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Abstract: What was done? A review of artificial intelligence (AI)
applications for the imaging of uterine fibroids, endometriosis, and
adenomyosis. What was found? AI models can assist with the
recognition, segmentation, and localization of uterine fibroids, and
the differentiation of benign fibroids and sarcomas. Models can aid
in the diagnosis of adenomyosis and endometriosis, and the pre-
diction of the impact of endometriosis on fertility. What the find-
ings mean? Deployed thoughtfully, Al tools could reduce varia-
bility, shorten read times, and add objective measurements to
routine care. Studies evaluating these models are limited by single-
institution designs and continued reliance on expert sonologists
and radiologists.
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Artiﬁcial Intelligence (Al) is a broad term that encom-
passes the use of computers to perform complex tasks
and solve problems that are typically accomplished by
human reasoning. Publications regarding the use of Al in
the field of medicine date back to the 1950s, with a pre-
cipitous increase in research interest on this topic over the
past decade. In 2015, there were just over 6800 citations in
PubMed.gov on the topic of “artificial intelligence,”
increasing to over 22,700 indexed papers by 2020 and over
60,200 to date in 2025. Within the field of Gynecology,
there are many potential applications of Al, including
diagnostic and outcome predictions, preoperative planning,
surgical skill assessment, surgical education, anatomic rec-
ognition, and automation.! The goal of this review is to
establish the clinical application and utility of Al within the
realm of gynecologic imaging, focusing specifically on the
complex benign disease states of uterine fibroids, endome-
triosis, and adenomyosis. By harnessing the power of Al
and adhering to ethical principles surrounding its use,
providers can improve and individualize the care provided
to patients.

Al DEFINITIONS AND TOOLS
Table 1 includes the definitions of the key Al tools that
will be referenced throughout this review. Machine learning
(ML), a subtype of Al, uses algorithms to learn from data
and make predictions (Table 1). In imaging, common ML
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tasks include segmentation, detection, and classification,
with models trained and validated on curated imaging data
sets. Deep learning (DL), a further subset of ML, relies on
multilayer neural networks, a structure of algorithms
modeled on the human brain, that learn image features
automatically.

Segmentation models produce pixel (2-dimensional)/
voxel (3-dimensional pixel) wise masks that precisely
outline anatomy or lesions (ie, a tracing of the structures
border). For benign uterine fibroids, automatic masks of
the uterus and individual fibroids enable objective quanti-
fication of fibroid location and total burden, procedure
planning, and therapy monitoring. The most common
model for segmentation is UNet (Table 1).

Similarly, detection models are types of Al models that
are created to identify and locate specific lesions/objects.
For endometriosis, a detector can highlight suspected deep
infiltrating endometriosis (DIE) nodules across pelvic
compartments to guide targeted reading. For example, the
YOLO (You Only Look Once) family are fast, one-stage
detection models that can rapidly flag potential DIE sites
during a read (Table 1).

Convolutional neural networks (CNNs) remain the
backbone for image tasks. A CNN is a system of algorithms
modeled on the human brain that uses a set of filters to
extract spatial features such as organ shape. Two types of
classification CNNs are DenseNet and MobileNet
(Table 1).

In supervised learning, models learn from labeled
examples, for example, a UNet trained with expert
annotation masks to segment fibroids on ultrasound.
Unsupervised learning discovers structure in unlabeled
data and can reveal imaging phenotypes—for instance,
clustering patients by radiomic patterns to identify subtypes
of fibroids or endometriosis that correlate with symptoms
or outcomes. Radiomics converts regions of interest into
quantitative descriptors (shape, intensity, and texture) that
can be combined with clinical variables (such as age and
parity) to predict diagnosis, prognosis, or treatment
response—for example, estimating the likelihood of fibroid
response to uterine sparing therapy from T2/T1 signal
characteristics and texture features.

Deployed thoughtfully, these tools can reduce varia-
bility, shorten read times, and add objective measurements
to routine care. Automated burden and location mapping
supports procedure selection (myomectomy vs. uterine
artery embolization), DIE detection can prompt protocol
optimization or subspecialty referral, and consistent junc-
tional zone metrics may help track adenomyosis over time.
Importantly, model training should reflect diverse scanners
and patient populations, with rigorous external validation,
transparent reporting, and human oversight to mitigate
bias and automation complacency.
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TABLE 1. Core Al Terms for Gynecologic Imaging (Fibroids, Endometriosis, and Adenomyosis)

Term

Plain-English definition

Example

Artificial intelligence (AI) Computational methods that perform tasks requiring

Machine learning (ML)
Deep learning (DL)

Segmentation model

Detection model

Classification model

Radiomics

Supervised learning

Unsupervised learning

Convolutional neural
network (CNN)

U-Net (segmentation)

human-like perception, reasoning, or decision-
making

A subset of AI where models learn patterns from data
rather than being explicitly programmed

A subset of ML using multilayer neural networks to
automatically learn hierarchical features from data

Pixel/voxel-wise delineation of anatomy or lesions

Finds candidate lesions/objects and returns boxes or
points
Assigns a label or category to an image/case

