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Objective: Infertility caused by endometriosis (EM) directly affects the possibility of pregnancy in women of gestational age. This
study aims to establish a prediction model to accurately predict the natural pregnancy outcome of patients with EM, providing valuable
information for clinical decision-making.

Methods: We retrospectively selected a total of 496 patients who underwent their first laparoscopic surgery for infertility at the
Obstetrics and Gynecology Department of Jingzhou Central Hospital from January 2016 to June 2023. An improved endometriosis
fertility index (EFI) predictive model was created based on ultrasound radiomics and urinary proteomics gathered during the patient’s
initial admission, using two machine learning algorithms. The predictive model was evaluated for C-index, calibration, and clinical
applicability through receiver working characteristic curve, decision curve analysis.

Results: The improved EFI prediction model nomogram, based on five ultrasound radiomics parameters and three urine proteomics,
had AUC values of 0.921 (95% CI: 0.864—0.978) and 0.909 (95% CI: 0.852—0.966) in the training and validation sets, respectively,
while the traditional EFI prediction model had AUC values of 0.889 (95% CI: 0.832-0.946) and 0.873 (95% CI: 0.816-0.930) in the
training and validation sets, respectively. Additionally, the nomogram exhibited better discrimination ability and achieved an overall
better benefit against threshold probability than the EFI model and decision tree in the decision curve analysis (DCA).
Conclusion: The combined ultrasound radiomics—urine proteomics model was better able to predict natural pregnancy-associated
patients with EM compared to the classical EFI score. This can help clinicians better predict an individual patient’s risk of natural
pregnancy following a first-ever laparoscopic surgery and facilitate earlier diagnosis and treatment.
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Introduction
Endometriosis (EM), as a benign gynecological disease in which endometrial glands and stroma appear outside the
uterus, is most commonly found in the ovaries and uterosacral ligaments in clinical practice.'> From the etiology of
infertility, about one-third of infertile women are caused by EM.*> Therefore, it is particularly important to eliminate the
hidden dangers of infertility caused by EM and help achieve the expectation of natural conception during pregnancy. Up
to now, the tools for clinical assessment of EM-related infertility risk still rely on the clinical staging of EM proposed by
the American Society for Reproductive Medicine (ASRM) in 1979.%” Although the ASRM staging was revised twice
during the period, there was no significant correlation between the revised ASRM staging (rASRM) and the postoperative
natural pregnancy rate.®

In 2010, Adamson et al proposed the Endometriosis Fertility Index (EFI) to predict the natural fertility rate of EM
patients after surgery.”'® Indubitably, the EFI is a scoring system based on laparoscopic surgery, which poses risks of
surgery related and postoperative ovarian reserve dysfunction. In clinical practice, for patients with r-ASRM assessed as
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stage ITII-IV, it is usually recommended that they actively undergo assisted reproductive technology.'' Therefore, if EFI
can be predicted before laparoscopic surgery, doctors can provide more objective consultation on fertility issues in
patients diagnosed with EM. Fortunately, Tomasetti et al have proposed a preoperative EFI scoring system through
prospective research, which can accurately estimate EFI based solely on clinical and imaging examination (ultrasound)
data.'? As a creatively constructed EFI evaluation system, it still needs to optimize and improve its predictive
performance, especially in the exploration of improved EFI, in order to achieve unparalleled predictive ability, especially
in the preoperative evaluation stage.

In recent years, ultrasound radiomics has shown significant application value in the field of gynecology, especially in
the diagnosis and treatment of gynecological malignant tumors.'* For example, ultrasound radiomics can provide detailed
information about tumor heterogeneity and biological behavior by analyzing the imaging features of tumors, such as
shape, texture, intensity, etc.'*'> This is particularly important for preoperative evaluation of malignant tumors, as it can
help doctors more accurately determine the invasiveness of the tumor and predict high-risk factors such as lymph node
metastasis and parametrial invasion.'® In fact, ultrasound radiomics has shown great potential in the diagnosis and
treatment of EM, especially in extracting a large amount of image information from ultrasound images and combining it
with artificial intelligence and other methods to provide additional information beyond what conventional ultrasound can
explore, thereby improving the accuracy of ultrasound diagnosis. So far, although existing studies have not directly
mentioned the application of ultrasound radiomics in the treatment of EM, the progress of radiomics in tumor treatment
suggests that radiology may predict treatment outcomes by analyzing the ultrasound image features of tumors, thereby
guiding treatment strategies. In addition, the application of urinary proteomics in EMs is mainly reflected in the analysis
of differential proteins in urine through proteomics techniques to identify potential diagnostic markers and therapeutic
targets.'” Recent study has shown that histone 4 (H4) levels are elevated in the urine of patients with ovarian
endometriosis, providing a new biomarker for early diagnosis of endometriosis.'® However, it is still unknown whether
urine proteomics has the potential to enhance natural pregnancy outcome prediction in patients with EM.

