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Abstract
Objective

To develop and preliminarily evaluate a multimodal model integrating clinical data and dual-plane magnetic resonance imaging (MRI) features to predict 1-
year patient-reported lower-limb numbness improvement after tubular microdiscectomy (TMD).

Materials and Methods

This retrospective two-center study included 214 adults: 111 in the training cohort, 48 in the internal validation cohort, and 55 in the external validation
cohort. Mean ages were 53.2 £+ 15.0, 54.1 £ 14.1, and 51.4 + 14.7 years, respectively; male participants comprised 58 (52.3%), 28 (58.3%), and 28 (50.9%), and
female participants 53 (47.7%), 20 (41.7%), and 27 (49.1%), respectively. Deep features were extracted from sagittal and transverse T2-weighted MRI using
residual networks and combined with clinical variables in a support vector machine. Outcome-informed feature selection and tuning were confined to the
training cohort using 10-fold cross-validation. Candidate models and the decision threshold were selected using Hospital 1 internal validation data. ComBat
parameters were estimated from Hospital 1 training data and applied to Hospital 2 without re-estimation; Hospital 2 did not inform model development.

Results

The final combined model incorporated 25 dual-plane MRI-derived features and four clinical variables. It yielded an area under the receiver operating
characteristic curve of 0.868 in the Hospital 1 internal validation cohort used for model selection and 0.833 (95% Cl, 0.720-0.947) in the Hospital 2 external
validation cohort. Comparisons with the clinical-only and dual-plane imaging-only models were descriptive and should be interpreted as exploratory.

Conclusion

This study provides preliminary model-development evidence that clinical and dual-plane MRI features may aid prediction of 1-year patient-reported
numbness improvement after TMD. Larger prospective, multicenter, multivendor studies using validated sensory outcomes are needed before individualized
clinical application.

1 Introduction

Lumbar disc herniation (LDH) is a common cause of radicular pain and lower-limb sensory disturbance [1]. Surgery is considered when neurological
symptoms substantially impair daily activities or persist despite appropriate conservative treatment [2]. Tubular microdiscectomy (TMD) provides minimally
invasive access for neural decompression [3]; however, residual leg numbness has been reported in up to one-third of patients after discectomy [4, 5]. As
Huang et al. reported, unlike the rapid alleviation of postoperative pain, the resolution of numbness is often protracted [6]. This persistent condition extends
beyond mere sensory discomfort; it significantly diminishes postoperative patient satisfaction [7].

Existing prediction models for lumbar spine surgery have focused primarily on disability, pain, or overall surgical success [8, 9]. However, clinical variables
alone may not represent the anatomical extent and spatial pattern of disc herniation and neural compression. Transverse MRI depicts the cross-sectional
relationship between the herniated disc, spinal canal, and nerve roots, whereas sagittal MRI characterizes disc degeneration, migration, and the longitudinal
extent of compression. Deep-learning features derived from both planes could therefore provide information complementary to preoperative clinical variables
[10].

This study aimed to develop and preliminarily evaluate a prognostic model integrating clinical characteristics with deep learning features extracted from
sagittal and transverse MRI. The model was designed to estimate patient-reported improvement in lower-limb numbness 1 year after tubular
microdiscectomy.

2 Materials and Methods
2.1 Study Design and Participants

This retrospective investigation adhered to the ethical principles of the Declaration of Helsinki and received approval from the Ethics Committee (approval
no. 2022KY026). Data were obtained from two clinical centers and included patients who underwent unilateral TMD between January 2016 and January
2021. The study included 214 adults: 111 in the training cohort, 48 in the internal validation cohort, and 55 in the external validation cohort. Mean ages
(mean + SD) were 53.2 + 15.0, 54.1 £ 14.1, and 51.4 + 14.7 years, respectively; male participants numbered 58 (52.3%), 28 (58.3%), and 28 (50.9%), whereas
female participants numbered 53 (47.7%), 20 (41.7%), and 27 (49.1%), respectively. The internal validation cohort was used for candidate-model comparison
and selection of the final model, whereas the external validation cohort was reserved for a single evaluation after the model specification and decision
threshold had been fixed. Hospital 2 images, extracted features, feature distributions, outcome labels, and performance estimates were not used to estimate
or update any data-dependent preprocessing or harmonization parameters, select features, fit or tune models, choose architectures or classifiers, select the
decision threshold, or make any other model-development decision. This retrospective two-center prediction-model study was reported in accordance with
the STROBE and TRIPOD + Al recommendations [11, 12].