Quantitative features (shape/texture/intensity)
extracted from regions-of-interest

Model learns from labeled examples (inputs + correct
outputs)

Model learns patterns/representations from unlabeled
data (no ground-truth labels)

Neural network using convolutional layers to extract
spatial features; excels at image tasks with local
patterns

Most common model architecture for segmentation
tasks with skip connections, shortcuts, that preserve

End-to-end system that ingests MRI, suggests
imaging protocol tweaks, segments uterus/fibroids,
and generates a structured report draft for clinician
review

Model predicting the likelihood of adenomyosis from
imaging-derived features plus age/parity

3D CNN or transformer that segments the uterus,
junctional zone, and fibroids on pelvic imaging

Automatic uterine, junctional zone, and fibroid
masks to compute burden and location

MRI detection of deep-infiltrating endometriosis
nodules in compartments

Classify adenomyosis (present/absent) or fibroid type
(submucosal/intramural/subserosal)

Predict fibroid response to uterine-sparing therapy
from T2/T1 and texture features

US U-Net trained with annotation masks to segment
fibroids

Identify fibroid/endometriosis phenotypes by how
patients cluster together based on radiomic imaging
patterns

Pelvic MRI pipeline with CNN backbone for feature
extraction across segmentation, classification, and
detection heads

Segment the uterus, junctional zone, and fibroids on
T2 MRI to compute burden and location

fine detail while capturing context

YOLO family (detection) You Only Look Once (YOLO) one-stage, real-time
detectors optimized for speed and deployment

CNN with dense connections that reuse features
previously learned to improve efficiency

MobileNet (classification) CNN using depthwise separable convolutions, for

DenseNet (classification)

mobile/edge devices

Rapid screening for suspected DIE locations to guide
targeted reading

Classify fibroid type (submucosal/intramural/
subserosal) from MRI stacks

Point-of-care ultrasound model to flag suspected
adenomyosis for expert review

FIBROIDS

Diagnosis

Fibroids are the most prevalent solid gynecologic
benign tumors of the uterus.2 By the age of 50, the
estimated cumulative incidence of fibroids is more than
80% for Black women and nearly 70% for white women.3
Accurate diagnosis and mapping of uterine fibroids is
clinically important because lesion number, size, and
location directly determine eligibility and strategy for
surgical and interventional treatments. Transvaginal
ultrasound (TVUY) is usually the first line diagnostic test
for uterine fibroids because it is accessible and inexpen-
sive, and it has a high diagnostic accuracy for the presence
of fibroids. Magnetic resonance imaging (MRI) shows
similar accuracy for detection, but is superior for
mapping, especially when the uterus is large (>375 mL)
or contains 4 or more fibroids.# MRI also has the
additional benefit of risk stratification for potential
malignancy. Number, size, and location directly deter-
mine eligibility and strategy for surgical and interven-
tional treatments. Transvaginal ultrasound (TVUS) is
usually the first line diagnostic test for uterine fibroids
because it is accessible and inexpensive, and it has a high
diagnostic accuracy for the presence of fibroids. Magnetic
resonance imaging (MRI) shows similar accuracy for
detection, but is superior for mapping, especially when the
uterus is large (> 375 mL) or contains 4 or more fibroids.*
MRI also has the additional benefit of risk stratification
for potential malignancy.>
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Even with high diagnostic accuracy, conventional
imaging remains time-intensive and labor-intensive, and
the degree of detail reported is not uniform. Ultrasound
interpretation is highly operator-dependent, and perform-
ance declines when fibroids are numerous, or when the
uterus is enlarged.® MRI interpretation can vary between
readers, and discrepancies have been documented in the
reporting of qualitative features such as vascularization,
degeneration, and restricted diffusion.” These features are
important not only for diagnosing fibroids by differ-
entiating them from malignancy but also for guiding
therapeutic interventions.

Ultrasound

Al use for fibroid diagnosis on ultrasound is still at a
foundational stage, with work focused primarily on
automated recognition rather than segmentation or map-
ping of fibroids. Three recent studies have explored the use
of deep learning on ultrasound for uterine fibroid diagnosis,
but they do so with different goals: one detects and localizes
fibroids in real time, while the other 2 classify images as
fibroid or nonfibroid without localization.8-10

Yang and colleagues developed an object-detection
model to identify fibroids directly on 2D ultrasound images.
The model generated rectangular bounding boxes over
regions it identified as fibroids. This approach attained an
F1 score of 95%, an average precision of 98.38%, and a
detection speed of 0.28s per image.8
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TABLE 2. Statistical Terms and Definitions for Evaluation of Al Model Performance

Area under the curve

AUC represents the probability that the model will assign a higher score to a randomly selected positive case
than to a randomly selected negative case. An AUC of 1.0 indicates perfect discrimination, whereas an

Accuracy is the proportion of all predictions that are correct. It is the sum of true positives and true
Recall is the proportion of true positive cases correctly identified by the model. It reflects the sensitivity of
Precision is the proportion of cases predicted as positive that are truly positive. It reflects the positive

F1 score is the harmonic mean of precision and recall, providing a single measure of a model’s ability to

balance false positives and false negatives. A perfect F1 score is 1.0. It is particularly useful in imbalanced

(AUC)

AUC of 0.5 reflects performance equivalent to random chance
Accuracy

negatives divided by the total number of cases
Recall

the model
Precision

predictive value (PPV) of the model
F1 score

data sets, where accuracy might be misleading
Dice score

The Dice score is mathematically similar to the F1 score and is its equivalent in image segmentation tasks. It

compares the overlap between the model’s segmented region and the ground-truth annotation, with
higher values indicating closer agreement

Table 2 defines key statistical terms utilized in the
evaluation of Al model performance and referenced
through this review.

