an even more substantial increase in muta-
tional load than previously appreciated via bulk-sequencing and
introduce a computational framework to quantify and interpret the
genome-wide mtDNA mutational burden. We apply this framework to
peripheral blood mononuclear cells (PBMCs) from human donors and
mitochondriopathy patients to aid the identification of pathogenic
mtDNA variants. Our widely applicable framework opens avenues for
single-cell-resolved study of mitochondrial genetics and somatic
mosaicism in primary human cells and tissues.

Results

Elevated single-cell mtDNA burden in POLG"?* cells

To assess the sensitivity of mtscATAC-seq to quantify increases in
relative mitochondrial genome-wide mutational burden at the single-
cell level, we harnessed exonuclease-deficient DNA polymerase y
(POLG"”**) knock-in HEK293 cell lines with an elevated mutational rate
and hypermutated mitochondrial genomes® . Both KI36 and KIA2
lines showed metabolic impairment compared to CTRL (Supplemen-
tary Fig. 1a). The control and POLG"?* cell lines were jointly profiled
using mtscATAC-seq with cell hashing to distinguish individual lines
and detect mtDNA variants alongside accessible chromatin profiles
(Fig. la; Supplementary Fig. 1b, c¢; “Methods”). Following deep
sequencing, quality control metrics were comparable among all three
cell lines, which clustered distinctly, indicative of heterogeneous
chromatin accessibility (Fig. 1b; Supplementary Fig. 1d). Of note,

single-cell mtDNA depth was 3-4-fold higher in both POLG*** knock-
in lines (Fig. 1c; Supplementary Fig. 1d; median raw mtDNA depth
CTRL: 45, KI36: 130, and KIA2: 214). Given that KIA2 cells also exhibited
higher nuclear read counts (median single-cell ATAC-seq read counts
CTRL: 18,398, KI36: 17,113, and KIA2: 41,700) that generally correlated
with mtDNA depth across all three lines (Spearman correlation > 0.5),
the mtDNA depth of individual cells was normalized to their respective
nuclear ATAC read count (Fig. 1d; Supplementary Fig. 1d, e). However,
the normalized single-cell mtDNA depth in both POLG"?* knock-in
lines remained significantly higher than in CTRL (Fig. 1e, f), suggesting
higher absolute mtDNA content, likely reflecting a compensatory
response in copy number to an elevated mutational load**. Notably,
in POLGP7* cells, the pseudobulk rolling-mean mtDNA coverage
appeared lower in the minor arc, the smaller segment of the genome
between the replication origins of the heavy strand (oriH) and the light
strand (oriL). This uneven distribution is consistent with the findings
that POLG 3’-5’ exonuclease deficiency leads to the accumulation of
linear mtDNA fragments in the major arc (Fig. 1g)>**.

Using the mgatk® pipeline, 620 mtDNA variants were identified
across CTRL cells. In the KI36 and KIA2 cells, a~15-fold increase in
mtDNA variants were identified, 9656 and 11407, respectively (Fig. 1h;
Supplementary Data 1). While this higher number of mtDNA variants
following disruption of POLG proofreading deficiency is expected,
the overall magnitude is more pronounced than previously descri-
bed, where only hundreds of somatic variants were identified by
bulk-sequencing'***5, Both control and POLG?* cells displayed a
C>T transition-dominated mutational signature, indicating replica-
tion error as the primary driver (Fig. 1i)>**. Notably, relaxing the
default thresholds in the mgatk variant calling resulted in a sub-
stantial increase in detected variants (Fig. 1h, blue dotted box;
“Methods”), which down to a particular strand concordance still
showed the expected mutational signature (Supplementary Fig. 1f).
Presuming similar background levels compared to control, these
findings suggest an even higher number of bona fide somatic mtDNA
variants in POLG"”* cells. Together, these observations demonstrate
that mtscATAC-seq is a sensitive tool for detecting elevations in
mtDNA mutational rates and the resulting increase in mtDNA
variants.

Adaptive gene regulatory responses in POLG"7* cells

To dissect nuclear-mitochondrial interactions in response to elevated
mtDNA mutational burden, we performed differentially accessible
gene (DAG) analysis of POLG?* vs. CTRL cells. For each POLG"?* line,
we identified 827 and 2319 upregulated DAGs, and 1198 and 3113
downregulated DAGs for KI36 and KIA2, respectively (Supplementary
Fig. 2a; Supplementary Data 2, 3). Among these, 243 upregulated and
277 downregulated DAGs were shared between the KI36 and KIA2
lines. Upregulated genes included ones in extracellular matrix remo-
deling and mechanotransduction®® (e.g., CYR61, TGFBI, ADAMTSI),
protocadherins (PCDH gene family), and multiple zinc-finger (ZNF)
transcription factors®, indicating altered cell-matrix interactions and
epigenetic rewiring in POLGP”* cells. Interestingly, mitochondrial
genome maintenance exonuclease 1 (MGMEI), a mitochondrial exo-
nuclease essential for mtDNA maintenance and transcription asso-
ciated with mitochondrial disease®’, was among the downregulated
genes in POLGP7* cells (Supplementary Fig. 2b). MGMEI deficiency®**
has been shown to lead to accumulating linear mtDNA molecules, and
Mgmel-knockout in mice elicited a strong inflammatory response via
the cGAS-STING pathway**. Additionally, several genes involved in
cellular metabolism (e.g., SLC25A31, SLC25A53, OTC) and respiratory
chain components/assembly® (e.g., COX8A, TIMMDCI, SAMMS0) were
downregulated in POLG"”* lines, suggesting a global attenuation of
mitochondrial biogenesis and OXPHOS function. Together, these
findings demonstrate that mtscATAC-seq captures nuclear-
mitochondrial interactions linked to mitochondrial dysfunction.
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Fig. 1| mtscATAC-seq-based profiling of single-cell mitochondrial DNA geno-
types in POLG”** HEK293 cell lines. a Outline of the experimental design. CTRL
and POLG"”* HEK293 cell lines were characterized by mtscATAC-seq with cell
hashing to jointly profile chromatin accessibility and mtDNA variants. b UMAP
projection of hashtag-demultiplexed HEK293 cell lines. n = cell numbers. ¢ UMAP
projection of color-scaled raw mtDNA depth. d UMAP projection color-scaled by
the number of unique ATAC read counts per cell. e UMAP projection of color-scaled
ATAC-read-counts normalized by single-cell mtDNA depth. f Violin plot of the
normalized single-cell mtDNA depth for cells passing QC (n =1224,1069, and 1039
for CTRL, KI36, and KIA2, respectively). Holm-Bonferroni adjusted p-values from
the two-sided Wilcoxon test are shown, with significance at a type I error rate of
0.05. Boxes indicate the median (middle line), 25th to 75th percentiles (box), and

Nucleotide changes

5th and 95th percentiles (whiskers). g Visualization of the mitochondrial genome
position-wise pseudobulk coverage of the indicated cell lines, shown as a rolling-
mean coverage at five-nucleotide resolution. h High-confidence mtDNA variants
were identified by filtering variants with a high variance-mean ratio (VMR) and high
strand concordance in paired-end sequencing data. High confidence heteroplasmic
mtDNA variants for further analysis are colored red. The blue dotted box highlights
the group of variants included when relaxing the default VMR threshold (CTRL:
1349, K136: 11744, and KIA2: 11181). i Mutational signature of strand-specific sub-
stitutions (observed over expected) on a 96-trinucleotide context for de novo
mtDNA variants identified by mgatk. Cosine similarity (cos(6)) between mutant
lines and the control line indicates the mitochondrial genome mutational signature
to be non-distinctive from the control signature.

