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Abstract


Endometriosis is a chronic gynecological condition characterized by endometrium-like tissue outside the uterus. In clinical practice, diagnosis and anatomical mapping rely heavily on imaging, yet performance remains operator- and modality-dependent. Artificial intelligence (AI) has been increasingly applied to endometriosis imaging. We conducted a PRISMA-ScR-guided scoping review of primary machine learning and deep learning studies using endometriosis-related imaging. Five databases (MEDLINE, Embase, Scopus, IEEE Xplore, and Google Scholar) were searched from 2015 to 2025. Of 413 records, 32 studies met inclusion and most were single-center, retrospective investigations in reproductive-age cohorts. Ultrasound predominated (50%), followed by laparoscopic imaging (25%) and MRI (22%); ovarian endometrioma and deep infiltrating endometriosis were the most commonly modeled phenotypes. Classification was the dominant AI task (78%), typically using convolutional neural networks (often ResNet-based), whereas segmentation (31%) and object detection (3%) were less explored. Nearly all studies relied on internal validation (97%), most frequently simple hold-out splits with heterogeneous, accuracy-focused performance reporting. The minimal AI-method quality appraisal identified frequent methodological gaps across key domains, including limited reporting of patient-level separation, leakage safeguards, calibration, and data and code availability. Overall, AI-enabled endometriosis imaging is rapidly evolving but remains early-stage; multi-center and prospective validation, standardized reporting, and clinically actionable detection–segmentation pipelines are needed before routine clinical integration.
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1. Introduction


Endometriosis is a chronic inflammatory gynecological disease characterized by endometrium-like tissue located outside the uterus, most commonly on pelvic peritoneum, ovaries, and rectovaginal septum [1]. It affects an estimated 10% of women during their reproductive years, and approximately 190 million females worldwide [1,2,3]. Beyond debilitating dysmenorrhea and chronic pelvic pain, endometriosis is associated with subfertility, gastrointestinal and urinary symptoms, reduced quality of life, and substantial economic and societal cost [4,5,6].



Despite its burden, endometriosis remains underdiagnosed and undertreated. Symptoms are heterogeneous and overlap with other gynecologic, urologic, and gastrointestinal conditions [4,6]. Historically, laparoscopic visualization with histopathological confirmation has been considered the diagnostic gold standard, limiting diagnosis to those who undergo surgery [7]. Multiple contemporary studies report average diagnostic delays of 4–11 years from symptom onset, a figure that has changed little over decades and which is longer in adolescents and marginalized populations [8,9].



Imaging plays a central role in addressing these diagnostic challenges [10]. Transvaginal ultrasound (TVUS) is the recommended first-line modality for suspected pelvic and deep infiltrating endometriosis (DIE), enabling real-time assessment of endometriomas, rectosigmoid lesions, and pouch of Douglas obliteration [11]. Pelvic magnetic resonance imaging (MRI) is a complementary second-line tool for mapping deep disease, assessing extra-pelvic sites, and supporting preoperative planning [12]. Laparoscopic and hysteroscopic imaging provide intraoperative guidance and histopathology confirms diagnosis. However, performance remains highly operator- and center-dependent, superficial and atypical lesions may be missed, acquisition and reporting lack standardization, and access to expert readers is uneven, leading to variable diagnostic accuracy and treatment planning [10,13].



Artificial intelligence (AI), encompassing machine learning and deep learning, has emerged as a promising approach to augment endometriosis imaging. AI-enabled computer vision models can learn complex spatial and textural patterns from ultrasound, MRI, and endoscopic images, supporting automated detection, segmentation, and phenotyping of endometriotic lesions [14,15]. Convolutional neural networks and transformer-based architectures have achieved high performance in analogous tasks across radiology and surgical video analysis, and early studies in endometriosis suggest potential for improved lesion detection, standardized disease mapping and intraoperative guidance [16,17]. In principle, such systems could reduce operator dependence, extend expert-level interpretation to low-resource settings, and ultimately shorten the time to accurate diagnosis.



Several reviews have explored the evolving AI literature in endometriosis. These studies have summarized AI applications across heterogeneous data sources, including electronic health records, questionnaires, omics, and imaging, to support early diagnosis, risk prediction, and management [14,15,16,17,18]. A recent narrative review specifically highlighted emerging AI applications in endometriosis imaging, focusing on selected ultrasound and MRI studies and conceptual opportunities for computer vision [16]. Other work has examined AI for minimally invasive surgery or digital health tools more broadly, with imaging discussed only as one component of a wider ecosystem [15,18]. However, to date there has been no systematic, PRISMA-aligned scoping review dedicated to clinical applications of AI in endometriosis imaging that comprehensively maps imaging modalities, clinical indications, endometriosis phenotypes, AI tasks, model architectures, and evaluation strategies.



The objective of this scoping review is therefore to map the current landscape of AI-enabled endometriosis imaging. Specifically, we aim to (1) explore the clinical contexts and endometriosis phenotypes targeted by AI models across different imaging modalities; (2) characterize imaging datasets, labeling references, and multimodal inputs used along with imaging for model development and validation; (3) summarize the AI tasks, architectures, and evaluation strategies; and (4) identify methodological gaps, translational barriers, and priority directions for future research. By consolidating this evidence, we seek to inform clinicians, researchers, and technology developers about the readiness of AI for real-world deployment in endometriosis imaging and highlight opportunities to design clinically meaningful and generalizable AI tools.




2. Methods


We conducted this scoping review in accordance with the PRISMA-ScR (Preferred Reporting Items for Systematic reviews and Meta-Analyses extension for Scoping Reviews) guidance [19].



2.1. Study Eligibility Criteria


We applied prespecified eligibility criteria using the Population–Concept–Context (PCC) framework to determine study inclusion.



Inclusion Criteria:




	
Population/Problem: Human studies involving individuals with suspected or confirmed endometriosis; adolescents through peri/post-menopausal populations were eligible.



	
Concept (AI and Imaging): Application of artificial intelligence to imaging data, including radiology (e.g., ultrasound, MRI, and CT where applicable) and endoscopic/intraoperative video (laparoscopy and hysteroscopy). Eligible AI methods included classical machine learning on image-derived features, deep learning architectures (e.g., CNNs and vision transformers), models for classification, detection, or segmentation, as well as foundation and multimodal models. We operationally defined “AI” as data-driven learning algorithms (supervised or unsupervised) applied to raw images/video or quantitative image-derived features (e.g., radiomics/texture features combined with classical ML classifiers/regressors). Studies limited to conventional descriptive/inferential statistics or rule-based image processing without model training were considered non-AI and excluded.



	
Context: Any healthcare or research setting (diagnostic imaging, preoperative planning, and intraoperative guidance/video analysis).



	
Study Types, Language, and Dates: Empirical primary studies (retrospective/prospective; observational/interventional; method/benchmark papers), conference proceedings, and theses/dissertations that clearly describe methods and results; English language; published between 2015 and 2025.








Exclusion Criteria:




	
Population/Problem: Non-human/animal studies; adenomyosis-only studies unless endometriosis is jointly analyzed with separable results.



	
Concept (AI and Imaging): Studies without imaging data (e.g., EHR/NLP/wearables/apps-only) or without imaging-derived features (e.g., prediction models using only clinical/demographic variables), or those using conventional statistics or rule-based image processing without ML/computer vision.



	
Publication Types: Commentaries, editorials, and patents.