Page 2/13



Eligible patients were adults with preoperative lower-limb numbness, radicular symptoms, and imaging-confirmed L3-S1 LDH who completed standardized
unilateral TMD and postoperative rehabilitation. Patients were excluded for inadequate MRI or follow-up data, lumbar instability, severe systemic or
psychiatric disease, or disorders likely to confound neurological assessment. Complete eligibility criteria are provided in Supplementary Material 1, Section
S1. The study workflow is shown in Fig. 1.

2.2 Surgery and MRI Acquisition

All patients underwent standardized unilateral TMD performed by experienced spine surgeons. Preoperative sagittal and transverse T2-weighted images
were acquired using 3.0-T GE Signa systems with 8-channel spine coils. Nine sagittal and 13 transverse slices were available for each patient. Surgical
details are provided in Supplementary Material 1, Section S2, and center-specific MRI acquisition parameters in Supplementary Material 1, Section S3.

2.3 Outcome Definition

The primary outcome was a binary patient-reported outcome (PRO), defined as improvement in lower-limb numbness 12 months after TMD relative to the
preoperative status among patients with baseline numbness. Complete or partial symptomatic relief was classified as improved (label 1), whereas
unchanged or worsened symptoms were classified as non-improved (label 0). Detailed labeling criteria are provided in Supplementary Material 1, Section S4.
The outcome was predefined before model development and used solely as the supervised learning target. Postoperative measures, including patient
satisfaction, were used descriptively and not for outcome labeling or prediction.

2.4 Candidate Predictors and MRI Regions

Baseline characteristics and medical history were obtained from electronic medical records, and conventional imaging variables were evaluated in the
Picture Archiving and Communication System. Only variables available before surgery were considered candidate predictors; postoperative and
intraoperative variables were excluded. A total of 43 preoperative clinical and conventional imaging variables remained.

Three clinicians with 20, 10, and 22 years of experience performed the measurements and initial image review, with disagreements resolved by consensus.
Definitions and coding of the evaluated variables are provided in Supplementary Material 1, Section S5.

Images were resampled to 1x1x1 mms3, normalized to an intensity range of 0—1, and centered. Two clinicians, blinded to each other's assessments,
independently selected the sagittal and transverse slices showing the most prominent herniation and placed a 224x224-pixel crop encompassing the disc,
adjacent spinal canal, dural sac, and nerve-root region [10]. A senior clinician reviewed all selections. One sagittal and one transverse crop were retained per
patient. This procedure represented manual cropping rather than pixel-wise segmentation.

2.5 Deep Learning Architecture and Feature Extraction

Sagittal and transverse ROIs were utilized to train ResNet18, ResNet50, and ResNet101 architectures (training details are provided in Supplementary Material
1, Section S6). The training process incorporated data augmentation—including random horizontal/vertical translation, vertical flipping, and 90-degree
rotations—and employed Gradient-weighted Class Activation Mapping (Grad-CAM) to enhance model interpretability. Features were extracted via average
pooling layers. For the ResNet50 and ResNet101 models, 2,048-dimensional features were extracted per plane, yielding a comprehensive 4,096-dimensional
dual-plane feature set. Conversely, ResNet18 generated 512 dimensions per plane, resulting in a 1,024-dimensional combined set.

2.6 ComBat Normalization Protocol

To mitigate center-related variation in extracted MRI features, ComBat harmonization was performed using the batch-effect removal tool on the Sangerbox
platform [13]. The ComBat harmonization parameters were estimated using the Hospital 1 training cohort only (n = 111). After the parameters had been
frozen, the same transformation was applied without re-estimation to the Hospital 1 internal validation cohort and the Hospital 2 external validation cohort.
No Hospital 2 image, extracted feature, feature distribution, outcome label, or performance estimate contributed to the estimation of the ComBat
parameters. Hospital 2 images were processed only after all data-dependent preprocessing and harmonization parameters had been frozen. Hospital 2 data
were not used to re-estimate or update these parameters, and Hospital 2 outcome labels and performance estimates were not used for model-development
decisions.

2.7 Sample Size and Missing Data

The sample size was determined by all eligible patients available during the study period. Patients with missing preoperative MRI, incomplete follow-up,
unavailable outcome data, or suboptimal image quality were excluded. Complete-case analysis was used for candidate predictors, and no imputation was
performed. The modest development and external validation samples were considered when interpreting model precision and stability.

