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Abstract: Mitophagy, an essential process within cellular autophagy, has a critical role in
regulating key cellular functions such as reproduction, metabolism, and apoptosis. Its
involvement in tumor development is complex and influenced by the cellular environ-
ment. Here, we conduct a comprehensive analysis of a mitophagy-related gene signature,
composed of PRKN, PINK1, MAP1LC3A, SRC, BNIP3L, BECN1, and OPTN, across various
cancer types, revealing significant differential expression patterns associated with molecu-
lar subtypes, stages, and patient outcomes. Pathway analysis revealed a complex interplay
between the expression of the signature and potential effects on the activity of various
cancer-related pathways in pan-cancer. Immune infiltration analysis linked the mitophagy
signature with certain immune cell types, particularly OPTN with immune infiltration in
melanoma. Methylation patterns correlated with gene expression and immune infiltration.
Mutation analysis also showed frequent alterations in PRKN (34%), OPTN (21%), PINK1
(28%), and SRC (15%), with implications for the tumor microenvironment. We also found
various correlations between the expression of the mitophagy-related genes and sensitivity
in different drugs, suggesting that targeting this signature could improve therapy efficacy.
Overall, our findings underscore the importance of mitophagy in cancer biology and drug
resistance, as well as its potential for informing treatment strategies.

Keywords: mitophagy; MAP1LC3; SRC; OPTN; PINK1; PARK2; PRKN; BECN1; BNIP3L;
drug sensitivity; drug resistance; multi-omics; pan-cancer

1. Introduction
Mitophagy is a selective form of autophagy responsible for removing damaged or dys-

functional mitochondria. It plays a critical role in maintaining cellular health by preventing
the accumulation of reactive oxygen species (ROS) and promoting mitochondrial quality
control [1,2]. First described in yeast [3,4], mitophagy was later found to be mediated
in mammalian cells through key pathways involving PINK1 and PRKN. Unlike general
autophagy, which targets diverse cellular components, mitophagy specifically eliminates
mitochondria. In contrast to apoptosis, mitophagy is a survival mechanism that sustains
cellular function under stress. Causes of defective mitochondria include oxidative damage,
mutations in mitochondrial DNA, and disruptions in mitochondrial dynamics. There are
several mechanisms of mitophagy and associated mitochondrial pathways, as described in
Figure 1.
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Figure 1. Mechanisms of mitophagy and associated mitochondrial pathways. (A) PINK1/Parkin-
mediated mitophagy: Under mitochondrial stress, PINK1 accumulates on the outer mitochondrial 
membrane and recruits the E3 ubiquitin ligase Parkin. Parkin ubiquitinates mitochondrial outer 
membrane proteins such as Mfn1/2, VDAC1, and Miro1. These ubiquitinated proteins are subse-
quently recognized by autophagy receptors (NDP52, p62, and OPTN), which facilitate the recruit-
ment of the autophagy machinery, leading to mitochondrial degradation. This pathway is regulated 
by phosphorylation events mediated by TPK1. (B) BNIP3/NIX-mediated mitophagy and cell death 
pathways: BNIP3 and its homolog NIX, both regulated through phosphorylation, can promote mi-
tophagy by directly interacting with autophagy machinery. Alternatively, BNIP3 induces mitochon-
drial permeabilization through Bax/Bak activation, leading to the opening of the mitochondrial per-
meability transition pore (mPTP) and dissociation of the COX1-UCP3 complex. This can trigger 
apoptosis, necrosis, or pyroptosis. In pyroptosis, BNIP3 activation is linked to Caspase-3/GSDME 
activity. (C) FUNDC1-mediated mitophagy: FUNDC1, a mitochondrial outer membrane protein, 
undergoes phosphorylation-dependent regulation to mediate mitophagy by interacting with au-
tophagic components, enabling the selective degradation of damaged mitochondria. 

A mitophagy-related gene signature, including the microtubule-associated protein 1 
light chain 3 alpha (MAP1LC3A or LC3), PTEN-induced putative kinase 1 (PINK1), Parkin 
RBR E3 ubiquitin protein ligase (PRKN or PARK2), SRC proto-oncogene, non-receptor ty-
rosine kinase (SRC), optineurin (OPTN), BCL2/adenovirus E1B-interacting protein 3-like 
(BNIP3L), and Beclin 1 (BECN1), offers a comprehensive framework for understanding 
the mechanisms underlying mitochondrial quality control. MAP1A is a microtubule-as-
sociated protein which mediates the physical interactions between microtubules and com-
ponents of the cytoskeleton. It consists of a heavy chain subunit and multiple light chain 
(LC) subunits. The protein encoded by MAP1A is one of the light chain subunits. LC3 is 
central to autophagosome formation and acts as a scaffold for replication [5,6]. Diseases 
associated with MAP1LC3A include neurodegeneration with brain iron accumulation and 
retinitis pigmentosa–deafness syndrome [7,8]. 

PINK1 and PRKN mediate the recognition and ubiquitination of damaged mitochon-
dria [9]. The PINK1/PRKN pathway is closely associated with Parkinson’s disease and 
influences various cell processes in cancer cells [10]. When the inner mitochondrial 

Figure 1. Mechanisms of mitophagy and associated mitochondrial pathways. (A) PINK1/Parkin-
mediated mitophagy: Under mitochondrial stress, PINK1 accumulates on the outer mitochondrial
membrane and recruits the E3 ubiquitin ligase Parkin. Parkin ubiquitinates mitochondrial outer
membrane proteins such as Mfn1/2, VDAC1, and Miro1. These ubiquitinated proteins are subse-
quently recognized by autophagy receptors (NDP52, p62, and OPTN), which facilitate the recruitment
of the autophagy machinery, leading to mitochondrial degradation. This pathway is regulated by
phosphorylation events mediated by TPK1. (B) BNIP3/NIX-mediated mitophagy and cell death
pathways: BNIP3 and its homolog NIX, both regulated through phosphorylation, can promote
mitophagy by directly interacting with autophagy machinery. Alternatively, BNIP3 induces mito-
chondrial permeabilization through Bax/Bak activation, leading to the opening of the mitochondrial
permeability transition pore (mPTP) and dissociation of the COX1-UCP3 complex. This can trigger
apoptosis, necrosis, or pyroptosis. In pyroptosis, BNIP3 activation is linked to Caspase-3/GSDME
activity. (C) FUNDC1-mediated mitophagy: FUNDC1, a mitochondrial outer membrane protein, un-
dergoes phosphorylation-dependent regulation to mediate mitophagy by interacting with autophagic
components, enabling the selective degradation of damaged mitochondria.

A mitophagy-related gene signature, including the microtubule-associated protein
1 light chain 3 alpha (MAP1LC3A or LC3), PTEN-induced putative kinase 1 (PINK1), Parkin
RBR E3 ubiquitin protein ligase (PRKN or PARK2), SRC proto-oncogene, non-receptor
tyrosine kinase (SRC), optineurin (OPTN), BCL2/adenovirus E1B-interacting protein 3-like
(BNIP3L), and Beclin 1 (BECN1), offers a comprehensive framework for understanding the
mechanisms underlying mitochondrial quality control. MAP1A is a microtubule-associated
protein which mediates the physical interactions between microtubules and components
of the cytoskeleton. It consists of a heavy chain subunit and multiple light chain (LC)
subunits. The protein encoded by MAP1A is one of the light chain subunits. LC3 is central
to autophagosome formation and acts as a scaffold for replication [5,6]. Diseases associated
with MAP1LC3A include neurodegeneration with brain iron accumulation and retinitis
pigmentosa–deafness syndrome [7,8].

PINK1 and PRKN mediate the recognition and ubiquitination of damaged mitochon-
dria [9]. The PINK1/PRKN pathway is closely associated with Parkinson’s disease and
influences various cell processes in cancer cells [10]. When the inner mitochondrial mem-
brane (IMM) is depolarized, PINK1 accumulates in the outer mitochondrial membrane
(OMM) and phosphorylates Parkin, facilitating its recruitment to the OMM [11]. PINK1
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plays a role in regulating various physiological and pathological processes in cancer cells,
such as cytoplasmic homeostasis, cell survival, and cell death. Depending on the context,
PINK1 can function as either a tumor promoter or suppressor [10].

SRC and OPTN facilitate the recruitment of autophagic machinery to defective mi-
tochondria [12]. SRC plays a critical role in connecting damaged mitochondria with
autophagy machinery, initiating their breakdown. Increased SRC activity is linked with
mitochondrial damage and renal failure [13,14].

Disruptions in OPTN can interfere with mitophagy, potentially leading to the build-up
of dysfunctional mitochondria and contributing to diseases such as amyotrophic lateral
sclerosis (ALS) and glaucoma [15]. Optineurin facilitates the selective removal of damaged
mitochondria through autophagosomes, specialized structures responsible for targeting
and disposing of cellular components [16]. This process involves optineurin connecting
with impaired mitochondria and guiding them to autophagosomes for degradation [17].

BNIP3L encodes for a mitophagy receptor, critical for the elimination of dysfunctional
mitochondria [18]. BNIP3L has an increased activity in hypoxic conditions, interacting with
autophagosomes through the protein LC3. In addition, it supports cancer stem cells and
enhances metabolic plasticity. In normal conditions, BNIP3L help cells adapt in low-oxygen
environments. Therefore, it plays a dual role in cancer as a tumor suppressor and as a
tumor enhancer due to its survival aiding properties [19].

BECN1 is a core component of the class III phosphatidylinositol 3-kinase (PI3K-III)
complex, which plays an important role in membrane trafficking and restructuring involved
in autophagy [20]. Being a key component of the autophagosome, it contributes to drug
resistance and allows cancer to evade chemotherapy. There is a strong connection between
BECN1-mediated autophagy and the hypoxic conditions commonly present in the tumor
microenvironment (TME), which in turn contributes to resistance against broad-spectrum
anticancer drugs, such as bevacizumab [21,22].

Emerging evidence indicates that dysregulated mitophagy is closely associated with
cancer, where mitochondrial dysfunction contributes to tumorigenesis, cancer cell survival,
and resistance to therapy [23–25]. For instance, impaired mitophagy can lead to the accu-
mulation of damaged mitochondria, resulting in increased reactive oxygen species (ROS)
production and genomic instability, both of which are key drivers of cancer progression [26].
Furthermore, cancer cells often exploit mitophagy to survive under metabolic stress and
adapt to hypoxic conditions within the TME [27]. Additionally, mitophagy has been impli-
cated in the resistance of cancer cells to chemotherapy and radiotherapy, as the removal of
damaged mitochondria helps in mitigating cell death [28,29].

The dual role of mitophagy in cancer is influenced by the TME and cancer stage.
In early-stage tumors, mitophagy can act as a tumor suppressor by preventing the accu-
mulation of damaged mitochondria, which produce reactive oxygen species (ROS) and
promote genomic instability. Conversely, in advanced tumors, mitophagy can enhance
survival under metabolic stress or hypoxia, allowing cancer cells to adapt to adverse con-
ditions [30,31]. This dichotomy underscores the importance of context when targeting
mitophagy in cancer therapy. Despite the growing understanding of mitophagy in cancer,
significant gaps still remain in the literature. One major gap is the differential expression of
this mitophagy-related gene signature across various cancer types and its impact on tumor
biology and patient prognosis. While some studies have already explored this [32–36],
a comprehensive pan-cancer analysis is lacking. Another critical area of investigation
is the infiltration of immune cells in tumors with different levels of expression of this
signature. The interplay between mitophagy and the TME could reveal new insights
for immunotherapy [37]. Additionally, the deciphering of the patterns of mutations and
methylation in mitophagy-related genes, and how they influence mitophagy and cancer
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progression, still remains underexplored. Also, understanding the sensitivity of different
cancers with varying levels of this mitophagy-related gene signature to different drugs, as
well as deciphering a potential link between mitophagy and drug resistance, could help us
re-evaluate different personalized treatment strategies.

The investigation of this gene signature should provide valuable insights into the
molecular pathways of mitophagy in the context of cancer and highlight potential therapeu-
tic targets for modulating mitochondrial health and improving cancer treatment outcomes.
For example, targeting PINK1 and PRKN to inhibit mitophagy could sensitize cancer
cells to treatment by promoting the accumulation of dysfunctional mitochondria and en-
hancing oxidative stress [38,39]. Similarly, the modulation of the activity of MAP1LC3A
(LC3) and OPTN could influence autophagosome formation and selective degradation of
mitochondria, thereby affecting cancer cell survival [40].