2.2. Information Sources and Search Strategy


We searched five databases: MEDLINE (Ovid), Embase (Ovid), Scopus, IEEE Xplore, and Google Scholar. Full database-specific search strings, filters, and yields are provided in Table 1 to enable reproducibility. Overall, the database queries combined three concepts: Endometriosis AND Imaging modality AND AI.



	
Endometriosis terms: endometriosis, endometriotic, deep infiltrating endometriosis, deep endometriosis, DIE, ovarian endometrioma, superficial peritoneal endometriosis, pelvic endometriosis, rectovaginal endometriosis, rectosigmoid endometriosis.



	
Imaging terms: ultrasound, sonography, MRI (e.g., T2-weighted, diffusion), laparoscopy, hysteroscopy, endoscopic/surgical video.



	
AI/Computer Vision terms: artificial intelligence, machine learning, deep learning, convolutional neural network, transformer, U-Net, computer vision, segmentation, detection, classification, foundation model.






The search window was limited to the period from 1 January 2015 to 4 November 2025. The initial search was conducted on 5 October 2025, and an auto-alert was configured to capture new records for four weeks thereafter. Across databases, we applied English language limits and a 2015–2025 publication window (and human-only limits where supported). All retrieved records were exported to EndNote for deduplication prior to screening. No backward or forward citation chasing was performed.




2.3. Study Selection


Two reviewers independently screened titles and abstracts, followed by full-text assessment against the prespecified criteria. Disagreements were resolved by discussion; a third reviewer adjudicated when needed. Inter-rater agreement was quantified using Cohen’s kappa (κ) for both screening stages: title/abstract screening (κ = 0.80) and full-text screening (κ = 0.85).




2.4. Data Extraction


Two reviewers dual-charted 10% of studies for calibration; the remaining records were single-extracted with second-reviewer verification, with dual extraction performed when warranted. Data extraction form is provided in Supplementary Material S1.




2.5. Data Synthesis


We synthesized the extracted data narratively, presenting findings through text, tables, and figures. Synthesis was organized across four domains:



(1) Study metadata, design, and population (author, year, publication type, country, research design, number of sites, sample size, and age group).



(2) Endometriosis phenotype and clinical context. (Phenotypes studied; clinical application categories—diagnosis, lesion/organ detection–segmentation–phenotyping, staging, preoperative planning, screening/triage, intraoperative guidance; outcomes such as presence/absence of endometriosis, differential diagnosis, lesion/organ segmentation, histopathology classification, and symptom/clinical outcomes; and reference standard. For studied outcomes (targets), we applied concise operational definitions to ensure consistent coding across heterogeneous endometriosis AI studies. “Endometriosis presence vs. absence” referred to case-level diagnosis without lesion localization. “Lesion detection/segmentation” referred to image-level lesion identification with spatial output (localization and/or pixel-wise masks.) “Differential diagnosis” referred to distinguishing endometriosis from alternative pelvic/ovarian pathology rather than a generic “no disease” label. “POD obliteration/sliding sign” captured prediction of cul-de-sac obliteration and/or sliding sign status, typically on ultrasound. “Severity/stage/phenotype” referred to grading or subtype/phenotype classification (e.g., stage or DIE/OMA/SPE phenotypes). “Organ/structure segmentation” referred to delineation of relevant anatomy (e.g., uterus/ovaries/bowel) rather than lesions. “Histopathology classification” referred to prediction on microscopy/staining images. “Symptom/clinical outcome prediction” referred to modeling patient-level symptoms or clinical endpoints using imaging with or without additional data. For reference standard, we additionally coded studies as using a hard standard (surgery and/or histopathology confirmation, including surgery+histopathology, histopathology-only, or surgical visual diagnosis) versus a soft standard (expert imaging assessment without surgical/histopathology confirmation).



(3) Imaging data characteristics: data source, number of images, imaging modality, and additional modalities used along with imaging. To clarify model input representation, we categorized “type of imaging features” into four operationally defined groups: (i) Image (still images only), (ii) Video (videos only), (iii) Image + Video (both), and (iv) Tabular imaging features only. “Image” refers to models trained on static images or single frames (e.g., 2D ultrasound snapshots, individual MRI slices, and still laparoscopic frames). “Video” refers to models trained on temporally ordered sequences (e.g., laparoscopic/hysteroscopic videos or ultrasound cine clips) where temporal information was explicitly preserved/used; if a study extracted frames from videos and modeled them as independent still images without temporal modeling, it was coded as “Image.” “Image + Video” refers to studies that used both still images and videos as inputs (either in separate models or within a combined pipeline). “Tabular imaging features only” refers to studies that did not use raw images/videos for model input and instead trained models exclusively on quantitative imaging-derived features (e.g., radiomics/hand-crafted texture, intensity, morphologic, or measurement features) represented in tabular form.



(4) AI model characteristics: AI task; model architectures; outcome type; validation type and technique; performance metrics used; and whether a confusion matrix was provided. To improve reproducibility of task labeling in this heterogeneous AI literature, we applied operational definitions for AI task categories. “Classification” referred to case-level prediction (e.g., endometriosis presence vs. absence or differential diagnosis) without a requirement to localize lesions. “Detection/localization” required an explicit spatial localization output (e.g., bounding box, keypoint, region proposal, or comparable localization map) identifying where a lesion/structure is present. “Segmentation” required pixel-wise (or voxel-wise) delineation of a lesion or organ as a mask. Task categories were not mutually exclusive, and a single study could contribute to more than one category when multiple outputs were modeled.




2.6. Minimal AI Method Quality Appraisal


Because methodological quality and reporting rigor vary substantially in imaging AI studies, we conducted a minimal, non-exclusionary methodological appraisal to contextualize the maturity of the evidence base. This appraisal was used to summarize key quality indicators and identify common gaps; it was not used to exclude studies. For each included study, we extracted and coded (Yes/No/Unclear, as applicable) the following items: (1) split unit reported (patient/exam vs. image/frame/clip); (2) patient-level separation used (all images/videos from a given patient contained within a single split); (3) leakage prevention described (e.g., steps to prevent overlap/near-duplicates/temporal leakage across splits); (4) external validation (evaluation on a separate institution/geography); (5) calibration reported (e.g., calibration plot, Brier score, and calibration intercept/slope); (6) handling of class imbalance (e.g., class weights, oversampling, and thresholding); (7) uncertainty and statistical precision reporting (e.g., confidence/uncertainty estimates and/or confidence intervals for key metrics); (8) data availability; and (9) code availability. Detailed criteria and decision rules for coding each domain are provided in Supplementary Material S2. The resulting appraisal was used to support evidence-based discussion of methodological gaps and translational readiness.





3. Results


3.1. Search Results


As illustrated in Figure 1, a total of 413 records were identified through database searches. After removing 67 duplicates, 346 records remained for title and abstract screening. Of these, 275 records were excluded for not meeting the inclusion criteria. The full texts of 71 articles were sought for retrieval; 1 article could not be retrieved. In total, 70 full-text articles were assessed for eligibility, and 38 were excluded for the following reasons: not endometriosis (n = 13), irrelevant publication type (posters, preprints, and reviews; n = 13), not imaging (n = 5), and not AI (n = 4). Finally, 32 studies were included in the final review [20,21,22,23,24,25,26,27,28,29,30,31,32,33,34,35,36,37,38,39,40,41,42,43,44,45,46,47,48,49,50,51].