2.8 Feature Set Construction for Modeling

After excluding all postoperative variables, 43 preoperative clinical and conventional imaging variables remained as candidate predictors. Continuous
predictors were standardized using means and standard deviations estimated from the training cohort only, and these fixed values were subsequently
applied unchanged to the internal validation cohort and the external validation cohort. Five feature sets were specified before feature selection: clinical
variables, sagittal MRI features, transverse MRI features, dual-plane MRI features, and a combined set integrating clinical variables with dual-plane MRI
features.

2.9 Feature Selection and Dimensionality Reduction
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To reduce feature dimensionality and limit the risk of overfitting, all outcome-informed feature-selection procedures were restricted to the training cohort.
Features were first screened using the Mann—Whitney U test (P < 0.05). Redundant features were then removed using Spearman correlation and greedy
recursive deletion at an absolute correlation threshold of 0.90. For high-dimensional feature sets, minimum redundancy maximum relevance (mMRMR) was
used to retain the 40 highest-ranked features; this step was not applied to the clinical set or the single-plane ResNet18 sets because of their lower
dimensionality. Least absolute shrinkage and selection operator (LASSO) regression was subsequently used to obtain the final feature subsets.

2.10 Model Construction and Validation

Models were developed in Python 3.9 using scikit-learn and open-source components of the OnekeyAl computational framework. Logistic regression (LR),
multilayer perceptron (MLP), and support vector machine (SVM) classifiers were evaluated using clinical, single-plane deep learning (transverse and sagittal),
dual-plane deep learning, and combined features integrating clinical variables with dual-plane deep learning features. Hyperparameters were optimized by
grid search with 10-fold cross-validation within the training cohort. Candidate models were compared using the Hospital 1 internal validation cohort to select
the final architecture and classifier. The decision threshold was selected using Hospital 1 data and fixed before external evaluation. After the model
specification and decision threshold had been fixed, the final model was evaluated once in the Hospital 2 external validation cohort. Hospital 2 was not used
for model selection, feature selection, hyperparameter tuning, threshold selection, or any other model-development decision.

2.11 Statistical Analysis

Categorical variables were compared using Fisher's exact test or the chi-square test, and continuous variables were compared using the Mann—Whitney U
test or Student’s t test, as appropriate. Statistical analyses were performed using Python 3.9. All tests were two-sided, and P < 0.05 was considered
statistically significant. Decision-curve analysis and calibration curves were generated using R version 4.3.3.

3 Results
3.1 Participants

A total of 214 patients were included: 111 in the training cohort, 48 in the internal validation cohort, and 55 in the external testing cohort. Numbness
improvement occurred in 65 (58.6%), 31 (64.6%), and 34 (61.8%) patients, respectively. Cohort characteristics are summarized in Table 1 (Excerpt); complete
characteristics and group comparisons are provided in Supplementary Material 1, Section S7, Table S1.
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Table 1

(Excerpt) Clinical indicators of different cohorts.

features

Pre JOA
Surgery Time
(h)

Pre CTD
(month)
Hypertension
No

Yes

Diabetes

No

Yes
Osteoporosis
No

Yes

No. of Prot.
segments

1
2
3
4
5

6
Sag.

protrusion
level

Pfirrmann
Grade

1
2
3
4

5

ALL

12.28 +
3.01

295¢%
0.94

18.54%
35.38

78(70.3)
33(29.7)

93(83.8)
18(16.2)

88(79.3)
23(20.7)

0

1(0.9)
2(1.8)
76(68.5)
29(26.1)
3(2.7)

2(1.8)
4(3.6)
61(55.0)
42(37.8)
1(0.9)
1(0.9)

1(0.9)
9(8.1)
27(24.3)
50(45.1)
24(21.6)

Train (n=111)

Non-
Improved

(n=46)

12.22
3.00

3.13%
1.15

22.67
32.60

28(60.9)
18(39.1)

37(80.4)
9(19.6)

32(69.6)
14(30.4)

0

1(2.2)
2(4.4)
25(54.4)
15(32.6)
3(6.5)

1(2.2)
2(4.4)
21(45.7)
20(43.5)
1(2.2)
1(2.2)

1(2.2)
4(8.7)
7(15.2)
16(34.8)
18(39.1)

improved

(n=65)

12.32 ¢
3.04

2.83%
0.74

15.62 %
37.19

50(76.9)
15(23.1)

56(86.2)
9(13.9)

56(86.2)
9(13.9)