Xi and Wang used a different approach. They fine-
tuned an EfficientNetBO classifier with an added attention
mechanism to focus the model on the most informative
regions of the ultrasound image. They worked on a data set
of 1990 images (fibroid vs. nonfibroid), later expanded to
10,000 through augmentation, and achieved 0.99 accuracy.?
Cai and colleagues developed a hybrid model using real
clinical ultrasound images and supplemented them with
additional synthetic fibroid images generated to increase the
size of the training data set. A MobileNetV2 classifier was
then trained on this augmented data set. This hybrid
method achieved 0.97 accuracy and 0.9741 F1-score, with a
real-time classification speed of 40 frames per second.!0

Both prior studies addressed the small sample size by
increasing the number of training images. Xi and Wang
augmented real images (rotations, flips, and contrast
adjustments), whereas Cai and colleagues generated syn-
thetic fibroid images. The latter approach introduces the
possibility that the model may learn image characteristics
that are specific to the synthetic, generated data rather than
reflecting the real ultrasound images.%-10

Despite methodological differences, all 3 studies share
important limitations: (1) retrospective, single-center analysis
with no external validation, (2) no correlation of Al
predictions with histopathology or clinical outcomes, and
(3) no account for common confounders such as adeno-
myosis, poor acoustic windows, or postsurgical anatomy.8-10

Clinical application: These models may assist clini-
cians by flagging likely fibroids and reducing operator
dependence, but binary classification does not meet the
clinical requirement for anatomic mapping needed for
treatment planning. Clinical implementation will depend on
prospective validation and further development of models
to localize lesions in addition to indicating the presence of a
fibroid.

MRI

There is a growing body of work exploring the use of
Al for MRI-based diagnosis of uterine fibroids, ranging
from models that aim to automate the detection and
localization of fibroids to those that focus on improving
automated segmentation of fibroids on MRI. To provide a
visual example, we have included images from a project by
the author (T.K.) using Al to differentiate leiomyoma from
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leiomyosarcoma. Figure 1 includes images of both segmen-
tation and classification using radiomics. Both Al principles
will be described further as we explore recent literature
within MRI-based diagnoses of fibroids.

Lin et al!! trained an Al model on sagittal and axial
T2-weighted images with the goal of automating the
detection and segmentation of uterine fibroids.!! Manual
segmentation was performed by a junior radiologist and
then verified by a senior radiologist. Results were stratified
by fibroid size and FIGO category. On internal testing,
precision for fibroid detection was 0.989 (sagittal) and 0.979
(axial). Results remained high on external data (0.96 and
0.944). Overall recall declined on the external cohort (0.581
sagittal; 0.547 axial) but remained higher within the
clinically significant subgroups: for fibroids >4 cm it
reached 0.937-0.953 internally and 0.946-0.1 externally,
and FIGO 2-5 lesions were detected with 100% recall in
both cohorts. The study excluded cases with adenomyosis
and other copathology, and although it was tested on an
external cohort, generalizability to routine mixed-pathol-
ogy MRI remains uncertain.12

Unlike Liu et al,!3 which evaluated segmentation within
a diagnostic framework, studies by Zhang et al'4 and by Liu
et al!3 were limited to improving the segmentation step itself.
Zhang et all> modified an open-source U-Net model by
adding modules to allow the model to focus on the region
that contains fibroid and to demarcate fibroid boundaries in
low-contrast settings, resulting in improved and uniform
segmentation. In a cohort of 150 patients, the resulting
DARU-Net model outperformed the baseline U-Net and
other models, with a Dice score of 0.8066, precision 0.8233,
and recall 0.7913, with the greatest difference seen in cases
where the fibroids were poorly defined.!4

Another MRI study that addressed segmentation alone
was conducted by Liu and colleagues. In the study, a publicly
available V-Net model was adapted with attention gates and
deep supervision in a 3-dimensional format to produce more
stable fibroid outlines on T2-weighted MRI in the context of
planning high-intensity focused ultrasound (HIFU) treat-
ment. In a single-center data set of 245 cases (147 train, 49
validation, and 49 test), the modified model (3D DA-VNet)
outperformed standard 2D and 3D U-Net/V-Net baselines,
with a Dice score of 0.878, sensitivity 0.879, and precision
0.885, with the largest gains in scans where the fibroid-
myometrium boundary was indistinct.!4

Both studies were confined to single-center T2-
weighted MRI data sets without coexisting pathology