VAF-dependent mtDNA variants dynamics in POLG"”* cells

Given the multi-copy nature of the mitochondrial genome, mtDNA
variants may be present only in a fraction of the copies within a cell or
population, a state known as heteroplasmy. As mtscATAC-seq yields a
high mtDNA depth per cell (up to 400x and 800x in control and
POLG””* knock-in cells, respectively), we determined the number of
variants with a VAF exceeding a specified threshold. First, we detected
a median of 35 high-confident mtDNA variants per CTRL cell and 904
and 1487 in the two POLG"?* cell lines regardless of their VAFs
(Fig. 2a). The total number of mtDNA variants per cell primarily cor-
related with mtDNA sequencing depth, particularly at lower VAF levels
(Supplementary Fig. 3). However, the mtDNA-depth-dependent
increase in mtDNA variants detected per cell begun to plateau for
variants >3% VAF and higher and became mostly independent of depth
>10% VAF (Supplementary Fig. 3). This aligns with the expectation that

the total detected number of low VAF variants will be a function of
recovered mtDNA reads. In contrast, for higher VAF variants, their
confident detection does not further benefit from deeper coverage.
For further analysis, we opted to normalize the total number of mtDNA
variants per cell by cellular mtDNA sequencing depth (Fig. 2b; “Meth-
ods”), after which the two POLG"?* lines still showed an increase in the
depth-normalized number of mtDNA variants per cell (median: CTRL:
0.769, KI36: 7.01, and KIA2: 6.97).

To refine the mutational analysis, we only considered ‘shared
variants’ between the control and POLG"?* lines, revealing 593 mtDNA
parental variants. Notably, KIA2 showed a higher number of shared
variants with the parental CTRL line (n=586), compared to KI36
(n=407), likely indicative of their more direct clonal relationship
(Fig. 2c). In contrast, variants unique to KIA2 and KI36 cells were
classified as “POLG™*-line specific” variants, which likely arose
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Fig. 2 | Heteroplasmy distribution and heterogeneity in POLG"** cell lines.

a Violin plots of single cell raw mtDNA variant counts (n =1224, 1069, and 1039 for
CTRL, KI36, and KIA2, respectively), with the fold-changes of the median relative to
the control cell line being indicated. b Violin plots of single-cell mtDNA-depth-
normalized mtDNA variant counts. Cell numbers were the same as described in
panel (a). For panels (a, b), boxes show the median (center line) and the inter-
quartile range (25th-75th percentiles; box). The fold-changes of the median relative
to the control cell line were indicated. ¢ Venn diagrams depicting shared and
unique somatic mutations called by the mgatk pipeline. Parental variants, high-
lighted within the yellow circle, were defined as variants present in both POLG"?*
and control cell lines. d Line graph showing the mean count of non-parental
somatic mtDNA variants (y-axis) at 5% incremental heteroplasmy thresholds.

e UMAP projection of the color-scaled distribution of the number of non-parental
somatic mtDNA variants above indicated variant allele frequency thresholds. UMAP

as in Fig. 1b. f Comparison of mean pseudobulk heteroplasmy between parental
(n=593, 407, and 586 for CTRL, KI36, and KIA2, respectively) and line-specific
(n=27, 9248, and 110821 for CTRL, KI36, and KIA2, respectively) mtDNA variants
stratified by cell lines. g Comparison of mean heteroplasmy across cell lines stra-
tified by shared and line-specific (unique or shared between two POLG?** cell
lines) mtDNA variants. The number of variants is as follows: parental, n =593, 407
and 586 for CTRL, KI36 and KIA2, respectively; CTRL-line-specific, n = 27; POLGP?*A-
line-specific shared, n = 5123; POLG¥**-line-specific unique, n = 4125, 5698 for K136
and KIA2, respectively. Whiskers extend to the 5th and 95th percentiles. For panels
(f, ), Holm-Bonferroni adjusted p-values from the two-sided Wilcoxon test are
shown, with significance at a type I error rate of 0.05. Boxes show the median
(center line) and the interquartile range (25th-75th percentiles; box). Whiskers
extend to the 5th and 95th percentiles. Outliers are displayed as single points.

‘de novo’, though it is possible that these were already present at very
low frequency in the parental line. Filtering cell line-specific variants by
their VAFs notably showed a distinct distribution, with the number of
low-frequency mtDNA variants, in particular, showing a 50- to 100-fold
increase in POLGP”* compared to control cells (Fig. 2d, e). This is
consistent with constantly newly arising variants initially only being
present in a single mtDNA copy, thus at low VAFs. Over time, relaxed
replication and genetic drift can increase their prevalence across
additional mtDNA copies. As such, the total number of detected
mtDNA variants per cell progressively decreases when higher VAF
thresholds are applied (Fig. 2d, e). Along these lines, parental variants
displayed higher pseudobulk VAF levels than “line-specific” variants
(Fig. 2f, g). These observations align with anticipated heteroplasmy
dynamics of somatic events, with higher VAF levels requiring further
genetic drift and vegetative segregation®. Together, these analyses
demonstrate that mtscATAC-seq sensitively detects de novo somatic
mtDNA variants in single cells, even at low allelic frequencies.

To further examine the VAF distribution of the most variable
variants, we categorized them into synonymous, missense, truncating,
and pathogenic mtDNA variants previously reported in MITOMAP*

(Fig. 3a-d; “Methods”). Synonymous and missense mtDNA variants
showed broad VAF distributions, with a substantial fraction of variants
reaching higher VAF (25-50%) in single cells. Collectively, these var-
iants exhibited a wide range of Shannon entropy values, reflecting
diverse heteroplasmy VAF patterns (Fig. 3b, c¢). In contrast, both
pathogenic and truncating mtDNA variants exhibited highly skewed
VAF distributions, with nearly all remaining at zero or low allelic fre-
quencies and well below thresholds typically associated with mito-
chondrial dysfunction of pathogenic variants (e.g., 60-80%)" (Fig. 3b,
¢). Moreover, out of the 130 reported pathogenic variants in MITOMAP
(Supplementary Data 4), 43 and 41 variants were detected in KI36 and
KIA2, respectively. These deleterious variants also exhibited con-
sistently lower entropy values, suggesting restricted heteroplasmy
dynamics at sub-threshold levels, indicative of their negative selection
during continuous culture. Pairwise assessments of VAF distributions
of truncating and pathogenic variants further revealed that many
pathogenic variant pairs showed a dense cluster of cells with zero VAFs
for both variants and appear only infrequently concomitantly detected
in the same cells (Supplementary Fig. 4a). In contrast, truncating var-
iants were more frequently observed together in individual cells,
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pathogenic). b Cumulative distribution plots of variant allele frequencies (VAFs)
across single cells in the KI36 and KIA2 line, stratified by the indicated mutation
type. Each curve represents a single variant, with select variants being highlighted.
¢ Boxplots showing the distribution of Shannon entropy values for individual

variants, stratified by the indicated mutation type. Boxes show the median (center
line) and the interquartile range (25th-75th percentiles; box). Whiskers extend to
the 5th and 95th percentiles. Outliers are displayed as single points. Variant counts
(synonymous, missense, truncating, pathogenic): KI36, 2236, 4684, 339, and 43;
KIA2, 2634, 5073, 463, and 41. d UMAPs and histograms showing the VAF dis-
tribution of mtDNA variants highlighted in (b).
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including at higher but mostly <60% VAF, resulting in a greater number
of double-positive cells (Supplementary Fig. 4b). In summary,
POLG””* cells show complex mtDNA variant patterns, with truncating
and pathogenic mtDNA variants being relatively depleted at higher
VAF levels. These variants remain below classical biochemical thresh-
olds in individual cells, suggesting that a complex and widespread
mutational burden, as opposed to a single or few deleterious variants,
may underlie POLG-mutation associated mitochondrial defects (Sup-
plementary Fig. 1a). While mtscATAC-seq does not directly establish
genotype-phenotype associations at the metabolic level, these findings
provide important insights into POLG mutator genetics and motivate
the systematic investigation of how a cumulative mutational burden,
rather than single variants, impact mitochondrial, metabolic, and cel-
lular function.