0
0
0
51(78.5)
14(21.5)
0

1(1.5)
2(3.1)
40(61.5)
22(33.9)
0

0

0
5(7.7)
20(30.8)
34(52.3)
6(9.2)

0.501

0.454

0.060

0.110

0.590

0.060

0.017

0.428

0.002

Internal Validation Set (n = 48)

ALL

12.38 ¢
3.78

3.06¢
0.86

23.62*
40.33

37(77.1)
11(22.9)

44(91.7)
4(8.3)

38(79.2)
10(20.8)

0

0

3(6.3)
28(58.3)
15(31.3)
2(4.2)

0

3(6.3)
28(58.3)
15(31.3)
1(2.1)
1(2.1)

0
3(6.3)
11(22.9)
25(52.1)
9(18.8)

Non-
Improved

12(70.6)
5(29.4)

14(82.4)
3(17.7)

11(64.7)
6(35.3)

0

0

1(5.9)
10(58.8)
5(29.4)
1(5.9)

0
3(17.7)
8(47.1)
4(23.5)
1(5.9)
1(5.9)

0
0

5(29.4)
5(29.4)
7(41.2)

improved

(n=31)

13.35¢
3.76

2.87%
0.81

20.39%
37.67

25(80.7)
6(19.4)

30(96.8)
13.2)

27(87.1)
4(12.9)

0

0

2(6.5)
18(58.1)
10(32.3)
13.2)

0
0
20(64.5)
11(35.5)
0
0

0
3(9.7)
6(19.4)
20(64.5)
2(6.5)

p

0.027

0.035

0.400

0.660

0.240

0.150

0.974

0.037

0.008

ALL

12.18 ¢
3.63

275%
1.04

2553
39.44

44(80.0)
11(20.0)

50(90.9)
5(9.1)

42(76.4)
13(23.6)

0

1(1.8)
4(7.3)
25(45.5)
23(41.8)
2(3.6)

1(1.8)
3(5.5)
18(32.7)
32(58.2)
1(1.8)

0

0
5(9.1)

16(29.1)
22(40.0)
12(21.8)

Non-
Improved

(n=21)

11.48 ¢
2.73

3.00%
1.18

37.24%
46.39

15(71.4)
6(28.6)

17(81.0)
4(19.1)

15(71.4)
6(28.6)

0
1(4.8)
3(14.3)
7(33.3)
9(42.9)
1(4.8)

0

2(9.5)
6(28.6)
12(57.1)
1(4.8)

0

0
1(4.8)

4(19.1)
9(42.9)
7(33.3)

External Validation Set (n = 55)

improvec

(n=34)

12.62
4.06

259+
0.92

18.29 %
33.16

29(85.3)
5(14.7)

33(97.1)
1(2.9)

27(79.4)
7(20.6)

0

0

1(2.9)
18(52.9)
14(41.2)
1(2.9)

1(2.9)
1(2.9)
12(35.3)
20(58.8)
0

0

0
4(11.8)
12(35.3)
13(38.2)
5(14.7)

Note: Continuous variables are expressed as mean * SD, and categorical variables as n (%). Abbreviations: Pre = preoperative; JOA = Japanese Orthopaed
Association score; NRS = Numerical Rating Scale; CTD = conservative treatment duration; No. = number; prot. = protruding; Sag. = sagittal;

3.2 Clinical Model Construction
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Six preoperative features—preoperative Japanese Orthopaedic Association (JOA) scores, hypertension, preoperative conservative treatment duration
(months), diabetes, osteoporosis, and the number of protruding segments—were selected for clinical model construction. The detailed feature selection
process and coefficients are presented in Supplementary Material 1, Section S8, Fig. S1. Among the three machine learning classifiers, the SVM
demonstrated the highest predictive efficacy, achieving an AUC of 0.719 (95% CI: 0.567-0.870) in the internal validation cohort and 0.721 (95% CI: 0.568—
0.874) in the external validation cohort (Fig. 2). Comprehensive performance metrics for all clinical classifiers are summarized in Supplementary Material 1,
Section S9, Table S2.

3.3 Construction of Single-Plane Deep Learning Models

For the ResNet101 support vector machine, transverse features yielded AUCs of 0.793 (95% CI 0.650-0.936) in internal validation and 0.731 (0.585-0.877) in
external testing. The corresponding sagittal-feature AUCs were 0.746 (0.603-0.889) and 0.723 (0.584-0.861) (Fig. 3). Feature-selection results are provided
in Supplementary Material 1, Section S8, Figs. S2 and S3, and complete performance metrics in Supplementary Material 1, Section S9, Tables S3 and S4.