Copyright © 2026 Wolters Kluwer Health, Inc. All rights reserved.
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FIGURE 1. Examples of segmentation and classification of fibroids. In the top panel, 2 example cases are shown comparing manual
segmentation (ie, the reference standard) in green, and the automated segmentation model results in purple. The model was trained to
segment both the uterus and fibroids. Case 2 highlights an example with multiple leiomyomas, including a cellular leiomyoma. On the
bottom is an example from a classification model trained to distinguish benign versus malignant and degenerated leiomyoma versus
leiomyosarcoma. Radiomic features overlaid on the image show drastic differences in image texture features. The radiomic texture

features that are extracted are then used to train machine learning models to distinguish between types of uterine tissue.

such as adenomyosis. Also, the studies did not include
external validation or make the trained models publicly
available for independent testing. The work in both
papers is therefore limited to demonstrating improve-
ments in segmentation performance without evidence of
performance in more heterogeneous or real-world clinical
settings.!2.13

Clinical Application: The clinical relevance of this
work lies in the possibility that MRI studies could

Copyright © 2026 Wolters Kluwer Health, Inc. All rights reserved.

online

eventually be delivered with fibroids already outlined in
a consistent and reproducible way. This would make
review faster, reduce variation between readers, and
allow objective comparison across time and institutions.
Although these models are not yet ready for routine use,
they point toward a future in which MRI scans arrive
with standardized, preprocessed fibroid information
rather than requiring manual interpretation on
every case.
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Differentiation from Malignancy

When a uterine mass is detected, the clinical priority is
to rule out leiomyosarcoma without subjecting patients
with benign fibroids to unnecessary radical surgery. Ultra-
sound is usually the first-line modality, but its diagnostic
performance for distinguishing fibroids from sarcoma is
limited. In a systematic review of 972 women, ultrasound
showed a pooled sensitivity of 0.76 and a specificity of 0.89.
The pooled AUC was 0.8925, indicating only moderate
overall discriminative ability.!6 Diagnosis is further com-
plicated by the fact that clinical presentation is often
indistinguishable, and ultrasound offers only moderate
discriminatory performance, leading many cases to remain
ambiguous at the point of initial imaging.!”

In current practice, MRI is considered the most
reliable noninvasive tool for distinguishing benign fibroids
from uterine leiomyosarcoma. A meta-analysis of § studies
with 2495 women (2253 with uterine leiomyomas and 179
with uterine sarcomas) reported a pooled sensitivity of 0.90,
specificity of 0.96, and AUC of 0.9759 for MRI in
distinguishing fibroids from uterine sarcoma.!® Although
MRI is considered the most reliable noninvasive modality
for uterine mass characterization, preoperative distinction
between fibroids and leiomyosarcoma remains challenging
because imaging features frequently overlap, especially
when fibroids show a T2 hyperintense signal with enhance-
ment and restricted diffusion, which can make differ-
entiation between hypercellular fibroids, STUMP, and
sarcomas challenging. the rarity of leiomyosarcomas and
that they may have benign imagining features.>

Differentiating Malignancy and Benign Fibroids
With Al

Despite the strong performance of conventional
imaging, diagnostic uncertainty persists in a nontrivial
subset of cases. Al tries to reduce this ambiguity by
standardizing feature extraction. In an ultrasound study by
Chiappa and colleagues, 70 surgically confirmed cases (50
fibroids and 20 sarcomas) were analyzed using a standard-
ized IBSI-compliant texture extraction framework
(TRACE4). Three hundred nineteen radiomics features
were extracted and 308 radiomics features were found
stable. Different machine learning classifiers were created
and the best classifier achieved an AUC of about 0.86 with
a negative predictive value near 0.92. A notable finding was
that among the lesions labeled “uncertain” by sonogra-
phers, the model would have correctly classified 83% of
sarcomas and 78% of myomas. This shows that Al may add
value specifically in cases where radiologists are unsure.
However, the study was limited by conduction at a single
institution with 20 sarcoma cases, utilization of synthetic
oversampling to compensate for class imbalance (which
may inflate performance estimates), and the requirement of
manual segmentation, which further constrains the model’s
generalizability.!7

In the MRI-based study by Roller and colleagues, 108
women with histologically confirmed uterine masses (69
fibroids and 39 sarcomas) were evaluated using 14
predefined MRI features scored independently by 2
abdominal radiologists, with age and tumor size as clinical
variables. Radiomics features were then extracted from 3D
segmentations of T2-weighted images using TexRAD
software. Twelve of the 14 conventional MRI features
and both clinical variables differed significantly between
groups, and inter-reader agreement for most features was
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moderate to excellent, indicating that conventional MRI
already carries strong discriminative information. The data
set was split into a training cohort (n=86) and a held-out
test cohort (n=22). Models were built using different
combinations of clinical, conventional MRI, and radiomics
variables. In the test cohort, the model using only conven-
tional MRI features plus clinical features achieved an AUC
of 0.956, the radiomics-only model achieved an AUC of
0.929, and the combined model integrating conventional
MRI, clinical variables, and radiomics achieved an AUC of
0.989. The results reflect only a small incremental gain
beyond MRI plus clinical features alone. However, the
study was limited by its single-center retrospective design, a
small test set, exclusion of diffusion sequences, reliance on
manual segmentation, and lack of external validation.!?
Clinical Application: Although conventional performs
well, the use of AI on MRI would support radiologist
decision making, which is particularly important given the
rare incidence of sarcomas. On ultrasound, where indeter-
minate reads are more common, Al could be applied
selectively to those uncertain cases to support whether
additional imaging or specialist referral is needed. In this
way, Al would function as a decision-support tool in
selected scenarios rather than as a general triage method.
For both modalities, Al could also be an important tool for
efficiency given the frequent multiplicity of fibroids,
particularly in follow-up of size for growth assessment.