At present, there is not yet abundant studies on the combined application of ultrasound radiomics and urine
proteomics for EM. But theoretically, the combination of these two methods may provide more comprehensive and
accurate information for the diagnosis and treatment of EM. In this study, we will combine these two methods to help
doctors potentially improve EFI prediction performance earlier and more accurately, and develop more personalized

treatment plans.

Materials and Methods
Study Population

We retrospectively selected a total of 496 patients who underwent their first laparoscopic surgery for infertility at the
Obstetrics and Gynecology Department of Jingzhou Central Hospital from January 2016 to June 2023. The selection
criteria are as follows: (1) Patients who have had normal sexual activity for more than 1 year, have not used contra-
ception, are not pregnant, and have been diagnosed with EM; (2) Admitted for gynecological three-dimensional
ultrasound imaging examination, and the imaging data are complete; (3) Patients who retain qualified urine samples
upon admission; (4) The patient is at least 20 years old and has signed a research informed consent form. Exclusion
criteria: (1) Patients with postoperative pathological diagnosis of non EM, combined with adenomyosis and male factor
infertility; (2) Other lesions that may lead to infertility, such as salpingitis secondary to pelvic infection or submucosal
fibroids; (3) Patients with organic lesions such as liver and kidney dysfunction; (4) Patients who have undergone pelvic
surgery before surgery or have been confirmed to have pelvic benign or malignant tumors; (5) Patients with incomplete
or missing inpatient case information; (6) Patients who refuse to undergo three-dimensional ultrasound examination of
the uterus or adnexa, or have incomplete or substandard ultrasound imaging data. This study has been approved and
agreed to be conducted by the Medical Ethics Committee of Jingzhou Central Hospital. All patients included in this study
are aware of and have signed informed consent forms, and strictly comply with the Helsinki Declaration. The patient

inclusion and prediction model construction are shown in Figure 1.
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Figure | Flowchart for screening and constructing prediction models for the included population.

Definition of Postoperative Natural Conception

The patients included in this study are all women of childbearing age, ranging from 20 to 45 years old. All patients
underwent laparoscopic minimally invasive surgery and attempted natural preconception. Usually, ultrasound examina-
tion can show clear gestational sacs and fetal buds in the uterus, and pregnancy can be confirmed through human
chorionic gonadotropin (HCG) testing in blood. If HCG levels are elevated and there are gestational sacs and fetal
heartbeats visible in the uterine cavity through ultrasound, it is usually considered a successful clinical pregnancy.

Texture Capture and Parameter Extraction in Radiomics
We use the S2000 ultrasound diagnostic instrument from Siemens in Germany, with the probe detection frequency set to
4-9 MHz. All patients underwent routine ultrasound examination of the uterine adnexa within 1 week before surgery.
They were placed in a supine position and multiple sections of ovarian chocolate cysts were scanned to observe the
nodules. On the basis of good-quality two-dimensional ultrasound images of the nodules, the largest section of the
nodules was stored, and the images were stored in DICOM format on the hard drive. Two physicians with over 5 years of
experience in gynecological ultrasound diagnosis applied the ITK-SNAP 3.8 software to manually delineate the region of
interest (ROI) along the approximate contour of the ovarian cyst on ultrasound image, under the premise of unknown
pathological examination results. Then, the texture capture area was automatically expanded outward by 2 mm based on
the boundary delineated by the intra tumor ROI. Pyradiomics software is applied to extract radiomics features from the
delineated ROI region, which mainly includes four types of features: morphological features, first-order histogram
features, texture features, and wavelet features. The texture features mainly include gray level run length matrix
(GLRLM), gray level co-occurrence matrix (GLCM), gray level dependence matrix (GLDM), gray level size zone
matrix (GLSZM), and neighborhood gray tone difference matrix (NGTDM).

The Z-score method was used to normalize the extracted ultrasound imaging omics features, followed by #-test,
Pearson correlation analysis, and least absolute shrinkage and selection operator (LASSO) feature selection. The
ultrasound imaging omics features with non-zero coefficients were selected using 10-fold cross-validation hyperpara-

meters. After selecting the optimal features, an imaging omics support vector machine (SVM) model was constructed.
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According to the imaging omics score calculation formula Rad Score=X0+X1Y 1+X2Y2+X3Y3+.+XnYn, the Rad Score
score for each endometriotic cyst was calculated, where Yn represents the selected feature. The radiomics features of the
ultrasound images are as follows: X0 is the constant of Rad Score, and Xn is the regression coefficient of the
corresponding feature in the regression model.

