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ABSTRACT

Objective: Asherman’s syndrome (AS) is a significant cause of subfertility in women from
developing countries. Over 80% of AS cases in these regions are linked to dilation and curettage
(D&C) procedures following pregnancy. The incidence of AS in patients with infertility and
recurrent miscarriage can be as high as 10%, while the pregnancy rate in cases of moderate to
severe adhesions can be as low as 34%. We aimed to establish a hysteroscopic artificial intelligence
system using image-deep-learning algorithms for fertility assessment.

Methods: This diagnostic study included 555 cases with 4922 hysteroscopic images from a
Chinese intrauterine adhesions cohort clinical database (NCT05381376). The study evaluated two
image-deep-learning algorithms’ effectiveness in predicting pregnancy within one year, using
AUCs and decision curve analysis. The models’ performance was evaluated for two-year prediction
via concordance index and cumulative time-dependent ROC. A quantifiable visualization panel of
the system was established.

Results: The proportional hazard CNN system accurately predicted conception, with AUCs of
0.982, 0.992, and 0.990 in three randomly assigned datasets, superior to the InceptionV3
framework, and achieved a net benefit of 69.4% for subfertility assessment. The system fitted well
with c-indexes of 0.920-0.940 and was time-stable. The quantifiable visualization panel displayed
four intrauterine pathologies intuitively. The performance was comparable to senior hysteroscopists,
with a kappa value of 0.84-0.89.

Conclusions: The CNN based on the proportional hazard approach accurately assesses fertility
postoperatively. The quantifiable visualization panel could assist in intrauterine pathologies
assessment, optimize treatment strategies, and achieve individualized and cost-efficient practices.
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Introduction can promote subfertility through injury/destruction of
the endometrium, preventing blastocyst implantation
[7]. D&C following pregnancy is reported to be the lead-
ing cause of AS, accounting for over 80% of cases.
However, AS can also occur in women with infertility or
recurrent miscarriage, with a prevalence as high as 10%
[7]. This is accompanied by a high postoperative recur-

rence rate (33%-66%) and a low conception rate (34%-

Artificial intelligence (Al) can improve health conditions
and enhance mechanistic discoveries [1]. Advances in
technologies and algorithms have allowed quick diag-
nosis through deep learning techniques, thus expand-
ing the application of artificial intelligence in gynecology
[2]. Hysteroscopy is usually used to examine intrauterine
anatomy. Nonetheless, exploration of Al is relatively

scarce in hysteroscopy. Asherman’s syndrome (AS) is a
syndrome characterized by the presence of hysteroscop-
ically confirmed intrauterine adhesions (IUAs), which
causes morphological anomalies and subfertility, result-
ing in infertility and recurrent pregnancy loss [3-6]. AS

54%) [8,9]. Assisted reproduction techniques (ART) can
prompt conception for patients before adhesions recur
[10], however, leading to increased treatment costs
[11,12]. Thus, it is essential to assess the necessity of
ART interventions [13].
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Machine learning has emerged as a promising tool in
the field of AS diagnosis and treatment. Building on prior
research, our study utilizes decision trees and XGBoost,
powerful machine learning algorithms, to predict preg-
nancy outcomes for AS patients based on clinical data
[14,15]. 3D sonohysterography is a non-invasive imaging
technique that provides a three-dimensional view of the
uterine cavity, which aids in diagnosing AS [16]. In addi-
tion to clinical data, recent studies have explored the use
of 3D ultrasound parameters for Al-based prediction of
AS outcomes. This multi-modal approach offers a valu-
able new perspective for assessing prognosis [17].
Although these studies have demonstrated good predic-
tive results, there are some limitations. Previous Al
approaches in AS prognosis relied on physician ratings
and manual measurements, which can introduce bias
and inconsistency due to subjectivity. Furthermore, the
lack of validation on external datasets limits their
real-world applicability in clinical settings [15,17].

Hysteroscopy is recognized as the gold standard for
diagnosing AS. It is also a method used to evaluate mor-
phological anomalies and endometrial receptivity [13,18].
Nevertheless, clinicians require a long learning cycle to
evaluate fertility, and empirical observations need better
consistency. Deep-learning approaches can ameliorate
such issues. Despite the emergence of several studies on
the application of deep learning algorithms, a noticeable
research gap persists in the investigation of these algo-
rithms in the analysis of hysteroscopic images (2).
Furthermore, there is a paucity of research exploring the
potential of deep learning approaches in the subfertility
field, underscoring the need for further investigation to
evaluate the feasibility and effectiveness of these tech-
niques in this clinical context.