3.4 Dual-plane Deep Learning Model Construction

The ResNet101 support vector machine based on dual-plane MRI features yielded AUCs of 0.853 (95% CI 0.748-0.958) in internal validation and 0.789
(0.666-0.911) in external testing (Fig. 4). Feature-selection results for all three residual-network architectures are provided in Supplementary Material 1,
Section S8, Fig. S4, and complete performance measures in Supplementary Material 1, Section S9, Table S5.

3.5 Construction and Evaluation of the Combined Model

The ResNet101 architecture was selected for constructing the combined model. Following feature selection (Fig. 5a-c), a total of 29 features were utilized for
model development. The model achieved an AUC of 0.868 (95% Cl, 0.769-0.966), specificity of 0.947, and sensitivity of 0.586 in the internal validation
cohort. It achieved an AUC of 0.833 (95% Cl, 0.720-0.947), specificity of 0.905, and sensitivity of 0.677 in the external validation cohort (Fig. 5 and Table 2).
Furthermore, decision curve analysis (DCA) and calibration curves corroborate the reliability of these findings (Fig. 6). To further elucidate the model’s
decision-making process, Grad-CAM was employed to generate activation heatmaps (Supplementary Material 1, Section S10, Fig. S5). Visualization revealed
that the model’s focus primarily corresponded to key pathological regions, such as protruded discs and compressed nerve roots.

Table 2
Predictive performance of the combined model.
Model ML Task Acc AUC 95% Cl Sen Spe PPV NPV
ResNet101
LR Training 0.847 0.927 0.881-0.973 0.791 0.932 0.946 0.746
LR Internal validation 0.750 0.824 0.709-0.940 0.724 0.790 0.840 0.652
LR External validation 0.727 0.699 0.551-0.847 0.765 0.667 0.788 0.636
SVM Training 0.928 0.990 0.978-1.000 0.896 0.977 0.984 0.860
SVM Internal validation 0.729 0.868 0.769-0.966 0.586 0.947 0.944 0.600
SVM External validation 0.764 0.833 0.720-0.947 0.677 0.905 0.920 0.633
MLP Training 0.874 0.950 0.913-0.987 0.866 0.886 0.921 0.813
MLP Internal validation 0.688 0.784 0.655-0.913 0.586 0.842 0.850 0.571
MLP External validation 0.746 0.804 0.679-0.929 0.706 0.810 0.857 0.630
Note: Acc, accuracy; AUC, area under the receiver operating characteristic curve; LR, logistic regression; ML, machine learning; MLP, multilayer
gg;(;_fdp::‘%r;; iﬂ;\kzsgative predictive value; PPV, positive predictive value; Sen, sensitivity; Spe, specificity; SVM, support vector machine; 95% Cl, 95%

4 Discussion

We developed and preliminarily evaluated a combined clinical and dual-plane MRI model for predicting 12-month patient-reported lower-limb numbness
improvement after TMD. The model achieved an AUC of 0.833 in the external validation cohort, with specificity of 0.905 and sensitivity of 0.677. Because the
cohort was small and the estimates were uncertain, its numerically higher discrimination than the clinical-only and imaging-only models should be
considered exploratory and confirmed in larger independent cohorts.

Previous lumbar spine prediction studies have mainly addressed overall surgical success, disability, or pain. Benitez-Andrades et al. integrated clinical,
psychometric, socioeconomic, and laboratory variables [14]. ], whereas Berg et al. and Halicka et al. evaluated disability or pain outcomes using geographic
or external validation [8, 9]. Our study focuses on postoperative numbness, which may recover differently from pain.

The dual-plane model showed numerically higher discrimination than either single-plane model. Transverse MRI depicts the relationship among the disc,
spinal canal, and nerve roots, whereas sagittal MRI captures disc-height loss, migration, and longitudinal compression [15]. Consistent with Fan et al [16].

Page 6/13



combining both planes may capture complementary spatial information, although their prediction target differed from ours.

The combined model retained hypertension, diabetes, osteoporosis, and the number of protruding segments alongside MRI features. Osteoporosis and more
extensive disc involvement have been associated with less favorable outcomes after lumbar surgery [5, 17, 18]. These variables should be interpreted as
prognostic associations rather than causal determinants. The modest clinical-only performance suggests that routine variables incompletely capture the
anatomical and microstructural consequences of nerve-root compression [19].