Urinary Proteomic Analysis and Biomarker Screening
The clinical samples were obtained after clinical urine routine testing, and the urine routine results were normal. The
urine protein dry chemistry test was negative. After centrifugation at 3000 x g for 15 minutes, the supernatant was
collected and frozen at —80 °C. We used an Orbitrap Exploris 480 mass spectrometer (Thermo Scientific, USA) coupled
with an EASY nLC 1000 (Thermo Scientific, USA) chromatograph for data analysis in a dependent acquisition mass
spectrometry mode. The digested peptides were separated on a RP C18 self filled capillary LC column (75 pm % 100 mm,
particle size 3 um), and the protein peptide segments were loaded in equal amounts. The elution gradient is 5%—30%
buffer B2 (0.1% formic acid, 99.9% acetonitrile; flow rate, 0.3 pl/min), and the peptide was eluted for 25 minutes.
The raw data were collected independently and analyzed using default settings by Spectronaut Pulsar 17.1
(Biognosys, Switzerland). Set the retention time prediction type to dynamic index retention time. MS2 level interference
correction has been enabled. The peptide intensity was calculated by summing the peak areas of the respective fragment
ions of MS2, and the protein peak intensity was calculated by summing the intensities of the respective peptides. Enable
cross-run normalization to correct system differences in liquid chromatography-mass spectrometry performance and use
local normalization strategy. Protein inference was performed using the ID selector algorithm in Spectronaut. Filter all
results using a Q cut-off value of 0.01 (corresponding to a false-positive detection rate of 1%). In this study, the HE4
(item number: SC-27570), ARF3 (item number: The antibodies sc-53167 and MYH10 (item number: sc-376942) were
purchased from Sanying Co., Ltd.

Development and Validation of Improved EFI Prediction Model

In order to reduce the bias caused by missing data, factors with missing values exceeding 20% were excluded during the
data collection stage. Implement multiple imputation (MI) techniques to address missing values in residual variables for
analysis. The MI method includes comprehensively considering the relationships between variables, assigning multiple
reasonable values to missing entries, and generating multiple interchangeable datasets. Tenfold cross-validation was
conducted to reduce overfitting and improve model stability. In the training set of patients, univariate logistic regression
was used to determine variables that were independently correlated with the results. We then select a P-value cutoff value
of 0.1 for feature selection.

We constructed preoperative EFI prediction models using two machine learning algorithms, namely generalized linear
regression (GLRM) and decision tree (DT). Among them, the candidate variables selected by the generalized linear
regression were analyzed through single factor and multiple factor regression, and the variables with a P-value less than
0.05 were finally included in the generalized linear regression model and presented as a nomogram visualization
prediction model. The decision tree was pruned using the random forest iterative algorithm, which involved screening
candidate variables at each branch node of the decision tree to be included in the final prediction model. Before
constructing the machine learning EFI prediction model, a preliminary screening of ultrasound radiomics variables
was conducted based on LASSO regression and Pearson correlation coefficient analysis, and the optimal combination of
candidate variables was included in the final prediction model construction.

Evaluation of the Efficiency of the Improved EFl Prediction Model

All patients underwent a modified EFI score before surgery and obtained a total score. Consistency prediction was made
based on the preoperative modified EFI score and postoperative natural pregnancy outcomes. We used receiver operating
characteristic (ROC) curves to evaluate the predictive ability of the model, calibration curves to evaluate the consistency
between model prediction probability and sample probability, and decision curve analysis (DCA) to evaluate the clinical
practicality of the model.
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Statistical Analysis

The data were analyzed and visualized using R software (version 4.2.2) and SPSS 26.0. Normal distribution and
homogeneity of variance tests were performed on the quantitative data. Two-sample independent #-tests were conducted
for those that followed a normal distribution. Mann—Whitney U-test was used to compare non-normal distribution
continuous variables, and chi-square test was used to compare categorical variables. Logistic regression and decision tree
are used to construct predictive models and plot ROC curves to obtain the accuracy, sensitivity, specificity, and area
under curve (AUC) of the model. P < 0.05 indicates a statistically significant difference.