Nevertheless, the limitation of deep-learning mod-
els is that most studies have focused on the accuracy
of the models ignoring their interpretability, leading to
the lack of suitable scenarios in the clinical setting
[1,19-21]. The intuitive visualisation of results reduces
the cost of doctor-patient communication and facili-
tates individualised treatment [22]. For this, the study
established two types of deep-learning frameworks for
systematic subfertility risk management. Deep learning
networks based on time as a dependent variable can
learn the highly intricate and linear/nonlinear associa-
tions between prognostic clinical characteristics and
an individual’s risk of subfertility [23]. Therefore,
DeepSurv, a deep network proportional hazard model,
was tried out with CNN to establish an image deep
learning framework as the proportional hazard CNN.

This study hypothesizes that our hysteroscope-
specific CNN integrated with PH modeling can provide
superior predictions of ongoing pregnancy outcomes

within one year. Specifically, we postulate that this
approach can stably predict the probability of preg-
nancy at each time point compared to traditional
transfer learning models for subfertility risk assess-
ment. The proposed method could be a reliable tool
for clinical decision-making in infertility treatment if
validated. Besides, the system was designed to encom-
pass a quantifiable visualization panel for intrauterine
pathologies, which allows clinicians to develop appro-
priate clinical strategies depending on the Al results.

Materials and methods
Database establishment and data collection

Data were obtained from the IUADB (ClinicalTrials.gov;
NCT05381376). The study was approved and super-
vised by the Research Ethics Committee of the Beijing
Obstetrics and Gynecology Hospital. The Chinese Ethics
Committee of Registering Clinical Trials approved the
revised version (protocol number; IEC-B-03-v01-FJ1 and
ChiECRCT20220180). Each participant had provided
written informed assent for the Collection and
Application of Clinical Sample and Medical Data certi-
fied. All patients (732) were recruited from the estab-
lishment of the database (December 2018) to January
2020. The clinical information was collected from all
patients (Supplementary Table 1).

Study design and participants

Inclusion criteria mainly followed the principles of
database case (Table 1).

We followed the patients for at least two years after
their second-look hysteroscopy procedure. During this
follow-up period, we considered a successful ongoing
pregnancy, confirmed by ultrasound at or beyond 12 weeks,
as a positive outcome [18]. The sample size was analyzed
by the power of test efficacy (Supplementary Table 2). The
design schematic of the study is shown in Figure 1.

Table 1. Inclusion and exclusion criteria.

Inclusion criteria

1. Patients with previously diagnostic hysteroscopy confirmed adhesions
combined with infertility or recurrent pregnancy loss (early pregnancy
loss >2);

Patients desiring to conceive (20-45 years);

2. Patients without gynecological endocrine disorders (e.g. PCOS) and
AMH > Tng/ml;

3. No sperm abnormalities in the male partner;

4. Patients who signed informed consent form;

Exclusion criteria

1. Patients without second-look hysteroscopic images

2. Patients with substandard hysteroscopic image angles

3. Patients with low-resolution hysteroscopic images

4. Patients with black and white images

5. Patients with distorted scanned images of paper reports.
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Figure 1. The comprehensive study can be divided into two phases: modelling and testing the system. The selected hysteroscopic
images are processed by CNN. Differences in processing algorithms ultimately achieve three outcomes (one primary outcome and
two secondary outcomes). Proportional hazard CNN system comprised the convolutional neural network combined with deep
neural network CPH (Deepsurv). The system was trained (training set) and tuned (validation set) using the images from the mod-
eling cohort. To assess the system’s performance and advantages, we conducted diagnostic tests and cost-benefit analyses in a
separate test cohort. This evaluation compared the system’s accuracy to established methods like the InceptionV3 classifier and
other relevant indicators. The secondary outcomes were the models’ evaluation and a quantifiable visualization panel. Concordance
index (c-index) and cumulative time-dependent ROC curve were performed to evaluate the two models for their fitting and
time-stable. To achieve the system’s quantifiable visualization panel, unsupervised learning, and Grad-CAM algorithms were
employed to visualize and modularize extracted features clustered to corresponding intrauterine pathological characteristics. The
clustering analysis revealed distinct patient subgroups based on their features. This suggests that the identified clusters could be
valuable for guiding personalized treatment approaches.

