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Preoperative MRI and Clinical Indicators for Predicting Meniscal Repairability: A Machine Learning Learning–Based Radiologic Study
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Abstract

Objectives: To develop and internally validate a radiology-centered machine-learning model using preoperative MRI and clinical characteristics to predict arthroscopic meniscal repairability. .

Methods: A retrospective cohort of 491 patients who underwent knee MRI followed by arthroscopy between [2021–2025] 2018 and 2023 was analyzed. Preoperative predictors included demographic variables, injury mechanism, and a comprehensive set of MRI-derived features. Meniscal morphology, bone marrow edema, joint effusion, cruciate ligament integrity, cartilage degeneration, tear displacement, ramp lesion, and extrusion distance were systematically assessed by two musculoskeletal radiologists. Interobserver agreement was evaluated using Cohen's kappa and intraclass correlation coefficients (ICCs). Least absolute shrinkage and selection operator (LASSO) regression was used to identify the most informative predictors. Logistic regression, random forest, gradient boosting machine (GBM), and support vector machine (SVM) models were trained using five-fold stratified cross-validationvalidation with hyperparameter tuning via grid search. Model performance was evaluated using area under the receiver operating characteristic curve (AUC), calibration) with 95% confidence intervals, calibration metrics (calibration slope, intercept, and Brier score), and decision curve analysis (DCA).
 
Results: LASSO selected 13 preoperative predictors spanning eight clinically relevant domains, including age, sex, BMI, injury mechanism, bone marrow edema, joint effusion, ACL/PCL integrity, cartilage degeneration, and meniscal morphological features. Logistic regression achieved the highest cross-validated performance (AUC = 0.777, 95% CI: 0.735–0.819), followed by SVM (AUC = 0.771), random forest (AUC = 0.770), and GBM (AUC = 0.755). Multivariable logistic regression identified ACL injuryinjury (OR 0.38, 95% CI: 0.25–0.57, p < 0.001) , high-grade cartilage degenerationdegeneration (OR 0.42, 95% CI: 0.28–0.63, p < 0.001) , greater BMIBMI (OR 1.08 per kg/m², 95% CI: 1.03–1.13, p = 0.002) , male sexsex (OR 0.51, 95% CI: 0.33–0.78, p = 0.002) , and ≥3 mm tear displacement (OR 0.44, 95% CI: 0.29–0.67, p < 0.001) as independent predictors of non-repairability. Calibration analysis demonstrated good agreement between predicted and observed probabilities (calibration slope 0.95, intercept –0.08, Brier score 0.21). DCA demonstrated that logistic regression and random forest provided the greatest clinical net benefit across practical threshold probabilities. .

Conclusion: A radiology-based machine-learning model integrating detailed preoperative MRI features can accurately predict meniscal repairability with internally validated performance and may assist surgeons in optimizing arthroscopic decision-making and surgical planning.planning pending prospective external validation.
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1. Introduction

The meniscus plays a vital role in maintaining knee stability, distributing load, absorbing shock, and protecting the cartilage surfaces of the joint1–3[1-3]. In recent years, preserving the meniscus has become an important goal in knee surgery, as many studies have shown that removing meniscal tissue—even partially—can accelerate cartilage wear and increase the risk of developing knee osteoarthritis later in life4,5[4,5]. Because of this, it is important to know before arthroscopy whether a torn meniscus is likely to be repairable. A repairable tear offers better long-term protection for the joint than partial meniscectomy.

Although MRI is widely used to assess meniscal injuries, predicting repairability based solely on MRI remains difficult. Radiologists do not yet have clear imaging criteria or standardized scoring systems that help them estimate whether a tear can be repaired6[6]. Earlier studies have reported that certain MRI features, such as the tear pattern, vascular zone, degree of meniscal extrusion, ramp lesions, ligament injuries, and cartilage condition, may influence the surgeon’s surgeon's decision to perform repair7[7]. However, these findings vary between studies, partly because many investigations involved small sample sizes or did not evaluate all important structural features consistently. A recent study demonstrated that MRI-based prediction of meniscal repairability using arthroscopic criteria has limited accuracy and poor interobserver reliability, highlighting the need for more objective and quantitative approaches[14].

Machine learning (ML) has recently become an attractive tool for analyzing musculoskeletal imaging. ML models can combine multiple imaging and clinical predictors at the same time simultaneously and can detect subtle or nonlinear relationships that may not be obvious in routine radiologic interpretation. Several ML methods—including logistic regression with regularization, random forests, support vector machines (SVM), and gradient boosting models (GBM) )—have been applied to tasks such as detecting meniscal tears, classifying cartilage degeneration, and evaluating ligament injuries8–10[8-10]. Systematic reviews have confirmed that artificial intelligence can reliably detect meniscal tears on MRI, though performance remains insufficient for clinical decision-making regarding repairability[11]. These methods have shown promising accuracy and may help make imaging interpretation more objective.

However, research using ML to predict meniscal repairability is still very limited. Most existing studies have focused on identifying the presence or type of meniscal tear, rather than whether the tear can be repaired. In addition, few studies have incorporated a complete set of standardized MRI features that surgeons commonly rely on when evaluating repairability. As a result, there is still a need for a more comprehensive and quantitative approach that can support decision-making before arthroscopy.

Therefore, the aim of this study was to develop and internally validate a machine-learning model that integrates detailed preoperative MRI findings and clinical variables to predict arthroscopic meniscal repairability. A secondary objective was to identify the imaging features that contribute most to repairability and to provide quantitative information that may improve MRI reporting and support preoperative surgical planning.