Results

Clinical Characteristics and Postoperative Natural Pregnancy Outcomes

As shown in Table 1, we analyzed the medical history information, clinical symptoms, physical examination, ultrasound
results, and other aspects of all included patients and patients diagnosed with pathological results after surgery. A total of
496 EM patients were included in the final study. Among them, 179 EM patients failed to attempt natural conception
after surgery (89 patients chose assisted reproductive technology for pregnancy), while another 317 EM patients
successfully achieved natural conception within 1 year after undergoing laparoscopic surgery, including 11 (3.5%)
chemical pregnancies and 8 (2.5%) ectopic pregnancies. In addition, based on the distribution of postoperative EFI
scores, we found that 80.2% of the patients predicted EFI scores of 7-10 before surgery and 71.4% after surgery; The
lowest proportion is in the low score range (0—4 points), accounting for 3.6% and 5.9% before and after surgery,
respectively. Given this, we speculate that the higher EFI score may be related to the younger age and shorter duration of
infertility in the included population.

Screening of Additional EFl Score Candidate Feature
A total of 37 ultrasound-related omics features were obtained using PyRadiomics software, including 4 shape features, 8
first-order features, 4 gray level co-occurrence matrix features, 6 gray level region size matrix features, 6 gray level stroke
matrix features, 5 neighborhood gray level difference matrix features, and 4 gray level correlation matrices. As shown in
Figure 2A, five non-zero coefficient features were obtained through Spearman correlation, LASSO regression analysis for
dimensionality reduction, and screening. Among them, two shape features reflect the spherical characteristics and surface
area of the cyst; Two grayscale stroke matrix features and one grayscale region size matrix feature reflect the length non-
uniformity, grayscale variance, and region entropy of the grayscale region size matrix of the cyst; The feature of
a neighborhood grayscale difference matrix reflects the roughness of adjacent grayscale difference matrices in an image.
Next, we included variables with statistical differences between the natural pregnancy group and the non-natural
pregnancy group in the training set into Lasso regression analysis. As the regularization parameter A increased, the
regression coefficients of each variable tended to zero, and the number of non-zero coefficient variables also decreased
(Figure 2B). We drew vertical lines at the minimum value of A (A=0.014, Log A=—3.619) and select one standard error of
the minimum value of A as the optimal value (Figure 2C), and screen out 10 non-zero coefficient predictive variables,
including feature2, feature5, feature8, feature9, featurel0, HE4, ARF3, and MYHI10. Finally, SHAP analysis was
conducted on the weight distribution of candidate variables in the generalized linear regression model and decision
tree (Figure 2D and Supplementary Table 1).

Construction of an Improved EFl Prediction Model Based on Nomogram

As shown in Table 2, among the four candidate features included, both univariate and multivariate logistic regression
analyses showed significant statistical differences (P<0.05). So, we constructed a visual nomogram based on five
candidate parameters (Figure 3A). Compared to traditional EFI scoring, the improved version of EFI scoring has been
assigned new scores and weights, as well as additional ultrasound radiological parameters and urine proteomics. The total
score was obtained based on the weight scores of each parameter in the nomogram, which was the improved EFI scoring.
Furthermore, in order to evaluate the robustness of the improved EFI prediction model, we conducted 1000 resampling
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Table | Clinical Characteristics and Omics Parameters of Patients With Endometriosis

Variables Training cohort P-value Testing cohort P-value
Overall (N=C) Pregnancy (N=219) Non-Pregnancy (N=128) Overall (N=149) Pregnancy (N=98) Non-Pregnancy (N=51)

Age (median [IQR]),year 32.00 [26.00, 39.00] 32.00 [26.00, 39.00] 32.00 [26.00, 40.00] 0.932 32.00 [26.00, 40.00] 32.00 [26.25, 40.00] 31.00 [24.50, 38.00] 0.23

BMI (median [IQR]),kg/m2 22.70 [20.95, 25.40] 22.70 [20.90, 25.30] 22.75 [21.08, 25.42] 0.761 22.80 [20.90, 25.10] 22.65 [20.80, 25.20] 23.20 [21.05, 25.05] 0.845

Sex (median [IQR]) 11.00 [6.00, 15.00] 11.00 [6.00, 15.00] 10.50 [7.00, 15.00] 0.886 11.00 [7.00, 15.00] 12.00 [7.00, 14.75] 11.00 [7.00, 17.00] 0.646

MP (median [IQR]),days 7.00 [5.00, 10.00] 7.00 [5.00, 9.00] 7.00 [4.75, 10.00] 0.766 7.00 [5.00, 9.00] 7.00 [5.00, 9.00] 7.00 [5.00, 10.00] 0315

COD (median [IQR]),year 4.00 [3.00, 6.00] 4.00 [3.00, 6.00] 4.50 [3.00, 6.00] 0.959 4.00 [3.00, 6.00] 4.00 [3.00, 6.00] 5.00 [3.00, 7.00] 0.094