The study was reported according to the STARD
[24] (Supplementary Table 3).

Diagnosis and treatment of Asherman’s syndrome

The diagnosis of AS was conducted following estab-
lished guidelines, and then confirmed via hysteros-
copy. Experienced endoscopic surgeons performed

hysteroscopic adhesiolysis in all patients under general
anesthesia to remove intrauterine adhesions visualized
during the procedure. Olympus S70 series equipment
and physiological saline perfusion were used. General
anesthesia was administered via endotracheal intuba-
tion combined with intravenous anesthesia. Routine
cervical preparation was performed in the later stages
before surgery [25,26]. The surgery was guided by
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transabdominal ultrasound. During hysteroscopy, the
morphology of uterine cavity and extent of adhesions
were fully observed, tissue adhesion was examined, and
scar tissue was excised to ensure that the residual
endometrium allowed the uterine cavity to return to a
normal shape without adhesions. After adhesiolysis, a
suitable balloon was placed to create an intrauterine
physical barrier, which was removed after 5-7 days [27].
After 3months of postoperative estrogen and proges-
terone therapy, hysteroscopic postoperative exploration
was conducted, and patients were encouraged to
attempt conception. Patients who failed to conceive
after 1year and had no evident adhesion recurrence
upon re-examination were encouraged to undergo
assisted reproductive technology (ART) treatment.

Convolutional neural network model development

A total of 4922 hysteroscopic images were screened
and processed for model training and validation. The
detailed process of image collection is shown in
Supplementary Table 4. This study compared two
types of CNN models: the proportional hazard and the
InceptionV3 framework CNN classifier. Models were
constructed in TensorFlow 2's Keras-based environment.

The proportional hazard CNN combines convolu-
tional neural networks and proportional hazard mod-
els, allowing it to learn and predict how fertility
outcomes change over time. This makes it particularly
suitable for fertility assessments. InceptionV3 is a
pre-trained deep learning model that has shown out-
standing performance in image classification tasks.
Therefore, its performance in predicting fertility out-
comes was compared with that of the designed pro-
portional hazard CNN.

For the proportional hazard CNN: Appropriate methods
for proportional hazard CNN were explored by designing
and training an autoencoder for flatbed images (14112
abstract features). To train our proportional hazards deep
learning model, we employed the DeepSurv algorithm.
This algorithm adjusted the model’s internal parameters to
optimize its ability to predict the likelihood of events (like
pregnancy) over time. The loss function is the average
negative log partial likelihood with regularization:

1 ~ ol(x;
lﬂ :_N_ZI:E,:1(h9 (Xi _IOngezR(Tl)eh : ))+/1||9||§) [26.28].
E=1

This establishes a time-related deep learning model.
For the InceptionV3: We directly applied the pre-trained
InceptionV3 model to predict fertility outcomes, while
fine-tuning its last layer to adapt to our task.
Patients in the modeling cohort were randomly
divided into training and validation sets (8:2) for
parameter adjusting (Supplementary Table 5). To

optimize the performance of our model, we performed
hyperparameter tuning by adjusting model parameters
based on performance on the validation set to find
the optimal model configuration. We employed grid
search method to explore different combinations of
hyperparameters to find the best hyperparameter set-
tings. Moreover, we utilized cross-validation to assess
the stability of the model across different data inter-
vals within the training set (Supplementary Table 6).

Statistical analysis

Z tests were used to determine the significance of the
AUC of the receiver operating characteristic (ROC)
curve via the pROC package in R. Decision curve anal-
ysis (DCA) and clinical impact curve (CIC) were per-
formed using the DecisionCurve package in R [29].
Missing values (less than 10%) were imputed using
multiple imputations (mice package; in R, version 3.6.2).

Quantifiable visualization panel

Gradient-weighted Class Activation Mapping (Grad-
CAM) is a technique for creating visual explanations
that use the gradients of an arbitrary target concept
that feed into the final convolutional layer to create a
coarse localization map that highlights essential
regions in the image for concept prediction. We lever-
aged this capability to develop visualization panels for
proportional hazard CNN that can highlight intrauter-
ine pathologies.

We performed a quantitative analysis of intrauterine
pathologies using an unsupervised learning algorithm.
Specifically, we clustered the codes with high correla-
tion in the encoding matrix using the weighted cor-
relation (Pearson approach, a; :|cor(xi yj)|ﬁ). We then
connected the clustered network with clinical traits
that correlated highly with the codes. This process
enabled us to produce quantifiable image features
reflecting intrauterine conditions [30,31]. Feature cor-
relation modules corresponded to branches of the
resulting hierarchical clustering tree (dendrogram) [32].