In this study, we comprehensively explored the contribution of these genes to mi-
tophagy and their implication in cancer biology, therapy, and drug resistance. We delved
into the molecular mechanisms by which LC3, PINK1, PRKN, SRC, BNIP3L, BECN1, and
OPTN regulate mitophagy, cancer progression and drug sensitivity or resistance.

2. Results
2.1. Differential Expression of the Mitophagy Signature in Pan-Cancer

We observed significant differential expression patterns of the mitophagy-related
signature across various cancer types. Specifically, in breast cancer (BRCA) and head and
neck squamous cell carcinoma (HNSC), PRKN, PINK1, and MAP1LC3A were downreg-
ulated, while SRC and BECN1 were upregulated. In prostate adenocarcinoma (PRAD),
OPTN, PRKN, BNIP3L, PINK1, and MAP1LC3A were significantly downregulated. In
addition, PRKN was markedly downregulated in lung adenocarcinoma (LUAD), colon
adenocarcinoma (COAD), thyroid cancer (THCA), and lung squamous cell carcinoma
(LUSC), respectively. The expression of BNIP3L was high in kidney clear cell carci-
noma (KIRC), but low in BRCA and chromophobe kidney cancer (KICH). SRC, on
the other hand, was significantly upregulated in BRCA, squamous cell lung cancer
(LUSC) and thyroid cancer (THCA), whereas BECN1 was significantly downregulated
in KIRC (Figure 1A,B and Supplementary Table S1). The observed expression trends of the
mitophagy-related signature, especially PRKN, PINK1 and SRC, may suggest (but do not
imply) causative biological roles of these genes in tumorigenesis.

Subtype-specific investigations revealed that SRC and PINK1 expression varied signifi-
cantly among subtypes 1–4 in KIRC, stomach adenocarcinoma (STAD) and BRCA molecular
subtypes (Basal, Her2, LumA, LumB, normal-like). OPTN expression also varied among
BRCA, KIRC, LUAD, and LUSC subtypes. MAP1LC3A expression differed among classi-
cal, G-CIMP, mesenchymal, neuronal, and proneuronal subtypes in glioblastoma (GBM)
but also among KIRC and STAD subtypes. PRKN expression differed among BRCA and
STAD molecular subtypes. Likewise, BECN1 and BNIP3L were differentially expressed
in discrete subtypes of BRCA, KIRC and STAD (Figure 2c,d and Supplementary Table S2).
Additionally, stage-wise analysis indicated a general trend of either decreasing or sta-
ble expression of the mitophagy signature with advancing stages in many cancer types
(Figure 2e and Supplementary Table S3).
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Figure 2. Differential expression of the mitophagy-related signature in pan-cancer. (a) The bubble
plot illustrates the log2 fold change (FC) in the expression of the mitophagy-related genes across a
spectrum of cancer types, with significance denoted by the false discovery rate (FDR) values, being
represented by the color and size of the bubbles. Blue indicates downregulation, while red indicates
upregulation of each gene in the tumor versus the normal tissues. The size of the circles is associated
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with FDR significance. Notably, PRKN and PINK1 show substantial upregulation in lung adenocarci-
noma (LUAD) and lung squamous cell carcinoma (LUSC), while SRC and OPTN are significantly
elevated in breast cancer (BRCA) and colon adenocarcinoma (COAD), respectively. BECN1 was
significantly downregulated in KIRC, in contrast to BNIP3L, which was upregulated in the tumor.
(b) Boxplots for selected cancer types, showcasing significant differences in gene expression between
normal and tumor tissues. (c) Subtype-specific expression differences, emphasizing that certain genes
exhibit distinct expression patterns within cancer subtypes, such as SRC in kidney renal clear cell car-
cinoma (KIRC) and OPTN in BRCA. Red large circles represent deregulation in mRNA expression that
is statistically significant. (d) The boxplots depict expression differences (log2 RSEM) across molecular
subtypes in different cancer types (PINK1 in LUSC, OPTN in BRCA, SRC in KIRC, MAP1LC3A in
GBM, BNIP3L and BECN1 in BRCA, and PRKN in LUAD). (e) The heatmap shows a general trend of
stable or decreased (in some cases like SRC in BLCA or PINK1 and OPTN in ACC) expression for
the mitophagy-related signature with advancing tumor stages. (f) The Kaplan–Meier curves show
the survival rates in different types of cancer, according to gene expression. Higher expression of
PRKN in LUAD and of PINK1 in LUSC is associated with poorer prognosis, thereby underscoring the
clinical relevance of these mitophagy-related genes in cancer progression and patient survival.

Importantly, survival analyses demonstrated that higher expression levels of PRKN
and PINK1 were associated with better patient outcomes in LUAD (DFI) and KIRC
(OS), respectively. On the other hand, high expression levels of PINK1 and OPTN
correlated with worse patient outcomes in LUSC (PFS) and THCA (DFI), respectively
(Figure 2f and Supplementary Table S4).

Altogether, the differences in the expression of the mitophagy-related signature be-
tween tumor and normal tissues, as well as across different molecular subtypes and cancer
stages, supported by their correlation with patient survival and highlighted the potential
of these genes as biomarkers for tumor prognosis.

2.2. Pathway Activity of the Mitophagy Signature in Pan-Cancer

We then explored the pathway activity associated with the differential expression
of the mitophagy-related genes in pan-cancer. Ten cancer-related pathways were exam-
ined, each with a pair representing activation and inhibition. We found that higher SRC
expression is significantly associated with activated RTK (receptor tyrosine kinase; 16%)
and TSC/mTOR (tuberous sclerosis complex/mechanistic target of rapamycin; 12%) path-
ways in pan-cancer, indicating its potential role in promoting cell growth and survival. In
addition, SRC upregulation was implicated at a lower rate in the activation of the cell cycle
(9%), DNA damage (9%), hormone AR (hormone androgen receptor; 9%) and PI3K/AKT
(phosphoinositide 3-kinase/protein kinase B; 9%) pathways. On the other hand, SRC dis-
played a potential inhibitory effect on the cell cycle (16%), hormone AR (16%), hormone ER
(hormone estrogen receptor; 16%) and apoptosis (12%) pathways in pan-cancer (Figure 3a).

Likewise, the mRNA levels of PRKN exhibited a potential inhibitory effect on the
activity of apoptosis (53%), the cell cycle (38%), and DNA damage (12%) pathways, but
also demonstrated a potential activating effect on the activity of pathways like hormone AR
(22%), hormone ER (22%), RTK (12%), and DNA damage (12%) in pan-cancer (Figure 3a).
For example, the effects of higher pathway activity scores found in breast tumors expressing
low levels of PRKN was quite evident (Figure 3b).
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2.3. Correlation Between the Mitophagy Expression Signature and Immune Infiltration 

Next, we analyzed the mRNA expression of the mitophagy-related gene signature 
and its impact on 24 immune cells. Overall, the Spearman’s correlation coefficients varied 
across different cancer types, revealing distinct patterns of immune cell correlation with 
the expression of OPTN, PINK1, MAP1LC3A, PRKN, BNIP3L, BECN1, and SRC. Significant 
correlations (p < 0.01 and FDR < 0.01) were observed in all types of cancer. For example, 
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Figure 3. Pathway activity associated with differential expression of mitophagy-related genes.
(a) Heatmap depicting the potential activation (A) or inhibitory (I) effects of the mRNA levels of the
mitophagy-related gene signature on the activity of 10 cancer-related pathways in pan-cancer. The
color scale indicates the percentage of pathway activation (red) or inhibition (blue). The percentages
represent the frequency of gene association with pathway regulation in various types of cancer.
(b) The boxplots compare the pathway activity scores (PAS) between high and low expression groups
of PRKN and OPTN in BRCA. The FDR values indicate the significance of the differences in PAS
found between the high and low expression groups.

In addition, PINK1 expression showed a potential inhibitory effect on the activity of the
cell cycle (38%), apoptosis (22%) and DNA damage (22%) pathways in pan-cancer, further
highlighting its potential role in inhibiting programmed cell death and contributing to
tumor progression. It also showed potential activating effect on the activity of the hormone
ER (25%), RAS/MAPK (RAS/mitogen-activated protein kinase; 16%) and hormone AR
(12%) pathways (Figure 3a).

We also show that activated OPTN has a potential activating effect on the activity of
EMT (25%) and Apoptosis (16%) pathways, as well as a potential inhibitory effect on the
activity of the Cell cycle (19%), DNA damage (16%) hormone AR (16%) and PI3K/AKT
(12%) in pan-cancer (Figure 3a). Across all tumors investigated, the most notable differences
in the pathway activity scores between highly and lowly expressing groups, was shown in
breast cancer (Figure 3b).
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In addition, high mRNA levels of MAP1LC3A were shown to potentially activate the
DNA damage response (12%) pathway, while potentially inhibit the activity of apoptosis
(22%), the cell cycle (12%) and RTK (12%) pathways in pan-cancer (Figure 3a).

Furthermore, BNIP3L and BECN1 expression potentially inhibited the cell cycle and
DNA damage pathways (16–19%) in pan-cancer (Figure 3a).

Overall, our analysis revealed a complex interplay between the expression of the
mitophagy-related gene signature and potential activating or inhibitory effects on the
activity of various cancer-related pathways in pan-cancer.

2.3. Correlation Between the Mitophagy Expression Signature and Immune Infiltration

Next, we analyzed the mRNA expression of the mitophagy-related gene signature
and its impact on 24 immune cells. Overall, the Spearman’s correlation coefficients varied
across different cancer types, revealing distinct patterns of immune cell correlation with the
expression of OPTN, PINK1, MAP1LC3A, PRKN, BNIP3L, BECN1, and SRC. Significant cor-
relations (p < 0.01 and FDR < 0.01) were observed in all types of cancer. For example, diffuse
large B cell lymphoma (DLBCL), tenosynovial giant cell tumors (TGCT), prostate adenocar-
cinomas (PRAD), and other types of tumors were positively correlated with infiltration in
NK, MAIT, and CD8+ T cells, while thymomas (THYM) were negatively correlated with
infiltration in CD4/CD8-naive T cells, CD4/CD8 T cells, T follicular helper (Tfh) cells, and
central memory (Figure 4a). Although correlation coefficients below 0.4 indicate moderate
associations, the consistent patterns observed across multiple cancer types and immune cell
subsets suggest biologically meaningful relationships between mitophagy gene expression
and the TME.

In addition, PRKN, PINK1 and MAP1LC3A, expression levels were positively corre-
lated with the infiltration score, as well as the infiltration of various immune cells, including
iTreg, effector memory, exhausted, Th1, and nTreg cells in lung adenocarcinoma (LUAD).

Importantly, in skin melanoma (SKCM), OPTN expression was positively correlated
with infiltration of Th1, Th2, central memory infiltrates, cytotoxic, CD4/CD8 T cells, NK
cells, effector memory T cells, exhausted T cells, B cells, γδ T cells, Tfh and iTreg cells,
while it was negatively correlated with infiltration of CD-naïve, neutrophils, NKT cells and
monocytes (Figure 4b).