Dysmenorrhea (%)

Yes 170 (49.0) 104 (47.5) 66 (51.6) 0.534 71 (47.7) 45 (45.9) 26 (51.0) 0.679

No 177 (51.0) 115 (52.5) 62 (48.4) 78 (52.3) 53 (54.1) 25 (49.0)

LOL (%)

Unilateral 176 (50.7) 113 (51.6) 63 (49.2) 0.752 82 (55.0 55 (56.1) 27 (52.9) 0.844

Bilateral 171 (49.3) 106 (48.4) 65 (50.8) 67 (45.0) 43 (43.9) 24 (47.1)

Gl (%)

Yes 176 (50.7) 103 (47.0) 73 (57.0) 0.092 69 (46.3) 45 (45.9) 24 (47.1)

No 171 (49.3) 116 (53.0) 55 (43.0) 80 (53.7) 53 (54.1) 27 (52.9)

CS (%)

Yes 171 (49.3) 108 (49.3) 63 (49.2) | 79 (53.0) 48 (49.0) 31 (60.8) 0.231

No 176 (50.7) 111 (50.7) 65 (50.8) 70 (47.0) 50 (51.0) 20 (39.2)

EFl (median [IQR]) 7.00 [6.00, 9.00] 9.00 [7.50, 9.00] 5.00 [3.00, 6.00] <0.001 7.00 [5.00, 9.00] 8.00 [7.00, 9.00] 4.00 [3.00, 5.00] <0.001

AMH (%),ug/L

<l 156 (45.0) 80 (36.5) 76 (59.4) <0.001 64 (43.0) 34 (347) 30 (58.8) 0.008

2| 191 (55.0) 139 (63.5) 52 (40.6) 85 (57.0) 64 (65.3) 21 (41.2)

Infertility (%)

Primary 181 (52.2) 111 (50.7) 70 (54.7) 0.543 78 (52.3) 49 (50.0) 29 (56.9) 0.533

Secondary 166 (47.8) 108 (49.3) 58 (45.3) 71 (47.7) 49 (50.0) 22 (43.1)

CAI25 (median [IQR]), U/mL 71.00 [49.00, 96.00] 76.00 [48.00, 99.50] 68.00 [49.75, 91.25] 0.147 70.00 [48.00, 92.00] 73.00 [49.25, 91.00] 64.00 [45.00, 92.50] 0.41

Featurel (median [IQR]) 62.00 [37.00, 87.00] 61.00 [36.50, 87.00] 63.50 [37.00, 85.00] 0.702 58.00 [34.00, 87.00] 58.00 [31.25, 85.75] 59.00 [44.50, 91.00] 0.342

Feature2 (median [IQR]) 7.98 [5.30, 15.09] 5.75 [4.22, 7.68] 17.11 [14.60, 20.84] <0.001 726 [5.17, 13.18] 5.86 [4.71,7.24] 18.00 [12.96, 20.04] <0.001

Feature3 (median [IQR]) 1.77 [1.29, 2.30] 1.77 [1.25, 2.29] 1.77 [1.35, 2.32] 0.383 1.81 [1.38, 2.25] 1.88 [1.38, 2.23] 1.74 [1.39, 2.33] 0.798

Feature4 (median [IQR]) 120.00 [68.50, 176.00] 114.00 [72.50, 174.00] 128.00 [65.50, 176.00] 0818 129.00 [64.00, 177.00] 118.50 [62.25, 186.00] 132.00 [91.50, 173.50] 0411

Feature5 (median [IQR]) 14.71 [6.85, 21.18] 18.82 [15.62, 23.92] 5.57 [4.18, 7.32] <0.001 14.54 [7.30, 21.70] 18.98 [14.65, 23.22] 5.63 [4.44, 7.38] <0.001

Feature6 (median [IQR]) 3.52 [2.24, 4.60] 3.56 [2.30, 4.62] 3.46 [2.08, 4.56] 0.406 3.67 [2.48, 4.63] 3.88 [2.67, 4.88] 3.49 [2.02, 4.24] 0.034

Feature7 (median [IQR]) 57.00 [41.00, 74.00] 58.00 [37.50, 76.00] 57.00 [43.75, 71.25] 0.728 57.00 [38.00, 73.00] 56.50 [39.25, 71.75] 58.00 [34.50, 75.50] 0.574

Feature8 (median [IQR]) 1.51 [0.85, 2.62] 0.99 [0.65, 1.44] 3.00 [2.48, 3.42] <0.001 1.56 [1.07, 2.45] 1.23 [0.79, 1.55] 2.99 [2.42, 331] <0.001

