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Abstract

Background: Mitochondrial participation in tumorigenesis and metastasis has been studied for many years, but sev-
eral aspects of this mechanism remain unclear, such as the association of mitochondrial DNA (mtDNA) with different
cancers. Here, based on two independent datasets, we modelled an mtDNA mutation-cancer network by systematic
integrative analysis including 37 cancer types to identify the mitochondrial variants found in common among them.

Results: Our network showed mtDNA associations between gastric cancer and other cancer types, particularly
kidney, liver, and prostate cancers, which is suggestive of a potential role of such variants in the metastatic processes
among these cancer types. A graph-based interactive web tool was made available at www?2.Ighm.ufpa.br/mtdna. We
also highlighted that most shared variants were in the MT-ND4, MT-ND5 and D-loop, and that some of these variants

involving genomic and epigenomic alterations.

were nonsynonymous, indicating a special importance of these variants and regions regarding cancer progression,

Conclusions: This study reinforces the importance of studying mtDNA in cancer and offers new perspectives on the
potential involvement of different mitochondrial variants in cancer development and metastasis.
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Background

Mitochondria are cytoplasmic organelles responsible for
several pathways in cell stability and operation and are
mainly known for their role in ATP production during
aerobic respiration. Two of the three main steps of this
process occur inside these organelles, the tricarboxylic
acid cycle (TCA) in the mitochondrial matrix and oxi-
dative phosphorylation (OXPHOS) in the mitochondrial
cristae, the latter generating most of the ATP from aero-
bic respiration [1]. Because of their origin, mitochondria
have their own genome, a double-stranded (heavy and
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light strands) circular molecule called the mitochondrial
genome (mtgenome or mitogenome), which is highly spe-
cialized for energy metabolism. The human mtgenome is
composed of 37 genes, of which 13 encode subunits of
the OXPHOS protein complexes, 22 tRNA and 2 rRNA;
in addition, more than 1,000 proteins encoded by the
nuclear genome are necessary for overall mitochondrial
function [2].

Considering the importance of mitochondrial energy
metabolism and other functions to cellular homeosta-
sis, imbalances in such processes may lead to the devel-
opment of diseases. In fact, for the past few decades,
mitochondria have been known to be related to cancer,
but many aspects of this involvement remain unknown.
Notably, the mtgenome has been reported to be altered in
tumours, similar to the nuclear genome, and to be more
susceptible to damage than the nuclear genome [3, 4].
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Although many efforts are being made to understand the
related mechanisms, it seems that mitochondrial genetics
should be taken into consideration more often [5].

In this context, we recently published a study perform-
ing whole-genome sequencing for the first time in regard
to gastric cancer (GC) in a Brazilian population [6]. Even
more recently, a study by [7] was published with the
whole mtgenome of multiple types of cancer from dif-
ferent populations — which do not seem to include Brazil
— as part of the International Cancer Genome Consor-
tium/The Cancer Genome Atlas Pan-Cancer Analysis
of Whole Genomes Consortium (ICGC/TCGA PAWG
Consortium), and the database was named The Cancer
Mitochondria Atlas (TCMA). Based on these datasets,
the present study aimed to analyse the mtDNA muta-
tions that occur in common among GC and different
types of cancer by modelling and developing an interac-
tive web tool to explore the generated mtDNA mutation-
cancer network, suggesting potential biomarkers in the
mtgenome that may be involved in cancer development
and progression.

Results

General analysis of the merged datasets

Here, we analysed the set of variants that are shared by
individuals from two datasets, as described in the Mate-
rials and Methods section, and it should be noted that the
INDEL file from the TCMA database shared no variants
with the GC dataset and was therefore excluded from this
study. After dataset merging, we observed 90 individuals
and 22 cancer types from TCMA that presented shared
variants with GC. This was probably a reflection of differ-
ent genetic ancestries in both datasets, considering that
the GC dataset consisted of individuals from the Brazil-
ian Amazon region, in which Native American mtDNA
haplogroups are frequently found [6], while the TCMA
dataset does not seem to include the Brazilian popula-
tion. This emphasizes the importance of considering
the genetic background of the studied populations and
stresses the potential of the shared mutations observed in
this analysis.