We also explored the correlation between the mitophagy-related signature and immune
infiltration, across different tumors. For example, in breast cancer (BRCA) we found that
OPTN, PINK1 and PRKN expression was positively correlated with infiltration of NK cells,
while that of BECN1 was negatively correlated with it. In addition, BNIP3L and BECN1
expression was correlated with infiltration of B cells, CD8+ T cells, dendritic cells, iTregs,
cytotoxic cells, and overall immune infiltration scores. Overall, these findings highlight
the diverse associations between immune infiltration and the expression of the mitophagy-
related genes in pan-cancer. They also suggest that among all the mitophagy-related genes,
OPTN seems to play a major role in modulating the immune microenvironment in SKCM,
potentially influencing tumor-immune interactions and impacting melanoma progression
and response to immunotherapy.
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Figure 4. Correlation between mitophagy-related gene expression and immune cell infiltration
in pan-cancer. (a) The heatmap represents the Spearman’s correlation between the infiltration of
24 immune cell types evaluated through ImmuCellAI, and the expression of the mitophagy-related
gene signature across different cancer types. The color scale indicates the strength and direction
of Spearman’s correlation (blue for negative, red for positive). #, Spearman’s rho <−0.4 or >0.4;
*, p < 0.01. (b) Correlation between the expression of the mitophagy-related signature and immune
cell infiltrates in skin melanoma (SKCM). The size of the dots represents the significance (−log10FDR
values), while the color indicates the correlation coefficient (blue for negative, red for positive).
(c) Scatter plots depicting the Spearman’s correlation between OPTN expression and specific immune
cell infiltrates (Th1, neutrophils, monocytes, and central memory infiltrates) in SKCM, with trend
lines and correlation coefficients. OPTN expression is positively correlated with the infiltration of
Th1 cells and the central memory infiltrate score, and negatively correlated with the infiltration of
neutrophils and monocytes in SKCM.
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2.4. Correlation Between the Mitophagy Methylation Signature, Expression and
Immune Infiltration

We then explored the methylation levels (beta-values, HumanMethylation450) of
MAP1LC3A, OPTN, PINK1, PRKN, SRC, BNIP3L, and BECN1 in pan-cancer and their
association with gene expression and the immune cell infiltrates. Our findings indicate that
the methylation levels of some of these genes differ significantly in some tumors compared
to their adjacent normal tissue. For example, OPTN methylation (cg16907766) seems to be
significantly lower in KIRP and KIRC (but not in KICH) compared to the normal kidney, but
also in BLCA, CESC, PAAD, READ, SKCM, and UVM, compared to their normal adjacent
tissues. On the other hand, OPTN exhibited hypermethylation in BRCA, CHOL, THYM,
and UCEC (Figure S1). Likewise, SRC (cg14215077) was hypermethylated only in LGG,
MESO, and UVM, and hypomethylated in CESC, ESCA, HNSC, KIRC, LIHC, LUAD, LUSC,
READ, SARC, SKCM, STAD, TGCT, and USC. We also found that PINK1 (cg10827226)
was hypermethylated in KIRP and hypomethylated in TGCT. As regards MAP1LC3A
(cg27624319), this was hypermethylated in KIRC and KIRP, but hypomethylated in ACC,
COAD, KICH, LGG, MESO, PCPG, READ, SARC, SKCM, STAD, UCS, and UVM. PRKN
(cg26245302) was also hypomethylated in most tumor types, like BLCA, KICH, MESO,
OV, PCPG, READ, SKC, and THYM. BECN1 (cg24220766) was hypomethylated in DLBCL,
but hypomethylated in SKCM and UVM, while BNIP3L (cg13516551) did not exhibit any
differentially methylated levels (Figure S1).

In addition, as anticipated, we show that the expression of most of the mitophagy-
related genes was negatively correlated with their methylation pattern. For example,
OPTN mRNA levels were significantly anti-correlated with its methylation levels in
GBM (cg17405055, Spearman’s rho = −0.62, FDR = 2.14 × 10−6), UCEC (cg17405055,
Spearman’s rho = −0.52, FDR < 0.0001), LAML (cg24176744, Spearman’s rho = −0.50,
FDR < 0.0001), UVM (cg16907766, Spearman’s rho = −0.48, FDR = 7.01 × 10−6) and other
tumors (Supplementary Table S5).

Overall, we noted a significant hypomethylation in tumor tissues for most genes in the
signature, particularly of OPTN and SRC in KIRC, indicating potential epigenetic regulation.
PRKN and PINK1 had similar methylation profiles with higher levels in adaptive immunity
cells. MAP1LC3A was the only gene in the signature that exhibited hypermethylation,
implying that this epigenetic process has some crucial role in cancer pathogenesis and
immune cell infiltration (Figure 5a). In addition, as expected, hypermethylation seemed
to generally correlate with lower gene expression, and hypomethylation with higher
expression (Figure 5b).

In addition, PRKN methylation was inversely related to its mRNA levels in thymo-
mas (THYM). PRKN exhibited higher methylation in adaptive immunity cells and lower
methylation in monocytes, neutrophils, NKT, CD8-naive, and nTreg cells in LUAD, KIRC,
and SKCM.

The PINK1 methylation pattern was significantly anti-correlated with the gene’s
expression in pheochromocytoma and paraganglioma tumors (PCPG), uveal melanoma
(UVM), KIRC, and testicular germ cell tumors (TGCT). PINK1 displayed higher methylation
in CD4_T, nTreg, iTreg, and Tr1 cells, and lower methylation in gamma delta cells, NK,
neutrophils, and Th2 cells.
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Figure 5. DNA methylation analysis of mitophagy-related genes in pan-cancer and its correla-
tion with their mRNA expression. (a) The dot plot shows differential DNA methylation levels
(tumor vs. normal) for mitophagy-related genes (SRC, OPTN, PINK1, PRKN, MAP1LC3A, BECN1,
and BNIP3L) across various cancer types. The color scale represents the methylation difference
(tumor–normal), and the size of the dots indicates the significance (FDR values). (b) The dot plot
illustrates the correlation between DNA methylation levels and mRNA expression for the same set
of genes across multiple cancer types. The color scale represents Spearman’s correlation coefficient,
with the size of the dots indicating the significance (FDR values). (c) Integrative genomic analysis
displaying the association between PINK1 and MAP1LC3A methylation, expression and CNV, and
various clinical and demographic features in KIRC. The top panel summarizes patient data [age at
diagnosis, hemoglobin levels, histological type, tumor recurrence, smoking history, gender, tumor
stage, sample type, and overall survival (OS)]. The middle panel shows the distribution of PINK1
expression levels across different copy number alterations. Sections marked with ‘−2’ indicate homo-
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zygous deletions, while ‘+1’ or ‘+2’ would indicate low-level or high-level amplifications, respectively.
Higher or lower expression levels of PINK1 and MAP1LC3A are indicated, showing how these levels
align with methylation patterns and CNVs. The bottom panel presents a detailed view of the PINK1
(left) and MAP1LC3A (right) regions, showing the relationship between DNA methylation sites, CpG
islands, gene structure, and expression levels. The color coding of the CpG sites (vertical lines) likely
indicates their methylation status, with different shades representing varying levels of methylation.

An integrative genomic analysis of how DNA methylation and copy number variations
within the MAP1LC3A gene region influence its expression in KIRC, in contrast to the
PINK1 gene region, is shown in Figure 5c. MAP1LC3A expression and CNVs were shown to
correlate with multiple clinical and demographic parameters, whereas elevated MAP1LC3A
expression was found to be associated with certain patient subgroups characterized by
distinct clinical features, such as tumor stage, hemoglobin levels, and smoking history.

SRC methylation was anti-correlated with its mRNA expression in STAD, LIHC,
PAAD, and LUSC, but positively correlated with it in LGG and THYM. SRC showed a
consistent methylation pattern with PRKN in LUAD, KIRC, and SKCM, but had a different
pattern in BRCA, with lower methylation scores observed in B cell Tfh, Th1, cytotoxic, and
DC cells, and higher methylation in CD8-naive, macrophages, and Th17 cells.

MAP1LC3A methylation was significantly anti-correlated with its mRNA expression
in most tumors. MAP1LC3A exhibited higher methylation in Tr, iTreg, CD8T, exhausted,
cytotoxic, DC, and macrophages in KIRC, SKCM, and LUAD, and lower methylation in
CD8-naive, NK, neutrophils, and Th17 cells in the same cancer types. In THCA, MAP1LC3A
had lower methylation in neutrophils, Th2, gamma delta cells, and higher methylation in
cytotoxic, DC, iTreg, and nTreg cells.

OPTN methylation was significantly anti-correlated with its mRNA expression in
CESC, SKCM, LAML, and UCEC. OPTN displayed higher methylation in iTreg, Tfh,
and CD4T cells in KIRC, and in CD8T, cytotoxic, central memory, and B cells in SKCM.
In BRCA, OPTN had higher methylation in central memory and CD8-naive cells, and
lower methylation in NK, NKT, and cytotoxic cells. In THCA, iTreg, nTreg, neutrophils,
monocytes, and macrophages had lower methylation, while B cells showed significant
upregulation (Figure 5b).

The majority of the negative correlations between the signature genes’ methylation
and their mRNA levels imply that methylation of these genes is a regulatory mechanism
affecting their expression in cancerous tissues.

2.5. Correlation Between MAP1LC3A, OPTN, SRC, PINK1, PRKN, BECN1, and BNIP3L
Mutations and Immune Infiltration in Pan-Cancer

The mutation landscape of the mitophagy-related genes across 400 cancer samples
revealed that all samples exhibited alterations in at least one of them. We found a diverse
range of mutation types, including missense mutations, being the majority, but also a lower
percentage of nonsense mutations, frame-shift insertions/deletions, in-frame deletions,
splice sites, and multi-hit mutations. Notably, PRKN exhibited the highest alteration
frequency, affecting 34% of all cancer samples, followed by OPTN (21%), PINK1 (18%),
SRC (15%), BECN1 (13%), MAP1LC3A (9%), and BNIP3L (5%) (Figure 6a). Missense
mutations of C>T and C>A class were the most prevalent type of alteration across the
seven genes, followed by nonsense mutations and frame-shift deletions (Figure 6b). On
average, each tumor sample had 1–2 mutations (pan-cancer), while UCEC, SKCM, COAD,
STAD, DLBCL, and LUSC were the most hypermutated tumors for the genes of interest
(Figure 6c and Supplementary Table S6).
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Figure 6. Mutation landscape of PRKN, OPTN, PINK1, SRC, MAP1LC3A, BECN1, and BNIP3L across
various cancer types. (a) The waterfall plot presents the tumor mutation burden (TMB) per cancer
sample and the mutation distribution of the mitophagy-related gene signature across 400 cancer samples
in the TCGA. Each row represents a gene, and each column represents a cancer sample. Different colors
indicate different types of mutations, including missense mutations, nonsense mutations, frame-shift
deletions, frame-shift insertions, in-frame deletions, splice-site mutations, and multi-hit mutations.
The bar plot on the right shows the percentage of samples with alterations in each gene. The bottom
annotation panel indicates the cancer type for each sample. (b) Summary of variant classifications and
types. Bar plots show the number of different mutation types (missense, nonsense, etc.) and variant
types (SNP, insertion, deletion) for the five genes. The SNV class distribution is displayed, highlighting
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the most frequent base substitutions (184 C>T and 138 C>A). The bottom left plot shows the distri-
bution of variants per sample, with a median of 1 variant per sample. The bottom right plot shows
the variant classification summary for each gene, with the percentage of samples altered. (c) The
heatmap shows the mutation frequency of the mitophagy-related genes across different cancer types.
The numbers in each cell represent the percentage of samples with mutations in the respective gene
and cancer type. The intensity of the color corresponds to the mutation frequency, with a darker red
indicating a higher frequency.

The analysis of CNVs in PRKN, OPTN, PINK1, SRC, BNIP3L, BECN1, and MAP1LC3A
across various cancer types revealed significant heterogeneity in the types and frequen-
cies of CNVs. The highest percentages of CNVs were detected in rectal adenocarcinoma
(READ), uterine carcinosarcoma (UCS), colon adenocarcinoma (COAD), glioblastoma
multiforme (GBM), kidney chromophobe (KICH), and cholangiocarcinoma (CHOL). Sig-
nificant heterozygous amplifications and deletions were also noted in MAP1LC3A, SRC
(heterozygous amplifications), BNIP3L, BECN1, PINK1, and PRKN (heterozygous deletions)
in tumors, including KIRC, DLBC, KICH, HNSC, LUSC, BRCA, LUAD, STAD, READ, and
OV (Figure 7a).

We also explored the frequency of heterozygous amplifications and deletions for each
gene across different cancer types. MAP1LC3A and SRC showed notable heterozygous
amplifications in cancers like BRCA and LIHC. Heterozygous deletions were prevalent in
PRKN, BNIP3L, OPTN, and PINK1, particularly in cancers such as LUSC, ESCA, HNSC,
and COAD (Figure 7b).

Homozygous amplifications and deletions were less frequent, but still significant
in certain cancers. For example, PRKN exhibited homozygous amplifications in cancers
such as uterine carcinosarcoma (UCS) and adrenocortical carcinoma (ACC). Homozygous
deletions were most prominent in BNIP3L, especially in prostate adenocarcinoma (PRAD),
rectal adenocarcinoma (READ) and ovarian serous cystadenocarcinoma (OV) (Figure 7c).

