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Abstract

BACKGROUND
Mitochondrial genes are involved in tumor metabolism in ovarian cancer (OC)
and affect immune cell infiltration and treatment responses.

AIM
To predict prognosis and immunotherapy response in patients diagnosed with
OC using mitochondrial genes and neural networks.

METHODS

Prognosis, immunotherapy efficacy, and next-generation sequencing data of
patients with OC were downloaded from The Cancer Genome Atlas and Gene
Expression Omnibus. Mitochondrial genes were sourced from the MitoCarta3.0
database. The discovery cohort for model construction was created from 70% of
the patients, whereas the remaining 30% constituted the validation cohort. Using
the expression of mitochondrial genes as the predictor variable and based on
neural network algorithm, the overall survival time and immunotherapy efficacy
(complete or partial response) of patients were predicted.

RESULTS

In total, 375 patients with OC were included to construct the prognostic model,
and 26 patients were included to construct the immune efficacy model. The
average area under the receiver operating characteristic curve of the prognostic
model was 0.7268 [95% confidence interval (CI): 0.7258-0.7278] in the discovery
cohort and 0.6475 (95%ClI: 0.6466-0.6484) in the validation cohort. The average
area under the receiver operating characteristic curve of the immunotherapy
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efficacy model was 0.9444 (95%CI: 0.8333-1.0000) in the discovery cohort and 0.9167 (95%CI: 0.6667-1.0000) in the
validation cohort.

CONCLUSION
The application of mitochondrial genes and neural networks has the potential to predict prognosis and immuno-
therapy response in patients with OC, providing valuable insights into personalized treatment strategies.

Key Words: Ovarian cancer; Mitochondria; Prognosis; Immunotherapy; Neural network

©The Author(s) 2025. Published by Baishideng Publishing Group Inc. All rights reserved.

Core Tip: In this study, we found that mitochondrial genes and neural networks can be used to predict ovarian cancer
prognosis and immunotherapy response. These models were evaluated in detail. The average area under the receiver
operating characteristic curve of the prognostic model was 0.7268 and 0.6475 for the discovery and validation cohorts,
respectively. The average area under the receiver operating characteristic curve of the immunotherapy efficacy model was
0.9444 and 0.9167 for the discovery and validation cohorts, respectively. The Hosmer-Lemeshow goodness of fit test
showed that the model had a good calibration performance.

Citation: Tang ZJ, Pan YM, Li W, Ma RQ, Wang JL. Unlocking the future: Mitochondrial genes and neural networks in predicting
ovarian cancer prognosis and immunotherapy response. World J Clin Oncol 2025; 16(1): 94813

URL: https://www.wjgnet.com/2218-4333/full/v16/i1/94813.htm

DOI: https://dx.doi.org/10.5306/wjco.v16.11.94813

INTRODUCTION

Ovarian cancer (OC) is one of the most common gynecological cancers worldwide, with over 230000 new cases and
150000 deaths annually[1,2]. According to studies from the United States and the United Kingdom registries, 1 in 6
females dies within 90 days of diagnosis[1,2]. Genetic factors, gene mutations (such as in BRCA1 and BRCA2), nulliparity,
infertility, endometriosis, obesity, and age are associated with the incidence of OC, whereas pregnancy, oral contra-
ceptives, and nonsteroidal anti-inflammatory drugs are potential protective factors[1,3]. High-grade serous OC is the
most common subtype of OC, accounting for over 70% of cases[4]. Treatment of OC primarily involves surgery, che-
motherapy, and targeted drugs. Immunotherapy, represented by immune checkpoint inhibitors (ICIs), is being explored
for the treatment of OC[5].

The traditional view holds that anaerobic glycolysis in the Warburg effect is the main energy source for tumor growth
[6]. However, increasing evidence has shown that macromolecular synthesis in tumor cells depends on mitochondrial
metabolism, and strategies targeting the mitochondrial oxidative respiratory chain can be developed for cancer treatment
[7]. For example, the MYC pathway, one of the most common pathways in tumor synthetic metabolism and associated
with increased mitochondrial and oxygen consumption, has been found to be more highly expressed in OC[8,9]. Changes
in the MYC-CDK2/4-RB1 signaling pathway can be observed in 75% of ovarian clear cell carcinomas, and high MYC
expression is associated with platinum resistance and poor prognosis. Moreover, MYC siRNA inhibits the growth of OC
tumor cells[10-12].

This study collected data from The Cancer Genome Atlas Program (TCGA) and the Gene Expression Omnibus (GEO),
sorted mitochondria-located genes, and used neural network technology to establish models to predict the prognosis and
immunotherapy response of patients with OC.

MATERIALS AND METHODS

Data sources
TCGA data were downloaded from the UCSC-XENA website (https://xena.ucsc.edu/), the OC dataset (GDC TCGA OC)
was selected, and samples with both prognostic and next-generation sequencing (NGS) data were retained for subsequent
analysis. The OC immunotherapy dataset was downloaded from the GEO database (https://www.ncbi.nlm.nih.gov/
geo/) (accession number: GSE188249). Both TCGA and GEO data were analyzed using fragments per kilobase million
(FPKM_ sequencing results, and gene symbol conversion was performed using clusterProfiler. Mitochondria-localized
genes were obtained from the MitoCarta3.0 database (https:/ /www.broadinstitute.org/mitocarta).

The study was conducted in accordance with the Declaration of Helsinki (revised in 2013). Given that all data were
retrieved from the publicly available TCGA and GEO databases and that patients’ private information has been concealed
and is not traceable, this retrospective cohort was exempt from ethical considerations and written consent.
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Figure 1 Flow chart of this study.

Study design

This retrospective study was designed for diagnostic testing. The main outcome was the overall survival of patients with
OC, with the secondary endpoint being immunotherapy response. Sensitivity to immunotherapy was defined according
to the data source authors’ definition, which meant that patients with sensitivity to OC showed partial response or
complete response after the use of ICIs according to the Response Evaluation Criteria in Solid Tumors 1.1. TCGA data
were used to construct an OC prognostic model, with patients randomly sampled into a discovery cohort (70% of the
total) or a validation cohort (remaining 30% of the total). The discovery cohort was used to build the prognostic model
(based on neural network technology), and the model performance was checked in the validation cohort. Similarly, GEO
data were used to construct an OC immunotherapy efficacy model, with 70% of the GEO data randomly selected as the
discovery cohort (for model construction) and the remaining 30% as the validation cohort (Figure 1).

Model training

The discovery cohort served as the basis for model training, whereas the validation cohort was used to further evaluate
model performance. The model was constructed based on the neural network theory, and to enhance its performance,
batch normalization layers and batch training functions were adopted. To prevent overfitting, dropout layers and early
stopping functions were employed (which automatically terminated training when there was no significant improvement
in model performance after several rounds). Adam was selected as the optimizer, with the learning rate set between 0.01
and 0.05. To predict patient survival, considering that this is a time-to-event classification task rather than a traditional
classification task, a neural network was built based on the DeepSurv theory of Katzman et al[13]. The model was built in
Python 3.9 using PyTorch, torchtuples, pandas, matplotlib, and NumPy.

Model evaluation and compression
The model was evaluated from two perspectives: Discrimination and calibration. The primary metric for evaluating
discrimination was the area under the receiver operating characteristic curve (AUC). Generally, an AUC closer to 1
indicates better model performance, whereas an AUC closer to 0.5, suggests that the predictions of the model are akin to
random guessing. The model is performing well when the AUC is > 0.7. Other indicators included the sensitivity,
specificity, accuracy, negative predictive value (NPV), and positive predictive value (PPV).

In addition, we used the Hosmer-Lemeshow goodness of fit test to judge the calibration ability of the models. A P
value greater than 0.05 indicated that the model had good calibration ability.

We truncated the survival data at 1 year, 2 years, and 3 years and evaluated the predictive performance of the model in
detail. Finally, we used the PySide6 software package to compress the entire model into a Windows executable program
for ease of use by clinicians.

Statistical methods

Statistical analyses were performed using the R software (version 4.2.0). Numerical data were compared using the
Wilcoxon test, whereas categorical data were compared using the y? test or Fisher’s exact test. A two-sided P value of less
than 0.05 was considered statistically significant.
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Table 1 Clinical features of patients in this study

Discovery cohort Validation cohort Statistical method P value
Prognostic model
(n=262) (n=113)
Survival time in days Wilcoxon 0.5446
Median (IQR) 1012 (547, 1712) 1032 (394, 1562)
Alive 1 test 0.5337
Yes 104 (39.69) 41 (36.28)
No 158 (60.31) 72 (63.72)
Immunotherapy efficacy model
(n=18) (n=8)
Sensitivity to immunotherapy Fisher’s exact 0.3945
Yes 9 (50.00) 2 (25.00)
No 9 (50.00) 6 (75.00)

Data are 7 (%), unless otherwise indicated. Sensitivity to immunotherapy means patients showed partial response or complete response after the use of

immune checkpoint inhibitors according to response evaluation criteria in solid tumors 1.1. IQR: Interquartile range.

Table 2 Overall performance of the ovarian cancer prognostic model

Discovery cohort Validation cohort
AUC 0.7268 0.6475
AUC 95%CI 0.7258-0.7278 0.6466-0.6484

AUC: Area under the receiver operating characteristic curve; CI: Confidence interval.

RESULTS

Clinical characteristics of patients

For the prognostic model, 375 patients from the TCGA with OC were included in the analysis, with 262 and 113 randomly
assigned to the discovery and validation cohorts, respectively. The median survival time was 1012 days (interquartile
range: 547-1712 days) in the discovery cohort and 1032 days (interquartile range: 394-1562 days) in the validation cohort,
with no significant difference between the two groups (P = 0.5446). In the discovery cohort, 104 patients (39.69%)
survived, whereas in the validation cohort, 41 patients (36.28%) survived, with no statistically significant difference (P =
0.5337). In the immunotherapy efficacy model, 18 patients were assigned to the discovery cohort, of which 50.00% (9
patients) were sensitive to treatment. In the validation cohort, 25.00% (2 of 8 patients) were sensitive to immunotherapy.
There was no significant difference between the two groups (P = 0.3945) (Table 1).

OC prognostic model

We intersected TCGA-sequenced genes with mitochondria-localized genes, and 1113 genes were simultaneously detected
(Figure 2A). Using these 1113 genes as predictive variables and patient overall survival as the outcome variable, we built
a neural network in Python. After 68 rounds of training, the early termination function automatically ended the training
(Supplementary Figure 1A). The final OC prognostic model included 10 hidden layers: An input layer of 1113 x 8; a ReLU
activation layer; a normalization layer; a 20% dropout layer; an 8 x 4 Linear layer; another ReLU activation layer; a
normalization layer; a 20% dropout layer; a 4 x 1 Linear layer; and a sigmoid activation layer (Figure 2B). The average
AUC of the prognostic model was 0.7268 [95% confidence interval (CI): 0.7258-0.7278] for the discovery cohort and 0.6475
(95%Cl: 0.6466-0.6484) for the validation cohort (Table 2).

We performed cutoffs at 1 year, 2 years, and 3 years to measure the performance of the OC prognostic model in detail.
The receiver operating characteristic curves of the OC prognostic model at 1 year, 2 years, and 3 years are shown in
Figure 2C. In the discovery cohort, at 1 year, the AUC was 0.7597 (95%CI: 0.6252-0.8942), specificity was 0.7869, sensitivity
was 0.6667, accuracy was 0.7786, NPV was 0.9697, and PPV was 0.1875. At 2 years, the AUC was 0.7734 (95%CI: 0.6908-
0.8560), specificity was 0.9481, sensitivity was 0.5800, accuracy was 0.8779, NPV was 0.9054, and PPV was 0.7250. At 3
years, the AUC was 0.7461 (95%CI: 0.6789-0.8134), specificity was 0.9022, sensitivity was 0.5897, accuracy was 0.8092,
NPV was 0.8384, and PPV was 0.7188. In the validation cohort at 1 year, the AUC was 0.6827 (95%CI: 0.5114-0.8541),
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Figure 2 Process of constructing prognostic and imnmunotherapy efficacy models of ovarian cancer. A: Predictive genes of prognostic model; B:
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Neural network structure of prognostic model; C: Receiver operating characteristic curves of prognostic model; D: Predictive genes of immunotherapy model; E:
Neural network structure of immunotherapy model; F: Receiver operating characteristic curve of immunotherapy model. GEO: Gene Expression Omnibus; TCGA:
The Cancer Genome Atlas Program.

specificity was 0.7451, sensitivity was 0.6364, accuracy was 0.7345, NPV was 0.9500, and PPV was 0.2121. At 2 years, the
AUC was 0.7250 (95%ClI: 0.6128-0.8373), specificity was 0.7931, sensitivity was 0.6538, accuracy was 0.7611, NPV was
0.8846, and PPV was 0.4857. At 3 years, the AUC was 0.7087 (95%ClI: 0.6126-0.8049), specificity was 0.7895, sensitivity was
0.6216, accuracy was 0.7345, NPV was 0.8108, and PPV was 0.5897.

The goodness-of-fit test results showed P values of 0.6699, 0.6304, and 0.4325 at 1 year, 2 years, and 3 years,
respectively, in the discovery cohort. In the validation cohort, the P values were 0.0826, 0.1042, and 0.1084 at 1 year, 2
years, and 3 years, respectively (Table 3).

OC immunotherapy efficacy model

The GEO-sequenced genes were intersected with mitochondria-localized genes, and 1114 genes were simultaneously
detected. These 1114 genes were used as predictive variables, with patient sensitivity to immunotherapy (complete
response + partial response) as the outcome variable, to build a neural network in Python (Figure 2D). After 114 rounds
of training, the early termination function automatically ended the training (Supplementary Figure 1B). The final OC
immunotherapy efficacy model included 10 hidden layers: An input layer of 1114 x 4; a ReLU activation layer; a normal-
ization layer; a 20% dropout layer; a 4 x 2 Linear layer; another ReLU activation layer; a normalization layer; a 20%
dropout layer; a 2 x 1 Linear layer; and a sigmoid activation layer (Figure 2E).

The receiver operating characteristic curve of the OC immunotherapy efficacy model is shown in Figure 2F. In the
discovery cohort, the model AUC was 0.9444 (95%CI: 0.8333-1.0000), specificity was 1.0000, sensitivity was 0.8889,
accuracy was 0.9444, NPV was 0.9000, and PPV was 1.0000. In the validation cohort, the model AUC was 0.9167 (95%CI:
0.6667-1.0000), specificity was 0.8333, sensitivity was 1.0000, accuracy was 0.8750, NPV was 1.0000, and PPV was 0.6667.

The results of the goodness-of-fit test showed that the P value of the model was 0.3708 in the discovery cohort and
0.1175 in the validation cohort (Table 4). The model parameters are shown in Supplementary Figure 2.

Model packaging

Considering the black-box characteristics of neural networks, the OC immunotherapy efficacy model was packaged into a
Windows 64-bit executable program for ease of use by clinicians (Figure 3). After launching the tool, users can prepare
the patient’s NGS FPKM file in the format of a built-in example file. By clicking “Choose NGS file and predict,” users can
select the sequencing file to activate the built-in pretrained neural network. After the calculation is completed, the
software will display the probability of the patient being sensitive to immunotherapy in the “Result” part.

DISCUSSION

As one of the most common lethal tumors in females, OC has a 5-year survival rate of approximately 45%[14]. The
standard treatments for OC include surgery and chemotherapy. In recent years, poly (ADP-ribose) polymerase inhibitors
and immunotherapies have emerged as new therapies attracting increasing attention[15-17]. Most immunotherapeutic
drugs for OC are still undergoing clinical trials, and the objective response rate to ICIs remains limited at approximately
6%-15%[15-17].

There are no effective predictive factors for the efficacy of immunotherapy. The predictive value of classical indicators
such as programmed death-ligand 1 and tumor mutational burden (TMB) remains limited. A study by Song et al[18]
found that the AUC value for programmed death-ligand 1 in predicting immunotherapy efficacy was only 0.569, and the
ability of TMB to predict the prognosis of patients receiving immunotherapy and its reproducibility across different
samples have been questioned[18-21]. Therefore, there is an urgent need for a new indicator or algorithm to identify
patients sensitive to immunotherapy and avoid unnecessary drug treatments and adverse events.

Traditional prognostic predictions often employ the Cox proportional hazards model. Based on linear assumptions, the
model fits various risks and calculates the probability of a positive event. However, real-world situations are often
complex and nonlinear, limiting the application of Cox regression. Machine learning algorithms, particularly deep
learning neural networks, have gained increasing recognition from clinicians because of their superior predictive
performance[22-24]. Our preliminary studies also found that neural networks have excellent predictive value for both
prognosis and immunotherapy efficacy[25-27].

Increasing evidence suggests that mitochondria play a role in supplying energy to key metabolites in tumors. In-
hibition of mitochondrial oxidative phosphorylation and the corresponding nucleotide metabolism and tricarboxylic acid
cycle are potential methods for tumor treatment[7,28]. Mitochondria-related signaling pathways and genes are associated
with patient prognosis and drug resistance[10-12]. Therefore, the combination of mitochondria-related genes and neural
network algorithms for predicting patient prognosis and drug response has both theoretical and clinical value.

In this study, we integrated data from the TCGA and GEO databases to establish neural network models. These models
used mitochondria-localized genes as variables to predict the prognosis and immunotherapy response of patients with
OC. The average AUC of the OC prognostic model was 0.7268 and 0.6475 for the discovery and validation cohorts,
respectively. For the OC immunotherapy efficacy model, the average AUC was 0.9444 for the discovery cohort and 0.9167
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Table 3 Performance of the ovarian cancer prognostic model when truncated at 1 year, 2 years, and 3 years

Discovery cohort Validation cohort

1 year 2 years 3 years 1 year 2 years 3 years
AUC 0.7597 0.7734 0.7461 0.6827 0.725 0.7087
AUC 95%CI 0.6252-0.8942 0.6908-0.8560 0.6789-0.8134 0.5114-0.8541 0.6128-0.8373 0.6126-0.8049
Specificity 0.7869 0.9481 0.9022 0.7451 0.7931 0.7895
Sensitivity 0.6667 0.58 0.5897 0.6364 0.6538 0.6216
Accuracy 0.7786 0.8779 0.8092 0.7345 0.7611 0.7345
NPV 0.9697 0.9054 0.8384 0.95 0.8846 0.8108
PPV 0.1875 0.725 0.7188 0.2121 0.4857 0.5897
P value, goodness of fit 0.6699 0.6304 0.4325 0.0826 0.1042 0.1084

AUC: Area under the receiver operating characteristic curve; CI: Confidence interval; NPV: Negative predictive value; PPV: Positive predictive value.

Table 4 Overall performance of the ovarian cancer immunotherapy efficacy model

Discovery cohort Validation cohort
AUC 0.9444 0.9167
AUC 95%CI 0.8333-1.0000 0.6667-1.0000
Specificity 1.0000 0.8333
Sensitivity 0.8889 1.0000
Accuracy 0.9444 0.8750
NPV 0.9000 1.0000
PPV 1.0000 0.6667
P value, goodness of fit 0.3708 0.1175

AUC: Area under the receiver operating characteristic curve; CI: Confidence interval; NPV: Negative predictive value; PPV: Positive predictive value.

for the validation cohort. This study shows that the use of mitochondria-localized genes and neural networks can predict
the prognosis and immunotherapy response of OC patients. Therefore, we packaged the models as a Windows executable
tool for the convenience of clinicians, considering that there is a limited way to predict the immunotherapy response in
patients with OC.

Yang et al[29] constructed an OC prognostic model based on the investigation of ferroptosis-related long noncoding
RNAs, which had an AUC of 0.793 AUC in discovery data and 0.681 AUC in validation data. Li ef al[30] developed
prognostic models for OC based on ferroptosis and necroptosis, and the model had an AUC of 0.584-0.728. Jiang et al[31]
built an OC prognostic model that used a combination of transcriptomic and proteomic data, which had an AUC of 0.596-
0.749. Except for the Yang model, which had an AUC similar to ours, the other models performed poorly. This indicates
both the feasibility of predicting OC prognosis at the genetic level and the complexity of OC prognosis. A multidimen-
sional approach may be required to enhance the performance of the model further. Chen et al[32] found that autophagy-
related genes could be used to predict OC survival and are related to the immunotherapy response. Wang et al[33] also
observed a correlation between TMB-based genes and immune infiltration in OC. Unfortunately, these studies did not
use these findings to create predictive models for assessing the efficacy of OC immunotherapy.

This study has some limitations. As this was a retrospective study, it may have suffered from selection and information
biases. Further prospective studies with larger sample sizes can improve and validate the developed models.

CONCLUSION

The application of mitochondrial genes and neural networks has the potential to predict prognosis and immunotherapy
response in patients with OC. This approach can provide valuable insights into personalized treatment strategies.
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P
Use mitochondrial genes and neural networks to predict ovarian cancer immunotherapy response

Note: Please follow the example file to prepare the next generation sequencing (NGS) FPKM data.

———————
Choose NGS file and predict
Result:
Click this logo to launch tool IR
Click above button to choose NGS data
Symbol  FPKM
BAD 1
LAP3 1
NDUFAF7 1
ARF5 1 p-
POLDIP2 1 Use mitochondrial genes and neural networks to predict ovarian cancer immunotherapy response
AK2 1 Note: Please follow the example file to prepare the next generation sequencing (NGS) FPKM data.
NDUFAB1 1) e 5
PDK4 1 Choose NGS file and predict
SLC25A13 1 The probability that this patient belongs to a immunology responder is: 17%
HCCS 1 For research only
SLC25A5 1 .
Return predicted result

NGS data must be prepared
like example.xlIsx (One
column is the gene symbol
and the other column is the
FPKM expression value)

Figure 3 Use of the tool for predicting immunotherapy response in ovarian cancer. NGS: Next generation sequencing.
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