Single-cell mtDNA mutational burden in POLGP?* cells

To date, most single-cell resolved mtDNA genotyping approaches have
primarily focused on individual mtDNA variants rather than con-
sidering the complete variant call set per cell, which may further be
highly variable across a population of cells™". Specifically, individual
POLGP?* cells may carry hundreds of mtDNA variants at variable VAFs,
and variable pathogenicity distributed throughout the mitochondrial
genome, affecting different genes and respiratory complexes (Figs. 3,
4a). Motivated by the heterogeneous VAF distributions of mtDNA
variants, we aimed to establish a framework to quantify and infer the
functional consequences of the elevated total mtDNA mutational
burden of individual POLG?* cells. Specifically, we introduced two
metrics for evaluating the overall single-cell mtDNA mutational burden
(scMMB). First, the number of mutations per million base pairs (MPM)
is widely recognized for quantifying the mutational burden in the
nuclear genomes of cancers®*°, This metric has been adapted for
assessing the mitochondrial genome mutational burden in bulk exome
sequencing datasets®. By normalizing the number of mutations to
sequencing depth, MPM further provides a standardized measure that
facilitates comparisons across samples and conditions. Here, we adapt
the principle of MPM quantification to single-cell mitochondrial gen-
ome sequencing data, which we termed single-cell mtDNA mutations
per million base pairs (Fig. 4b, scmtMPM). Because mtDNA depth may
vary from cell to cell, scmtMPM provides a normalized assessment of
the overall mutational frequency of the mitochondrial genome and its
heterogeneity in single cells.

In addition to scmtMPM, a recently introduced constraint model
built on large-scale genomic data from gnomAD** compares the
observed genetic variations with those expected under neutral evo-
lution to assess the local constraints of the mitochondrial genome.
Specifically, a mtDNA local constraint (MLC) score enables the quan-
tification of the local tolerance to base substitutions. The MLC score
ranges from O to 1, with 1 indicating the most constrained positions
and, consequently, the most likely to have a deleterious impact when
mutated. Furthermore, the sum of MLC scores (MSS) across a
sequenced whole genome enables the inference of the overall impli-
cations of mtDNA genome-wide variation, which has further been
shown to be significantly associated with human phenotypes and the
risk of disease progression*>***?, Because individual cells may exhibit
unique VAF distributions of mtDNA variants® (Fig. 4a), we further
account for their VAFs rather than only considering the presence or
absence of a variant. For example, a heteroplasmic variant present at
80% VAF is expected to exert a more substantial phenotypic effect
compared to when present at 5% VAF. As such, we propose a single-cell
Heteroplasmy-Weighted MSS (scwMSS) metric, which weights the
contributions of each variant MLC by its VAF to allow for a refined
evaluation of the potential functional impact (Fig. 4b).

For simplicity, we first evaluated scmtMPM and scwMSS scores by
functional groups of genes, i.e., encoding for complex I, III, IV, and V,
rRNAs, and tRNAs, analogous to prior bulk-sequencing based studies,

for example, having described distinct mutational burden across
complexes during tumor evolution®. As expected, POLG"?* cells
showed substantially elevated scmtMPM and scwMSS scores, which
were independent of mtDNA sequencing depth (Fig. 4c, d; Supple-
mentary Fig. 5a-d; median total scmtMPM, CTRL: 0, KI36: 2084, and
KIA2: 1796; median total scwMSS, CTRL: 0, KI36: 16.8, and KIA2: 14.7).
The presence of cluster-specific mtDNA variants thereby suggests
independent subclonal trajectories underlying the acquisition of
somatic mitochondrial genetic mosaicism (Fig. 4e).

Generally, the control cells exhibited an overall low mtDNA
mutational burden across functional groups, with a few control cells
showing elevated scores for complex I and IV (Supplementary
Fig. 5b, ¢). In contrast, POLG?* cells showed a narrower distribution
of scmtMPM and scwMSS scores, which were generally higher in the
KIA2 derivative (Fig. 4c, d; Supplementary Fig. 5a-c). Overall,
scmtMPM and scwMSS scores were well correlated, though this cor-
relation was more apparent in POLG"?* cells (Supplementary Fig. Se),
suggesting that both measures provide a means of quantifying the
cellular genome-wide mtDNA mutational burden.

Further, we assessed correlations in the scmtMPM scores across
functional groups and genes across all individual cells (Supplementary
Fig. 6a, b). In the control line, correlations were overall weak (r<0.1),
and only a few cells displayed a high burden in more than one
respiratory chain complex, suggesting the sporadic independent
acquisition of mutations across functional groups and genes. However,
in the hypermutated cells, the scmtMPM scores exhibited an elevated
scmtMPM score and increased positive correlation (median r=0.33,
interquartile range 0.25-0.55) across functional groups and genes,
consistent with a continuous and genome-wide somatic mutational
process uniformly affecting the entire mitochondrial genome (Sup-
plementary Fig. 6a, b). Collectively, these data highlight the utility of
scmtMPM and scwMSS scores to quantify the genome-wide mtDNA
mutational burden at the level of individual cells, complexes, and their
interrelationships.

Depth-dependent mtDNA variant discovery and saturation

To evaluate how mtDNA sequencing depth impacts variant detection,
we downsampled mtDNA reads to defined depths and quantified the
number of detected variants in pseudobulk and in single cells. As
expected, the number of total detected variants increased with depth.
At shallow depths (<40 M reads; Supplementary Fig. 7a), the relation-
ship was approximately linear, with a linear regression model yielding
slopes 0f 17.9, 134.9, and 141 variants per million reads for CTRL, KI36,
and KIA2, respectively. This suggests an 8-fold higher discovery rate in
KI36 and KIA2 relative to CTRL. At higher sequencing depths (>50 M
reads, Supplementary Fig. 7b), the rate of discovery plateaued in
POLGP7* lines. Next, we evaluated the impact of sequencing depth on
mtDNA variant detection at the level of single-cells and observed a
similar depth-dependent trend as in pseudobulk (Supplementary
Fig. 7a, c, d). Linear regression models on the median number of single-
cell mtDNA variants yielded slopes of 1.25,12.27, and 16.77 variants per
million reads for CTRL, KI36, and KIA2, respectively, indicating >10-
fold higher discovery rates in KI36 and KIA2 relative to CTRL, con-
sistent with the pseudobulk analysis.

Despite the expected depth-dependent effects on variant num-
ber, their heteroplasmy estimates were remarkably stable. Pseudobulk
VAFs and variant composition remained concordant across depths
(Supplementary Fig. 7e, f). Single-cell mtDNA heteroplasmy quantifi-
cations were highly consistent between 50M (corresponding to
~25,000 mtDNA reads per cell) and 200 M (~100,000 mtDNA reads
per cell) total mitochondrial reads, with most per-variant changes in
VAF (AVAF) values within +5% and a global AVAF distribution tightly
centered at zero (Supplementary Fig. 7g). Likewise, the scmtMPM and
scwMSS metrics remained relatively stable across a broad depth range
and showed minimal bias even at 20 M total mtDNA reads (10,000
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burden quantitative metrics: Mutations per million bases (scmtMPM) and

reads per cell; Supplementary Fig. 7h), in contrast to the strongly Galactose amplifies mtDNA copy number without clonal
depth-dependent raw mutation counts. Together, these analyses selection

indicate that while sequencing depth is an important technical factor ~We next examined how POLG*** cells respond to metabolic stress
impacting variant discovery, mtDNA heteroplasmy and mutational imposed by galactose* . Specifically, galactose is selectively lethal to
burden remain stable once moderate coverage is achieved, and depth  cells carrying pathogenic mtDNA variants*® and selects against cells
is appropriately accounted for. with higher large-fragment mtDNA deletion heteroplasmy*’. Notably,
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CTRL cells showed a transient delay in cell growth but proliferated
normally by day 3. In contrast, POLG??* cells showed substantial cell
death, with KIA2 cells not tolerating galactose treatment and only a
fraction of KI36 cells surviving, indicating a pronounced selective
pressure (Supplementary Fig. 8a).