Prediction of Treatment Success

MR-HIFU and AI Tools

MR-guided high intensity focused ultrasound or MR-
HIFU is a uterine sparing treatment where noninvasive
thermal ablation of tissue is achieved through the admin-
istration of high-intensity therapeutic ultrasound with MRI
guidance.!® This results in thermal necrosis of the targeted
fibroid. Postprocedure symptoms of bleeding and bulk
should be reduced.

Post-Treatment Response

Using imaging characteristics on MRI, treatment
response can be evaluated using the ratio of nonperfused
fibroid volume to the total volume (NPV/TPL), essentially,
how much loss of function within the fibroid was obtained.
The larger the nonperfused area of the fibroid post-
treatment, the lower probability of postoperative recur-
rence and reintervention.!® Calculation of this ratio has
been a manual task for radiologists, and Al tools offer a
workflow for automatic volume measurements and calcu-
lation of this ratio for assessment of procedure success.

Like other AI applications in imaging, the volumes of
the uterus, fibroids, and nonperfused volume ratios can be
measured through a deep learning-based segmentation
pipeline with excellent to moderate reliability.20 In a study
by Slotman and colleagues, the mean difference between
automatic and manual derived NPV/TFL ratio was 5%.
There are limitations; however, segmentation of fibroids is
harder than overall uterine volume measurements, and
increased accuracy may rely on multiple MRI sequences (ie,
T1 and T2) or the use of contrast.

Clinical application: Extended validation studies are
needed in other data sets, but this type of automatic
calculation offers promise to identify patients where re-
treatment with HIFU could be considered, or preprocedur-
ally to calculate fibroid burden and fibroid volume.
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Predicting Treatment Outcomes/Preoperative
Evaluation

The efficacy of HIFU treatment can be predicted
based on the histologic characteristics of uterine fibroids
before treatment, which assists in patient counseling and
selection for the procedure.?! Specifically, some character-
istics that limit HIFU treatment response are fibroids rich
in blood supply or with rich cellular content. Those
histologic characteristics can currently be estimated using
preoperative MRI sequences.

In a study by Wei et al,2! pretreatment MRI data was
run through radiomics feature extraction and correlated
with post-treatment NPV/TPL or NPV ratio. The perform-
ance of this model was compared with conventional image
characteristics, such as signal intensity and enhancement
and added value in predicting the post-treatment NPVR.
Radiomics contributed 2 additional fibroid characteristics
to improve predictive accuracy. Image nonuniformity and
skewness of the T2WI signal intensity both negatively
correlated with treatment response. Nonuniformity reflects
heterogeneity of the tissue, and skewness reflects signal
intensity with brighter pixels (higher signal) or positively
skewed, reflecting an increase in water content and blood
perfusion.

Clinical application: Data is preliminary and requires
confirmation in larger and more heterogeneous data sets
but does offer promise for preoperative patient selection
and counseling on treatment outcomes.

ENDOMETRIOSIS AND ADENOMYOSIS

Diagnosis

Diagnosis of endometriosis and adenomyosis is often
delayed due to varying clinical presentations, historical
reliance on surgical pathology for definitive diagnosis, and
diverse imaging characteristics. In the past 5 years, there
has been additional work in optimizing imaging-based
diagnosis of endometriosis and adenomyosis.?

Diagnosing endometriosis through imaging remains
limited by the difficulty in visualizing the pathologic
changes of stage I and II endometriosis through ultrasound
and MRI and varying expertise and experience of
sonologists and radiologists.2326 Both  MRI and US
perform better for the identification of endometriomas
and deep infiltrative endometriosis.2325> One of the most
recent systematic reviews analyzed both US and MRI with
respect to their anatomic locations of disease, physician
specialty, and geographic location. Interestingly, both
modalities demonstrated superior performance with dedi-
cated endometriosis protocols and when interpreted by
experienced readers in  practices dedicated to
endometriosis.?’

There has been progress in imaging-based diagnosis of
adenomyosis with the development of the Morphologic
Uterus Sonographic Assessment (MUSA) criteria for
adenomyosis.?829 In a systematic review and meta-analysis
of imaging modalities used to diagnosis adenomyosis, MRI
and TVUS had sensitivities of 0.78 and 0.74, specificities of
0.88 and 0.76, and pooled area under the operator curve
values of 0.77 and 0.7, respectively.3® However, like
endometriosis, ultrasound-based diagnosis of adenomyosis
depends on operator experience. In addition, there is
intraobserver and interobserver variability in ultrasound
interpretation.3! Unfortunately, MRI does not have as
many features to assess compared with ultrasound and the

Copyright © 2026 Wolters Kluwer Health, Inc. All rights reserved.

reproducibility of criteria in research studies has been
lacking. In addition, the cysts, which are a direct feature of
adenomyosis, may not be apparent in the setting of
hormonal treatment (tablets or intrauterine device).

