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Deleterious heteroplasmic mitochondrial
mutations are associated with an increased
risk of overall and cancer-specific mortality
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Mitochondria carry their own circular genome and disruption of the mito-
chondrial genome is associated with various aging-related diseases. Unlike the
nuclear genome, mitochondrial DNA (mtDNA) can be present at 1000 s to
10,000 s copies in somatic cells and variants may exist in a state of hetero-
plasmy, where only a fraction of the DNA molecules harbors a particular var-
iant. We quantify mtDNA heteroplasmy in 194,871 participants in the UK
Biobank and find that heteroplasmy is associated with a 1.5-fold increased risk
of all-causemortality. Additionally, we functionally characterize mtDNA single
nucleotide variants (SNVs) using a constraint-based score, mitochondrial local
constraint score sum (MSS) and find it associated with all-causemortality, and
with the prevalence and incidence of cancer and cancer-related mortality,
particularly leukemia. These results indicate that mitochondria may have a
functional role in certain cancers, andmitochondrial heteroplasmic SNVs may
serve as a prognostic marker for cancer, especially for leukemia.

Mitochondria are themain energy production organelle of the cell and
are also involved in numerous cellular processes including calcium
homeostasis, apoptosis, fatty acid oxidation, and the generation of
metabolic intermediates1. Mitochondria contain their own circular
chromosome (mtDNA) that is present in 1000 s to 10,000 s copies per
somatic cell1 and is replicated independently of the nuclear genome.
Its lack of protective histones, limited DNA repair system, and proxi-
mity to reactive oxygen species (ROS) producing reactions result in the
acquisition of mutations in a fraction of mtDNA molecules within a
cell or tissue, a state known as heteroplasmy. Heteroplasmic single
nucleotide variants (SNVs) are responsible formitochondrial disorders
when present at high allele frequencies1 and most pathogenic mtDNA
SNVs are only observed in a heteroplasmic, as opposed to homo-
plasmic, state2.

Mitochondrial heteroplasmy is common, with low level hetero-
plasmy observed in whole-genome sequencing (WGS) studies in up to
40–45% of samples3–5. Approximately 30% of heteroplasmies observed
in any given individual are maternally inherited6. The effect of accu-
mulating somatic mtDNA mutations contributes to mitochondrial
dysfunction, with the most severe effects observed in tissues with
the highest energy demands7, and the role of mitochondrial dysfunc-
tion in longevity, cancer, and degenerative diseases has been well-
established3,8. Better understanding of the effect of the presence and
level of mitochondrial heteroplasmy on common or rare diseases will
provide insight into the molecular physiology of disease development
and progression. Large population-based cohorts, like the UK Biobank
(UKB), are useful tools to tackle this problem, particularly for evalu-
ating the association of heteroplasmy with common diseases.
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We developed a bioinformatics pipeline, MitoHPC, to accurately
measure mtDNA SNVs in large WGS datasets (https://github.com/
ArkingLab/MitoHPC)9. MitoHPC’s key feature is that it constructs a
consensus mitochondrial sequence for each individual, which allows
for more accurate read mapping and for measuring heteroplasmy
against an individual’s unique mitochondrial genome. MitoHPC per-
forms two iterations of variant calling, first to identify major alleles, or
homoplasmies, which are used to construct the consensus mito-
chondrial sequence, and second to call heteroplasmic variants. On
simulated data, MitoHPC accurately identified all heteroplasmic SNV
variantswithout false-positives or false-negatives.MitoHPC is also built
to handle large datasets of 100,000 s of samples, making this an ideal
pipeline for our study.

Here we present an analysis of mtDNA heteroplasmymeasured in
194,871 individuals from the UK Biobank, a large cohort of men and
women aged 40–69 years recruited in 2006–2010 with uniformly
collected health information and biological materials10. We char-
acterize mtDNA SNVs based on their genetic features and investigate
the relationship between SNVs at highly constrained sites and risk of
all-cause and cause-specific mortality. We also validate the results in
additional cohorts in Trans-Omics for Precision Medicine (TOPMed)
program. We find disease phenotypes that are associated with mtDNA
heteroplasmic SNVs and propose the use of mitochondrial hetero-
plasmic SNVs detected in the blood as a riskmarker for hematological
cancers.

Results
Heteroplasmic SNV characteristics
After quality control procedures (Supplementary Fig. 1 and Supple-
mentary Fig. 2), we identified a total of 74,369 heteroplasmic SNVs at a
5% variant allele fraction (VAF) in the UKB with 59,414 (30.5%) out of
194,871 participants having at least 1 heteroplasmy (Table 1, Fig. 1). This
includes 11,602 unique variant alleles occurring at 10,161 (61.8%) out of
16,443 possible mtDNA base positions (polyC homopolymer regions
are excluded due to challenges in sequencing accurately). Of the
11,602 heteroplasmic SNVs, 4257 (36.7%) were seen in only a single
individual and the vast majority were extremely rare, with 10,297
(88.8%) seen in ≤10 participants (Table 2).

Alleles present in 95% or more of the mtDNA WGS reads within a
participant were counted as homoplasmic SNVs. A total of 4,540,598
homoplasmic SNVs were identified, with 385 individuals having no
homoplasmic variants (i.e., variants that completely match the rCRS
reference mtDNA genome). Homoplasmic SNVs occurred at 7929
unique base positions, and at 6586 (83.1%) of those sites we also
observed a heteroplasmic allele. Overall, there were 14,285 unique
variants found at 11,318/16,569 mtDNA sites (68.3%) (Fig. 2a), with
49.3% of SNVs seen as both heteroplasmic and homoplasmic, 31.9%
heteroplasmic only, and 18.8% homoplasmic only (Fig. 2b). Thus, while
most heteroplasmies are extremely rare, the majority (~60%) are also
found as homoplasmies.

To better understand mitochondrial mutational load, we investi-
gated the characteristics of the heteroplasmic SNVs. We observed a
transition-to-transversion (Ti/Tv) ratio of 28.7 for heteroplasmies
(Table 3) which is also observed in PhyloTree sequences11 and likely
due to misincorporation by the mitochondrial polymerase gamma12.
This is in contrast to Ti/Tv ratio in the nuclear genome, which is typi-
cally around two13. The overall distribution of SNVs by complex/region
highlights tRNA genes as less tolerant to variation, with only 23.0% of
possible SNVs observed, in contrast to Complex V, with 41.8% of pos-
sible SNVs observed (P value 5.0 × 10−62; Fig. 2c, d). The overall dis-
tribution of the median VAFs for SNVs only seen as heteroplasmies is
lower than SNVs seen as both hetero- and homoplasmy (Fig. 2e).
We hypothesized that SNVs with a functional change would be more
likely to have low VAF in a given participant, as these SNVs would
likely alter protein function and be under negative selection. Across all

participants, we see 4,252 nonsynonymous and 3,946 synonymous
SNV sites, with nonsynonymous SNVs having a lowermedian VAF than
synonymous SNVs (P value 5.4 × 10−60; Fig. 2f and Table 3). When
stratified by haplogroup (L, M, N, R, R0, U, JT, and H), the number of
heteroplasmies significantly differed by haplogroups, with hap-
logroups L, M, and R, on average, having lower heteroplasmy count
compared to haplogroup H (Bonferroni-corrected P values 0.003,
0.026, and 0.003, respectively; Fig. 2g, h). However, after adjusting for
potential confounders between haplogroups, including age, sex, cen-
ter, and smoking status, these groups were no longer significantly
different from haplogroup H (all Bonferroni-corrected P value > 0.05).
A global test for differences in heteroplasmy count by haplogroupwas
nominally significant (P = 0.042), with 0.007% of the variance of het-
eroplasmy count explained by haplogroups in the adjusted model.

Of the SNVs in Complex I genes, 53.5% were synonymous SNVs
and these genes had the smallest fraction of nonsynonymous SNVs
(dN/dS ratio) compared to other complexes (Bonferroni-corrected P
value 8.8 × 10−16; Table 3). Complex I facilitates the first step of oxida-
tive phosphorylation and deficiencies or inhibition of Complex I lead
to increased ROS, reduced NADP levels, and disrupt mitochondrial
morphology14,15. Interestingly, Complex V genes had the highest dN/dS
ratio at 1.92 (Bonferroni-corrected P value 6.2 × 10−5). Complex V, also
known as the ATP synthase, is the ATP generating component of the
electron transport chain (ETC) and we would expect SNVs in these
genes to impact ATP production.