Feature9 (median [IQR]) 6.76 [4.50, 9.22] 5.23 [3.51, 6.60] 10.23 [8.96, 11.15] <0.001 6.10 [4.11, 9.36] 4.76 [3.34, 6.01] 10.63 [9.31, 11.34] <0.001

Feature|0 (median [IQR]) 66.00 [44.00, 101.00] 49.00 [38.00, 64.00] 108.00 [99.75, 113.00] <0.001 66.00 [42.00, 98.00] 48.00 [36.00, 65.75] 104.00 [98.00, 109.00] <0.001

HE4 (median [IQR]), pg/ug 5.80 [2.40, 9.25] 8.40 [6.10, 10.75] 2.00 [1.40, 2.50] <0.001 6.20 [2.30, 9.30] 8.45 [6.35, 10.57] 1.90 [1.50, 2.35] <0.001

ARF3 (median [IQR]), pg/ug 20.70 [16.45, 67.20] 17.80 [14.45, 20.30] 74.15 [66.15, 86.93] <0.001 20.20 [16.60, 71.90] 18.00 [15.20, 20.20] 76.50 [70.90, 88.90] <0.001

MYHI0 (median [IQR]), pg/ug 5.11 [3.70, 9.19] 3.95 [3.11, 5.00] 9.89 [8.90, 10.86] <0.001 5.10 [3.70, 9.34] 3.96 [3.36, 5.01] 10.07 [9.32, 11.10] <0.001

Abbreviations: IQR, Interquartile range; BMI, body mass index; COD, course of disease; LOL, location of lesion; Gl, gynecological inflammation; CS, cervical stenosis; EFl, Endometriosis Fertility Index; AMH, anti-Miillerian hormone;
CAI25, carbohydrate antigen 125; Featurel, Wavelet HLH_lbp.3D.m|_firstorder_kurtosis; Feature2, Wavelet.HLH_lbp.3D.m2_firstorder_kurtosis; Feature3, Roughness.index.of.boundary; Feature4, Original_shape_Elongation;
Feature5, Original_firstorder_Skewness; Feature6, Original_glszm_SizeZoneNonUniformity; Feature7, Ipris_shell2_id_mean; Feature8, Original_firstorder_Kurtosis; Feature9, Normalized_radial_lengths_entropy; FeaturelO,

Normalized_radial_lengths_mean.
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Figure 2 Selection of candidate variables for predictive models (A) Pearson correlation coefficient analysis examines the correlation between candidate variables and
outcome variables. (B) Recursive selection of optimal combination candidate predictor variables based on penalty coefficient. (C) Obtain candidate variable values for
inclusion in the final prediction model based on the Lambda value. (D) Weight distribution of contribution values of candidate variables in two types of prediction models.

analyses, as shown in Figure 3B. The results indicate that the C-index can reach 0.816, indicating that the nomogram
prediction model has extremely robust predictive performance.

Construction of an Improved EFl Prediction Model Based on Decision Tree

As shown in Figure 4A, a decision tree prediction model based on candidate parameters was constructed. We used three
candidate parameters for pruning to ultimately predict the likelihood of natural pregnancy outcomes. The decision tree was
divided into four gradients, each with corresponding candidate parameters set for free random partitioning probabilities, and
the final layer was considered as the natural pregnancy outcome. Meanwhile, as shown in Figure 4B, the decision tree model
has a C-index of 0.776 in resampling, which was slightly less robust compared to nomogram.
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Table 2 Univariate and Multivariate Logistic Regression Analysis of Risk Factors for
EFI Natural Pregnancy Outcomes

Variables Univariate Analysis | P-value | Multivariate Analysis | P-value
OR 95% ClI OR 95% CI

Radiomics score 3.23 1.03-5.19 <0.05 3.29 1.01-5.26 <0.05

HE4 2.88 0.76-3.55 <0.05 2.87 0.79-3.78 <0.01

MYHI0 1.54 0.21-3.08 <0.05 1.29 0.33-3.47 <0.01

ARF3 2.14 0.99-3.78 <0.05 2.17 1.01v4.51 <0.05

Abbreviations: OR, odds ratio; 95% Cl, 95% confidence interval.

