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Abstract
Background Accurate detection of ovarian cancer is crucial for effective treatment and patient survival.

Objectives This study aims to evaluate the diagnostic performance of convolutional neural network (CNN)
algorithms for the identification of ovarian cancer.

Search strategy [n this systematic review with meta-analysis, we conducted a comprehensive literature search
across four electronic databases: Medline (PubMed), Scopus, Embase, and Web of Science (WOS) in June 2024 and
was subsequently updated on 1 February 2026. The search strategy was developed in consultation with domain
experts and information specialists to maximize both sensitivity (SE) and specificity (SP). A combination of Medical
Subject Headings (MeSH) and free-text terms related to “ovarian cancer,“‘convolutional neural networks, “deep
learning,”and “artificial intelligence” was used, with Boolean operators ("AND,“OR") applied to combine search terms

effectively.

Selection criteria Our review included all observational studies evaluating CNN algorithms for ovarian cancer
detection, regardless of geographical location. Study selection was managed using EndNote and involved a two-
step screening process, with titles/abstracts and full texts independently assessed by reviewers. Studies reporting
the diagnostic performance of CNN algorithms for histopathologically confirmed ovarian cancer were eligible for
inclusion. For the meta-analysis, we included studies that provided extractable data on true positives, false positives,
true negatives, and false negatives, or threshold-specific SE and SP that could be converted into a 2 x 2 format.

Data collection and analysis Data were analyzed using R (version 4.2.3). Pooled SE, SP, and Area Under the Curve
(AUC) were calculated using a multilevel hierarchical model with a study-level random effect. Four subgroups—
imaging modalities, CNN architectures, learning algorithms, and database types—were investigated. Meta-regression
was performed, and potential publication bias was assessed using Deeks'funnel plot of log(DOR) versus 1/Effective
Sample Size.
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reliability and patient outcomes.

Results Following a review of 1,043 publications on CNN algorithms for ovarian cancer detection, 47 studies were
included in the systematic review and 20 in the meta-analysis. Pooled analysis showed that CNN algorithms achieved
a SE of 0.94 (95% C1 0.92-0.96), SP of 0.95 (95% CI 0.90-0.97), and an AUC of 0.974 (95% Cl 0.961-0.981). Among
imaging modalities, magnetic resonance imaging (MRI) demonstrated the highest diagnostic performance (SE
0.97,SP 0.955, AUC 0.986), followed by computed tomography (CT) (SE 0.914, SP 0.975, AUC 0.983), histopathology
(SE0.979, SP 0.934, AUC 0.981), and ultrasound (SE 0.891, SP 0.951, AUC 0.922). Among CNN architectures, other
architectures achieved the highest pooled AUC (0.979), followed by ResNet (SE 0.92, SP 0.947, AUC 0.969) and
DenseNet (SE 0.927, SP 0.932, AUC 0.956). Transfer learning (SE 0.942, SP 0.948, AUC 0.978) outperformed fully trained
models (SE 0.959, SP 0.929, AUC 0.962). Open-source datasets showed higher performance (SE 0.98, SP 0.971, AUC
0.985) than non-open datasets (SE 0.931, SP 0.938, AUC 0.968). Meta-regression indicated that the “other”algorithm
family was significantly associated with higher logDOR, while imaging modality, dataset openness, transfer learning,
and DenseNet were not significant predictors. Substantial heterogeneity remained across studies, but leave-one-out
analysis confirmed the robustness of the pooled estimates, and Deeks'test suggested potential publication bias.

Conclusion CNN-based algorithms demonstrate high diagnostic accuracy for ovarian cancer detection, with
particularly strong performance across imaging modalities such as MRI, CT, and histopathology. These findings
highlight the potential of deep learning models to support Al-assisted diagnostic workflows and improve early
detection. However, substantial heterogeneity across studies and potential publication bias indicate the need for
standardized imaging protocols, larger multi-center datasets, and external validation. Future research should focus
on harmonizing data sources and integrating CNN-based tools into clinical decision-making to enhance diagnostic
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Introduction

Ovarian cancer is a critical global health issue, charac-
terized by high mortality rates and the need for accu-
rate diagnostic tools [1]. Timely and precise diagnosis
is essential for improving patient outcomes and guid-
ing treatment strategies. Medical imaging techniques,
including magnetic resonance imaging (MRI), ultrasound
(US), computed tomography (CT), and positron emission
tomography (PET), are commonly used for diagnosing
and staging ovarian cancer; [2]; however, their accuracy
is often limited, highlighting the need for more effec-
tive diagnostic approaches [3, 4]. Recently, deep learn-
ing (DL), particularly convolutional neural networks
(CNN:s), has shown great promise in enhancing the accu-
racy of ovarian cancer diagnosis [5, 6]. CNNs can auto-
matically extract complex features from medical images
and generally outperform traditional machine-learning
and diagnostic methods [7, 8] especially when employ-
ing advanced architectures such as residual networks
(ResNet) and densely connected networks (DenseNet)
[9]. Unlike conventional histopathological examination,
which is time-consuming and dependent on special-
ist interpretation, CNN-based analysis is non-invasive,
objective, and rapid [10—13]. Moreover, the performance
of CNNs can be further enhanced using transfer learn-
ing, which leverages pretrained models to improve accu-
racy, especially for limited or heterogeneous datasets
[14, 15]. Beyond model optimization techniques such
as transfer learning, the diagnostic accuracy of CNNs
also depends on the type of medical imaging modality.

Histopathological images typically yield the highest per-
formance due to their high-resolution cellular details,
while MRI, CT, and US images can be improved through
advanced preprocessing and domain-specific CNN archi-
tectures [16, 17]. Supporting these advantages, mul-
tiple studies have demonstrated that CNNs can classify
ovarian tissue with high accuracy, often comparable to
experienced radiologists, and have also shown poten-
tial generalizability across various cancer types [18—27].
The integration of DL into clinical practice holds sig-
nificant potential to improve patient outcomes through
more accurate diagnosis and treatment planning [28]. his
meta-analysis aims to evaluate the diagnostic accuracy of
CNN algorithms in detecting ovarian cancer across dif-
ferent medical imaging modalities.

Materials and methods

Protocol and guideline

This systematic review and meta-analysis was con-
ducted according to the Preferred Reporting Items
for Systematic Reviews and Meta-Analyses (PRISMA)
guidelines and was registered in the International Pro-
spective Register of Systematic Reviews (PROSPERO
ID: CRD42024552290). Formal ethical approval was not
required. Initially registered on PROSPERO as a system-
atic review on 29 May 2024, the protocol was updated
on 5 August 2024 once a meta-analysis became feasible.
All planned subgroup and meta-regression analyses were
pre-specified in the revised registration.
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The main goal of this study is to assess the diagnostic
accuracy of CNN applied to medical imaging techniques
for detecting ovarian cancer. The PICO question for this
analysis is as follows: P — Population: Patients with ovar-
ian cancer (according to the ICD-10 code C56.9, con-
firmed by histology); C — Comparison: CNN algorithms
versus pathology reports as the gold standard; O — Out-
come: diagnostic accuracy. In this study, medical imaging
techniques included ultrasound (abdominal, transvagi-
nal, and color Doppler), CT, MRI, [18 F] FDG PET/CT,
and histopathological images.

Search strategy and data sources

We conducted an extensive search for relevant articles
across three reputable databases: PubMed/MEDLINE,
Scopus, and Web of Science. The literature search was
initially conducted in June 2024 with no restrictions
on publication date or language and was subsequently
updated on 1 February 2026. A comprehensive search
was performed in PubMed using the following search
strategy: ((Computer Neural Network|Title/Abstract])
OR (Computer Neural Networks[Title/Abstract])) OR
(Network Model, Neural[Title/Abstract])) OR (Neural
Network Model[Title/Abstract])) OR (Computational
Neural Networks|[Title/Abstract])) OR (Computational
Neural Network|[Title/Abstract])) OR (Neural Networks,
Computational[Title/Abstract])) OR (Perceptrons|Title/
Abstract])) OR (Perceptron[Title/Abstract])) OR (Con-
nectionist Models[Title/Abstract])) OR (Connectionist
Model[Title/Abstract])) OR (Model, Connectionist[ Title/
Abstract])) OR (Neural Networks (Computer[Title/
Abstract]))) OR (Neural Network (Computer[Title/
Abstract]))) OR (“Neural Networks, Computer“[Mesh]))
AND ((“Ovarian Neoplasms“[Mesh]) OR ((((((((((Neo-
plasm, Opvarian[Title/ Abstract]) OR (Ovarian
Neoplasm([Title/Abstract])) OR (Ovary Neoplasms[Title/
Abstract])) OR (Ovary Neoplasms|[Title/Abstract]))
OR (Neoplasms, Ovarian[Title/Abstract])) OR (Ovary
Cancer[Title/Abstract])) OR (Ovary Cancer|[Title/
Abstract])) OR (Ovarian Cancer|[Title/Abstract])) OR
(Cancer of Ovaryl[Title/Abstract])) OR (Cancer of
Ovary[Title/Abstract]))) Sort by: Most Recent. To refine
the search, we applied MeSH keywords and Boolean
operators (such as AND, OR). One reviewer (L.A) manu-
ally reviewed the reference lists of relevant papers.

Study selection and eligibility criteria

The study selection process was managed using EndNote
software (version X9, Thomson Reuters), which helped
list and screen studies. After removing duplicate articles,
eligibility screening was carried out in two steps. First,
two trained authors (L.A and A.KA) evaluated articles by
title and abstract to assess their relevance to the research
topic. A total of 143 articles were identified as potentially
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relevant and moved on to the full-text review. During this
phase, two authors (L.A and S.H) independently assessed
the full-text articles against the inclusion criteria using a
checklist-style form.

We included studies that reported the diagnostic per-
formance of CNN models for detecting ovarian cancer
using medical imaging alone, including radiologic modal-
ities (ultrasound, CT, MRI) and histopathological images,
with histopathology serving as the reference standard
where applicable. We excluded non-English publications,
reviews, editorials, letters, authors’ replies, conference
abstracts, animal studies, preprint manuscripts, and arti-
cles unavailable in full text. Studies in which image seg-
mentation or lesion localization constituted the primary
objective or final output of the model were excluded.
Furthermore, studies were excluded if they incorporated
clinical variables (e.g., age, menopausal status, CA-125,
or other serum biomarkers) as inputs to the diagnostic
classifier. In addition, studies focusing on ovarian cyst
differentiation or other gynecologic or non-gynecologic
malignancies were excluded. Finally, studies aimed at
predicting metastasis, recurrence, prognosis, treatment
response, patient monitoring, or personalized therapeu-
tic outcomes, rather than primary diagnostic classifica-
tion, were not considered eligible. Research related to
gene expression profiling, immunohistochemistry (pro-
tein markers), nuclear morphometric features, nuclear
lamin protein distribution, or serum biomarker analysis
was excluded. Moreover, studies using non-conventional
light microscopy modalities, such as fluorescence imag-
ing, hyperspectral imaging, or second-harmonic genera-
tion, were excluded if they did not align with the study
objectives. Studies relying solely on human-assisted
image classification without an independent CNN-based
diagnostic output were excluded.

To clarify our selection process, we used a PRISMA
flowchart (Fig. 1) to visually illustrate how studies were
screened and included in our review.

Outcomes

The primary objective of this study was to comprehen-
sively evaluate the diagnostic performance of CNNs
when applied to various medical imaging modalities for
the detection of ovarian cancer. Specifically, we aimed
to quantify key performance metrics such as sensitivity
(SE), specificity (SP), accuracy, precision (positive pre-
dictive value (PPV), negative predictive value (NPV),
E-score, and the area under the receiver operating char-
acteristic curve (AUC). Additionally, the study sought to
synthesize evidence across different imaging modalities
and CNN architectures to identify factors influencing
diagnostic accuracy and to assess the generalizability of
these algorithms across diverse clinical settings.
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Fig. 1 PRISMA Flowchart of search process and results

Data synthesis and extraction

The two reviewers independently collected data from the
selected studies using a custom data extraction table in
Microsoft Excel. All relevant studies were included in
the review. Key information was systematically collected
to support comprehensive analysis and comparison,
including study details (title, first author, and publica-
tion year), participant age (mean or median, with stan-
dard deviation or range), number of participants, source
of data, open-access dataset availability, types of medical
imaging modalities, total number of images, number of
images for training, validation, internal, and external sets,
type of internal validation, external validation, exclu-
sion of poor-quality imaging, use of transfer learning,

Duplicate articles removed
(Scopus, PubMed, Web of
Science; n = 83)

Irrelevance articles were excluded (n
=557)

Letters to the editor, lack of
alignment with the objectives
(cancer studies, myoma,
adenomyosis,) were excluded (n=
260)

Articles which were lack of
alignment with the objective of
study were excluded (n=96)

CNN architecture, sample characteristics, image pixel
information, measured outcomes, and diagnostic per-
formance metrics including SE, SP, PPV, NPV, F1-score,
accuracy, and AUC. Discrepancies between reviewers
were resolved through discussion, with input from a third
expert when necessary (MM.GH). Only studies providing
extractable 2 x 2 data or threshold-specific SE and SP con-
vertible into 2 x 2 tables were included in the meta-anal-
ysis.Binary diagnostic accuracy data were entered into
contingency tables with true positives, false positives,
true negatives, and false negatives to calculate pooled SE,
SP, and other metrics. When studies reported multiple
contingency tables for the same or different CNN archi-
tectures, each table was treated as independent.
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Assessment of risk bias

The risk of bias in individual studies was evaluated using
the Quality Assessment of Diagnostic Accuracy Stud-
ies-2 (QUADAS-2) checklist [29]. Each article was inde-
pendently evaluated by the reviewers using these criteria,
and disagreements were resolved by discussion.

Statistical analysis

Statistical analyses were conducted using R (version
4.2.3) with the packages “dplyr; “metafor,” “mada,” and
“ggplot2,” as well as the robvis risk-of-bias. Hierarchi-
cal summary receiver operating characteristic (HSROC)
modeling was used to evaluate the diagnostic perfor-
mance of the CNN algorithms, including pooled SE, SP,
and AUC with corresponding 95% confidence intervals.
To appropriately handle multiple 2 x 2 contingency tables
originating from the same study, a bivariate HSROC
model with a study-level random effect was applied. This
multilevel specification prevents double counting and
accounts for within-study correlation. After this correc-
tion, each study contributed either a single represen-
tative table or an aggregated set of tables. Zero cells in
the 2 x 2 tables—which can lead to instability in logit-
based estimation—were addressed by applying a conti-
nuity correction of 0.5 only when required by the model
implementation, and all corrected cells are reported for
transparency [30]. A threshold-effect assessment was
conducted using the Spearman correlation between logit
(SE) and logit(1-SP). The HSROC figures display the
summary curve together with the corresponding 95%
confidence regions and the prediction region produced
by the bivariate model. Prediction intervals for SE, SP, as
well as the variance components (1*) on the logit scale,
were also estimated. We also performed subgroup meta-
analyses and regression analyses to investigate potential
sources of heterogeneity. Subgroup meta-analyses were
performed based on the following criteria: (1) imaging
modalities, with group 1 using histopathological images,
group 2 using ultrasound images (abdominal, vagi-
nal, color Doppler), group 3 using CT/[18 F]JFDG PET/
CT images, and group 4 using MRI images; (2) CNN
algorithms, with group 1 using ResNet, group 2 using
DenseNet, and group 3 using other CNN algorithms
(AlexNet, DCNN, DFCNN, GoogLeNet, Hybrid (CNN &
GoogLeNet V3), Hybrid (Inception-ResNet v2), Hybrid
CNN-Transformer model, InceptionV3, NASNetLarge,
NASNetMobile, OVANet (Ensemble CNN: VGG19 +
InceptionV3 + SE + spatial attention), OvCan-FIND,
MobileNet, VGG16, VGG19, Xception, Xception_ViT);
(3) learning type algorithms, categorized into transfer
learning and full learning; and (4) type of databases, com-
paring open-source versus non-open-source datasets.
The forest plot of the studies was generated. To assess
potential publication bias, we utilized. Deeks” funnel plot
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of log(DOR) against 1/Effective Sample Size. The thresh-
old for statistical significance was set at p < 0.05, and all
tests were two-sided.

Result

A total of 1043 publications were initially identified from
various databases. After removing 83 duplicates retrieved
from Scopus, PubMed, and Web of Science, 960 unique
articles remained. Titles and abstracts were screened,
and eight authors were contacted to request full texts
[18, 31-37] with two authors responding [18, 36]. Ulti-
mately, 143 articles were available for full-text review.
Studies on image segmentation, feature extraction, gene
expression, immunohistochemistry, mixed cancer types,
or non-conventional imaging (n = 84) were excluded.
Additionally, one preprint [38], two retracted studies [39,
40], and nine studies with unusable data were excluded
[41-49]. Finally, the present review included 47 studies
(Fig. 1), categorized by imaging modality as follows: his-
topathology (n = 13) [18, 19, 36, 50-58], ultrasound (n =
14) [8, 25, 59-69], CT (n = 12) [20, 70-80], and MRI (n
= 8) [23, 24, 37, 81-85]. Study characteristics are sum-
marized in Tables 1, 2, 3, 4 and 5. None of the studies
reported a prespecified sample size calculation. Twenty-
one studies used random split-sample validation, and
three used k-fold cross-validation. ResNet and DenseNet
were the most commonly used algorithms for detecting
ovarian cancer from ultrasound images. Out of the 47
studies reviewed, 20 provided sufficient data to create
contingency tables for diagnostic performance and were
included in the meta-analysis [18, 19, 25, 34, 36, 52, 53,
55,57,59, 61-63, 69, 71, 76, 78, 80, 85].

Pooled performance of CNNs algorithms
A multilevel random-effects model was used to pool SE
(0.94, 95% CI: 0.92-0.96) and SP (0.95, 95% CIL: 0.90-
0.97) separately. Additionally, a HSROC model was
applied to estimate the summary ROC curve, yielding an
AUC of 0.974 (95% CI: 0.961-0.981),(Table 5; Fig. 2).

Subgroup analyses revealed variability by imaging
modality, CNN architecture, learning type, and database
type. Histopathology studies (n = 8) showed the highest
accuracy (SE, 0.979; SP, 0.934; AUC, 0.981) [18, 19, 34,
36, 52, 53, 55, 57] (Table 5; Fig. 3a and Figure Sla-b),
followed by ultrasound studies (7 studies; SE, 0.891; SP,
0.951; AUC, 0.922) [7, 25, 59, 61-63, 69](Table 5; Fig. 3b
and Figure Sla-b). CT studies (4 studies; SE, 0.914; SP,
0.975; AUC, 0.983) [71, 76, 78, 80] (Table 5; Fig. 3c and
Figure Sla-b), and the MRI study (1 study; SE, 0.97;
SP, 0.955; AUC, 0.986) [85] (Table 5; Fig. 3d and Figure
Sla-b).

For CNN architectures, ResNet studies (10 stud-
ies) achieved SE, 0.92; SP, 0.947; AUC, 0.969 [25, 34, 36,
59, 61, 62, 76, 78, 80, 85] (Table 5; Fig. 4a and Figure
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§ g S2a-b). DenseNet studies (4 studies) achieved SE, 0.927;
g o SP, 0.932; AUC, 0.956 [7, 59, 63, 85] (Table 5; Fig. 4b
238 5 and Figure S2a-b), and other architectures—including
o AlexNet, DCNN, DFCNN, GoogLeNet, Hybrid (CNN &
% . GoogLeNet V3), Hybrid (Inception-ResNet v2), Hybrid
E = CNN-Transformer model, InceptionV3, NASNetLarge,
z z NASNetMobile, OVANet (Ensemble CNN: VGG19 +
8 5 g - InceptionV3 + SE + spatial attention), OvCan-FIND,
t . - MobileNet, VGG16, VGG19, Xception, Xception_ViT
28z 9 (11 studies)—achieved SE, 0.967; SP, 0.945; AUC, 0.979
- o [18, 19, 52, 53, 55, 57, 59, 69, 71, 80, 85] (Table 5; Fig. 4c
A2E S and Figure S2a-b).
o % g = Transfer learning studies (15 studies) had SE, 0.942; SP,
£2 ek 0.948; AUC, 0.978 [7, 25, 34, 36, 52, 55, 57, 59, 61, 62, 69,
53 22% 71, 78, 80, 85] (Table 5; Fig. 5a and Figure S3a-b), fully
e S trained studies (6 studies) had SE, 0.959; SP, 0.929; AUC,
H %E‘ 0.962 [18, 19, 53, 59, 63, 76] (Table 5; Fig. 5b and Figure
ESS . S3a-b).
- . Open-source dataset studies (6 studies) yielded SE,
s S _ 0.98; SP, 0.971; AUC, 0.985 [18, 19, 34, 36, 52, 69](Table
: ‘E: 58 5; Fig. 6a and Figure S4a-b), whereas non-open-source
s 25 dataset studies (14 studies) showed SE, 0.931; SP, 0.938;
.3 3 AUC, 0.968 [7, 25, 53, 55, 57,59, 61-63, 71, 76, 78, 80, 85]
ITE: g % (Table 5; Fig. 6b and Figure S4a—b).
532 2
LI g C . Heterogeneity analysis
552 E |52 5 3 g Heterogeneity across studies was assessed using variance
% %E’E g gé g 57 in SE and SP (Table 5). Overall, SE variance was 0.548
ZETSE |ET385:¢8 and SP variance 1.527, indicating substantial variability
£% % % ~s8. % in model performance. Among imaging modalities, CT
Z238E SBREEN showed the highest heterogeneity, while MRI and ultra-
g £ _ sound were more consistent. Regarding CNN architec-
253 e % tures, the “Other” group exhibited the greatest variability,
528 E 2 whereas DenseNet was the most stable. Fully supervised
§. 45 learning models were relatively homogeneous, while
o883 s Transfer learning and unreported algorithms showed
§ Tg528 2273 higher heterogeneity. Open-source datasets demon-
38 £59525882 strated lower variance compared to non-open-source
£, o datasets. These results indicate that heterogeneity is
3 ) influenced by imaging modality, CNN architecture,
i & E g learning algorithm, and data source, and should be con-
e é $es. é 3225 sidered when interpreting the findings.
g2 cieissiis
: g s Q v R Subgroup analysis
5 . = g % % To further explore heterogeneity, I? statistics were calcu-
g 2 £ % 35 lated across all subgroups. Regarding imaging modalities,
:i,:; 5 éé@ E high heterogeneity in SE was observed for histopathol-
Sl ogy (I* = 82%), CT (I* = 83%), and MRI (I* = 77%), while
g §§ ultrasound demonstrated moderate heterogeneity (I* =
% § g . 54%). For SP, heterogeneity was high across all modali-
S : " . ties, particularly for histopathology (I* = 96%), followed
- |88:548¢8 < by CT (I = 90%), ultrasound (I* = 88%), and MRI (I* =
5.5 o 5 8 71%). Concerning CNN architectures, ResNet showed
&3¢ 8§38 substantial heterogeneity in SE (I* = 93%), whereas
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. DenseNet demonstrated comparatively lower heteroge-
2 3 neity (I = 65%); other models also showed high variabil-
. ity (I* = 90%). For SP, heterogeneity remained high across
g architectures, including ResNet (I> = 85%), DenseNet (I*
g 3 = 91%), and other models (I> = 93%). In terms of train-
o ing strategy, transfer learning studies exhibited higher
$ " heterogeneity in SE (I> = 93%) compared to fully trained
& & models (I* = 84%), while SP heterogeneity was greater
2 in fully trained models (I* = 92%) than in transfer learn-
ZI .S ing approaches (I> = 87%). Across database types, open-
gsde source datasets showed lower heterogeneity for SE (I
£ = 82%) compared to non-open datasets (I> = 90%), but
E % higher heterogeneity for SP (I* = 94% vs. 91%) (Figure S1-
7 ° S4). Overall, heterogeneity remained high across all sub-
s groups, indicating that factors such as imaging modality,
g 8 CNN algorithm, learning type, and database type may
have influenced performance (Fig. 7).
g 5
g E g § Meta-regression analysis (n=20, k=45)
5 33 Multivariate random-effects meta-regression (REML)
o T e was conducted on 45 observations. The overall test of
;~=§§ E §E ﬁ%ﬁ % é moderators was significant (Wald x*(7) = 14.96, p =
gs:‘: %; z § i 2 23 g 2 0.0365). Among the included predictors, only the “Other”
) ) z é; Conees algorithm family showed a significant association with
g T =t 2 % = logDOR, demonstrating higher performance compared
P with ResNet (coef = 0.987, p = 0.0011). Imaging modal-
ég,—, ity (CT, MRI, Ultrasound), dataset openness, transfer
E ;% é learning, and DenseNet were not significantly associated
§ >3 with logDOR (all p > 0.05). The intercept, representing
g Z% |5 . Histopathology + ResNet + fully supervised learning +
=== = non-open datasets, was 4.241 (p = 0.0013). Residual het-
Z erogeneity remained high (1> = 4.993; I ~ 91%), and the
g 4 model explained approximately 12.8% of the between-
o - study variance (Supplementary Table 1).
. oD Meta-regression analysis (large studies n=7, k=9)
Tk 2. In large-sample studies (r7>300; k=9), multivariate ran-
f g i dom-effects meta-regression did not identify any sta-
EE tistically significant moderators of log diagnostic odds
Ee E ratio (logDOR) (QM(df=5)=4.89, p=0.429). Imaging
. & modality, dataset type (open vs. non-open), learning
5 E _'§ § % strategy, CNN architecture, and task type were not sig-
5E% 23 nificantly associated with logDOR (all p>0.05). However,
§ 22 |, residual heterogeneity remained substantial (t* = 5.86),
°© R8s |® I - and the test for residual heterogeneity was significant
§ . .'E % q _g § % g% g g % é (QE(df=3)=74.18, p<0.001), indicating considerable
s unexplained between-study variability even among large
S § g studies (Supplementary Table 2).
2 5 Leave-one-out se analysis
S| s %A The pooled logDOR was stable across individual study
~ ;&EE g < removals. The largest changes in the pooled estimate
. o s were observed for the studies with the highest and lowest
CREB: R ERE = individual effect sizes [57, 69] (see Supplementary Table
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Table 4 (continued)
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3). Standard errors remained consistent across all remov-
als, confirming the robustness and reliability of the meta-
analysis results.

Quality assessment

The quality of the studies included in the review was
assessed using QUADAS-2 with the results summarized
in Figure S5a (bar plot) and Figure S5b (traffic lights).
A thorough evaluation of each domain focusing on risk
of bias was conducted. For patient selection, 28 studies
were classified as having high risk of bias or some con-
cerns, mainly due to reporting limitations or inappropri-
ate application of inclusion and exclusion criteria. In the
index test domain, 23 studies were rated as having high
risk or some concerns, while the remaining studies were
considered low risk. In the reference standard domain, 22
studies demonstrated high risk of bias or some concerns.
For flow and timing, 27 studies were judged to have
high risk or some concerns, primarily due to insufficient
reporting of time intervals between the index test and
reference standard or lack of clarity regarding whether all
participants received the same reference standard.

Deeks’ test revealed a significant asymmetry in the fun-
nel plot (Slope = -39.268, p =0.0115), suggesting the pres-
ence of potential publication bias in the included studies.
The negative slope indicates that smaller studies tended
to report higher logDOR values compared to larger stud-
ies, which is consistent with selective reporting or small-
study effects. Therefore, the meta-analytic estimate of
diagnostic performance should be interpreted with cau-
tion, as it may be influenced by this bias (Figure S6).

Discussion

CNNes, as state-of-the-art image analysis tools, can learn
complex features from images to aid in diagnosis, prog-
nosis, and subtyping. Multi-modal approaches, combin-
ing different imaging types and clinical data, improve
generalizability and performance across cancer types
[27, 86, 87]. This systematic review aimed to evaluate
the diagnostic performance of CNN algorithms for ovar-
ian cancer detection. A total of 47 studies were included,
of which 20 studies contributed data for meta-analysis.
CNNs demonstrated strong pooled diagnostic perfor-
mance with a SE of 94% and SP of 95%, and an AUC of
0.974. Performance varied by imaging modality: histopa-
thology achieved high diagnostic accuracy (SE 97.9%, SP
93.4%, AUC 0.981), followed by MRI (SE 97%, SP 95.5%,
AUC 0.986), CT (SE 91.4%, SP 97.5%, AUC 0.983), and
ultrasound (SE 89.1%, SP 95.1%, AUC 0.922). However,
the MRI estimate was based on a single study. These find-
ings underscore the importance of selecting appropri-
ate imaging techniques for CNN-based ovarian cancer
detection.
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Table 5 Pooled diagnostic performance of imaging modalities, CNN architectures, learning types, and database sources
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The performance of CNNs varied across studies, as
exemplified by Urushibara, et al. (2022), who reported
high diagnostic performance in diagnosing endometrial
cancer on MRI Specifically, a deep learning model using
CNNs outperformed expert radiologists when analyzing
axial apparent diffusion coefficient maps and axial con-
trast-enhanced T1-weighted images. Although the addi-
tion of other image types to the training data improved
diagnostic performance for some image sets, this
improvement was not statistically significant [88]. The
variability in CNN performance may be related to the
quality of the images used. The exclusion of low-quality
images in some studies and the absence of image qual-
ity reporting in others suggest variability in data quality,
which may have contributed to the observed heteroge-
neity. The transferability of CNN models to data from
different sources and the identification of uncertain pre-
dictions remain significant challenges. The role of tissue
quality itself is also largely unknown. In this study, we
demonstrated that samples from The Cancer Genome
Atlas ovarian cancer dataset (TCGA-OV) with different
tissue sources exhibit varying quality characteristics, and
CNN performance is linked to this property. In Mayer
et al,, study CNNs performed best on high-quality data.
While quality control tools were partially effective in
identifying low-quality tiles, their use did not enhance
the performance of the trained CNNs. To address this,
they trained NoisyEnsembles by introducing label noise
during training, which improved CNN performance on
low-quality, unknown datasets. The performance of the
NoisyEnsembles increased as the ensemble became more
consistent, suggesting that incorrect predictions could be
efficiently discarded to avoid erroneous diagnostic deci-
sions [89].

Among the CNN architectures evaluated, ResNet and
DenseNet demonstrated strong diagnostic performance,
with pooled AUCs of 0.969 and 0.956, respectively, while
other CNN architectures and hybrid models showed
slightly higher overall performance. Transfer-learning
approaches outperformed fully trained models, showing
higher pooled SE and SP, underlining the value of transfer
learning in improving CNN performance. Transfer learn-
ing is particularly beneficial in ovarian cancer detection
when datasets are limited or heterogeneous: by fine-tun-
ing pre-trained models, the network can leverage strong
low- and mid-level features, bolstering its discrimina-
tive ability without requiring very large medical datasets
[90]. For instance, W, et al. used six pre-trained DCNNs
(including ResNext50, ResNet34, DenseNet121) on ultra-
sound images of ovarian tumors and achieved an accu-
racy of 0.952, with 90% SE and 99.2% SP for high-grade
serous carcinoma [62]. Similarly, an ensemble of trans-
fer-learned CNNs (VGG16, ResNet50, and InceptionNet)
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HSROC curve for CNN algorithms using images (twenty studies)
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Fig. 2 Hierarchical summary receiver operating characteristic of all studies included in the meta-analysis

attained a SE of 96.5% and SP of 88.1% in classifying
benign vs. malignant ovarian masses [91].

Substantial heterogeneity was observed across the
included studies, with SE and SP variances of 0.548 and
1.528, respectively, indicating notable variability in CNN
diagnostic performance across different study settings
and methodological characteristics. Multivariate ran-
dom-effects meta-regression indicated that the overall
set of moderators was significant. Among the evaluated
predictors, only the “Other” CNN architecture group
was significantly associated with logDOR, demonstrating
higher diagnostic performance compared with ResNet.
In contrast, imaging modality (CT, MR, and ultrasound),
dataset openness, transfer learning, and DenseNet archi-
tecture were not significantly associated with logDOR.
Despite these analyses, the included covariates explained
only about 12.8% of the between-study variance, and sub-
stantial residual heterogeneity remained, suggesting that
additional unmeasured factors may contribute to vari-
ability in CNN diagnostic performance.

In the present study, the quality of the included studies
was assessed using the QUADAS-2 tool. However, during
the review, two additional checklists designed for Al in
medical imaging were identified: CLAIM (Checklist for
Artificial Intelligence in Medical Imaging) and STARD-
Al (Standards for Reporting of Diagnostic Accuracy
Studies — Artificial Intelligence). CLAIM is a descriptive
checklist comprising 17 domains and 44 items, provid-
ing comprehensive guidelines for reporting Al studies in
medical imaging. However, it lacks a quantitative scoring
system to assess the risk of bias. To improve its utility,
CLAIM needs to be updated to include a scoring system
[92]. STARD-AL still in preparation, aims to standard-
ize the reporting of diagnostic accuracy studies involv-
ing Al-based tests [93]. To make these checklists more
effective, it is essential to introduce a scoring system that
quantifies the degree to which each item is addressed.

This approach allows for an objective assessment of study
quality and potential biases, ultimately leading to more
consistent and reliable evaluations.

Limitations and future directions

This systematic review and meta-analysis has several
limitations. First, the included studies showed consider-
able heterogeneity in imaging modalities, CNN architec-
tures, preprocessing methods, and reporting standards,
which may affect comparability and pooled estimates.
Second, only 20 out of 47 studies provided sufficient data
for inclusion in the meta-analysis, potentially limiting
statistical power. Third, most studies were single-center
or region-specific, which may limit the generalizabil-
ity of CNN models across diverse patient populations
and geographic regions. Variations in imaging proto-
cols, equipment, and population characteristics could
influence model performance in broader clinical set-
tings. Finally, although meta-regression was performed,
the included covariates explained only a small propor-
tion of the between-study variance, suggesting that
additional unmeasured factors may contribute to the
observed heterogeneity. Regarding performance evalu-
ation, most studies reported standard metrics such as
SE, SP, and AUC. While these are informative, additional
metrics like Matthews Correlation Coefficient (MCC)
or Precision-Recall AUC could provide deeper insights,
particularly in clinical contexts where false negatives
are critical. Incorporating such metrics in future studies
would improve the assessment of model reliability and
clinical applicability.

Future work should focus on standardizing data col-
lection, image quality control, and algorithm selec-
tion protocols to minimize variability. Validation across
multi-center and multi-national datasets, as well as the
use of multi-modal imaging and transfer learning tech-
niques, could enhance the robustness, versatility, and
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HSROC curve for CNN algorithms using using histopathological images (eight studies)
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Fig. 3 (a) Hierarchical summary receiver operating characteristic of studies using histopathological images. (b) Hierarchical summary receiver operating
characteristic of using ultrasound images. (c) Hierarchical summary receiver operating characteristic of studies using computed tomography images. (d)
Hierarchical summary receiver operating characteristic of studies using magnetic resonance imaging
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HSROC curve
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for Resnet algorithms (ten studies)
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Fig. 4 (a) Hierarchical summary receiver operating characteristic of studies using ResNet algorithms. (b) Hierarchical summary receiver operating char-
acteristic of studies using Densenet algorithms. (c) Hierarchical summary receiver operating characteristic of studies using other algorithms (AlexNet,
DCNN, DFCNN, GooglLeNet, Hybrid (CNN & GooglLeNet V3), Hybrid (Inception-ResNet v2), Hybrid CNN-Transformer model, InceptionV3, NASNetLarge,
NASNetMobile, OVANet (Ensemble CNN:VGG19 + InceptionV3 + SE + spatial attention), OvCan-FIND, MobileNet, VGG16,VGG19, Xception, Xception_ViT)
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HSROC curve for transfer learning algorithms (fifteen studies)
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HSROC curve for fully learning algorithms (six studies)
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Fig.5 (a) Hierarchical summary receiver operating characteristic of studies used transfer learning algorithms. (b) Hierarchical summary receiver operat-
ing characteristic of studies using fully learning algorithms

generalizability of CNN-based approaches. Expand- reporting frameworks like CLAIM and STARD-AI is rec-
ing applications to tasks such as metastasis detection = ommended to improve study quality, reduce heterogene-
or early-stage cancer screening may further broaden ity, and facilitate reproducibility.

the clinical utility of these models. Finally, adherence to
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HSROC curve for studies used open-source databases (six studies)
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HSROC curve for studies used non-open-source databases (fourteen studies)
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Fig. 6 (a) Hierarchical summary receiver operating characteristic of studies used open-source datasets. (b) Hierarchical summary receiver operating

characteristic of studies used non- open-source datasets

Conclusion

CNN-based algorithms demonstrate high diagnostic
accuracy for ovarian cancer detection, with particularly
strong performance across imaging modalities such
as MRI, CT, and histopathology. These findings high-
light the potential of deep learning models to support
Al-assisted diagnostic workflows and improve early

detection. However, substantial heterogeneity across
studies and potential publication bias indicate the need
for standardized imaging protocols, larger multi-center
datasets, and external validation. Future research should
focus on harmonizing data sources and integrating CNN-
based tools into clinical decision-making to enhance
diagnostic reliability and patient outcomes.
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Study Events Total Proportion 95%-Cl Weight
kasture et al, 2021 - DCNN 389 400 -l 097 [0.95099] 27%
Wang et al,, 2021 - VGG16 4 58 4.— 0.84 [0.73;083] 26%
Wang et al., 2021 - GoogLeNet 56 58 — 0.97 [0.88;1.00] 1.9%
Wang et al,, 2021 - ResNet34 52 58 —.—— 0.90 [0.79;0.86] 24%
Wang et al., 2021 - MobileNet 51 58 —.—“ 0.88 [0.77,085] 25%
Wang et al., 2021 - DenseNet 50 58 4.— 085 [0.75;094] 25%
Wang et al, 2021 - VGG16 4 58 + 0.84 [0.73;083] 26%
Wang et al., 2021 - GoogLeNet 52 58 —.—— 0.80 [0.79;086] 24%
Wang et al, 2021 - ResNet34 52 59 —a 0.88 077,095 25%
Wang et al,, 2021 - MobileNet 54 64 —l— 084 [0.73;092] 26%
Wang et al, 2021 - DenseNet 43 48 —a— 090 [0.77,097] 24%
Chen et al,, 2022 - ResNet 2 4 — 092 [0.73;099] 19%
Jung et al., 2022 - DenseNet121 451 539 —l— 0.84 [0.80;0.87] 298%
Jung et al.,, 2022 - DenseNet161 467 5% —.— 0.84 [0.81;0.87] 28%
Kodipalli et al., 2022 - Hybrid (Inception-ResNet v2) 114 144 —.— 079 [0.72;085 28%
Ramasamy & Kaliyaperumal 2022 - DFCNN 392 393 H 1.00 [0.89;1.00] 1.4%
Miao et al,, 2023 - ResNet 145 151 — 097 [092,099 24%
Miao et al., 2023 - ResNet Il 75 —l— 095 [0.87;089] 23%
Miao et al,, 2023 - ResNet 69 83 —H— 0.83 [0.73;090] 27%
Sundari & Brintha, 2023 - ResNet 389 400 -.' 0.97 [0.95089] 27%
Sadeghi et al., 2023 - 3D CNN based on ResNet-50 73 8 —.— 086 [0.77,092] 26%
Wu et al,, 2023 - ResNext50 24 29 I 0.83 [064;094 23%
Xietal, 2023 - DenseNet 78 8 —-.— 0.96 [0.90;089] 21%
Ziyambe etal, 2023 - Hybrid (CNN & GoogleNet (V3)) 95 102 —l— 093 [0.85,097] 25%
Fahim et al, 2024 - OVANet (Ensemble CNN: VGG19 + InceptionV3 + SE + spatial attention) 8 8t "—I' 0.99 [0.93;1.00) 14%
Guha et al, 2024 - Enhanced ResNet50 (ResNet60) 131 144 —.—" 091 [0.85085] 27%
Kasture et al, 2024 - AlexNet 382 398 096 [0.94;088] 27%
Kasture et al, 2024 - VGG-19 391 398 -. 0.98 [0.96,099] 25%
Sundari et al, 2024 - ResNet-50 3066 3102 i 099 [0.98;099] 28%
Alshdaifat et al, 2025 - VGG16 18 122 ‘—‘“I" 097 [0.92,089] 23%
Alshdaifat et al, 2025 - VGG19 104 122 —I— 085 [0.78;091] 27%
Alshdaifat et al, 2025 - ResNet50 1M 122 —.—— 0.91 [0.84;095] 26%
Alshdaifat et al, 2025 - InceptionV'3 120 122 — 098 [0.94,1.00] 19%
Alshdaifat et al, 2025 - Xception 120 122 —I' 0.98 [0.94;1.000 18%
Alshdaifat et al, 2025 - NASNetlobile 121 122 : —H 099 [0.96,1.00] 14%
Alshdaifat et al, 2025 - NASNetLarge "7 12 —E 096 [0.91;089] 24%
Alshdaifat et al, 2025 - Xception_ViT 18 120 o 0.98 [0.94,1.000 198%
Amin et al, 2025 - DenseNet-121 48 49 — 0.98 [0.89;1.00) 14%
Amin et al, 2025 - VGG16 49 49 - 1.00 [0.93;1.00] 0.8%
Amin et al, 2025 - VGG19 49 49 —— 1.00 [0.83;1.00] 05%
Amin et al, 2025 - ResNet50 38 49 . 0.78 [0.63;0.88] 26%
Amin et al, 2025 - InceptionV3 43 49 ——a 0.98 [0.89;1.00] 1.4%
Amin et al, 2025 - DenseNet121+GANM 49 49 —— 1.00 [0.83;1.00] 0.5%
Garcia-Atutxa et al, 2025 - Hybrid CNN-Transformer model 53 53 - 1.00 [0.93;1.000 05%
Saha et al, 2025 - OvCan-FIND 2833 2924 [+ 099 [0.98099 28%
Random effects model 12007 ‘ 0.94 [0.92;0.96] 100.0%

[ T I I I T I 1
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Heterogensity: P= 2%, J= 0.5624, p <0.01

Fig. 7 Forest plot of studies included in the meta-analysis (20 studies, 45 tables). There was substantial heterogeneity, with sensitivity and specificity an
12 0f 92% (p<0.01)
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Study Events Total Proportion 95%-Cl Weight
kasture et al, 2021 - DCNN 80 100 _._ 0.80 [0.71,087] 25%
Wang et al,, 2021 - VGG16 27 3 —.— : 0.77 [0.60;0.80] 23%
Wang et al., 2021 - GoogLeNet 21 3 ——@—— 060 [0.42,0.76) 2.4%
Wang et al,, 2021 - ResNet34 27 3% —E— 0.77 [0.60;0.80) 23%
Wang et al,, 2021 - MobileNet 24 35 —E— 069 [0.51;0.83] 24%
Wang et al,, 2021 - DenseNet 24 3 —E— 069 [0.51;0.83] 24%
Wang et al,, 2021 - VGG16 29 35 —_— 0.83 [0.66;093] 23%
Wang et al,, 2021 - GoogLeNet 2 35 —B— 0.80 [063;092] 23%
Wang et al,, 2021 - ResNet34 28 34 —E— 0.82 [0.65;083] 23%
Wang et al., 2021 - MobileNet 25 29 —E 0.86 [0.68;0.86] 22%
Wang et al.,, 2021 - DenseNet 30 44 —.— 068 [0.52,0.81] 24%
Chen et al.,, 2022 - ResNet 49 61 —.— 0.80 [0.68;0.89] 24%
Jung et al., 2022 - DenseNet121 1008 1074 0.94 [0.92,085 26%
Jung et al,, 2022 - DenseNet161 1004 1103 | 091 [0.89;093] 26%
Kodipalli et al., 2022 - Hybrid (Inception-ResNet v2) M7 376 —l 0.84 [0.80;0.88 26%
Ramasamy & Kaliyaperumal 2022 - DFCNN 380 383 H 0.99 [0.98,1.000 21%
Miao et al.,, 2023 - ResNet 163 175 —.— 0.93 [0.83;0.86] 24%
Miao et al, 2023 - ResNet 579 —B 095 [0.85,0.99] 22%
Miao et al.,, 2023 - ResNet 87 93 —.— 0.94 [0.85;0.88] 23%
Sundari & Brintha, 2023 - ResNet 8 100 —— 080 [071;087 25%
Sadeghi et al., 2023 - 3D CNN based on ResNet-50 84 85 —I 099 [0.94,1.000 16%
Wu et al, 2023 - ResNext50 145 152 -—l 096 [0.92,099 23%
Xietal, 2023 - DenseNet M7 119 —l 098 [0.94,1.00] 2.0%
Ziyambe etal, 2023 - Hybrid (CNN & GoogleNet (V3)) 93 98 —l— 095 [0.83098 23%
Fahim et al, 2024 - OVANet (Ensemble CNN: VGG19 + InceptionV'3 + SE + spatial attention) 20 20 ——I 1.00 [0.83;1.00) 1.1%
Guha et al, 2024 - Enhanced ResNetS0 (ResNet60) 376 376 - | 1.00 [0.99;1.000 1.1%
Kasture et al, 2024 - AlexNet a7 100 —B— 047 [037,057] 25%
Kasture et al, 2024 - VGG-19 93 100 —I— 093 [0.85,097] 24%
Sundari et al, 2024 - ResNet-50 431 439 | 0.98 [0.96,089] 24%
Alshdaifat et al, 2025 - VGG16 233 244 ". 095 [0.92,088] 24%
Alshdaifat et al, 2025 - VGG19 238 244 ‘. 0.98 [0.95,089] 23%
Alshdaifat et al, 2025 - ResNet50 220 244 —.- 0.90 [0.85;0.84] 25%
Alshdaifat et al, 2025 - InceptionV3 235 244 -. 096 [0.93,088] 24%
Alshdaifat et al, 2025 - Xception 234 243 Hl 0.96 [0.93;088] 24%
Alshdaifat et al, 2025 - NASNetMobile 238 244 ‘l 0.98 [0.95,089) 23%
Alshdaifat et al, 2025 - NASNetLarge 238 244 ‘. 0.98 [0.95,089) 23%
Alshdaifat et al, 2025 - Xception_ViT 244 248 | 0.99 [0.97;1.000 20%
Amin et al, 2025 - DenseNet-121 94 98 —' 0.96 [0.90;0.89] 22%
Amin et al, 2025 - VGG16 95 98 = 097 [091,089 21%
Amin et al, 2025 - VGG19 85 98 —B—- 0.87 [0.78,093] 24%
Amin et al, 2025 - ResNet50 97 98 —H 099 [0.94,1.00] 16%
Amin et al, 2025 - InceptionV3 92 98 —I— 094 [0.87;098 23%
Amin et al, 2025 - DenseNet121+GAN 97 98 —H 099 [0.94,1.00) 16%
Garcia-Atutxa et al, 2025 - Hybrid CNN-Transformer model 1408 1408 | 1.00 [1.00;1.00) 1.1%
Saha et al, 2025 - OvCan-FIND 609 624 098 [0.96,099 25%
Random effects model 9958 ’ 0.93 [0.90;0.95] 100.0%
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Haterogensity: 17 = 92%, < = 1.6002, p < 0.01
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Fig. 7 (continued)
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