We observed 49 different nonsense heteroplasmic mitochondrial
SNVs (encoding stop codons) (Table 3) across 85 individuals, with no
individual harboring more than one nonsense SNV. One of these var-
iants, m.3308 T >G, was also found as a homoplasmic variant at a
frequency of ~1:1000, consistent with previous reports of this variant16.
This variant is likely more tolerated than other nonsensemutations, as
variant m.3308 T >G is at the start of MT-ND1, and the methionine at
codon 3 is a likely alternative translation start site, resulting in a loss of
only the first 2 amino acids. One additional homoplasmic nonsense
variant was found only as a singleton, m.15327 C >G near the end
of MT-CYB. This variant was not reported in the gnomAD or Helix
database, but is reported in 1 individual in Mitomap, thus demon-
strating the strong selection against homoplasmic nonsense SNVs. The
majority of the heteroplasmic nonsensemutations occurred at 28 sites
in Complex IV genes (MT-CO1, MT-CO2 and MT-CO3), with a marked
lower frequency in Complex I genes (P value 1.6 × 10−5; Table 3).Only 14
nonsense SNVs were seen more than once in the dataset, with the
highest frequency SNV seen in 16 individuals. Only 1 individual had
VAF > 31%,with amedianVAFof8% compared to 14% for all SNVs, again
demonstrating strong selection against thesemutations (Fig. 2f). There
are many well-studied pathogenic mitochondrial SNVs that cause
mitochondrial disorders. Of the 91 confirmed pathogenic SNV muta-
tions on Mitomap16, 60 unique variants are found in this dataset with 1
variant assigned to two genes, MT-CO1 and tRNA serine 1 (MT-TS1)
(Supplementary Data 1).

We have additionally identified 2 large-fragment deletions
(314_955del and 8482_13446del) in theUKBparticipants.Of the 194,871
individuals evaluated, 314_955del was present in 72.5% (n = 141,420)
and 8482_13446del in 0.05% (n = 89). The VAF for both deletions were

Table 1 | Number of heteroplasmic SNVs per participant

Heteroplasmy count Number of participants (%)

0 135,457 (69.5%)

1 47,008 (24.1%)

2 10,273 (5.3%)

3 1785 (0.92%)

4 280 (0.14%)

5 68 (0.03%)
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low,with themedian (range) of 0.24% (0.08–3.88%) for 314_955del and
0.12% (0.10–0.28%) for 8482_13446del.

Heritability of heteroplasmic variants
Prior studies have demonstrated that a substantial proportion of
heteroplasmies observed in any given individual are maternally
inherited6,17,18. To directly assess whether UKB participants showed

high levels of inherited heteroplasmies, we identified monozygotic
twins (28 pairs), mother/child pairs (760 pairs), and full sibling pairs
(3657 pairs), among the 194,871 participants. Of the 12 unique variants
found in monozygotic twins, 58.3.% (n = 7) were shared between the
twins, of the 352 variants found in mother/child pairs, 29.8% (n = 105)
were shared between the mother and child pairs, and of the 1372
variants found in full sibling pairs, 29.4% (n = 403) were shared
between the siblings (Supplementary Table 1). Thus, our findings were
consistent with a previous study that approximately 30% of hetero-
plasmies observed are maternally inherited6.

Association with all-cause mortality
Given that ~70% of the observed mitochondrial heteroplasmic muta-
tions are likely to be somatic mutations, we would expect that het-
eroplasmic mutations would increase with age, as has been previously
shown9,17, as well as with exposure to mutagenic chemicals such as
tobacco. Indeed, we observed a significant increase in heteroplasmic
SNVs both as a function of age and smoking status (Fig. 3). We also

Fig. 1 | Single nucleotide variants (SNVs) and invariant sites across mitochon-
drial DNA. Circos plot tracks from outer (Track 1) to inner (Track 4): Track 1 is all
synonymous and non-coding (tRNA, rRNA and D-loop) heteroplasmic sites. Track 2
is all nonsynonymous and nonsense heteroplasmic SNVs, where nonsense het-
eroplasmic SNVs are colored in red. The Y-axis of Tracks 1 and 2 is the log(number
of participantswith a heteroplasmy + 1), scaled from0 to 9. Track 3 is positionswith

no heteroplasmy. Three or more adjacent null positions are colored light gray, 2
adjacent positions are colored medium gray, and singlets are colored dark gray.
The height of Track 3 bars is scaled by color, light gray is the lowest, followed by
medium gray, then dark gray. Innermost track (Track 4) is gene annotations. Genes
are colored similarly by complex or by gene type. Source data are provided as a
Source Data file.

Table 2 | Frequency of heteroplasmic SNVs in the population

Variant allele counts Number of variants

Singletons 4257

2–10 6040

11–100 1258

101–1000 43

1000+ 4

This table summarizes the number of times that each SNV appears in the study population. For
example, there were 4257 heteroplasmic SNVs that appeared in only one participant.
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observed a significant interaction between age and smoking status
(P = 7.1 × 10−4), likely reflecting the cumulative impact of long-term
tobacco use. We did not see a significant association between sex and
heteroplasmy count after adjusting for age and smoking status.

To determine the impact of mitochondrial heteroplasmy on all-
cause mortality, we ran Cox proportional hazards models stratified by
assessment center and adjusted for age, sex, and smoking status. We

observed a 1.50-fold (95% confidence interval [CI] 1.14, 1.98) increased
risk of all-causemortality in individuals with 4 or more heteroplasmies
compared to those without any heteroplasmy (Fig. 4). This analysis,
however, assumes 1) that all heteroplasmies have the same association
(effect estimate) with mortality, and 2) it does not directly test the
hypothesis that mitochondrial heteroplasmy is causal for increased
mortality risk. An alternative hypothesis could be that heteroplasmy
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count is a non-causal biomarker for some other disease process or
environmental exposure, and under this non-causal model, we would
predict that the specific functional impact of the heteroplasmic variant
would not impact its association with mortality. To distinguish
between the functional impact from the number of heteroplasmies,we
incorporated functional annotations to test whether functional het-
eroplasmies are driving the association between the number of het-
eroplasmies and risk of mortality. While we see no significant

association for thosewho carry a synonymousmutation (aHR 1.03, 95%
CI 0.99, 1.07), we see a significant increased risk for those carrying a
nonsynonymous mutation (aHR 1.10, 95% CI 1.05, 1.17) (Fig. 4). The
highest mortality risk was observed in participants harboring a non-
sensemutation, which introduces a stop codon and therefore, directly
decrease protein function. The adjusted hazard ratio (aHR) for all-
cause mortality was 1.77 (95% CI 1.07, 2.94) and further adjusting for
heteroplasmy count marginally attenuated the association (aHR 1.65;

Fig. 2 | Overview of mitochondrial SNV distributions. a Proportion of mito-
chondrial DNA positions with SNVs. b Proportion of SNVs that are heteroplasmic,
homoplasmic, or both. c Number of possible SNVs that are heteroplasmic, homo-
plasmic, or both, grouped by protein complex or genic context. d Bar chart of the
proportion of possible SNVs that are heteroplasmic, homoplasmic, or both
grouped by protein complex or genic context scaled to 1. e Histogram of the
median variant allele fraction (VAF) for variants seen asonly a heteroplasmyor both
a hetero- and homoplasmy among individuals with at least one heteroplasmic SNV
(n = 59,414). The two histograms are overlaid. f Boxplot of the median VAF by type

of mutation. The center line indicates the median, the box limits the lower and
upper quartiles, the whiskers the 1.5× interquartile range, and the points outliers.
g Number of participants in each haplogroup (n = 194,871). Haplogroups were
grouped by phylogenetic similarity into the following: L is L0-L6; M is C, D, E, G, M,
Q, Z; N is A, I, N, S, W, X Y; R is B, F, P, R; R0 is R0, HV, V; U is U, K; JT is JT, T; H is H
only. h Mean heteroplasmy count (95% confidence intervals) by haplogroup
adjusted for age, sex, center, and smoking status. Source data are provided as a
Source Data file.