To test whether the selection dynamics occurred at the level of
individual variants or the overall mtDNA mutational burden, we per-
formed mtscATAC-seq of CTRL and KI36 cells cultured in 10 mM glu-
cose or galactose for 1 and 3 days, yielding a total of 6165 and 7664
high-quality CTRL and KI36 cells, respectively (Fig. 5a; Supplementary
Fig. 9b-d). In line with our baseline characterization of the POLG*
lines (Fig. 1b), CTRL and KI36 clustered separately (Fig. 5a; Supple-
mentary Fig. 9a, b). Notably, galactose-treated KI36 cells clustered
more distinctly in response to galactose, likely reflecting a compen-
satory response (Fig. 5b). At the level of mtDNA variants, we did not
detect notable shifts in pseudo-bulk heteroplasmy levels in either
CTRL or KI36, nor did we observe alterations in the overall distribution
of single-cell VAFs under galactose compared to glucose conditions
(Fig. 5d, e; Supplementary Fig. 9d-f). Moreover, the mutational burden
remained comparable between glucose and galactose treatment
(Supplementary Fig. 9f). However, there was a significant increase in
mtDNA copy number in both CTRL and KI36, with KI36 showing a more
pronounced increase (Fig. 5¢; Supplementary Fig. 9¢; fold change of
normalized median mtDNA depth for Gal Day 3 vs. Glu Day 3: 1.3x in
CTRL and 2.3x in KI36), indicating that mtDNA amplification repre-
sents the primary mode of compensation in this setting*’~*°.

To investigate correlating changes in chromatin accessibility, we
focused on two large subclones marked by specific somatic mtDNA
variants and compared their epigenetic state in glucose vs. galactose
treatment (Fig. 5f). Differentially accessible gene (DAG) analysis
revealed 112 and 63 DAGs in C1 and C3, respectively (Supplementary
Data 5, 6). Among these, 10 DAGs were upregulated in galactose
treated cells in both C1and C3 and involved genes in mitochondrial/ER
stress and inflammatory signaling pathways (e.g., CCL20, TRIB3, INHBE,
ARHGEF2)**%, and four non-coding RNAs (i.e., DLGAPI-AS2, MIR6738,
MIR6864, and MIR6865), likely reflective of metabolic rewiring and
adaptation to OXPHOS-enforcing conditions in galactose (Fig. 5g).
Interestingly, GDFI5, a well-known biomarker of mitochondrial
diseases™, was also identified as DAG in Cl1, showing a gradual
increase in chromatin accessibility under continuous galactose treat-
ment (Fig. 5h). As strongly pathogenic mtDNA variants were largely
absent in this context, galactose appeared to have a predominantly
uniform effect across the population rather than selecting for a
favorable mtDNA variant profile, with elevation in mtDNA copy num-
ber being the primary mode of adaptation.

Heterogeneous mtDNA somatic mosaicism in human blood cells
Maternally inherited mtSNVs and mtDNA somatic variants acquired
during aging shape the mutational landscape and have been impli-
cated in human phenotypes, including aging, metabolic disease, neu-
romuscular disease, cancers, and congenital mitochondrial
diseases*”?*°, Moreover, the co-occurrence and mutual exclusivity of
mtSNVs suggest complex interactions among mtDNA variants'**®,
However, the dynamics of mtSNVs and the impact of pathogenic
mtDNA variants on the mtDNA mutational landscape remain largely
unexplored. To address these questions, we first evaluated the
applicability of scMMB scores to primary human cells. We analyzed
PBMCs from two healthy individuals (5- and 47-year-old) and four
patients (29-, 35-, 60-, and 80-year-old) with mitochondrial encepha-
lomyopathy with lactic acidosis and stroke-like episodes (MELAS)
syndrome (Fig. 6a). Across all individuals, scmtMPM and scwMSS
scores were well correlated and independent of mtDNA depth (Sup-
plementary Fig. 10). Additionally, an age-related increase in the num-
ber of detected mtDNA variants was observed across healthy donors
and patients (Supplementary Fig. 11a, b), consistent with prior

observations®. However, a more heterogeneous distribution of
scmtMPM and scwMSS scores in primary cells, compared with cell
lines, was observed in a cell-type- and donor-specific manner (Fig. 6b,
¢; Supplementary Fig. 5).

Specifically, in the pediatric donor, groups of cells with a relatively
higher mutational burden were observed across different immune cell
types (Fig. 6¢; top left, arrows), suggesting the non-uniform acquisition
and distribution of somatic variants across cell types. As expected, the
immune cells of patients with pathogenic mtDNA variants showed
higher scmtMPM and scwMSS scores and a more substantial bimodal
distribution (Fig. 6b; red violin plots). As the pathogenic mt.3243A > G
mutation undergoes purifying selection in specific T cell subsets and
the hematopoietic system throughout the lifespan of patients (Sup-
plementary Fig. 11¢c)'*"*", we also reevaluated scMMB metrics after
excluding the pathogenic variant. Notably, the removal of the
mt.3243A>G mutation abolished the bimodal distribution in the
younger patients (29- and 35-year-old). However, this reduction was
not observed in the older patients (60- and 80-year-old), suggesting
that while the mt.3243A >G mutation may be gradually lost, new
mutations emerge with age contributing to elevated scmtMPM and
scwMSS scores (Fig. 6b). Additionally, a significant fraction of cells with
no detectable mt.3243A > G heteroplasmy, showed relatively higher
scmtMPM scores (Fig. 6d, e; arrows) compared to cells even with low
mt.3243A > G VAFs, suggesting the presence of a highly pathogenic
congenital mtDNA variant to potentially exert selective pressures to
accumulate additional somatic mtDNA variants. Notably, reevaluation
after ‘removing’ mt.3243A>G showed that the scmtMPM metric
remains low in cells with detectable levels of the variant, regardless of
mt.3243A > G VAFs, mtDNA depth, and cell type (Fig. 6e, f; Supple-
mentary Fig. 11d). Together, scmtMPM and scwMSS scores enable the
single-cell resolved evaluation of patterns of pathogenic mtDNA var-
iants and demonstrate their impact on somatic mosaicism in primary
human cells.

Increased complex-specific mtDNA mutational burden across
lineages
To further investigate the nature of elevated scMMB scores, we eval-
uated whether they are attributable to a single highly constrained
variant or to the cumulative effect of multiple mtDNA mutations. For
example, a single highly constrained variant would over proportionally
contribute to elevated scMMB scores. To assess this, we deliberately
removed the variant with the highest VAF heteroplasmy, after which
scMMB scores decreased significantly, suggesting that a single somatic
variant profoundly affected scMMB scores (Fig. 7a; yellow violin plots).
Next, we stratified scores based on gene and functional groups to
further resolve the underlying heterogeneity of scmtMPM and scwMSS
in cells with pathogenic mtDNA (Fig. 7b). As expected, MELAS patient
cells showed higher scores for tRNA genes, and cell-type-specific
analysis further revealed tRNA scores and pathogenic mt.3243A>G
variant heteroplasmy to be highly correlated (Supplementary
Fig. 11e, f). Interestingly, distinct distributions of respective scores
were observed among all functional groups. While scmtMPM for
complex I, complex IV, and mt-rRNA genes were generally elevated, a
more bimodal distribution was observed for complex Ill and V genes
(Fig. 7b). Moreover, the contribution to scwMSS scores for complex IlI
and V variants was generally lower (Fig. 7b; lower panel), likely due to
the smaller number and shorter length of their genes, as well as their
overall relatively lower MLC scores compared to other mtDNA gene
groups (Supplementary Fig. 11g, h)*2. These findings indicate distinct
mutation dynamics, as also previously intimated across cancers, where
complex I subunits were enriched for pathogenic mutations, whereas
complex V mutations were broadly depleted for all non-synonymous
mutations®.