Ultimately, imaging-based diagnosis of endometriosis
and adenomyosis can be improved. Although the data is
limited and the studies lack generalizability, current
literature demonstrates the applicability of Al assisting
with the diagnosis of endometriosis and adenomyosis by
improving image quality and decreasing the dependence on
the experience and expertise of the operator.

Endometriosis Diagnosis With Al

Al can be utilized to improve MRI imaging quality
and, as a result, improve MRI-based diagnosis of
endometriosis. Jiang and colleagues used a fuzzy c-means
(FCM) clustering algorithm to process MRI images of
ovarian endometriosis.32:33 This clustering algorithm is a
type of unsupervised machine learning that uses similarities
between data points to cluster them together. Compared
with the unprocessed MRI images, the images processed
using the FCM algorithm showed clearer structures of the
uterus, adjacent organs, and pelvic wall and clearer
relationships between the endometriosis lesions and the
vagina, bladder, and rectum.3? So, the diagnostic accuracy
of the MRI images processed with the FCM algorithm was
higher (0.94) than for images processed with conventional
MRI (0.61).32

Recently, a novel endometriosis MRI Al algorithm
was developed on a large cohort of patients with surgically
proven disease. The algorithm provides a general assess-
ment of the presence or absence of disease, including all
endometriosis phenotypes (superficial, endometriomas, and
deep endometriosis). Seven hundred fifty-one patients were
included in the cases and controls. The final 3D-DenseNet-
121 classifier model demonstrated robust performance and
findings indicated the most accurate predictions were
obtained using T2W, T1W FS precontrast, and postcon-
trast images. Using an ensemble technique on the test set
resulted in an F1 Score of 0.881, AUROCC of 0911,
sensitivity of 0.976, and specificity of 0.720. Seven radiology
readers achieved 84.48% and 87.93% sensitivity without
and with Al assistance in detecting endometriosis, respec-
tively. This study introduced the first DL model to use
multi-sequence MRI on a large cohort, showing results
equivalent to human detection by trained readers in
identifying endometriosis.34

Strengths of this study are its large sample size of 395
surgically confirmed cases of endometriosis with surgery
within 3 months of MRI. Also, the expert level of
subspecialty surgery, radiology and pathology provides
robust ground truth data. Although a limitation of the
study is that it is a single-center study, it has data derived
from several MRI vendors, limiting scanner or sequence
bias.34

Al can also be utilized to aid endometriosis diagnosis
through a predictive model using ultrasound images and
clinical symptoms. Nouri and colleagues created multiple
binary machine learning models to classify cases as having
endometriosis, or not, based on age, body mass index
(BMI), history of infertility, state of sexual activity, and
ultrasound findings consistent with endometriosis (kissing
ovaries, sliding sign, endometrioma, and adhesions between
the ovary and uterus). The models were validated with
sensitivities ranging from 0.59 to 0.75, specificities ranging
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from 0.71 to 0.83, and an area under the curve (AUC)
ranging from 0.71 to 0.76.35 The sensitivities are similar,
and the specificities are lower than the pooled values from a
2016 Cochrane review.23 This model was based on patients
with Stage 3 or 4 endometriosis and therefore is not
applicable to Stage 1 or 2 endometriosis. However, Al
models such as this may provide an option for imaging-
based endometriosis diagnosis that is less operator-
dependent.

Clinical application: Existing research has focused
more on the utilization of AI for the extent of endome-
triosis, rather than a general or categorical endometriosis
diagnosis. Although studies are limited by a single-
institution and retrospective design, they provide insight
into the capabilities of Al in improving image quality and
endometriosis diagnosis.

Adenomyosis Diagnosis With Al

Compared with endometriosis, more research has
focused on utilizing Al to increase the ease and efficiency
of adenomyosis diagnosis through MRI and ultrasound-
based AI models.

Specifically, Burla and colleagues segmented and
extracted radiomic features from MRIs of a small sample
of patients with adenomyosis and patients without
adenomyosis.3! Radiomic features were tested for their
diagnostic performance in differentiating adenomyosis
from controls, and 11 features had AUC values ranging
from 0.78 to 0.98. Two models were created using radio-
mics features. A model using all 11 features and a model
using 5 features both had an AUC-ROC of 1.36 The
radiomics-based Al models had similar AUC values as
ultrasound-based adenomyosis diagnosis without AI. How-
ever, the model was not validated with a test-set and
therefore, the results are based only on the model training.