Evaluation of the Predictive Performance of Predictive Models

As shown in Table 3, the AUC values of nomogram in the training set and validation set were 0.921 (95% CI: 0.864—
0.978) and 0.909 (95% CI: 0.852-0.966), respectively. However, the AUC values of the decision tree in the training and
validation sets were 0.833 (95% CI: 0.776-0.890) and 0.817 (95% CI: 0.760-0.874), respectively. Additionally, the
traditional EFI prediction model had AUC values of 0.889 (95% CI: 0.832-0.946) and 0.873 (95% CI: 0.816—0.930) in
the training and validation sets, respectively. In addition, we evaluated the calibration of the model using Hosmer
Lemeshow goodness-of-fit test, and the results showed that the internal validation set had a P-value of 0.881 and the
external validation set had a P-value of 0.478 (both P>0.05), indicating good consistency of the model. Next, we
evaluated the clinical utility of the DCA model and found that within the threshold probability range of 0.05-0.95, using
the nomogram for predictive intervention in patients with EM had a higher net benefit compared to taking intervention
measures for all patients (Figure 5SA-B).

Developing an Online Improved EFl Prediction Model for Clinical Application
Considering the superior predictive performance of the nomogram prediction model, we constructed an online visualization
prediction model based on the DynNom software package, as shown in Figure 6A. All predicted variables were assigned
online values, which means that patients with EM can evaluate the natural pregnancy probability after laparoscopic surgery
by inputting the detected parameter values into the prediction model upon admission. At the same time, in order to evaluate
the discriminative power of online prediction models, we evaluated the discriminative ability of online nomograms based on
clinical impact curves (Figure 6B). The results showed that online nomograms (ie, improved EFI) have extremely accurate
discriminative ability for EM patients with successful and failed natural pregnancies after surgery.

Discussion

In recent years, the relationship between endometriosis and infertility has received widespread attention. According to
statistics, 30% to 50% of endometriosis patients also suffer from infertility, and the probability of infertile women
developing endometriosis is 6 to 8 times higher than that of normal women.*'? In fact, from ovulation and fertilization to
implantation and development of the oosperm, endometriosis can cause certain effects, leading to infertility.?’"

EFI, proposed by Adamson et al in 2010, has become a widely recognized and widely used evaluation index for
predicting the natural conception rate of EM patients after surgery.'® A meta-analysis involving 4598 cases showed that
patients with EFI scores of 0-2 had a cumulative natural pregnancy rate of 10% at 36 months after surgery, while women
with EFI scores of 9—10 had a rate of 69%, and had the advantage of good prediction of natural pregnancy rates.**
Retrospective studies in China also showed that patients with EFI scores of 8, 9, and 10 had cumulative pregnancy rates
of 62.7%, 69.8%, and 81.1% at 36 months after surgery, respectively.”> Patients with scores of 5—7 had a cumulative
pregnancy rate of 44.4%, confirming that EFI has a good performance in predicting postoperative natural pregnancy
rates.”* However, EFI is a scoring system based on laparoscopic surgery, which carries risks such as anesthesia, bleeding,
infection, adhesions, and postoperative ovarian dysfunction. It is also difficult to treat deep infiltrating endometriosis
(DIE) during surgery, as the risk of damage to surrounding organs such as the intestine and bladder increases. There is
also controversy over whether surgery can improve the success rate of IVF-ET in EM patients. Therefore, if accurate
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International Journal of General Medicine 2025:18

https:

889



He et al

Actual Probability

1.0

0.9

0.8

0.7

0.6

0.5

0.4

03

HE4

<
>= 60 >=20
ARF3
.6

Radiomics_score

>=8.5

Apparent
Bias—corrected
.- Ideal

0.3 04 0.5 0.6 0.7 0.8

Predicted Pr{status=1}
B= 1000 repetitions, boot

0.9 1.0

Mean absolute error=0.071 n=496

Figure 4 Constructing an improved EFI prediction model based on decision tree visualization. (A) Decision tree model; (B) Calibration curve.

890

https:;

International Journal of General Medicine 2025:18



He et al

Table 3 Efficiency Evaluation Model Based on the Area Under the Receiver Operating Characteristic

Prediction Model Training Set Testing Set

AUC 95% ClI PPV | NPV | AUC 95% CI PPV | NPV

Improved EFl | Nomogram | 0.921 0.864-0.978 | 0.960 | 0.885 | 0.909 | 0.852-0.966 | 0.978 | 0.865
DTM 0.833 | 0.776-0.890 | 0.887 | 0.812 | 0.817 | 0.760-0.874 | 0.854 | 0.901
EFI 0.889 | 0.832-0.946 | 0.890 | 0.905 | 0.873 | 0.816-0.930 | 0.950 | 0.865

Abbreviations: AUC, area under the curve; 95% Cl, 95% confidence interval; PPV, positive predictive value; NPV, negative predictive value;
DTM, decision tree model.

predictions of EFI values are made based on clinical and imaging data, doctors can provide more personalized choices for
patients and make decisions on their fertility management based on preoperative EFI scores.