Upon further evaluation of elevated scMMB scores across distinct
functional groups, we followed up on the unexpected observation of
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high scmtMPM and scwMSS scores in complex I for the pediatric donor
(HO5) and two MELAS patients (M60 and M80). Specifically, individual
gene-level analysis highlighted aberrant increases in scMMB for MT-
ND4L in HO5 and MT-ND3 in both M60 and M8O0 (Fig. 7b, ¢). To identify
the underlying mtDNA variants, we ranked all detected variants by
their pseudo-bulk heteroplasmy. Notably, in each instance, only a
single variant exceeded 1% VAF: mt.10599G > A in MT-ND4 in the HO5
(mean VAF = 8%), mt.10270T > C in MT-ND3 in M60 (mean VAF =25%),
and mt.10398A > G in MT-ND3 in M80 (mean VAF = 5.8%), respectively
(Fig. 7c, d; Supplementary Table 1). The mt.10599G > A variant in HO5

10kb

showed a broad and uniform representation among immune cells,
including T, NK cells, and monocytes, marking 22% of the entire
population of cells (Fig. 7d). Given the low likelihood of such a pro-
nounced clonal expansion at the donor’s young age, this suggests the
mt.10599G > A variant to have already been present at higher VAF in
the zygote, upon which it further distributed to multiple multipotent
hematopoietic stem cells during development as recently suggested
by the whole genome-sequencing based evaluation of cellular phylo-
genies of hematopoietic colonies*”. Moreover, we observed pro-
nounced enrichments of cells with high mt.10559G > A VAFs in both
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Fig. 5 | Galactose-induced metabolic stress leads to a global cellular response
without clonal selection in POLG"?* cells. a Schematic overview of the experi-
ment. CTRL and POLGP?* K136 cells were cultured in 10 mM glucose for 3 days or
10 mM galactose for 1 or 3 days, followed by mtscATAC-seq with cell hashing for
joint profiling. b UMAP embeddings of KI36 single cells colored by treatment
condition. Glu, Glucose; Gal, Galactose. n = cell numbers. ¢ Violin plots of single-cell
mtDNA depth normalized to the number of unique ATAC read counts per condition
in POLG?* K136 cells. Holm-Bonferroni adjusted p-values from the two-sided
Wilcoxon test are shown, with significance at a type I error rate of 0.05. Boxes show
the median (center line) and the interquartile range (25th-75th percentiles; box).
Whiskers extend to the 5th and 95th percentiles. Outliers are displayed as single
points. d Scatter plots showing per-variant pseudobulk VAFs in K136 cells treated

with galactose for 3 days (y-axis) vs. glucose for 3 days (x-axis), per indicated
(functional) category. e Cumulative distribution plots of single-cell VAFs for the
most shifted variants highlighted in (e), stratified by treatment condition. f UMAP
projections of KI36 cells colored by the VAF of subclone-specific somatic mtDNA
variants as identified in Fig. 4e. g Volcano plots of differentially accessible genes
(DAGs) in subclones C1 (left) and C3 (right) comparing galactose vs. glucose
treatment (3 days). Statistically significant upregulated (FDR < 0.05 with log,FC
>=0.6) DAGs in galactose treatment are highlighted in red, and downregulated
(FDR < 0.05 with log,FC >=0.6) DAGs are highlighted in blue. The Wilcoxon pair-
wise test method was utilized to identify statistically significant DAGs.

h Pseudobulk chromatin accessibility track plot at the GDFIS5 locus. The blue
dashed boxes highlight select differentially accessible peaks.

CD4" and CD8" memory T cells, indicating the mtDNA variant tracks
with clonal expansion and memory formation (Fig. 7e). In contrast, the
mt.10270T > C variant in M60 exhibited a narrow and exclusive dis-
tribution marking 76% of CD8" T effector memory cells (Fig. 7d). In
concordance with a very high MLC score of 0.969, SIFT and Alpha-
Missense predict mt.10270T>C to be deleterious, which likely
explains why this variant has not been reported in ClinVar due to a
strong purifying selection at the population level>. However, the
strong enrichment of the mt.10270T > C mutant allele in memory CD8"
T cells suggests substantial clonal expansion and lineage-specific tol-
erance toward a pathogenic variant (Fig. 7e). This specific population
also notably deviated from the regression line of the scmtMPM and
scwMSS (Supplementary Fig. 10b; red arrow), indicating that while
both scores are generally correlated, scwMSS integrates the patho-
genicity of variants that are not fully reflected by the overall mutational
burden alone. The mt.10398A > G variant in M80 is present in various
cell types, with 25% of CD8" naive T cells marked (Fig. 7d), again sug-
gesting the occurrence of likely clonal events associated with indivi-
dual mtDNA mutations. This variant has been reported to be
pleiotropic and associated with distinct disease phenotypes in Mito-
MAP, such as Leigh syndrome, breast cancer, metabolic syndrome, and
Parkinson’s disease’®. While this variant appeared to have medium-to-
low VAFs in most immune cell populations, we observed enrichment
for cells with high mt.10398A > G VAFs in monocytes and CD8" T cell
effector/memory populations (Fig. 7€), again suggesting a potential
lineage-specific preference for individual mtDNA mutations. In sum-
mary, the evaluation of cellular scMMB scores readily identifies func-
tionally relevant complex- and gene-specific variants, providing insight
into their distribution, potential pathogenicity, and implications for
cell lineage and mitochondrial function, and motivating further func-
tional investigation.

Discussion

The comprehensive analysis of mtDNA genetic variation from
population-scale databases, such as mitochondrial gnomAD*’ and
mitoMAP¥, has broadened our understanding of the essentiality and
local constraint across the genes of the mitochondrial genome®*>°°,
However, the bulk nature of the applied sequencing assays likely vastly
underestimates the full spectrum of genetic variation, with recent
advances in single-cell mtDNA genotyping providing avenues to reveal
cellular somatic mosaicism and cell-type-specific responses toward
mtDNA mutations'®"'**, However, analytical frameworks for inter-
preting mitochondrial genetic variation at the single-cell level are
lacking, limiting our understanding of mtDNA variant burden and
dynamics. Here, we applied single-cell mtDNA genotyping using
mtscATAC-seq to quantify mtDNA mutational burden across indivi-
dual cells via adapting bulk mtDNA burden and constraint metrics for
single-cell analysis®**"**(Fig. 4). Both scmtMPM and scwMSS are
mtDNA depth-normalized and account for cell-specific VAF variation,
enabling more precise and standardized assessment of mtDNA muta-
tional burden at the single-cell level (Supplementary Figs. S, 7, 10).

By leveraging exonuclease-deficient POLG?* HEK293 cells, we
benchmarked this analytic framework to quantitatively and qualita-
tively estimate the cellular mtDNA mutational burden (Figs. 2-4). We
revealed a substantially higher number of somatic mtDNA variants
than bulk approaches and provided insights into their hetero-
geneous distribution at unprecedented resolution. Notably, unlike
synonymous and missense variants, pathogenic and truncating var-
iants were observed predominantly at subthreshold levels, indicating
their negative selection. Further, these findings suggest POLG¥#
phenotypes to be driven by the cumulative mutational burden as
compared to the impact of individual or a few deleterious variants as
observed in mitochondriopathies (Fig. 3). Additionally, we system-
atically evaluated the impact of sequencing depth on mtDNA variant
detection and mutational burden quantification (Supplementary
Fig. 7). Although higher sequencing depth increased discovery,
mutational burden metrics stabilized once moderate per-cell cover-
age was achieved, with ~25,000 mtDNA reads/cell optimal for
mutation counts and -10,000 sufficient for robust burden
estimation.