Furthermore, Zhao and colleagues created an end-to-
end unified network framework (Adenomyosis Auto
Diagnosis Network, A?DNet), a type of machine learning
that trains a model to link raw data (in this case, images) to
an output (in this case, diagnosis of adenomyosis). Ultra-
sound examinations were performed on patients with
adenomyosis and controls. The myometrium was evaluated
for the presence of direct and indirect ultrasonographic
signs of adenomyosis based on the MUSA criteria. A
diagnosis of adenomyosis was made by the presence of one
direct sign or 2 indirect signs of adenomyosis. The model
was tested and diagnosed adenomyosis and normal controls
with 0.92 accuracy.3” The study illustrates the usefulness of
machine learning in ultrasound-based diagnosis of adeno-
myosis using the MUSA criteria.

Similarly, to compare a deep learning model to
trainees with intermediate ultrasound skills, Raimondo
and colleagues created an end-to-end deep learning model
using manually segmented ultrasound images that high-
lighted features of adenomyosis or fibroids. Diagnosis of
adenomyosis was based on the presence of 2 or more
sonographic findings of adenomyosis (indirect or direct)
based on MUSA criteria. The adenomyosis diagnostic
accuracy of the deep learning model was compared with the
diagnostic accuracy of trainees with intermediate ultra-
sound skills, fourth-year Obstetrics and Gynecology
residents, who analyzed stored ultrasound video clips of
the uterus for each patient and reported a diagnosis. The
deep learning machine had lower sensitivity (0.43 vs. 0.72),
higher specificity (0.82 vs. 0.69), and lower accuracy (0.51
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vs. 0.70) compared with intermediate-skilled trainees for
adenomyosis diagnosis.’® Although the deep learning
model is promising, additional advancements are needed
for the model to function at the level of expert radiologists.
Clinical application: These examples illustrate the
capability of machine learning in assisting with the
diagnosis of adenomyosis based on ultrasound. Additional
studies and innovation are needed as the models may not be
generalizable to other institutions or patient populations, as
the models were based on data from single centers/
institutions and a single ultrasound machine type.

Extent of Disease

Currently, there is limited research on the application
of AI for imaging-based evaluation of the extent of
adenomyosis. Most of the literature on the use of Al in
imaging for endometriosis focuses on determining the
extent of endometriosis disease, including the presence of
deep endometriosis, posterior cul-de-sac obliteration, and
bowel endometriosis.

There have been significant advancements in imaging-
based evaluation of endometriosis with the creation and
utilization of the IDEA (International Deep Endometriosis
Analysis) protocol for ultrasound.3® The IDEA protocol
provides terms and measurements to standardize the
sonographic evaluation and reporting of endometriosis. In
a study of individuals, aged 18 to 50 years, with a history of
chronic pelvic pain or endometriosis, transvaginal ultra-
sound scans were performed and reported by a single,
experienced surgeon-sonologist, in accordance with the
IDEA protocol. Imaging findings were compared with
intraoperative findings and surgical pathology. The diag-
nostic performance of endometriomas had a sensitivity of
0.94 to 0.95 and a specificity of 1.0. For deep endometriosis
of all sites, the ultrasound diagnostic performance sensi-
tivity ranged from 0.84 to 1.0, and the specificity ranged
from 0.97 to 1.0. For the pouch of Douglas obliteration, the
sensitivity was 0.97 and the specificity was 0.97. For
superficial endometriosis, the sensitivity was 0.04 to 0.43
and the specificity was 0.99 to 1.0.40

In comparison, in a systematic review and meta-
analysis of different imaging modalities for diagnosing deep
infiltrative endometriosis, among 21 studies, transvaginal
ultrasound had a pooled sensitivity of 0.76, a pooled
specificity of 0.95, and an area under the curve of 0.92. The
meta-analysis was affected by significant heterogeneity (I
99%).25 This difference in diagnostic performance between
Mick and colleagues and Zhang and colleagues demon-
strates how the evaluation of deep endometriosis by
ultrasound is limited by the availability of sonographers
and radiologists who are trained to perform the ultrasound
evaluation based on the IDEA protocol and the time
required to complete the more detailed evaluation.??

Like ultrasound, optimal endometriosis evaluation
through MRI requires skilled interpretation and dedicated
imaging protocols.22 Zhang et al?> systematic review and
meta-analysis found MRI diagnostic accuracy among 13
studies with high heterogeneity (I> 98%) to have a
sensitivity of 0.82, specificity of 0.87, and area under the
curve of 0.91 for deep infiltrative endometriosis. To
improve standardization of MRI-based evaluation of
endometriosis, an MRI-based protocol for evaluation of
deep endometriosis using specific imaging sequences in
addition to vaginal contrast gel and antiperistaltic agent
(Glucagon) has been published by the Society of
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Abdominal Radiology Endometriosis Disease-Focused
Panel.4! Literature demonstrates that Al-based models
may help circumvent the variability in diagnostic accuracy
of imaging for endometriosis due to the variability in
expertise and experience of sonologists and radiologists.