Results
Patients

The Five hundred fifty-five patients were randomly
divided into the modeling and test cohorts (3:1) for at
less two years of follow-up. The baseline clinical char-
acteristics are shown in Supplementary Table 7.
Nevertheless, patients in whom severe adhesions
recurred during follow-up, requiring a second
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procedure, were terminated from the cohort and clas-
sified as treatment failures. Finally, 379 and 102 cases
in the modeling (303 for parameter training and 76 for
hyper-parameter validating) and test cohorts, respec-
tively, were included for analysis (Supplementary
Figure 1). The modeling cohort was divided into 303
cases for parameter training (training set) and 76 cases
for validating hyperparameter tuning (validation set).

Of the 303 women assigned to the training set, 112
(36.96%) achieved ongoing pregnancy during the
follow-up period, including 71 within one year.

Of the 76 women assigned to the validation set, 36
(47.37%) achieved ongoing pregnancy during the
follow-up period, including 18 within one year.

Of the 102 women assigned to the test cohort, 39
(38.24%) achieved ongoing pregnancy during the
follow-up period, including 24 within one year.

Primary outcome

The primary outcome of this study was predicting the
natural conception within one year, which can effec-
tively screen out subfertility patients. The study tested
two types of CNN networks: proportional hazard and
InceptionV3 framework network. AUCs of the propor-
tional hazard approach achieved 0.982(95%Cl; 0.967-
0.994) in the training set, 0.992(95%Cl; 0.979-1) in the
validation set, and 0.990(95%Cl; 0.974-1) in the test
cohort. Those were significantly superior to the
InceptionV3 framework classifier [AUCs of 0.917 (95%CI;
0.893-0.941), 0.779 (95%Cl; 0.668-0.891), 0.885 (95%Cl;
0.828-0.943)] and the traditional predictors (P,;<0.05)
(Figure 2A-C). After excluding subjects who had under-
gone ART treatment in the training set (n=4), validation
set (n=2), and test cohort (n=1) within one year, the
proportional hazard approach achieved AUCs of 0.982
(95% Cl; 0.971-0.995), 0.992 (95% Cl; 0.978-1), and
0.989 (95% CI; 0.973-1), respectively, which was also
significantly better than others (Supplementary Figure
2). Similarly, the proportional hazard approach per-
formed remarkably in other diagnostic tests, including
sensitivity, specificity, Youden index (YI), positive predic-
tive value (PPV), and negative predictive value (NPV), as
detailed in Table 2. These results suggest that the pro-
portional hazard approach can effectively predict natu-
ral conceptions within one year compared with the
transfer learning approach and traditional predictors.
Accurate indicators represent a favorable clinical
benefit rate reflected by clinical decision and impact
curves. The conception failure rate of 76.47% within
one year was used as the risk (intervention) threshold
for net benefit prediction. The proportional hazard
CNN approach showed that patients in the test cohort
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had a net benefit of 66.8 (95% Cl; 59.3, 73.5)%, 68.2
(95% ClI; 56.4, 82.9)%, and 69.4(95% Cl; 54.6-82.4) % at
this threshold, outperforming others (Figure 2D-F).
Stratified analyses of the test cohort were con-
ducted based on clinical traits that may affect out-
comes to validate the stability of the model. Cox
univariate analysis identified 14 indicators that may
affect outcomes (Supplementary Figure 3). No clinical
traits could significantly affect the system accuracy. A
sensitivity analysis of the predicted results was also
conducted by sequentially dropping each operator,
furtherly demonstrating the model’s robustness
(Supplementary Figure 4).