Overall, these findings highlight the complex landscape of CNVs in PRKN, OPTN,
PINK1, SRC, BECN1, BNIP3L, and MAP1LC3A across different cancer types, emphasizing
the potential impact of these genetic alterations on cancer pathogenesis and the importance
of considering CNVs in therapeutic strategies.

In addition, we noted significant correlations between CNVs and immune infil-
trates, such as PRKN CNVs with CD4-T cells in BRCA (corr. = 0.33, p = 4.23 × 10−33,
FDR = 4.11 × 10−32) and PINK1 with NKT cells (corr. = 0.33, p = 1.18 × 10−31,
FDR = 1.56 × 10−30). In KIRC, PINK1 CNVs correlated with neutrophil infiltration
(corr. = 0.44, p = 2.03 × 10−29, FDR = 2.37 × 10−28), and in LUSC, SRC CNVs corre-
lated with infiltration of CD8-naive cells (corr. = 0.34, p = 1.03 × 10−16, FDR = 1.86 × 10−15).
In LUAD, PRKN CNVs correlated with infiltration of MAIT cells (corr. = 0.41, p = 1.34 × 10−24,
FDR = 4.17 × 10−23) and in THYM, MAP1LC3A CNVs correlated with gamma–delta T cell
infiltration (corr. = 0.61, p = 9.81 × 10−14, FDR = 1.21 × 10−11). Negative correlations included
OPTN CNVs with infiltration of CD8-naive cells in GBM (corr. = −0.44, p = 3.34 × 10−8,
FDR = 1.13 × 10−6), OPTN CNVs with an infiltration of cytotoxic cells in LGG
(corr. = −0.30, p = 3.26 × 10−12, FDR = 1.89 × 10−10), and PINK1 CNVs with infiltra-
tion of B cells in KICH (corr. = −0.35, p = 4.46 × 10−3, FDR = 0.03). No significant negative
correlations were found in BRCA for the studied genes (Supplementary Table S7).
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Figure 7. Copy number variations in PRKN, OPTN, PINK1, SRC, BNIP3L, BECN1, and MAP1LC3A
across different cancer types. (a) The pie charts show the frequency and types of CNVs in PRKN,
OPTN, PINK1, SRC, BNIP3L, BECN1, and MAP1LC3A across various cancer types. Each pie chart
represents a cancer type, with different colors indicating the type of CNV. (b) The dot plots illustrate
the distribution of heterozygous amplifications (left) and heterozygous deletions (right) in PRKN,
OPTN, PINK1, SRC, BNIP3L, BECN1, and MAP1LC3A across different cancer types. The size of the
dots corresponds to the percentage of samples with the respective CNV type. (c) The dot plots show
the distribution of homozygous amplifications (left) and homozygous deletions (right) in PRKN,
OPTN, PINK1, SRC, BNIP3L, BECN1, and MAP1LC3A across various cancer types. The size of the
dots represents the percentage of samples with the respective CNV type.

2.6. Correlation Between MAP1LC3A, OPTN, SRC, BNIP3L, BECN1, PINK1, and PRKN
Expression and Drug Sensitivity in Pan-Cancer

Last, we gathered the IC50s of a wide variety of drugs among different cancer cell
lines through the GDSC and CTRP databases and assessed the relationship between the
mRNA values of MAP1LC3A, OPTN, SRC, BNIP3L, BECN1, PINK1, and PRKN and drug
sensitivity. Overall, we found various significant correlations, the majority of which
were positive, particularly for PINK1, SRC, OPTN, and BECN1 in the CTRP, indicating
that higher expression levels of these genes are associated with increased sensitivity to
numerous compounds, like PF-750, phloretin, valdecoxib, GMX-1778, NSC48300, olaparib,
tivantinib, MGCD-265, necrostatin-1, skepinone-L, GDC-0879, and ML239. In the GDSC
drug database, SRC, PINK1, BECN1, and OPTN expression was negatively correlated with
sensitivity in PD-0325901, RDEA119, selumetinib, and trametinib, while MAP1LC3A, SRC,
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PINK1, BECN1, and OPTN were positively correlated with sensitivity in Genentech Cpd 10.
Likewise, SRC and MAP1LC3A mRNA levels were positively correlated with sensitivity to
most of the drugs in the CTRP database. On the other hand, the mRNA levels of PRKN
were negatively correlated with sensitivity to various drugs, including Genentech Cpd
10 (GDSC database), but also with valdecoxib, tivantinib, necrosattin-1, skepinone-L, and
others (CTRP database) (Figure 8a,b). These results highlight that mitophagy-related genes
play a crucial role in determining the response to various small-molecule inhibitors.
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Figure 8. Correlation of MAP1LC3A, OPTN, SRC, PINK1, BNIP3L, BECN1, and PRKN expression
with drug sensitivity (IC50) in pan-cancer, using the GDSC (a) and CTRP (b) drug databases. The
color, from red to blue, depicts the correlation between each gene’s mRNA expression and IC50.
Also, the bubble size represents the false discovery rate (FDR), with larger circles indicating stronger
statistical significance. The color gradient indicates the direction and magnitude of correlation. Blue
color, negative correlation; red color, positive correlation. Significant correlations (FDR < 0.05) are
emphasized with bold outlines, highlighting the most critical interactions. (c) Regulator prioritization
of the mitophagy-related gene signature. Each column is a data cohort. Genes are ranked based on
their average score with multiple cohorts. The colors correspond to different score values, ranging
from −3 (blue) to +3 (red).

Based on the mitophagy-related signature, regulator prioritization ranked PINK1 as
the most valuable marker to follow-up on skin melanoma, BECN1 was the most valu-
able marker to follow up on neuroblastoma (E-MTAB-179), as well as PARK2, PINK1
and OPTN were the most valuable markers to follow up on acute myeloid leukemia
(GSE12417_GPL570), in terms of T cell dysfunction. Similar, MAP1LC3A was the most
valuable marker to follow up on breast cancer (METABRIC dataset). In terms of im-
munotherapy, PARK2, BNIP3L and MAP1LC3A had the highest scores in different studies
using ICB. BECN1 had negative risk scores in two CRISPR screen datasets (Pan2018 OTI
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and PAN2018 Pmell), while OPTN had a negative risk score in M2 tumor-associated
macrophages (Figure 8c).

3. Discussion
Mitophagy plays a critical role in maintaining cellular homeostasis by removing dam-

aged mitochondria, which is crucial for cancer cell survival under stressful conditions, such
as those induced by chemotherapy [41]. Although mutations in the genes involved in this
process have been linked to Parkinson’s disease [42], their involvement in different cancer
types is widely unknown. By mitigating oxidative stress and preventing the accumulation
of dysfunctional mitochondria, mitophagy can enhance the survival of cancer cells, thus
contributing to drug resistance [29].

Here we examined a mitophagy-related signature, evaluating the patterns of differen-
tial gene expression, mutations, methylation, immune infiltration and drug sensitivity of
this signature in pan-cancer. While the selected genes play established roles in mitophagy,
many of them, such as SRC and BECN1, are also involved in other cellular pathways,
including autophagy and cancer-related signaling. The overlap of these pathways may
contribute to the observed associations with tumor progression and drug resistance. The
differential expression of mitophagy-related genes across various cancer types and stages,
suggests that they could serve as biomarkers for predicting patient response to treatment.

Importantly, we show that the relevance of the mitophagy-related signature varies
across cancer subtypes. For example, in KIRC, the signature is strongly associated with
hypomethylation and immune infiltration. In BRCA, SRC expression correlates with ag-
gressive subtypes, while in SKCM, OPTN expression is linked with immune cell infiltration.
These findings suggest that the functional impact of the signature depends on cancer sub-
type and molecular context, driven by differential gene expression, mutational burden, or
epigenetic alterations.

Mitophagy appears to have dual roles in cancer. It can suppress tumor growth by
clearing damaged mitochondria or promote survival by helping cancer cells adapt to
adverse conditions, complicating therapeutic strategies. This dual role complicates the
therapeutic targeting of mitophagy in cancer treatment [29].

Targeting mitophagy-related genes like PINK1 and PRKN could potentially sensitize
cancer cells to treatment by promoting the accumulation of dysfunctional mitochondria,
thereby increasing oxidative stress and cell death. Similarly, modulating the activity of SRC
and OPTN might affect autophagosome formation and selective degradation of mitochon-
dria, influencing cancer cell survival and drug resistance [29,43–45]. Our analysis revealed
that high PINK1 mRNA levels in lung squamous cell carcinoma or OPTN in thyroid cancer
are associated with improved survival. Similarly, upregulation of MAP1LC3A in colorectal
cancer is correlated with better outcomes, reinforcing the prognostic value of these markers.
Thus, combining mitophagy inhibitors with standard therapies may improve responses in
aggressive cancers like these.

Decreased expression of mitophagy-related genes has been shown to cause degenera-
tive diseases in which deficient quality control results in inflammation and the death of
cell populations [2]. The LC3 gene plays a crucial role in the formation of autophagosomes
and acts as a replication platform [46,47]. The inhibition of autophagy has been shown
to result in a decreased expression of LC3, and a decrease in autophagosomes, suggest
that blocking autophagy may could be used as a potential treatment for cancer. Reducing
LC3 in triple-negative breast cancer cells significantly decreased cell viability, leading to
apoptosis. On the other hand, the upregulation of LC3 has been linked with better survival
in colorectal cancer [47]. It is important to note that while LC3A is typically downregulated
in many types of cancer, it did not show significant activation of pro-apoptotic pathways
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in this study, indicating that the mechanism examined by Monastyrska et al. [46] may
not translate directly to humans. Additionally, we showed that LC3A has varying levels
of dysregulation in immune infiltrates, being upregulated in innate immunity cells and
downregulated in adaptive immunity cells in several cancer types.

Apart from LC3A, mitophagy is also interconnected with SRC, the high expression
levels of which are linked with mitochondrial damage [48]. It has been shown that the SRC
inhibitor PP2 effectively blocks the growth and EMT of triple-negative breast cancer cell
lines [14]. Tan et al. [49] highlighted that SRC upregulation increases cancer aggressive-
ness, and SRC inhibitors reduce this effect. Our study supports these findings, showing
upregulated SRC expression across various tumor types, indicating its role in cancer prolif-
eration [47,49].

Alterations in OPTN can also affect mitophagy and mitochondrial function. Optineurin
helps autophagosomes selectively consume damaged mitochondria by attaching them to
them and securing them for degradation [15]. The PINK1/Parkin pathway, originally
linked to Parkinson’s disease, is crucial for mitochondrial clearance. PINK1’s role in
mitophagy involves its voltage-dependent translocation to the inner mitochondrial mem-
brane and cleavage by presenilin-associated rhomboid-like protein (PARL) under normal
conditions [50]. PINK1 functions as a tumor promoter or suppressor, depending on the
context [17]. PRKN targets damaged mitochondria for degradation, playing a crucial role
in maintaining mitochondrial quality control. PARK2 inhibits the HIPPO/YAP axis in
esophageal squamous cell carcinoma, promoting YAP degradation and suppressing ESCC
progression [51]. Our pan-cancer analysis revealed minimal differences between PINK1 and
PRKN2, suggesting that they fulfil similar functions in tumors like lung cancer. Significant
changes in mRNA expression levels were identified across eight cancer types, with PRKN
and PINK1 being generally downregulated and SRC being upregulated. These trends
indicate the role of these genes in cancer progression.

We also examined the impact of the mRNA levels of these genes on patient survival
across various cancers. Most genes were associated with better survival rates when upreg-
ulated, indicating an overly activated autophagy response.

The inhibition of SRC, when combined with tamoxifen, has been shown to improve
drug efficacy, while its upregulation increases the efficacy by inhibiting cell cycle progres-
sion. However, elevated SRC-3 is linked to prostate cancer recurrence and aggressive
progression [52]. In our study, we show that SRC expression is significantly associated
with overall and relapse-free survival in multiple cancers. SRC’s duality is also seen in
PINK1 and PARK2. Reduced PINK1 and PARK2 expression was noted in pRCC compared to
non-neoplastic tissue, with lower protein levels documented [53]. Another study also high-
lighted PINK1’s diverse role in cancer biology [10]. In ESCC, low PINK1 and PARK2 levels
were linked to worse differentiation, advanced stages, and poor prognosis. PINK1 and
PARK2 were identified as independent risk factors for ESCC prognosis [54]. Our pan-cancer
analysis showed an improved survival in LUSC and KIRC patients with upregulated PINK1,
indicating their potential prognostic value. However, better survival was mostly noted
when PINK1 and PRKN2 were downregulated, except in lung cancer. OPTN may modulate
ER stress response signaling, aiding cellular homeostasis. Disruptions in OPTN function
could contribute to pathogenesis [55]. In another study, the downregulation of HACE1 and
OPTN proteins was observed in various cancers [56]. Our study found no clear correlation
between OPTN expression and survival, though overexpression showed more favorable,
yet not statistically significant, results. Thus, OPTN demonstrated a multifaceted nature.

