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ARTICLE INFO ABSTRACT
Keywords: As data-driven science, artificial intelligence (AI) has paved a promising path toward an evolving health system
Artificial intelligence teeming with thrilling opportunities for precision oncology. Notwithstanding the tremendous success of onco-

Cancer imaging

Gynecologic cancer
Molecular profiling
Precision oncology

logical Al in such fields as lung carcinoma, breast tumor and brain malignancy, less attention has been devoted to
investigating the influence of Al on gynecologic oncology. Hereby, this review sheds light on the ever-increasing
contribution of state-of-the-art Al techniques to the refined risk stratification and whole-course management of
patients with gynecologic tumors, in particular, cervical, ovarian and endometrial cancer, centering on infor-
mation and features extracted from clinical data (electronic health records), cancer imaging including radio-
logical imaging, colposcopic images, cytological and histopathological digital images, and molecular profiling
(genomics, transcriptomics, metabolomics and so forth). However, there are still noteworthy challenges beyond
performance validation. Thus, this work further describes the limitations and challenges faced in the real-word
implementation of Al models, as well as potential solutions to address these issues.

Abbreviations: Al artificial intelligence; ANN, artificial neuronal network; AUC, area under curve; AUROC, area under the receiving operator characteristic curve;
CART, classification and regression trees; CA125, cancer antigen 125; CA19-9, carbohydrate 19-9; cfDNA, cell-free DNA; C-index, concordance index; CIN, cervical
intraepithelial neoplasia; CNN, convolutional network; CNV, copy-number variation; CPTAC, clinical proteomic tumor analysis consortium; CRP, C-reactive protein;
CT, computed tomography; ctDNA, circulating tumor DNA; CUP, cancer of unknown primary; CV, cross-validation; DCNN, deep convolutional neural network; DFI,
disease-free interval; DFS, disease-free survival; DL, deep learning; DLS, deep learning system; DMI, deep myometrial invasion; dMMR, different mismatch repair;
DNN, deep neural network; DS, dual stain; DSC, Dice similarity coefficient; DSS, disease-specific survival; EHR, electronic health record; EOC, epithelial ovarian
cancer; FDA, Food and Drug Administration; FIGO, the International Federation of Gynecology and Obstetrics; HER2, human epidermal growth factor receptor 2;
HGSOC, high-grade serous ovarian cancer; HIC, high-income country; HIPAA, the Health Insurance Portability and Accountability Act; HPV, human papillomavirus;
HRD, homologous recombination deficiency; H&E, hematoxylin and eosin-stained; KNN, k-nearest neighbor; LASSO, least absolute shrinkage and selection operator;
LDH, lactate dehydrogenase; LMIC, low- and middle-income country; LNM, lymph node metastasis; LVSI, lymphovascular space invasion; ML, machine learning;
MRI, magnetic resonance imaging; MSI, microsatellite instability; NACT, neoadjuvant chemotherapy; NC, not calculated; NLP, natural language processing; OS,
overall survival; O-RADS, the Ovarian-Adnexal Reporting and Data System; PARP, poly-ADP ribose polymerase; PET, positron emission tomography; PFS, Pro-
gression-free survival; ROC, recurrent ovarian cancer; RCT, randomized clinical trial; SCS, secondary cytoreductive surgery; scRNA, single cell RNA; SEER, Sur-
veillance, Epidemiology, and End Results; SHG, second-harmonic generation; SVM, support vector machine; TBS, the Bethesda system; TCGA, The Cancer Genome
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1. Introduction

Artificial intelligence (Al) is a vast domain that encompasses com-
puter science and statistics and refers to the ability of a machine to
execute cognitive functions imitating human intelligence [1,2]. The last
decade has witnessed an impressive resurgence in artificial intelligence,
particularly deep learning (DL) for clinical decision-making, and pre-
dominantly propelled by the rapid advances in computational power
and the availability to exponentially growing medical data [3].
Oncology is especially ripe for transformational changes yielded by Al,
with promising preliminary results in automated Gleason grading of
prostate biopsies [4,5], dermatologist-level classification of skin dis-
eases and so forth [6-9].

Globally, gynecologic cancers account for roughly 15% of total new
cases and total new deaths among female cancer patients in 2020 [10].
Cancer of the cervix uteri (7.7%) is the most lethal gynecologic cancer,
followed by ovary (4.7%), corpus uteri (2.2%), vulva and vagina
worldwide [10]. Considering the terrific performance in clinically
relevant tasks, Al is poised to widely reshape the gynecologic cancer
care intended for enhanced quality of life as well. As an example, cer-
vical cancer is a highly preventable and curable disease when detected
early and treated timely, and proven and cost-effective cervical cancer
screening programs mostly rely on Papanicolaou smear cytology in
combination with HPV detection, visual inspection with acetic acid
(VIA), colposcopy, etcetera. Herein, in 2020, the Director-General of
World Health Organization (WHO) launched strategy to accelerate the
global elimination of cervical cancer as a public health problem in 194
countries [11]. Nevertheless, few cancers reflect unfairness as much as
cervical cancer, evidenced by that in low- and middle-income countries
(LMICs) the mortality rate is nearly three times as high and the incidence
is approximately twice as high as in high-income countries (HICs) [10,
12,13]. Accordingly, it seems attractive and practical to apply Al-based
methods in resource-constrained settings where for instance, access to
microscopy diagnostics is inadequate and the qualities of such visual
inspection vary greatly. Noticeably, digital microscopy supported by a
cloud-based deep learning system (DLS) was successfully implemented
in rural Kenya and was utilized to detect squamous cell atypia in
Papanicolaou tests with a high sensitivity (95.7%) [14]. In addition, Al
has the potential to address the difficulty in early detection of ovarian
cancer using non-invasive test [15] and to predict the molecular-based
classification of endometrial carcinoma from histopathology images
[16], both of which are of paramount importance for risk stratification
and personalized management [17,18].

Over the course of diagnosis, treatment and surveillance, a cornu-
copia of muti-dimensional data will be generated for an individual with
gynecologic malignancy, spanning clinical presentation, patient history,
radiology, histology, laboratory tests and genomics, and each modality
may contribute to distinct insights on the state of gynecologic oncology.
However, it is often too complex to subjectively analyze the latent re-
lations and patterns across various data modalities, partially even
exceeding the ability of human [19]. For this reason, a remarkable op-
portunity for the clinical implementation of Al emerges to aggregate and
incorporate the complementary digital assets and clinical context from
large-scale populations to identify novel multimodal cancer biomarkers,
which probably could function as surrogates for current yet high-priced
markers. On the basis of primary use, Al-enabled biomarkers for gyne-
cologic cancer can be divided into diagnostic [20-22], prognostic or
predictive markers of response and resistance to therapy in the form of
qualitative or quantitative ways [23,24], informing better personalized
care for patients with gynecologic cancers [25].

Herein, this review highlights the recent Al-based attempts and ever-
growing contributions to the management of gynecologic oncology,
which have bridged the development-to-implementation gap (Table 1).
Moreover, this work outlines future directions on AI application in
precision oncology and maps the key challenges of Al-driven healthcare.
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2. Understanding Al tools and techniques

The concept of Al, coined in the 1956, was originally referred to as
“thinking machine” [9]. Al is a broad field comprising machine learning
and deep learning [26], and further categorized into supervised, weakly
supervised, unsupervised learning and reinforcement learning (Fig. 1).

Two well-known examples of supervised strategies are hand-crafted
methods and representation learning methods. The former is typically
performed with machine learning algorithms, which enable machines to
process input data, learn and then elaborate predictions without explicit
pre-programming [27]. As the dominant form in medical Al, supervised
machine learning uses explicit data with “ground truth’’ annotations to
optimize a model, in which unlabeled input will be classified into
pre-defined categories [28].

To alleviate the heavy labeling burden of the supervised learning,
weakly supervised and unsupervised learning are gaining attention. As a
subfield of supervised learning, weakly supervised learning involves
multiple-instance learning, graph convolutional networks and vision
transformers. Weak supervision is particularly suitable when the data
labeling is incomplete, inaccurate or inadequate to construct a model
with excellent performance [29]. Unsupervised learning is capable of
investigating intrinsic patterns and subtypes in dataset dispensing with
labels, and is classified into fully unsupervised and self-supervised
methods. In a sense, unsupervised learning algorithms are allowed to
accomplish more complex tasks than that the supervised learning
methods can handle with [30]. As the science of decision making,
reinforcement learning, permitting interactive feedback, is optimal to
solve complex, sequential problems [31], and robotic-assisted surgery
may gain benefits from reinforcement learning [32-34].

But the capability to deal with natural raw data is limited for con-
ventional ML algorithms. Instead, deep learning, a newer sub-category
of machine learning, is able to automatically learn representations of
data by virtue of artificial neuronal network structure (Fig. 2) [3]. The
most important advantage of DL approaches over other ML is the
competence to execute feature engineering by itself from limited series
of features provided in the training dataset, and thereby may be utilized
to mitigate the shortage of experienced physicians [35]. In addition,
empowered by deep learning, natural language processing (NLP) is
striving to capture linguistic nuances and to comprehend textual
entailment, hopeful to boost EHR-based cancer research [36].

3. Early detection of gynecologic oncology

Early cancer detection involves the input and estimate of data at
different time point to determine whether or not the individuals are in
need of supplementary examination and assessment, aimed to optimize
the survivorship of patients with gynecologic cancers (Fig. 3) [9]. For
gynecologic oncology, the data streams are mainly in the form of visual
inspection, medical imaging such as ultrasonography and colposcopic
images, and serological markers, such as cancer antigen 125 (CA125)
[37-39].

3.1. Cervical cancer: a preventable disease

In comparison with ovarian cancer and uterine malignancy, cervical
cancer is regarded as a potentially completely preventable disease since
it may take several years for cervical intraepithelial neoplasia (CIN) to
progress to invasive cancer, offering opportunities for early detection
and timely intervention [40]. Typically, the screening workflow of
cervical cancer moves in a stepwise fashion from cytology combined
with HPV testing, to colposcopy and biopsy [41]. Hence, a field in which
the adoption of Al is pretty appealing is the early diagnosis of cervical
precancerous lesions and tumors.

3.1.1. HPV testing
Given the integration of high-risk human papillomavirus (hrHPV)
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Table 1
Representative studies in Al for gynecologic oncology.
Year  Task Modality Model Study design  Size of dataset Against Performance Ref.
type Human
Cervical Cancer
Screening I HPV testing
2019 HPV Microholography DL - Training: 12 images; No Concordance: 100% [44]
Test: 28 patients
2020  HPV integration sites Gene expressing DL Retrospective  Training: 3608 No AUC: 0.7175 [43]
integration sites;
Validation: 584
integration sites
Test: 4662 integration
sites
Screening II Cytology
2021  TBS classification Cytopathology DL - Training: 350 patients; Yes AUC: 0.94; [14]
Validation: 390 patients; Sensitivity: 95.7%;
Test: 361 patients Specificity: 84.7%
2021  TBS classification Cytopathology Dual-path Retrospective ~ Training: 13486 WSIs; No AUC: 0.925 [45]
DCNN Validation: 2486 WSIs;
Test: 3331 WSIs
2021  TBS classification Cytopathology DL Retrospective 3545 WSIs for training Yes AUC: 0.979; [46]
and validation; Sensitivity: 95.1%;
Test: 1170 WSIs Specificity: 93.5%
2021  Abnormal cervical cells Cytopathology CNN Retrospective 7030 images for training  Yes AUC: 0.99 [47]
and internal validation; Accuracy: 98.0%
External validation: (human: 78.5%);
35013 images; Sensitivity: 98.0%
Test: 3970 images (human: 63.2%);
Specificity: 98.0%
(human: 93.8%)
2021  TBS classification Cytopathology DL;ML Retrospective ~ Training: 81727 smears; Yes Retrospective: [48]
Prospective Validation: 10-fold CV Accuracy: 75.24%
Test: 34403 smears (senior expert: 80.16%);
Prospective:
Sensitivity: 94.7%
2021 Detection of CIN3 + Cytopathology DL Retrospective ~ Training: 345 patients; Yes AUC: 0.74; [50]
(p16/ki-67) Validation: 86 patients; Sensitivity: 87%;
Test: 3095 patients (human: 87%);
Specificity: 45.6%
(human: 40.5%);
Screening IIT Colposcopy
2019 Detection of CIN 2 + Cervico- DL Retrospective Training: 744 patients; No AUC: 0.91 [57]1
graphy Validation: 324 patients;
Test: 8259 patients
2020  Colposcopic grading; Colposcopic image DL Retrospective ~ Training: 13604 Yes Grading colposcopic [52]
Guiding biopsies patients; impressions:
Validation: 1944 Agreement: 82.2%
patients; (human: 65.9%);
Test: 3887 patients Kappa: 0.75
(human: 0.516);
Guiding biopsies:
mean-intersection-over-
union: 0.758
2020  Non-cancer vs CIN vs Time-lapsed DL Retrospective  Training: 6133 patients; Yes Accuracy: 78.33% [53]
cancer colposcopic image Validation:1535 patients (human: 75.11%)
2020  Non-cancer vs CIN vs Real-time DL; ML Retrospective  a. No AUC > 0.92; [59]
cancer noninvasive imaging Training: 220 images; Kappa: 0.86
Validation: 76 images;
Test: 41 images;
b.
Training: 96 images;
Validation: 32 images;
Test: 36 patients
2021 CIN1 vs CIN2 + Colposcopic image Contra- Retrospective  Training: 6023 patients; Yes Accuracy: 61.84% [54]
stive Validation: 431 patients; (human: 58.68%)
learning Test: 2150 patients
2021 Acetowhite Lesion Colposcopic image DL Retrospective ~ Training: 9135 images; No AUC: 0.973; [55]
Segmentation Validation: 609 images; Accuracy: 0.906;
Test: 609 images Dice: 0.823
2021 CIN classification H&E image ML Retrospective ~ Training: 100 patients; No AUC: 0.971; [186]
Validation: 5-fold CV; Accuracy: 90.0%
Test: 40 patients
2019  Non-cancer vs cancer DNA methylation; ML Retrospective  Training: 420 samples; No Sensitivity: 96.2%; [20]
Gene expression Validation: 10-fold CV; Specificity: 95.2%
Test: 338 samples
Prediction
(continued on next page)
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Year  Task Modality Model Study design  Size of dataset Against Performance Ref.
type Human
2019  Pre-treatment prediction MRI; ML Retrospective ~ Total: 275 patients; No AUC: 0.999 [139]
of response to NACT Clinical data Training: Test= 2:1
2020  Actionable genetic H&E WSI DL Retrospective ~ Total: 261 patients; No AUCs: [71]
alterations Validation: 3-fold CV TCERG1: 0.82;
STK11: 0.81;
AMERI: 0.76
2020  Subtype; MRI ML Retrospective  Total: 95 patients; No AUCs: [88]
Grade; Training: 80%; Subtypes: 0.841;
Stage; Validation: 20% Tumor grades: 0.850;
Nodal status FIGO stages: 0.898;
Nodal status: 0.879
2020 LNM CT ML Retrospective Total: 127 patients; No AUC: 0.841 [89]
Validation: leave-one-
out CV
2020 LNM MRI; DL Retrospective Primary cohort: 338 No AUC: 0.933; [120]
Clinical data patients; Accuracy: 87.94%;
Validation: 141 patients Sensitivity: 90.62%;
Specificity: 87.16%
2020  Parametrial invasion MRI ML Retrospective ~ Total: 137 patients; No C-index: 0.941 [90]
Primary cohort: 95
patients;
Validation: 10-fold CV
2021 Determination of tumor PET CNN Retrospective Training: 232 patients; No DSC: 0.80; [187]
functional uptake Validation:5-fold CV Recall: 0.90
2021 Dose optimization during 2D/3D CT DL Retrospective  Training: 255 scans; No 2D DSC: [188]
radiation therapy Validation: 61 scans; a. 0.88; b. 0.81;
Test: a.62 scans; b.30 3D DSC:
scans a. 0.87; b. 0.82;
Prognosis
2019 PFS; OS Clinical data DL; Retrospective Total: 768 patients; No C-indexes: [189]
Cox Training: 8-fold; PFS: 0.795;
models Validation: 1-fold; 0S: 0.616
Test: 1-fold
2019  Local relapse; 18E.FDG PET/CT DL Retrospective  Total: 142 patients No Local relapse: [151]
Distant metastasis Accuracy: 89%;
Sensitivity: 71%;
Specificity: 93%;
Distant metastasis:
Accuracy: 87%;
Sensitivity: 77%;
Specificity: 90%
2021  DFI 18E.FDG PET/CT ML Retrospective  Total:158 patients; No AUC: 0.78 [152]
Training: 80%;
Validation: 5-fold CV;
Test: 20%
Uterine cancer
Screening
2020  Screening in postmeno- Serology: ML Prospective Training: 120 patients; No Accuracy: 99.9%; [64]
pausal women Metabolome Test: 1430 patients Sensitivity: 100%;
Specificity: 99.9%
Diagnosis
2019  Malignant vs Benign MRI ML Retrospective ~ Total: 42 patients; No Accuracy: 91.7%; [72]
Validation: leave-one- Sensitivity: 100%;
out CV Specificity: 90%
2019  Malignant vs Benign MRI ML Retrospective  Training: 72 patients Yes AUC: 0.93 [73]
Validation: 10-fold CV Human: 0.68-0.80
2020  Malignant vs Benign; H&E image CNN Retrospective  Total: 3302 images; Yes AUC: 0.9579 [190]
Validation: 10-fold CV Accuracy: 93.53%
(Human: 88.33%);
Sensitivity: 81.04%
(Human: 89.48%);
Specificity: 94.78%
(Human: 88.06%)
2021 Malignant vs Benign MRI ML Retrospective  Training: 104 patients; Yes AUC: 0.91 [74]
Test: 30 patients Human: 0.78-0.90
2021 Malignant vs Benign Us ML Retrospective ~ Total: 70 patients; Yes Accuracy: 85%; [75]
Validation: 10-fold CV; AUC: 0.86;
2021 Malignant/premalignant Hysteroscopic image ~ CNN Retrospective  Training: 6478 images; Yes Accuracy: 80.8%; [94]
vs Benign; Validation: 250 images; Human: 64.4-72.8%
Test: 250 images
2021  Histologic & Molecular H&E image DCNN Retrospective  a. 361 patients; b. 98 No AUCs: [16]
subtype; patients; c. 41 patients Histological: A. 0.969;
Gene mutations (A) a+b: c. 0.913;
Training: 80%; CNV-H: A. 0.934; c. 0.795;
Validation: 10%; CNV-L: A. 0.889; c. 0.850;
(continued on next page)
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Year  Task Modality Model Study design  Size of dataset Against Performance Ref.
type Human
Test: 10% MSI-high: A. 0.827;
(B) a for c. 0.667;
Training: 90%; TP53: A. 0.873; c. 0.92
Validation: 10%;
b for Test
Independent test: ¢
2022  Malignant vs Benign MRI ML Retrospective ~ Total: 172; No Accuracy: 87%; [76]
Training: Test= 7:3 AUC: 0.96
Prediction & Prognosis
2017 DM MRI ML Retrospective ~ Total: 137 patients; Yes AUCs: [82]
Grade; Validation: leave-one- DMI: 0.84; LVSI: 0.80; High-
LVSI out CV grade: 0.83;
DMI:
Accuracy: 81.0%
(Human: 83.2%);
Sensitivity: 79.3%
(Human: 84.5%);
Specificity: 82.3%
(Human: 82.3%);
2020 DMI; MRI DL Retrospective Training: 313 patients; Yes AUC: 0.78 [83]
Lesion identification Validation: 79 patients; Accuracy: 84.78%
Test: 138 patients (Human: 78.3%);
Sensitivity: 66.67%
(Human: 61.1%);
Specificity: 87.50%
(Human: 80.8%);
2020  Grade; MRI ML Retrospective  Total: 73 patients; No AUCs: [84]
LVSI Validation: leave-one- High-grade: 0.64;
out CV LVSI: 0.59
2020 LNM MRI ML Retrospective ~ Total: 622 patients; Yes AUCs: [85]
Validation: Validation:
a. 351 patients; b. 271 a. 0.909; b. 0.885;
patients Human: 0.623; 0.643;
2020 LNM; Clinical data ML Retrospective  Training: 763 patients; No AUCs: [123]
Prognosis: Prospective Test: a. 446 patients; b. LNM: a. 0.82;
5-year DSS 384 patients 5-year DSS:
a. 0.82; b. 0.84
2022 DMI; 3D MRI ML Retrospective  Training: 94 patients; Yes AUCs: [81]
FIGO stage; Test: 63 patients DMI: 0.81; FIGO stage: 0.84;
Grade; High-grade: 0.74; LVSI: 0.80;
LVSI Accuracies:
DMI: 86%
(Human: 79%);
FIGO stage: 80%
(Human: 78%)
2020  Chemotherapy benefit Clinical data ML Retrospective  Training: 370 patients; No C-index: [135]
Validation: 369 patients Training: 0.67; Test: 0.73
2022 TME WsI Graph DL Retrospective ~ Total: 548 patients; No Accuracy: 0.727 [114]
Validation: 5-fold CV
Ovarian cancer
Screening
2018  Non-cancer vs Benign vs Serology: ML - Total: 551 patients; No Sensitivity: 91.7%; [61]
Malignant Postprandial Validation: leave-one- Specificity: 99.2%
increase in CA125 out CV
2019  Screening Serology: ML - Total: 243 patients; No Sensitivity: 89%; [66]
cfDNA Training: 90%; Specificity: 98%
Validation: 10-fold CV;
Test: 10%
2022  Screening Serology ML - Training: 215 patients; No Sensitivity: 87%; [62]
Validation: 10-fold CV; Specificity: 98%
Test: 54 patients
2022  Malignant vs Benign; Serology: ML - Training: 178 patients; No Accuracy: 89.5% [22]
Cancer stage Methylation Validation: 5-fold CV;
Test: 184 patients
2022  Malignant vs Benign Serology: DL - Training: 235 patients; No AUC: 0.86 [63]
Metabolome Validation: 5-fold CV
Test: 174 patients
Diagnosis
2019  Malignant vs Benign; Serology ML Retrospective  Training: 219 patients; No Diagnosis: [97]
Subtype; Validation: 10-fold CV AUC: 0.968;
Stage; Test: 216 patients Accuracy: 92.4%;
Prognosis Stage:
AUC: 0.760;
Accuracy: 69.0%
(continued on next page)
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Year  Task Modality Model Study design  Size of dataset Against Performance Ref.
type Human
2021 Malignant vs Benign; Us DNN Prospective Training: 508 patients; Yes Sensitivity: 96%; [191]
Validation: 100 patients; Specificity:86.7%;
Test: 150 patients (Human: 88.0%)
2022  Malignant vs Benign Us DCNN Retrospective  Training: 105532 Yes AUCs: [15]
patients; a: 0.911; b. 0.870; c. 0.831;
Validation: Accuracies:
a. 868 patients; b. 335 a. 88.8% (Human: 85.7%);
patients; c. 889 patients b. 86.9% (Human: 81.1%)
2022 Malignant vs Benign us DL Retrospective Total: 422 patients; Yes DLfeature: AUC: 0.93; [93]
Training: 70%; Sensitivity: 92%;
Validation: 10%; Specificity:85%
Test: 20% DLgecision: AUC: 0.90;
Sensitivity: 92%;
Specificity:80%
Human: AUC: 0.97
Sensitivity: 96%;
Specificity:87%
2019  EOC vs Benign; MRI ML Retrospective  Total: 286 patients; Yes Diagnosis: [78]
Subtype of EOC; Leave-one-out CV: 195 Accuracy: 90.6%
Prognosis: DFS patients; (Human: 83.5%);
independent validation: Sensitivity: 90.3%
85 patients (Human: 82.3%);
Specificity: 91.3%
(Human: 86.9%)
Prognosis:
AUC: 0.899
C-index: 0.755
2020  EOC vs Borderline MRI ML Retrospective ~ Training: 250 patients; Yes AUCs: [79]
Validation: a.92 patients; a. 0.932 (Human: 0.792);
b. 159 patients b. 0.902 (Human: 0.797)
2021  Subtype of EOC MRI ML Retrospective  Training: 144 patients; No AUCs: a. 0.806; b. 0.847 [77]
Validation: a. 75
patients; b. 75 patients
2021 Malignant vs Benign MRI CNN Retrospective ~ Total: 451 patients; Yes Accuracy: 87% [80]
Training: 70%; (senior expert: 74%);
Validation: 20%; Sensitivity:75%
Test: 10% (senior expert: 83%);
Specificity: 92%
(senior expert: 70%)
2017  Subtype WSI ML Retrospective  Training: 68 patients; Yes Kappa: 0.89 [192]
Validation: leave-one- (Human: 0.84-0.93)
out CV;
Test: 65 patients
2022  Subtype H&E WSI DL Retrospective  Training: 485 patients; No C-index: 0.8097 [70]
Validation: 3-fold CV;
Test: 60 patients
2020 Grade; WSI; CNN Retrospective Total: 587 patients; No AUCs: [96]
Prediction: Gene expression; Training: 80%; Diagnosis: > 0.95;
Platinum response Proteome Validation: 5-fold CV; Tumor grade: > 0.80;
Test: 20% Chemotherapy response:
0.519-0.638
Prediction
2019  HRD for PARPI response; WGS ML Retrospective ~ Total: 294 patients; No C-index: 0.64 [136]
Platinum response; Validation: CV
Prognosis: OS
2020 TME: WS, ML Retrospective Training: 155 patients; No - [149]
T-cell exclusion Transcriptome Validation:84 patients;
Test: 215 patients
2021 Combinatorial therapies scRNA-seq; ML Retrospective  Total: No Accuracy: 91-94% [150]
WGS; 423 drug-targets;
RNA-seq; 110 point mutations;
Single-drug response Training: 90%
profiling Validation: 10-fold CV
Test: 10%
2022 Bevacizumab H&E WSI; DL Retrospective a. total: 288 patients; No Accuracy: 0.882 [144]
response Tissue microarray Training: 65%;
Validation: 5-fold CV;
Test: a. 35%; b. 175
patients
2018  Complete cytoreduction Clinical data ANN Retrospective  Training: 155 patients; No Importance of DFI: [129]
at SCS; Validation: 39 patients Complete cytoreduction:
Prognosis: OS 0.231
0S: 0.306
2020  Complete cytoreduction Clinical data KNN Retrospective ~ Training: 96 patients; No Accuracy: 66% [130]
Test: 51 patients
(continued on next page)
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Year  Task Modality Model Study design  Size of dataset Against Performance Ref.
type Human
2022  Risk stratification WSL CT; ML Retrospective  Training: 404 patients; No C-index: 0.61 [142]
Clinical data; Validation: 4-fold CV;
Gene expression Test: 40 patients
Prognosis
2018  Recurrence Serology: ML Retrospective ~ Total: 57 patients; No Accuracy: 0.62 [193]
CA125 Validation: 10-fold CV
2018  3-year Recurrence CT; DL Retrospective  Training: 102 patients; No C-indexes: [23]
Clinical data Primary cohort: 49 a. 0.713; b. 0.694
patients; AUCs: a.0.772; b.0.825
Validation: a. 49
patients; b. 45 patients
2021 30-day Postoperative CT scan reports; NLP; ML Retrospective ~ Total: 291 patients; No AUCs: [155]
readmission & Clinical data Validation: 5-fold CV Readmission: 0.70;
complication Complication: 0.68
2021 3-year Recurrence Gene expression GA- Retrospective  a. 106 patients No Sensitivity: 74-100% [147]
XGBoost Training: Internal
Validation= 2:1
External Validation:
b. 73 patients; c. 50
patients; d. 23 patients
Gynecologic oncology
Diagnosis
2019 CuUP Gene expression ML Prospective Training: 7791 patients; No 22 cancer types (EC; OC): [100]
Validation: 5-fold CV; Accuracy: 74.1%;
Test: 11644 patients Concordance: 67.4%
2019 Primary vs Metastatic Gene expression ML Retrospective Training: 10688 No 40 cancer types [101]
patients; (CC; EC; OC; uterine
Validation: 5-fold CV; carcinosarcoma):
Test: 211 patients Accuracy: 97%
2020 CUP Gene expression CNN Retrospective ~ Training: 18217 No 18 cancer types (OC uterine [102]
patients; carcinosarcoma):
Validation: 10-fold CV; Accuracy: 72.46%
Test: a. 394 patients; b.
69 patients; c. 23
patients
2021 CupP H&E WSI DL Retrospective ~ Training: 22833 No 18 cancer types [99]
patients; (CC; EC; 0C):
Validation: 6499 AUCs:
patients; Top-1: 0.80; Top-3: 0.93;
Test: a. 682 patients; b. Concordance:
743 patients Top-1: 0.61; Top-3: 0.82
2022  CUP WGS ML Retrospective ~ Training: 6082; No 35 cancer types [103]
Validation: 15-fold CV; (CC; EC; 0C):
Test: 674 Precision: ~90%
2022  CUP Gene expression DL; ML Retrospective ~ Training: 8209 patients; No 33 cancer types (CC; EC; OC; [105]
Validation: 10-fold CV; uterine carcinosarcoma):
Test: 3535 patients AUC: 0.974
Concordance:
Top-1: 0.73; Top-3: 0.90
Prognosis
2018  Chromatin organization Images of tumor cell ~ ML Retrospective  Discovery cohort: 390 No - [115]
~ survival nuclei patients;
Validation:
246 patients (OC);
354 patients (uterine
sarcoma); 791 patients
(ECQ)
2018 Shor-time mortality from EHR data ML Retrospective Pan cancer: No AUCs: [138]
chemotherapy start Derivation: 17832 30-day mortality:
patients; CC: 0.955; OC: 0.956;
Validation: 9114 180-day mortality:
patients; CC: 0.888; OC: 0.895
Difference: 8718 patients
2020  180-day mortality EHR data ML Prospective Gynecologic cancer: No AUC: 0.91 [157]
Test: 1049 patients
2022  3-month mortality EHR data ML Prospective Genitourinary cancer: Yes AUC: 0.85; [158]

Test: 376 patients

Sensitivity: 19% (Human:
20%)

Abbreviations: ANN, artificial neuronal network; AUC, area under curve; CA125, cancer antigen 125; CC, cervical cancer; cfDNA, cell-free DNA; C-index, concordance
index; CIN, cervical intraepithelial neoplasia; CNN, convolutional network; CT, computed tomography; CUP, cancer of unknown primary; CV, cross-validation; DCNN,
deep convolutional neural network; DFI, disease-free interval; DFS, disease-free survival; DL, deep learning; DMI, deep myometrial invasion; DNN, deep neural
network; DSC, Dice similarity coefficient; DSS, disease-specific survival; EC, endometrial cancer; EHR, electronic health record; EOC, epithelial ovarian cancer; FIGO,
the International Federation of Gynecology and Obstetrics; HPV, human papillomavirus; HRD, homologous recombination deficiency; H&E, hematoxylin and eosin-
stained; KNN, k-nearest neighbor; LNM, lymph node metastasis; LVSI, lymphovascular space invasion; ML, machine learning; MRI, magnetic resonance imaging;
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NACT, neoadjuvant chemotherapy; NC, not calculated; NLP, natural language processing; OC, ovarian cancer; OS, overall survival; PARPi, poly (ADP-ribose) poly-
merase inhibitor; PET, positron emission tomography; PFS, Progression-free survival; scRNA, single cell RNA; SCS, secondary cytoreductive surgery; SHG, second-
harmonic generation; SIL, squamous epithelial lesion; TBS, the Bethesda system; THG, third-harmonic generation; TME, tumor microenvironment; US, ultrasonog-
raphy; WGS, whole-genome sequencing; WSI, whole-slide images; '®F-FDG PET/CT, '®F-fluorodeoxyglucose positron emission tomography-computed tomography; -,

Not mentioned or not available.
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Fig. 1. Overview of artificial intelligence. Al is a vast term encompassing machine learning and deep learning. Data labeling is crucial for developing high-
performance supervised learning models. Whenever source data is incomplete, inexact or inaccurate, weakly supervised models can be trained with patient-level
annotations. Unsupervised approaches are capable of exploring unknown patterns in a collection of unlabeled data. Reinforcement learning is optimal to solve
complex, sequential problems. CART, classification and regression trees; FP, frequent pattern; LASSO, least absolute shrinkage and selection operator; SVM, support
vector machine.
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Fig. 2. General framework of convolutional neural network for medical imaging. Example of large-scale multilayer convolutional neural network takes various

medical data as input, including colposcopic, radiologic, cytologic and histopathologic images. CNNs sequentially transform input images via convolutional, pooling
and fully connected layers into flattened output vectors. CT, computed tomography; US, ultrasonography; MRI, magnetic resonance imaging.
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Fig. 3. Al-enabled workflow for patients with gynecologic oncology. (A) Data acquisition. Patient data are processed by Al in the workflow across multiple mo-
dalities including text information, histopathology, radiology, and molecular profiling. (B) Feature extraction. Al learns a featurization in its lower-level towers for
each modality. For EHR data, NLP is utilized to standardize data by mapping unstructured data from different hospitals to common format, and ultimately the entire
record of a specific patient is generated using sequence models. (C) Feature fusion. The features extracted from each tower are merged into higher-level repre-
sentations. (D) Clinical applications. The final outputs include screening, for example, quantitative analysis to speed up the identification of new biomarkers in
support of large-scale patient screening, diagnosis (e.g., benign lesions versus malignant diseases), prediction (such as drug response), prognosis, among many others.
DFS, disease-free survival; EHR, electronic health record; NLP, natural language processing; OS, overall survival;, PFS, Progression-free survival. Created with

BioRender.com.
<
<

into human genome is deemed as the major cause of cervical carcino-
genesis, more and more cervical cancer prevention programs take
advantage of HPV testing as a primary screening tool, followed with
increased Al application in this aspect [42]. Recently, DeepHPV model
was proposed to predict HPV integration genomic sites with an area
under curve (AUC) of 0.634, and this model adding TCGA Pan Cancer
attained a better AUC of 0.718 [43]. Real-time detection of the high-risk
HPV 16 or 18 was realized by using DL-based microholography [44].

3.1.2. Cervical smear

On the flip side, inspired by the clinical criteria of Bethesda diag-
nostic system, a smear-level classifier was introduced with dual-path
network for risk stratification in cervical cancer screening [45]. Based
on massive whole-slide images (WSIs) of cytology, Cheng et al. devel-
oped a clinical-level-assisted diagnosis system verified by human-
—computer confrontation [46]. Additionally, the overall performance of
an attention-guided convolutional network (CNN) was equivalent to
that of pathologists with 10 years of practice experience [47]. Similarly,
rapid TBS classification of the whole digital cervical liquid-based
cytology smears (< 180 s/slides) was realized by a hybrid Al-steered
diagnostic model at high specificity [48]. A cloud-based DLS was
employed to provide point-of-care digital smear cytology for cervical
cancer screening in resource-constrained areas [14]. In this
proof-of-concept diagnostic study, compared to visual sample analysis,
the DLS was feasible to detect squamous cell atypia especially
high-grade atypia with high sensitivity. Moreover, it is a promising
triage strategy to detect the co-expression of pl16/ki67 before colpos-
copy referral [49]. Compared to conventional Pap cytology and manual
dual stain (DS), CNN-augmented p16/ki67 DS could reduce colposcopy
referrals by one-third [50].

3.1.3. Colposcopy

Moving to colposcopy, the main features and clues for colposcopist to
grade CIN consist of acetowhite epithelium regions and appearance of
blood vessel [51]. Several studies have investigated the usability and
applicability of Al in the detection and classification of cervical lesions
using colposcopic images [52-58]. An Al auxiliary diagnostic system
exhibited satisfactory performance in grading colposcopic impressions
and further directing multiple biopsy [52]. In other work, the compar-
ison of machine learning algorithms against three colposcopists on
different levels (intern, in-service and professional) reported the Al
model exceeded the average human level and even obtained expert-level
accuracy in CIN grading [53,54]. In fact, the turnaround time is long
from biopsy to diagnostic report. Aimed to reduce time-to-result, a
minimally invasive innovative approach was reported for visualizing
cervical tissue three-dimensionally, employing nonlinear optics and
near-infrared excitation [59]. Obviating the necessity of biopsy, fixation
and staining, this ML-based method permitted accurate differentiation
of invasive cancer, CIN and normal tissues with a weighted kappa co-
efficient of 0.86 [59]. Despite of few pitfalls, such technologies could
chart a path for implementation of Al for gynecologic cancer screening
particularly in resource-constrained settings.

3.2. Identification of novel screening biomarkers

Currently, a serum CA125 test is applied as the first-line screen for
women at high risk of ovarian cancer [60]. But a ML-based study
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indicated CA125 postprandial increment exhibited diagnostic advan-
tages over the conventional CA125 test [61]. In another promising
study, a perception-based detection of high-grade serous ovarian cancer
was constructed through machine learning from the spectral fingerprint
of serum quantum-defect-modified nanotubes [62]. Compared with the
present best clinical screening tests composed of CA125 and trans-
vaginal ultrasound, the nanosensor-array technology improved the
sensitivity to 87% with a specificity of 98% [62]. Particularly, the cur-
rent known protein biomarkers were unable to achieve the predictive
value of the proposed classifier, indicating the nanosensor array could
be utilized as a discovery tool to quantify unidentified biomarkers.

Increasingly, analysis of data by Al from emerging minimally inva-
sive techniques, such as liquid biopsies for metabolites, DNA from the
Papanicolaou test, circulating tumor DNA (ctDNA) or cell-free DNA
(cfDNA), offers considerable promise for detecting gynecologic cancers
at an early stage when diseases can be effectively treated. Using a DL
model, a seven-marker metabolite panel could be used to discriminate
early-stage ovarian malignancy from benign pelvic diseases with an AUC
of 0.86 [63]. Another work validated that using ML, a serum
metabolomic-based screening could accurately detect endometrial can-
cer in postmenopausal women (accuracy, specificity, and sensitivity all
> 99%) [64]. A multi-analyte blood test was created, named Cancer-
SEEK, to screen eight types of cancer using combined asssys for circu-
lating protein biomarkers and mutations in ctDNA [65]. Of note, using
supervised ML, the sensitivity for detecting surgically resectable ovarian
cancer reached 98% [65]. In general, cancer-derived cfDNA fragments
are shorter and more variable than those found in healthy individuals.
Cristiano and colleagues designed a machine learning model, which
incorporated genome-wide cfDNA fragmentation features, to estimate
the likelihood of a cfDNA mutation was related with 7 cancers (AUC
0.94) and specifically the model possessed a sensitivity 89% at 98%
specificity in diagnosing ovarian cancer [66].

As the major epigenetic mark involved in carcinogenesis, DNA
methylation has shown higher sensitivity relative to protein biomarkers
and thereby may serve as a valuable source for developing novel bio-
markers in the oncology care [67]. Aided by machine learning, the
diagnostic power of several DNA methylation-based predictors was
investigated, including four cervical cancer-specific DNA methylation
markers (cg07211381, ¢g20708961, cg26490054 and cgl12205729)
with 95.2% specificity and 96.2% sensitivity [20], and blood-based
differentially methylated regions for even predicting ovarian cancer
stage [22]. Furthermore, the Al-enabled assay of plasma ctDNA
methylation will be an alternative promising approach to improving risk
stratification and informing better management of patients with gyne-
cologic malignancies, which has been exemplified by the success in early
diagnosis of lung cancer via ML-assisted ultrasensitive detection of
ctDNA methylation patterns [68].

Altogether, as ever-growing data from genome, transcriptome,
metabolome and proteome screening, artificial intelligence with high
computing power may be capable of discovering new patterns and novel
biomarkers for early gynecologic cancer detection, as well as reducing
the healthcare costs and time required for diagnosis.
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4. Making gynecologic cancer diagnosis, staging and grading
more accurate

4.1. Cancer diagnosis, staging and grading

The key processes of diagnosis encompass the preclusion of gyne-
cologic benign lesions and the further classification of gynecologic
cancers in the aspect of histopathology, primary site and even molecular
features. Cancer grading and staging, referring to estimate the tumor
size, location and other factors, illuminate how serious and aggressive
the malignancy is and ultimately are utilized to guide treatment rec-
ommendations. Applications of Al in the realm of gynecologic cancer
diagnostics are discussed with focus on clinical utility, implications and
future outlook (Fig. 3).

4.1.1. Cancer imaging

It has been extensively reported that Al-based models are deployed
to improve the diagnostic accuracy and stratify tumor subtypes directly
from cancer imaging involving histopathologic images, radiological
images and so forth [69]. Clinically, the copy-number variation low
(CNV-L) subtype of endometrial carcinoma carries the worst clinical
outcomes in the molecular classification standard [18]. Given that the
identification of histological subtypes, molecular subtyping and
single-gene mutations is of paramount value for diagnosis and informing
treatment strategies, a customized multi-resolution deep convolutional
neural network (DCNN) was applied to predict the molecular subtypes of
endometrial cancer as well as 18 common genes based on H&E-stained
histopathological image without sequencing [16]. In ovarian cancer, a
DL-based histotype determination was employed to automatically assess
H&E-stained WSIs [70]. Interestingly, four cases from the external
dataset, of which classification by AI were distinct from the reference
diagnosis, were independently reviewed by two experts and the pro-
fessional diagnoses were in accordance with the performance of Al [70].
Additionally, the application of Al trained on H&E histology slides could
also predict standard histological biomarkers, detect pan-cancer genetic
variants, further infer oncogenic drivers, molecular tumor subtypes and
gene expression signatures for 14 of the most common cancer types [71].
This investigation indicated that TCERG1, AMER1 and STK11 alterations
were detectable in patients with endocervical adenocarcinoma or cer-
vical squamous cell carcinoma with high AUC values [71].

Radiological imaging is another mainstay of cancer diagnosis, stag-
ing and grading. Since uterine sarcomas are a rare type of uterine ma-
lignancies typically associated with poor prognosis, inadequate surgery
in the event of occult sarcoma may deteriorate the clinical outcomes. As
such, several effective Al-based diagnostic support tools are developed
to differentiate uterine sarcomas from leiomyomas by combining
radiomics and clinical parameters or ultrasonography (US) [72-76].
Superior performance is achieved over radiologists in diagnosis of
uterine sarcomas [73,74]. Additionally, many Al-aided MRI radiomics
models have been constructed to evaluate the nature of ovarian lesions
and the discriminative performance, such as distinguishing between
type I and type II epithelial ovarian cancer [77], approached or even
surpassed radiologists [78-80]. Texture features extracted from MRI/CT
imaging were also analyzed by Al to predict histological grading, FIGO
staging, high-risk subtype, the presence of lymphovascular space inva-
sion and deep myometrial invasion for endometrial cancer [81-87]; to
differentiate clinicopathological signatures including lymph node sta-
tus, parametrial invasion, histological subtypes, tumor grade and FIGO
stage of cervical carcinoma [88-90].

In view of the safety, well tolerance and ubiquitous availability, US
has been advocated as the most useful non-invasive tool in ovarian
diseases identification [91]. Nonetheless, there are great variabilities
observed in the subjective assessments of US images among radiologists,
in spite of using established standard processes like the Ovarian-Adnexal
Reporting and Data System (O-RADS) [92]. Two DL algorithms (DLge-
cision and DLgeature) Were modified from residual network in attempt to
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automatedly discern ovarian cancer from benign adnexal masses [93].
For ovarian malignancy, the diagnostic performance of DLfeatyre (AUC
0.93) was on par with O-RADS (AUC 0.92, p 0.88) and expert assessment
(AUC 0.97, p 0.07) [93]. In a multicentre diagnostic study, a DCNN
model was developed in 105532 training dataset and tested in 2092
validation datasets containing one internal and two external validations
[15]. In the internal and one of the external validation datasets, higher
accuracies (88.8% and 86.9%, respectively) were achieved by the DCNN
compared with average level of 16 (85.7%) and 19 radiologists (81.1%)
respectively. Importantly, when DCNN-enable, the diagnostic accuracy
of six junior radiologists was significantly improved from 78.3% to
87.6%, on par with the expert level.

Interestingly, a CNN-based model was constructed to automatically
classify endometrial diseases from hysteroscopic images (accuracy:
80.8%), outperforming three gynecologists, and the overall performance
of the CNN-assisted diagnosis by gynecologists was improved [94].
Thus, clinical auxiliary implementation of such Al models could not only
help further training the next generation of experts by providing
real-time guidance, but also ease the workload of skilled clinicians or
alleviate the maldistribution of medical resources especially in devel-
oping countries.

4.1.2. Non-image data

Beyond cancer imaging data, as the molecular measurement tech-
niques advance and the costs of these assays decline, data obtained from
molecular profiling (such as transcriptome, metabolome, proteome and
genome) are promising in diagnosis, staging and grading of gynecologic
cancers. Using whole-exome sequencing data, a ML classifier was con-
structed to identify the heterogeneous, distinct composition of endo-
metrioid ovarian carcinoma, which was a rare subcategory of epithelial
ovarian tumors with incompletely disclosed molecular characteristics
[95].

Furthermore, the multimodal analysis of imaging and non-imaging
data, which possess complementary information, has the great poten-
tial to enable refined risk stratification and classify cancers into subtypes
[19]. As an example, convolutional neural networks were developed to
classify grade of serous ovarian carcinoma (AUC > 0.80) through inte-
grating proteomics, RNA-seq data and WSIs [96]. Unsupervised ML was
proposed to identify the clinical stage of ovarian cancer patients based
on preoperative blood biomarkers containing CA125, C-reactive protein
(CRP), carbohydrate 19-9 (CA19-9), lactate dehydrogenase (LDH), al-
bumin and et al. (AUC 0.76) and predict histotypes including high-grade
serous, mucinous, clear cell and endometrioid and ones with AUCs of
0.785, 0.728, 0.650 and 0.597, respectively [97]. Moreover, the usage of
ML revealed that among early-stage (stage I/II) EOC patients, two
clusters were significantly correlated with worse prognosis [97].

4.2. Diagnosing cancers of unknown primary

In spite of extensive diagnostic investigation and clinical relevance,
cancer of unknown primary (CUP) origin, accounting for 1-2% of all
malignancies, poses enormous challenges owing to lack of tumor type-
specific care alongside dramatic clinical deterioration [98]. Patient
with CUP have to receive empirical therapies rather than effective
site-specific treatment and are prone to quickly succumb to this
aggressive disease, resulting in inferior prognosis [98]. To address these
challenges, Tumor Origin Assessment via Deep Learning (TOAD) was
adopted to concurrently determine the tumor as metastatic or primary
and assign a primary differential based on routinely acquired
whole-slide images corresponding to 18 cancer types [99]. For ovarian
cancer and endometrial cancer, artificial intelligence was also applied to
make accurate predictions of the cancer origin using targeted panel DNA
sequencing data as input, with promising results [100]. Via prospective
targeted sequencing assay of up to 468 key cancer-related gene, the
molecular-oriented classifier was deployed to inform the site of origin
for 95 of 141 patients with CUP across 22 tumor types [100].
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Importantly, prospective application of the ML-based tool led to
genomic-derived re-diagnosis of two patients with CUP and thereby
prompted a change in clinical care plan, to which these patients ulti-
mately responded [100].

Apart from genome-guided classification [101-103], it is
well-established that tumor is partly an issue of developmental biology,
indicating a new potential perspective from developmental origins
[104]. After mapping 56 developmental trajectories of 33 cancer types
(including ovarian, endometrial, cervical cancers and uterine carcino-
sarcoma), a Developmental Multilayer Perceptron (D-MLP) model was
constructed through deconvoluting tumor transcriptomes into these
component trajectories to reveal the cancer origin [105]. They further
curated a cohort of 52 cases of CUP, which were refractory to standard
pathology protocols and representative for most challenging cases.
D-MLP classifier was capable of distinguishing such cases by develop-
mental trajectories and clarify differential diagnoses [105]. Altogether,
Al could yield accurate predictions, facilitate a better understanding of
the carcinogenesis, and be utilized as an adjunct to or in lieu of auxiliary
examination and extensive conventional workups to fast diagnose
complicated cases of CUP, with the hope to improve the management
and outcomes of CUP.

5. Prediction of patient prognosis and treatment
recommendation

5.1. Risk stratification and prognosis

The choices of treatments consisting of surgery, chemotherapy,
radiotherapy, targeted therapy and immunotherapy, vary tremendously
among gynecologic tumors, depending on the clinical factors (such as
age, stage, grade, and residual tumor volume after surgery), and func-
tional omics indicators, for example, homologous recombination-
deficient (HRD) for poly-ADP ribose polymerase (PARP) inhibitors in
ovarian cancer [106,107], vascular endothelial growth factor (VEGF) for
antiangiogenic therapy in ovarian and advanced cervical cancer [108,
109], human epidermal growth factor receptor type 2 (HER2) for
HER2-targeted therapy in ovarian and uterine cancer [110,111], mi-
crosatellite instability-high (MSI-H) and different mismatch repair
(dMMR) for immune checkpoint therapy [112,113]. Therefore, in view
of the enormous inter- and intra-tumoral heterogeneity in cancer risk, it
is still a curial unmet need to determine patients with gynecologic
cancers at risk of poor clinical outcomes. One notable example is that a
graph DNN was leveraged to analyze the heterogeneous tumor envi-
ronment on WSIs and determined a number of survival-related contex-
ture features, which encompassed haemorrhagic necrosis, irregular
growth pattern, intra-tumoral lymphocytic infiltration and so on, for
endometrial, breast, lung and kidney cancers [114]. A similar study
deployed ML algorithms to investigate the prognostic value of chro-
matin organization, termed Nucleotyping, in ~400000 images of tumor
cell nuclei via image texture analysis, and found Nucleotyping was a
significant predictor of outcomes in uterine sarcoma, ovarian and
endometrial carcinomas [115].

Rapid developments of computational and experimental techniques
provide opportunities to enrich complementary multi-omics data, and so
Al will be well suitable to comprehensively dig into multiscale tumor
information in support of precise prognostication and care. One group
integrated five distinct data mining classification and ensemble learning
to determine predictor variables for ovarian cancer patients, and iden-
tified FIGO staging, age, pathologic M and pathologic T as significant
risk factors with regard to recurrence [116]. Overall, such risk predic-
tion algorithms might allow physicians to provide precise risk stratifi-
cation in order to improve prognostication for patients with gynecologic
tumors.
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5.2. Preoperative assessment

In the era of precision medicine, the application of Al, which re-
sembles clinical reasoning, is well suited for preoperative risk stratifi-
cation and prognostication in order to tailor personalized treatment
planning and minimize exposure to unnecessary surgical intervention.
Specifically, pelvic lymph node metastasis (LNM) constitutes one of the
major prognostic factors for common cancers [117,118]. According to
the International Federation of Gynecology and Obstetrics (FIGO)
staging system, patients with cervical cancer who have either radio-
logical or pathologic evidence of lymph node metastasis are diagnosed
at late stage (IIIC), and these patients might benefit from chemo-
radiotherapy as the first option rather than surgery [119]. Therefore, a
diagnostic study built an end-to-end DL model to estimate LNM proba-
bility in women with cervical cancer leveraging the high-resolution MRI,
which was deemed as one of the most accurate imaging techniques
[120]. In this research, a hybrid model combining clinicopathologic-
and image-level information was able to preoperatively determine over
90% of cases with LNM with a specificity of 87.16%, and the output
score from the hybrid model was correlated with the prognosis. Analo-
gously, increasing enthusiasm and endeavors have been witnessed in
preoperative evaluation of lymph-node status for the management of
endometrial cancer patients, since two key prospective randomized
clinical trials (RCTs) revealed that no benefits were obtained by routine
systematic lymphadenectomy for early-stage endometrial cancer in
terms of overall or disease-free survival while there was a substantial
rise in incidence of long-term morbidity thenceforth [121,122]. Via
incorporating molecular, clinical and histopathological biomarkers, a
machine learning-based predictive model achieved high discriminative
performance on predicting LNM of women with endometrial cancer in
external validation cohort (AUC 0.82), i.e. identifying 55.8% of the in-
dividuals as < 5% risk for LNM [123].

Though chemotherapy remains the first-line treatment for recurrent
ovarian cancer (ROC), increasing amount of evidence has indicated
secondary cytoreductive surgery (SCS) may be of value to improving
prognosis in selected population with platinum-sensitive [124-128],
thus several work explored the ability of AI for complete cytoreduction
prediction [129,130]. A clinical model using artificial neuronal network
(ANN) based on 194 ROC patients to predict complete cytoreduction at
the time of SCS, and found disease-free interval (importance: 0.231) was
the most important factor predicting complete cytoreduction, followed
by retroperitoneal recurrence (importance: 0.178), residual disease at
primary surgical treatment (importance: 0.138) and FIGO staging
(importance: 0.088) [129]. Furthermore, disease-free interval, complete
cytoreduction and FIGO staging were significant predictors of overall
survival (OS) for those patients (importance: 0.306, 0.217 and 0.100,
respectively). Considering the prognostic significance of residual tumor
status, an ovarian cancer-specific prediction model was proposed for
pretreatment assessment of stages and histologic subtypes, and took
advantage of an ordinal classification-based ML, extracting information
from 32 clinical parameters available from preoperative blood tests, to
segregate complete resection from optimal and suboptimal resection,
which was not fully realized by standard classification algorithms [97].

5.3. Response to chemotherapy

Chemotherapy can improve prognosis in advanced-stage gyneco-
logic cancer and lower the risk of relapse in early-stage disease, never-
theless, it remains challenging to balance benefits and considerable risks
of chemotherapy [131-134]. For instance, a clinical calculator was
developed using ML algorithms to predict the chemotherapy benefits for
early-stage uterine cancer [135]. Likewise, using ML techniques, it was
found that the homologous recombination deficiency was associated
with better prognosis in ovarian cancer patients with platinum regimens
[136]. Recent evidence showed that many cancer patients whose che-
motherapies were often initiated too late in the disease trajectory
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suffered from burdensome complications without potential benefits of
chemotherapy and died soon after initiating treatment [137]. A EHR
data-driven ML model was developed to estimate the short-term mor-
tality, involving 30-day and 180-day mortality from the first day of new
chemotherapy regimens, among ovarian and cervical cancer individuals
administrating chemotherapy [138]. Model predictions were accurate
for both of ovarian cancer (AUC 0.956 for 30-day mortality and 0.895
for 180-day mortality) and cervical cancer (AUC 0.955 for 30-day
mortality and 0.888 for 180-day mortality). Importantly, the overall
performance of the model was better than estimates from RCTs and the
Surveillance, Epidemiology, and End Results (SEER) dataset, in which
oncologists routinely seek for quantitative risk predictions [138]. Be-
sides, MRI-based radiomic features harbored great potential to enable
pretreatment prediction of the clinical response to neoadjuvant
chemotherapy in patients with locally advanced cervical cancer, which
permitted prudent selection of appropriate patients (AUC 0.999) [139].

Moreover, the high lethality of ovarian cancer is mainly owing to
frequent recurrence along with increasingly resistance to chemotherapy
[140]. Derived from gene expression signatures, biochemically-inspired
ML was applied to predict the responses to cisplatin, carboplatin, and
oxaliplatin for ovarian cancer patients [24]. For carboplatin, the
best-performing ensemble of gene expression (designated Carl) was
AKT1, GNGT1, EIF3K, MTHFR, ERCC1, VEGFC, NEDD4L, VEGFB, NRAS,
RAF1, TIGD1, SGK1, TP53, NLRP1, and GSR, which predicted a long
recurrence time in patients with ovarian cancer at an accuracy of 60%
[24]. ML approaches integrated with bioinformatics method were also
deployed to build a useful genetic interaction network and thereby to
predict chemoresistance in ovarian cancer based on signature gene pairs
with an AUC of 0.97 [141]. For HGSOC patients, a non-invasive recur-
rence prediction model, incorporating 16-dimensional DL feature and
Cox proportional hazard regression, was developed to extract effective
prognostic biomarkers from preoperative contrast enhanced CT images
and could accurately predict 3-year recurrence in two validation data-
sets (AUC 0.772 and 0.825), which outperformed the accuracy attained
by a clinical model with five known clinical characteristics (AUC 0.443
and 0.400) [23]. One notable example lies in that a ML model fusing
clinicogenomic (HRD or homologous recombination proficiency status),
radiologic (contrast-enhanced CT) and histopathological features
demonstrated augmented predictive capacity for overall survival of
HGSOC patients (concordance index: 0.61), providing a promising path
towards better risk stratification of patients with gynecologic oncology
[142].

5.4. Characterizing the tumor microenvironment and identifying
candidates for other therapies

Bevacizumab, an anti-angiogenic monoclonal antibody, has been
approved by the US FDA for maintenance treatment of recurrent ovarian
cancer, nonetheless, only a small portion of patients at advanced stage
could benefit from bevacizumab in combination with chemotherapy
[143]. To address the issues mentioned above, an Al-based predictive
model was present to accurately evaluate therapeutic effectiveness of
bevacizumab according to digital histopathological images that were
not pre-annotated by pathologists (accuracy: 0.882) [144]. Another
clinically meaningful molecular marker for targeted therapy is HER2
aberration [145]. Via machine learning methods, expression-based
HER2 index was utilized to precisely select appropriate patients who
harbored HER2-enriched pattern and might gain the highest magnitude
of benefits from HER2-targeted therapies [146]. Besides, based on gene
expression profiles, ML models demonstrated that poor prognostic gene
signature was closely related to protein kinase B (AKT) in ovarian cancer
[147], indicating that targeting AKT might be a potentially effective
anticancer strategy.

New therapeutic strategies and paradigms are in urgent need for
ovarian cancer [17]. Revolutionized by the success of checkpoint in-
hibitors, the immune-based interventions have emerged as the powerful,
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most rapidly growing therapeutic pillars within oncology. Unfortu-
nately, albeit approved in a variety of cancers by FDA, the immune
checkpoint blockade therapy does not elicit existing and robust anti-
tumor responses as expected in ovarian cancer [148]. The geospatial
distribution of immune cells within tumor microenvironment, specif-
ically, the close cancer-lymphocyte proximity, dramatically affects the
efficacy of antitumor treatments such as immunotherapies. Thus, Des-
bois et al. deployed Al for integrated transcriptome and digital pathol-
ogy analysis to molecularly characterize mediators of CD8" T cell
exclusion in ovarian cancer [149]. This work uncovered two key hall-
marks of immune-excluded phenotype, including high level of TGFf and
stromal activation and lack of tumor-derived antigen presentation,
shedding light on TGFf as a potential target. Moreover, a ML-based
platform was implemented to tailor personalized cancer-selective
combinatorial regimens for patients with HGSOC, which made use of
functional single-drug response assay, whole-genome sequencing, bulk
and single-cell RNA sequencing [150]. Overall, Al-based approaches
will enable further insights and better understanding of the tumor
microenvironment, facilitate the discovery of cancer-specific candidate
drug targets, and thereby assist in identifying combination strategy,
drug design and repurposing.

5.5. Follow up

Precise follow-up is one of the underexplored areas for Al applica-
tion. Radiological assessment is an important part of follow-up care
where '8F-fluorodeoxyglucose positron emission tomography-computed
tomography (!®F-FDG PET/CT) has been commonly employed for seri-
ally monitoring disease risk throughout treatment. The pre-treatment
18F_FDG PET/CT radiomics in combination with AI were able to accu-
rately predict local relapse, distant metastasis or disease-free survival for
patients with locally advanced cervical cancer [151,152]. Given the
current widespread adoption of comprehensive EHR in modern health
systems, Al leveraging EHR data may complement clinician institution
and timely triage cancer patients for escalated preventive care strategies
or end-of-life care [153-158]. MEDomics, an oncology-oriented infor-
mation technology infrastructure, enables continuous pan-cancer prog-
nostication through integrating longitudinal comprehensive health data
with real-world data [159]. The combined utilization of NLP with ML
techniques was adopted for unstructured preoperative CT scan reports
and then the predictive power was augmented for 30-day major post-
operative complication (AUC 0.68) and hospital readmission (AUC 0.70)
among ovarian cancer patients undergoing debulking surgery [155].
Furthermore, using an EHR-embedded ML algorithm [156], a prospec-
tive validation study was conducted to generate real-time, accurate
predictions of 180-day mortality for 1049 outpatients with gynecologic
cancers (AUC 0.91) [157]. Likewise, another prognostic study pro-
spectively compared oncologist performance with a ML model trained
with EHR data to predict 3-month mortality for outpatients (AUC 0.85)
[158]. As a consequence, encounters flagged as being at high risk for
short-term death were deemed appropriate for palliative or supportive
measures like end-of-life conversations rather than aggressive treat-
ment. Notably, both models surpass experts in prospective validation
and their work stands for a remarkable early step in closing the gap
between the health care ML and real-world cancer care.

6. Current challenges and future perspectives

Notwithstanding appreciable progress and tremendous success has
been accomplished by oncological Al in the recent twenty years, some
important challenges must be surmounted prior to the entry of Al to real-
world scenarios.

6.1. Limitations

Most Al systems, particularly ML models are merely as good as their

Descargado para Anonymous User (n/a) en National Library of Health and Social Security de ClinicalKey.es por Elsevier en noviembre 17, 2023.
Para uso personal exclusivamente. No se permiten otros usos sin autorizacion. Copyright ©2023. Elsevier Inc. Todos los derechos reservados.



Y. Jiang et al.

background data. Broadly, the source data that are applied to train Al
models carry massive inter-reader variability especially among non-
experts facing rare and complex cases [160], inter- and
intra-laboratory variability (such as differences in staining techniques,
scanning characteristics for digital pathology, and process of sample
preparation) [69], variability inherent to digital pictures (in conse-
quence of distinct viewing angles, unevenness of exposure and so on)
[71, and artificial variability introduced by data augmentation algo-
rithms [161]. In addition, there are a wide range of data normalization
(TPM, RPM, TMM, FPKM/RPKM) and data conversion (linear, log, etc.)
utilized in multifarious programming languages [162,163]. These vari-
abilities result in difficulties to define a standard reference against which
the performance of models could be gauged [164,165].

Moving beyond imaging and omics data, an EHR of a major health
care organization, which has the potential to gather the medical events
of more than 10 million patients during a decade, is equivalent to
roughly 200000 years of clinician wisdom and roughly 100 million years
of patient prognostic data, spanning a fair amount of orphan diseases
and disorders [166]. But the information-rich EHRs remain immensely
underutilized, and the main reasons for this lie in unorganized structure
and inconsistencies. One workable strategy is to standardize the codes
and terminologies for specific disease in order to restructure individual
data into easy-to-use data repository [167-169].

In parallel with the expeditious development of Al, ethical issues
about the patient privacy and data security become growingly promi-
nent in the era of big data. One of the critical strategies permitted by the
rules governing the medical data privacy including the Health Insurance
Portability and Accountability Act (HIPAA), is to deidentify data by
means of concealing private information like names [170]. Unfortu-
nately, poor preservation of privacy has precipitated due to the rei-
dentification of individuals, facilitated by data triangulation from
various sources, and the public-private collaborations for clinical
translation [171,172]. Consequently, it is imperative to cautiously
weigh between respect for patient privacy and benefits from big
data-powered breakthroughs [173].

6.2. Potential biases

Large-scale datasets with clinical or manual annotations, especially
expert annotations, were the essential basis for the development of fully
supervised or semi-supervised artificial intelligence to a certain extent.
Thus, the foremost limitation to constructing a supervised learning
system for new medical tasks especially for imaging tasks is inadequate
access to large and fully labeled datasets. Aside from being time
consuming and laborious, hand-crafted methods might translate human
bias to the AI models as well. Moreover, supervised learning-based
models are restricted to features already understood or known by ex-
perts and the potentials to explore uncharted relevant features are
impeded [25]. Thus, albeit easier to collect, small and labeled data for
given tasks might lead to the poor generalizability of such Al models on
unseen scenarios.

There are rising concerns over the risk that a trained Al system might
magnify health disparities on account of biases lurking in the training
dataset. It is worth to assess methodological quality of published work
developed based upon Al because the drawbacks in the design, methods,
conduct and result analysis might culminate in deviated evaluation of
the model [174]. It is reported that only few deep learning studies were
prospective trials, not to mention randomized trials [175]. Further
validations are warranted in multicenter, prospective randomized trials
to evaluate the actual performance of Al models.

6.3. Interpretability and uncertainty
The principal architecture of current AI models is designed with

performance evaluated by accuracy, AUC, sensitivity, specificity and
et al., at the expense of interpretability and transparency, resulting in Al
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is reputed as a black box [176]. From the clinical perspective, the main
concerns lie in the physicians’ trust in the Al-enabled indicators and the
patients’ confidence in the Al-supported medical care. While Al algo-
rithms often outstrip the conventional interpretable models, the
perceived deficiency in transparency and shortage of quantified uncer-
tainty seriously undermine conviction in artificial intelligence, espe-
cially when encountering ambiguous clinical information. As such,
endeavors to decode Al for clinicians and patients are warranted, and
the emerging field of explainable AI (xAl), as evidenced by the surge in
pertinent literature, will finally unlock the black box [177].

Indeed, some feasible tactics have been formulated from clinical and
biological perspectives. Post-hoc interpretation methods, a prevalent
category of xAl algorithms, are divided into local interpretation that
valuate feature significance on a single input at a time, and global
interpretation which seeks for the prominent characteristic combina-
tions affecting the overall behaviors of Al models [177-180]. To yield
patient-level interpretations, feature attribute strategies are attractive
and practical by underlining salient feature importance. The techniques
of feature attribute strategies include color mapping, which highlights
areas of cancer images affecting the model outputs [181]; surrogate
modelling techniques, which explicate the behavior of more sophisti-
cated models by adopting simpler models [182]; and capturing image
similarity that is commonly exhibited in the form of similar images
frequently with superimposed gradient mapping [183]. To some extent,
hand-crafted tools for cancer imaging could also furnish insights into the
decision rules and actual logical flows of AI models. By way of illus-
tration, vessel tortuosity metrics shed light on the biological and phys-
ical properties of tumor-associated neovasculature [184]. Besides, it is
recommended to convey the degree of prediction uncertainty, as
another dimension of transparency, which might arise from the collec-
tion and choice of the training data, reliability and integrality of data
labeling, intrinsic biases of data sets, model misspecification and arti-
facts [185].

7. Conclusions

Al in gynecologic cancer care is an emerging research field. Looking
ahead, the contributions of AI will span from recognition tasks of visu-
ally manifested conditions and clinical symptoms with expert-level or
even preterhuman accuracy, to more innovative utilization like cancer
prognostication and eventually personalized therapy and drug discov-
ery. Despite the indisputable potential of oncologic Al, the major ethical
and technical problems involving the integration of multimodal data
and the deciphering the black box of Al become increasingly prominent.
The true clinical value of medical Al will not be achieved in real-world
cancer care until the pivotal issues are systematically resolved.
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