Secondary outcomes

Secondary outcomes of this study include models’ eval-
uations and establishing a quantifiable visualization
panel for the image-deep-learning system. When time
were added for dependent variable, concordance index
(c-index) and inverse probability of censoring weighting
estimation of cumulative time-dependent ROC curve
should be performed to evaluate the two models.
C-indexes of the proportional hazard vs. InceptionV3
model were 0.940 (95% Cl; 0.924-0.953) vs. 0.991 (95%
Cl; 0.980-1), 0.920 (95% Cl; 0.889-0.950) vs. 0.829 (95%
Cl; 0. 728-0.930), 0.925 (95% Cl; 0.901-0.949) vs. 0.932
(95% Cl; 0.889-0.974) in the training set, validation set,
and test cohort, respectively, all with high performance.
AUCs exhibited that, with timepoint variations, the pre-
diction results of proportional hazard CNN were more
stable than those of the InceptionV3 classifier during
the follow-up period (2years) (Figure 3). This indicates
that the proportional hazard CNN is capable of accu-
rately predicting the probability of pregnancy for
patients at each time point. This approach avoids the
limitations of the InceptionV3 classifier, which can only
provide predictions for a single point in time. Our pro-
portional hazard CNN, in contrast, offers a significant
advantage by predicting fertility outcomes across time.
This allows clinicians to gain a more comprehensive
understanding of a patient’s fertility potential and make
more informed treatment decisions in managing subfer-
tility caused by AS.

The quantifiable visualization panel offered the
results of imaging and quantitative evaluation of hys-
teroscopic features in patients with or without success-
ful conception, respectively. Figure 4A shows the
imaging results of the pathologies performed by
Grad-CAM. Patients with failed conception are high-
lighted red for unfavorable factors, indicating morpho-
logical anomalies and occluded fallopian tube ostia by
adhesion bands. In contrast, patients with successful
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Figure 2. One-year conceiving prediction evaluations. ROC of proportional hazard CNN, InceptionV3, AFS, CSGE, and endometrial
thickness for predicting of successful conception within one year in the training set (A), validation set (B), and test cohort (C). The
corresponding AUCs for each method are presented in the table below. Decision curve analysis (DCA) and clinical impact curve
(CIC) of the proportional hazard CNN system for the training set (D), validation set (E), and test cohort (F). The X-axis represents
the threshold probability for infertility outcome; the Y-axis represents the net benefit. The net benefit of all machine learning
models was larger over the range of clinical threshold (subfertility rate) compared to the reference model and other indicators.
AFS=American Fertility Society score, CSGE=Chinese Society of Gynecological Endoscopy score.

conception are highlighted blue for favorable aspects,
representing healthy endometrium and adequate blood
supply. The subfertility weights were highly clustered as
Uterine cavity morphology features (UCMFs, p=4x107"2),
Fallopian tube ostia features (FTOFs, p=107"),
Endometrial thickness features (ETFs, p=10~""), and

Blood supply features (BSFs, p=2x10#4). The coefficient
of determination (R?) of these characteristics for subfer-
tility was 1521% (p=6x10"5), 36% (p=3x10738),
11.56% (p=2%10""), and 16.81% (p=4x10""), in order.

Figure 4B presents the model results alongside
two examples of its quantifiable visualization panels.
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Table 2. Diagnostic test of each evaluation metrics in the three datasets.
Coharts Term Sensitivity (%) Specificity (%) Yl PPV (%) NPV (%)
Training  PHCNN 95.77 (88.1 — 99.1) 92.67 (88.5 — 95.7) 0.8845 0 (71.6 — 86.4) 98.6 (95.9 — 99.5)
InceptionV3 100 (94.9 — 100.0) 82.76 (77.3 — 87.4) 0.8276 64 (57.2 — 70.2) 100
AFS 44.83 (383 — 51.5) 78.87 (67.6 — 87.7) 0.237 87.4 (81.2 — 91.7) 30.4 (27.0 — 34.1)
CSGE 54,93 (42.7 — 66.8) 66.38 (59.9 — 72.4) 0.2131 33.3 (27.5 — 39.8) 82.8 (78.6 — 86.3)
Endometrial thickness ~ 88.73 (79.0 — 95.0) 42.67 (36.2 — 49.3) 0.314 32.1 (29.2 — 35.2) 92.5 (86.4 — 96.0)
Validation PHCNN 100 (81.5 — 100.0) 94.83 (85.6 — 98.9) 0.9483 85.7 (66.6 — 94.8) 100
Inception V3 94.44 (72.7 — 99.9) 60.34 (46.6 — 73.0) 0.5479 42 5 (345 — 50.9) 97.2 (83.7 — 99.6)
AFS 70.69 (57.3 — 81.9) 50 (26.0 — 74.0) 0.2069 2 (73.6 — 88.2) 34.6 (22.3 — 49.4)
CSGE 51.72 (38.2 — 65.0) 83.33 (58.6 — 96.4) 0.3506 909 (77.6 — 96.7) 349 (27.7 — 42.9)
Endometrial thickness  88.89 (65.3 — 98.6) 41.38 (28.6 — 55.1) 0.3027 2 (26.4 — 38.2) 92.3 (75.8 — 97.9)
Test PHCNN 95.83 (78.9 — 99.9) 98.72 (93.1 — 100.0) 0.9455 95 8 (76.6 — 99.4) 98.7 (91.9 — 99.8)
Inception V3 97.44 (86.5 — 99.9) 96.83 (89.0 — 99.6) 0.9426 5 (82.9 — 98.7) 98.4 (89.8 — 99.8)
AFS 71.79 (55.1 — 85.0) 4921 (36.4 — 62.1) 0.21 467 (39.0 — 54.5) 73.8 (61.7 — 83.1)
CSGE 69.23 (52.4 — 83.0) 50.79 (37.9 — 63.6) 0.2002 46.6 (38.6 — 54.7) 72.7 (61.1 — 81.9)
Endometrial thickness ~ 87.18 (72.6 — 95.7) 47.62 (349 — 60.6) 0.348 50.7 (44.2 — 57.3) 85.7 (71.8 — 93.4)