We also examined the correlation between the specific mRNA expression of the
mitophagy-related signature and pathway activity in various cancers. The dual role of SRC
was noted in different cellular processes, showing significant activation in pathways linked
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to cell growth and survival, such as the RTK and TSC/mTOR pathways. These pathways
are often implicated in the development of drug resistance as they promote cancer cell
survival and proliferation, even in the presence of chemotherapeutic agents.

Furthermore, we examined the link between the expression of the mitophagy-related
signature and immune cell infiltrates. Our findings suggest SRC as a prognostic biomarker
in pan-cancer.

We also address the role of mutations in the mitophagy-related genes, which can
further influence drug resistance. Mutations in PRKN and PINK1, for instance, may disrupt
their tumor-suppressive functions, leading to an enhanced survival mechanism in cancer
cells, making them more resistant to treatment.

Modulation of mitophagy-related genes has shown promise in overcoming drug resis-
tance. For instance, inhibiting SRC activity with dasatinib sensitizes triple-negative breast
cancer cells to chemotherapy by suppressing epithelial-to-mesenchymal transition [57,58].
Similarly, targeting PINK1-mediated mitophagy enhances the efficacy of cisplatin in non-
small cell lung cancer by preventing the clearance of damaged mitochondria [59]. These
examples illustrate how the dual role of mitophagy can be leveraged to improve treatment
outcomes in specific contexts.

Importantly, we delved into the intricate relationship between genetic mutations and
immune responses in cancer progression. SRC exhibited notable activation in pathways
governing cell cycle regulation and growth signaling, while concurrently displaying in-
hibition in apoptosis and hormone receptor signaling pathways. We also revealed that
PRKN displayed an intricate pattern, characterized by inhibition in cell cycle control and
DNA damage response pathways, but activation in hormone receptor pathways. Similarly,
PINK1 demonstrated a dual role, inhibiting cell cycle regulation and DNA damage repair
pathways, while simultaneously promoting hormone receptor signaling and RAS-MAPK
pathway activity. OPTN displayed both activating and inhibitory effects across various
pathways, including apoptosis and epithelial–mesenchymal transition.

Furthermore, we uncovered significant enrichment of immune cell infiltrates associ-
ated with OPTN in different cancer types, highlighting the complex regulatory mechanisms
involved in cancer pathogenesis, which entail an intricate interplay between genetic muta-
tions and immune cell interactions.

In addition, we focused on CNVs affecting the mitophagy signature across various
cancers. Significant CNVs were found to affect MAP1LC3A, SRC, PINK1, and PRKN across
multiple tumors, including KIRC, DLBC, KICH, HNSC, LUSC, BRCA, LUAD, STAD, READ,
and OV.

Additionally, we examined how methylation in our signature associates with immune
cell infiltrates across different tumors. Overall, the methylation levels of the mitophagy
signature were associated with immune cell infiltrates, suggesting roles in shaping the
TME. Nunes et al. [60] found that in bladder cancer, low methylation of MAP1LC3A
could be due to compromised mitophagy mechanisms in advanced stages. These findings
underscore the complex relationships between gene methylation, immune cell infiltrates
and cancer development, emphasizing the role of methylation patterns in shaping the
TME and influencing immune responses. Lower methylation levels were also linked with
increased immune infiltrates in KIRC and BLCA, highlighting gene methylation as key
determinants in tumor–immune interactions.

Future studies could explore the impact of demethylation treatments on mitophagy-
related gene expression and their subsequent effects on tumor biology in specific cancer
types. For instance, treatment with DNA methylation inhibitors like 5-azacytidine or
decitabine could reveal whether the observed hypomethylation patterns of PRKN or OPTN
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in kidney renal clear cell carcinoma and other cancers are reversible and whether they
influence immune cell infiltration or tumor progression.

As regards drug sensitivity, our findings provide compelling evidence for the sig-
nificant role of mitophagy-related genes in influencing cancer cell sensitivity to various
therapeutic compounds. The positive correlations between the expression of PINK1, SRC,
BECN1, and OPTN and drug sensitivity suggest that higher levels of these genes are associ-
ated with increased vulnerability of cancer cells to treatment. This finding is particularly
noteworthy because it underscores the potential of mitophagy as a therapeutic target. By
enhancing the expression or activity of mitophagy-related genes, it might be possible to
sensitize cancer cells to existing treatments, thereby improving their efficacy. In addition,
our findings suggest that combining inhibitors of mitophagy-related pathways with tradi-
tional chemotherapies could overcome drug resistance. By inhibiting mitophagy, it might
be possible to prevent cancer cells from mitigating the effects of chemotherapy, thereby
enhancing treatment efficacy. Similarly, other mitophagy-related genes, including those
associated with the PINK1/Parkin pathway, have been shown to facilitate drug resistance.
For example, the interaction between Caveolin-1 (Cav-1) and Parkin in non-small-cell
lung cancer cells bolsters resistance to cisplatin by encouraging the clearance of damaged
mitochondria. Reducing Cav-1 expression diminishes this mitophagy, heightening the
sensitivity of cancer cells to cisplatin. This exemplifies how the impairment of mitophagy-
related gene function can weaken the cell’s capability to tolerate chemotherapy, thereby
enhancing drug efficacy [61].

Mitophagy-related genes also influence resistance by affecting mitochondrial dynamics
and apoptosis. For instance, a novel derivative of betulinic acid, B5G1, demonstrates
anticancer properties by activating mitochondrial apoptosis and promoting mitophagy via
PINK1. Inhibiting mitophagy with specific agents, such as mdivi-1 or bafilomycin, increases
the sensitivity of drug-resistant cancer cells to B5G1, highlighting the potential of targeting
mitophagy-related genes to reverse drug resistance [62,63].

While our in-silico analysis revealed significant correlations between the expression of
mitophagy-related genes (e.g., PINK1, SRC, and OPTN) and drug sensitivity, experimental
validation is critical to confirm these findings. In vitro studies, such as treating cancer cell
lines with small-molecule inhibitors (e.g., SRC inhibitors like dasatinib or trametinib) or
inducing mitophagy via PINK1 activators, could further elucidate the therapeutic relevance
of these genes in overcoming drug resistance.

Personalized medicine offers a promising strategy to tackle cases where mitophagy
contributes to cancer resistance against chemotherapy and other anti-cancer treatments.
By deepening our understanding of the mechanisms that govern mitophagy and its rela-
tionship with cancer, we can devise strategies that incorporate mitophagy-related gene
therapy inhibitors or inducers alongside standard chemotherapy regimens. Moreover,
by identifying specific correlations between the expression of mitophagy-related genes
and drug sensitivity, we can pave the way for more individualized treatment approaches.
Future research should concentrate on validating these findings in clinical settings and
investigating the mechanistic foundations of how mitophagy influences drug response.
Additionally, exploring the interplay between mitophagy and other cellular pathways
could yield valuable insights into combination therapies that leverage these vulnerabili-
ties. Overall, this approach emphasizes the significance of integrating mitophagy-related
biomarkers into cancer treatment strategies to improve therapeutic outcomes.
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4. Materials and Methods
4.1. Gene Selection and Differential Expression

We selected genes with well-established roles in mitophagy, as evidenced by prior
literature and pathway annotations in the Kyoto Encyclopedia of Genes and Genomes
(KEGG) database (accessed on 1 July 2024). Priority was given to genes with documented
involvement in cancer progression, mitochondrial quality control, and autophagy. The final
signature included PRKN, PINK1, MAP1LC3A, SRC, BNIP3L, BECN1 and OPTN, which
represent a core set of mitophagy regulators.

We extracted normalized and batch-correlated RSEM mRNA levels (level 3) from
the Cancer Genome Atlas (TCGA) [64] through the GDC Data Portal (Data Release
41.0—28 August 2024) to assess the differential expression of OPTN, MAP1LC3B, SRC,
BNIP3L, BECN1, PINK1, and PRKN across 12 cancer types and their paired normal tissues.

We also assessed the patient’s overall (OS), progression-free (PFS), disease-specific
survival (DSS), and disease-free interval (DFI) based on the mitophagy-related gene
expression, using survival in R (v. 4.1.1), the Cox proportional hazards model and
log-rank tests.

In addition, we explored mitophagy-related gene expression across tumors of different
stages. To this end, we used 4 types of stage (pathologic, clinical, masaoka (for THYM
only), and igcccg stage (for TGCT only)).

4.2. Pathway Activity

We estimated the difference in mitophagy-related gene expression between pathway
activity groups (activation and inhibition). To this end, we used reverse phase protein
array (RPPA) data from the Cancer Proteome Atlas (TCPA) [65] to calculate the pathway
activity scores of 10 cancer-related pathways in pan-cancer, as previously described in
detail [66–68].

4.3. Immune Infiltration

We estimated the association between the mitophagy-related signature’s mRNA levels
and the infiltration of immune cells in the tumor, using Spearman’s correlation. The
infiltrates of 24 immune cells were evaluated using ImmuCellAI [69].

4.4. Mutations

Single nucleotide variations (SNVs) and copy number variations (CNVs) affecting
the mitophagy-related signature genes were extracted from the TCGA. High-confidence
mutations were selected based on functional impact scores annotated using the ANNOVAR
tool, with a focus on missense, nonsense, and frameshift mutations. CNV data were
processed through GISTIC2.0 [70].

4.5. Differential Methylation

Illumina Human Methylation 450 k (level 3) data were downloaded from the TCGA.
As there are multiple methylation sites within each gene, we used multiple tags for each
genomic site and filtered out the sites being most negatively correlated with gene expression
prior to the analysis.

MEXPRESS was also used to visualize DNA methylation, expression and clinical
data [71]. DNA methylation values (beta values, ranging between 0 and 1, represent the
ratio of the intensity of the methylated bead type to the combined locus intensity) were
recorded for each array probe in each sample via BeadStudio 2.1. software. Microarray
probes were mapped onto the human genome coordinates using Xena probeMap derived
from the GEO GPL13534 record.
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4.6. Drug Sensitivity

We collected the inhibitory concentrations (IC50s) of various molecules across different
cell lines and the corresponding mRNA levels from the Genomics of Drug Sensitivity in
Cancer (GDSC v2) [72] and the Genomics of Therapeutics Response Portal (CTRP v2) [73].
The CTRP v2 provides information on 481 small-molecule probes and drugs that selectively
target distinct nodes in cell circuitry and that collectively modulate a broad array of cell
processes. In addition, GDSC v2 contains 969 cell lines, 297 compounds, and 243,466
IC50s (assay: CellTitreGlo; duration: 72 h). We correlated the gene expression patterns
and drug IC50s using the Pearson’s correlation coefficient with threshold of |r| > 0.3
and a false discovery rate (FDR) < 0.05. Sensitivity was classified as positive if higher
gene expression correlated with lower IC50 values (greater sensitivity) and negative if the
correlation was inverse. Cross-validation was performed using randomly stratified subsets
of the data, and key findings were replicated across both the GDSC and CTRP databases to
ensure robustness.

We also used the Tumor Immune Dysfunction and Exclusion (TIDE) algorithm [74,75]
(http://tide.dfci.harvard.edu/, accessed on 3 August 2024) to find associations between the
mRNA expression of the mitophagy-related signature and immune checkpoint inhibition
therapy outcomes, through regular prioritization. To this end, we ranked our gene set based
on dysfunction and risk scores computed from different clinical studies and CRISPR screens.
Z-transformation was applied to unify the scores and the mean score was subtracted
divided by the standard deviation of all values.

4.7. Selection and Description of Participants

Level 3 mRNA expression data were extracted from 9478 tumor samples and their
adjacent normal tissue across 27 cancer types. Normalized mRNA expression data (level
3 RSEM) were obtained from TCGA and subsequently processed for batch effects using the
Combat algorithm implemented in the ‘sva’ R package (v. 4.1.1). This method adjusts for
potential confounding factors across datasets, ensuring comparability between samples [76].
For immune infiltration, we analysed 4950 samples from 33 cancer types. SNVs affecting
the gene signature were extracted from 10,234 samples from 33 cancer types.