We further treated POLGP”* cells with galactose, exerting a
strong metabolic pressure driving reliance on OXPHOS (Fig. 5). Despite
adaptive responses, such as mtDNA amplification and concomitant
chromatin accessibility changes in genes related to mitochondrial
stress, the pseudo-bulk heteroplasmy and single-cell VAF distributions
of individual mtDNA variants remained largely stable without clear
evidence of (clonal) selection. However, the uniformly high mutational
burden and scarcity of pathogenic mtDNA variants in the KI36 line may
drive these results, and a system with more heterogeneous and
pathogenic mtDNA variant profiles is likely to have revealed distinct
variant dynamics. Moving forward, more sensitive sequencing
approaches, including duplex sequencing® and their adaptation to
single-cell omics, will further enhance the resolution of low-frequency
heteroplasmic variants.

In the context of immunity, we further resolve mitochondrial
genetic heterogeneity in humans (Figs. 6, 7). In patients with MELAS,
we identified several likely functional mtDNA mutations that had
previously eluded clinical diagnosis. Together, this work underscores
the utility of single-cell mtDNA sequencing to provide insights into
mitochondrial genome stability and disease associations. Specifically,
recent studies have demonstrated that mtDNA heteroplasmy may be
clinically informative®”7*4262_In population-scale bulk-sequencing
data, MSS scores were associated i) with increased cancer-specific
mortality*, ii) the presence of clonal hematopoiesis, and iii) a higher
risk of developing myeloid neoplasms*. Additionally, in metastatic
melanoma®?, tumor lesions harboring mtDNA mutations with >50%
VAF showed a 2.6-fold greater response to immune checkpoint
blockade. Collectively, our framework motivates the prospective
integration of single-cell mtDNA mutational burden analysis, experi-
mental base-editing®®***, alongside other clinical indicators to assess
risk and treatment responses in cancer, as well as probing the biology
of mitochondrial dysfunction in aging'*".
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Fig. 6 | Quantification of mtDNA mutational burden in human peripheral
mononuclear blood cells in healthy individuals and MELAS patients.

a Schematic representation of the available datasets and analysis design. The
human icon by Servier (smart.servier.com) is licensed under CC-BY 3.0 Unported.
b Violin plots of mitochondrial genome-wide mutation burden metrics +/- the
pathogenic variant mt.3243A > G. The white dots indicate the pseudobulk value.
¢ Azimuth reference UMAPs colored by total scmtMPM (left panel) and scwMSS
(right panel) after excluding the pathogenic mt.3243A > G variant in the MT-TL1
gene for six indicated donors. “H” indicates a healthy donor, and “M” indicates a
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donor with MELAS. The two-digit number represents the donors’ ages. d Contour
plots illustrate the relationship between the mt.3243A > G heteroplasmy (x-axis)
and total scmtMPM (y-axis) in patients M29 and M35. Contour lines indicate data
density, with bins set to 50. Peaks in density at low/absent heteroplasmy are marked
with arrows. e Contour plots showing the relationship between cells with
mt.3243A > G heteroplasmy (x-axis) and their total scmtMPM (y-axis) in samples
M29 and M35, with the pathogenic mt.3243A > G variant being excluded from the
scmtMPM score. f Correlations between mt.3243A > G heteroplasmy and the
mtDNA depth.

While scRNA-seq remains a popular method for single-cell
profiling**>¢?, variant calling from mtRNA transcripts is subject to
RNA editing and high false-positive rates, potentially attributable to
transcriptional polymerase error. Moreover, sequence coverage is
limited in 5" or 3’ based sequencing techniques'®®°. To assess this, we
analyzed DOGMA-seq libraries that co-capture mtDNA variation
alongside 3’-primed mRNA libraries from the same cell™’. As expec-
ted, mtRNA-derived sequence reads exhibited a significantly more
uneven and 3-enriched coverage compared to mtDNA reads (Sup-
plementary Fig. 12a, b). Accordingly, we observed a significant dis-
parity in the degree of identified variants between mtDNA and mtRNA,
with more detectable mtDNA variants in 75% of the cells

(Supplementary Fig. 12c). Given the possible substantial contribution
of individual mtDNA variants to cellular scMMB scores that may not be
recoverable in mtRNA and the high false-positive rate®®, we warrant
caution surrounding the sole transcriptomic-focused analysis of
functionally relevant mtDNA variation.

Given the heteroplasmic nature of mtDNA, it is widely accepted
that a non-synonymous/pathogenic variant must reach a biochemical
threshold (typically around 60-80% VAF) to cause metabolic defects
in cells’. However, with the advent of deeper sequencing techniques,
large-scale population studies have identified certain regions of
mtDNA that lack even low-VAF variants, suggesting that the thresh-
old may be lower than previously expected**. In fact, we previously
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demonstrated purifying selection in patients’ blood cells, where
more than 50% of cells were depleted entirely of pathogenic mtDNA
variants (Supplementary Fig. 11c; red arrow)'*". In line with these
findings, the presence of a pathogenic mtDNA variant, even at low
VAF, appears to impede the accumulation of additional somatic
mtDNA variants (Fig. 6d, e), supporting the idea that low-VAF mtDNA
variants can have biological impacts on the mtDNA mutational
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landscape. While additional validation will be required, a recent
study has demonstrated that the co-occurrence of ‘incompatible’
common variants contributes to severe mitochondrial disease’®,
further supporting the notion of pronounced genetic interactions.
Together, these observations underscore the complex interplay
among mtDNA variants and highlight the importance of employing
genomic methods to detect the subtle yet notable effects of mtDNA
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Fig. 7 | Individual somatic mtDNA variants drive cellular scMMB scores and
show cell-type-specific distributions. a Violin plots of mitochondrial genome-
wide mutational burden +/- the mtDNA variant with the highest VAF independent of
the pathogenic variant mt.3243A > G. The white dots indicate the pseudobulk value.
b Violin plots of total scmtMPM and scwMSS of human PBMCs stratified by the
indicated mitochondrial gene functional groups. Dotted boxes highlight indivi-
duals with highly complex I and tRNA scMMB metrics. ¢ Violin plot of scmtMPM and
scwMSS for the indicated mitochondrial complex I genes. d Identification and cell

type biases of mtDNA variants contributing to elevated complex | mutational
burden scores. Ranked mean heteroplasmy of mtDNA variants in the indicated
mitochondrial genes and individuals. The radar plots depict the percentage (%) of
the cells that carry the mtDNA variant in the indicated immune cell subsets. e UMAP
projection colored by the heteroplasmy and density of the identified mtSNVs, and
by the scMMB metrics, scmtMPM, and scwMSS scores, of OXPHOS complex I for
the indicated individuals HO5, M60, and M80. Compare to Fig. 6a for cell type
annotation.

alterations, complementing traditional metabolic assessments of
cellular function.

In conclusion, studies of mitochondrial genetics have come with
unique challenges, given the variation in mtDNA copy number and
distinct modes of replication and segregation, which have hampered
the quantification of somatic mitochondrial mosaicism. Here, we
benchmark mtscATAC-seq’s capability to sensitively detect and
quantify genome-wide mtDNA variants in single cells. We introduce a
quantitative framework to assess mitochondrial genome-wide muta-
tional burden and constraint. Their application to primary immune
cells showcased their utility in sensitively detecting pathogenic mtDNA
variants and variations in their cellular distribution. Together, these
approaches provide a robust framework to systematically investigate
fundamental aspects of mitochondrial genetics in single cells.

Methods

Our research complies with all relevant ethical regulations, including
ethics approval and guidance from Charité—Universitdtsmedizin Ber-
lin, the Berlin Institute of Health at Charité, and the Max Delbriick
Center for Molecular Medicine (MDC), Berlin Institute for Medical
Systems Biology (BIMSB), Berlin, Germany.