Table 3 | Characteristics of heteroplasmic SNVs by gene type/region

Length (bp) Ti/Tv dN/dS # Nonsense mutation sites (nonsense SNVs/
length *1000)

# Nonsense mutation alleles Mean MLC score (SE)

Complex I 6349 26.8 0.87 8 (1.3) 9 0.23 (0.0048)

Complex III 1141 25.5 1.32 6 (5.3) 11 0.16 (0.0066)

Complex IV 3010 24.4 1.20 28 (9.3) 57 0.29 (0.0070)

Complex V 842 19.9 1.92 7 (8.3) 8 0.06 (0.0040)

D-loop 1122 41.2 – – – 0.09 (0.0047)

tRNA 1505 26.9 – – – 0.43 (0.0072)

rRNA 2513 25.2 – – – 0.55 (0.0057)

Unassigned 87 35.1 – – – 0.28 (0.0300)

Overall 16,569 28.7 1.08 49 (4.3) 85 0.28 (0.0029)

Columns are defined as follows: length is the total number of bases by region or gene type. Protein-coding genes are grouped byoxidative phosphorylation (OXPHOS) complexes. The transition-to-
transversion ratio (Ti/Tv) is calculated as the number of SNVswith transition changes (A <–>G or T <–>C) divided by the number of SNVswith transversion changes. Nonsynonymous-to-synonymous
ratio (dN/dS) is calculated as the number of nonsynonymousmutations divided by synonymousmutations for all protein-codingSNVs. Number of nonsensemutation sites is the sumof all SNVs that
cause a stop codon grouped by genes that make upOXPHOS complexes. Number of nonsensemutation alleles is the total number of nonsensemutation alleles present in eachOXPHOS complex.
Mitochondrial local constraint (MLC) score is calculated from SNVs observed in each gene type or region. The mean and the standard error (SE) of MLC score are reported.

Fig. 3 | Mean heteroplasmic count by age category and smoking status in the UK Biobank (n = 194,871). Error bars are 95% confidence intervals. Source data are
provided as a Source Data file.
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95% CI 0.99, 2.74; Fig. 4a, Supplementary Fig. 4a), suggesting an
association of nonsensemutation and all-causemortality independent
of the number of heteroplasmies.

Second, we incorporated functional annotation into our models
to test whether functional heteroplasmies drive the association
between the number of heteroplasmies and risk of mortality. We used
themitochondrial local constraint (MLC) score19, a recently developed

annotationmetric based on local constraint, which quantifies the local
tolerance to base or amino acid substitutions for each base pair across
the entire mtDNA genome. The MLC score assigns each heteroplasmy
a score ranging from0 to 1, with 1 being themost constrained SNV, and
therefore, likely to have the most deleterious impact when mutated.
The MLC score addresses the limitations in the algorithm currently
recommended by the ACMG/AMP guidelines20 for mtDNA variants by

Fig. 4 | Hazard ratios (95% confidence intervals) for all-cause mortality by
heteroplasmy and mutation type. a Hazard ratios (HR) for the association of all-
cause mortality by heteroplasmy count, presence of synonymous mutation, non-
synonymous mutation, nonsense mutation, and MLC score sum (MSS) were esti-
mated from separately Cox proportional hazards models stratified by assessment
center and adjusted for age, sex, and smoking status. The numbers of participants
and events reflects thenumber included in the regression analysis.bAdjusteddose-
response relationship between MSS and all-cause mortality and histogram of MSS

among participants with at least 1 heteroplasmy count. Hazard ratios (95% con-
fidence intervals) were derived fromCox proportional hazardsmodels that include
MSS as restricted cubic splines with 4 degrees of freedom and were stratified by
assessment center and adjusted for age, sex, smoking status, alcohol intake, body
mass index, white blood cell count, and haplogroup. 58 participants with MSS
greater than 2 were excluded from the plot. Source data are provided as a Source
Data file.
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incorporating variants in non-coding regions, tRNA, and rRNA, as well
as non-missense mutations. We randomly selected one heteroplasmic
SNV fromeachparticipant, and then testedwhether theMLC score had
a significant association with all-cause mortality. MLC score was sig-
nificantly associated with mortality (adjusted HR comparing MLC
score of 1 to 0 was 1.34; 95% CI 1.21, 1.49; P = 5.4 × 10−8; Supplementary
Fig. 4b), while continuing to adjust for center (stratification factor),
age, sex, smoking status, and the number of heteroplasmies. Con-
sistent with lower dN/dS ratio, we observed higher MLC scores in
Complex I and IV, compared to Complexes III (Bonferroni-corrected P
values 1.5 × 10−16 and 4.1 × 10−35) and V (Bonferroni-corrected P values
5.9 × 10−77 and 9.5 × 10−105), suggesting higher selection constraint
(Table 3). To capture the impact of multiple heteroplasmies, we gen-
erated an MLC score sum (MSS) by summing all MLC scores within a
given individual. The association between heteroplasmy count and all-
causemortality was no longer significant after adjusting forMSS, while
the risk of mortality increased with a higher MSS (aHR for 1-unit
increase in MSS 1.28; 95% CI 1.20, 1.37; Supplementary Fig. 5). Fur-
thermore, incorporating the MSS in addition to the presence of non-
synonymous mutations largely explained the effect of heteroplasmy
count and nonsynonymous mutation on all-cause mortality (Supple-
mentary Fig. 5). In addition, we evaluated whether VAF is associated
with all-cause mortality and did not observe any association between
VAF and mortality (Supplementary Table 2), suggesting that MSS is
more relevant for disease risk than VAF. Thus, for all downstream
analyses, we used the MSS as a metric that captures the cumulative
mutational burden of mitochondrial heteroplasmy. After additionally
adjusting for alcohol intake, body mass index (BMI), white blood cell
(WBC) counts, and haplogroup, MSS was associated with all-cause
mortality in adose-responsemanner (Fig. 4b;P for non-linearity = 0.55)
and a 1-unit increase inMSSwasassociatedwith a 28% (aHR 1.28; 95%CI
1.20, 1.37) increase in the risk of mortality. There were no significant
differences by sex (P for interaction =0.6).

We have further validated our findings in additional cohorts using
WGS from the TOPMed consortium (Atherosclerosis Risk in Commu-
nities [ARIC], Multi-Ethnic Study of Atherosclerosis [MESA], Framing-
ham Heart Study [FHS], and Women’s Health Initiative [WHI]),
comprising a total of 31,408 participants and 14,335 events. We per-
formedmeta-analysis for the associations of heteroplasmy count,MSS,
and overall mortality adjusting for age (restricted cubic splines with 4
degrees of freedom), sex, smoking status, and center. As seen in the
UKB, while we observed smaller effect sizes for MSS, both hetero-
plasmy count and MSS were associated with overall mortality, with
hazard ratios of 1.04 (95% CI 1.02, 1.06), and 1.12 (95% CI 1.06, 1.19),
respectively (Supplementary Fig. 6a, b). Consistent with the UKB
analyses,whenboth heteroplasmy count andMSSwere included in the
same model, the effect size of the two metrics were both attenuated
(Supplementary Fig. 6c).

Associations with all-cause mortality by race
When stratified by race, in the UK Biobank, both heteroplamsy and
MSS were associated with overall mortality in those self-identified as
White. In Black individuals, on the other hand, there was a positive
trend between heteroplasmy count and overall mortality (HR 1.15; 95%
CI 0.91, 1.44) but no association between MSS and overall mortality
(HR 1.01; 95% CI 0.48, 2.11). When both heteroplasmy count and MSS
were included in themodel, MSSwas positively associatedwith overall
mortality in all race/ethnicity groups except in Black participants
(Supplementary Fig. 7). However, given the small sample sizes, there
was no statistical difference between the race/ethnicity groups for any
of the three models.

To validate our findings and to increase sample size, we repeated
the analysis including race-stratified results from the 4 additional
TOPMed cohorts. In the pooled analysis,MSSwas positively associated
with overall mortality in Whites but not in Blacks (Supplementary

Fig. 8). Thenumber ofHispanics andAsianswere small in these cohorts
to provide precise estimates and, thus, need to be validated with a
larger sample size.