3.2. Characteristics of the Included Studies


Most included studies are recent, with the bulk published in 2023–2025. Notably, although the search window spanned 2015–2025, no eligible studies were published before 2018. Most studies were journal articles (27; 84%), with conference proceedings accounting for 5 (16%). Studies originated from 15 countries, led by China (8; 24%), Australia (4; 12%), and the United States (3; 9%). Methodologically, study designs were predominantly retrospective (28/32; 88%), with only four prospective investigations. Most studies were single-site (25/32; 78%), and four were multi-site. Among studies reporting a sample size (n = 25), the mean cohort size was 416.4 (SD 864.8) females, spanning a range of 26–4448 participants. With respect to population, most studies targeted reproductive-age cohorts (26/32; 81%), and one study included peri/post-menopausal participants (Table 2). Detailed per-study characteristics are available in Supplementary Material S3.




3.3. Endometriosis Phenotyping, and Clinical Applications


Phenotypically, ovarian endometrioma was most frequently studied (14/32; 44%), followed by deep infiltrating endometriosis (DIE) (11/32; 34%); superficial peritoneal disease appeared rarely (2/32; 6%). Notably, phenotype/location was not specified in one-third of studies (10/32; 31%), highlighting variability in phenotypic reporting.



Regarding outcomes, the leading target was endometriosis presence vs. absence (9/32; 28%), followed by lesion segmentation/detection (8/32; 25%) and differential diagnosis vs. other pelvic/ovarian pathology (5/32; 15%). Fewer studies addressed POD obliteration/sliding sign, disease severity/staging, and organ/structure segmentation.



In terms of clinical applications, most models targeted diagnosis of pelvic endometriosis and related adnexal pathology (25/32; 78%). Smaller subsets focused on lesion/organ segmentation and phenotyping (10/32; 31%), and preoperative surgical planning/risk stratification (5/32; 16%).



For labeling, the predominant reference standard was expert imaging assessment (18/32; 56%), with fewer studies using histopathology only (5/32; 16%) or the surgical–histopathology gold standard (4/32; 13%). A minority relied on surgical visual diagnosis (2/32; 6%) or clinical records/biomarkers (2/32; 6%). When stratified, 11/32 studies (34%) used a hard reference standard (surgery and/or histopathology confirmation), whereas 18/32 (56%) relied on a soft imaging-only expert assessment; the remaining 3/32 (9%) used clinical records/biomarkers or did not report the label source. Overall disease representation and clinical applications are summarized in Table 3. Detailed per-study phenotyping and clinical applications are available in Supplementary Material S4.




3.4. Imaging Data Characteristics


As shown in Table 4, ultrasound was the predominant imaging modality (16/32; 50%), reflecting its central role in contemporary endometriosis assessment. Laparoscopic imaging was the second most common modality (8/32; 25%), followed by MRI (7/32; 22%), demonstrating that AI research in endometriosis imaging remains heavily anchored in sonographic and surgical video data.



Most studies used still images as the primary input (24/32; 75%), while fewer used video-only datasets (3/32; 9%) or combined image–video inputs (1/32; 3%). A small subset relied solely on tabular imaging-derived features (4/32; 13%), typically extracted from ultrasound or MRI examinations. Regarding multimodal integration, three-quarters of studies used imaging alone without additional data (24/32; 75%). The remaining studies incorporated clinical variables (6/32; 19%), laboratory data (3/32; 9%), or demographics (3/32; 9%), indicating early but growing interest in multimodal AI pipelines.



Most datasets were private and institution-specific (24/32; 75%), with public datasets used in roughly one-quarter of studies (8/32; 25%). Among publicly available resources, GLENDA/GLENDA-VIS were most frequently used (6/32; 19%), followed by ENID/ENIDDS (3/32; 6%). Across studies that reported dataset size (28/32; 88%), imaging volumes varied widely, with a mean of 5071 examinations/images/videos/clips/slices (SD 9625.5), underscoring substantial heterogeneity in dataset scale. Detailed per-study imaging data characteristics are available in Supplementary Material S5.




3.5. AI Model Characteristics


The predominant AI task was classification, reported in 25 out of 32 studies (78%), reflecting the field’s current emphasis on diagnostic discrimination. Here, “classification” denotes case-level diagnostic prediction (e.g., presence vs. absence or differential diagnosis) without requiring lesion localization, whereas “object detection” denotes lesion/structure localization (e.g., bounding boxes/region proposals) and “segmentation” denotes pixel-wise lesion/organ delineation. Segmentation tasks were the next most frequent (10/32; 31%), largely focused on lesion or organ delineation, while object detection was explored in only one study (3%), underscoring early adoption of detection-specific pipelines in this domain (Figure 2A).



In terms of main AI architectures, most studies employed convolutional neural networks (CNNs) (21/32; 66%), with fewer using classical machine learning methods (10/32; 31%) or hybrid CNN–transformer architectures (4/32; 13%). Transformer-only models appeared in three studies (9%), and unsupervised or clustering approaches in two studies (6%), indicating selective but emerging interest in alternative deep learning paradigms. Only one study (3%) used a generative adversarial network (GAN) (Figure 2B).



At the specific architecture level, ResNet dominated (14/32; 44%), followed by VGG (8/32; 25%) and Inception variants (5/32; 16%). Several classical algorithms—such as Random Forest, SVM, and Logistic Regression—were each used in multiple studies, while a broad range of other architectures appeared less frequently, demonstrating methodological heterogeneity across the field (Figure 2C).



As shown in Figure 3, nearly all studies framed their prediction problems as binary classification (29/32; 91%), with multiclass outputs examined in only four studies (13%). Internal validation predominated across included studies (31/32; 97%); only one study performed external validation. Most studies used a hold-out split (21/32; 66%), and many incorporated k-fold cross-validation (15/32; 47%). Performance reporting varied, but accuracy was the most commonly reported metric (21/32; 66%), followed by sensitivity/recall (20/32; 63%) and ROC-AUC (19/32; 59%). F1-score appeared in nearly half of studies (15/32; 47%), while segmentation-focused metrics such as the Dice coefficient (7/32; 22%) and IoU (4/32; 13%) were less frequent. Detailed per-study AI model characteristics are available in Supplementary Material S6.



When the same analysis was stratified by imaging modality (Figure 4A–D), classification remained the dominant task across all modalities. Ultrasound studies (n = 14) were primarily classification-focused (12/14; 86%), with fewer segmentation tasks (3/14; 21%), and they were the only modality to include object detection (1/14; 7%) (Figure 4A). MRI studies (n = 6) showed a more balanced distribution between classification (4/6; 67%) and segmentation (3/6; 50%), while laparoscopy studies (n = 8) similarly included both classification (5/8; 63%) and segmentation (4/8; 50%), reflecting the parallel use of discriminative and delineation-oriented pipelines in these modalities (Figure 4A).



Across modalities, CNN-based approaches remained predominant, but the architecture mix varied substantially (Figure 4B). Laparoscopy relied exclusively on CNNs (8/8; 100%) and was the only modality incorporating GANs (1/8; 13%), whereas MRI demonstrated the greatest uptake of transformer components, including transformer-only models (3/6; 50%) and hybrid CNN–transformer architectures (3/6; 50%). In contrast, classical machine learning methods were more frequently observed in ultrasound (6/14; 43%) and in studies with non-specified modalities (2/2; 100%), with limited adoption in laparoscopy (1/8; 13%) and exclusive use in histopathology (1/1; 100%). Unsupervised/clustering approaches were uncommon and appeared only in MRI (1/6; 17%) and laparoscopy (1/8; 13%) (Figure 4B).