Healthy donor and patient samples

Primary human peripheral blood samples were collected after
informed consent and approval was granted by the local ethics com-
mission at Charité-Universititsmedizin Berlin, Germany (EA1/192/20,
EA2/144/15, EA2/284/25). PBMCs were isolated using Ficoll Paque Plus
(SigmaAldrich, GE17-1440) by density gradient centrifugation using
SepMate tubes (StemCell Technologies) and were stored in vapor-
phase liquid nitrogen after cryopreservation with FBS supplemented
with 10% dimethyl sulfoxide until the day of the single-cell sequencing
experiment.

Cell culture

POLG"?* knock-in cell lines, with (Knock-in clone A2, KIA2) or without
(Knock-in clone 36, KI36) the introduction of a tetracycline-inducible
mitochondrial restriction exonuclease mitoEagl, were previously
described”. The knock-in line KI36 was derived from the parental
control cell line (CTRL), with the KIA2 line being derived from more
distantly related HEK293T cells. Briefly, control and KI36 HEK293 cell
lines were cultured in high-glucose Dulbecco’s Modified Eagle Medium
(DMEM; Gibco, 41966052) supplemented with 10% [v/v] FBS Standard,
50 ug/L Uridine, and 1U/ml Pen-Strep. KIA2 HEK293T cell lines were
supplemented additionally with 50 pg/ml Hygromycin B, and 15 ug/ml
Blasticidin S Hydrochloride without the induction of mitoEagl. When
the cell culture reached 90% confluency, cells were detached with
Trypsin-EDTA (Gibco, 25200056) and split at 1:10 or cryopreserved.
Cells were cultured for up to 2 weeks and underwent up to three
passages before single-cell sequencing to limit the accumulation of
additional mtDNA mutations.

Galactose treatment

Control and POLG"* knock-in cell lines were seeded in high-glucose
DMEM and incubated at 37 °C in a 5% CO; incubator overnight to allow
cell attachment. The next day, cells were rinsed with PBS, and the

medium was replaced with glucose-free DMEM (Gibco, 11966025)
supplemented with 1 mM sodium pyruvate (Gibco, 11360070) and with
either 10 mM glucose (3 days) or 10 mM galactose (1 day or 3 days)
(ThermoFisher, J15995.A1), as indicated. On the day of single-cell
sequencing, cells were washed with PBS to remove dead cells,
detached with trypsin, and then washed with PBS. Each cell
line-treatment combination was labeled with dedicated TotalSeq-B
hashtag antibodies, washed, and pooled at equal ratios. The pooled
cells were subsequently processed using the mtscATAC-seq protocol
as described below.

Mitochondrial enzyme activity measurements

The activities of the mitochondrial enzymes NADH:CoQ; oxidor-
eductase (complex I, CI), cytochrome c oxidase (complex IV, CIV), and
citrate synthase (CS) were measured as previously described®. Briefly,
cells were homogenized by sonication. Complex I activity was mea-
sured as the rotenone-sensitive rate of NADH oxidation in a medium
containing 50 mM KCI, 1mM EDTA, 10 mM Tris-HCI (pH 7.4), 2mM
KCN, 100 pM CoQl, and 150 uM NADH. Total NADH oxidation was
recorded for 2 min before adding 20 pM rotenone to determine the
rotenone-insensitive rate. Complex I activity was defined as the rate
difference between total and rotenone-insensitive NADH oxidation.
Complex IV activity was measured in 0.1M potassium phosphate
buffer (pH 7.4) containing 0.02% laurylmaltoside, and 200 pM ferro-
cytochrome c (reduced cytochrome c), and ferrocytochrome c oxi-
dation was monitored at 510/535nm. All measurements were
performed at 30°C using a dual-wavelength spectrophotometer
(Aminco DW-2000, SLM Instruments, Rochester, NY, USA).

Cell hashing and FACS sorting

Cryopreserved cell lines were thawed in RPMI with 10% FBS by serial
dilution. TotalSeq™-A anti-human hashtag antibodies were purchased
from BioLegend. Two million cells per cell line were resuspended in
cell staining buffer (BioLegend, 420201) with Human TruStain FcX
(BioLegend, 422301) for 10 min on ice. Cell lines were then stained with
0,25 pg of individual hashtag antibodies (see Supplementary Table 2
for barcode assignment) in the cell staining buffer. After staining, cells
were washed three times with PBS/BSA. All three HEK293 cell lines
were pooled at approximately equal ratios. For live/dead cell dis-
crimination, Sytox Blue (ThermoFisher, S34857) was used at a 1:1000
dilution in PBS/BSA/EDTA. Cell sorting was conducted using the BD
Bioscience FACS ARIA 1II cell sorter with a 100-um nozzle at the MDC/
BIH Genomics Platform.

mtscATAC-seq with cell hashing

mtscATAC-seq libraries were generated as previously described and
according to the manufacturer’s instructions (CG000209-Rev F) with
the Chromium Controller and Chromium Next GEM Single Cell ATAC
Reagent Kits v1.1 (PN-1000176) with minor modification and sample
multiplexing with TotalSeq™-A hashtag antibodies. Briefly, sorted cells
were fixed in 1% formaldehyde (FA; ThermoFisher) in PBS for 10 min at
room temperature, then quenched with glycine solution to a final
concentration of 0.125M before washing twice with PBS/BSA by cen-
trifugation at 400 g for S5min at 4 °C. Cells were subsequently per-
meabilized with lysis buffer (10 mM Tris-HCL pH 7.4, 10 mM NacCl,
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3 mM MgCl,, 0.1% NP40, 1% BSA) for 3 min (primary cells) or 5 min (cell
lines) on ice, followed by adding 1 ml of chilled wash buffer (10 mM
Tris-HCL pH 7.4, 10 mM NaCl, 3 mM MgCl,, 1% BSA) and inversion
before centrifugation at 500 g, 5min, 4 °C. The supernatant was dis-
carded, cells were diluted in 1x Diluted Nuclei buffer (10x Genomics),
counted using Trypan Blue and a Countess Il FL Automated Cell
Counter, and processed for Tn5-based tagmentation. After tagmenta-
tion, the cells were loaded onto a Chromium controller to generate
single-cell Gel Bead-In-Emulsions (GEMs), followed by linear PCR as
described in the protocol, using a C1000 Touch Thermal cycler with a
96-Deep Well Reaction Module (Bio-Rad). To enable the amplification
of the Totalseq-A hashtag antibody, 0.5 pl of 1 uM bridge oligo A (BOA)
was added to the barcoding mix. Subsequent ATAC and cell-hashing
library generation were conducted as described in the user manual and
as also outlined online at https://cite-seq.com/asapseq/, respectively.

Sequencing and demultiplexing

All libraries were sequenced using the Illumina NovaSeq6000 sequencing
platforms at the Genomic Core Facility of BIH/MDC (FacilitylD =1565, The
CoreMarketplace: MDC & BIH Technology Platform Genomics).
mtscATAC-seq libraries were sequenced with a 2 x 100 paired-end read
configuration. Raw-sequencing data were demultiplexed using
CellRanger-ATAC ‘mkfastq'.