Nevertheless, the sample size per cancer type was as
follows: 7 breast adenocarcinoma (Breast-AdenoCA),
1 lobular breast cancer (Breast-LobularCA), 1 cervical
squamous cell carcinoma (Cervix-SCC), 3 central nerv-
ous system medulloblastoma (CNS-Medullo), 1 central
nervous system oligometastatic cancer (CNS-Oligo),
2 colorectal adenocarcinoma (ColoRect-AdenoCA), 7
oesophageal adenocarcinoma (Eso-AdenoCA), 3 head
and neck squamous cell carcinoma (Head-SCC), 4 chro-
mophobe renal cell carcinoma (Kidney-ChRCC), 9 renal
cell carcinoma (Kidney-RCC), 14 hepatocellular car-
cinoma (Liver-HCC), 1 lung squamous cell carcinoma
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(Lung-SCC), 4 B-cell non-Hodgkin lymphoma (Lymph-
BNHL), 2 chronic lymphocytic leukaemia (Lymph-CLL),
5 ovarian adenocarcinoma (Ovary-AdenoCA), 6 pan-
creatic adenocarcinoma (Panc-AdenoCA), 2 pancre-
atic cancer endocrine neoplasms (Panc-Endocrine), 10
prostate adenocarcinoma (Prost-AdenoCA), 1 soft tissue
leiomyosarcoma (SoftTissue-Leiomyo), 1 stomach ade-
nocarcinoma (Stomach-AdenoCA), and 3 thyroid adeno-
carcinoma (Thy-AdenoCA). We understand that many of
these tumours have different metabolic profiles and we
believe that this factor could strengthen the results found
here, as shared variants in this context could represent a
common pathway for cancer progression.

In total, 30 mitochondrial SN'Vs were shared between
the GC and TCMA datasets, with 15 being more frequent
in GC, 10 being more frequent in TCMA and five being
equally frequent in these datasets (Fig. 1). All found vari-
ants were distributed in 11 mitochondrial regions: MT-
RNRI (1438), MT-RNR2 (2706), T-ND1 (3594 and 3666),
MT-COI (7028), MT-ATP6 (8584), MT-CO3 (9545), MT-
ND4 (10810, 10873, 11719 and 11914), MT-ND5 (12705,
13650 and 13789), MT-ND6 (14178 and 14560), MT-CYB
(15043) and D-loop (73, 489, 16093, 16111, 16129, 16189,
16223, 16278, 16311, 16327, 16360, 16519 and 16527). It
is noteworthy that 11 of these variants were exclusive to
tumours (somatic) in the study by [6] and distributed in
four regions: D-loop (73, 489, 16093, 16189 and 16360),
MT-ND1 (3594 and 3666), MT-ND4 (10810 and 10873),
and MT-ND5 (13650 and 13789). Regardless, from the
total of 30 variants, the most frequent variants in GC
were 11719 and 16223 (present in 12 individuals each),
while the most frequent in TCMA was 11914 (15 individ-
uals). Interestingly, these most frequent mutations are in
either the MT-ND4 or D-loop regions, which are also the
regions containing more shared variants in this analysis.

Shared mtDNA variants and their potential impact

Then, we performed a more in-depth analysis of the
mutations in common among the different types of can-
cer by modelling an mtDNA mutation-cancer network,
which resulted in 7,020 associations of mitochondrial
variants with these 37 cancer types (36 from TCMA
and GC as a reference). In Fig. 2, we plotted the mtDNA
mutation-cancer network, providing a general overview
of the shared variants, while Table 1 shows the statistical
analysis of the variant overlaps between GC and the dif-
ferent cancer types, with 11 being statistically significant
(from a total of 22). The empirical p-values were obtained
by runs of network randomizations between pairs of can-
cer types regarding the Jaccard index for the number of
found variants, based on the complex network strategy
proposed by Aratjo et al. (2016). The probability of a
given Jaccard index was calculated with the equation.
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Mitochondrial Variants
Fig. 1 Individuals with each of the observed mitochondrial variants. Number of individuals in both datasets (GC in blue and TCMA in purple)
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P(Ca = SNP4; Cp = SNPB|JC = Cxp)

where SNPA is the number of SNPs of Cancer A, SNPB
is the number of SNPs of Cancer B and CAB is the JC
calculated for the overlap between phenotypes A and B.
The low values for the Jaccard index indicate that can-
cers showed more exclusive variants than shared ones,
highlighting the found variants as potential biomarkers.
Importantly, the largest number of shared mtDNA muta-
tions per pair was eight, found in each of the following
cancer types: Liver-HCC, Kidney-RCC and Prost-Ade-
noCA. This result suggests a possible correlation of these
types with cancer progression.