Classification and Extent of Deep Endometriosis With
Al

Recent literature demonstrates the utility of Al in
aiding the diagnosis of endometriosis-associated posterior
cul-de-sac obliteration through MRI. Utilizing transvaginal
ultrasound images of women of all ages with any indication
for a pelvic ultrasound, a machine learning model was
created to identify the presence or absence of a sliding sign.
Sliding sign is a transvaginal ultrasound technique that
utilizes transvaginal pressure to evaluate if the anterior
rectum slides freely along the posterior vaginal, cervix, and
uterus and is therefore used to evaluate for posterior cul-de-
sac obliteration.3 Ultrasounds were completed and inter-
preted by sonologists considered experts in sliding sign
interpretation. Using the sonologists classification as a
reference, during testing, the deep learning model’s
classification of posterior cul-de-sac obliteration had an
AUC of 0.96, sensitivity of 0.88, and a specificity of 0.90.42

Similarly, machine learning models have been created
to help diagnosis rectosigmoid deep endometriosis on
ultrasound. Guerriero and colleagues created 7 models
based on age, presence of ultrasound signs of uterine
adenomyosis, presence of an endometrioma, adhesions of
the ovary to the uterus, presence of “kissing ovaries” (aka
when ovaries are pulled together by adhesions related to
endometriosis), and absence of sliding sign among a data
set of patients with clinical suspicion of deep endometriosis
aged 16 to 60 years. The models had accuracies ranging
from 0.69 to 0.75, sensitivities ranging from 0.66 to 0.84,
specificity ranging from 0.71 to 0.77, and AUC ranging
from 0.75 to 0.82.43 Compared with the pooled diagnostic
performance values in Zhang and colleagues systematic
review and meta-analysis, the diagnostic performance of
Maicas et al*2 model was similar and the performance of
Guerriero et al*? models was slightly lower.

In addition to assisting with ultrasound-based diag-
nosis of endometriosis, AI models can be used to assist
junior sonologists during training. In a study of pelvic
ultrasounds performed utilizing the IDEA protocol, an
ultrasound-based Al model using YOLO (You Only Look
Once), a deep learning system that can identify and locate
objects in an image, was created to help detect deep pelvic
endometriosis nodules. The diagnostic performance of
junior sonologists improved with the assistance of the Al-
based model for predicting deep endometriosis.*

Further innovation of imaging-based Al models for
evaluating the extent of endometriosis has produced models
combining different imaging modalities and models com-
bining imaging and clinical characteristics. For example, a
machine learning model trained using unpaired data from
MRI and TVUS was created by matching MRI volumes
with positive or negative posterior cul-de-sac labels from
TVUS videos with positive or negative sliding sign labels.
The model was tested with both MRI and TVUS to classify
posterior cul-de-sac obliteration and the AUC was 0.80 in
MRI testing and 0.89 in TVUS testing.#> The ability to
utilize the Al model with both MRI and TVUS images
increases the generalizability of the model.
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Lastly, a human-Al collaborative model was created
by Wang and colleagues. This collaborative model utilizes
the strengths of clinicians, MR imaging, and Al to aid the
diagnosis of posterior cul-de-sac obliteration.46 MRI
images of the female pelvis were obtained from various
centers with different MRI machines and different reso-
lutions for pretraining. For training, the scans were from
multiple clinical sites, each annotated by 3 clinicians
experienced in imaging-based diagnosis of endometriosis.
Scans used an endometriosis protocol and show a specific
region around the uterus where signs of posterior cul-de-sac
obliteration are more visible. In the testing phase, the
surgical results served as “ground truth.” The combination
of an MRI-based Al model and multiple human labels had
an accuracy of 0.8 and AUC of 0.89 which were higher than
the clinician predictions and Al-only models.4¢

Clinical application: There has been significant inno-
vation using Al-models to assist in the imaging-based
evaluation of deep endometriosis. Additional studies are
needed as the generalizability of most of the models are
limited by small sample sizes, data from single institutions,
reliance on images acquired by expert sonologists, and
dependence on significant institutional resources.

Fertility and Endometriosis

There has been additional work in the field of
infertility associated with endometriosis. Among 496
patients with endometriosis who underwent their first
laparoscopy for endometriosis, He and colleagues adapted
the Endometriosis Fertility Index (EFI) to predict natural
pregnancy. The model used a combination of ultrasound
radiomics and urinary proteomics to enhance the EFI.47
The ultrasound radiomics aspect can automatically extract
data, making the imaging evaluation more objective and
consistent. The adapted model had an AUC of 0.909.47

Clinical Application: Although the model is limited by
reliance on high-quality ultrasound images and sonogra-
phers, which limits its generalizability to institutions with
less resources, the study illustrates the use of Al to enhance
established predictive models focusing on endometriosis’s
impact on fertility.

CONCLUSION

Utilizing machine learning and radiomics, AI models
based on imaging features alone and those combining
imaging and clinical variables have been created to assist
with the (1) recognition, segmentation, and localization of
uterine fibroids, (2) differentiation of benign fibroids and
uterine sarcomas, (3) prediction of HIFU success in the
treatment of uterine fibroids, (4) diagnosis of adenomyosis
and endometriosis, (5) identification of posterior cul-de-sac
obliteration and rectosigmoid endometriosis, and (6)
prediction of the impact of endometriosis on fertility.
Studies evaluating these models are limited by single-
institution designs, continued reliance on expert sonologists
and radiologists, and dependence on organizational resour-
ces. Emerging trends to overcome these limitations include
the development of large, multi-institutional imaging data-
bases to support Al model training and validation.
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