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tudy Objective: This study investigated whether quantitative analysis of preoperative magnetic resonance imaging (MRI)

scans can differentiate deep infiltrating endometriosis (DIE) lesion types (active or fibrotic lesion [FL]) and associate them

with reported pain symptoms.

Design:Monocenter, observational, retrospective accuracy study.

Setting: Academic Hospital IRCCS Policlinico di S. Orsola, Bologna, Italy.

Patients: All patients with histologically confirmed DIE who had undergone preoperative MRI were considered for recruit-

ment during the study period (December 2022 to December 2023).

Interventions: Histologic assessment was performed on all surgical specimens categorizing the lesions into active lesions

and FLs. All patients underwent pelvic MRI before surgery, and Digital Imaging and Communications in Medicine files

were retrieved. Radiomic features were extracted using PyRadiomics (v3.1.0). In addition to radiomic data, morphologic

features were extracted. A genetic algorithm was used for feature selection to identify relevant features and build classifica-

tion models. Machine learning (ML) pipelines, tuned using leave-one-out cross-validation and evaluated via balanced accu-

racy (BA), Matthews correlation coefficient, sensitivity, and specificity, were developed to identify the most informative

morphologic and textural features for lesion classification and pain severity classification.

Measurements and Main Results: Sixty-one women were enrolled. The integration of radiomic and graphomic enabled

the extraction of insightful imaging features statistically linked to histologic lesion types and pain symptomatology. The

ML models proved promising classification performance under the leave-one-out cross-validation framework, identifying

imaging biomarkers that differentiate FLs from active stromal ones (BA, 72.7%) and correlate with pain profiles (reaching

a maximum of 88.0% of BA for chronic pelvic pain). These results highlight the potential of imaging-based phenotyping

in DIE.
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Conclusion: The results support the feasibility of a noninvasive, image-based approach to preoperatively characterize DIE

lesions. By combining radiomic, graphomic, and ML, our results showed that a rich characterization of active or fibrotic

DIE lesions could enable their differentiation and their association with pain symptoms. Journal of Minimally Invasive

Gynecology (2026) 33, 778−786. © 2026 The Authors. Published by Elsevier Inc. on behalf of AAGL. This is an open

access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/)
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Endometriosis is a chronic inflammatory disease charac-

terized by the presence of endometrial-like tissue in ectopic

locations [1]. Affecting approximately 10% of women of

reproductive age [2], endometriosis can affect quality of

life, causing chronic pelvic pain (CPP) and infertility [3].

Deep infiltrating endometriosis (DIE) involves retroperito-

neal structures or the muscularis propria of hollow viscera

[4,5], affecting approximately 20% of patients with endo-

metriosis.

Owing to repeated cycles of tissue injury and repair,

endometriotic lesions often undergo epithelial-mesenchy-

mal transition and fibroblast-to-myofibroblast transdifferen-

tiation, leading to collagen deposition and fibrosis [6].

These processes result in 2 main histologic patterns: fibrotic

lesions (FLs) and those rich in endometrial glands and/or

stroma [7]. This differentiation may affect treatment

response, with FLs often more resistant to pharmacologic

therapies [8].

Although transvaginal ultrasound remains the first-line

imaging tool, magnetic resonance imaging (MRI) is useful

for surgical planning and evaluation of extrapelvic lesions

[9]. However, no current imaging modality reliably distin-

guishes active stromal from FLs preoperatively.

Machine learning (ML) and statistics effectively analyze

quantitative radiomic features extracted from regions of

interest, revealing hidden information from images that

may correlate with clinical and biologic outcomes [10,11].

Radiomics has shown potential in gynecology, from

classifying endometrial lesions on MRI [12] to differentiat-

ing ovarian masses on computed tomography [13] and eval-

uating adenomyosis on MRI [14,15], yet lesion morphology

remains underexplored in radiomics. To address this, we

developed a novel 3-dimensional (3D) network−based
method to quantify morphologic complexity from seg-

mented volumes [16]. The detailed description of the devel-

oped algorithm goes beyond the scope of the current work,

and it is reported in the online documentation available on

GitHub.