Notably, 11 variants in the following regions were
shared between GC and at least two other types of can-
cer with statistical significance: two in MT-ND4 — 10810
(Liver-HCC and Kidney-RCC) and 11914 (Liver-HCC,
Eso-AdenoCA, Kidney-RCC, Panc-Endocrine and
Prost-AdenoCA); one in MT-ND5 — 12705 (Liver-HCC
and Kidney-RCC); and eight in D-loop — 73 (Breast-
AdenoCA and Prost-AdenoCA), 16111 (Liver-HCC,
Eso-AdenoCA, Kidney-RCC, Panc-Endocrine and
Prost-AdenoCA), 16129 (Kidney-ChRCC and Panc-
Endocrine), 16189 (Breast-AdenoCA, Kidney-ChRCC
and Prost-AdenoCA), 16278 (Breast-AdenoCA, Panc-
Endocrine and Prost-AdenoCA), 16311 (Eso-AdenoCA,
Stomach-AdenoCA and Kidney-RCC), 16327 (Panc-
Endocrine, Prost-AdenoCA and Lymph-CLL), and 16527

(Liver-HCC and Kidney-RCC). Curiously, there was only
one variant shared with statistical significance between
GC and Stomach-AdenoCA, which could be due to the
reduced sample number of this type of cancer in both
datasets, a general limitation of this study that could
lead to a loss of information, so future studies with larger
datasets are encouraged. Nevertheless, it is remarkable
that all 11 variants with statistical significance in the ana-
lysed tumour samples are in MT-ND4, M'T-ND5 or the D
D-loop, that is, two genes that encode subunits of Com-
plex I and a regulatory region.

Among these shared variants, three are nonsynony-
mous, predicted as pathogenic with a Mutpred prob-
ability ranging from 0.51 to 0.63. The amino acid
change associations were previously predicted between
Prost-AdenoCA and MT-ND5 (13789 T>C, Y485H),
Kidney-RCC and MT-ND6 (14178 T>C, 1166V), and
Kidney-ChRCC and MT-ATP6 (8584 G> A, A20T) [7].

Different approaches in cancer-related SNP networks

Considering our results, as seen in Fig. 2, we stress that
much information can be lost if most efforts only focus
on the nuclear genome, leaving the mitochondrial
genome aside. Indeed, by dissecting the mtDNA network,
we identified genetic overlaps suggesting novel events
that are not observed when building nuclear SNP-disease
networks. In Fig. 3, we show a network of this sort that
was modelled using GWAS hits from the DANCE web
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Fig. 2 Mitochondrial mutation-cancer network. The mtDNA mutation-cancer network of mitochondrial variants (in orange) shared between

tool regarding GC, prostate cancer, renal cell carcinoma
and hepatocellular carcinoma. This finding adds a layer of
complexity in understanding the genetics of several can-
cers. In this context, our study contributes to the identi-
fication of a set of mitochondrial variants associated with
GC and other types of cancer.

Taking this into consideration, we developed a graph-
based visualization tool of the dataset overlaps analysed
here to improve the understanding of the relation-
ship among mtDNA variants and cancer types. The
mtDNA mutation-cancer interactions found here were
catalogued and reported as seen in Fig. 2, along with
raw data for the network, which can be interactively

explored. This user-friendly web tool was made freely
available at https://www2.lghm.ufpa.br/mtdna.