Figure 3. Inverse probability of censoring weighting estimation of cumulative time-dependent ROC curve of (A) training set, (B)
validation set, (C) test cohort. The horizontal axis represents the duration of follow-up time, while the vertical axis represents the
area under the curve (AUC) used for predicting ongoing pregnancy at each time point. This graph illustrates the relationship
between the AUC and the duration of follow-up time, providing insights into the predictive ability of ongoing pregnancy.

The process of training the panel and region of inter-
est (ROI) within the convolutional layers were
described in detail in Supplementary Figure 5. The
model analyzed intrauterine pathologies and calcu-
lated assessment scores or probabilities based on
cluster characteristics. These scores were then com-
pared to the assessment made by two hysterosco-
pists. To facilitate analysis, each score was classified
as either low or high-risk, according to the cut-off
value. With respect to risk factors indicating the pres-
ence of conception difficulties, there was high agree-
ment between the weights quantification scheme of
the image-deep-learning system and the assessment
of the senior hysteroscopist. The kappa values were
0.89 (95%Cl; 0.842—-0.937) [Inadequate blood supply],
0.86 (95%Cl; 0.81-0.91) [Insufficient endometrial
thickness], 0.84 (95%Cl; 0.79-0.891) [occluded fallo-
pian tube ostia], and 0.837 (95%Cl; 0.783-0.890)
[morphological anomalies], respectively.

Discussion

For Asherman’s syndrome, the lack of effective meth-
ods for assessing fertility after adhesiolysis often con-
tribute to over-reliance on ART, resulting in potential
medical resources waste and healthcare costs increase.
This study is a novel attempt to develop an image
deep-learning system, based on hysteroscopy to pre-
dict postoperative patients’ fertility. Additionally, a
panel was designed to quantitatively visualize the
intrauterine pathologies of at-risk populations to sup-
port individualized therapy.

This study selected hysteroscopic images for deep
learning to predict reproductive outcomes for AS. It is
generally caused by damage to the endometrium’s
basal layer. Potential risk factors include D&C, other
intrauterine procedures, and infections. Studies have
demonstrated a relatively high prevalence of AS
(19.4%) in women who have undergone uterine fibroid
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Figure 4. Examples of quantifiable visualization panel presentations (two examples). Both cases were from the test cohort. The
case with successfully conceiving was 35-yo, while the failed one was 24-yo—both with an AFS score of 10 preoperatively. (A)
UMAPs of each intrauterine pathological feature. Darkens of blue represent a significant relationship between the module and the
corresponding pathology. (B) Visualization examples. The two examples are the input pictures (left) and the weighted heat map
(right) for conception failure (top) and success (bottom) subjects, respectively. Patients with failed conception are highlighted red
for unfavorable factors, while patients with successful conception are highlighted blue for favorable aspects. UCMF = uterine cavity
morphology feature, FTOF =fallopian tube ostia feature, ETF =endometrial thickness feature, BSF =blood supply feature.



removal [32]. This high prevalence increases the risk of
infertility in women [7]. Hysteroscopy is an essential
part of fertility evaluation. A limited number of studies
have reported on the ability of endometrial status and
endometrial vascular distribution by direct intrauterine
visualization to assess endometrial receptivity, all with
favorable results. For the two methods, sensitivities
were 75% and 71.43%, while specificities were 71.43%
and 61.11%, respectively [13]. Computer-aided diag-
nostic techniques can effectively shorten the learning
curve. The accuracy of hysteroscopic assessment is fur-
ther advanced.