Ten-fold cross-validation reduced dependence on a single training split but did not eliminate optimism from comparing multiple feature sets, architectures,
and classifiers. Because the Hospital 1 internal validation cohort guided candidate-model comparison and final model selection, its performance reflects
model-selection performance rather than independent generalization. The decline from training to internal and external validation further supports cautious
interpretation.

Center-related variation is a recognized source of instability in MRI-derived predictors. Johnson et al. introduced ComBat as an empirical-Bayes approach for
reducing systematic batch effects, and Fortin et al. demonstrated its application to harmonizing multisite diffusion-tensor imaging data [20, 21]. In the
present study, the ComBat parameters were estimated using Hospital 1 data only. The fitted transformation was frozen before Hospital 2 data were
processed and was applied to the external validation cohort without re-estimation. Therefore, no Hospital 2 image, extracted feature, or feature distribution
contributed to the harmonization-parameter estimation, and Hospital 2 remained reserved for the prespecified external validation evaluation. Nevertheless,
both institutions used 3.0-T MRI systems from the same manufacturer. The present results therefore address only a limited range of scanner variation.

External validation across heterogeneous imaging platforms provides a stronger assessment of transportability. For example, Nicolaes et al. externally
validated a vertebral-fracture convolutional neural-network model using CT examinations from eight institutions, 16 scanners, and three manufacturers,
thereby evaluating performance across substantially more diverse acquisition settings [22]. Future work should similarly evaluate the present model in
genuinely independent multicenter cohorts that include different MRI vendors, field strengths, acquisition protocols, and clinical populations.

This study has several limitations. Its retrospective complete-case design may have introduced selection and information bias, because patients with
missing MR, follow-up, or outcome data were excluded and no imputation was performed. The training cohort was small relative to the high-dimensional
MRI feature space, and the higher training discrimination relative to the internal and external estimates raises concern for overfitting and model-selection
optimism. Although outcome-informed feature selection and hyperparameter optimization were restricted to the training process, the Hospital 1 internal
validation cohort contributed to candidate-model comparison and final model selection; its performance should therefore not be interpreted as a fully
independent estimate of generalization. The primary outcome was a categorical patient-reported assessment rather than a validated quantitative numbness
instrument, and classification of any partial relief as improvement may have increased outcome heterogeneity. Although ROI delineation followed a relatively
strict protocol and underwent senior review, MRI slice selection and cropping remained manual and operator dependent, introducing potential variability and
limiting reproducibility. More automated and objective end-to-end approaches should therefore be considered. Both centers used MRI systems from the
same manufacturer, limiting assessment of broader scanner heterogeneity. Calibration estimates were based on relatively small validation cohorts, and only
the 12-month endpoint was examined. Grad-CAM maps provided qualitative visualization of the CNN feature extractor rather than a complete explanation of
the combined SVM model. Future studies should establish a more robust model using nested resampling or bootstrap-based optimism correction and
evaluate it in genuinely independent multicenter cohorts with heterogeneous MRI platforms, acquisition protocols, and validated quantitative sensory
outcomes.

5 Conclusion

The model achieved an AUC of 0.833 in the external validation cohort, with sensitivity of 0.677 and specificity of 0.905. Given the small external validation
cohort, the use of a categorical patient-reported outcome, and the limited scanner heterogeneity, these findings should be interpreted as preliminary model-
development evidence rather than definitive evidence supporting individualized clinical prediction. Larger prospective, multicenter, and multivendor studies
using validated sensory outcomes are required before clinical implementation can be considered.
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Figure 1

Study workflow showing cohort allocation, MRI preprocessing, feature extraction, feature selection, model development, external testing.
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Figure 3

Receiver operating characteristic curves of single-plane models based on transverse (a—f) and sagittal (g—1) MRI features. Panels a-c and g-i show internal

validation, and d—f and j-I| show external testing; columns correspond to ResNet18, ResNet50, and ResNet101
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Figure 4

Receiver operating characteristic curves of dual-plane ResNet18 (a, d), ResNet50 (b, €), and ResNet101 (c, f) models in the internal validation (a-c) and
external testing (d—f) cohorts
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Feature selection and performance of the combined model. LASSO coefficient paths (a), cross-validated selection of A (b), selected-feature weights (c), and
receiver operating characteristic curves in the training (d), internal validation (e), and external testing (f) cohorts
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Figure 6

Decision-curve analyses (a, c), calibration curves (b, d), Panels a—b show internal validation and c—d show external testing
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