Outcome formulation was predominantly binary within each imaging modality (ultrasound: 14/14; 100%; MRI: 5/6; 83%; laparoscopy: 7/8; 88%), while multiclass outcomes were comparatively rare and confined to laparoscopy (2/8; 25%), MRI (1/6; 17%), and histopathology (1/1; 100%) (Figure 4C). Validation remained predominantly internal across modalities, with hold-out split used most commonly in ultrasound (10/14; 71%) and laparoscopy (6/8; 75%), while k-fold cross-validation was frequently used in ultrasound (7/14; 50%) and MRI (3/6; 50%) (Figure 4D). Studies reporting no explicit validation strategy (N/A) were infrequent and observed mainly in ultrasound (2/14; 14%), MRI (1/6; 17%), and histopathology (1/1; 100%) (Figure 4D).




3.6. Reported Model Performance (Descriptive Summary)


Given the heterogeneity in imaging modalities, classification tasks, reference standards, and validation designs, we summarize reported model performance descriptively within the scope of this scoping review (as ranges of commonly reported metrics) rather than pooling estimates.



Across the included studies, reported performance was highly task- and evaluation-dependent. For diagnostic/differential classification, AUROC values commonly clustered around ~0.80–0.99, with examples ranging from ~0.65 (an MRI 3D ViT baseline [50]) up to 0.986–0.987 (CNN/radiomics/nomogram models [35]), and several studies reporting ~0.90 (e.g., DenseNet test sets, TVUS models, and multimodal/cross-validated settings). Accuracy in classification likewise ranged broadly from ~0.72 to 0.99, with multiple studies reporting ~0.88 to 0.97 on test/hold-out sets; however, specificity and PPV/NPV showed substantial tradeoffs when reported (e.g., one XGBoost model with high sensitivity (~0.96) but very low specificity (~0.11) [41]; threshold-dependent shifts where specificity ranged from ~0.65 to 0.90 with corresponding PPV/NPV changes). For segmentation, reported overlap metrics varied widely: Dice ranged from ~0.29 (ovary segmentation [34]) to ~0.82–0.96 (e.g., Dice value of 0.818 in a DenseNet121–U-Net ensemble [39]; Dice value of 0.957 in a U-Net variant [27]), with several lesion-focused results in the ~0.65–0.93 range (e.g., TransUNet Dice improving from 0.516 to 0.654 [24], and IoU/Dice up to 54.04%/67.63% on ENID [25]). For detection/instance segmentation, performance was typically reported using mAP, with representative values around mAP@0.50 ≈ 0.64 (and mAP@[0.50:0.95] ≈ 0.32) in lesion/implant settings, while one YOLOv8 study showed mAP50 ≈ 0.978 [45].




3.7. Minimal AI Method Quality Appraisal Results


Most studies reported a train/validation/test partitioning scheme and/or cross-validation, with the split unit explicitly stated in 23/32 studies (72%). However, only 12/32 studies (38%) explicitly confirmed patient-level separation (i.e., grouping all samples from the same patient within a single split), while this was unclear in over half of studies (53%). Explicit descriptions of leakage safeguards (e.g., duplicate/near-duplicate removal, temporal separation, or explicit statements of avoiding overlap across splits) were uncommon (6/32; 19%) and were not discussed in most studies (72%).



External validation was rare: only 1/32 studies (3%) evaluated performance on an external cohort, whereas the remaining 31/32 studies (97%) relied on internal validation only. Calibration reporting was similarly limited, reported in 2/32 studies (6%) and absent/unclear in the remainder. Class imbalance handling was explicitly described in 5/32 studies (16%) and was typically not reported (81%). Reporting of uncertainty or statistical precision (e.g., confidence intervals and variability across folds) was more frequent but still inconsistent, present in 14/32 studies (44%). Data availability statements were present in 13/32 studies (41%), while code availability was reported in only 4/32 (12%), indicating limited transparency and reproducibility reporting overall. These aggregate findings are based on the per-study appraisal presented in Table 5.





4. Discussion


4.1. Main Findings


This review maps a rapidly expanding yet early-phase field of AI-enabled endometriosis imaging. Across 32 primary studies published predominantly within the last three years, the literature is characterized by single-center, retrospective designs and notable geographic clustering in China. To synthesize findings in a clinically meaningful way, we summarize study contributions under two organizing lenses: (A) clinical application along the care pathway and (B) modality-specific development considerations.



4.1.1. Clinical Applications Across the Endometriosis Care Pathway


Diagnosis and triage support: Most studies positioned AI as a diagnostic discriminator, commonly predicting endometriosis presence versus absence [20,23,24,26,41,43,46,47,48]. Within this application, ovarian endometrioma and deep infiltrating endometriosis were the most frequently modeled phenotypes [22,28,29,32,33,34,35,37,38,46], whereas superficial peritoneal disease and extra-pelvic sites were rarely addressed [32,37]. Clinically, case-level diagnostic models may reduce operator dependence and support more consistent triage and referral, particularly when imaging appearances are subtle or heterogeneous and where subspecialty expertise is limited. However, this application is inherently constrained by phenotype coverage: tools optimized for endometrioma or DIE may not generalize to the broader and clinically important spectrum of superficial or extra-pelvic disease, limiting their utility as comprehensive diagnostic aids.



Differential diagnosis and adnexal pathology classification: Several ultrasound-focused studies extended beyond “endo vs. no endo” to address clinically common diagnostic ambiguities, including differentiation of endometrioma from other ovarian/adnexal conditions [28,33,35,38,42]. This line of work is clinically relevant because it targets high-frequency real-world dilemmas (e.g., hemorrhagic cysts, inflammatory pathology, and benign tumors) that directly influence referral, follow-up imaging, and surgical planning. The translational value of these tools depends on whether cohorts reflect real-world prevalence and whether performance is reported in clinically interpretable terms (e.g., threshold-based sensitivity/specificity) rather than accuracy-dominant summaries.



Lesion mapping, detection, and segmentation: Spatial modeling (detection/segmentation) was also a common target [25,29,30,31,32,39,40,45] and is arguably more aligned with actionable care. By producing localization or masks, these approaches shift assessment from “is disease present?” to “where and how extensive,” enabling standardized lesion mapping, quantitative burden estimation, and potentially reducing time and variability associated with manual delineation. This application is especially relevant for preoperative planning and multidisciplinary coordination because it can operationalize site-specific disease extent and organ involvement.



Staging and adhesion assessment: A smaller set of studies addressed staging and related constructs [21,36,49,50], including POD obliteration/sliding sign modeling [21,36,49,50]. These targets are clinically meaningful because they encode severity and adhesions into standardized outputs that can influence counseling, choice of surgical setting, and need for multidisciplinary involvement. Because these endpoints are operator-dependent and dynamic by nature, they also represent a key area where AI could improve consistency—provided that model development and evaluation incorporate realistic dynamic inputs and clinically grounded thresholds.



Phenotyping and surgical planning: Phenotyping and planning-oriented models [22,23,24,38] align AI outputs with decisions that change care, such as anticipating DIE extent, organ involvement, and operative complexity. In principle, this application offers higher translational value than binary diagnosis because it connects prediction to workflow planning, risk communication, and resource allocation. However, it also demands more rigorous evaluation, including lesion site coverage, robustness across protocols, and validation against surgical reference standards when claims relate to operative findings.



Outcomes prediction: Finally, clinical outcome prediction [51] represents an early step toward linking imaging-derived signals to patient-centered outcomes. While potentially valuable for personalized counseling and management, this area remains nascent and requires broader validation and careful confounding control before it can inform treatment pathways beyond diagnosis.




4.1.2. Modality-Specific Evidence and Development Considerations


Ultrasound: Ultrasound dominated the evidence base and was used for both diagnosis and differential diagnosis tasks, including adnexal classification against other pelvic/ovarian pathology [28,33,35,38,42]. Ultrasound’s operator dependence and variability in acquisition highlight why AI could add value as a standardization tool, but also explain why generalizability is challenging: models may learn site-specific acquisition patterns or reader conventions unless validated across centers and expertise levels.



Endoscopic video (laparoscopy/hysteroscopy): Endoscopic video pipelines were explored for lesion/organ identification and, in a subset, intraoperative guidance workflows [27,30,32]. This modality is uniquely positioned for intraoperative decision support because it provides real-time visual access to lesion appearance; however, it also introduces temporal correlation and strong within-case redundancy that can inflate performance if evaluation is not carefully partitioned. As a result, evidence maturity for video applications depends heavily on patient-/video-level evaluation and explicit leakage safeguards.



MRI: A smaller subset applied AI to pelvic MRI for endometriosis assessment [21,24,29,34], including DIE-focused cohorts [21,24]. MRI offers richer anatomical context and is relevant for deep disease mapping and surgical planning, but heterogeneity in sequences and protocols across scanners can strongly affect model behavior. This strengthens the case for multi-center evaluation and calibration assessment when MRI-derived probabilities are intended for decision support.



Taken together, these findings indicate that AI for endometriosis imaging is advancing across multiple points in the care pathway, but development is uneven: diagnosis-oriented classification dominates, while spatial mapping and clinically integrated planning/intraoperative support remain less mature. Modality-specific constraints further emphasize the need for tailored validation standards and benchmarks before routine clinical implementation.





4.2. Methodological Gaps and Translational Barriers


Although the field is growing rapidly, several recurring methodological limitations constrain interpretability, generalizability, and clinical translation. First, data structure and partitioning practices represent a central threat to validity in imaging AI. Endometriosis imaging frequently involves multiple correlated samples per patient (multiple ultrasound images, MRI slices/series, or video frames). If partitions are performed at the image/frame level rather than the patient level, visually similar content from the same patient can leak across training and evaluation sets, inflating headline performance. This issue is particularly salient for laparoscopic video and multi-slice MRI, where temporal and spatial correlation is strong. Our minimal AI method quality appraisal (Table 5) shows that explicit confirmation of patient-level separation and explicit leakage safeguards were not consistently reported across studies, meaning that, for a substantial subset of the literature, the degree of protection against leakage cannot be verified. Consequently, even when reported accuracy or AUC appears high, these results may represent upper-bound estimates rather than robust performance likely to generalize across settings.



Second, reference standards and labeling practices were heterogeneous and often misaligned with the translational claims made. Nearly 60% of studies relied on expert imaging assessment as the reference standard, meaning soft labels based on radiologist or sonographer interpretation and imaging reports, while only a minority incorporated hard labels anchored in operative confirmation and or histopathology. Imaging only soft labels may be appropriate for triage-oriented tools that aim to emulate routine imaging interpretation, but they risk circularity when models are trained to reproduce the judgments that generated the labels, particularly when labeling is derived from routine reports rather than structured expert rereads, when blinding is not described, or when adjudication procedures are absent. In such settings, models may learn local reading conventions and acquisition habits rather than disease status, limiting transportability to centers with different protocols, expertise distributions, or reporting templates. The limited reporting of inter-rater agreement, label quality control procedures (e.g., double reading, adjudication, and consensus), and explicit handling of label uncertainty further reduces confidence in ground-truth reliability and makes it difficult to interpret discordant findings across studies.



Third, evaluation practices were often misaligned with clinical decision making. Internal validation typically relied on simple hold-out splits or k-fold cross-validation, while temporal, geographic, or fully external validation was rarely reported (Table 5). Moreover, performance reporting was frequently dominated by accuracy, sensitivity, and ROC-AUC, which are insufficient to establish clinical utility. For triage applications, clinically meaningful evaluation requires operating points that prioritize sensitivity and quantify downstream implications (e.g., referral volume and false-positive burden), whereas surgical planning and mapping require spatial fidelity, phenotype- and site-specific performance, and failure characterization under real-world artifacts (motion, bowel gas, smoke, and bleeding). Calibration reporting, which is essential when probability estimates guide referral urgency, counseling, or risk communication, was uncommon (Table 5), and uncertainty and precision reporting such as confidence intervals or variability across folds was inconsistently provided.



Fourth, translational and implementation considerations were rarely addressed. Most studies relied on private, institution-specific datasets and were concentrated in a small number of countries, increasing concerns about algorithmic bias and limited applicability to other populations, scanners, and care pathways. Almost all work stopped at retrospective evaluation; prospective trials, real-world impact studies, and cost-effectiveness analyses were absent, leaving major evidence gaps regarding effects on diagnostic delay, surgical planning accuracy, operative efficiency, complications, patient-reported outcomes, and resource utilization. Issues central to adoption and regulation, including user-centered design, explainability aligned with clinician needs, inference time, monitoring for distribution shift, and data governance, were seldom described. Without these components, even technically promising models remain difficult to assess for feasibility, safety, and regulatory readiness.



Finally, modality-specific implications require explicit consideration. The nature of methodological risk differs by modality and should guide both reporting expectations and benchmark design. In ultrasound and laparoscopic video, repeated views and temporal correlation heighten leakage risk; accordingly, patient- and video-level partitioning and explicit safeguards against overlap are essential. In MRI, protocol heterogeneity across scanners, sequences, and institutions can dominate model behavior, increasing the need for external/temporal validation, calibration assessment, and subgroup analyses by acquisition characteristics. These modality-specific constraints argue against a “one-size-fits-all” validation approach and motivate modality-tailored reporting standards and external validation strategies.




4.3. Future Directions in AI for Endometriosis Imaging


Future research should prioritize prospective, multi-center collaborations that assemble large, diverse imaging cohorts spanning the full spectrum of endometriosis phenotypes, life stages, and care settings. Harmonized reporting of lesion location, disease stage, and reference standards, ideally aligned with existing endometriosis classification and imaging consensus frameworks, will be critical to enable meaningful comparison, benchmarking, and meta-research. Publicly accessible, well-annotated datasets would accelerate reproducibility and reduce fragmentation, while transparent documentation of acquisition protocols and labeling pipelines would improve interpretability across sites.



Methodologically, there is clear scope to move beyond narrow binary classification toward richer tasks that better mirror clinical decision making: multi-label phenotyping, combined detection–segmentation pipelines for lesion mapping, longitudinal response assessment, and prediction of operative complexity or symptom trajectories. Vision transformer and hybrid CNN–transformer architectures, along with self-supervised and semi-supervised learning, may help leverage large volumes of unlabeled ultrasound and laparoscopic video generated in routine care. Vision–language models that link images with radiology/sonography reports and histopathology could support explainable lesion descriptions, automatic structured reporting, and cross-modal retrieval. Multimodal models that integrate imaging with clinical, laboratory, biomarker, and patient-reported data may further enable individualized risk stratification and treatment selection.



To strengthen clinical translation, we propose a staged research agenda. Near-term priorities include consistent reporting of split unit, explicit patient-level separation, leakage safeguards, uncertainty/precision (including confidence intervals), and calibration when probabilities are used; evaluation should increasingly emphasize clinically relevant thresholds, decision curve analysis, and systematic failure analyses. Mid-term priorities include external and temporal validation across diverse scanners and protocols, with prespecified subgroup analyses by phenotype, lesion location, imaging quality, and reference standard (imaging-only vs. surgery/histopathology confirmation). Long-term priorities include prospective impact studies with human–AI interaction components and health–economic evaluation to determine whether AI reduces diagnostic delay, improves mapping and surgical planning, optimizes operative workflows, and benefits patient-centered outcomes equitably across settings. Long-term priorities also include advancing multimodal models that integrate imaging with clinical variables, laboratory biomarkers, patient-reported outcomes, and omics data to enable biologically informed phenotyping, risk stratification, and personalized treatment selection. Figure 5 summarizes future directions in AI for endometriosis imaging.



Finally, future evidence syntheses should move beyond landscape mapping toward comparative evaluation where feasible. Reference-standard–stratified assessment is a priority direction for follow-up systematic reviews and meta-analyses, in which improved homogeneity and harmonized endpoints may support clinically meaningful subgroup comparisons (e.g., surgery/histopathology confirmation versus imaging-only expert assessment) and more robust translational conclusions.




4.4. Review Limitations


This scoping review has a few limitations. We restricted inclusion to English-language publications and to studies indexed in selected databases up to November 2025; relevant work in other languages, preprints, or gray literature may have been missed. As a scoping rather than systematic review, we did not perform formal risk-of-bias assessment or quantitative meta-analysis; the pronounced heterogeneity in imaging modalities, endometriosis phenotypes, outcomes, and performance metrics would, in any case, limit statistical pooling.





5. Conclusions


The clinical application of AI in endometriosis imaging is rapidly evolving yet remains at an early stage of development. Existing studies demonstrate proof-of-concept models for diagnosing pelvic endometriosis, segmenting lesions, and supporting surgical planning, predominantly using ultrasound and laparoscopic imaging with CNN-based architectures. However, most work relies on retrospective, single-center datasets, internal validation only, and heterogeneous reporting, limiting generalizability and real-world readiness. To move beyond promising prototypes, future research must prioritize larger, diverse and well-annotated cohorts, robust external and prospective validation, and multimodal, clinically integrated models.
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Figure 1. PRISMA flow diagram of study selection process. 
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Figure 2. Overview of AI model tasks and architectures. 
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Figure 3. Overview of model evaluation characteristics. 






Figure 3. Overview of model evaluation characteristics.



[image: Ai 07 00043 g003]







[image: Ai 07 00043 g004] 





Figure 4. Main AI model characteristics stratified by imaging modality. Counts are reported as the number of studies per category within each modality. Where a study reported multiple categories within a given field, it was counted once in each applicable category. 
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Figure 5. Future research directions for AI in endometriosis imaging. 
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Table 1. Search strategies.
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	Database and Search Date
	Search Strategy and Filters
	Number of Studies Found



	MEDLINE (Ovid)
	Search string: (exp Artificial Intelligence/ OR “artificial intelligence”.tw. OR exp Machine Learning/ OR “machine learning”.tw. OR exp Deep Learning/ OR “deep learning”.tw. OR “neural network*”.tw. OR “vision transformer*”.tw. OR “image segmentation”.tw. OR “foundation model*”.tw.) AND (exp Endometriosis/ OR Endometriosis.tw. OR endometriotic.tw. OR “endometrioma*”.tw. OR “deep infiltrating endometriosis”.tw. OR Adenomyosis.tw.) AND (exp Ultrasonography/ OR Ultrasonography.tw. OR “Magnetic Resonance Imaging”.tw. OR MRI.tw. OR ultrasound.tw. OR “T2-weighted”.tw. OR “laparoscop*”.tw. OR “hysteroscop*”.tw. OR “endoscop*”.tw.) Filters: English; Humans; Publication years 2015–2025
	69



	Embase (Ovid)
	Search string: (exp Artificial Intelligence/ OR “artificial intelligence”.tw. OR exp Machine Learning/ OR “machine learning”.tw. OR exp Deep Learning/ OR “deep learning”.tw. OR “neural network*”.tw. OR “vision transformer*”.tw. OR “image segmentation”.tw. OR “foundation model*”.tw.) AND (exp Endometriosis/ OR Endometriosis.tw. OR endometriotic.tw. OR “endometrioma*”.tw. OR “deep infiltrating endometriosis”.tw. OR Adenomyosis.tw.) AND (exp Ultrasonography/ OR Ultrasonography.tw. OR “Magnetic Resonance Imaging”.tw. OR MRI.tw. OR ultrasound.tw. OR “T2-weighted”.tw. OR “laparoscop*”.tw. OR “hysteroscop*”.tw. OR “endoscop*”.tw.) Filters: English; Humans; Publication years 2015–2025; Embase unique records (MEDLINE records removed)
	96



	Scopus
	(TITLE-ABS-KEY (“artificial intelligence” OR “machine learning” OR “deep learning” OR “neural network*” OR “vision transformer*” OR “image segmentation” OR “foundation model*”)) AND (TITLE-ABS-KEY (endometriosis OR endometriotic OR endometrioma* OR “deep infiltrating endometriosis” OR adenomyosis)) AND (TITLE-ABS-KEY (ultrasonography OR “magnetic resonance imaging” OR mri OR ultrasound OR “t2-weighted” OR laparoscop* OR hysteroscop* OR endoscop*)) AND PUBYEAR > 2014 AND PUBYEAR < 2027 AND (LIMIT-TO (LANGUAGE, “English”)) Filters: English; Humans; Publication years 2015–2025
	185



	IEEE Xplore
	(“All Metadata”:(“artificial intelligence” OR “machine learning” OR “deep learning” OR “neural network*” OR “vision transformer*” OR “image segmentation” OR “foundation model*”)) AND (“All Metadata”:(endometriosis OR endometriotic OR endometrioma* OR “deep infiltrating endometriosis” OR adenomyosis)) AND (“All Metadata”:(ultrasonography OR “magnetic resonance imaging” OR mri OR ultrasound OR “t2-weighted” OR laparoscop* OR hysteroscop* OR endoscop*)) Filters: English; Humans; Publication years 2015–2025
	32



	Google Scholar
	allintitle: (“artificial intelligence” OR “machine learning” OR “deep learning” OR “neural network*” OR “vision transformer*” OR “image segmentation” OR “foundation model*”) AND (endometriosis OR endometriotic OR endometrioma* OR “deep infiltrating endometriosis” OR adenomyosis) AND (ultrasonography OR “magnetic resonance imaging” OR mri OR ultrasound OR “t2-weighted” OR laparoscop* OR hysteroscop* OR endoscop*) Filters: date range 2015–2025
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Feature

	
Number of Studies (%)

	
Study IDs






	
Year of Publication




	
2025

	
8 (25%)

	
[22,34,41,45,47,48,49,51]




	
2024

	
8 (25%)

	
[23,24,25,30,33,35,38,39]




	
2023

	
5 (16%)

	
[20,21,28,44,50]




	
2022

	
4 (13%)

	
[27,29,32,37]




	
2021

	
6 (19%)

	
[26,31,36,42,43,46]




	
2018

	
1 (3%)

	
[40]




	
Publication Type




	
Journal article

	
27 (84%)

	
[22,23,24,25,26,27,28,29,30,32,33,34,35,36,37,38,39,40,41,42,43,45,46,47,48,49,51]




	
Conference proceeding

	
5 (16%)

	
[20,21,31,44,50]




	
Country of Publication




	
China

	
8 (25%)

	
[22,28,29,33,35,38,45,46]




	
Australia

	
4 (13%)

	
[21,36,49,50]




	
United States

	
3 (9%)

	
[20,34,41]




	
Austria

	
2 (6%)

	
[31,32]




	
India

	
2 (6%)

	
[43,44]




	
Italy

	
2 (6%)

	
[26,39]




	
Switzerland

	
2 (6%)

	
[25,37]




	
Thailand

	
2 (6%)

	
[47,48]




	
Others (Greece, Brazil, Japan, Malaysia, Romania, Spain, Turkey)

	
1 (3%) each

	
[23,24,27,30,40,42,51]




	
Research Design




	
Retrospective

	
28 (88%)

	
[20,21,22,23,24,25,26,27,28,30,31,32,33,34,35,38,39,40,41,42,43,44,45,46,47,48,49,50]




	
Prospective

	
4 (13%)

	
[29,36,37,51]




	
Number of Sites




	
Single-site

	
25 (78%)

	
[20,22,23,27,28,29,30,31,32,33,35,36,37,38,39,40,41,42,43,44,45,46,47,48,51]




	
Multi-site

	
4 (13%)

	
[24,34,49,50]




	
N/A

	
3 (9%)

	
[21,25,26]




	
Number of Participants




	
Mean number of participants (SD) *

	
416.4 (SD 864.8)

	
[20,21,22,23,24,25,26,28,29,30,31,32,33,34,35,36,37,38,41,42,44,45,46,50,51]




	
Range *

	
26–4448




	
N/A (sample size not reported)

	
7 (22%)

	
[27,39,40,43,47,48,49]




	
Age Group




	
Reproductive age

	
26 (81%)

	
[20,22,23,26,28,29,30,31,32,33,34,35,36,37,38,41,42,43,44,45,46,47,48,49,50,51]




	
Peri/post-menopausal

	
1 (3%)

	
[28]




	
N/A

	
6 (19%)

	
[21,24,25,27,39,40]








* Mean, SD, and range calculated over the 25 studies that reported sample size.













 





Table 3. Endometriosis phenotyping and clinical applications.
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Feature

	
Number of Studies (%)

	
Study IDs






	
Endometriosis Phenotype/Lesion Location




	
Ovarian endometrioma

	
14 (44%)

	
[22,28,29,32,33,34,35,37,38,40,42,44,46,51]




	
Deep infiltrating endometriosis (DIE)

	
11 (34%)

	
[21,24,26,27,32,37,39,44,45,46,49]




	
Superficial peritoneal endometriosis

	
2 (6%)

	
[32,37]




	
N/A

	
10 (31%)

	
[20,23,30,31,36,41,43,47,48,50]




	
Studied Outcome (target)




	
Endometriosis presence vs. absence

	
9 (28%)

	
[20,23,24,26,41,43,46,47,48]




	
Endometriosis lesion segmentation/detection

	
8 (25%)

	
[25,29,30,31,32,39,40,45]




	
Differential diagnosis vs. other pelvic/ovarian pathology

	
5 (16%)

	
[28,33,35,38,42]




	
POD obliteration/sliding sign status

	
4 (13%)

	
[21,36,49,50]




	
Endometriosis severity/stage/phenotype

	
2 (6%)

	
[22,44]




	
Organ/structure segmentation

	
2 (6%)

	
[27,34]




	
Histopathology cellular/staining classification

	
1 (3%)

	
[37]




	
Symptom or clinical outcome prediction

	
1 (3%)

	
[51]




	
Clinical Applications




	
Diagnosis of pelvic endometriosis and related adnexal pathology

	
25 (78%)

	
[20,21,23,24,25,26,28,29,30,33,35,36,37,38,39,40,42,43,45,46,47,48,49,50,51]




	
Lesion and organ detection, segmentation, and phenotyping

	
10 (31%)

	
[25,26,30,31,34,36,39,40,44,49]




	
Preoperative surgical planning and risk stratification

	
4 (13%)

	
[22,23,24,38]




	
Intraoperative guidance and perfusion assessment

	
2 (6%)

	
[27,32]




	
Staging and overall disease severity assessment

	
2 (6%)

	
[22,44]




	
Screening, triage, and referral support

	
1 (3%)

	
[41]




	
Reference Standard/Label Source




	
Hard reference standard (surgery and/or histopathology confirmation)

	
11 (34%)

	
[20,22,28,29,32,35,37,38,41,42,46]




	
Soft reference standard (expert imaging assessment only)

	
18 (56%)

	
[23,24,25,26,27,30,31,33,34,36,39,40,43,45,47,48,49,50]




	
Expert imaging assessment

	
18 (56%)

	
[23,24,25,26,27,30,31,33,34,36,39,40,43,45,47,48,49,50]




	
Histopathology only

	
5 (16%)

	
[28,29,35,37,38]




	
Surgery + histopathology (gold standard)

	
4 (13%)

	
[22,41,42,46]




	
Surgical visual diagnosis only

	
2 (6%)

	
[20,32]




	
Clinical records/symptoms/biomarkers

	
2 (6%)

	
[44,51]




	
Not reported

	
1 (3%)

	
[21]











 





Table 4. Imaging data characteristics.
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Feature

	
Number of Studies (%)

	
Study IDs






	
Imaging modality




	
Ultrasound

	
16 (50%)

	
[20,22,26,28,33,35,36,38,39,40,42,45,46,49,50,51]




	
Laparoscopy

	
8 (25%)

	
[23,25,27,31,32,43,47,48]




	
MRI

	
7 (22%)

	
[21,24,29,34,46,49,50]




	
Hysteroscopy

	
1 (3%)

	
[30]




	
Histopathology (digitized slides)

	
1 (3%)

	
[37]




	
Type of imaging features




	
Image (still images only)

	
24 (75%)

	
[20,21,23,24,28,29,30,31,32,33,34,35,37,38,39,40,42,43,45,46,47,48,50,51]




	
Video (videos only)

	
3 (9%)

	
[25,27,36]




	
Image + Video (both)

	
1 (3%)

	
[49]




	
Tabular imaging features only

	
4 (13%)

	
[22,26,41,44]




	
Additional modalities

(non-imaging data used alongside imaging)




	
None (imaging only)

	
24 (75%)

	
[20,21,23,24,25,27,29,30,31,32,33,34,36,38,39,40,42,43,45,46,47,48,49,50]




	
Clinical data

	
6 (19%)

	
[22,35,37,41,44,51]




	
Lab data

	
3 (9%)

	
[22,28,51]




	
Demographics

	
3 (9%)

	
[26,35,37]




	
Data source




	
Private datasets

	
24 (75%)

	
[20,21,22,24,26,27,28,29,30,33,35,36,37,38,39,40,41,42,44,45,46,49,50,51]




	
Public datasets

	
8 (25%)

	
[23,25,31,32,34,43,47,48]




	
Dataset name




	
GLENDA/GLENDA-VIS

	
6 (19%)

	
[23,32,43,47,48]




	
ENID/ENIDDS

	
3 (6%)

	
[25,31,32]




	
Others

	
3 (6%)

	
[30,34,49]




	
N/A

	
22 (69%)

	
[20,21,22,24,26,27,28,29,33,35,36,37,38,39,40,41,42,44,45,46,50,51]




	
Number of ultrasound examinations/images/videos/clips/slices




	
Mean (SD)

	
5071 (9626.5)

	
[20,21,22,23,24,25,27,28,29,30,31,32,33,34,35,36,37,38,39,42,43,45,46,47,48,49,50,51]




	
Range

	
31–45,118




	
N/A

	
4 (13%)

	
[26,40,41,44]











 





Table 5. Minimal AI method quality appraisal items (coded as Yes/No/Unclear) across included. Key: (1) Split unit reported; (2) Patient-level separation used; (3) Leakage prevention described; (4) External validation; (5) Calibration reported; (6) Class imbalance handling; (7) Uncertainty and/or statistical precision reporting; (8) Data availability; (9) Code availability.






Table 5. Minimal AI method quality appraisal items (coded as Yes/No/Unclear) across included. Key: (1) Split unit reported; (2) Patient-level separation used; (3) Leakage prevention described; (4) External validation; (5) Calibration reported; (6) Class imbalance handling; (7) Uncertainty and/or statistical precision reporting; (8) Data availability; (9) Code availability.





	

	
AI Method Quality Appraisal Items




	
Study

	
(1)

	
(2)

	
(3)

	
(4)

	
(5)

	
(6)

	
(7)

	
(8)

	
(9)






	
Balica 2023 [20]

	
Yes

	
Yes

	
Yes

	
No

	
Unclear

	
Yes

	
Unclear

	
Unclear

	
Unclear




	
Butler 2023 [21]

	
Yes

	
Unclear

	
Unclear

	
No

	
Unclear

	
Unclear

	
Yes

	
Unclear

	
Unclear




	
Cao 2025 [22]

	
Yes

	
Yes

	
Unclear

	
No

	
Unclear

	
Unclear

	
Unclear

	
Yes

	
Unclear




	
Chrysa 2024 [23]

	
Yes

	
Unclear

	
Unclear

	
No

	
Unclear

	
Unclear

	
Unclear

	
Yes

	
Unclear




	
Figueredo 2024 [24]

	
Yes

	
Yes

	
Unclear

	
No

	
Unclear

	
Yes

	
Yes

	
No

	
Unclear




	
Ghamsarian 2024 [25]

	
Unclear

	
Unclear

	
Unclear

	
Yes

	
Unclear

	
Unclear

	
Unclear

	
Yes

	
Yes




	
Guerriero 2021 [26]

	
Yes

	
Yes

	
Unclear

	
No

	
Unclear

	
Unclear

	
Unclear

	
Unclear

	
Unclear




	
Hernández 2022 [27]

	
Yes

	
Unclear

	
Unclear

	
No

	
Unclear

	
Unclear

	
Unclear

	
Yes

	
Unclear




	
Hu 2023 [28]

	
Yes

	
Yes

	
Unclear

	
No

	
Yes

	
Unclear

	
Yes

	
Yes

	
Unclear




	
Jiang 2022 [29]

	
Unclear

	
Unclear

	
Unclear

	
No

	
Unclear

	
Unclear

	
Yes

	
Unclear

	
Unclear




	
Kitaya 2024 [30]

	
Yes

	
No

	
No

	
No

	
Unclear

	
Unclear

	
Unclear

	
Unclear

	
Unclear




	
Leibetseder 2021 [31]

	
Unclear

	
Unclear

	
Unclear

	
No

	
Unclear

	
Unclear

	
Unclear

	
Yes

	
Yes




	
Leibetseder 2022 [32]

	
Yes

	
Yes

	
Yes

	
No

	
Unclear

	
Unclear

	
Unclear

	
Yes

	
Unclear




	
Li 2024 [33]

	
Yes

	
No

	
No

	
No

	
Unclear

	
Unclear

	
Yes

	
No

	
Unclear




	
Liang 2025 [34]

	
Yes

	
Yes

	
Yes

	
No

	
Unclear

	
Yes

	
Yes

	
Yes

	
Yes




	
Liu 2024 [35]

	
Yes

	
Yes

	
Unclear

	
No

	
Yes

	
Unclear

	
Yes

	
Yes

	
Unclear




	
Maicas 2021 [36]

	
Yes

	
Yes

	
Yes

	
No

	
Unclear

	
Unclear

	
Yes

	
Unclear

	
Unclear




	
McKinnon 2022 [37]

	
Unclear

	
Unclear

	
Unclear

	
No

	
Unclear

	
Unclear

	
Yes

	
Unclear

	
Unclear




	
Miao 2024 [38]

	
Yes

	
No

	
No

	
No

	
Unclear

	
Yes

	
Yes

	
Unclear

	
Unclear




	
Podda 2024 [39]

	
Unclear

	
Unclear

	
Unclear

	
No

	
Unclear

	
Unclear

	
Unclear

	
Yes

	
Unclear




	
Sahrim 2018 [40]

	
Unclear

	
Unclear

	
Unclear

	
No

	
Unclear

	
Unclear

	
Unclear

	
Unclear

	
Unclear




	
Snyder 2025 [41]

	
Yes

	
Yes

	
Yes

	
No

	
Unclear

	
No

	
Unclear

	
Yes

	
Yes




	
Stefan 2021 [42]

	
Unclear

	
Unclear

	
Unclear

	
No

	
Unclear

	
Unclear

	
Yes

	
Unclear

	
Unclear




	
Visalaxi 2021 [43]

	
Yes

	
Unclear

	
Unclear

	
No

	
Unclear

	
Unclear

	
Unclear

	
Unclear

	
Unclear




	
Visalaxi 2023 [44]

	
Unclear

	
Unclear

	
Unclear

	
No

	
Unclear

	
Unclear

	
Unclear

	
Unclear

	
Unclear




	
Xu 2025 [45]

	
Yes

	
Unclear

	
Unclear

	
No

	
Unclear

	
Unclear

	
Yes

	
Unclear

	
Unclear




	
Yang 2021 [46]

	
Yes

	
Unclear

	
Unclear

	
No

	
Unclear

	
Unclear

	
Unclear

	
Unclear

	
Unclear




	
Zaidi 2025a [47]

	
Yes

	
Unclear

	
Yes

	
No

	
Unclear

	
Yes

	
Unclear

	
Unclear

	
Unclear




	
Zaidi 2025b [48]

	
Yes

	
Unclear

	
Unclear

	
No

	
Unclear

	
Unclear

	
Unclear

	
Yes

	
Unclear




	
Zhang 2025 [49]

	
Unclear

	
Unclear

	
Unclear

	
No

	
Unclear

	
Unclear

	
Yes

	
No

	
Unclear




	
Zhang 2023 [50]

	
Yes

	
Yes

	
Unclear

	
No

	
Unclear

	
Unclear

	
Yes

	
Unclear

	
Unclear




	
Zorlu 2025 [51]

	
Yes

	
Yes

	
Unclear

	
No

	
Unclear

	
Unclear

	
Unclear

	
Yes

	
Unclear
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