In the field of reproductive health, previous studies
have demonstrated the potential value of Al models.
GhoshRoy et al. [33,34] proposed a male fertility pre-
diction model based on support vector machine, ran-
dom forest, extreme gradient boosting (XGB), and
SMOTE techniques, visualising the model’s interpreta-
tion using SHAP. Similarly, in our previous research
focusing on AS, we also developed predictive models
based on clinical data [14,15,35], utilising algorithms
such as decision trees and XGBoost, which demon-
strated high levels of predictive efficiency and model
interpretability. With regard to data analysis, Al models
have the potential to enhance data augmentation, fea-
ture extraction, and interpretability [36], particularly in
the context of computer vision in this field, which still
requires further exploration. This study presents a pre-
liminary exploration of the prediction of fertility using
AS hysteroscopic images and visualises the risk of
intrauterine areas affecting fertility based on model
interpretation. These explorations contribute to a bet-
ter understanding of the role of artificial intelligence in
fertility analysis and the potential to improve repro-
ductive health outcomes.

The advantage of deep learning for images (CNN
approach) over traditional machine learning models is
that tens of thousands of parameters are generated as
the number of convolutional layers increases, which
allows CNN to fit high-performance models with small
sample sizes. As reported, an InceptionV3 framework
model was developed using 123 ureteroscopes images
to discriminate the types of urinary calculi, which
achieved an AUC of 99% [37]. Besides, A CNN to pre-
dict chemotherapy response rates in rectal cancer
used 303 cases as modeling data getting a high per-
formance as well [19]. The issue for CNN models is fre-
quently their low accuracy in other datasets due to
overfitting instead of underfitting. To this end, this
study took advantage of prospective data, which can
standardize the image acquisition process. This reduced
the heterogeneity issue caused by the different acqui-
sition angles and locations, resulting in a promising
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performance in all three data tests. Furthermore, we
designed virtual image frameworks to standardize the
position of graphic acquisitions [25,26,38], which could
further reduce training costs and increase clinical
applicability in subsequent studies.

We investigated two models for predicting hystero-
scopic reproductive outcomes: a proportional hazard-
based CNN and a transfer learning classifier. Transfer
learning, where a pre-trained model is adapted to a
new task, is a common approach in computer vision.
InceptionV3, a popular pre-trained model, excels at
image classification due to its extensive training on
large datasets [26,39]. However, these classification
models may not effectively capture the temporal
aspects crucial for predicting fertility outcomes. In this
study, we compared two deep learning approaches for
predicting hysteroscopic reproductive outcomes: a
proportional hazard model and a transfer learning
classifier based on InceptionV3. Notably, the propor-
tional hazard model achieved superior performance,
particularly when considering time-dependent factors.
This advantage was due to the model’s inherent ability
to incorporate time as a dependent variable. This
allows for more stable and accurate predictions across
the entire follow-up period, making it more suitable
for risk stratification compared to the InceptionV3-based
transfer learning model.

Traditional AS evaluation systems (AFS, ESGE, or
CSGE) can stratify and predict reproductive outcomes
for intrauterine adhesions via a risk-stratification system
[40,41]. A retrospective study by Cao et al. [41] analyzed
the effectiveness of different AS evaluation systems in
assessing live birth rates, with AUCs for AFS and CSGE
being 0.663 and 0.684, respectively, which were consis-
tent with our results. Endometrial thickness is also an
essential indicator with high sensitivity and low specific-
ity for predicting fertility [13]. This was proven by our
results, as well. In this study, the proportional hazard
CNN system was superior in diagnosis, compared to the
aforementioned methods. Additionally, the model’s net
benefit of prejudgment was 3-5 times higher than
other indicators. All of these results demonstrate their
potential utility for clinical applications.

