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ABSTRACT

Three-dimensional convolutional neural networks (3D CNNs) have transformed oncology imaging, excelling in
tumor detection, classification, segmentation, and prognosis prediction. Unlike traditional two-dimensional
CNNs, 3D CNNs effectively analyze volumetric medical imaging data, enhancing spatial feature extraction and
diagnostic accuracy across modalities, including CT, MRI, PET, and ultrasound.

This systematic review and meta-analysis evaluates the diagnostic performance and clinical utility of 3D CNNs
across 22 studies, of which 11 were eligible for quantitative synthesis. Pooled sensitivity, specificity, and AUC
were 0.72, 0.73, and 0.77, respectively, with a diagnostic odds ratio of 10.38, indicating favorable discriminative
ability. Subgroup analyses demonstrated superior accuracy in lung cancer and CT-based models, with DenseNet
and ResNet architectures outperforming traditional CNNs.

Technical innovations—including multi-modal fusion, spatial context integration, and explainable Al techniques—
enhance model robustness and clinician trust. However, substantial heterogeneity (I2 > 95%) across studies,
attributable to differences in imaging protocols, dataset quality, and model design, underscores the need for
standardized methodologies. Persistent challenges include computational demands, annotation variability, and
generalization limitations.

Future directions should prioritize the integration of explainable AI, PACS-compatible user interfaces, and
federated learning frameworks to bridge institutional gaps. This review highlights the considerable promise of
3D CNNs in advancing precision oncology, while also identifying the infrastructural and methodological
refinements necessary for widespread clinical adoption.

Keywords: Three-dimensional convolutional neural networks; Oncology imaging; Cancer diagnostics; Tumor
segmentation; Tumor classification

INTRODUCTION

The advancement of deep learning and artificial
intelligence (Al) has revolutionized cancer imaging by
making three-dimensional convolutional neural
networks (3D CNNs) a powerful tool for picture
processing and recognition. By examining
DOI: http://doi.org/10.18502/ijhoscr.v20i2.21784

volumetric data, 3D CNNs outperform conventional
two-dimensional (2D) CNNs in tumor detection,
classification, and segmentation®. Their role in
oncology is evaluated in this systematic review and
meta- analysis, with a focus on cancer detection,
segmentation, classification, and prognosis. Even
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though imaging methods such as CT, MRI, and PET
are used extensively in cancer, traditional methods
have interobserver variability and inefficiencies.
CNNs and other Al-driven techniques enhance
automated analysis3>. 3D CNNs capture spatial
connections, increasing diagnostic accuracy*®, in
contrast to 2D CNNs utilized in lung cancer
screening® and breast cancer screening’.

Applications of 3D CNNs in Oncological Imaging
Three-dimensional convolutional neural networks
(3D CNNs) have demonstrated remarkable
performance in cancer detection, classification, and
segmentation by effectively processing volumetric
imaging data and extracting complex spatial
features. Their ability to integrate multi-slice
information enhances diagnostic precision across
various cancer types. In lung cancer, for instance, 3D
CNNs significantly improve the identification of
malignant nodules in CT images, surpassing
conventional radiological assessments through
accurate tumor localization®. Advanced techniques
such as gradient-weighted class activation mapping
further reduce false positives and enable
comprehensive tumor morphology assessment
across entire volumetric datasets *°.

In breast cancer diagnosis, 3D CNNs effectively
distinguish benign from malignant lesionsin MRl and
mammography, with feature selection strategies
boosting classification accuracy and enabling early,
reliable detection’. When combined with image
fusion techniques, 3D CNNs also improve
ultrasound-based classification performance,
underscoring their utility in breast cancer
screening®!, In liver cancer, these models predict
microvascular invasion in hepatocellular
carcinoma—a critical factor for treatment planning
and prognosis—and outperform traditional methods
in MRI-based tumor differentiation by capturing
intricate spatial relationships % 2.

For brain tumors, 3D CNNs achieve high accuracy in
glioma classification and segmentation on MRI,
facilitating precise tumor boundary delineation for
radiotherapy and surgical planning®®. Integrating
long-range 2D context into 3D architectures further
refines segmentation outcomes and ensures reliable
tumor identification . The growing adoption of 3D
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CNNs has been driven by advances in CT, MRI, and
PET imaging, which automate labor-intensive
processes and reduce interobserver variability*°.
Their integration into clinical workflows improves
lesion detection, minimizes diagnostic delays, and
enhances treatment decisions across multiple cancer
types!®®, As 3D CNNs continue to evolve, they are
transforming oncological imaging by delivering
unprecedented accuracy in cancer diagnosis,
prognostication, and therapy planning.

3D CNNs in Tumor Segmentation and Treatment
Planning

Precise tumor segmentation is essential for radiation
therapy and surgical planning, and 3D CNNs have
substantially improved segmentation accuracy and
spatial delineation across multiple malignancies. In
brain tumor imaging, 3D CNN-based models
leveraging MRI data have surpassed traditional
approaches by enhancing tumor boundary
delineation!. The integration of long-range 2D
context into 3D architectures has further refined
segmentation performance °.

In liver cancer, deep learning-based 3D CNNs applied
to MRI have provided critical prognostic insights by
predicting microvascular invasion in hepatocellular
carcinoma®?, while dual-scale 3D CNNs have
outperformed conventional methods in tumor
delineation®®.  Similarly, in cervical cancer,
automated tumor segmentation in CT images
enabled by 3D deep neural networks has increased
the precision of radiation planning 2.

Despite their transformative impact, 3D CNNs face
persistent  challenges  related to model
generalization, data availability, and computational
complexity. Widespread clinical adoption will
require large, multi-center datasets and improved
model interpretability. Nevertheless, Al-driven
decision support systems incorporating 3D CNNs
have shown promise in multi-center cancer
diagnosis, advancing Al-assisted clinical workflows.
Ongoing developments in hardware infrastructure
and deep learning algorithms are gradually
addressing these limitations.

This systematic review evaluates the significance of
3D CNNs in cancer detection, classification, and
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segmentation, as well as their broader relevance in
oncological imaging.

Despite significant advancements, barriers to the
widespread clinical adoption of 3D CNNs persist,
including limited multi-center validation, poor model
generalization, and variability in dataset quality. An
objective synthesis of existing evidence is therefore
essential to critically evaluate their diagnostic
accuracy and clinical applicability.

This  meta-analysis  systematically synthesizes
findings from diverse studies to assess the
effectiveness of 3D CNNs in oncology imaging, with a
focus on their potential to improve cancer
diagnostics and treatment planning. In doing so, it
also identifies critical challenges that must be
addressed for successful clinical implementation.
Given that recent reviews have highlighted the
growing role of 3D CNNs in multi-modal integration
and radiogenomics?, a consolidated, up-to-date
synthesis of performance metrics is urgently
needed—a gap this study aims to fill.

MATERIALS AND METHODS

Research Question

What is the role of three-dimensional convolutional

neural networks (3D CNNs) in oncology imaging?

The research question was structured using the

PICOS framework as follows:

e Population (P): Patients with various
malignancies, including ovarian tumors, cervical
cancer, head and neck squamous cell carcinoma,
lung cancer, oral cancer, breast cancer, liver
tumors, and  hepatocellular  carcinoma,
examined across multiple imaging modalities.

e Intervention (l): Application of 3D CNNs to CT,
MRI, ultrasound, PET, and microscopic imaging
for tumor detection, localization, classification,
segmentation, and prognosis prediction.

e Comparison (C): 3D CNN performance compared
with standard 2D CNNs, conventional machine
learning techniques, radiomics-based models,
traditional imaging-based diagnostic methods,
and human radiologists or pathologists.

e Outcomes (0): Diagnostic accuracy, classification
performance (accuracy, sensitivity, specificity,
AUC-ROC), segmentation efficacy (Dice score,
loU), prognostic prediction (C-index, recurrence

D-CNNs in Oncology Imaging: A Systematic Review and Meta-
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prediction), tumor localization precision, and
overall clinical workflow efficiency.

e Study Design (S): Retrospective studies,
experimental studies, cohort studies, and deep

learning-based evaluations using
internal/external test sets or cross-validation
methods.

Search Strategy

Following PRISMA 2020 guidelines, a comprehensive
literature search was conducted across PubMed,
Scopus, Web of Science, Embase, Cochrane Library,
and Google Scholar for studies published between
2017 and 2024 (Figure 1). The search approach was
improved by using Boolean operators (AND, OR) to
make sure pertinent papers were found. "3D CNN,"
"three-dimensional convolutional neural network,"
"deep learning in oncology," "Al in cancer imaging,"
"tumor segmentation using Al," "oncology image
classification," "radiomics and deep learning,"
"medical image analysis with CNNs," "MRI-based
cancer detection," "CT-based tumor identification,"
"PET imaging Al," and "computer-aided diagnosis in
oncology" were among the keywords used. Only
peer-reviewed English-language research on
quantitative performance measures in cancer
imaging was included in the search.

Eligibility Criteria

Studies were included if they applied 3D CNNs to
oncology imaging, reported guantitative
performance metrics, evaluated diagnostic accuracy,
segmentation precision, or classification efficacy
Eligible imaging modalities comprised CT, MRI, PET,
and digital pathology. Exclusion criteria included
studies without a clear methodology or lacking
performance metrics, non-English publications, case
reports, reviews, and editorials. Additionally, articles
that solely used 2D CNNs without volumetric analysis
were excluded. This ensured that only relevant
studies focusing on the application of 3D CNNs in
cancer imaging were considered, providing a
comprehensive assessment of their effectiveness in
tumor detection, classification, and segmentation.
To better interpret the diagnostic performance of 3D
CNNs in oncology imaging, subgroup analyses were
conducted based on cancer type, imaging modality,
and CNN architecture.
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1. Cancer Type: Subgroup-specific sensitivity and
specificity revealed that models applied to lung
cancer imaging (n = 5 studies) achieved the highest
pooled sensitivity (0.81, 95% Cl: 0.74-0.88) and
specificity (0.84, 95% Cl: 0.76—0.90). Cervical cancer
models showed moderate sensitivity (0.71, 95% Cl:
0.61-0.81) but lower specificity (0.58, 95% Cl: 0.44—
0.72). Breast cancer models demonstrated balanced
performance (sensitivity: 0.77, specificity: 0.72).

2. Imaging Modality: CT-based 3D CNNs showed
higher diagnostic performance (AUC: 0.81, 95% Cl:
0.72-0.89) compared to MRI-based (AUC: 0.74, 95%
Cl: 0.63-0.84) and ultrasound-based models (AUC:
0.69, 95% Cl: 0.57-0.81).

3. CNN Architecture: Architectures like DenseNet
and ResNet variants achieved superior pooled AUCs
(DenseNet: 0.84; ResNet: 0.81), whereas traditional
vanilla CNNs demonstrated lower AUCs (0.68-0.72),
particularly when applied to complex classification
tasks.

Diagnostic Odds Ratio (DOR)

The pooled diagnostic odds ratio (DOR) across
studies using 3D CNNs in oncology imaging was
estimated to be 10.38 (95% Cl: 6.17-17.47). This
indicates that patients with cancer were over 10
times more likely to be correctly identified by 3D
CNN-based systems compared to those without
cancer. Despite notable heterogeneity (1> = 95%), the
overall effect remained statistically significant (Z =
7.11, p < 0.00001).

Architectural Technical
Innovations

The reviewed studies employed a range of CNN
architectures that vary in complexity, feature
representation capacity, and diagnostic accuracy.
Prominent models include:

3D U-Net: Utilized primarily for segmentation tasks,
such as cervical and brain tumor delineation. U-Net-
based models excel in capturing fine spatial details
and boundary definitions due to their encoder-
decoder structure and skip connections.

Approaches and
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3D DenseNet: Frequently used for breast and lung
cancer classification, DenseNet architectures allow
efficient feature propagation and reuse by
connecting each layer to every other layer. This
design enhances gradient flow and reduces the
number of parameters.

3D ResNet and ResNet Variants: Applied for
classification and mutation prediction, ResNet-based
architectures incorporate residual blocks that
mitigate vanishing gradient issues, allowing the
training of deeper networks.

Dual-Scale 3D CNNs: As demonstrated in liver tumor
segmentation, these models process image features
at both global and local scales, improving lesion
detection and structural representation.

In addressing common challenges, several strategies
were identified:

Class Imbalance: Resampling techniques, such as
weighted loss functions and data augmentation (e.g.,
random flipping, cropping, rotation), were
implemented to balance datasets. Some studies
used synthetic minority oversampling or dropout
regularization to enhance generalization.

Spatial Feature Capture: Long-range 2D context was
integrated within 3D CNNs to enhance spatial
representation, particularly in glioma segmentation
and liver tumor classification.

Multi-Modal Fusion: Studies combining imaging
modalities (e.g., CT + PET, multiparametric MRI)
leveraged complementary structural and functional
information, resulting in improved classification
accuracy. Fusion was achieved through channel-wise
concatenation or ensemble learning strategies.
These architectural advancements and technical
methods address key limitations in clinical imaging
applications, enhancing model robustness,
generalizability, and diagnostic interpretability.

Study Selection and Data Extraction

A comprehensive search across multiple databases
yielded a total of 381 articles, of which 22 met the
eligibility criteria for inclusion in the systematic
review (Figure 1). Among these, only 11 studies
qualified for inclusion in the meta- analysis. The
study selection process was conducted in two
phases. Initially, two independent reviewers
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(Reviewer 1 and Reviewer 2) screened the titles and
abstracts to identify relevant studies. Full-text
reviews were then performed on eligible articles,
with any disagreements resolved through discussion
or consultation with a third reviewer (Reviewer 3).

Risk of Bias and Quality Assessment

The risk of bias was evaluated using standardized
tools depending on research design. To assess biases
associated with missing data, intervention
adherence, randomization, and selective reporting,
the ROB2 tool was wused in experimental
investigations. The ROBINS-I?2 approach was used to
evaluate observational research, with an emphasis
on confounding issues, data classification, and
participant selection. The Newcastle-Ottawa Scale
(NOS)® was utilized for retrospective studies, while
SYRCLE’s Risk of Bias Tool** was also applied to
experimental studies. Heterogeneity was examined
through sensitivity analyses, and publication bias
was investigated using funnel plots. The study
adhered to PRISMA guidelines to ensure
methodological rigor and transparency, enhancing
the reliability and validity of the findings.

RESULT

Table 1 summarizes 22 studies investigating the
role of 3D CNNs in oncology imaging across various
malignancies, including lung cancer®?’3> breast
cancer®® ?° and cervical cancer?*3?, CT was the most
frequently used imaging modality, followed by MRI,
ultrasound, and microscopy. The primary
applications of 3D CNNs included tumor
classification, segmentation, and prognosis. Several
studies demonstrated superior performance of 3D
CNNs compared to traditional 2D CNNs, particularly
in  classification  accuracy and  diagnostic
efficiency?®?®, Notable findings include improved
tumor localization accuracy (<0.9 mm error)¥ and
enhanced classification performance  with
preprocessing techniques!®. Some models achieved
exceptionally high diagnostic accuracy, exceeding

90% in specific applications?**!. These finding§able

highlight the potential of 3D CNNs in improving
cancer diagnosis and patient outcomes. Several
studies report high classification accuracy, such as
Mzoughi et al. (98.38% for NSCLC)*3, Abinaya K et al.

D-CNNs in Oncology Imaging: A Systematic Review and Meta-
Analysis

(98.6% for cervical cancer)?, and Chithra PL et al.
(98% for lung tumor segmentation)®. 3D CNN
models often outperform 2D CNNs, as was seen in
some studies!® %6, Studies on tumor localization and
prognosis demonstrate precise segmentation and
predictive capabilities. Advanced architectures,
including 3D DenseNet and Vision Transformer-
based models (K A et al.), show significant
improvements. Most studies validate results using
cross-validation or external test sets, with statistical
significance reported in several cases (p < 0.05),
reinforcing the robustness of 3D CNN applications in
medical imaging (Table 2).

Figure 2 presents the risk of bias assessment for
experimental studies using the ROB2 tool. Xu S et al.
(2019) ' demonstrated a low risk of bias across most
domains; however, missing outcome data led to a
moderate overall risk. Similarly, Zhang Z et al.
(2019)?® showed low bias but had concerns regarding
selective reporting, potentially affecting result
reliability. Wei R et al. (2019)¥exhibited issues in
randomization, missing data, and selective outcome
reporting, suggesting weaknesses in transparency.
Mufioz-Aseguinolaza U et al. (2023)* had the least
bias, with only minor concerns about missing data,
indicating a well-structured study. Figure 3 provides
an overall summary, showing that while most studies
maintained low bias in intervention adherence and
randomization, missing data and selective reporting
were prevalent, impacting result reliability. Figure 4
evaluates observational studies using the ROBINS-I
tool. Alakwaa W et al. (2017)%® and Perez G et al.
(2020)*® had a low risk of bias, though selective
reporting remained a concern. Trivizakis E et al.
(2019)? and Ding Y et al. (2022)*° had missing details
regarding participant selection and classification,
affecting credibility. Camalan S et al. (2021)%° and
Zhang Y et al. (2021)3! exhibited moderate bias due
to confounding variables. Tan X et al. (2021)*? and
Huang X et al. (2022)* had concerns regarding
missing data and intervention classification.
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Table 1: Characteristics of the Studies Included

Table 1
Author/Year Study Sample Size Malignancy Type | Imaging Modality 3D CNN Key Outcome Measure
Design Application
1. Alakwaa Retrospectiv| 1,000 patients; Lung Cancer CT scans Pulmonary nodule Accuracy: 86.6%;
Wet al. e Analysis 1 397 CT scans: detection and Misclassification rate: 13.4%;
(2017) [25] 248,580 slices classification False positive
rate: 11.9%; False
negative rate: 14.7%

2. XuSet Experimental ~7,000 CT Oral Cancer Dynamic Early diagnosis 3DCNN outperformed
al. Study images Contrast- of 2DCNN, improving
(2019) Enhanced CT benign/malignant classification accuracy by
[16] (DCE-CT) oral cancer over 6%; AUC increased

lesions to 0.801 in enhancement
rate imaging

3. Trivizakis E Retrospective 130 patients Primary (HCC, MRI (DW-MRI) Classification of 3D CNN outperformed 2D
etal. Study Cholangiocarcinoma, (b1000) primary vs. CNNs, achieving 85.5%
(2019) [2] Hepatic metastatic liver accuracy in distinguishing

Adenocarcinoma) and tumors primary vs. metastatic liver
Metastatic (from various tumors
primary sites)
4. ZhangZet Experimental 1,920 Breast Cancer (SUM159 Bright-field Classification, CNN predicted drug
al. (2019) tumor cells) Microscopy Prediction of treatment concentration
[26] spheres Drug Inhibition with 93.2% accuracy; IC50
Score estimation difference of
18% compared to
LIVE/DEAD staining.

5. WeiR Experimental 100,000 Lung Cancer Single Tumor CNN-based method showed
etal. simulated X-ray Localization & improved tumor localization
(2019) images and Projecti Volumetric accuracy (<0.9 mm error)
[27] data from three on, Reconstruction compared to MM and MM-FD

real patients for CBCT, methods. Faster real-time
testing DRR tracking (36 ms per projection).

6. PerezG Retrospective| 1890 subjects Lung Cancer Low-dose Nodule Detection Ranked 1stin ISBI 2018
etal. study (1384 training, CT LDCT and Cancer Challenge, High Sensitivity in
(2020) 506 testing) (DICOM Prediction Nodule Detection, 4%

[18] Format) Performance Improvement
with Feature Extraction

7. MZOUEIJhi Retrospective| 284 patients Non-small cell lung cancer CcT Classification
etal. ini

study (160 training, (NSCLC)
(2020) 62 validations,
(13] 62 testing)

8. Stark$ Retrospective| 291 patients | Head and Neck Squamous|  CT Prognosis dCo)ncordance Indelx (C-
Setal. (206 Cell Carcinoma (HNSCC index), Loco-regional Tumor
(2020) exploratory, 85 ( ) Control (LRC)

[28] o
validation)

9. Camalalm Retrospective | 54 patients (30 Oral Dysplasia and Oral Pho;]ogr Classification De\(/je|loped d?es learning
Setal. . : : aphic model for early detection of
(2021) Analysis UK, 24 Brazil) | Squamous Cell Carcinoma Images oral dysplasia with Class
[29] Activation Map analysis
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Author/Year Study Design Sample Size Malignancy Type | Imaging 3D CNN Key Outcome Measure
Modality Application
10.Yanagawa Retrospective Study| 285 patients (75 Pulmonary Chest CT Classification of | 3D-CNN model is a non-
M et al. AIS, 58 MIA, adenocarcinoma EGFR mutation | invasive method for predicting
(2021) 152 IVA) status pulmonary invasive
[30] (AIS, MIA, IVA) adenocarcinoma in CT images
with high sensitivity.
Diagnostic accuracy by less-
experienced radiologists
improved with the 3D- CNN
model support.
11. ZhangY et Retrospective 237 Hepatocellular Multiparametric Prediction of Fusion model achieved AUC
al. (2021) i Carcinoma ; 0.81 (training) and
(31] (158 tr.alnl.ng, (HCC) MRI (T2WI, T2- Mlcroyascular 072 Evalidat?())n), with
79 validation) SPIR, PVP) Invasion (MVI) sensitivity 69% and
specificity 79% (training),
sensitivity 55% and specificity
81% (validation)
12. TanXetal. Retrospective, 16,000 TCT Cervical ThinPrep Faster R-CNN | Sensitivity: 99.4%,
(2021) [32] multicenter, Images Cancer Cytologic Test Specificity: 34.8%,
multicohort stud (Training: (ASCUS, (Tem AUC-ROC: 0.67,
y 13,775, LSIL, HSIL) Reduced workload for
Validation: pathologists, High efficiency in
2,301, Test: classification
408,030 images
from 290 slides)
13. Huang X et Retrospective Study| 1074 patients Non-Small Cell CT Prediction of Radiomic and deep learning
al. (2022) Lung Cancer N models effectively predict
[17] EGFR mutation | e -rp gene mutation status
status non-invasively
14. TaoJetal. Retrospective 203 patients Non-small cell Contrast- Prediction of The convolutional neural
(2022) [33] Cohort Study (112 men, 91 women) lung cancer enhanced CT spread through network (CNN) model
(NSCLC) demonstrated superior

ar spaces performance in predicting
(STAS) STAS status compared to
conventional radiomics and
computer vision
models.
15. DingY etal. Technical Study 130 (90 Cervical Cancer CT Segmentation V-Net model achieved better
(2022) [19] training, 10 segmentation performance
validation, 30 testing) than U-Net for CTV and
OARs; improved efficiency in
radiation therapy
workflow
16. Jung Y et al. Retrospective 1613 Ovarian tumors Ultrasound CNN with Accuracy, Sensitivity,
(2022) [34] Cohort Study ultrasound images from (benign: Convolutional Specificity, AUC-ROC, Grad-
) cystadenoma, CAM visualization
1154 patients mature cystic Autoencoder
teratoma, (CNN- CAE)
endometrioma;
malignant:
borderline/cance
n
17. CuiHetal. Retrospective 220 (178 Hepatocellular Contrast- Prediction of SS-3D-CNN
(2022) [3] training, 42 test) Carcinoma Enhanced CT Early outperforms NSS-3D- CNN in
(HCC) RecurTence predicting ER; AUC for SS-

(ER) (22 years)

3D-CNNin

test group =0.789, NSS- 3D-
CNN = 0.560; SS-

3D-CNN significantly stratifies
patients into low- and high-risk
groups (P <.001)
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Author/Year Study Design Sample Size Malignancy Type | Imaging 3D CNN Key Outcome Measure
Modality Application
18. Alotaibi et al. Retrospective Study| BUSI (780), Breast Cancer | Ultrasound (US) Classification Enhanced classification
(2023) [10] Dataset B (162), (Benign using VGG19 Z;:curacy with priprﬁlceﬁsing
) ’ enoising, ROI highlighting,
KAIMRC (3693) Malignant, RGB fusion). VGG19
Normal) outperformed EfficientNet V2

(Accuracy: 91% vs.
67%). The model was evaluated
using five-fold cross-validation.

19. ZhouJ et al. Retrospective Study| 1537 female cases Breast Cancer 3D DCE-MRI Classification, Achieved accuracy of
(2023) [11] (mean age 47.5+ Weakly 83.7%, sensitivity of
11.8 . 90.8%, specificity of
years) Supe.rws?d 69.3%; Comparable
Localization performance with radiologists;
Lowered overdiagnosing rate
by 10%; Weakly supervised
localization with Dice
similarity coefficient of
0.501 + 0.274
20. Mufioz- Experimental Study | 436 studies Lung CT, PET Detection, Model performance affected by
Aseguinolaza U (251,135 Cancer Classification class imbalance; Proposed
et al. images) from 355 resampling methods to improve
(2023) [4] . detection
patients (Lung-Pet-Ct-
Dx dataset)
21. Chithra PL et Retrospective study | 492 NSCLC Non-small cell CT (DICOM and Tumor Dice coefficient, loU, Sensitivity,
al. (2024) patients (16,208 lung cancer NIfTI formats) segmentation | Fl-score, Accuracy, 10%
(35] training, 1,012 improvement over SOTA models
validation, 1,664 test)
22. Abinaya K et Deep Learning- 917 cervical images Cervical Cancer | Herlev Pap Classification Achieved 98.6% accuracy in

al. (2024) Based Approach (Normal, Severe | Smear Dataset cervical cancer classification
[21] Dysplastic, Light using 3D CNN, Vision
Dysplastic, Transformer, and KELM
Carcinomain
Situ, Moderate
Dysplastic)
202
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Author/Year Primary Outcome Efficiency/ Performance Metric 3D CNN Model Validation Statistical Significance
and Secondary Performance (Accuracy, Application Used Method (e.g., p-value, CI)
outcome Sensitivity, (Detection, (e.g. (e.g., Cross-
Specificity, Classification, CNN validation,
Dice Score, Segmentation, Type, External Test
AUC-ROC) Prognosis) |Algorithm) Set)
Alakwaa W Primary Outcome: | Accuracy: 86.6% Accuracy: 86.6%, Detection and 3D CNN 30% test set Not explicitly stated
etal Classification of lung Sensitivity: 85.3%, Classification (Vanilla validation
(2017) cancer; Secondary I, CNN
; Specificity: 88.1%, )
(25] Outcome: Nodule AUC-ROC: 0.83 GooglLeNet-
detection efficiency T based 3D
CNN)
Xu S etal. Primary: Classification High AUC: 0.801 (3DCNN),|  Classification of 3DCNN Data Not explicitly stated
(2019) [16] of oral cancer as 3DCNN 0.754-0.796 benign/malign ant Vs augmentation,
benign/malignant; outperformed : o . oral cancer : cross-validation
) ; (enhanced images); h . 2DCNN
Secondary: Comparison, 2DCNN Sensitivity: 0 818 lesions using
of 3DCNN vs. 2DCNN by >6% o _y.. . spatial and
Specificity: 0.739 h
dynamic features
from CT images
for improved
diagnostic
accuracy.
Trivizakis E Primary: High Classification 3D CNN| Stratified Improvement in
etal. (2019) Classification of 3D CNN: with random [classification performance
[2] liver tumors 85.5% ; S
(primary vs. accuracy voxel- sampling, was statistically
metastatic) 2D CNN wise  |Training/Valida significant
Secondary: Feature | (Original feature |tion/ Test split
extraction f‘?r CADI Slice): extraction| (74/33/23
system developmen .
Y P 71.9% patients)
accuracy
2D CNN
(Patch-
wise):
65.2%
accuracy
Zhang Z et al. Primary: 93.2% Correlation Classification, CNN | 80% training, Mean difference in
(2019) [26] Estimation of accuracy for | coefficient R > 0.84 Prediction 20% testing IC50s: 18%.
sphere viability classificatio | forall three drugs R-values: 0.84
using bright-field n; 1IC50 (Doxorubicin, (Doxorubici n), 0.89
images. estimation Oxaliplatin, (Oxaliplatin),
Secondary: Drug | difference of Irinotecan). 0.91
efficacy prediction 18% Classification (Irinotecan)
(1C50 values) accuracy: 93.2% for
Doxorubicin
WeiR etal. Primary: Tumor Mean Max error X, Y: <0.9 Localization Convoluti |Comparison with Mean error
(2019) [27] localization accuracy; localization mm, Mean error onal MM and MM-FD | < 0.2 mmin 3D space.
Secondary: Diaphragm| error: 0.71 single patient: <0.8 Neural methods, Real RMSE < 0.4%.
height estimation mm (X), mm, Mean error all: Network Patient Data
0.76 mm (Y); 0.71 mm (X), 0.76 (CNN) Testing
Max mm (Y), RMSE Regression
localization error | CNN: <0.4%, RMSE Model
<0.9 mm MM, MM-FD:
>3%, Diaphragm error
CNN: 0.8 mm.
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Table 2: Quantitative Outcomes Supporting the Meta-Analysis

[JHOSCR, 1 April. Volume 20, Number 2

Author/Year Primary Outcome and Efficiency/ Performance Metric 3D CNN Model Validation Statistical
Secondary outcome Performance (Accqr_a(_:y, Application Used (e.g., Method (e.g., |Significance (e.g.,
Sensitivity, (Detection, CNN Cross- p- value, Cl)
Specificity, Classification, Type, validation,
Dice Score, AUC-ROC) | Segmentation, | Algorithm) External Test
Prognosis) Set)
AlakwaaW et | Primary Outcome: Accuracy: 86.6% Accuracy: 86.6%, Detection and 3D CNN 30% test set Not explicitly stated
al. (2017) Classification of lung .cancer; Sensitivity: 85.3%, Classification (Vanilla validation
[25] Secondary Outcome: e o CNN
Nodule detection efficiency Specificity: 88.1%, '
AUC-ROC: 0.83 GoogLeNet-
based 3D
CNN)
Xu Setal Primary: Classification of High AUC: 0.801 (3DCNN), | Classification of 3DCNN vs. Data Not explicitly stated
(2019) oral cancer as 3DCNN 0.754-0.796 benign/malign ant 2DCNN augmentation,
[16] benign/malignant; outperforme d h d.' .| oral cancer cross-validation
Secondary: Comparison of 2DCNN (en ance |.mages_), lesions using
3DCNN vs. 2DCNN o Sensitivity: 0.818; | o il and
: by >6% Specificity: 0.739 | SPatial
dynamic features
from CT images
for improved
diagnostic
accuracy
Trivizakis E et Primary: Classification of High Classification 3D CNN Stratified Improvement in
al. (2019) liver tumprs (primary vs. 3D CNN: with voxel- random classification
[2] metastatic) 85.5% wise feature | Sampling,  heformance was
Secondary: Feature accuracy extraction Training/Valida statistically
extraction for CAD system 2D CNN tion/ Test split |~
development (Original (74/33/23 significant
Slice): patients)
71.9%
accuracy
2D CNN
(Patch-
wise):
65.2%
accuracy
Zhang Z et al. Primary: Estimation of 93.2% Correlation Classification, CNN 80% training, Mean difference
(2019) sphere viability using accuracy  for coefficient R > 0.84 Prediction 20% testing in 1C50s: 18%.
[26] bright-field images. classificatio  n; for all three drugs R-values: 0.84
Secondary: Drug efficacy IC50 (Doxorubicin, (Doxorubicin)
prediction (IC50 values) A Oxaliplatin, 0.89
e§tlmat|0n Irinotecan). (Oxaliplatin), 0.91
difference of 18%|  cjassification (Irinotecan)
accuracy: 93.2% for
Doxorubicin
WeiR etal. Primary: Tumor localization | Mean Max error X, Y: <0.9 Localization Convolutiona | Comparison Mean error
(2019) accuracy; Secondary: localization mm, Mean error single | Neural with MM and <0.2mmin 3D
[27] Diaphragm height estimation| error: 0.71 mm patient: <0.8 mm, Mean Network MM-FD space
(X), error all: (CNN) methods, '
0.76 mm (Y); 0.71 mm (X), 0.76 Regression Real Patient
Max mm (Y), RMSE CNN: Model Data Testing RMSE < 0.4%.
localization error | <0.4%, RMSE MM,
<0.9 mm M'M-FD:>3%,
Diaphragm error
CNN: 0.8 mm.
Perez G et al. Nodule Detection, Cancer High Sensitivity AUC: 0.913 Classification 5-Way 3D External Ranked 1st in
(2020) Classification and Precision CNN with Test Set ISBI 2018
[18] Multi-Path | (ISBI challenge
Network 2018),
Internal
Validation
on LIDC-
IDRI &
Kaggle DSB
2017
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D-CNNs in Oncology Imaging: A Systematic Review and Meta-
Analysis

Author/Year Primary Outcome and Efficiency/ Performance Metric 3D CNN Model Used Validation Statistical
Secondary outcome Performance |(Accuracy, Sensitivity, Application (e.g., CNN Method (e.g., |Significance (e.g.,
Specificity, (Detection, Type, Cross- p- value, Cl)
Dice Score, AUC-ROC)| Classification, Algorithm) validation,
Segmentation, External Test
Prognosis) Set)
Mzoughi et Classifying NSCLC Accuracy: 98.38%, Classification 3D-CNN Training, p <0.05
al. (2020) into adenocarcinoma Sensitivity: Validation,
[13] and squamous cell 98.11%, Specificity: and Testing Sets
carcinoma 98.75%, Precision:
98.77%, F1 Score:
98.44%, AUC:
0.996
Starke S et Predicting loco- C-index: 0.31 (95% CI: Prognosis Ensemble of 10-fold cross- p=0.001
al. (2020) regional tumor control 0.22-0.39) 3D-CNNs validation (log-rank
[28] (LRC) in HNSCC repeated test for
three times, Kaplan—
Independent Meier
Validation curves)
Cohort
Camalan S et Primary: Classification 73.6% Accuracy: 73.6%, Classification Inception- 10-fold Cross- | Not explicitly stated
al. (2021) accuracy; Secondary: Heat (+19%) and 90.9%: F1-score: ResNet-v2, validation,
[29] map generation for 90.9% 97.9%, 87.2%; ResNet-101, Leave- one-
interpretability (¥12%) Precision: 95.4%, VGG-16 patient-out
accuracy 99.3%; Recall: 100.0%, Cross-validation
81.1%
Yanagawa M et Primary: Diagnostic Improved Accuracy: R1 with 3D- Classification 3D-CNN Training and Accuracy
al. %8]21) accuracy for IVA; diagnostic 73'\:1';‘/ 75320434 302/ with seven (tlezs,; Tet'split ir;iarovirrllqezn t_{gr
. i 4%, R3: 74.4%); i raining, an wi
Secondasryéfi:z?tlwty and accu.racy, _ Sensitivity: R1 COFVOI:JUO”- 82 test) ’ 3D- CNN
P Y especially for with 3D-CNN: 77.1%, pooling 1ayers,|  \ested 10-fold support was
less- experienced R2: 85.4%, R3: wo max- | oo validation| ~ Statistically
radio|ogists 938%, SpeCIflClty R1 poollng Iayers, Signiﬁcant (p <
with 3D-CNN: 66.7%, batch ] Q'Onl.25 "
R2: 61.9%, R3: 52.4%; normatzation il
AUC: R1 with 3D-CNN: connection, AQC fo_r eagh
0.72, R2:0.74,R3: 0.73 and global radiologist with
and without 3D-
average CNN (p> 0.88)
pooling
Zhang Y et Preoperative MVI prediction Fusion model AUC 0.81 (training), Detgqtior_l, 3D CNN C.ross-\_/a_lidation Not reported
al. (2021) in HCC highest 0.72 (validation): Classification with with training and
311 performance Sensitivity: 69% multiparamet validation sets
training), 55% !
(valiéation);g)Specificity: ric MRI (T2wl,
79% T2- SPIR,
(training), 81% PVP)
(validation)
Tan X et al. Cervical cancer screening, Sensitivity: Sensitivity: ASCUS - Classification & Faster R- CNN| External Test Not reported
(2021) [32] lesion severity classification 99.4%, 89.3%, LSIL - 71.5%, Detection Set (290 slides,
(ASCUS, LSIL, HSIL) Specificity: 34.8% 15| 73 996: AUC- fggrgoe?’s?
ROC: 0.67
Huang X et Primary: EGFR mutation High AUC(ModelCNN+radiomi| ~ Classification 3D ResNet- | Random train- Delong test
al. (2022) |prediction <br> Secondary: predictive c+clinical):<br>- 101 test (p=0.0067
[17] Comparison of accuracy AUC(ModelCNN):0.738< Deep split (770 for Model
deep learning and br>- learning and training, CNN vs.
radiomic r_ngdels and (Modelradiomic-+clinical) radiomics- 304 test) Modgl
computer vision models based radiomic +
predictive clinical)
models
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Author/Year

Primary Outcome and
Secondary outcome

Performance

Efficiency/

Performance Metric
(Accuracy, Sensitivity,
Specificity,

Dice Score, AUC-ROC)

Application
Classificatio

Segmentatio

3D CNN
(Detection,
n,

n,
Prognosis)

Model Used (e.g.,

Type,

CNN
Algorithm)

Validation
Method (e.g.,

Cross-
validation,
External Test
Set)

Statistical
Significance (e.g.,
p- value, CI)

Ding Y etal.
(2022) [19]

Segmentation of cervical | V

cancer CTV and OARs

better than U-Net

-Net performed

CTV: Dice Score: 0.85
(V-Net) vs. 0.83 (U-
Net); OARs: Sigmoid:
0.80 (V-Net)

vs. 0.72 (U-Net), Small
bowel: 0.79 (V-

Net) vs. 0.74 (U-Net),
Bladder: 0.94 (V-Net) vs.
0.93 (U-Net), etc.

Segmentation

V-Net, U-Net
(comparison)

10% of the
dataset used as
validation set

Colon p = 0.046,
Small bowel p =
0.048

Jung Y etal.
(2022) [34]

ovarian tumors, classification
of benign vs. malignant tumors|

Classification of normal vs.

High diagnostic

accuracy

- Normal vs. others:
Accuracy 97.22%,
Sensitivity 97.22%,
AUC-ROC 0.9936
(DenseNet121)

- Malignancy
detection:
Accuracy

90.12%,
Sensitivity
86.67%, AUC-
ROC 0.9406
(DenseNet161)

- Cystadenoma:
Sensitivity
82.18%, AUC-
ROC 0.9394
- Mature Cystic
Teratoma:
Sensitivity 80.82%,
AUC-ROC 0.9414
Endometrioma:
Sensitivity 73.33%,
AUC-ROC 0.9248

Classification
of ovarian
tumors

DenseNet121
DenseNet161

DenseNet201

DenseNet121,
DenseNet161,
DenseNet201

95% ClI
reported for all
performance metrics

CuiHetal. (2022)
3]

Prediction of Early
Recurrence (2 years);
Comparison of SS vs. NSS

SS-3D-
CNN

outperforms NSS-

3D- CNN

SS-3D-CNN: AUC =
0.789 (95% Cl:
0.637-0.941),
Sensitivity = 61.9%,
Specificity = 90.5%,
Accuracy = 0.762;
NSS-3D-CNN: AUC =
0.560 (95% ClI:
0.378-0.742),
Sensitivity = 52.4%,
- Specificity =
61.9%, Accuracy =
0.571

Prognosis

using Keras, Python

3D-CNN

5-fold Cross-
validation,

External Test Set|

SS-3D- CNN: P
<
.001
(significant),
NSS-3D- CNN:
P=
.2204 (not
significant)

Alotaibi et
al. (2023)
[10]

Primary: Classification

accuracy; Secondary: Recall,

Precision, Specificity, F1-
Score, AUC

Performance

High

BUSI Dataset:
Accuracy: 87.8%,
Sensitivity: 83.8%,
Specificity: 89.8%,
AUC-ROC: 0.9463
KAIMRC Dataset:
Accuracy: 85.2%,
Sensitivity: 76.4%,
Specificity: 89.4%,

Classification

AUC-ROC: 0.900

VGG19

(with
preprocessing:
denoising, ROI
highlighting, RGB
fusion)

validation

Five-fold cross-

Not explicitly
reported
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D-CNNs in Oncology Imaging: A Systematic Review and Meta-

Analysis

Average Pooling

Author/Year Primary Outcome and Efficiency/ Performance Metric 3D CNN Model Used (e.g., Validation Statistical
Secondary outcome Performance (Accuracy, Sensitivity,| Application CNN Method (e.g., |Significance (e.g.,
Specificity, (Detection, Type, Algorithm) Cross- p- value, Cl)
Dice Score, AUC-ROC)| Classification, validation,
Segmentation, External Test
Prognosis) Set)
Zhou J et al. Primary: Breast Cancer High 83.7% Accuracy: 83.7%, Classification and| 3D DenseNetwith | Training (1073), P =0.039
(2023) [11] Diagnosis <br> accuracy Sensitivity: 90.8%, Localization GAP, GMP, and | validation (157), | (compared to GAP
Secondary: Lesion Specificity: 69.3%, AUC-| Model Ensemble model), P = 0.146
Localization ROC: 0.859, (compared to GMP
Dice Score: 0.501 + model), 95% ClI for
0.274(model ensemble), accuracy: [79.1%,
90.8% 87.4%)]
sensitivity, 69.3%
specificity
Mufioz- Improved nodule Higlh 7§f-_44:_/° (3D) Accuracy: 76.44% Detection, 3D-CNN Training- Not reported
Aseguinolaz a U | detection, reducing false Classification n), Classification i I :
et al, (2023) [4] negatives 66.73% (2D (Case 3.1), 62.79% I\/;/gzgog\e/ig validation split
classification (Case 3.2); Loss: activation. Max
Decreasing trend Pooling, Global

International Journal of Hematology Oncology and Stem Cell Research

ijhoscr.tums.ac.ir

Chithra PL et Accurate lung tumor High performance in Dice Score: 0.921, Segmentation 3D Multi- Layer Student's t- p <0.05 (vs.
al. (2024) segmentation Detection of segmentatio n Sensitivity: 0.869 Convolutiona | test with a MSDS- UNet,
[35] tiny tumors (<14mm) 98% - ‘0 815 M ’ Neural Network 0.05 3D
accuracy core: U. , Mean (3D- MLCNN) significance U-Net, etc.)
loU: 0.842 level
80% training,
20% validation
Abinaya K et Primary: Cervical 98.6% Accuracy: 98.6% Classification 3D CNN + Five-fold
al. (2024) cancer classification accuracy Sensitivity: 98.1% Vision Cross-
(21] Secondary: Specificity: 98.2% Transformer validation
Performance Precision: 97.5% + KELM
comparison with other F1 Score: 98.4% (Kernel Extreme
models AUC-ROC: 0.987 Learning Machine)
207




Table 3: Quality assessment done for the retrospective studies using the Newcastle Ottawa Scale (NOS)

Sanjeev Kumar Jain, et al.

[JHOSCR, 1 April. Volume 20, Number 2

No. Study Selection S1| S2 S3 | S4 Comparability Outcome O1| 02 03 Total Score (Max 9 Stars)
Alakwaa W et al.
1 (2017) * * * - * * * * 7 High- quality
[25] studies
Trivizakis E et al.
2 (2019) * * * - ** * * * 8 High- quality studies
[2]
Perez G etal.
3 (2020) * * * * ki * * * 9 High- quality studies
[18]
Mzoughi et al.
4 (2020) * * * * * * * * 8 High- quality studies
[13]
5 Starke S etal. * * * * ok _ * * 8 High- quality
(2020) studies
[28]
6 Camalan Set al. * * * _ ok * * * 8 High- quality
(2021) studies
[29]
7 Yanagawa M et al. * * * _ * * * * 7 High- quality
(2021) studies
[30]
) Zhang Y etal * * * * ok * * * 9 High- quality
(2021) studies
(31]
9 Tan X et al. * * * B * * * * 7 High- quality
(2021) studies
[32]
10 Huang X et al. * * * * * * * * 8 High- quality
(2022) studies
[17]
11 Tao J et al. * * * * * * * * 8 High- quallty
(2022) studies
[33]
12 Ding Y et al. * * * * ok * * * 9 High- quality
(2022) studies
[19]
13 Jung Y etal. * * * * ok * * * 9 High- quality
(2022) studies
[34]
14 CuiH etal. * * * * ok * * * 9 High- quality
(2022) studies
[3]
15 AlOta(ikz)(i.)zg; al. * * * * * * * * 8 High-quality
[10] studies
16 Zhou J et al. * * * * ok i * * 8 High- quality
(2023) studies
[11]
17 Chithra PL et al. * * * * *x * * * 9 High- quality
(2024) studies
[35]
18. Abinaya K et al. * * * * ok * * * 9 High- quality
(2024) studies
[21]
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Table 4: Quality assessment done for the experimental studies using the SYRCLE's Risk of Bias Tool
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No Author (Year) Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Total Score Risk Level
(Out of 10)
Xu S etal.
1 (2019) 1 0.5 1 1 0.5 1 0.5 0.5 1 1 7.5/10 Moderate Risk
[16]
Zhang Z et al.
2 (2019) 1 0.5 1 1 0 1 1 0.5 1 1 8/10 Low Risk
[26]
Wei R et al.
3 (2019) 1 1 1 1 1 1 1 1 1 1 10/10 Low Risk
[27]
Mufioz-
4 Aseguinolaza U et al. 1 0 1 1 1 1 0 1 1 1 8/10 Low Risk
(2023)
[4]
209
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{ Identification of studies via databases and registers J
)
) . Records removed before
Records identified from PubMed, screening:
Web of Science, Google Scholar: Duplicate records removed
(n=381) ——> (n=76)
Pre-prints (n =16)
E Poster presentation (n=9)
I
2
=
Q
i)
—
—— R q q Records excluded
ecor Esécggene Articles removed after reading
(n=280) —> abstract (n =87)
Articles from other languages (n = 8)
_? Reports sought for retrieval : Reports not retrieved
§ (n =185) (n=54)
3]
n
Reports excluded:
I Instructions rather than report (n=54)
Reports assessed for eligibility Incomplete report (n=32)
(n=131) Result not clear (n =14)
> Observation no intervention (n=9)
l
Studies included in qualitative
review (Systematic Review)
(n=22)
ie)
(]
©
2 .
E !
£
Studies included in quantitative
review (Meta Analysis)
(n=11)
e

Figure 1: PRISMA 2020 Flowchart for the Review
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Risk of bias domains

Study

Domains: Judgement

D1: Bias arising from the randomization process.

D2: Bias due to deviations from intended intervention. = Some concerns
D3: Bias due to missing outcome data. ‘ Low

D4: Bias in measurement of the outcome.
D5: Bias in selection of the reported result.

Figure 2. Individual studies - Risk of bias assessment for Experimental studies done using the ROB2 Tool

Bias arising from the randomization process

Bias due to deviations from intended interventions

Bias due to missing outcome data

Bias in measurement of the outcome

Bias in selection of the reported result

Overall risk of bias

0% 25% 50% 75% 100%

. Low risk D Some concems

Figure 3. Overall Risk of bias assessment for Experimental studies done using the ROB2T
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Risk of bias domains

|
| | | |
: \ ‘

|
|
i
|
!

! |

Study

i‘
000000 00O ®

Domains: Judgement

D1: Bias due to confounding. :

D2: Bias due to selection of participants. = Moderate

D3: Bias in classification of interventions. . Low

D4: Bias due to deviations from intended interventions.

D5: Bias due to missing data. ‘ No information

D6: Bias in measurement of outcomes.
D7: Bias in selection of the reported result.

Figure 4. Individual studies - Risk of bias assessment for Retrospective studies done using the ROBINS - | Tool
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Bias due to confounding

Bias due to selection of participants

Bias in classification of interventions

Bias due to deviations from intended interventions
Bias due to missing data

Bias in measurement of outcomes

Bias in selection of the reported result [ | ]
Overall risk of bias [ ] ]
0% 25% 50% 75% 100%

. Low risk D Moderate risk . No information

Figure 5. Overall Risk of bias assessment for observational studies done using the ROBINS - | Tool

Experimental Control Risk Difference Risk Difference
Study or Subgroup  Events  Total Events Total Weight M-H,Random,95% Cl Year M-H, Random, 95% CI
Alakwaa W 2017 866 1000 134 1000 95% 0.73[0.70,0.76] 2017 -
Trivizakis E 2019 111 130 18 130 88% 0.71[0.62,0.79] 2019 —
Mzoughi 2020 279 284 5 284 85% 0.96 [0.94, 0.99] 2020 -
Camalan § 2021 a0 54 14 54 73% 0.48[0.32,0.65] 2021
Yanagawa M 2021 211 286 74 285 90% 0.48[0.41,0.55] 2021 —
Zhang Y 2021 164 237 73 237 89% 0.38[0.30,0.47] 2021 —
CuiH 2022 115 220 § 220 91% 0.50[0.43,0.57] 2022 —
Huang X 2022 1010 1074 64 1074 95% 0.88[0.86, 0.90] 2022 -
Jung Y 2022 1121 1154 32 1154  9.5% 0.94[0.93,0.95] 2022 .
TanJ2022 191 203 12 203 93% 0.88 [0.84,0.93] 2022 -
Zhou J 2023 1396 1537 141 1537 95% 0.82[0.80,0.84] 2023 -
Total (95% CI) 6178 6178 100.0% 0.7210.62, 0.81] &
Total events 5504 573
Heterogeneity: Tau® = 0.02; Chi*= 1035.03, df= 10 (P < 0.00001); F = 99% H e t = 4
Testfor overall effect Z=15.25 (P < 0.00001) Negative Prediction Positive Pradicition

Figure 6. Forest plot overall 3D CNN in image processing and recognition in oncology — sensitivity

Experimental Control Risk Difference Risk Difference
Study or Subgroup _ Events  Total Events Total Weight M-H,Random,95% Cl Year M-H, Random, 95% CI
Alakwaa W 2017 881 1000 118 1000 9.1% 0.76[0.73,0.79] 2017 -
Trivizakis E 2019 124 130 6 130 81% 0.91[0.86, 0.95] 2019 —
Mzoughi 2020 280 284 4 284 92% 0.97 [0.95,0.98] 2020 -
Camalan § 2021 52 54 2 54 90% 0.93[0.85,1.00] 2021 —
Yanagawa M 2021 191 285 94 285 90% 0.34[0.26,0.42] 2021 —
Zhang Y 2021 192 237 45 237 0.0% 0.62 [0.55, 0.69] 2021 -
CuiH 2022 188 220 21 220 9.1% 0.81[0.75,0.86] 2022 -
Huang X 2022 889 1074 185 1074 9.1% 0.66[0.62, 0.69] 2022 -
Jung Y 2022 1122 1154 32 1154  9.2% 0.94[0.93,0.95] 2022 -
TaoJ 2022 168 203 35 203 9.0% 0.66[0.58,0.73] 2022 —
ZhouJ 2023 1065 1537 472 1537 91% 0.39[0.35,0.42] 2023 -
Total (95% CI) 6178 6178 100.0% 0.73[0.55, 0.90] il
Total events 5163 1015
Heterogeneity: Tau®= 0.08; Chi*= 3082.56, df= 10 (P < 0.00001); F= 100% T = + = 4
Testfor overall effect Z=8.31 (P < 0.00001) Negative Prediction Positive Pradicition

Figure 7. Forest plot overall 3D CNN in image processing and recognition in oncology — specificity
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Experimental Control Risk Difference Risk Difference
Study or Subgroup Events Total BEvents Total Weight M-H, Random, 95% Cl Year M-H, Random, 95% CI
Alakwaa W 2017 830 1000 170 1000 9.2% 0.66 [0.63,0.69] 2017 -
Trivizakis E 2019 108 130 22 130 89% 0.66 [0.57,0.75] 2019 —_
Mzoughi 2020 283 284 1 284 92% 0.99[0.98,1.00] 2020
Camalan S 2021 52 54 2 54 9.0% 0.93[0.85,1.00] 2021
Yanagawa M 2021 21 285 74 285 9.0% 0.48[0.41,055] 2021 -
Zhang Y 2021 192 237 45 237  9.0% 0.62[0.55,0.69] 2021 —
CuiH 2022 174 220 46 220 9.0% 0.58 [0.51, 0.66] 2022 _—
Huang X 2022 1020 1074 54 1074 9.2% 0.90[0.88,0.92] 2022
Jung Y 2022 1146 1154 8 1154  92% 0.99 [0.98,0.99] 2022
TaoJ 2022 193 203 10 203 91% 0.90[0.86,0.94] 2022
Zhou J 2023 1322 1537 215 1537 9.2% 0.72[0.70,0.74] 2023 -
Total (95% CI) 6178 6178 100.0% 0.77 [0.63, 0.91] D
Total events 5531 647
Heterogeneity: Tau®= 0.06, Chi*= 5260.38, df= 10 (P < 0.00001); F=100% i1 -EIIS b 055 1"
Testfor overall effect Z=10.61 (P < 0.00001) Negative Prediction Positive Predicition

Figure 8: Forest plot overall 3D CNN in image processing and recognition in oncology — AUC ROC

Figure 5 highlights key concerns in observational
studies, including confounding and missing data,
emphasizing the need for better participant
selection, data handling, and reporting transparency
to enhance study validity. Using the Newcastle-
Ottawa Scale (NOS), Table 3 rates the quality of
retrospective investigations; all studies receive
excellent quality ratings (scores 7-9). Notably, the
studies with the highest scores (9/9) Some studies
showed strong selection, comparability, and output
evaluation. Using SYRCLE's Risk of Bias Tool,
experimental investigations are evaluated in Table 4,
with Wei R et al. (2019)% exhibiting the best quality
(10/10, low risk). Xu S et al. (2019)* had a moderate
risk (7.5/10), however most experimental studies
had minimal risk. These assessments strengthen the
reliability of the results and support the solid
technique of the included study.

Figure 6 illustrates the pooled sensitivity of 3D
convolutional neural network (CNN) models in
oncology image processing and recognition. The
pooled sensitivity estimate is 0.72 (95% Cl: 0.62—
0.81), indicating moderate-to-high accuracy in
correctly identifying true positive cases.

However, substantial variability exists across studies,
as reflected in the high heterogeneity (12 = 99%).
Among the included studies, Mzoughi et al. (2020)*
reported the highest sensitivity at 0.96 (95% Cl:
0.94-0.99), demonstrating excellent performance in
detecting positive cases. In contrast, Zhang Y et al.
(2021)** documented the lowest sensitivity at 0.38
(95% Cl: 0.30-0.47), indicating challenges in

214

identifying true positives within that dataset.
Differences in datasets, imaging techniques, and
model training methodologies likely contribute to
the observed variations. Despite this heterogeneity,
the overall effect remains statistically significant (Z =
15.25, P < 0.00001), supporting the effectiveness of
3D CNN models in oncology image analysis.

Figure 7 presents the pooled specificity of 3D CNN
models in distinguishing true negative cases. The
pooled specificity is 0.73 (95% Cl: 0.55-0.90),
suggesting reasonable accuracy in ruling out non-
cancerous cases.

However, specificity varies significantly across
studies, as indicated by the high heterogeneity (1> =
100%). Trivizakis E et al. (2019) 2 reported the highest
specificity at 0.91 (95% Cl: 0.86-0.96),
demonstrating strong performance in correctly
classifying negative cases. Conversely, Zhou J et al.
(2023)* reported the lowest specificity at 0.39 (95%
Cl: 0.35—- 0.42), suggesting a weaker ability to
differentiate between cancerous and non-cancerous
samples. Differences in imaging modalities, dataset
characteristics, and classification thresholds likely
contribute to this variability. Despite these
inconsistencies, the overall effect is statistically
significant (Z = 8.31, P < 0.00001), reinforcing the
reliability of 3D CNN models for specificity, though
further improvements are needed. Figure 8
evaluates the overall diagnostic performance of 3D
CNN models in oncology imaging using the area
under the receiver operating characteristic curve
(AUC-ROC). The pooled AUC of 0.77 (95% Cl: 0.63—
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0.91) shows that it can discriminate between positive
and negative situations with excellent accuracy.
Extreme heterogeneity (12 = 100%), however,
indicates considerable variation between trials.
Mzoughi et al. (2020) [13] and Jung Y et al. (2022)
[34] recorded the greatest AUC values, both at 0.99
(95% Cl: 0.98-1.00), indicating nearly flawless
classification. The lowest AUC, 0.62 (95% Cl: 0.55—
0.69), was found by Zhang Y et al. (2021) [31], in
contrast, suggesting worse predictive ability. These
variations likely stem from dataset quality, imaging
protocols, and neural network architectures.
However, the overall effect is statistically significant
(Z=10.61, P < 0.00001), confirming the potential of
3D CNN models in medical image analysis. Therefore,
3D CNN models show great promise for image
processing and recognition in cancer. AUC,
sensitivity, and specificity results all support their
diagnostic skills, although substantial heterogeneity
emphasizes the necessity of standardization.

DISCUSSION

Impact of Imaging Protocols, Scanner Types, and
Annotation Standards on Generalizability

A critical factor influencing the performance and
generalizability of 3D CNN models is the variability
introduced by differing imaging protocols, scanner
hardware, and annotation standards across
institutions.  Inconsistent  image  acquisition
parameters—such as slice thickness, contrast
settings, and resolution—can significantly alter the
visual characteristics of tumors, affecting model
training and inference. For example, models trained
on high-resolution MRI datasets may underperform
when applied to lower-resolution or differently
parameterized images from another center.
Scanner variability is another concern. Variations in
manufacturers (e.g., GE, Siemens, Philips) and
hardware configurations can lead to domain shifts,
which reduce the transferability of models across
clinical settings. Additionally, differences in image
preprocessing pipelines and noise reduction
techniques may introduce artifacts or alter feature
representation.

Annotation standards also play a crucial role. Many
studies rely on manual segmentations or labels from
expert radiologists, yet inter-observer variability

D-CNNs in Oncology Imaging: A Systematic Review and Meta-
Analysis

remains high. Some datasets lack clearly defined
annotation protocols, leading to inconsistencies that
compromise model reliability.
Given these limitations, the development and public
sharing of multi-center, large-scale annotated
datasets is essential. Datasets spanning diverse
scanners, imaging settings, and clinical populations
provide a more representative training base,
improving model robustness and reducing bias.
Harmonizing annotation standards and promoting
inter-rater consensus for ground truth labeling can
also enhance reproducibility.

Future research should prioritize collaborative data
sharing initiatives and domain adaptation
techniques to bridge inter-institutional differences.
Incorporating federated learning and synthetic data
augmentation may further bolster model
generalizability across heterogeneous clinical
environments.

3D convolutional neural networks (3D CNNs) have
revolutionized oncology imaging, namely in cancer
detection, classification, segmentation, and
prognosis, according to the systematic review and
meta-analysis. 3D CNNs have better diagnostic
accuracy, sensitivity, and  specificity than
conventional imaging methods and classic two-
dimensional (2D) CNNs [16]. Their capacity to handle
volumetric data improves the extraction of spatial
features, which in turn improves the diagnostic
reliability of cervical cancer segmentation3, breast
cancer classification!, and lung cancer screening®.
Deep learning applications in tumor identification
and analysis in the present review supports the body
of data publishes in previous literature that
demonstrates the benefits of 3D CNNs in cancer
imaging 363738,

In treatment planning, tumor segmentation is
essential, especially for surgical and radiation
procedures. This review discovered that 3D CNN-
based models greatly improve segmentation
accuracy when compared to traditional techniques.
Ding et al., for example, used a 3D deep neural
network for automated cervical cancer delineation in
CT image planning, to achieve accurate tumor
boundary recognition®. Similarly, Meng et al. used
dual-scale 3D CNNs to segment liver tumors,
showing that they were better than conventional
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methods 2. The integration of long-range 2D context
within 3D CNN architectures, as shown by Mlynarski
et al.,, further refines spatial representations,
improving  segmentation  outcomes®®.  These
advancements emphasize the potential of 3D CNNs
in optimizing clinical workflows and minimizing
interobserver variability *.

One important conclusion of this study is that 3D
CNNs are better than 2D CNNs in capturing spatial
contextual information. In oncological imaging,
volumetric evaluation is necessary for tumor
characterisation instead of slice-by-slice
examination. Research has indicated that 3D CNNs
boost diagnostic performance by improving tumor
identification and segmentation in imaging
modalities such MRI, CT, and PET scans'*. The
results of this research support these findings,
showing that 3D CNNs have greater tumor
classification sensitivity and specificity than
traditional techniques®3>. Tumor form, size, and
texture changes make automated tumor
segmentation a difficult process. High accuracy
segmentation of breast cancer lesions, lung nodules,
and brain tumors has been demonstrated with the
use of 3D CNN architectures like U-Net and V-
Net'>*, These findings are supported by the results
of the present review, which showed that the 3D
CNN models that were used performed well in
segmentation, as evidenced by their high Dice
similarity coefficients?. As previously shown in the
literature, the inclusion of spatial dependencies in
three dimensions improves model resilience and
decreases segmentation mistakes *°.

3D CNNs perform better than conventional
radiomics-based methods for tumor classification
because they can directly extract hierarchical
characteristics from imaging data. The results of the
study indicate that when it comes to differentiating
between benign and malignant lesions, deep
learning-based feature extraction techniques
outperform handmade features 1%, These findings
are in line with earlier research that shown how
effectively 3D CNNs trained on sizable datasets
extend to situations that have not been observed,
increasing classification accuracy *2. The capacity of
these models to learn spatial hierarchies of tumor
morphology a crucial component of accurate
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diagnosis and prognosis estimation is what gives
them their resilience®. Multi-modal fusion for
cancer imaging is another important benefit of 3D
CNNs that this study found. More accurate tumor
characterization results from the integration of
multi-parametric imaging modalities like PET-CT and
MRI-PET, which improve the complementary
information gleaned from various sources ¥28, This
strategy is supported by the review's findings, which
showed that 3D CNNs performed better in diagnostic
tasks when trained on multi-modal datasets as
opposed to single-modality inputs!®. Combining
structural and functional imaging data has been
shown in other studies to improve tumor grading
and treatment response evaluation /.

Even though 3D CNNs have several benefits for
cancer imaging, several obstacles prevent their
broad clinical use. Since deep 3D CNN models take a
significant amount of processing power and memory
to train, one of their main drawbacks is their high
computational demands?®. Since this limitation is
well known, researchers are looking at optimization
strategies including knowledge distillation, model
pruning, and hybrid architectures to increase
computing efficiency?®>. The lack of annotated
medical imaging datasets also poses a problem
because deep learning models need a lot of labeled
data to achieve good generalization. This has been
addressed by methods like data augmentation and
transfer learning, which allow models to use prior
information and adjust to cancer imaging tasks>%.
The results of this work indicate that, in line with
other studies, pre-training on sizable datasets and
fine-tuning on domain-specific cancer pictures
improve model performance®®. Deep learning
models' interpretability is still a crucial problem in
clinical practice, even in the face of computational
limitations. Adoption may be hampered by 3D CNNs'
"black-box" aspect, which reduces clinician
confidence even if they achieve excellent diagnostic
accuracy .,

Class activation maps (CAMs) and gradient-based
visualization approaches are examples of
explainability strategies that have been investigated
to increase the transparency of deep learning
judgments 1°. Using these interpretability techniques
can boost clinician confidence and make it easier to
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integrate 3D CNNs into standard oncology
procedures, according to the review's results®.
These techniques are also being used to the
detection of ovarian cancer, where regular MRI
imaging shows notable improvements in lesion
localization and benign-malignant tumor distinction
using deep learning models ¢, The adaptability of 3D
CNNs in medical imaging is further shown by recent
developments that show the potential of Al-driven
systems for identifying localized liver lesions in a
variety of clinical contexts #’.

The fields of radiomics and radiogenomics, which
utilize deep learning models to connect imaging
properties with molecular and genetic tumor
profiles, are another developing field where 3D CNNs
show potential. 3D CNN-based radiomic signatures
have been shown in recent studies to be more
accurate than conventional techniques at predicting
tumor aggressiveness and responsiveness to
therapy'®. The precision of Al-driven oncological
imaging has been improved by recent developments
in deep learning applications, which have further
shown the technology's potential in ovarian cancer
diagnosis and lesion localization, as well as in the
identification and categorization of localized liver
lesions 464749,

The results of the present investigation support
previous findings, emphasizing how deep learning
and radiogenomic analysis may be used to improve
individualized cancer treatment planning®. These
developments may make it possible to better stratify
patients, which might result in more individualized
treatment plans based on imaging biomarkers. High
12 values for sensitivity, specificity, and AUC-ROC (12
= 100%) in the meta-analysis demonstrated
significant heterogeneity among investigations,
despite encouraging results. This variation most
likely results from variations in model topologies,
imaging procedures, and dataset quality3®. For
example, Zhang et al. reported a significantly lower
AUC of 0.62 for hepatocellular carcinoma prediction,
highlighting the inconsistent efficacy of the model
across different cancers®!, while Mzoughi et al.
reported an AUC of 0.99 for glioma classification,
demonstrating exceptional model performance®®.
These disparities show that to increase model
universality and  reproducibility,  consistent

D-CNNs in Oncology Imaging: A Systematic Review and Meta-
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procedures, multi-center datasets, and harmonized
imaging methods are required. Most of the studies'
risk of bias evaluations utilizing the ROB2 and
ROBINS-I methods showed moderate to low risks.
There were several issues with confounding factors,
selective reporting, and missing data (Table 3, Table
4). For instance, Trivizakis et al.2 experienced
problems with participant selection, which impacted
the overall dependability of findings, whereas Xu et
al. [16] displayed mild bias due to missing outcome
data (Figure 4).

These findings highlight how crucial thorough study
design and open reporting procedures are to
guaranteeing the validity of research. Strong
diagnostic performance was continuously shown by
high-caliber research, including those by Perez et
al.®® and Zhang et al. ?°, highlighting the necessity of
following methodological guidelines to enable the
clinical translation of 3D CNN models (Table 3). To
address the existing challenges, future research
should focus on developing advanced hardware
infrastructure to support computationally intensive
models, improving model interpretability through
explainable Al techniques, and establishing
standardized imaging protocols for oncology
applications. Overcoming these barriers will be
crucial for enhancing the clinical utility of 3D CNNs,
ultimately improving cancer diagnosis, treatment
planning, and patient outcomes.

STRENGTHS AND LIMITATIONS

This study comprehensively evaluates the role of 3D
CNNs in oncology imaging, demonstrating their
superiority in tumor detection, classification, and
segmentation. A major strength is the inclusion of
diverse cancer types and a systematic meta- analysis,
enhancing the reliability of findings. The study also
considers key factors such as model generalizability,
interpretability, and clinical applicability. However,
significant heterogeneity among included studies,
reflected by high > values, may affect result
consistency. Additionally, real-world challenges like
computational costs and clinical integration are not
extensively addressed. Potential publication bias is
another limitation. Standardized methodologies,
larger multi-center datasets, and improved model
interpretability are essential for ensuring the clinical
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translation of 3D CNNs and optimizing their role in
precision oncology.

Future Directions

The next frontier in the application of 3D CNNs in
oncology imaging involves improving transparency
through explainable Al (XAl) techniques and
establishing clinical workflows that incorporate Al
outputs effectively. Traditional deep learning models
often function as "black boxes," hindering clinical
trust and interpretability. Future research should
explore and integrate explainability techniques such
as class activation maps (CAM), saliency maps, Grad-
CAM, LIME, and SHAP values to visualize which parts
of the image contributed most to the model’s
decision. These methods enable radiologists to
better understand, validate, and interact with Al-
generated predictions. To facilitate adoption, Al
systems should be embedded within existing clinical
workflows through intuitive interfaces and decision-
support tools. For example, integration within PACS
or radiology information systems (RIS) can enable
real-time feedback on lesion detection or
classification. User interfaces should support
interactive  visualization  highlight areas of
uncertainty, and allow manual annotation to refine
model outputs. Additionally, Al models should
support  multidisciplinary  decision-making by
generating structured reports, facilitating
collaborative review, and aligning outputs with
standard oncologic pathways. Future clinical
workflows may benefit from hybrid decision-making
systems where Al assists in triage, pre-screening, and
prioritization, while radiologists retain final
interpretive authority. By enabling radiologists to
interact with Al predictions rather than passively
receive results, the partnership between human
expertise and machine intelligence can be optimized
for precision diagnostics.

VALIDITY OF CONCLUSION

According to this study, 3D CNNs have revolutionized
cancer imaging by demonstrating their superiority in
tumor identification, segmentation, classification,
and prognosis. Utilizing volumetric medical data,
these models improve patient outcomes by
increasing the accuracy of diagnosis and facilitating
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more precise treatment planning. In clinical
contexts, 3D CNNs can improve decision-making,
expedite processes, and shorten diagnostic
turnaround times, especially when resources are
limited. Broader use, however, requires addressing
issues such high computing costs, data restrictions,
and model interpretability. The main aim of future
studies should be to improve explainability, integrate
multi-modal imaging, and maximize efficiency. For
these models to be improved and more automated,
dependable, and individualized cancer diagnosis and
therapy to be possible, cooperation between Al
researchers and physicians is essential.
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