SscATAC-seq analyses

Raw fastq files/sequencing reads were aligned to the mtDNA blacklist
modified hg38 reference genome using CellRanger-ATAC count
(v2.1.0). Peak-cell matrices and fragments files were further pre-
processed using the Seurat v.4 and Signac v.1.10 R packages. Doublet
detection was performed using AMULET v.1.1 with default parameters
(https://github.com/UcarLab/AMULET)”°. For quality control, cells
meeting all the following criteria were retained for downstream ana-
lysis: >1.000 but <25.000 unique nuclear fragments and a TSS
enrichment score >3. Normalization and dimensionality reduction
were performed using latent semantic indexing (LSI). The cell hashtag
tag abundances were quantified using ASAP_to _kite.py (https://github.
com/caleblareau/asap_to_kite), followed by the kallisto, bustools, and
kite pipelines. Cell hash tag counts were then normalized and scaled
using the centered log-ratio (CLR) transformation and the ScaleData
function implemented in Seurat. For PBMC, cell-type annotations and
UMAP coordinates were transferred and mapped from the Azimuth
CITE-seq reference dataset using public 10x Genomics Multiome (RNA-
and ATAC-seq) PBMC data as a cross-modality bridge via the Seurat
Dictionary Learning bridge integration (v4.0.3) method™. The differ-
entially accessible gene (DAG) analysis of galactose-treated cells was
performed on the gene score matrix calculated by the scATAC-seq
analysis package ArchR’ (v1.0.3) using the using the build-in ‘get-
MarkerFeatures’ with the default Wilcoxon pairwise test method.

mtDNA variants calling

Mitochondrial DNA variants were identified from the ATAC-seq mod-
ality using mgatk (v0.7.0) (https://github.com/caleblareau/mgatk).
Cells with mtDNA coverage <5 were excluded. mtDNA variant allele
frequencies were determined as described in ‘variant_calling’ (https://
github.com/caleblareau/mtscATACpaper_reproducibility/), returning
a SummarizedExperiment object, containing two assay matrices,
‘allele_frequency ‘ and ‘coverage’. High-quality mtDNA variants
were identified by filtering variants with a strand concordance > 0.65,
mean-variance ratio>0.01 in the PBMC dataset, mean-variance
ratio > 0.0031 in the HEK293T dataset, and n_conf cells_detected >1,
unless indicated otherwise. In addition, four mtDNA variants that are
known to be sensitive to sequencing artifacts due to their homo-
polymer sequence context, including mt301A>C, mt.310T>C,
mt.316G>C, and mt.3302A>C, were excluded from downstream
analysis™. For the “relaxed” filtering, we additionally examined mtDNA

variants with a strand concordance between 0.45 and 0.65. Notably,
these variants retained the expected replication-error mutational sig-
nature, as demonstrated in Supplementary Fig. 1f. However, all other
analyses presented throughout the manuscript exclusively utilized
variants identified via the stricter filtering criteria. The list of patho-
genic mtDNA variants was obtained from the MITOMAP database
(https://www.mitomap.org/foswiki/bin/view/MITOMAP/Confirmed

Mutations). Only variants annotated as “Confirmed (Cfrm)”,
“Confirmed-Pathogenic (Cfrm [P])”, or “Confirmed-Likely Pathogenic
(Cfrm [LP])” were retained. The resulting list of confirmed pathogenic
variants used for annotation is provided in Supplementary Data 4.

Sequencing downsampling analysis

Position-sorted BAM files generated from the ‘cellranger-atac’ pipeline
were processed with samtools (v1.22). Reads aligning to the mito-
chondrial chromosome (chrM) were extracted, and cell barcode lists
obtained from hashtag-based demultiplexing were used to separate
individual cell line groups (CTRL, KI36, and KIA2). To normalize
sequencing depth across samples, BAM files were randomly down-
sampled using samtools view -s (seed=42) to fixed read depths of
10M, 20M, 30M, 40 M, 50 M, 100 M, 150 M, and 200 M reads. The
resulting downsampled BAM files were subsequently processed with
mgatk (v0.7.0) for mtDNA variant calling. To visualize depth-
dependent changes in variant composition, we normalized the pseu-
dobulk VAFs of each mtDNA variant to the sum heteroplasmy of all
variants at each downsampled depth (relative heteroplasmy). For the
AVAF density plots, we first filtered mtDNA variants detected in both
the 50M and 200 M KIA2 datasets, and computed per-cell, per-
position AVAF as VAF o0~ VAFsops, €xcluding variants with zero VAF at
both depths in that cell. The resulting AVAF values were visualized
using kernel density estimation to summarize the distribution of
single-cell VAF changes between 50M and 200 M total mtDNA reads.

Single-cell mitochondrial DNA mutational burden (scMMB)

We adapted metrics previously used to assess mtDNA mutational
burden [6] and local constraint?>**2, These were modified into single-
cell mtDNA MPM (scmtMPM) and single-cell Heteroplasmy-Weighted
MSS (scwMSS). The mtDNA mutational burden in single cells was cal-
culated at the levels of individual genes, respiratory chain complexes
(I, I, IV, and V), and the whole mtDNA genome, as previously con-
ducted in whole-exome sequencing data®. Mutation counts were cal-
culated by first multiplying the ‘allele_frequency’ and ‘coverage’
matrices, then summing across the respective mitochondrial genomic
regions. The total genomic length sequenced was calculated by sum-
ming up the coverage matrix of the respective mitochondrial genomic
regions of individual cells. Note that the scmtMPM score is normalized
to mtDNA-aligned coverage (i.e., the total number of bases sequenced
within the defined mtDNA region per cell). mtDNA mutation per mil-
lion base pairs (MB) was calculated as the total somatic mtDNA
mutation count divided by the total genomic length sequenced (in MB)
for the respective genomic regions of a single cell. The weighted
mitochondrial local constraint (MLC) score sum (MSS)?*> was calculated
by multiplying the position-wise MLC score by its single-cell hetero-
plasmy and summing the weighted scores for the respective genomic
regions within a single cell.

Comparison of variant calling from mtDNA- and mtRNA-derived
sequence reads

To assess the utility of popular RNA transcriptomic workflows for
mtRNA variant calling, we quantified VAFs from both modalities from a
10x Multiome/DOGMA-seq library of PBMCs from the same healthy
pediatric donor" using a cross-calling and filtering workflow (Supple-
mentary Fig. 12a). First, variants were primarily called from mtDNA using
mgatk to exclude artifactual variants that have previously been shown to
be enriched in RNA-seq data. Second, variants identified from mtDNA
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were cross-called in mtRNA reads. To account for uneven mtRNA tran-
script coverage, we further filtered the cell-by-position mtDNA/mtRNA
coverage matrices and retained only positions with at least five reads per
cell. We then filtered and re-quantified mutation counts and VAFs
matrices with the filtered coverage matrices and compared the number
of confidently detected variants in both mtDNA and mtRNA (Supple-
mentary Fig. 7c). Modality weight was calculated as the number of
detectable mtDNA variants divided by the sum of detectable variants in
mtDNA and mtRNA (plus 0.01 for computational reasons).

Statistics and reproducibility

No statistical method was used to predetermine the sample size. The
experiments were not randomized. The investigators were not blinded
to allocation during experiments and outcome assessments. Two-
sided Wilcoxon rank-sum tests were performed, and P-values were
adjusted for multiple comparisons using the Holm-Bonferroni pro-
cedure, with significance defined at an FDR of 5%. All statistical ana-
lyses were conducted in R, and custom code used to replicate the
analyses is available as part of the code availability.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The HEK293 cell line data generated in this study have been deposited
in the Gene Expression Omnibus (GEO) under accession code
GSE291877. The mtscATAC-seq dataset from a healthy pediatric donor
(HO5) and an additional MELAS patient (M80), along with the 10x
Genomics multiomic dataset from the same healthy pediatric donor
(HOS), are available through the European Genome-phenome Archive
(EGA) under accession number EGAD50000001489. Due to the sen-
sitive nature of patient data, access is restricted and requires a formal
application via the EGA website. Raw.fastq files for publicly accessible
datasets were downloaded from the GEO and the Genotypes and
Phenotypes database (dbGaP). The healthy adult dataset was down-
loaded from GEO under the accession number GSE142745. Datasets
from MELAS patients (M29, M35, M60) were available on dbGAP under
the study accession number phs002217.v1.pl [https://dbgap.ncbi.nlm.
nih.gov/beta/study/phs002217.v1.pl/#study].

Code availability
Custom code to reproduce all analyses supporting this paper is avail-
able at https://github.com/Is-ludwig-lab/scmtMMB.
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