Application of deep learning in healthcare face two
major hurdles: limited generalizability and lack of inter-
pretability [1]. Clinicians require clinically interpretable
data to develop effective treatment plans [19]. This
aligns with medical ethics principles, where doctors
often explain treatment options and patient conditions
in terms of probabilities rather than absolute certainties.
Previous deep-learning classifiers do not adequately
overcome these challenges [42]. To address these issues,
we developed a quantifiable visualization panel to
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visually and quantitatively characterize the four patho-
logical characteristics: Uterine cavity morphology, fallo-
pian tube ostia, endometrial thickness, and blood
supply. It has been suggested that all of these patho-
logical characteristics may play some role (>15%) in
embryo implantation by Zilberberg et al. [43]. In this
study, these pathological factors were also found to
contribute to an increased risk of subfertility. The quan-
tifiable visualization panel allows subfertility classifica-
tion based on hysteroscopic pathological characteristics,
which  can assist in  individualized therapy
postoperatively.

Because there is no practical method to prevent the
recurrence of IUA, timely ART treatment may achieve a
successful pregnancy before re-adhesions. However,
the criteria for ART triage and the timing of interven-
tion remain controversial. The study identified
90-180days after the procedure as the optimal win-
dow for IVF success, but this timeframe coincides with
a significant increase in treatment costs. To select
high-risk patients for ART triage, the proportional haz-
ard CNN system, which is flexible and accurate, would
be a reasonable choice. Additionally, appropriate inter-
vention options are of equal clinical concern. Previous
studies have shown that retreatment of severe uterine
cavity abnormalities that persist after surgery may be

one of the options to consider for improving the suc-
cess rate of ART [10]. Regarding postoperative occluded
fallopian tube ostia, IVF is undoubtedly the preferred
solution [44]. Insufficient endometrial thickness is,
obviously, also an essential factor contributing to sub-
fertility. The use of the EMT as a tool for deciding
whether to terminate the cycle, freeze all embryos, or
forego further IVF treatment remains controversial.
Current data suggest that the EMT has a limited ability
to identify women with a low chance of becoming
pregnant after IVF. Regimens in ongoing clinical trials,
such as amnion grafts, stem cell therapy, and
platelet-rich plasma, appear to be alternative options
for endometrial repair [45-47]. Blood supply is also
critical to successful ongoing pregnancies, and the
success rate of IVF can be more than twice as high
with an adequately perfused uterus as with a poorly
perfused one. Most current treatment modalities are
synergistic with endometrial repairs [48]. Identifying
these pathological characteristics allows subgrouping
and individualizing treatment for the subfertility popu-
lation. We designed the corresponding clinical applica-
tion flow according to the model, as shown in Figure 5.

Al-based visualization interfaces can also enhance
traditional hysteroscopy training. While surgeons
require substantial hands-on experience to develop

Figure 5. Image-deep-learning system clinical application flow. Postoperative patients with better fertility predicted by propor-
tional hazard CNN can attempt to conceive spontaneously for one year, while patients with predicted subfertility may recommend
ART triage. Based on available evidence, individualized treatment may be helpful if intrauterine pathologies (morphological abnor-
malities, occluded fallopian tube ostia, insufficient endometrial thickness, and inadequate blood supply) are detected negatively
to affect successful conception. ART=assisted reproductive technology.



proficiency in diagnostic techniques [43], Al can pro-
vide real-time feedback during the learning process.
These intuitive interfaces can highlight potential indi-
cators of infertility and intrauterine abnormalities,
expediting skill development.

Despite the promising findings, this study has some
limitations. While this pilot study highlights the poten-
tial of image-deep learning model, it was based on a
small sample size. Larger datasets typically are needed
to improve the generalizability of the model. Therefore,
we plan to collect additional data for further valida-
tion. Moreover, the study is currently at the stage of
partial analysis, used for model exploration. However,
sample size calculations indicated sufficient power
(over 90%) to draw reliable conclusions from this initial
phase. In future, we shall recruit more data to conduct
a comprehensive validation to assess the model’'s gen-
eralizability in real-world clinical use.

Conclusion

This study presents a novel deep learning model utiliz-
ing proportional hazard CNN. The model demonstrates
promising accuracy in predicting fertility outcomes for
patients with AS who have undergone hysteroscopic
adhesiolysis. Our study achieved two key results. First,
the model significantly outperformed existing methods
in predicting pregnancy outcomes for patients. Second,
the accompanying quantitative visualization panel offers
clinicians an intuitive tool. This tool allows them to not
only understand the Al model’s predictions but also
leverage them to develop personalized treatment plans
for each patient. This study offers a promising initial
demonstration of how Al technology can be applied in
fertility assessment. The model and visualization panel
provide a novel perspective and valuable tools for pre-
cision medicine in the clinical management of fertility.
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