Association with cause-specific mortality
We further investigated if the association with increasedmortality was
driven by a specific cause of death. When categorizing participants by
cause of death using the International Classification of Diseases 10th

Revision (ICD-10),MSSwasnominally associatedwith an increased risk
of death due to neoplasms (C00–D48; FDR-corrected P value
2.1 × 10−10), digestive disorders (K20–K93; FDR-corrected P value0.08),
and external causes (V01–Y89; FDR-corrected P value 1.6 × 10−3)
(Fig. 5a). There were no significant differences by sex. Additional
adjustment for neutrophil, lymphocyte, and platelet counts did not
significantly change the results. Given that the generic category
malignant neoplasms (“cancer”) includesmany diseases fromdifferent
organ systems, we further separated solid and hematologic cancers by
type (Fig. 5b). TheMSSwas nominally associated withmortality due to
lung cancer (aHR 1.56; 95% CI 1.27, 1.91; FDR-corrected P value
7.8 × 10−5), breast cancer (aHR 1.51; 95% CI 1.06, 2.15; FDR-corrected
P value 0.06), lymphoma (aHR 2.01; 95% CI 1.34, 3.01; FDR-corrected
P value 2.5 × 10−3), and leukemia (aHR 4.97; 95% CI 3.87, 6.39; FDR-
corrected P value 1.6 × 10−15). Of the external causes of death, the MSS
was associated with a higher risk of death due to self-harm (aHR 2.47;
95% CI 1.35, 4.52) but was not associated with death due to accidents
(aHR 0.94; 95% CI 0.13, 6.78). The associations did not change mate-
rially when we restricted the analyses to genetically unrelated partici-
pants, to individuals without any known mitochondrial disorder, to
individuals without any of the 60 identified pathogenic mitochondrial
SNVs, or to individuals without any heteroplasmies in regions that
could be confounded by NUMTs. In addition, the associations of MSS
with all-cause mortality and disease-specific mortality did not mean-
ingfully change when we applied different heteroplasmy thresholds
(3% and 10%), a mtDNA-CN threshold (mtDNA-CN >60), and VAF 10%
and mtDNA-CN >60 simultaneously (Supplementary Fig. 9).

Clonal hematopoiesis of indeterminate potential (CHIP) is a key
predictor formortality and for bloodcancers. Therefore, we generated
CHIP calls in the UK Biobank as previously described21 and accounted
for the presence of CHIP in the associations of heteroplasmycount and
MSS with overall mortality and incidence of hematologic cancer,
lymphoma, and leukemia. Even after adjusting for CHIP, the results did
not change materially, suggesting that the association of mitochon-
drial DNA heteroplasmy with mortality and blood cancers is indepen-
dent of CHIP (Supplementary Table 3).

Cancer prevalence, incidence, and mortality
The association with cancer-specific mortality could arise due to a
combination of factors. First, MSS could be a biomarker for cancer
presence (prevalence of disease), second, it could be associated with
the development of cancer (incidence of disease), or third, it could be
associated with survival in the presence of disease. We therefore eval-
uated the associations of MSS with prevalent and incident cancer, as
well as survival in those with cancer, for each of the 4 significantly
associated cancers (lung, breast, lymphoma, and leukemia) to better
distinguish between these potential mechanisms. MSS was associated
with both prevalent and incident cases of lung cancer, lymphoma, and
leukemia (Fig. 6a, b). For incident lung cancer, the association was
slightly attenuated after including smokingduration in themodelwith a
HR 1.28 (1.03, 1.59). For breast cancer, MSS was associated with pre-
valent breast cancer (adjusted prevalence ratio [aPR] 1.17; 95% CI 1.01,
1.34; FDR-corrected P value 0.04), whereas there was no association
with incident disease (aHR0.96; 95%CI 0.81, 1.13; FDR-correctedP value
0.66). The findings suggest a role for MSS as a biomarker of all these
cancers and, potentially, the involvement of mitochondrial dysfunction
in the development of lung cancer, lymphoma, and leukemia.
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We further evaluated the risk of mortality from each cancer
among those who either had prevalent cancer at the time of UKB visit
or had developed cancer (incident cancer) after visit. For all 4 cancers,
higher MSS was more strongly associated with mortality among those
with prevalent disease, though only significant for leukemia mortality
(aHR 4.03; 95%CI 1.34, 12.11; P value 0.013; FDR-corrected P value 0.16)
and breast cancermortality (aHR 1.58; 95%CI 1.05, 2.40; P value 0.029;
FDR-corrected P value 0.17) (Fig. 6c), suggesting a potential role of
MSS as a prognostic marker of these cancers. The associations were
similar when we restricted the analyses to genetically unrelated par-
ticipants and to participants without extreme values of blood cell
counts, which may be indicative of undiagnosed hematological can-
cers, and when we further adjusted for neutrophil, lymphocyte, and
platelet counts.

PheWAS and PHESANT results
Finally, given the varied role that mitochondrial function plays in
human health and disease, we examined whether the MSS was asso-
ciated with a broad array of phenotypes. We first collapsed summary

ICD-10 diagnosis codes from UKB inpatient hospital records into 1618
broad phecodes capturing various disease categories, then tested
association between the binary phecodes andMSS in a phenome-wide
association study (PheWAS)22 (Supplementary Data 2). As expected,
there was an enrichment for hematological cancers among disease
phecodes significantly associatedwith theMSS, as well as several lung-
related phenotypes (lung cancer, bronchitis) (Fig. 7a). The MSS was
further associated with hematopoietic disease phecodes, such as
neutropenia, thrombocytopenia, and aplastic anemia. Notably, Phe-
WAS revealed that the MSS was also associated with sepsis and septi-
cemia phecodes, a finding that was significant even after excluding
individuals with leukemia, who often experience sepsis during the
course of their disease. A parallel phenome-wide association studywas
conducted using PHESANT23, which additionally tests for associations
with a broad array of phenotypes available in the UKB. The MSS was
positively associated with several biomarkers of hematopoiesis
including immature reticulocytes, platelets, andneutrophil counts, but
inversely associated with eosinophil percentage (Supplementary
Data 3). The MSS was also inversely associated with leukocyte T/S

Fig. 5 | Hazard ratios for each cause of death per 1-unit increase in MLC score
sum (MSS). Hazard ratios for a each specific cause of death, and b cancer-specific
mortality, were estimated using Cox proportional hazards models stratified by
center and adjusted for age, sex, smoking status, alcohol intake, body mass index,
white blood cell count, and haplogroup. FDR-corrected P values accounting for
multiple testing are reported in the main text. Uncorrected P values are presented
in the plot. Cases of death in fewer than 100 participants (deaths due to benign
diseases of the blood [n = 26] or genitourinary disorders [n = 83] in a and deaths

due to cancers of lip, oral cavity, and pharynx [n = 91] or thyroid and other endo-
crine glands [n = 25] in b) are not included in the plot. Neoplasm in a included both
benign andmalignant neoplasms.Hematologic cancers inb includedcancersof the
lymphoid, hematopoietic, and related tissues. Lung cancers in b included cancers
of the respiratory and intrathoracic organs. All statistical significance was based on
two-sided tests. Abbreviations: CNS, central nervous system. The number of events
reflect the number of events in participants included in the regression analysis.
Source data are provided as a Source Data file.
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ratios (adjusted, unadjusted, Z-adjusted), markers of relative telomere
length. These results are consistent with prior work showing a positive
correlation between another marker of mitochondrial function,
mtDNA-CN, and telomere length24,25, further suggesting a role for
mitochondrial function in influencing telomere length. Finally, we
tested association of the phecodes with identified mtDNA pathogenic
variants (Supplementary Data 1), using carrier status coded as a syn-
thetic allele to combine the seven selected pathogenic variants. Phe-
WAS of the synthetic allele revealed a statistically significant
association to primary/intrinsic cardiomyopathies (phecode 425.1,
P = 5.0 × 10−5; number of cases = 1014, number of controls = 191,178,
number of cases with a pathogenic variant = 10). Notably,m.3243A >G
made up a disproportionate frequency among carriers with phecode
425.1 (7/10 cases, 70%) compared to the population frequency (66/436
carriers of any pathogenic variant, 15.1%).

Based on the PHESANT results, we selected ICD-10 codes related
to cancer and diseases of the blood, and stratifiedMSS by gene region/
complex to see if different mitochondrial functional units were asso-
ciated with different phenotypes. While high MSSs in Complex I and
RRNAwere broadly associated across the phenotypes, and the DLOOP
and Complex V MSSs were largely not associated with any of the
phenotypes, there were also distinct differences observed (Fig. 7b,
Supplementary Fig. 10). High TRNA MSS was associated with chronic
myeloproliferative disease, chronic monocytic leukemia, and myelo-
dysplastic syndrome, and not associated with chronic lymphocytic
leukemia (the strongest overall result). Complex III and IV MSSs were
most significantly associated with chronic myeloproliferative disease,
chronic lymphocytic leukemia, polycythaemia vera, and essential
(hemorrhagic) thrombocythaemia (largely Complex IV).

Discussion
Herewepresent a detailed examination of the impact of heteroplasmic
mitochondrial SNVs, measured in blood, on all-cause mortality and a
broad range of phenotypes in almost 200,000 individuals. We iden-
tified genes in Complex V as having the most nonsynonymous SNVs
and Complex I as having the fewest after adjusting for gene size, along
with the lowest dN/dS ratio, as has been observed in a previous large-
scale study5. Likewise, we see a marked reduction in nonsense SNVs in
Complex I genes, consistent with a strong negative selection against
mutations that decrease Complex I function relative to the other

Complex genes. In a previous study evaluating mtDNA variation using
56,434 gnomAD samples5, they identified a variant in 53% of the 16,569
mtDNA bases where nearly half of the unique variants were homo-
plasmic only and 37% were both homoplasmic and heteroplasmic at
VAF 0.10–0.95. In our study, we identified a variant in 68.3% of the
mtDNA nucleotides at VAF 0.05–0.95, where both homoplasmic and
heteroplasmic variants (49.2%) and heteroplasmic only variants (32%)
were more common than homoplasmic only variants. The differences
may be due to different population characteristics as well as the dif-
ferent VAF cutoff used for defining a heteroplasmic variant. However,
in both studies,mostuniqueheteroplasmic variantswere found inonly
one or two samples. In addition, in another study evaluating constraint
in mitochondrial DNA in gnomAD samples, Complex III and V genes
were more tolerant of missense mutation and Complex I and IV were
less tolerant19. This is consistentwith ourfindings of lower dN/dS ratios
(fewer nonsynonymous mutations) and higher average mitochondrial
local constraint (MLC) scores in Complex I and IV compared to Com-
plex III and V.

We also identifiedover 66%of the knownpathogenicmutations in
our dataset. Some are observed as homoplasmic mutations like
14484 T >C, which was predicated to not cause LHON by Bolze et al.
based on how frequently it occurred in their dataset (8 in 10,000)
and the lack of individuals with the variant having an ICD-10 code
associated with the disease26. Moreover, we found that mtDNA
pathogenic variants, including m.3243 A >G, were associated with
cardiomyopathies. Other studies have also identified m.3243 A >G to
be associated with a number of phenotypes, including various cardi-
omyopathies and conduction disorders, and higher heteroplasmy
levels of m.3243 A >G may be associated with severity and disease
progression27,28.

We found that the presence of heteroplasmy was associated with
all-causemortality and that a functional score based on local sequence
constraint19, MSS, was a better predictor variable than the number of
heteroplasmies, implicating a potential role for mitochondrial het-
eroplasmy in all-cause mortality. These results were supported by the
observation that, while synonymous mutations were not associated
with increased mortality risk, nonsynonymous mutations were asso-
ciated with increased mortality risk, with the presence of nonsense
mutations associated with highest all-cause mortality risk. We also
found MSS to be a better predictor of mortality than heteroplasmy

Fig. 6 | The associations of MSS and cancer prevalence, incidence, and death.
a Prevalence ratios (PRs) and 95% confidence intervals (CIs) for the associations of
MSS with prevalent lung cancer, breast cancer, lymphoma, and leukemia were
estimated using marginally predicted prevalence from logistic regression models
adjusted for age, sex, center, smoking status, alcohol intake, body mass index,
white blood cell count, and haplogroup. b Hazard ratios (HRs) and 95% CI for the
associations of MSS with incident lung cancer, breast cancer, lymphoma, and leu-
kemia were estimated using Cox proportional hazards models adjusted as above.
For incident cancer, we excluded participants with any history of cancer at the time

of blood collection. c Sub-distribution HRs and 95% CIs for mortality due to lung
cancer, breast cancer, lymphoma, and leukemia were estimated using the Fine and
Gray method to account for competing events (mortality from other cancers and
non-cancer causes). The analyses were restricted to participantswho hadprevalent
cancer at the time of the UKB visit (“Prevalent”), new cases that developed during
follow-up (“Incident”), or either prevalent or incident cancer (“Any”) of the given
type of cancer. For incident cases, individuals with prevalent cancer of the given
type were excluded. The numbers of participants and events reflect the numbers
included in the regression analyses. Source data are provided as a Source Data file.
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level, or VAF, which is in line with our observation that more deleter-
ious mutations tend to have lower VAF, potentially because they are
less tolerated. We, however, may have missed any effects that occur at
lower VAF, as we have defined heteroplasmy at a threshold of 5%. We
additionally replicated the analyses of heteroplasmy count, MSS, and
all-causemortality in ameta-analysis of 4 additional cohorts and found
that, while both heteroplasmy count andMSSwere associated with all-
cause mortality, MSS was a better predictor. Additionally, when stra-
tified by race, we observed an interesting finding in Black individuals
where heteroplasmy count was a stronger risk factor for all-cause
mortality with no statistically significant association betweenMSS and
mortality. The different trends of mitochondrial heteroplasmy on all-
cause mortality in Black participants may be due to potential differ-
ences in social and environmental factors that were not accounted for,
differences in theperformanceofMLC scoremodelingby race (such as

differences in the location of variants or the constraints of each var-
iant) and need to be further explored.

In addition to all-cause mortality, MSS was associated with an
increased risk of specific causes of death, including neoplasms,
digestive disorders, and external causes. Of the external causes of
death, MSS was associated with a higher risk of death due to self-
harm. In one case-control study comparing mtDNA-CN in suicide
completers to controls, mtDNA-CN in peripheral blood was higher in
suicide completers but lower in post-mortem dorsolateral prefrontal
cortex after adjusting for age and sex, suggesting a possible role of
mitochondrial function in self-harm29. Although psychiatric pre-
sentations can occur in primary mitochondrial disorders30, further
studies are needed to better understand the relationship between
mitochondrial function and mental health, as well as to validate our
findings.

Fig. 7 | Phenome-wide association study (PheWAS) of MSS. a X axis indicates
disease categories (colors) for phecodes with at least 10 cases, y axis indicates
P value for association between phecode and MSS. Up/down arrows indicate
positive/negative effect direction for association. The blue horizontal line indicates
P value = 0.05. The red horizontal line indicates P value cutoff after Bonferroni
correction (3.1 × 10−5). Phecodes with P values < 1.0 × 10−15 are plotted at −log10(P
value)) = 15. b Heatmap displaying the significance (−log10(P value)) of the asso-
ciation between MSS and ICD-10 codes for cancer (“Chapter II Neoplasms”) and

hematological diseases (“Chapter III Disease of the blood and blood-forming
organs and certain disorders involving the immune mechanism”) stratified by
mtDNA region/complex. ICD-10 codes were selected if the significance with the
overall MSS was <1 × 10−6, and clustered using Pearson’s correlation. −log10(P
values) >2 (corresponding toP values > 0.01)were set to0 for visualization. P values
are not corrected for multiple comparison. All statistical significance was based on
two-sided tests. Source data are provided as a Source Data file.
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Our most notable finding is the potential of using mitochondrial
heteroplasmy as a biomarker of prevalence, incidence, or prognosis of
certain cancers. For instance, we found that MSS was associated with
theprevalence and incidenceof lung cancer, lymphoma, and leukemia.
In addition, high MSS was strongly associated with mortality due to
leukemia and breast cancer in individuals who had a history of these
cancers at the time of blood collection. These results present different
models for how mitochondrial dysfunction, measured as the MSS,
could increase the risk for cancermortality. Forbreast cancer,MSSwas
not significantly associated with prevalence or incidence of disease,
and only appears to influence breast cancer mortality. In contrast, the
associations with lung cancer and lymphoma mortality appear to be
largely driven by the association of MSS with both prevalence and
incidence of disease, with no significant association with mortality
observed among those with disease. Finally, for leukemia, MSS is
associated with all three features, with extremely large effect sizes for
prevalence, incidence, and mortality due to disease (all PR/HR > 3);
however, there were relatively few deaths due to leukemia relapse in
this dataset (n = 17). While we were limited to mtDNA heteroplasmy
measured in blood and, thus, were not able to evaluate the association
of MSS measured in additional tissues with mortality or cancer risk,
various studies have found an excess of functional mtDNA hetero-
plasmies inmany cancers, including lung andbreast cancers tissues31,32.

A recent comprehensive study from the International Cancer
Genome/The Cancer Genome Atlas Pan-Cancer Analysis of Whole
Genome (PCAWG) Consortium32 looking at WGS from 2,658 cancers
across 38 tumor types provides compelling evidence for enrichmentof
mtDNA truncatingmutations in several cancer types, including kidney,
colorectal, and thyroid cancers. Similarly, a study of 10,132 paired
tumor/normal samples with whole exome sequencing from The Can-
cer Genome Atlas (TCGA) identified 4,381 mtDNA mutations and var-
ious levels of truncating mutations in several cancer types, including
both hematologic and solid cancers31. These studies support the idea
that mtDNA heteroplasmy detected in blood may be a viable bio-
marker for even some non-hematologic cancers. However, there have
been a limited number of studies linking mitochondrial heteroplasmy
in blood and hematological malignancies33. Intriguingly, while of
marginal significance, one study demonstrated that patients with
clinically refractive leukemia tended to have higher rates of amino
acid-altering mutations34. Accordingly, regular screening for cancer-
causing mtDNA mutations or SNVs at highly constrained sequences
(high MLC score) could be developed as a prognostic marker for
cancer patients and surveillance tool for cancer survivors.

There are a few limitations of our study. First, our analyses were
limited to heteroplasmies with a VAF ≥ 5% to limit potential con-
founding by NUMTs, and we only analyzed SNVs at ≥30× depth.
Regions with low coverage would appear to have no SNVs in our
analysis, at any VAF. This is particularly evident in the 50 bp region
downstream of the chrM start site where, even with the circularization
approach tomapping inMitoHPC,we still had lower coverage and thus
did not count SNVs identified in this region. Second, we only analyzed
SNV mutations, as we do not yet have confidence in non-SNV calls
(insertions/deletions). Thus, we are missing important sources of
mitochondrial DNA variation that are likely to contribute to disease
risk. Third, we did not validate non-recurrent variants by an indepen-
dent sequencing method. Finally, we have chosen to focus on het-
eroplasmic variation given the reduced impact of selection on somatic
mutation, but fully acknowledge that homoplasmic variation, as well
the nuclear genome background on which both heteroplasmic and
homoplasmic variants fall, may also have important impacts on
disease risk.

The first disease-causing SNV ofmtDNAwas identified in 198835,36.
Now with next-generation sequencing scientists can query the full
mitochondrial genomes of hundreds of thousands of individuals to
investigate howmtDNAmutations contribute to commondiseases.We

found thatmitochondrial heteroplasmicmutational burden,measured
as the sum of a sequence-based local constraint score19, is associated
with all-cause and cancer-specific mortality. Moreover, this score has
the potential to be used as a prognostic marker, identifying those at
risk of both developing disease, as well as those whomay benefit from
more careful monitoring or intervention post disease onset.

Methods
UK Biobank WGS data
The UK Biobank was approved by the UK Biobank Research Ethics
Committee and all participants provided written informed consent
before participation. The UK Biobank is a large population-based
prospective study of 500,000 participants aged between 40 and 69
years recruited across the United Kingdom from 2006 to 201010. The
UK Biobank collects extensive phenotypic and genotypic data on
participants, which areused in our analysis.We included inour analysis
199,909 participants who underwent WGS of the DNA from the blood
draw and consented to be in the study. The current study was
approved by the Johns Hopkins Medicine Institutional Review Board.

TOPMed WGS data
We analyzed WGS data from four population-based longitudinal
cohort studies; Atherosclerosis Risk in Communities (ARIC) study,
Multi-Ethnic Study of Atherosclerosis (MESA) study, Framingham
Heart Study (FHS), andWomen’s Health Initiative (WHI). Datasets from
the Trans-Omics for Precision Medicine (TOPMed) program are from
freeze 8, and for ARIC, we had additional data from the Centers for
Common Disease Genomics (CCDG) program. TOPMed studies pro-
vide WGS data at ∼30× genomic coverage using Illumina next-
generation sequencing technology, which must pass specific quality
control metrics before being released for use by the scientific com-
munity. Additional information on TOPMed WGS data generation and
processing methods can be found here: https://topmed.nhlbi.nih.gov/
methods.

The ARIC study is a community-based, prospective cohort study
focusing on risk factors for heart disease and stroke which recruited
15,792 individuals aged 45 to 64 years between 1987 and 1989 from 4
communities in the US (Forsyth County, NC; Jackson, MS; Minneapolis
suburbs, MN; and Washington County, MD). All-cause mortality was
ascertained through National Death Index database or in annual
follow-up from baseline to 31 December 2019. DNA samples were
collected from different visits and DNA for WGS were isolated from
buffy coat using the Gentra Puregene Blood Kit (Qiagen). We used all
available data with WGS information (n = 12,842) where 69.4%
(n = 8926) was analyzed as part of the CCDG program and 30.6%
(n = 3927) was analyzed as part of the TOPMed program. For the 11
individuals who were included in both programs, we randomly selec-
ted one as heteroplasmy count and MSS were identical for the two
methods. We excluded participants (n = 133) who did not have infor-
mation on visit of DNA collection (n = 83), had heteroplasmy count ≥6
(n = 38) or had mtDNA-CN ≤ 40 or missing values of mtDNA-CN
(n = 13). We further excluded participants who or smoking status
(n = 30). Thefinal sample for analysis included 12,679 individuals (5664
men and 7015 women). In the study sample, the mean age was 57.4
(6.0) years, and 78.5% (n = 9953) and 21.5% (n = 2726) were self-
identified as Whites and Blacks, respectively.

The MESA study is a community-based, prospective cohort study
focusing on subclinical cardiovascular disease (CVD) and risk factors
for CVD in diverse populations. The MESA study recruited 6,814 indi-
viduals aged 45 to 84 and free of prevalent clinical CVD between 2000
and 2002 from 6 communities in the US (Baltimore, MD; Chicago, IL;
Forsyth County, NC; Los Angeles, CA; New York, NY; and St. Paul, MN).
All-cause mortality was ascertained through annual follow-up surveys
and tracking through the national death index. DNA samples were
collected on visit 1 (baseline visit) and DNA was isolated from packed
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cells using the Gentra Puregene Blood Kit. We used data from 4603
individuals with WGS information, informed consent, and follow-up
information. We excluded participants who did not pass QC filtering
(n = 351) due to a temporary change in method causing lower DNA
extraction. We further excluded participants (n = 16) who had other
sequencing issues (n = 4), heteroplasmy count ≥6 (n = 4), or did not
have information on smoking status (n = 8). There were no individuals
with hadmtDNA-CN ≤ 40. The final sampled for analysis included 4236
individuals (2053menand2183women). In the study sample, themean
age was 61.0 (9.9) years, and 41.2%, 23.2%, 22.4%, and 13.2% were self-
identified as White, Black, Hispanic, and Asian, respectively.

The FHS study is a community-based, prospective cohort study to
investigate the risk factors for cardiovascular disease. The recruitment
of Original cohort was initiated in 1948 for individuals aged 30–62
(n = 5209) and was examined every two years. The Offspring cohort
was recruited in 1971 and has been examined every 4–8 years. The
Original cohort had 32 exams and the Offspring cohort had nine
exams. The Third generation cohort and a small number of spouse
individuals of the second generationwere recruited between 2002 and
2005 and have had three examinations. All recruited individuals were
White. All-cause mortality was ascertained through death certificates.
DNA samples were collected at different visits and DNA for WGS were
isolated from buffy coat using the in-house protocol following the
standard DNA extraction and purification procedures. We used data
from a total of 4196 participants whose WGS was done by TOPMed
(first generation, n = 376; second generation, n = 2218; spouses of the
second generation, n = 95; and third generation, n = 1507). Mitochon-
drial heteroplasmywas defined at VAF of 3%.We excluded participants
(n = 518) who had heteroplasmy count ≥6 (n = 155), mtDNA-CN ≤ 40
(n = 2), or did not have information on smoking status (n = 370). The
final sampled for analysis included 3678 individuals (1714 men and
1964 women) with the mean age of 58 (14) years.

The WHI is a prospective national health study to investigate and
identify prevention strategies for major chronic diseases in women. It
is composed of a clinical trials component (CT, n = 68,132), focused on
the primary prevention of major chronic diseases in older women, and
an observational component (OS, n = 93,676), focused on the identi-
fication of predictors of incident chronic disease andmortality. A total
of 161,808 racially and ethnically diverse postmenopausal women of
50 to 79 years old were recruited between 1993 and 1998 from 40
clinical centers across the US. Of these individuals, WGS was done on
11,031 individuals whowere selected for a nested case-control ancillary
substudy of venous thromboembolism and stroke. All-causemortality
was ascertained by linkage through the National Death Index. DNA
samples were collected at either baseline visit or the next available
annual visit. DNAwas isolated fromperipheral leukocytes using one of
the following extraction methods: phenol-chloroform extraction, salt
precipitation, Qiagen Five Prime, or Qiagen Puregene/Bioserve. We
exclude participants who had heteroplasmy count ≥6 (n = 7). There
were no individuals with had mtDNA-CN ≤ 40. We further excluded
participants (n = 208) who did not have information on time of death
(n = 34), smoking status (n = 153), or race/ethnicity (n = 21). The final
sampled for analysis included 10,816 women. In the study sample, the
mean age was 68.6 (6.9) years, and 81.4% (n = 8805), 12.9% (n = 1397),
3.8% (n = 304), and 1.9% (n = 201) and were self-identified Whites,
Blacks, Hispanics, and Asians respectively.

MitoHPC on DNA nexus (heteroplasmy and mtDNA-CN)
All UK Biobank data was processed on the DNANexus server. MitoHPC
uses GATKMutect237,38 for variant identification.WGS CRAM files were
used for variant calling, haplogroup identification, and contamination
checks. We implemented a heteroplasmy allele frequency of 5%,
meaning that variant alleles at a frequency 5-95% in an individual are
counted as heteroplasmic. Alleles less than 5% or greater than 95% are
counted as homoplasmic. We used SAMtools39 to generate read count

and coverage information for mtDNA-CN calculations, using the
command ‘samtools idxstats’. Documentation on how to runMitoHPC
on DNA Nexus server is available here: https://github.com/ArkingLab/
MitoHPC/blob/main/docs/DNAnexus_CLOUD.md.

MitoHPC on TOPMed (heteroplasmy and mtDNA-CN)
All TOPMed WGS Mitochondrial and NUMT reads were first extracted
on Google Cloud using the command ‘samtools view -b sample.bam
chrM chr1:629084-634672 chr17:22521208-22521639’. The extracted
datawas then transferred to a local cluster andMitoHPC and SAMtools
were used to generate heteroplasmy and mtDNA-CN information,
following a similar approach to that used in the UK Biobank cohort.
The Documentation on extracting Mitochondrial and NUMT reads
from Google Cloud is available here: https://github.com/ArkingLab/
MitoHPC/blob/main/docs/GOOGLE_CLOUD.md.

Mitochondrial local constraint (MLC) score
The mitochondrial local constraint (MLC) score is a measure of local
tolerance to base or amino acid substitutions. It was calculated for
every possible mtDNA single nucleotide variant (SNV) by applying a
sliding windowmethod19. In brief, starting from positionm.1 a window
of length k is drawn and the observed:expected (oe) ratio of sub-
stitutions in gnomAD within the window and its 90% confidence
interval (CI) is calculated. The window start position is then moved by
1 bp, and this process is repeated until a start position of m.16569 is
reached. For positions in protein genes only missense variants are
included in calculations to restrict to amino acid substitutions, while
for all other positions all base substitutions are used. Themeanoe ratio
90%CI upper bound fraction (OEUF) of all kwindowsoverlapping each
position is computed, and percentile ranked to achieve a score range
of 0–1 where 1 is most constrained position and 0 is least constrained.
A MLC score is obtained for every mtDNA SNV as follows: non-coding,
RNA and missense variants are assigned their positional score, and
non-missense in protein genes are assigned scores based on the OEUF
value of the variant class with synonymous, stop gain, and start/stop
lost being assigned scores of 0.0, 1.0, and 0.70 respectively. Variants
with higher scores are predicted to be more deleterious. To capture
the impact of multiple heteroplasmies, an MLC score sum (MSS) was
generated by summing all MLC scores within a given individual.

Sample QC and variant filtering
We ran 200,000 WGS samples in the UK Biobank (UKB) database
through MitoHPC. Of those 199,919 samples had outputs from
MitoHPC variant calling and of those we calculated mtDNA copy
number (mtDNA-CN) in 199,909 samples (Supplementary Fig. 1). The
median nuclear genomic coverage for WGS samples in the UKB is 35×
and the median mtDNA coverage is 1113x. This allowed us to con-
fidently call heteroplasmy with variant allele fractions (VAF) as
low as 5%.

MitoHPC outputs various metrics for assessing sample quality,
allowing us to remove low quality samples prior to analysis. MitoHPC
uses Mutect2 for variant calling and outputs variant annotations that
we used to filter for high quality variants. We excluded variants with
read depth <300 and those flagged as base quality, strandedness,
slippage, weak evidence, germline, position flags in the FILTER column
of the VCF. We further excluded heteroplasmic variants at polyC
homopolymer regions on the mitochondrial chromosome and exclu-
ded INDELs. INDELs are often found at homopolymer regions and due
to the nature of these regions, are challenging to accurately call
heteroplasmies9. Nuclear-encoded mitochondrial sequences (NUMTs)
can contribute to false positive mtDNA heteroplasmy calls. However,
the nuclear genome coverage is ~31× lower than the mitochondrial
genome coverage and by implementing at mtDNA-CN cutoff, we
reduce the influence of NUMTs on our data. We excluded samples
based on a few criteria: potential mitochondrial contamination, 2 or
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more variants belonging to a different mitochondrial haplogroup,
multiple variants predicted to be NUMTs, low minimum base cover-
age, and low mean base coverage (Supplementary Fig. 2) which
resulted in 2501 participants being excluded. Since mitochondrial
heteroplasmy has previously been shown to be affected by low
mtDNA-CN5, we removed participants with mtDNA-CN less than 40
(n = 3580; Supplementary Fig. 1 and Supplementary Fig. 2b, c). Some
samples met multiple exclusion criteria. We found that 358 partici-
pants had a heteroplasmic count above 5,with 175 of them identified as
contaminated. We removed the remaining high heteroplasmic sam-
ples as these appeared to be outliers in our dataset with potentially
unidentified contamination. Finally, we were left with 194,871 partici-
pants to use for downstream analysis. We plotted the distribution of
mtDNA-CN and heteroplasmic count for each participant, to visualize
how these cutoffs affect the data (Supplementary Fig. 2d).

Clonal hematopoiesis of indeterminate potential (CHIP) calls
We identified the presence of clonal hematopoiesis of indeterminate
potential (CHIP) following a published protocol using the UK Biobank
data21 which includes a list of 43 nuclear variants identified as CHIP
genes. Variants were included if (1) belonged to a list of recurring
hotspot mutations associated with CH and myeloid cancer; (2) have
been reported as somatic mutations in hematological cancers at least
seven times in the Catalog of Somatic Mutations in Cancer (COSMIC);
or (3) met the inclusion criteria of a predefined list of putative CH
variants. Germline variants were included if (1) the number of cases in
the cohort flagged as germline was lower than the ones flagged as
PASS; and (2) at least one of the cases had a P <0.001 for a one-sided
exact binomial test, where the null hypothesis was that the number of
alternative reads supporting themutationwas 50%of the total number
of reads (95% for copy number equal to one), except for hotspot
mutations. Variants were excluded if theywere not present in COSMIC,
nor in the list of hotspots that had a MAF equal to or higher than
5 × 10−5 and either the mean VAF of all cases was higher than 0.2 or the
maximum AF was lower than 0.1. Frameshift, nonsense and splice-site
mutations not present in COSMIC or in the hotspot list were also
excluded if for each variant none of the cases had a P <0.001 for a one-
sided exact binomial test.

Deletions in mtDNA
Deletions in the mtDNA were identified by analyzing split read align-
ments. Split reads are reads from a unique region of the read that have
twoormore alignments to the referencewith the sameorientation.We
identified the alignment end positions on chrM (1st alignment 3’ & 2nd

alignment 5’) and counted their frequencies. A minimum frequency of
2 was used. We also confirmed that none of the split reads had a mate
mapped to other chromosomes, which could be a NUMT indicator.

Statistical analysis
Statistical differences in the distribution and characteristics of SNVs
between complex/regions were tested using Chi-square tests for
counts, logistic regression models for binary variables, and linear
regression models for continuous variables.

To assess the heritability of heteroplasmic variants, we estimated
genetic relatedness between participants in the UK Biobank using
Kinship-based Inference for Gwas (KING) software40 and further iden-
tified monozygotic twins, mother/child pairs, and full sibling pairs. We,
then, calculated the number of unique variants identified in each of the
pairs, and thenumberof unique variants thatwere common in thepairs.

The associations of age, smoking status, and heteroplasmy count
were evaluated using a Poisson regressionwith an interaction between
age using restricted cubic splines with 4 degrees of freedom and
smoking status (never, former, or current). P for interaction was
obtained by comparing amodel with and without the interaction term
using likelihood-ratio test.

TheUK Biobank is linked to national death registries and provides
information on date of death and cause of death. Primary cause of
death was coded using the ICD-10 codes and classified into 12 cate-
gories (infection [A00–B00, L00–L08]; neoplasm [C00–D48]; benign
disease of the blood [D50–D89]; endocrine disorders [E00–E90];
mental and behavioral disorders [F00–F89]; neurological disorders
[G00–G99]; circulatory disorders [I05–I89]; respiratory disorders
[J09–J99]; digestive disorders [K20–K93]; genitourinary disorders
[N00–N98]; COVID-10 [U07]; and external causes [V01–Y89], Supple-
mentary Table 4). Neoplasm-related mortality was further separated
into benign neoplasm [D00–D48] and malignant neoplasm
[C00–C97], which was further categorized by type of cancer.