This study aimed to assess whether quantitative analysis

of preoperative MRI can identify lesion histology and cor-

relate imaging features with DIE-associated pain, using ML

models built from radiomic and network-derived features.
Materials and Methods

Study Protocol and Selection Criteria

A retrospective monocentric study was conducted at a

tertiary care referral center for endometriosis. The inclusion
criteria were (1) histologic diagnosis of endometriosis, (2)

availability of presurgical pelvic MRI examination, and (3)

surgical intervention performed at the Division of Gynecol-

ogy and Human Reproduction Physiopathology, IRCCS

Azienda Ospedaliero-Universitaria di Bologna (Italy),

between December 2022 and December 2023.

Patients were excluded if younger than 18 or older than

50 years, no DIE was confirmed at surgery and histologic

evaluation, or they refused participation.

Histologic assessment was performed on all surgical

specimens, classifying lesions as active lesions (ALs),

defined by the presence of endometrial glands and/or

stroma without fibrosis, and FLs, confirmed via CD10

immunohistochemical staining [8]. The differences

between the 2 groups are presented in Fig. 1.
Image Acquisition and Segmentation

All patients underwent pelvic MRI before surgery, fol-

lowing European Society of Urogenital Radiology guide-

lines for MRI protocols [9] at the time of the study [17].

Preparation included low-fiber diet for 2 to 3 days, rectal

distension with aquagel, intramuscular injection of 20 mg

hyoscine N-butylbromide 30 minutes before imaging to

reduce bowel motion artifacts, and, occasionally, vaginal

distension with aquagel [18].

For this study, axial T2W images were analyzed. Among

the 61 patients, 57 were scanned on a 1.5T scanner, and

4 on a 3T scanner. Most examinations used a GE Signa

HDxt system; others used a Philips Ingenia. Slice thickness

was 3 mm (47 scans) or 4 mm (14 scans). Imaging parame-

ters are presented in Tables 1 and 2.

Digital Imaging and Communications in Medicine files

were retrieved from the Radiological Information System

and Picture Archiving and Communication System. An

experienced radiologist (>5 years of practice, V.L.) manu-

ally segmented lesions in 3D Slicer (v5.6.1), annotating

each lesion as a separate segment. Each segmentation

was collectively reviewed by the radiology unit as an inter-

observer reliability strategy.
Features Extraction

Digital Imaging and Communications in Medicine to

NIfTI conversion was performed via SimpleITK (v2.3.1).

For each lesion, 2 distinct sets of features were extracted.

Radiomic features were computed from each image-seg-

mentation pair using PyRadiomics (v3.1.0) [19]. Image

http://creativecommons.org/licenses/by/4.0/


Fig. 1

Segmentation example of an FL (A−B) vs an AL (C−D) of deep endometriosis hypointense tissue overlayed on T2W axial imaging, with 3D shape

representation of each. ML analysis revealed that more complex shapes might represent glandular tissue more often. 3D = 3-dimensional; AL = active

lesion; FL = fibrotic lesion; ML = machine learning.
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normalization (fixed bin width of 25) and voxel resampling

(via B-spline interpolator) were performed; 1223 3D radio-

mic features were extracted: first-order statistics, shape, and

texture (full list available in Supplemental Materials). Fea-

tures were calculated on both the original and filtered

images using Laplacian of Gaussian filters (s 2 [0.5, 1.0,

1.5, 2.0] mm) and wavelet transformations across spatial

dimensions.

In addition to radiomic data, morphologic features derived

from graph theory, that is, graphomic features, were

extracted using the segmentation masks alone. This approach

involves skeletonizing the lesion volume to obtain a 1-pixel-

wide central structure, using the Zhang and Suen [20] algo-

rithm as implemented in scikit-image (v0.24.0). The result-

ing skeletons were transformed into topologic graphs,

comprising nodes and edges. The obtained graph represents

the 3D backbone of the volumetric lesion, providing a math-

ematical instrument to quantify geometric complexity, irreg-

ularities, and morphologic aspects of the shape.
Notably, 78 graphomic features were extracted

to describe lesion morphology in terms of connectivity,

centrality, spatial distribution, and shape complexity.