Discussion

In this study, our analyses with multiple types of cancer
have highlighted different mtDNA mutations, particu-
larly in the MT-ND4, MT-ND5 and D-loop, suggesting
a special importance of such mitochondrial mutations
and regions during cancer development and progres-
sion. The MT-ND4 and MT-NDS genes encode core
subunits of respiratory chain complex I (also known
as NADH dehydrogenase), which receives electrons
from carrier NADH (reduced nicotinamide adenine
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Table 1 Statistical test summary for shared variants between GC and the other types of cancer

CT1 CT2 JC N P-value Variants

GC Breast-AdenoCA 0.006 4 xxx 16,189|16,278|7028|73

GC Liver-HCC 0.007 8 Hxx 10,810]11,914[12,705|14,560[16,111|16,360/16,519|16,527
GC Stomach-AdenoCA 0.004 1 o 16,311

GC Lung-SCC 0.005 1 ** 11,719

GC Prost-AdenoCA 0.011 8 o 11,914]13,789]1438]16,111|16,189|16,278|16,327|73
GC Panc-AdenoCA 0.008 6 ** 11,914]15,043]16,111]16,129]16,278/16,327

GC Kidney-RCC 0014 8 ** 10,810/11,914|12,705]14,178|16,111]16,311[16,527|9545
GC ColoRect-AdenoCA 0.007 2 ** 13,650]2706

GC Eso-AdenoCA 0.011 5 ** 11,914]16,093|16,111]16,223[16,311

GC Lymph-CLL 0011 2 ** 16,327|3594

GC Kidney-ChRCC 0.011 3 ** 16,129]16,189/8584

GC Cervix-SCC 0.010 1 * 11,914

GC Uterus-AdenoCA 0.015 3 * 14,560|16,093|16,189

GC CNS-Medullo 0.014 3 * 10,873]16,360|16,519

GC Ovary-AdenoCA 0.009 4 * 11,914|14,560|16,111]16,189

GC Breast-LobularCA 0.011 1 * 489

GC Head-SCC 0.015 3 * 13,650/16,519|7028

GC Thy-AdenoCA 0.014 3 * 16,129]16,223|3666

GC SoftTissue-Leiomyo 0.012 1 * 16,527

GC CNS-Oligo 0.011 1 * 16,223

GC Panc-Endocrine 0.009 2 * 16,527|3666

GC Lymph-BNHL 0016 4 * 11,914[14,56016,189|3666

CT Cancer Type (1 and 2), JC Jaccard index, N Number of found variants. Statistical significance: * not significant (P value >0.01); ** (P value < 0.01); *** (P

value <0.000001)

dinucleotide) after the TCA cycle, initiating the pro-
cess of OXPHOS [1]. Because OXPHOS is responsible
for most ATP produced in aerobic cellular respiration
and Complex I is the main entry of electrons, defects
in this complex could result in impairment of the entire
process. It can also increase the production of reactive
oxygen species (ROS), culminating in oxidative stress
and promoting tumorigenesis [8]. In fact, mutations in
MT-ND4 and MT-NDS5 leading to complex I dysfunc-
tion have been previously associated with procancerous
phenotypes and tumorigenesis in different types of can-
cer, although the particularities of this relationship are
still unknown [9, 10].

The D-loop, which is part of the major noncoding
region (NCR) in the mt genome, is responsible for the
start of heavy strand replication, as well as the tran-
scription of both strands, and it is known to be hyper-
variable [11, 12]. Since D-loop and NCR are terms
frequently used as synonyms, it should be noted that,
here, "D-loop” represents not only the D-loop per se
but also the major NCR. Nevertheless, abnormalities
in replication and transcription of mtDNA could lead
to mitochondrial instability and malfunction, which in

turn could play a role in carcinogenesis and metasta-
sis. Independent studies have reported D-loop variants
in association with different kinds of cancer, includ-
ing gastric cancer, but there is still no consensus as to
which variants influence this process [12—-14].

Notably, epigenomic factors may also play a role in
D-loop function. For instance, long noncoding RNAs
(IncRNAs) generated by heavy strand transcription have
been described in the D-loop with an interaction with
mitochondrial topoisomerase 1B (TOP1MT), which nor-
mally promotes mtDNA replication, suggesting a possible
influence of these IncRNAs on the regulation of mtDNA
expression [15]. In addition, treatment with miR34a
encapsulated in hyaluronic acid nanoparticles has been
demonstrated to reduce CpG methylation in the D-loop
and to increase mRNA transcripts of different mitochon-
drial genes in lung cancer cells [16]. Currently, little is
known about epigenomic mechanisms such as noncod-
ing RNAs in mitochondria, particularly in D-loops, but
it is increasingly clear that this matter should be further
explored [1].