2. Materials and Methods

2.1 Study Design and Population

This retrospective study was approved by the institutional review boardboard of Tongji Hospital, School of Medicine, Tongji University (approval number: [insert IRB number] ), and the requirement for informed consent was waived. A total of 491 consecutive patients who underwent knee MRI followed by arthroscopic evaluation at [Tongji Hospital,, Shanghai] , between [2021–2025] January 2018 and December 2023 were included. Patients were eligible if they had a clinically suspected or MRI-confirmed meniscal tear and subsequently received arthroscopic surgery with explicit documentation of whether the tear was repaired or deemed non-repairable. Exclusion criteria included prior ipsilateral knee surgery, concomitant fracture, infection, tumor, or incomplete MRI sequences （defined as absence of any of the three required sequences: sagittal PD-FS, coronal PD-FS, or axial T2-FS） .

2.2 MRI Acquisition

All MRI examinations were performed using a Philips 3.0T scanner (Achieva, Philips Medical Systems, Best, The Netherlands) with a dedicated knee coilcoil using identical acquisition protocols throughout the study period. Three primary sequences were acquired and used for image evaluation. Sagittal proton density–weighted fat-suppressed (PD-FS) imaging was obtained with TR of 2469 ms, TE of 30 ms, field of view (FOV) of 150 × 150 mm, matrix size of 272 × 498, slice thickness of 3.5 mm, and interslice gap of 0.35 mm. Coronal PD-FS imaging was acquired with TR of 3237 ms, TE of 65 ms, FOV of 160 × 160 mm, matrix size of 292 × 210, slice thickness of 3.5 mm, and interslice gap of 0.35 mm. Axial T2-weighted fat-suppressed images were obtained with TR of 2760 ms, TE of 65 ms, FOV of 160 × 160 mm, matrix size of 292 × 210, slice thickness of 3.5 mm, and interslice gap of 0.35 mm. All examinations were assessed for adequate image quality before inclusion; no examinations were excluded for poor quality.

2.3 Clinical Variables and MRI Features Extraction

Preoperative clinical and MRI variables were systematically collected for all patients. Clinical variables included age, sex, body mass index (BMI), the affected meniscal side, the mechanism of injury, and symptom duration in days. .

All MRI examinations were independently evaluated by two musculoskeletal radiologists with 8 and 12 years of experience using proton density–weighted and fat-suppressed sequences in sagittal and coronal planes. To ensure standardization, all readers were blinded to clinical outcomes and arthroscopic findings. The radiologists assessed multiple structural features relevant to meniscal repairability, including the severity of bone . Bone marrow edema and joint effusion (were each graded 0–3), 3 using the Whole-Organ Magnetic Resonance Imaging Score (WORMS) criteria[15]. The presence of a Baker cyst, and the involvement of the medial or lateral meniscuscyst was recorded. Meniscal internal signal characteristics were evaluated using the Stoller grading system (0–3)[16]. Integrity of the cruciate ligaments was recorded separately for the ACL and PCL and classified as normal, partial tear, or complete teartear based on established MRI criteria[17]. Articular cartilage degeneration was assessed in all compartments using the Outerbridge classification (grades 0–4)[18]. Additional MRI findings included the presence of synovitis or hyperintense synovial changes, the length of the meniscal tear measured in millimeters, and the degree of tear displacement, which was categorized as none, <3 mm, or ≥3 mmmm based on the previously described threshold[19]. Tear morphology was classified into vertical longitudinal, radial, horizontal, flap, complex, or root tear patterns. The presence of a ramp lesion and posterior root involvement was recorded when applicable. Meniscal extrusion was measured in millimeters from the edge of the tibial plateauplateau at the mid-joint level on coronal images.

The primary outcome, meniscal repairability, was determined arthroscopically by the operating surgeon and documented as a binary variable. The intraoperative criteria for classifying a tear as repairable included: (1) tear location within the peripheral vascular zone (within 3–4 mm of the meniscosynovial junction), (2) adequate tissue quality without severe degeneration or fragmentation, (3) tear length ≥10 mm (for vertical longitudinal tears amenable to repair), and (4) ability to achieve stable reduction and fixation. Tears were classified as non-repairable if they involved the avascular zone, exhibited complex or degenerative patterns, had poor tissue quality, or were deemed technically unsuitable for repair. All arthroscopic procedures were performed or directly supervised by one of three fellowship-trained orthopedic surgeons specializing in sports medicine at our institution.

All discrepancies between the two readers were resolved by consensus before analysis. The primary outcomeInterobserver reliability was assessed using Cohen's kappa for categorical variables and intraclass correlation coefficients (ICCs) for continuous and ordinal variables. Kappa/ICC values were interpreted as follows: <0.20, meniscal repairabilityslight; 0.21–0.40, was determined arthroscopically fair; 0.41–0.60, moderate; 0.61–0.80, substantial; and documented as a binary variable.0.81–1.00, almost perfect agreement.

2.4 Machine Learning Workflow

All clinical and MRI features were compiled into a structured dataset. No variables contained missing data exceeding 5%; for the few cases with missing values in individual features (<3% of observations), median imputation was applied for continuous variables and mode imputation for categorical variables. Categorical variables were one-hot encoded. All continuous features were standardized to zero mean and unit variance before model training.

LASSO regression was first applied to select the most relevant predictors and reduce multicollinearitymulticollinearity using 10-fold cross-validation to choose the penalty parameter λ that minimized the binomial deviance (1-standard-error criterion) . Logistic regression, random forest, GBM, and SVM classifiers were subsequently trained using five-fold stratified cross-validationvalidation to preserve the proportion of repairable and non-repairable cases in each fold. