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Abstract
Although mitochondrial genomes (mtDNA) accumulate elevated levels of mutations in cancer cells, the origin and functional
impact of these mutations remain controversial. Here, we queried whole-genome sequence data from 1,916 patients across
24 cancer types to characterize patterns of mtDNA mutations and elucidate the selective constraints driving their fate. Given
that mitochondrial genomes are polyploid, cells with advantageous levels of mtDNA mutations can be selected for depending
on their cellular environment. Therefore, we tracked changes in per-cell abundances of mtDNA mutations from normal to tu-
mor cells in the same patient. Tumor mitochondrial genomes show distinct mutational patterns and are disproportionately
enriched for protein-altering changes. Moreover, protein-altering mtDNA variants that are initially present at low frequencies
in normal cells preferentially expand in the altered tumor environment, suggesting selective advantage. We also perform
these analyses with attention to the cancer’s tissue of origin, which revealed tissue-specific differences in selective signals.
The mitochondrial genomes in renal chromophobe and thyroid cancers show particularly strong signals of positive selection,
indicated by higher proportions and per-cell abundances of truncating variants. Dramatic tumor- and tissue-specific varia-
tions in selective pressures suggest that cancer cells with advantageous levels of damaged mitochondrial genomes will selec-
tively proliferate to facilitate the tumorigenic process.

Introduction

Having originated from single-celled organisms, mitochondria
carry their own genomes and are widely regarded as the energy
powerhouses of the cell. Over time, much of the mitochondrial
genetic content has migrated to the cell’s nucleus. In humans,
mitochondrial genomes have retained some 16.5 kilobase pairs
of circular, double-stranded DNA harboring 37 genes. Thirteen
of these genes are protein-coding and form key components of

four of the five energy-generating complexes collectively known
as the electron transport chain (ETC). Mutations in mtDNA have
been shown to impair energy production, generate elevated lev-
els of damaging by-products known as reactive oxygen species
(ROS) (1–3), and can cause severe metabolic disorders (4).
MtDNA becomes damaged at a rate an order of magnitude
higher than the nuclear genome (5), making it an appealing can-
didate for involvement in cancer progression and for under-
standing patterns of Darwinian selection in normal (6) and

Received: February 17, 2017. Revised: April 27, 2017. Accepted: April 28, 2017

VC The Author 2017. Published by Oxford University Press. All rights reserved. For Permissions, please email: journals.permissions@oup.com

2912

Human Molecular Genetics, 2017, Vol. 26, No. 15 2912–2922

doi: 10.1093/hmg/ddx172
Advance Access Publication Date: 5 May 2017
Original Article

http://www.oxfordjournals.org/


tumor cell environments alike. Nonetheless, there have been
conflicting reports regarding the function of mitochondria and
their genomes in the tumorigenic process (7–13).

Multiple studies have demonstrated strong purifying selec-
tion acting on mtDNA in the human germline (6,14–16). These
observations have been recapitulated experimentally, with both
mouse (17) and Drosophila (18,19) experiments showing strong
selection against transmission of deleterious mtDNA variants
to offspring. However, the question of whether there is selection
in somatic cells remains unsettled. Studies of human brain (20)
and colon epithelial tissues (21) showed no evidence of selec-
tion in the soma. In contrast, others report signals of purifying
selection against deleterious mtDNA mutations in blood (22),
and of positive selection for somatic mutations, particularly in
liver (23). Non-random appearance of tissue-specific mutations
(23–25) supports the notion that the presence and degree of se-
lective pressures on human mtDNA variants are strongly de-
pendent on tissue type. This dependence could conceivably
extend to tumor cells, with selective conditions varying with tu-
mor type. The goal of our study is to investigate, in a tumor
type-specific manner, the signals of selection present in the
mtDNA mutational landscape of human cancer.

A small number of recent studies have examined pan-
cancer mtDNA mutational (13,26) and copy-number (27)
patterns. However, these studies focused primarily on tumor-
specific aberrations. Mutations already present in normal
tissue—whether inherited or acquired—may be subject to selec-
tive pressures in the neoplastic cell. Since multiple mtDNA hap-
lotypes may be present in the same cell or tissue—a condition
known as heteroplasmy—the tumor has the ability to respond
to altered selective pressures through dramatic changes in alle-
lic frequencies. Tracking mtDNA variants from normal to tumor
tissues allows assessment of selective pressures acting on indi-
vidual mtDNA copies and their overall per-cell abundances.
Performing these analyses in the context of the cancer’s tissue
of origin reveals differences in selective signals that would oth-
erwise be obscured.

Here we analyzed mitochondrial sequences generated by the
Cancer Genome Atlas (TCGA) (28) using deep next-generation se-
quencing (NGS) data from 1,916 patients spanning 24 cancer
types. In order to understand the selective pressures governing
mitochondrial genome integrity, we identified patterns of mtDNA
variants in both tumor (derived from primary, recurrent, and/or
metastatic tumors) and matched normal samples (derived from
blood and/or adjacent tissues) (Fig. 1A; Supplementary Material,
Tables S1–S3). We queried for normal-cell variants whose hetero-
plasmy levels shift in the tumor, in addition to tumor-specific so-
matic mutations absent from normal-cell data. Our results
suggest that tumor cells generally show neutral evolution of their
mitochondrial genomes as compared to the stringent negative
selection found in the human germline. Moreover, these relaxed
selective constraints allow for dramatic expansions of frameshift
and nonsense mtDNA alleles in tumor cells, particularly in endo-
crine and rare kidney cancers and may define tumor types that
are driven by mtDNA variants. Our results also show positive se-
lection acting via preferential increase in allelic frequencies of
non-synonymous mtDNA variants in the tumor.

Results
Tumor mitochondria have distinct genomic features

We designed and implemented a pipeline tailored to extract mi-
tochondrial reads and call sequence variants (29). We restricted

our analysis to patients with whole-genome sequencing (WGS)
data from both tumor and matched normal DNA to ensure suffi-
cient read depth for accurate variant calling (Supplementary
Material, Figs S1–S3). As quality control measures, we removed
artifacts (Supplementary Material, Fig. S4), mismatched sam-
ples, and DNA contamination (Supplementary Material, Note
S1). Distinguishing between truly tumor-specific somatic muta-
tions and those already present in normal cells is not straight-
forward, nor is the distinction between germline and
somatically-acquired variants in the normal cell. Variants ob-
served in normal cells may have had selection act upon them
over the course of multiple generations, including repeated ma-
ternal germline bottlenecks, or may have been acquired sporad-
ically and expanded either through random drift or selective
pressures (Supplementary Material, Note S2) (30). Similarly,
tumor-specific mutations either were already present within
the initiating malignant cell or arose subsequently. An mtDNA
variant harbored within the genome of the tumor’s founder cell
can be carried forward through clonal expansion. It follows that
such variants may be below any assay’s level of detection in the
normal-tissue biopsy, but may become apparent in the tumor.
In either case, these mutations have been subjected to any al-
tered selective pressures present since neoplastic initiation.

In our cohort, we observed a total of 2,350 tumor-specific so-
matic mtDNA mutations (across 1,231 individuals, 64.3%)
(Supplementary Materials, Fig. S5 and Table S4) and 1,154
normal-cell heteroplasmies (across 760 individuals, 39.7%)
(Supplementary Material, Table S4). Tumor mitochondrial ge-
nomes carry distinct mutational signatures (Supplementary
Materials, Figs S6 and S7), and show changes in their distribu-
tion of mutations (Fig. 1B). While normal-cell heteroplasmies
tend to cluster within the non-coding D-loop, tumor-specific so-
matic mutations are more evenly dispersed across both coding
and non-coding regions (Fig. 1B). We see higher numbers of
tRNA, rRNA, and mRNA aberrations in tumors than in normal
cells, whereas we see little difference in silent and non-coding
(D-Loop and unannotated) variant levels (Fig. 1C). The propor-
tion of mtDNA variants within RNA-encoding regions (as op-
posed to non-coding regions) is larger for tumor-specific mtDNA
mutations than normal-cell heteroplasmies (Fisher’s exact
P¼ 2.17 � 10�33). This difference could be the result of altered
selective pressures in the tumor. Alternatively, it could instead
be the result of the RNA variants being more disruptive and
therefore present at lower levels (below the threshold of detec-
tion) in the normal cell—either owing to purifying selection in
the germline or insufficient time to drift to higher levels after
somatic acquisition—but clonally expanding in the tumor with
the initiating cell. Interestingly, however, metastatic and recur-
rent tumors harbor an even larger proportion of RNA variants
vs. D-loop/unannotated variants than do primary tumors (P¼
0.021) (Fig. 1D). Although the numbers of metastases and recur-
rences with available TCGA WGS data is small (81 metastases
and 16 recurrences), this suggests the possibility that the clone
seeding the distant metastasis, or resistant to standard treat-
ment, is more likely to harbor RNA-encoding mutations.
Tumor-specific somatic mutations also have greater represen-
tation of insertions and deletions (indels) (9.2% of variants) (Fig.
1C) compared to normal-cell heteroplasmies (2.95% of variants)
(Supplementary Material, Table S5).

Variants were distributed across all complexes of the ETC
(Supplementary Materials, Figs S8–S11, Table S6, and Note S3),
but there were several recurrent and mutually exclusive tumor-
specific mutations within genes encoding for the NADH dehy-
drogenase complex (Complex I), the initial electron acceptor

2913Human Molecular Genetics, 2017, Vol. 26, No. 15 |

Deleted Text:  &ndash; 
Deleted Text:  &ndash; 
Deleted Text:  &ndash; 
Deleted Text:  &ndash; 
Deleted Text: R
Deleted Text: x
Deleted Text:  &ndash; 
Deleted Text:  &ndash; 


along the ETC (Supplementary Materials, Figs S8D, S12, S13,
Table S6, Note S4) (although it should be noted that Complex I
has the largest total coding region among the complexes, and
may therefore be more likely to acquire mutations randomly).
Such recurrences have been noted in separate human popula-
tions over recent evolutionary time (31), and a similar phenom-
enon may be at work in the tumor. Tumor types with typically
high nuclear somatic mutational burden are not necessarily
those with higher mtDNA mutational burden. However, we
found statistically significant relationships between nuclear
and mitochondrial somatic events (Supplementary Materials,
Figs S14 and S15, Note S5) including marked discordance be-
tween protein-altering mutations in ETC genes encoded in the
two cellular compartments (Supplementary Materials, Fig. S16
and Note S6).

Tissue-specific variation in selective pressures on tumor
mitochondrial genomes

Higher proportions of protein-altering mtDNA mutations in tu-
mor cells indicates increased tolerance for disruptive mtDNA
variants. To investigate this formally, we assessed selection on
protein-coding genes by comparing the rate of non-
synonymous mutations to that of synonymous mutations (32).

A higher non-synonymous rate than what would be expected
by chance would indicate positive selection, while a lower-
than-expected rate would indicate negative selection. To this
end, we simulated the null hypothesis of no selection (random
mutation) by performing a permutation analysis while control-
ling for mutational biases due to base content (i.e. the mutated
nucleotide residue and its two flanking bases) (Supplementary
Material, Fig. S17) (13). Comparing observed ratios of non-
synonymous to synonymous mutation rates (dN/dS) to the
permutation-derived null distribution, normal-cell heteroplas-
mies had a far lower than expected dN/dS (P< 10�3), showing
strong negative selection against protein-altering variants. In
contrast, tumor-specific somatic mtDNA mutations as a whole
showed no evidence for positive or negative selection by this
measure (P¼ 0.228). P-values for somatic mutations by gene and
by tumor type are distributed roughly uniformly across the unit
interval, indicating largely neutral tolerance for non-
synonymous tumor-specific somatic mtDNA mutations (Fig. 2A
and B; see Supplementary Material, Table S1 for tumor type ab-
breviation key).

Among all tumor types KICH and THCA showed dN/dS re-
sults most consistent with positive selection (Fig. 2B). For KICH
and THCA patients, 79.6% of coding SNVs in their tumor cells
were non-synonymous, as compared to 70.3% or all other tumor
types (P¼ 0.006) (Fig. 2C). For tumor-specific somatic mutations,
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Figure 1. Tumor mitochondrial genomes show distinct mutational features. (A) Venn diagram of all TCGA samples and sample types under consideration. Numbers

within the circle intersections indicate numbers of patients with the corresponding sample types available. (B) Circos plot representing mtDNA variant distribution

across the mitochondrial genome plotted using 50 base pair sliding windows. (C) Counts of tumor-specific somatic mutations (T) and normal cell heteroplasmies

(N) stratified by genome annotation (* signifies P < 1 � 10�15, **P < 1 � 10�30, ***P < 1 � 10�45, and N.S. ¼ not significant). (D) RNA encoding vs. non-coding (TOP; omnibus

P ¼ 5.40 � 10�37) and variant annotation (BOTTOM) proportions for various sample types.

2914 | Human Molecular Genetics, 2017, Vol. 26, No. 15

Deleted Text: .


the difference between these ratios was even more prominent,
at 88.9% for KICH/THCA patients and 77.6% for other tumor
types (P¼ 0.001) (Fig. 2D). Therefore, these two tumor types have
a higher rate of protein-altering mutations compared to other
tumor types, when background mutation rate is controlled for.
Additionally, KICH and THCA showed the highest overall pro-
portions of frameshift/nonsense mutations (KICH proportion vs.
other tumor types P¼ 8.774 � 10�3; THCA P¼ 4.236 � 10�4) (Fig.
2E). KICH patients showed particular enrichment for transver-
sions (�19.4%, P¼ 1.2 � 10�3) (Supplementary Material, Fig. S18),
which are more likely to cause amino acid changes.
Interestingly, previous reports show that KICH cells have signifi-
cant enrichment of metabolic pathways related to mitochon-
drial energy production (33). These results demonstrate that,
although most tumor types exhibit neutral evolution of their
mitochondrial genomes, KICH and THCA cells show evidence
for positive selection acting on their mtDNA.

Low-level non-synonymous mtDNA alleles in normal
cells clonally expand in tumors

Each cell can carry hundreds to thousands of copies of the mito-
chondrial genome. The impact of mtDNA variants that are dele-
terious to the cell can therefore be mitigated if they remain at a
low allelic frequency. This is not achievable in the diploid nu-
clear genome since variants must be present in at least one of

two copies. Some low-level mtDNA variants may dramatically
increase in frequency if they confer a selective advantage in the
altered tumor environment, or may increase or decrease
through random drift if they are selectively neutral in that envi-
ronment. Equipped with allelic frequency data in tumor and
normal tissue from the same patients (Supplementary Material,
Note S7), we next sought to investigate the dynamics of hetero-
plasmy from normal to tumor tissues, querying for signals of se-
lection. In normal-cell heteroplasmies, we deem one allele as
ancestral (inferred by comparing human mtDNA sequence with
that of non-human primates (22)) and the other allele as de-
rived. Heteroplasmy levels are then specified by their derived al-
lele frequencies (DAFs).

We stratified DAFs of heteroplasmic variants by effect on
protein—synonymous substitution, missense mutation (in-
frame indels and missense substitutions) or truncating muta-
tion (frameshift indels and nonsense substitutions). In normal
cells, missense mutations are at significantly lower allelic fre-
quencies than synonymous substitutions, but are at much
higher abundances than the more disruptive truncating vari-
ants (Fig. 3A). In the tumor, these same variants showed no dif-
ference in DAF among the three classes (Fig. 3B). Tumors also
demonstrated a much higher tolerance for disruptive somatic
mtDNA mutations, with no statistical association between their
mutant allelic frequencies (MuAF) and variant class (Fig. 3C).
Similarly, tRNA-coding regions showed a higher average tumor
MuAF than normal cell DAF (Supplementary Material, Note S8).

A

B

C E

D

Figure 2. Tissue-specific signals of selection on tumor mitochondrial genomes. (A) Nominal P-values derived from dN/dS permutation analysis to indicate direction

and statistical significance of selection on protein-altering variants in normal (NOR, blue), and tumor cells (red) across mitochondrial genes and (B) across individual

cancer types. (C) Proportions of synonymous and nonsynonymous mtDNA mutations including both tumor-specific somatic variants and those already present in the

normal cell and (D) tumor-specific somatic variants only. (E) Proportions of mtDNA variants of various categories, stratified by tumor type.
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Previous studies have shown that specific normal tissue
types have consistent somatic mutational patterns across indi-
viduals (23–25). To investigate this tissue-specificity in the con-
text of tumors, we queried coding variant allele frequencies
(VAFs) in tumor cells for both somatic and derived alleles as de-
lineated by tumor type. While most tumor types corroborate the
finding that there are no differences in allelic frequencies be-
tween the three classes of mutations, we found that kidney
chromophobe (KICH) and thyroid (THCA) cancers have VAFs
that correlate positively with the severity of mutation class (Fig.
3D, Jonckheere trend test P¼ 1.6 � 10�3 for KICH and P¼ 1.55 �
10�4 for THCA). This may be indicative of positive selection in
KICH and THCA, given that the cohort as a whole seems to dem-
onstrate overall neutral evolution.

Preferential expansions of low-level non-synonymous
alleles suggests positive selection for mtDNA variants

We next restricted attention to alleles that were present at low
levels in the normal cell. The rationale here is that many such
alleles are at low abundance due to their deleterious effects on
the cell, but may be subject to different selective pressures in
the dysregulated tumor. As expected, alleles below a 5% level in
the normal cell were highly enriched for deleterious variants as

compared to those above a 5% level (non-synonymous enrich-
ment P¼ 3.8 � 10�10; frameshift/nonsense enrichment P¼ 8.3 �
10�5; Fig. 4A). Non-synonymous substitutions below 5% in the
normal cell expand to a median allelic frequency of 58.8% in the
tumor, as compared to 18.8% for synonymous substitutions
(P¼ 0.008), suggesting positive selection in the tumor (Fig. 4B).
Furthermore, all three frameshift insertions that were present
at these low frequencies in the normal cell expanded substan-
tially, to 31, 43, and 85% allelic frequencies in the tumor.

The trend of preferential expansion of non-synonymous
substitutions also holds for variants present at intermediately
low frequencies (5–35%) in the normal cell, with tumor DAFs sig-
nificantly larger for non-synonymous variants than synony-
mous (P¼ 0.006; Fig. 4B). For variants with higher normal-cell
DAFs (>35%), however, this trend does not hold. Altogether,
these results suggest positive selection in tumor cells for disrup-
tive mtDNA variants present at low levels in normal cells.

Individuals with deleterious alleles that dramatically
expand in the tumor are dominated by thyroid and
kidney cancer patients

Overall, normal-cell heteroplasmies tend toward homoplasmy
in the tumor (Fig. 5A). Much of this effect is likely due to the

A

D

B C

Figure 3. Tissue-specific signals of relaxed and positive selection on mtDNA allelic abundances in tumor cells. Stratified by their effects on the protein: nonsense/

frameshift, missense/in-frame, and silent, distributions of derived allele frequencies (DAFs) of (A) variants present in blood normal (Kruskal-Wallis, P¼ 6.41 � 10�11)

and (B) primary tumor variants which were also present in the normal (P¼ 0.86). (C) Distributions of mutant allele frequencies (MuAFs) of tumor-specific somatic muta-

tions present only in primary cells (P¼ 0.22). (D) Per-cell allelic abundances of all variants present in primary tumor cells stratified by cancer type, * indicates

Jonckheere’s trend test P-values < 1 � 10�2 (P¼ 1.6 � 10�3 for KICH and P¼ 1.55 � 10�4 for THCA).
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effective bottleneck formed by the tumor’s expansion from a
single initiating cell whose composition is more homoplasmic
than the bulk normal-tissue sample. Indeed, the likelihood of a
derived allele approaching fixation in the tumor is closely tied
to its frequency in the normal cell (Fig. 5B), as would be ex-
pected under a model of random drift (34). However, as noted
above, there are alleles that dramatically diverge from this ten-
dency (e.g. upper left corner of Fig. 5A). Even null alleles (non-
sense and frameshift) present at low frequency in the normal
cell can become dominant in the tumor. We therefore next un-
dertook a closer examination of patients harboring truncating
or frameshift alleles that were non-existent or at very low fre-
quency (< 5%) in the normal cell but rose to near-fixation
(> 90%) in the tumor. We hypothesized that these may be the pa-
tients for which mtDNA mutations play a greater functional
role in tumorigenesis and progression. We observe this pat-
tern of ‘null allele fixation’ in 28 patients (Table 1). Despite mak-
ing up fewer than 7% of all patients, THCA comprises 39%
of all cases of null allele fixation (P¼ 3.8 � 10�10). The three
TCGA kidney cancer subtypes collectively were also overrepre-
sented, comprising 36% of null allele fixation cases (P¼ 1.5 �
10�9) despite making up only 5.9% of tumors in the patient pop-
ulation. We observed particular enrichment in KICH and kidney
renal papillary cell carcinoma (P¼ 2.9 � 10�9 and 4.9 � 10�3)
(Fig. 5C).

Next, we analyzed the dynamics of null allele fixations with
respect to changes in the number of mitochondrial genome cop-
ies per cell (Supplementary Materials, Figs S19 and S20); mtDNA
copy number correlates with other molecular (Supplementary
Material, Fig. S21) (27) and clinical features (Supplementary
Material, Fig. S22). The 28 patients with null allele fixations tend
to have much higher mtDNA copy numbers in their primary tu-
mor cells (median copy number 729, vs. 165 for other patients,
P¼ 2.7 � 10�10) (Fig. 5D). This difference remained highly signifi-
cant even after controlling for tumor type. Nine of the patients
with these fixations had data available from adjacent normal
tissue. Shifts in copy number from adjacent normal tissue to
the tumor are also markedly larger in patients with null allele
fixations, gaining a median 400 mtDNA copies as compared to
an average loss of 59 copies for the other patients. All but one
(89%) gained copies, compared to only 37% of patients without
null allele fixations (P¼ 0.0047) (Fig. 5E). Using blood as a normal
comparator yields even more dramatic shifts in copy number
(median gain 858 copies vs. 43 in patients with and without null
allele fixations, respectively, P¼ 5.3 � 10�8). We also observed
statistically significant associations between fixation status
and expression of genes involved in programmed cell death

(apoptosis) which is a key cellular housekeeping function of
healthy mitochondria (Supplementary Material, Note S9).

Discussion
Mitochondria have retained their own genomes in nearly all eu-
karyotic cells, although the significance of their retention is
unclear (35–37). The role of mitochondrial genomes in human
cancer cells also remains controversial. To date, large-scale can-
cer mutation studies have focused almost exclusively on the
nuclear genome with only a few querying mtDNA (13,26,27,38).
Unlike the diploid nuclear genome, copies of the mitochondrial
genome range from hundreds to thousands per cell and vary
both spatially and temporally, allowing for fluctuations in

A B

Figure 4. Disruptive low-level mtDNA variants preferentially expand in the tumor. (A) Proportions of each variant type are shown for all variants with DAF< 5%

and�5%. (B) Tumor cell DAF of nonsynonymous vs. synonymous variants, stratified by normal cell DAF binned into five incremental categories.

A

C

D

B

Figure 5. Null alleles present at extremely low levels in the normal rise to near-

fixation in the tumor. (A) DAF in tumor cells plotted versus normal cell (starting)

DAF; rug plot on the left shows density of points along the y-axis. (B) Proportion

of variants that achieve fixation (defined as DAF > 90%) stratified by normal cell

(starting) DAF. (C) Distribution of cancer types among patients with null allele

fixations, each shade represents a unique tumor type. With null allele fixators

indicated in black, barplots of (D) mtDNA copy numbers in all primary tumor

samples and (E) change in mtDNA copy number in primary tumor cells from

matched adjacent normal tissue cells.
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cellular levels of mtDNA variants. Therefore, mitochondrial ge-
nomes provide a sensitive readout for altered selective pres-
sures in the cell and can facilitate our understanding of the role
of mitochondria in cancer. Here we report novel insights into
selective pressures acting on tumor mitochondrial genomes
and the resulting differences in the levels of damaged mtDNA
copies between normal and tumor cells.

The work presented here bolsters the hypothesis that
mtDNA variation contributes to human cancer. We show that
tumor cells are highly tolerant of protein-altering mutations.
This tolerance manifests in high numbers of mutations, a large
proportion of non-synonymous coding variants, as well as an
elevated per-cell allele frequency of these non-synonymous
variants. The overall relaxation of selective constraints in tumor
cells provides opportunities for expansions of certain mutated
mtDNA copies. Indeed, tumor cells show positive selection via
preferential expansion of non-synonymous mutations present
at low levels in normal cell. We also observe frameshift and
nonsense variants—which likely abrogate protein function—
that are absent or near-absent in the normal cell but rise to
dominance in the tumor. Intriguingly, these fixations are gener-
ally accompanied by dramatic increases in total mtDNA copy
number which indicates that mitochondrial genomes harboring
these null alleles are replicated at an unusually high rate in the
tumor and may have a replicative advantage (18,19). Tumor
cells therefore display an overall increased tolerance and/or
some selective preference for damaged mitochondrial genomes.

Although most tumor cells show neutral evolution of their
mitochondrial genomes, we have multiple lines of evidence
suggesting positive selection on mtDNA in kidney chromophobe
and thyroid cancers in particular. Patients with these tumor
types harbor significantly higher proportions and per-cell abun-
dances of nonsynonymous over synonymous changes than do
other tumor types. Interestingly, a recently published study of
mtRNA expression in TCGA found that KICH and THCA are the
only tumor types (of 13) that show recurrent increase in mito-
chondrial gene expression in tumors (as compared to matched
normal tissue) (39). Previous studies report that kidney chromo-
phobe and thyroid cells have specialized mitochondria; KICH
cells have significant enrichment of metabolic pathways related
to mitochondrial energy production (33) and thyroid cells have
increased dependence on mitochondrial oxidative phosphoryla-
tion (40). KICH and THCA are also generally less malignant and
slow-growing (41), suggesting that extremely damaged mito-
chondria may not be ideal for tumor progression and that tumor
cells may instead benefit from having moderate levels of dam-
age to their mtDNA (42). The positive selective signals charac-
terize KICH and THCA as exceptions to the rule that tumor
mitochondria undergo neutral evolution of their genomes.

Two recent studies also examined patterns of selection in
tumor mtDNA using TCGA data. Ju and colleagues (13) analyzed
1675 tumors (a minority of which were from TCGA), and con-
cluded that selection was largely neutral on the mitochondrial
genome in cancer cells. Broadly, their conclusions do not differ

Table 1. Null allele fixations

Patient Position Ancestral
Allele

Alternate
Allele

Normal Alternate
Allele Frequency

Tumor Alternate
Allele Frequency

Gene Alternate
Allele Effect

CESC_A3LA 6691 GA G 0.000 0.947 COX1 frameshift_variant
COAD_3666 12417 CA C 0.000 0.940 ND5 frameshift_variant
KICH_8343 3565 A AC 0.018 0.971 ND1 frameshift_variant
KICH_8344 13127 AC A 0.000 0.984 ND5 frameshift_variant
KICH_8419 12417 C CA 0.000 0.954 ND5 frameshift_variant
KICH_8430 13206 CTG C 0.000 0.955 ND5 frameshift_variant
KICH_8439 14619 A AC 0.000 0.997 ND6 frameshift_variant
KICH_8477 10806 G A 0.000 0.986 ND4 stop_gained
KIRC_5453 12384 T TC 0.000 0.917 ND5 frameshift_variant
KIRP_A40X 5490 CCT C 0.000 0.911 ND2 frameshift_variant
KIRP_A48D 14503 TA T 0.000 0.960 ND6 frameshift_variant
KIRP_A4EM 12417 CA C 0.000 0.966 ND5 frameshift_variant
LGG_7675 11888 G A 0.000 0.964 ND4 stop_gained
PRAD_5765 3408 C CT 0.000 0.943 ND1 frameshift_variant

þstop_gained
SARC_A3KA 10207 CT C 0.000 0.931 ND3 frameshift_variant
STAD_6875 11403 G A 0.008 0.971 ND4 stop_gained
THCA_A13R 11390 G A 0.000 0.977 ND4 stop_gained
THCA_A13S 12417 C CA 0.000 0.991 ND5 frameshift_variant
THCA_A1CW 6753 G A 0.000 0.932 COX1 stop_gained
THCA_A1YA 11034 A AT 0.000 0.998 ND4 frameshift_variant
THCA_A1YB 12417 CA C 0.000 0.989 ND5 frameshift_variant
THCA_A28R 9502 G A 0.000 0.975 COX3 stop_gained
THCA_A2OW 4720 G A 0.001 0.987 ND2 stop_gained
THCA_A3I5 9241 A G 0.000 0.963 COX3 stop_gained
THCA_A3MY 11866 A AC 0.004 0.913 ND4 frameshift_variant
THCA_A3O9 11403 G A 0.000 0.989 ND4 stop_gained
THCA_A3RA 8618 T TC 0.000 1.000 ATP6 frameshift_variant
UCEC_A1GW 6579 G A 0.000 0.983 COX1 stop_gained

All reported null allele fixations found in 28 patients in our cohort, their mtDNA positions, allelic frequencies in the normal and tumor cells, and respective mutational

effects.
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substantially from ours. Indeed, we find that the negative selec-
tion present in the germline is largely relaxed in cancer, though
we conclude that positive selection does act on a subset of tu-
mors. The partial discrepancy in conclusions between our study
and the Ju et al. study is likely the result of differences in the
compositions of tumor types. A substantial portion of the posi-
tive selection signal in our data comes from THCA and KICH tu-
mors, which are not represented in their study. Furthermore,
their calculations do not include shifts in normal-cell hetero-
plasmies to the tumor cell when assessing selection. Another
factor that may explain some of the difference is their use of
whole-exome sequencing data, whereas we exclusively use
whole-genome sequencing data in order to ensure uniformly
deep coverage of the mitochondrial genome. Nonetheless, in
the 164 patients for whom WGS data was used for both studies,
inferences of heteroplasmy levels of variants are largely concor-
dant (Supplementary Material, Fig. S23). Similarly, Reznik and
colleagues (27) examined differences in mtDNA copy number
between matched tumor-normal pairs and across tumor sam-
ples using TCGA data. Although copy number was not the main
focus of our study, we did develop and apply copy number infer-
ence methodology that was somewhat different from that used
in the Reznik et al. study. MtDNA copy number estimates using
the two methods were also quite concordant (Supplementary
Material, Fig. S24).

In normal cells, mitochondria are responsible for generating
the majority of intracellular energy required for proper cell
function. However, tumors preferentially utilize glucose for en-
ergy production, a hallmark of cancer (7) (i.e. the Warburg effect
(11)). This adaptive tumor environment may remove the cell’s
dependence on healthy mitochondria and confer tolerance to-
wards damaged mitochondrial genomes. Damaged mitochon-
drial genomes can in turn serve as a means to accumulate ROS
(1), which play a key role in cancer cell proliferation and survival
when present at moderate levels (43). Indeed, we report ele-
vated tumor-specific mutational burden in mitochondrial genes
coding for subunits of Complex I, which is the primary source of
intracellular ROS production (44). Our study provides evidence
that, without reliance on healthy mitochondrial function, tumor
cells can utilize mitochondria as vessels for producing tumor-
promoting reactive oxygen species.

Mitochondrial involvement in cancer cells has been debated
for several decades (11), as the question of whether mitochon-
dria act as drivers or passengers to the tumorigenic process re-
mains unresolved (13,37,45). We suggest a model whereby the
tumor generally tolerates neutral drift of most mtDNA alleles,
but some alleles confer a selective advantage to the tumor
when they rise above a critical threshold (46). Not all disruptive
alleles show signals of positive selection, but we posit that this
is because excess damage to mtDNA could produce high levels
of ROS and induce tumor cell death (43). Along with antioxidant
defense to maintain moderate levels of ROS (47), mitochondria
may provide an alternative means of control over redox signal-
ing in its earlier stage of production. In order to prevent danger-
ous amounts of ROS, the tumor cell may hijack the same
endogenous mechanisms that are meant to protect mtDNA in
normal cells (35,48). Rather than being drivers or passengers to
the tumorigenic process, tumor mitochondria may facilitate the
process by striking a balance between fully damaged and
healthy mitochondrial genomes and consequently maintain tu-
morigenic levels of ROS. We propose that the retention of a sep-
arate mitochondrial genome, which has conferred an
evolutionary advantage to eukaryotic cells, may be exploited by
tumor cells to promote tumor development and proliferation.