Regardless, in our analyses, it was also notable that
11914 (MT-ND4) and 16111 (D-loop) are not only



Cavalcante et al. BMC Genomic Data (2022) 23:16 Page 6 of 10
rs2121875-C
159275572-A 1s4976790-T 110G 0-C
1$10009409-T
1s9272105-A @ ° 1510875943-C
rs11650494 41 4’69-0 .
- $17023900-
hepatocellular carcinoma s s 1.0'T
rs7295014-G 4 rs1465618-T rs1 5-A
rs11125927-
’54."C widigggec O HTEA ot rs7E43031-T
1$12785905-C rsn.w 2 “ rohdoaoenc
222G 7210484 15183373024-G ISP C &
Ao A rs13854758-C 154962416-C \\, rs3 9-A ) C . ad
1s8028793.A  rs78554043-C
y rst o.T 15142436749-@s10505483-T 156983561-C
157679673-C 17127900
rs1C.)2-T
rs10893994-T
1574702681- 56550806 ’5”9362521048169 YN W\ rsec.o.c rs4’5-c <ol 7 430786-A
154903064-C rs1o.s7-G
rs2’7-T .
rsﬂ.S-G rsZ'Q-G %€ 4b3887.C | (sT78229°T 122G ‘5 T’5373‘°27 T
< .
43812% 1 . rs11452686-T  /1511629412-G 1516902094-G
rs4381241-C 157130881-G rs11‘-A59364554 & 163763 A 2 428679-A

renal cell carcinoma

rs1 7.

carcinoma, and prostate cancer (in blue). The red gradient indicates freq
these types of cancers at the genomic variation layer

8-C-15817826-6511651052:A

rs1800057-G: grusmta cancer r512658946-T
54793529 's‘. T 511 @800 4-Crs1933485-A 154506170-Crg s S 7.C
1561890184-A 1o
1s2341261-T 1s7153648-C 4
a a3 9-Grs77541621-A
rs11‘4 c rs7725218-G s7501989G.; 01 63457 1S9308895-C . sm10s0.fS 10793821 ‘ 159600079-T
. 154646284-TG
1S74911261-A rs11668818-T 1528441558-C  rs16902104-T 1s75777376-C
-y rs1182-A | 1s11228565-A
16901970 Ao s
1s6091758-G ‘ '52. A\ rsS'Q-AfS12155172-A ol
rs72725854-T -
rs2{21266-C 120823043 A 57 - rs10122495-T
rs624gy o> 1512665339-G || | rs7837688-Trs8014671-G
1542423847188140481A S0, | | rs116041037-A e T
1s8071558-(534679442-C rs - 1$10768567-Ars75823044-T
110814 ,54‘9_A 51848089347 154242382-A
st u‘m coofon rs4713266- %71‘8 T lrs1985581.C rss.g T rs12956802-T
1s2376549-C 1512870641-1 o
1 7-C rs10936632-A 'S1270884-A 1s56005245-T 151283104-G
i 3.’ rs8064454-C 1 8T rs5759167-G
r$10029005-A
ol e rs7931342-G 15902774-A1 0 8.G
157624041-G 9 rs1512268-T A A 152273669-G
157849280-G 15138213197-T res33iEms-CT
rsG’B-C rs61 1 '.Fs761169 4-Ars: T
152394008-T
1s760077-T

Fig. 3 SNP-Disease Network for different types of cancer. Nuclear SNP-Disease Network for gastric cancer, renal cell carcinoma, hepatocellular

rs58262369-T
2-G

159287719 G

31881502 1817599620: 11 o510 oo scomorT rez

uency of SNPs in European populations. Low genetic overlap was found for

present in the greatest number of cancer types, but these
types are the same (hepatocellular carcinoma, oesopha-
geal adenocarcinoma, pancreatic adenocarcinoma, renal
cell carcinoma and prostate adenocarcinoma). Addi-
tionally, 10810 (MT-ND4), 12705 (MT-ND5) and 16527
(D-loop) are also shared by the same cancer types (hepa-
tocellular carcinoma and renal cell carcinoma). Another
interesting finding, as previously mentioned, is that kid-
ney, prostate, and liver cancers (renal cell carcinoma,
prostate adenocarcinoma, and hepatocellular carcinoma,
respectively) presented more shared variants with GC
than the other types of cancer (eight variants).

Curiously, no studies were found reporting a positive
association with such variants in cancer, except for 16189
(D-loop). This mutation, which is suggested to generate
mitochondrial impairment and genome instability, has
been related to different complex conditions, such as
endometriosis [17], coronary artery disease [18], type 2
diabetes mellitus and metabolic syndrome [19], as well as
multiple types of cancer, namely, endometrial [20], breast
[21], colorectal [22] and acute myeloid leukaemia [23].

Additionally, a study by [24] suggested that variant 16189
could especially affect iron homeostasis and electron
transport chains of OXPHOS, leading to increased oxida-
tive stress. In fact, excess iron has been considered a risk
factor for cancer development and progression [25-27].

Notably, mitochondria have been associated with
tumorigenesis and metastasis, even though the mito-
chondrial mechanisms and dynamics involved in these
processes are not fully understood [28]. A recent review
by [29] highlighted the importance of studying mitochon-
drial dysfunction in different complex diseases, includ-
ing cancer, in regard to mtDNA alterations as potential
biomarkers for the development, metastasis and progno-
sis of cancer. In this sense, our findings might shed light
on this matter, considering the overlap of cancer types,
particularly GC with kidney, liver, and prostate cancers,
which allowed us to hypothesize that these variants are
likely to play a role in their progression with potential
involvement in a metastatic process between these types
of cancer.
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In the specialized literature, although considered an
uncommon process, it is possible to find various case
reports of gastric metastases from renal cell carcinoma
[30, 31] or prostatic adenocarcinoma [32, 33], even sev-
eral years after the first diagnosis [34]. A secondary
tumour might also be so similar to a primary tumour
that it could be challenging to diagnose it as a metastatic
tumour at first [35]. Recently, a case report has reinforced
that it is still unclear how gastric metastasis from prostate
cancer occurs — whether it is by lymphatic or haematog-
enous spread — as well as the importance of an early diag-
nosis [36]. It is noteworthy that some cases of prostate or
kidney metastasis from gastric adenocarcinoma have also
been reported [37, 38]. Regarding liver metastasis from
gastric cancer, it has been pointed out that the liver is one
of the most frequently affected organs in metastasis from
gastric cancer: metastasis is found in approximately 35%
of gastric cancer cases at first diagnosis, of which up to
14% involve this organ [39, 40]. On the other hand, hepa-
tocellular carcinoma with gastric metastasis seems to be
very rare, occurring in less than 1% of patients with this
type of cancer, and thus, it is possible to misdiagnose it as
gastric cancer with liver metastasis [41].

In this context, understanding the effects of genetic
variants on complex diseases such as cancer may directly
impact clinical strategies for personalized patient care.
Approaches to building disease networks have been pre-
viously developed based on genetic associations, mainly
using autosomal DNA, molecular pathways or candidate
nuclear genes [42, 43]. Genetic comorbidity was shown
for intraclass diseases, such as neuropsychiatric disor-
ders, and this was recently found for cancer in a TCGA
(The Cancer Genome Atlas) analysis that reported 10
signalling pathways in common among 33 tumours [44].
The comprehension of interactions between phenotype
and genotype and between intraclass diseases impacts
the understanding of many progressive aspects of a dis-
ease such as cancer, including cancer types, metastatic
mechanisms and the development of a personalized diag-
nosis or prognosis, as well as pharmacogenomic preven-
tion strategies.

Importantly, genetic studies have not generally con-
sidered mitochondrial variants on a large scale and their
impact during investigations of genetic comorbidity.
Here, we have shown that many variants of interest could
be overlooked, so we highlight the idea of data integra-
tion with several layers of genetic associations for model-
ling disease networks. This approach may contribute to
the identification of patterns of genetic similarity and to
the discovery of new mtDNA associations in the mecha-
nism of gastric cancer and other types of cancer.