4.8. Statistics

For the analysis of differential gene expression and methylation between cancer and
normal tissues, the p-values were estimated using a t-test and then adjusted by FDR.
FDR ≤ 0.05 was considered statistically significant. To assess differences in gene expression
across tumor stages, we used the Mann–Kendall Trend test. The difference in pathway
activity score between subgroups was also defined by Student’s t-test, and p-values were
FDR-adjusted. Mitophagy-related gene expression was correlated with mutations and
methylation, using Spearman’s test. Pearson’s test was used to correlate mRNA expres-
sion with drug IC50. All p-values were adjusted by FDR. Raw data and bioinformatics
scripts used in this study are available in Figshare (10.6084/m9.figshare.28079306) upon
publication to ensure reproducibility.

5. Conclusions
Our findings indicate that the relevance of mitophagy varies across cancer subtypes

and their molecular characteristics. The expression of this signature impacts different
aspects of cancer progression, such as drug sensitivity, immune cell infiltration and the
activity of different cancer-related pathways. By understanding the mechanisms through
which mitophagy-related genes contribute to drug tolerance, new therapeutic strategies
can be developed to enhance the sensitivity of cancer cells to treatment. Here, we support

http://tide.dfci.harvard.edu/
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that the comprehensive analysis of gene expression, pathway activity, methylation and
immune infiltration provides a robust framework for exploring these mechanisms and their
implications in personalized cancer therapy.
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ALS amyotrophic lateral sclerosis
AR androgen receptor
BRCA breast cancer
CDR cancer drug resistance
CNV copy number variation
COAD colon adenocarcinoma
CTRP cancer therapeutics response portal
DC dendritic cells
DFI disease-free interval
DLBC diffuse large B-cell lymphoma
EMT epithelial–mesenchymal transition
ER estrogen receptor
FDR false discovery rate
GBM glioblastoma multiforme
GDSC genomics of drug sensitivity in cancer
HNSC head and neck squamous cell carcinoma
ICB immune checkpoint blockade
IC50 half maximal inhibitory concentration
KICH kidney chromophobe
KIRC kidney renal clear cell carcinoma
LGG lower grade glioma
LIHC liver hepatocellular carcinoma
LUAD lung adenocarcinoma
LUSC lung squamous cell carcinoma
MAP1LC3A microtubule-associated protein 1 light chain 3 alpha
NK natural killer (cells)
NKT natural killer T (cells)
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OPTN optineurin
OS overall survival
OV ovarian cancer
PCPG pheochromocytoma and paraganglioma
PFS progression-free survival
PINK1 PTEN-induced putative kinase 1
PRAD prostate adenocarcinoma
PRKN Parkin RBR e3 ubiquitin protein ligase
PTM post-translational modification
RTK receptor tyrosine kinase
SKCM skin cutaneous melanoma
SRC SRC proto-oncogene, non-receptor tyrosine kinase
STAD stomach adenocarcinoma
TCPA The Cancer Proteome Atlas
TCGA The Cancer Genome Atlas
TGCT testicular germ cell tumors
THCA thyroid carcinoma
THYM thymoma
TIDE tumor immune dysfunction and exclusion
TME tumor microenvironment
TSC/mTOR tuberous sclerosis complex / mechanistic target of rapamycin
UCEC uterine corpus endometrial carcinoma

References
1. Jiang, P.; Mizushima, N. Autophagy and human diseases. Cell Res. 2014, 24, 69–79. [CrossRef] [PubMed]
2. Green, D.R.; Galluzzi, L.; Kroemer, G. Mitochondria and the autophagy-inflammation-cell death axis in organismal aging. Science

2011, 333, 1109–1112. [CrossRef] [PubMed]
3. Rubinsztein, D.C.; Shpilka, T.; Elazar, Z. Mechanisms of Autophagosome Biogenesis. Curr. Biol. 2012, 22, R29–R34. [CrossRef]

[PubMed]
4. Towers, C.G.; Wodetzki, D.K.; Thorburn, J.; Smith, K.R.; Caino, M.C.; Thorburn, A. Mitochondrial-derived vesicles compensate

for loss of LC3-mediated mitophagy. Dev. Cell 2021, 56, 2029–2042.e5. [CrossRef] [PubMed]
5. Hayflick, S.J.; Kurian, M.A.; Hogarth, P. Neurodegeneration with brain iron accumulation. Handb. Clin. Neurol. 2018, 147, 293–305.

[CrossRef] [PubMed]
6. Toms, M.; Pagarkar, W.; Moosajee, M. Usher syndrome: Clinical features, molecular genetics and advancing therapeutics. Ther.

Adv. Ophthalmol. 2020, 12, 2515841420952194. [CrossRef] [PubMed]
7. Narendra, D.; Tanaka, A.; Suen, D.-F.; Youle, R.J. Parkin is recruited selectively to impaired mitochondria and promotes their

au-tophagy. J. Cell Biol. 2008, 183, 795–803. [CrossRef] [PubMed]
8. Wang, M.; Luan, S.; Fan, X.; Wang, J.; Huang, J.; Gao, X.; Han, D. The emerging multifaceted role of PINK1 in cancer biology.

Cancer Sci. 2022, 113, 4037–4047. [CrossRef] [PubMed]
9. Murillo-González, F.E.; García-Aguilar, R.; Vega, L.; Elizondo, G. Regulation of Parkin expression as the key balance between

neural survival and cancer cell death. Biochem. Pharmacol. 2021, 190, 114650. [CrossRef] [PubMed]
10. Wong, Y.C.; Holzbaur, E.L.F. Optineurin is an autophagy receptor for damaged mitochondria in parkin-mediated mitophagy that

is disrupted by an ALS-linked mutation. Proc. Natl. Acad. Sci. USA 2014, 111, E4439–E4448. [CrossRef] [PubMed]
11. Su, L.; Chen, Y.; Huang, C.; Wu, S.; Wang, X.; Zhao, X.; Xu, Q.; Sun, R.; Kong, X.; Jiang, X.; et al. Targeting Src reactivates

pyroptosis to reverse chemoresistance in lung and pancreatic cancer models. Sci. Transl. Med. 2023, 15, eabl7895. [CrossRef]
[PubMed]

12. Shao, W.; Liu, L.; Zheng, F.; Ma, Y.; Zhang, J. The potent role of Src kinase-regulating glucose metabolism in cancer. Biochem.
Pharmacol. 2022, 206, 115333. [CrossRef] [PubMed]

13. Ravenhill, B.J.; Boyle, K.B.; von Muhlinen, N.; Ellison, C.J.; Masson, G.R.; Otten, E.G.; Foeglein, A.; Williams, R.; Randow, F. The
Cargo Receptor NDP52 Initiates Selective Autophagy by Recruiting the ULK Complex to Cytosol-Invading Bacteria. Mol. Cell
2019, 74, 320–329.e6. [CrossRef] [PubMed]

14. Ali, D.M.; Ansari, S.S.; Zepp, M.; Knapp-Mohammady, M.; Berger, M.R. Optineurin downregulation induces endoplasmic
reticulum stress, chaperone-mediated autophagy, and apoptosis in pancreatic cancer cells. Cell Death Discov. 2019, 5, 128.
[CrossRef] [PubMed]

https://doi.org/10.1038/cr.2013.161
https://www.ncbi.nlm.nih.gov/pubmed/24323045
https://doi.org/10.1126/science.1201940
https://www.ncbi.nlm.nih.gov/pubmed/21868666
https://doi.org/10.1016/j.cub.2011.11.034
https://www.ncbi.nlm.nih.gov/pubmed/22240478
https://doi.org/10.1016/j.devcel.2021.06.003
https://www.ncbi.nlm.nih.gov/pubmed/34171288
https://doi.org/10.1016/B978-0-444-63233-3.00019-1
https://www.ncbi.nlm.nih.gov/pubmed/29325618
https://doi.org/10.1177/2515841420952194
https://www.ncbi.nlm.nih.gov/pubmed/32995707
https://doi.org/10.1083/jcb.200809125
https://www.ncbi.nlm.nih.gov/pubmed/19029340
https://doi.org/10.1111/cas.15568
https://www.ncbi.nlm.nih.gov/pubmed/36071695
https://doi.org/10.1016/j.bcp.2021.114650
https://www.ncbi.nlm.nih.gov/pubmed/34111426
https://doi.org/10.1073/pnas.1405752111
https://www.ncbi.nlm.nih.gov/pubmed/25294927
https://doi.org/10.1126/scitranslmed.abl7895
https://www.ncbi.nlm.nih.gov/pubmed/36630483
https://doi.org/10.1016/j.bcp.2022.115333
https://www.ncbi.nlm.nih.gov/pubmed/36404485
https://doi.org/10.1016/j.molcel.2019.01.041
https://www.ncbi.nlm.nih.gov/pubmed/30853402
https://doi.org/10.1038/s41420-019-0206-2
https://www.ncbi.nlm.nih.gov/pubmed/31428460


Int. J. Mol. Sci. 2025, 26, 448 25 of 27

15. Qiu, Y.; Wang, J.; Li, H.; Yang, B.; Wang, J.; He, Q.; Weng, Q. Emerging views of OPTN (optineurin) function in the autophagic
process associated with disease. Autophagy 2022, 18, 73–85. [CrossRef] [PubMed]

16. Yasuda, M.; Han, J.W.; A Dionne, C.; Boyd, J.M.; Chinnadurai, G. BNIP3alpha: A human homolog of mitochondrial proapoptotic
protein BNIP3. Cancer Res. 1999, 59, 533–537. [PubMed]

17. Panigrahi, D.P.; Praharaj, P.P.; Bhol, C.S.; Mahapatra, K.K.; Patra, S.; Behera, B.P.; Mishra, S.R.; Bhutia, S.K. The emerging,
multifaceted role of mitophagy in cancer and cancer therapeutics. Semin. Cancer Biol. 2020, 66, 45–58. [CrossRef] [PubMed]

18. Yue, Z.; Zhong, Y. From a global view to focused examination: Understanding cellular function of lipid kinase VPS34-beclin
1 complex in autophagy. J. Mol. Cell Biol. 2010, 2, 305–307. [CrossRef] [PubMed]

19. Li, W.; Zhou, C.; Yu, L.; Hou, Z.; Liu, H.; Kong, L.; Xu, Y.; He, J.; Lan, J.; Ou, Q.; et al. Tumor-derived lactate promotes resistance to
bevacizumab treatment by facilitating autophagy enhancer protein RUBCNL expression through histone H3 lysine 18 lactylation
(H3K18la) in colorectal cancer. Autophagy 2024, 20, 114–130. [CrossRef] [PubMed]

20. Liu, B.; Yao, X.; Shang, Y.; Dai, J. The multiple roles of autophagy in uveal melanoma and the microenvironment. J. Cancer Res.
Clin. Oncol. 2024, 150, 121. [CrossRef] [PubMed]

21. Galluzzi, L.; Pietrocola, F.; Levine, B.; Kroemer, G. Metabolic Control of Autophagy. Cell 2014, 159, 1263–1276. [CrossRef]
[PubMed]

22. Luo, Y.; Ma, J.; Lu, W. The Significance of Mitochondrial Dysfunction in Cancer. Int. J. Mol. Sci. 2020, 21, 5598. [CrossRef]
[PubMed]

23. Chiu, H.Y.; Tay, E.X.Y.; Ong, D.S.T.; Taneja, R. Mitochondrial Dysfunction at the Center of Cancer Therapy. Antioxid. Redox Signal.
2020, 32, 309–330. [CrossRef] [PubMed]

24. Weinberg, F.; Chandel, N.S. Reactive oxygen species-dependent signaling regulates cancer. Cell. Mol. Life Sci. 2009, 66, 3663–3673.
[CrossRef] [PubMed]

25. D’Autréaux, B.; Toledano, M.B. ROS as signalling molecules: Mechanisms that generate specificity in ROS homeostasis. Nat. Rev.
Mol. Cell Biol. 2007, 8, 813–824. [CrossRef] [PubMed]

26. Bahar, E.; Han, S.-Y.; Kim, J.-Y.; Yoon, H. Chemotherapy Resistance: Role of Mitochondrial and Autophagic Components. Cancers
2022, 14, 1462. [CrossRef] [PubMed]