These features were grouped into 3 categories: (1) topol-

ogy (14 features), (2) spatial (30 features), and (3) cen-

trality (34 features), detailed in Supplemental

Materials. The source code for the reproducibility

of the method is publicly available on the GitHub

repository.
Classification Model

A genetic algorithm (GA) was used for feature selec-

tion with separate runs for each target. GA used a popula-

tion of 100 individuals, a 5% elite rate, and a 30%

mutation rate (with a single feature altered per mutation)

and ran for 100 generations. The fitness function was

defined as the balanced accuracy (BA) of an L2-regular-

ized class-weighted logistic regression (LR) model,



Table 1

Description of MRI sequences

Sequence Plane Purpose

T2WI FSE without fat suppression Axial, sagittal, coronal Lesion assessment, identification of normal anatomy

T1WI without contrast enhancement and

with and without fat suppression

Axial Hemorrhagic spots, differentiation of fat from blood products with fat

suppression, identification of normal anatomy

T1WI contrast-enhanced with fat

suppression

Axial, sagittal Complementary characterization of adnexal lesions

T1WI contrast-enhanced without fat

suppression

Sagittal, coronal Lesion identification (e.g., mushroom cap), differential diagnosis

FSE = fast spin echo; MRI = magnetic resonance imaging.

Description of the acquisition protocols used in each MRI examination in terms of sequence type and related purpose.

Table 2

T2W parameters (set of parameters used for T2W acquisition)

Parameters TR/TE (msec) FOV (mm) Section thickness (mm) Intersection gap (%) Matrix NSA ETL

T2WI values 3475/140 240 £ 240 3.3 10 384 £ 256 2 15

ETL = echo train length; FOV = field of view; NSA = number of signals acquired; TE = echo time; TR = repetition time.
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calculated via leave-one-out cross-validation (LOO-CV)

to ensure model robustness on the small dataset. L2 reg-

ularization was applied to reduce overfitting by con-

straining the coefficients’ magnitude. LOO-CV strategy

trains the model on all samples except one, testing it on

the excluded sample and repeating the process until each

sample has been used as a test case. Leave-one-group-

out CV was used for the lesion type task to group all

lesions from the same patient, whereas, for pain severity

tasks, LOO-CV was applied by summarizing each

patient-feature pair using the maximum feature value.

Selected features were standardized and passed through

a class-weighted LR classifier to mitigate class imbal-

ance. Performance metrics included BA; Matthews corre-

lation coefficient (MCC), which remains informative

under class imbalance; sensitivity; and specificity: 95%

confidence intervals were estimated via a bootstrap

procedure.

Two ML classification pipelines were implemented:

1 for lesion type and 1 for preoperative pain severity (binar-

ized for classification). All ML pipelines were built with

scikit-learn (v1.6.1).
Ethical Statement

This retrospective study protocol was approved by the

institutional review board of the IRCCS Azienda Ospeda-

liero-Universitaria di Bologna (institutional review board

approval code: 115/2021/OSS/AOUBo). The study was

conducted in compliance with the Declaration of Helsinki,

and patients’ data were anonymized. A written informed

consent was obtained from all subjects.
Results

Patient Characteristics

The study included 61 patients, providing 89 segmented

lesions for analysis: 64 (72%) categorized as AL and 25

(28%) as FL. The mean patient age at MRI was 37 years; at

surgery, 85% of the patients were receiving medical ther-

apy, of whom 81% progestin-only pills, 13% combined oral

contraceptives, and 6% a levonorgestrel-releasing intrauter-

ine system. The primary indication for surgery was pain

(46%), followed by organ damage (i.e., presence of a sten-

osing intestinal lesion or hydronephrosis caused by ureteral

involvement, 41%) and infertility (13%). Notably, 34

patients had undergone previous abdominal or pelvic sur-

gery, with endometriosis accounting for 44% of these inter-

ventions. At preoperative pain assessment, 31 patients

(51%) reported dysmenorrhea, 32 (52%) deep dyspareunia

(DD), 17 (28%) CPP, 16% periovulatory pain, 22 (36%)

dyschezia, and 10% dysuria, all with an intensity of ≥5 on

an 11-point numeric rating pain scale [21,22]. Numeric rat-

ing pain scale values of ≥5 were labeled as high pain [1]

and values of <5 as low pain (0). The most common DIE

anatomic sites were the rectosigmoid colon, rectovaginal

septum, uterosacral ligaments, uterine torus, and vagina.