Page 7 of 10

Conclusions

In summary, this work has provided new information
on the mitochondrial influence on tumorigenesis and
metastasis from a network perspective, indicating some
potential mtDNA biomarkers — particularly MT-ND4,
MT-NDS and D-loop — and emphasizing the importance
of studying mitochondrial genetics in association with
cancer progression. Therefore, considering the sample
number to be a limitation of this work (together with
the absence of heteroplasmy and haplogroup analyses
due to a lack of data), future studies with larger data-
sets in systems biology, as well as functional studies, are
recommended to reinforce the observed interactions of
these variants in different types of cancer. We also pro-
vide a user-friendly web tool to explore the broad set of
shared mitochondrial variants among cancers that may
support larger datasets from future studies, encouraging
the development of new software for cancer and genetics
epidemiology while also improving the transparency and
reproducibility of research studies.

Methods

Data Collection and Characterization

Data of mitochondrial variants were extracted from two
sources: (i) homoplasmic mtDNA mutations in gastric
cancer from the study by [6] and (ii) the mutation section
(Single Nucleotide Variant — SNV and Insertion/Dele-
tion — INDEL files) of The Cancer Mitochondria Atlas
(TCMA) portal (https://ibl.mdanderson.org/tcma/),
which was made public and freely available by [7]. The
first dataset included 13 tumour samples from gastric
cancer (GC) patients, while the second included 2,536
tumour samples distributed in 36 cancer types. More
detailed characterization of the samples can be found in
the mentioned works.

Data Analyses

Datasets from both sources were merged into one, con-
sidering each variant/position in common. For that and
all other analyses, we used Python 3 programming lan-
guage and the following libraries in this environment:
Pandas [45], Matplotlib [46], Seaborn [47] and Scipy [48].

The mtDNA mutation-cancer network

We constructed a bipartite network of mitochondrial
mutations and cancer with datasets of different types of
cancer. The mtDNA mutation-cancer network is pre-
sented as a graph G(V, E), where V comprises two distinct
sets of nodes: mitochondrial mutations (u) and cancers
(v). In this analysis, we considered a mitochondrial muta-
tion to be associated with cancer if this association was
reported in the works that originated the analysed data-
sets [6, 7].
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Next, we assessed the topology of the mtDNA muta-
tion-cancer network and computed an empirical p value
of mutation overlap (i.e., mutations in common) between
pairs of cancer types. This was done by runs of 100 K ran-
domization of associations between the cancers to gener-
ate their empirical distribution. Thus, the probability (P)
of a given overlap was calculated with P(NA, NB | NAB),
where NA is the number of mitochondrial mutations of
cancer "A", NB is the number of mitochondrial mutations
of cancer "B" and NAB is the overlap calculated for the
pair of cancers "A" and "B". This strategy was inspired
by the work of [42], which found significant associa-
tion overlap for complex diseases based on data from
the NHGRI/EBI GWAS Catalog (https://www.ebi.ac.uk/
gwas/).

We then implemented a web tool to better visual-
ize and explore this mtDNA mutation-cancer network.
HTML5 with the bootstrap framework (https://getbo
otstrap.com/) was used for front-end development. The
mtDNA mutation-cancer network was generated using
the D3.js library, and raw data were implemented with
DataTables (https://datatables.net/), with both libraries
in JavaScript and JQuery (https://jquery.com/). The net-
work and raw data were stored in JSON files and accessed
via Ajax combined with libraries in Python 3 using the
Flask framework for web applications (https://flask.palle
tsprojects.com/en/1.1.x/) in the backend.

Nuclear SNP-Disease Network

We retrieved genetic association data using the Disease-
Ancestry Network (DANCE — www.ldgh.com.br/dance),
which is a web tool that allows the recovery of associa-
tions among complex diseases and nuclear single nucleo-
tide polymorphisms (SNPs) in a bipartite network called
SNP-Disease Network [42]. DANCE integrates data
from the 1000 Genomes Project (Phase 3) [49] and the
NHGRI GWAS Catalog (v. March 2020) [50], comprising
data from 3,885 public genome-wide association stud-
ies (GWAS). DANCE database stores 149,262 associa-
tions among 4,208 phenotypes and 120,748 risk-alleles.
We queried risk-alleles associations with GC, renal cell
carcinoma, hepatocellular carcinoma, and prostate can-
cer. Risk-alleles were considered for those variants that
reached a statistical significance (P-value<1le-8) and
odds ratio > 1.
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