Materials and Methods
Data acquisition and initial quality control

From TCGA’s .bam files, we downloaded (using UCSC CGHub
(http://cghub.ucsc.edu; date last accessed August 2015) and
TCGA’s BAMSlicer software) reads aligned to the mitochondrial
genome and patient-specific two-copy nuclear genes (identified
using cbioportal (49)) from whole genome sequencing samples.
After processing the samples using SAMtools (50), bam2fastq,
and the seqtk software, we then filtered our results to exclude
reads that are likely to be nuclear mitochondrial sequences
(NuMTs) (Supplementary Material, Fig. S4). NuMTs are DNA se-
quences that are harbored in the nuclear genome, but closely
match sequence in the mitochondrial genome (51). They are
likely a result of ancient mitochondrial DNA sequence transfer to
the nuclear genome and can lead to false positive variant calls in
mtDNA analysis. We filtered NuMTs by removing reads that align
with up to one mismatch to the nuclear reference sequence
GRCh38 (having removed the mitochondrial revised Cambridge
reference sequence, (rCRS) (52)). We then realigned these filtered
mitochondrial reads to the GRCh38 human genome build (with
rCRS), removed PCR duplicates, and processed each file using
GATK’s BaseRecalibrator and INDELRealigner tools (29).

We acquired nuclear somatic mutation data from the UCSC
Cancer Genome Browser (https://genome-cancer.ucsc.edu/; date
last accessed January 2015) for all relevant TCGA samples. We
obtained nuclear mRNA expression values from TCGA Data
Portal (https://tcga-data.nci.nih.gov/docs/publicationstcga/; date
last accessed August 2015). Where available, we used RNAseq
version 2 RPKM values and quantile normalized (53) all RPKM
values before downstream analyses. Additionally, we acquired
background nuclear somatic mutation rates for TCGA patients
from Lawrence et al. (54).

Estimating mtDNA per-cell copy number

To estimate mtDNA copy number across cancer types using
WGS data, we calibrated mitochondrial read depth against that
of a known two-copy region in the nuclear genome (identified
using cbioportal (49)). As described previously (38), we calcu-
lated the estimated mtDNA copy number using the formula 2 x
(dm/dn), where dm is the average mitochondrial read depth, and
dm is the average read depth of the two-copy nuclear gene.

Calling mtDNA variants

Owing to the large numbers of mitochondrial genome copies
per cell, an mtDNA variant can exist at levels ranging
near-continuously from 0 to 100% (heteroplasmy). In order to
accurately call low-level mtDNA variants, we used GATK’s hap-
lotypecaller algorithm, which is able to handle aneuploidy. We
found no significant association between number of variants
called by GATK and mtDNA copy number (Supplementary
Material, Fig. S3). At every mtDNA position, we then classified
each sample as either homoplasmic (for either the reference or
alternate allele) or heteroplasmic (if the major allele is present
at levels below 95%). In normal-cell heteroplasmies, we deemed
the allele present in the common ancestor of human and other
primates as ‘ancestral’ (22). For each variant, we determined
whether it was associated with a haplogroup by applying
HaploGrep 2 (55) to the .vcf files. For variants that were only
called in the tumor sample under this rubric, we re-inspected
the matched normal-cell reads. If any carried the putative
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mutant allele, we reclassified the variant as a normal-cell heter-
oplasmy. For cases where GATK reported more than two alleles
at a single mtDNA locus, we restricted our analysis to the top
two most prevalent alleles in each sample. If a tumor allele was
absent in the matched normal, we considered it to be a somatic
mutation. We utilized SNPEFF (56) to annotate each
variant, while omitting mitochondrial base positions 302-316,
513-526, 566-573, 8860, 16181-16194 from our analysis because
they are known to yield erroneous variant calls (23).

Assessing selection on protein-coding genes using dN/
dS statistic

We computed ratios of nonsynonymous to synonymous muta-
tions across tumor-specific mutations and normal-cell hetero-
plasmies. We proceeded to permute these sets of mtDNA
variants 1,000 times across coding regions of the mitochondrial
genome while maintaining their mutational context (mutated
nucleotide residue and its flanking base content) to simulate
the null distribution of dN/dS ratios. We then assigned a two-
sided P-value and noted the direction of selection signal within
normal-cell heteroplasmies and tumor-specific mtDNA muta-
tions across the transcriptome as a whole. Using the same
method, we also queried for selective processes on tumor-
specific mutations within individual genes and cancer types.

Statistical tests

Unless indicated otherwise, we performed tests for differences
in proportions using the R (57) command prop.test, and tests for
differences between counts or levels using R’s wilcox.test if the
comparison was between two groups and kruskal.test for three
or more groups. All reported P-values are for two-sided tests
and Bonferroni-corrected if multiple tests are performed, unless
stated otherwise. We computed P-values for associations that
were adjusted for tumor type and/or age with ANOVA using the
anova command in R. We performed gene set enrichment anal-
ysis using GSEA (58) version 2-2.2.1 (http://software.broadinsti
tute.org/gsea/index.jsp; date last accessed January 2016).

Supplementary Material
Supplementary Material is available at HMG online.
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