Full demographic and clinical data, stratified by pain scores

and lesion type, are presented in Supplemental Materials.
ML Results

The dimensions of each subset of selected features, for

each combination of feature type and target, are presented

in Table 3.



Table 3

GA feature selection

Target Features set Number of

initial features

Number of

GA features

Lesion class Whole Rad. 1223 584

Original Rad. 107 50

LoG Rad. 372 170

Wavelet Rad. 744 349

Graphomics 67 26

CPP Whole Rad. 1223 604

Original Rad. 107 49

LoG Rad. 372 192

Wavelet Rad. 744 369

Graphomics 67 22

DD Whole Rad. 1223 625

Original Rad. 107 53

LoG Rad. 372 185

Wavelet Rad. 744 340

Graphomics 67 23

Dysmenorrhea Whole Rad. 1223 614

Original Rad. 107 46

LoG Rad. 372 184

Wavelet Rad. 744 339

Graphomics 67 27

Dyschezia Whole Rad. 1223 601

Original Rad. 107 46

LoG Rad. 372 177

Wavelet Rad. 744 353

Graphomics 67 27

CPP = chronic pelvic pain; DD = deep dyspareunia; GA = genetic algorithm;

LoG = Laplacian of Gaussian.

Dimension of the subset of GA-selected features for each of the 5 classification

targets (lesion types and pain classes), for each feature set (radiomic and

graphomic). The radiomic analysis was performed considering the whole set

of features and the individual categories (original, LoG, and wavelet).

782 Journal of Minimally Invasive Gynecology. Vol 33, No 6, June 2026
Each category of radiomic features (whole set, original,

Laplacian of Gaussian, and wavelet) was inspected individ-

ually to determine which features’ category was selected in

each of the 5 classification targets (lesion type, CPP, DD,
Table 4

Lesion type classification results

Features type BA MCC

Whole Rad. 0.679 0.332

Original Rad. 0.596 0.177

LoG Rad. 0.718 0.419

Wavelet Rad. 0.687 0.348

Graphomics 0.727* 0.418

BA = balanced accuracy; GA = genetic algorithm; LoG = Laplacian of Gaussian; LOGO

cient; ML = machine learning.

Results of the lesion type classification ML pipeline for each of the input feature set, selec

in terms of BA, MCC, sensitivity, and specificity. The reported metrics were estimated acc

* The best result in terms of BA.
dysmenorrhea, and dyschezia), with a complete list in Sup-

plemental Materials.

Grouping the 4 pain classification tasks, by inspecting

the selected graphomic features, 3 of 67 features are consis-

tently selected: “Number of Pendant Nodes,” “Degree

Exponential Fit Lambda,” and “Node No Pendant Distance

std.” The results for the lesion type classification pipeline

(BA, MCC, sensitivity, and specificity) are presented in

Table 4. Associated confidence intervals and confusion

matrices are presented in Supplemental Materials.

The graphomic approach skeletonizes the lesion seg-

mentation mask and uses it to estimate the network. Visual

inspection of the 3D lesion volume and its underlying net-

work revealed a difference between AL and FL, as seen in

Fig. 2. The AL network (Fig. 2A) exhibits higher complex-

ity, with more nodes and more edges. Conversely, the FL

network (Fig. 2B) is simpler, reflecting the lesion’s elon-

gated shape.

The results for pain severity, obtained using the GA-

selected features over LOO-CV, are reported in terms of

BA, MCC, sensitivity, and specificity in Fig. 3; associated

confidence intervals and confusion matrices are presented

in Supplemental Materials.