There are two prerequisites for predicting EFI. Firstly, preoperative prediction of EM patients; Secondly, the surgical
factors observed during laparoscopic surgery need to be transformed into a preoperative scoring system. Agarwal et al
summarized a set of clinical diagnostic algorithms for EM based on symptoms, medical history, gynecological
examinations, and auxiliary examinations.””> We previously developed a nomogram for predicting EM in infertile
patients, which showed the area under the curve of the model’s EM prediction ability. The training sample was 0.780
and the validation sample was 0.750, emphasizing the importance of imaging in EM prediction. Therefore, with the
development of imaging technology, the presence of EM can be better predicted preoperatively. In view of this, we hope
to capture key information through texture feature analysis of ultrasound radiomics, in order to enhance the predictive
ability of EFL

In the past few decades, ultrasound technology has been widely used in the diagnosis of deep pelvic endometriosis,
but there are few research reports on its use for pre - and post-operative fertility assessment of endometriosis.*® In this
study, we summarized and analyzed preoperative clinical and ultrasound data of EM patients, converted them into
computable data, and formed a preoperative EFI scoring system. We used dimensionality reduction to extract eight omics
features and constructed an improved EFI score to predict the probability of natural conception after surgery, with AUC
values of 0.921 and 0.909 in the training and validation sets, respectively. Compared to the ultrasound parameters
included in the EFI scoring system (including the maximum diameter of ovarian chocolate cysts indicated by ultrasound,
whether there is hydrosalpinx, and whether there is deep infiltration), ultrasound imaging omics methods can auto-
matically extract a large number of features, which help doctors gain deeper insights from medical images. In addition,
this method reduces the subjective judgment bias of doctors, making the diagnosis more objective and consistent.

The application of urinary proteomics in endometriosis has shown certain potential and achievements. For example,
the latest research indicates that the use of tandem mass labeling parallel reaction monitoring (TMT-PRM) proteomics
technology has revealed elevated levels of histone 4 in the urine of patients with ovarian endometriosis, the results
demonstrate that histone 4 has the highest diagnostic efficiency among endometriosis-specific peptides, with a sensitivity
of 70% and specificity of 80%.'® In the preliminary sequencing of urine proteomics results, we found significant
statistical differences in natural pregnancy outcomes between EM patients and infertile patients in terms of histone 4,
ARF3, and MYH10. Previous studies have shown that ARF3, as one of the subtypes of ADP ribosylation factor family,
belongs to the same family as ARF1 and can participate in many important cellular functions, such as cell adhesion and
migration.””-*® In addition, ARF3 can also participate in NF-kB activation and cytokine production by regulating TLRO,
while playing a key regulatory role in cytoplasmic motility.”” MYHI10, also known as non-muscle myosin II, is an
excitatory protein binding protein that primarily constructs the cytoskeleton and participates in various activities
including cytoplasmic motility, cell morphology regulation, cell adhesion, and cell migration.*® It also maintains cell
contractility, allowing cells to squeeze through the gaps in the basal layer and participate in cellular biological behavior.
Encouraged by this, in this study, we constructed a panel using an ELISA kit and combined it with ultrasound radiomics
to predict pregnancy outcomes with extremely high predictive power and robustness, which also opened up a new

perspective for improving non-invasive prediction of EFL.
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Although we have successfully constructed an improved EFI scoring system, this study still inevitably has the
following limitations. Firstly, as a predictive model for predicting the natural pregnancy outcomes of EM patients, this
predictive model relies on high-level gynecological ultrasound and has strict requirements for the quality of ultrasound
images. Therefore, training for ultrasound professionals is necessary before implementing EFI prediction. Secondly, this
prediction model cannot replace laparoscopic surgery in guiding EM patients in reducing pelvic pain, improving pelvic
environment, and enhancing quality of life. Therefore, further optimization is needed to increase the universality of the
improved EFI prediction model. Thirdly, as a retrospective study, there is currently a lack of large-scale prospective
multicenter validation, and further evaluation and revision are needed for its clinical application; Fourthly, although
radiomics and uroproteomics have been successfully incorporated this time, it is still necessary to integrate multiple
omics (such as transcriptomics) in the future to optimize the predictive ability of the prediction model.

Conclusion

In summary, by incorporating ultrasound radiomics and urine proteomics, and utilizing machine learning algorithms, we
have successfully constructed an improved EFI prediction scoring system. For infertile patients caused by EM, preoperative
EFI score risk stratification and timely development of postoperative diagnosis and treatment strategies have important
reference value for improving individualized pregnancy rates. In addition, the improved EFI parameter acquisition is easy
to obtain and non-invasive, making it more suitable for promotion and practice on the clinical front line.
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