27. Yan, C.; Li, T.-S. Dual Role of Mitophagy in Cancer Drug Resistance. Anticancer Res. 2018, 38, 617–621. [CrossRef] [PubMed]
28. Zhang, C.; Zeng, C.; Xiong, S.; Zhao, Z.; Wu, G. A mitophagy-related gene signature associated with prognosis and immune

mi-croenvironment in colorectal cancer. Sci. Rep. 2022, 12, 18688. [CrossRef] [PubMed]
29. Liu, C.; Wu, Z.; Wang, L.; Yang, Q.; Huang, J.; Huang, J. A Mitophagy-Related Gene Signature for Subtype Identification and

Prognosis Prediction of Hepatocellular Carcinoma. Int. J. Mol. Sci. 2022, 23, 12123. [CrossRef] [PubMed]
30. Ke, Q.; Wang, Y.; Deng, Y.; Wang, J.; Yuan, M.; Liang, A.; Gong, Q. Identification and validation of mitophagy-related signatures

as a novel prognostic model for colorectal cancer. Transl. Cancer Res. 2024, 13, 782–797. [CrossRef] [PubMed]
31. Wang, J.; Qiu, X.; Huang, J.; Zhuo, Z.; Chen, H.; Zeng, R.; Luo, Y. Development and validation of a novel mitophagy-related gene

prognostic signature for glio-blastoma multiforme. BMC Cancer 2022, 22, 644. [CrossRef] [PubMed]
32. Zhao, Y.; Zhang, Y.; Dai, C.; Hong, K.; Guo, Y. A signature constructed with mitophagy-related genes to predict the prognosis and

therapy response for breast cancer. Aging 2022, 14, 6169–6186. [CrossRef] [PubMed]
33. Parzych, K.R.; Klionsky, D.J. An overview of autophagy: Morphology, mechanism, and regulation. Antioxid. Redox Signal 2014, 20,

460–473. [CrossRef] [PubMed]
34. Sulkshane, P.; Ram, J.; Thakur, A.; Reis, N.; Kleifeld, O.; Glickman, M.H. Ubiquitination and receptor-mediated mitophagy

converge to eliminate oxidation-damaged mitochondria during hypoxia. Redox Biol. 2021, 45, 102047. [CrossRef] [PubMed]
35. Wu, H.; Chen, Q. Hypoxia activation of mitophagy and its role in disease pathogenesis. Antioxid. Redox Signal. 2015, 22, 1032–1046.

[CrossRef] [PubMed]
36. Dikic, I.; Johansen, T.; Kirkin, V. Selective autophagy in cancer development and therapy. Cancer Res. 2010, 70, 3431–3434.

[CrossRef] [PubMed]
37. Cancer Genome Atlas Research Network; Weinstein, J.N.; Collisson, E.A.; Mills, G.B.; Shaw, K.R.M.; Ozenberger, B.A.; Ellrott, K.;

Shmulevich, I.; Sander, C.; Stuart, J.M. The Cancer Genome Atlas Pan-Cancer analysis project. Nat. Genet. 2013, 45, 1113–1120.
[CrossRef] [PubMed]

38. Li, J.; Akbani, R.; Zhao, W.; Lu, Y.; Weinstein, J.N.; Mills, G.B.; Liang, H. Explore, Visualize, and Analyze Functional Cancer
Proteomic Data Using the Cancer Proteome Atlas. Cancer Res. 2017, 77, e51–e54. [CrossRef] [PubMed]

39. Rigopoulos, C.; Georgakopoulos-Soares, I.; Zaravinos, A. A Multi-Omics Analysis of an Exhausted T Cells’ Molecular Signature
in Pan-Cancer. J. Pers. Med. 2024, 14, 765. [CrossRef] [PubMed]

40. Akbani, R.; Ng, P.K.S.; Werner, H.M.J.; Shahmoradgoli, M.; Zhang, F.; Ju, Z.; Liu, W.; Yang, J.-Y.; Yoshihara, K.; Li, J.; et al. A
pan-cancer proteomic perspective on The Cancer Genome Atlas. Nat. Commun. 2014, 5, 3887. [CrossRef] [PubMed]

41. Monastyrska, I.; Ulasli, M.; Rottier, P.J.; Guan, J.-L.; Reggiori, F.; de Haan, C.A. An autophagy-independent role for LC3 in equine
arteritis virus replication. Autophagy 2013, 9, 164–174. [CrossRef] [PubMed]

https://doi.org/10.1080/15548627.2021.1908722
https://www.ncbi.nlm.nih.gov/pubmed/33783320
https://www.ncbi.nlm.nih.gov/pubmed/9973195
https://doi.org/10.1016/j.semcancer.2019.07.015
https://www.ncbi.nlm.nih.gov/pubmed/31351198
https://doi.org/10.1093/jmcb/mjq028
https://www.ncbi.nlm.nih.gov/pubmed/20846953
https://doi.org/10.1080/15548627.2023.2249762
https://www.ncbi.nlm.nih.gov/pubmed/37615625
https://doi.org/10.1007/s00432-023-05576-3
https://www.ncbi.nlm.nih.gov/pubmed/38467935
https://doi.org/10.1016/j.cell.2014.11.006
https://www.ncbi.nlm.nih.gov/pubmed/25480292
https://doi.org/10.3390/ijms21165598
https://www.ncbi.nlm.nih.gov/pubmed/32764295
https://doi.org/10.1089/ars.2019.7898
https://www.ncbi.nlm.nih.gov/pubmed/31578870
https://doi.org/10.1007/s00018-009-0099-y
https://www.ncbi.nlm.nih.gov/pubmed/19629388
https://doi.org/10.1038/nrm2256
https://www.ncbi.nlm.nih.gov/pubmed/17848967
https://doi.org/10.3390/cancers14061462
https://www.ncbi.nlm.nih.gov/pubmed/35326612
https://doi.org/10.21873/anticanres.12266
https://www.ncbi.nlm.nih.gov/pubmed/29374684
https://doi.org/10.1038/s41598-022-23463-8
https://www.ncbi.nlm.nih.gov/pubmed/36333388
https://doi.org/10.3390/ijms232012123
https://www.ncbi.nlm.nih.gov/pubmed/36292980
https://doi.org/10.21037/tcr-23-785
https://www.ncbi.nlm.nih.gov/pubmed/38482399
https://doi.org/10.1186/s12885-022-09707-w
https://www.ncbi.nlm.nih.gov/pubmed/35692054
https://doi.org/10.18632/aging.204209
https://www.ncbi.nlm.nih.gov/pubmed/35939339
https://doi.org/10.1089/ars.2013.5371
https://www.ncbi.nlm.nih.gov/pubmed/23725295
https://doi.org/10.1016/j.redox.2021.102047
https://www.ncbi.nlm.nih.gov/pubmed/34175667
https://doi.org/10.1089/ars.2014.6204
https://www.ncbi.nlm.nih.gov/pubmed/25526784
https://doi.org/10.1158/0008-5472.CAN-09-4027
https://www.ncbi.nlm.nih.gov/pubmed/20424122
https://doi.org/10.1038/ng.2764
https://www.ncbi.nlm.nih.gov/pubmed/24071849
https://doi.org/10.1158/0008-5472.CAN-17-0369
https://www.ncbi.nlm.nih.gov/pubmed/29092939
https://doi.org/10.3390/jpm14070765
https://www.ncbi.nlm.nih.gov/pubmed/39064019
https://doi.org/10.1038/ncomms4887
https://www.ncbi.nlm.nih.gov/pubmed/24871328
https://doi.org/10.4161/auto.22743
https://www.ncbi.nlm.nih.gov/pubmed/23182945


Int. J. Mol. Sci. 2025, 26, 448 26 of 27

42. Wang, G.; Zhang, M.; Li, Y.; Zhou, J.; Chen, L. Studying the Effect of Downregulating Autophagy-Related Gene LC3 on TLR3
Apoptotic Pathway Mediated by dsRNA in Hepatocellular Carcinoma Cells. Cancer Res. Treat. 2017, 49, 230–245. [CrossRef]
[PubMed]

43. Zheng, T.; Wang, H.-Y.; Chen, Y.; Chen, X.; Wu, Z.-L.; Hu, Q.-Y.; Sun, H. Src Activation Aggravates Podocyte Injury in Diabetic
Nephropathy via Suppression of FUNDC1-Mediated Mitophagy. Front. Pharmacol. 2022, 13, 897046. [CrossRef] [PubMed]

44. Tan, M.; Li, P.; Sun, M.; Yin, G.; Yu, D. Upregulation and activation of PKC alpha by ErbB2 through Src promotes breast cancer cell
invasion that can be blocked by combined treatment with PKC alpha and Src inhibitors. Oncogene 2006, 25, 3286–3295. [CrossRef]
[PubMed]

45. Jin, S.M.; Lazarou, M.; Wang, C.; Kane, L.A.; Narendra, D.P.; Youle, R.J. Mitochondrial membrane potential regulates PINK1
import and proteolytic destabilization by PARL. J. Cell Biol. 2010, 191, 933–942. [CrossRef] [PubMed]

46. Araya, J.; Tsubouchi, K.; Sato, N.; Ito, S.; Minagawa, S.; Hara, H.; Hosaka, Y.; Ichikawa, A.; Saito, N.; Kadota, T.; et al. PRKN-
regulated mitophagy and cellular senescence during COPD pathogenesis. Autophagy 2018, 15, 510–526. [CrossRef] [PubMed]

47. Zhou, H.-J.; Yan, J.; Luo, W.; Ayala, G.; Lin, S.-H.; Erdem, H.; Ittmann, M.; Tsai, S.Y.; Tsai, M.-J. SRC-3 is required for prostate
cancer cell proliferation and survival. Cancer Res. 2005, 65, 7976–7983. [CrossRef] [PubMed]

48. Gasparre, G.; Hervouet, E.; de Laplanche, E.; Demont, J.; Pennisi, L.F.; Colombel, M.; Mège-Lechevallier, F.; Scoazec, J.-Y.;
Bonora, E.; Smeets, R.; et al. Clonal expansion of mutated mitochondrial DNA is associated with tumor formation and complex I
deficiency in the benign renal oncocytoma. Hum. Mol. Genet. 2008, 17, 986–995. [CrossRef] [PubMed]

49. Lu, X.; Yao, Y.; Ma, Y.; Zhang, X.; Peng, H.; Pei, Y.; Lu, Y.; Wang, L. Low expression of PINK1 and PARK2 predicts poor prognosis
in patients with esophageal squamous cell carcinoma. World J. Surg. Oncol. 2023, 21, 321. [CrossRef] [PubMed]

50. Ramachandran, G.; Moharir, S.C.; Raghunand, T.R.; Swarup, G. Optineurin modulates ER stress-induced signaling pathways and
cell death. Biochem. Biophys. Res. Commun. 2021, 534, 297–302. [CrossRef] [PubMed]

51. Liu, Z.; Chen, P.; Gao, H.; Gu, Y.; Yang, J.; Peng, H.; Xu, X.; Wang, H.; Yang, M.; Liu, X.; et al. Ubiquitylation of autophagy receptor
optineurin by hace1 activates selective autophagy for tumor suppression. Cancer Cell 2014, 26, 106–120. [CrossRef] [PubMed]

52. Devenport, S.N.; Singhal, R.; Radyk, M.D.; Taranto, J.G.; Kerk, S.A.; Chen, B.; Goyert, J.W.; Jain, C.; Das, N.K.; Oravecz-Wilson, K.;
et al. Colorectal cancer cells utilize autophagy to maintain mitochondrial metabolism for cell proliferation under nutrient stress.
JCI Insight 2021, 6, e138835. [CrossRef] [PubMed]

53. Temelie, M.; Savu, D.I.; Moisoi, N. Intracellular and Intercellular Signalling Mechanisms following DNA Damage Are Modulated
By PINK1. Oxidative Med. Cell. Longev. 2018, 2018, 1391387. [CrossRef] [PubMed]

54. Zhang, S.; Zhang, E.; Long, J.; Hu, Z.; Peng, J.; Liu, L.; Tang, F.; Li, L.; Ouyang, Y.; Zeng, Z. Immune infiltration in renal cell
carcinoma. Cancer Sci. 2019, 110, 1564–1572. [CrossRef] [PubMed]

55. Goff, S.L.; Danforth, D.N. The Role of Immune Cells in Breast Tissue and Immunotherapy for the Treatment of Breast Cancer.
Clin. Breast Cancer 2021, 21, e63–e73. [CrossRef] [PubMed]

56. Bense, R.D.; Sotiriou, C.; Piccart-Gebhart, M.J.; Haanen, J.B.A.G.; van Vugt, M.A.T.M.; de Vries, E.G.E.; Schröder, C.P.; Fehrmann,
R.S.N. Relevance of Tumor-Infiltrating Immune Cell Composition and Functionality for Disease Outcome in Breast Cancer. J. Natl.
Cancer Inst. 2017, 109, djw192. [CrossRef] [PubMed]

57. Dai, D.; Liu, L.; Guo, Y.; Shui, Y.; Wei, Q. A Comprehensive Analysis of the Effects of Key Mitophagy Genes on the Progression
and Prognosis of Lung Adenocarcinoma. Cancers 2022, 15, 57. [CrossRef] [PubMed]

58. Nunes, S.P.; Henrique, R.; Jerónimo, C.; Paramio, J.M. DNA Methylation as a Therapeutic Target for Bladder Cancer. Cells 2020,
9, 1850. [CrossRef] [PubMed]

59. Liu, Y.; Fu, Y.; Hu, X.; Chen, S.; Miao, J.; Wang, Y.; Zhou, Y.; Zhang, Y. Caveolin-1 knockdown increases the therapeutic sensitivity
of lung cancer to cisplatin-induced apoptosis by repressing Parkin-related mitophagy and activating the ROCK1 pathway. J. Cell.
Physiol. 2020, 235, 1197–1208. [CrossRef] [PubMed]

60. Yao, N.; Wang, C.; Hu, N.; Li, Y.; Liu, M.; Lei, Y.; Zhang, D. Inhibition of PINK1/Parkin-dependent mitophagy sensitizes
multidrug-resistant cancer cells to B5G1, a new betulinic acid analog. Cell Death Dis. 2019, 10, 232. [CrossRef] [PubMed]

61. Yan, C.; Luo, L.; Guo, C.-Y.; Goto, S.; Urata, Y.; Shao, J.-H.; Li, T.-S. Doxorubicin-induced mitophagy contributes to drug resistance
in cancer stem cells from HCT8 human colorectal cancer cells. Cancer Lett. 2017, 388, 34–42. [CrossRef] [PubMed]

62. Gu, S.; Zheng, Y.; Chen, C.; Liu, J.; Wang, Y.; Wang, J.; Li, Y. Ketoconazole exacerbates mitophagy to induce apoptosis by
downregulating cyclooxy-genase-2 in hepatocellular carcinoma. J. Hepatol. 2019, 70, 66–77. [CrossRef] [PubMed]

63. Boyle, K.A.; Van Wickle, J.; Hill, R.B.; Marchese, A.; Kalyanaraman, B.; Dwinell, M.B. Mitochondria-targeted drugs stimulate
mitophagy and abrogate colon cancer cell proliferation. J. Biol. Chem. 2018, 293, 14891–14904. [CrossRef] [PubMed]

64. Ye, Y.; Xiang, Y.; Ozguc, F.M.; Kim, Y.; Liu, C.-J.; Park, P.K.; Hu, Q.; Diao, L.; Lou, Y.; Lin, C.; et al. The Genomic Landscape and
Pharmacogenomic Interactions of Clock Genes in Cancer Chronotherapy. Cell Syst. 2018, 6, 314–328.e2. [CrossRef] [PubMed]

65. Chen, B.; Khodadoust, M.S.; Liu, C.L.; Newman, A.M.; Alizadeh, A.A. Profiling Tumor Infiltrating Immune Cells with CIBERSORT.
Methods Mol. Biol. 2018, 1711, 243–259. [CrossRef] [PubMed]

https://doi.org/10.4143/crt.2015.506
https://www.ncbi.nlm.nih.gov/pubmed/27338037
https://doi.org/10.3389/fphar.2022.897046
https://www.ncbi.nlm.nih.gov/pubmed/35614934
https://doi.org/10.1038/sj.onc.1209361
https://www.ncbi.nlm.nih.gov/pubmed/16407820
https://doi.org/10.1083/jcb.201008084
https://www.ncbi.nlm.nih.gov/pubmed/21115803
https://doi.org/10.1080/15548627.2018.1532259
https://www.ncbi.nlm.nih.gov/pubmed/30290714
https://doi.org/10.1158/0008-5472.CAN-04-4076
https://www.ncbi.nlm.nih.gov/pubmed/16140970
https://doi.org/10.1093/hmg/ddm371
https://www.ncbi.nlm.nih.gov/pubmed/18156159
https://doi.org/10.1186/s12957-023-03206-3
https://www.ncbi.nlm.nih.gov/pubmed/37833780
https://doi.org/10.1016/j.bbrc.2020.11.091
https://www.ncbi.nlm.nih.gov/pubmed/33272572
https://doi.org/10.1016/j.ccr.2014.05.015
https://www.ncbi.nlm.nih.gov/pubmed/25026213
https://doi.org/10.1172/jci.insight.138835
https://www.ncbi.nlm.nih.gov/pubmed/34138755
https://doi.org/10.1155/2018/1391387
https://www.ncbi.nlm.nih.gov/pubmed/30116473
https://doi.org/10.1111/cas.13996
https://www.ncbi.nlm.nih.gov/pubmed/30861269
https://doi.org/10.1016/j.clbc.2020.06.011
https://www.ncbi.nlm.nih.gov/pubmed/32893093
https://doi.org/10.1093/jnci/djw192
https://www.ncbi.nlm.nih.gov/pubmed/27737921
https://doi.org/10.3390/cancers15010057
https://www.ncbi.nlm.nih.gov/pubmed/36612054
https://doi.org/10.3390/cells9081850
https://www.ncbi.nlm.nih.gov/pubmed/32784599
https://doi.org/10.1002/jcp.29033
https://www.ncbi.nlm.nih.gov/pubmed/31270811
https://doi.org/10.1038/s41419-019-1470-z
https://www.ncbi.nlm.nih.gov/pubmed/30850585
https://doi.org/10.1016/j.canlet.2016.11.018
https://www.ncbi.nlm.nih.gov/pubmed/27913197
https://doi.org/10.1016/j.jhep.2018.09.022
https://www.ncbi.nlm.nih.gov/pubmed/30287340
https://doi.org/10.1074/jbc.RA117.001469
https://www.ncbi.nlm.nih.gov/pubmed/30087121
https://doi.org/10.1016/j.cels.2018.01.013
https://www.ncbi.nlm.nih.gov/pubmed/29525205
https://doi.org/10.1007/978-1-4939-7493-1_12
https://www.ncbi.nlm.nih.gov/pubmed/29344893


Int. J. Mol. Sci. 2025, 26, 448 27 of 27

66. Mermel, C.H.; Schumacher, S.E.; Hill, B.; Meyerson, M.L.; Beroukhim, R.; Getz, G. GISTIC2.0 facilitates sensitive and confident
local-ization of the targets of focal somatic copy-number alteration in human cancers. Genome Biol. 2011, 12, R41. [CrossRef]
[PubMed]

67. Koch, A.; De Meyer, T.; Jeschke, J.; Van Criekinge, W. MEXPRESS: Visualizing expression, DNA methylation and clinical TCGA
data. BMC Genom. 2015, 16, 636. [CrossRef] [PubMed]

68. Yang, W.; Soares, J.; Greninger, P.; Edelman, E.J.; Lightfoot, H.; Forbes, S.; Garnett, M.J. Genomics of Drug Sensitivity in Cancer
(GDSC): A resource for therapeutic biomarker discovery in cancer cells. Nucleic Acids Res. 2013, 41, D955–D961. [CrossRef]
[PubMed]

69. Roy, R.; Winteringham, L.N.; Lassmann, T.; Forrest, A.R.R. Expression Levels of Therapeutic Targets as Indicators of Sensitivity to
Targeted Therapeutics. Mol. Cancer Ther. 2019, 18, 2480–2489. [CrossRef] [PubMed]

70. Fu, J.; Li, K.; Zhang, W.; Wan, C.; Zhang, J.; Jiang, P.; Liu, X.S. Large-scale public data reuse to model immunotherapy response
and resistance. Genome Med. 2020, 12, 21. [CrossRef] [PubMed]

71. Jiang, P.; Gu, S.; Pan, D.; Fu, J.; Sahu, A.; Hu, X.; Li, Z.; Traugh, N.; Bu, X.; Li, B.; et al. Signatures of T cell dysfunction and
exclusion predict cancer immunotherapy response. Nat. Med. 2018, 24, 1550–1558. [CrossRef] [PubMed]

72. Ashrafi, G.; Schwarz, T.L. The pathways of mitophagy for quality control and clearance of mitochondria. Cell Death Differ. 2013,
20, 31–42. [CrossRef] [PubMed]

73. Youle, R.J.; Narendra, D.P. Mechanisms of mitophagy. Nat. Rev. Mol. Cell Biol. 2011, 12, 9–14. [CrossRef] [PubMed]
74. Pang, X.; Gong, K.; Zhang, X.; Wu, S.; Cui, Y.; Qian, B.-Z. Osteopontin as a multifaceted driver of bone metastasis and drug

resistance. Pharmacol. Res. 2019, 144, 235–244. [CrossRef] [PubMed]
75. Chen, J.; Elfiky, A.; Han, M.; Chen, C.; Saif, M.W. The role of src in colon cancer and its therapeutic implications. Clin. Color.

Cancer 2014, 13, 5–13. [CrossRef] [PubMed]
76. Zhang, J.; Kalyankrishna, S.; Wislez, M.; Thilaganathan, N.; Saigal, B.; Wei, W.; Ma, L.; Wistuba, I.I.; Johnson, F.M.; Kurie, J.M. Src-

family kinases are activated in non-small cell lung cancer and promote the survival of epidermal growth factor receptor-dependent
cell lines. Am. J. Pathol. 2007, 170, 366–376. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1186/gb-2011-12-4-r41
https://www.ncbi.nlm.nih.gov/pubmed/21527027
https://doi.org/10.1186/s12864-015-1847-z
https://www.ncbi.nlm.nih.gov/pubmed/26306699
https://doi.org/10.1093/nar/gks1111
https://www.ncbi.nlm.nih.gov/pubmed/23180760
https://doi.org/10.1158/1535-7163.mct-19-0273
https://www.ncbi.nlm.nih.gov/pubmed/31467181
https://doi.org/10.1186/s13073-020-0721-z
https://www.ncbi.nlm.nih.gov/pubmed/32102694
https://doi.org/10.1038/s41591-018-0136-1
https://www.ncbi.nlm.nih.gov/pubmed/30127393
https://doi.org/10.1038/cdd.2012.81
https://www.ncbi.nlm.nih.gov/pubmed/22743996
https://doi.org/10.1038/nrm3028
https://www.ncbi.nlm.nih.gov/pubmed/21179058
https://doi.org/10.1016/j.phrs.2019.04.030
https://www.ncbi.nlm.nih.gov/pubmed/31028902
https://doi.org/10.1016/j.clcc.2013.10.003
https://www.ncbi.nlm.nih.gov/pubmed/24361441
https://doi.org/10.2353/ajpath.2007.060706
https://www.ncbi.nlm.nih.gov/pubmed/17200208

	Introduction 
	Results 
	Differential Expression of the Mitophagy Signature in Pan-Cancer 
	Pathway Activity of the Mitophagy Signature in Pan-Cancer 
	Correlation Between the Mitophagy Expression Signature and Immune Infiltration 
	Correlation Between the Mitophagy Methylation Signature, Expression andImmune Infiltration 
	Correlation Between MAP1LC3A, OPTN, SRC, PINK1, PRKN, BECN1, and BNIP3L Mutations and Immune Infiltration in Pan-Cancer 
	Correlation Between MAP1LC3A, OPTN, SRC, BNIP3L, BECN1, PINK1, and PRKN Expression and Drug Sensitivity in Pan-Cancer 

	Discussion 
	Materials and Methods 
	Gene Selection and Differential Expression 
	Pathway Activity 
	Immune Infiltration 
	Mutations 
	Differential Methylation 
	Drug Sensitivity 
	Selection and Description of Participants 
	Statistics 

	Conclusions 
	References