Interpreting the penalized LR feature weights, we

derived a feature ranking in terms of their informative

power. The top 3 feature importances averaged over LOO-

CV for each of the 5 classification tasks, based on the fea-

ture set yielding the best performance for that task, are pre-

sented in Fig. 4. Associated 95% confidence intervals are

presented in Supplemental Materials. The ranked list of fea-

tures, split among the different types selected by each

model, is presented in Supplemental Materials. In both

lesion types and CPP classification with graphomic fea-

tures, a recurring feature was the median of the node eccen-

tricity distribution (Fig. 4A and 4B), quantifying the

representative distance from each node to the most distant

node in the graph and reflecting lesion compactness: lower

median eccentricity suggests a more compact morphology,
Sensitivity Specificity

0.640 0.719

0.520 0.672

0.640 0.797

0.640 0.734

0.720 0.734

-CV = leave-one-group-out cross-validation; MCC = Matthews correlation coeffi-

ted according to the proposed GA procedure; the classification results are reported

ording to a LOGO-CV procedure.



Fig. 2

Morphologic network representation. (A) 3D reconstruction of an AL (in gray) manually annotated by an expert radiologist, with the underlying 3D mor-

phologic network (nodes in blue, edges in black) estimated according to the proposed graphomic approach. The 3D skeleton of the object was analyzed

considering bifurcation and pendant points as nodes of a structural network. (B) Analogous reconstruction of an FL (in gray) with the corresponding mor-

phologic network nodes in red. 3D = 3-dimensional; AL = active lesion; FL = fibrotic lesion.
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whereas higher values indicate a more irregular structure.

Thus, DIE lesions might be distinguished by shape com-

plexity, simultaneously linked to CPP. For lesion type clas-

sification (Fig. 4A), additional key graphomic features

include the median of node eccentricity distribution, the

minimum distance between the top 10 central nodes, and

the average of the node betweenness distribution. The first

2 are compactness indicators (the former quantifying the

global geometric spread of the graph, the latter focusing

more on local compactness), whereas the third one evalu-

ates the branching structure of the graph (i.e., presence of

bottlenecks or branching, tree-like structures). In CPP clas-

sification (Fig. 4B), the lesion center-of-mass x-coordinate

was the top feature, potentially reflecting tissue invasion

depth and its relationship with proximity to nerve pathways

and symptom severity. Moreover, the minimum distance

from pendant nodes to the center of mass characterizes pain

patterns: a centralized distribution may indicate localized

pain, whereas a more dispersed, “star-shaped” pattern may

relate to generalized pain.

In dyschezia and dysmenorrhea classification (Fig. 4D

and 4E), original radiomic features outperformed other sub-

sets. For dyschezia (Fig. 4D), the most informative feature

was the low gray-level zone emphasis, reflecting the pres-

ence of hypointense regions, followed by the maximum 2-

dimensional diameter column, representing lesion exten-

sion along the craniocaudal axis, potentially indicating mul-

tistructure involvement, and run length nonuniformity,

quantifying irregularity in voxel intensity patterns; more

hypointense and elongated lesions are more likely associ-

ated with dyschezia. For dysmenorrhea (Fig. 4E), flatness,

quantifying lesion elongation via the ratio of its smallest to
largest principal axes, was the most influential feature, pos-

sibly linked to broader anatomic involvement. Other top-

performing features included small area emphasis and gray-

level variance, both from the gray-level size zone matrix,

again underlining the importance of texture heterogeneity

in pain prediction.

Wavelet-filtered radiomic features were effective in clas-

sifying dyschezia (Fig. 4C). Among the top features, gray-

level variance captured the degree of tissue heterogeneity;

small area low gray-level emphasis indicated the abundance

of small low-intensity zones, and kurtosis highlighted inten-

sity distribution irregularities
Discussion

In the context of modern precision medicine, the radiolo-

gist’s traditional interpretation of images would benefit

from complementary analysis performed by artificial intelli-

gence, especially when dealing with complex and heteroge-

neous diseases such as endometriosis, providing higher-

quality support to clinicians. Radiomic and graphomic anal-

yses can capture subtle variations that are undetectable to

the human eye but identifiable through ML algorithms

[13,23]. These approaches overcome operator-dependent

variability.