TheUK Biobank also provides information on cancer diagnosis by
linkage to national cancer registries, including type of cancer, date of
cancer diagnosis, and age at cancer diagnosis. The type of cancer is
codedusing ICD-9or ICD-10 codes,whichweused to categorize into 15
types of cancer by organ system (Supplementary Table 5). For malig-
nant neoplasms, stated or presumed to be primary, of lymphoid,
hematopoietic and related tissue (“hematologic cancers”, ICD-10
C81–C96, ICD-9 200–208), we further identified individuals with
lymphoma (ICD-10 C81–C86, ICD-9 200–202) or leukemia (ICD-10
C91–C95, ICD-9 204–208). ICD-10 codes from the death registry were
also used to identify participants who were diagnosed with cancer.
Skin cancer only included melanoma cases and breast cancer cases
were restricted to women. We used date of cancer diagnosis (from
national cancer registries) or date of death (from the death registry),
whichever came first, as the date of cancer diagnosis in the analysis.
Cancers diagnosed before the UKB visit were defined as prevalent
cancers and cancers diagnosed after the UKB visit were defined as
incident cancers.

Survival analyses for all-cause mortality and disease-specific
mortality were performed using Cox proportional hazards model to
estimate the hazard ratios (HRs) and their corresponding 95%CIs. Each
participant was followed from the date of visit to the date of death or
to 12 November 2021 (administrative censoring), whichever came first.
For COVID-19, on the other hand, we allowed late entries where follow-
up started from the first date of COVID-19mortality on record. Models
for evaluating the association between heteroplasmy count and all-
causemortalitywere stratifiedbyassessment center andwereadjusted
for age using restricted cubic splines with 4 degrees of freedom, self-
identified sex, and smoking status (never, former, or current). Models
evaluating the association between VAF and all-cause mortality inclu-
ded the same set of covariates. However, because each variant exhibits
different heteroplasmy VAF, complicating the assignment of a single
VAF for each individual, we evaluated the association of VAF on all-
cause mortality under three different scenarios: (1) VAF of a randomly
selected heteroplasmic SNV in each individual; (2) VAF of the hetero-
plasmic SNVwith the largestMLC score in each individual; and (3) VAF
of variants in individuals who carry a single variant. We further adjus-
ted for MSS and compared any change in the estimates before and
after adjustment. Models evaluating the associations of MLC score
sum (MSS) with all-causemortality and disease-specific mortality were
additionally adjusted for alcohol intake (never, former, or current),
BMI (continuous),WBC counts (continuous), and haplogroup (L, M, N,
R, R0, U, JT, and H). To account for potential confounding by differ-
ential WBC counts and platelets, we repeated the analysis further
adjusting for neutrophil, lymphocyte, and platelet counts.

A priori to the study, the mitochondrial heteroplasmy threshold
level of 5% was chosen based on read depth to maximize ability to
detect heteroplasmies while limiting possible confounding due to
NUMTs. However, to validate our findings across different levels of
mitochondrial heteroplasmy thresholds, we repeated our analysis
using 3% and 10% cutoffs. To further exclude the possibility of NUMT
contamination, we repeated the analysis after excluding individuals
(n = 752)with a heteroplasmy thatmapped to amtDNA region thatmay
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be confounded by NUMTs and captured by the MitoHPC based on a
database of 38 common NUMT sequences and 382 NUMT SNVs
(MitoHPC/RefSeq/NUMT.vcf.gz). Additionally, we applied a different
mtDNA-CN threshold (mtDNA-CN >60) and repeated the analysis to
also reduce the possibility of NUMT contamination. To evaluate the
non-linear association between MLC score and all-cause mortality,
MLC score was modeled using restricted cubic splines with 4 degrees
of freedom.

In addition, we evaluated the risk of mortality from cancers of the
lung, breast, lymphoma, and leukemia byMSSusing a proportional sub-
distribution hazards model41 to account for competing events (mor-
tality from other cancers and non-cancer deaths, separately). Indivi-
duals who developed cancer during the study period (incident cancer)
were followed from the date of cancer diagnosis whereas individuals
withprevalent cancer at the timeof assessment visitwere followed from
the date of visit (late entry) to account for immortal person time. The
competing risk models were adjusted for age (restricted cubic splines
with 4 degrees of freedom), sex, assessment center, smoking status,
alcohol intake, BMI, WBC counts, and haplogroup.

We further estimated the prevalence ratios (PRs) of the 4 types of
cancers using logistic regression models. We used marginally pre-
dicted probabilities to calculate PRs associatedwith a 1-unit increase in
MSS adjusted for age (restricted cubic splines with 4 degrees of free-
dom), sex, assessment center, smoking status, alcohol intake, BMI,
WBC counts, and haplogroup. The corresponding 95% CIs were esti-
mated using the delta method. For the same 4 types of cancers, HRs
and their 95% CIs were estimated using Cox proportional hazards
models stratified by assessment center and adjusted for the same
covariates. Participants with any cancer diagnosis prior to date of visit
were excluded from the analyses of incident cancers. Participants were
followed from the date of visit to date of cancer diagnosis, date of
death, or administrative censoring, whichever came first. All statistical
significance was based on two-sided tests.

As the UKB includes genetically related participants, we addi-
tionally repeated the analyses restricting to genetically unrelated
participants (as defined in the UK Biobank as the variable use-
d.in.pca.calculation). Moreover, we further restricted the study
population to participants without extreme values of red blood cell
(RBC),WBC, platelets, and differentialWBC counts (187,078 remaining
after excluding 7793 individuals). Extreme values of total and differ-
ential WBC counts were based on visual inspection and defined as
log(RBC+ 1) ≤ 1.4, log(RBC+ 1) ≥ 2, log(WBC+ 1) ≤ 1.25, log (WBC+ 1) ≥
3, platelets ≤10,000/µL, platelets ≥ 500,000/µL, log(neutrophils
+1) ≤0.75, log(neutrophils + 1) ≥ 2.75, log(lymphocytes + 1) ≤0.10,
log(lymphocytes + 1) ≥ 2, log(monocytes + 1) ≥0.9, log(eosinophils
+1) ≥0.75, or log(basophils + 1) ≥0.4542. In addition, we repeated the
analysis after excluding 19 individuals who were identified as having
mitochondrial disorder based on ICD codes (E88.4, E74.4, G71.3,
G93.7, H49.81, H47.22, or G31.82) for hospital admission, and after
excluding 312 individuals with any of the 60 identified pathogenic
mitochondrial SNVs.

PheWAS
We used the R package PheWAS22 to collapse summary diagnoses
indicated by primary and secondary ICD-10 disease codes from hos-
pital inpatient records into distinct phecodes comprised of cases and
controls for a variety of disease categories. The analysis was restricted
to all participants with a MSS including 193,866 individuals and 1618
phecodes with at least one case. This number was used for correction
for multiple testing using the Boneferroni method. A logistic regres-
sion was run for each phecode regressing the binary phecode onto
MSS residuals from a linear regression model adjusting for age, sex,
and smoking status. Additional covariates in the logistic regression
include age incorporated as a natural spline with four degrees of
freedom, sex, and assessment center. Age was modeled using

restricted splines with four degrees of freedom. Firth correction was
used to account for unbalanced case and controls when the logistic
regression p value was ≤0.0005 using the R package logistf43.

PHESANT
Weused the PHEnomeScanANalysis Tool (PHESANT)23 to identifyMSS
associated phenotypes in the UKB. Briefly, we tested for the associa-
tion of mtDNA-CN with ~30,000 traits (Supplementary Data 3), using
MSS residuals from a linear regression model adjusting for age, sex,
and smoking status, with age incorporated as a natural splinewith four
degrees of freedom. PHESANT was then run with the residuals with
additional adjustment for age, sex, and assessment center.

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

Data availability
Data are available through application to the UK Biobank and Source
Data are provided with this paper.

Code availability
Code for data cleaning and analysis is available on our github repository:
https://github.com/ArkingLab. Documentation onMitoHPC pipeline for
DNA Nexus server is available in https://github.com/ArkingLab/
MitoHPC/blob/main/docs/DNAnexus_CLOUD.md. Documentation on
extracting Mitochondrial and NUMT reads from Google Cloud is avail-
able in https://github.com/ArkingLab/MitoHPC/blob/main/docs/
GOOGLE_CLOUD.md.
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