The application of radiomics in endometriosis holds

promise, particularly for distinguishing AL from FL. This

distinction may guide clinical management: FLs are gener-

ally less responsive to medical therapy and often require

more complex surgery, whereas ALs may still benefit from

medical treatment and are usually easier to excise [24].

This differentiation remains challenging even with



Fig. 3

Score metrics of the pain classification task. (A) Heatmap of BA results for the different pairs of input features and pain target. (B) Corresponding Mat-

thews correlation coefficient scores. (C) Corresponding sensitivity values. (D) Corresponding specificity values. BA = balanced accuracy.
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ultrasound and MRI, given that both usually appear hypoin-

tense on T2W images. Occasionally, intermingled hyperin-

tense foci may be observed on T2W sequences,

corresponding to dilated ectopic endometrial glands.

In addition, the absence of standardized MRI protocols

for endometriosis—ranging from magnetic field strength,

use of gels for vaginal and rectal distension, gadolinium

administration, muscle relaxants, and advanced imaging

sequences such as susceptibility-weighted imaging and dif-

fusion imaging [25]—remains a critical limitation, given

that MRI sensitivity and specificity for detecting DIE vary

widely (92%−94% and 77%−96%, respectively) [26].

Our study demonstrates the potential of combining radio-

mic and graphomic features for more nuanced lesion
classification and symptoms’ assessment, given that the analy-

sis revealed morphologic differences between AL and FL.

Radiomic features provide valuable descriptors of lesion

shape, texture, and intensity, whereas graphomics offers a

complementary morphologic perspective, particularly regard-

ing structural complexity. Graphomic features outperformed

radiomics in classifying lesion type and CPP.

Graphomic features consistently selected for pain classifi-

cation reflected lesions’ dispersion, irregularity, and complex-

ity. Radiomic features instead characterized lesions’ texture,

for example, in terms of hypointense subareas, and lesions’

anatomic orientation, linking it to pain symptoms’ severity.

Interestingly, the 3D lesion representations showed that AL

and FL often present distinct network topologies, possibly



Fig. 4

Classification task. For each task, the top 3 features were selected from the input set achieving the highest performance for that specific task. (A) Top 3

graphomic features for lesion type classification. (B) Top 3 graphomic features for CPP classification. (C) Top 3 wavelet radiomic features for DD classi-

fication. (D) Top 3 original radiomic features for dyschezia classification. (E) Top 3 original radiomic features for dysmenorrhea classification.

CPP = chronic pelvic pain; DD = deep dyspareunia.
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owing to underlying biologic differences, stemming from his-

tologic differences between fibrotic tissue, more compact and

homogeneous, and glandular tissue, wider and with lower cel-

lular density [27]. AL, being hormonally active and highly

vascularized, may adopt more complex structures, whereas

FL, with reduced metabolic activity and vascularization,

seems simpler [28,29]. The reproductive age of our cohort (18

−50 years) could explain the higher prevalence and growth

dynamics of AL owing to hormonal stimulation.

Nevertheless, some limitations must be acknowledged.

The class imbalance between AL and FL, as well as the

absence of quantitative segmentation reliability metrics,

leaves robustness unassessed. Moreover, the single-center

design, limited sample size, and absence of an external vali-

dation cohort constrain the generalizability of our conclu-

sions, although initial findings are encouraging.
Conclusion

Our findings suggest that ML-driven analysis of MRI may

help clinicians preoperatively characterize lesions, particularly

in distinguishing AL/FL, and better understand symptoms eti-

ology such as dyschezia, DD, dysmenorrhea, and CPP.
Combining radiomics and graphomics offers a more compre-

hensive lesion profile and underscores the relevance of struc-

tural complexity in disease assessment. However, the single-

center design, small sample size, and absence of external vali-

dation make these results preliminary and in need of confirma-

tion in larger multicenter studies.
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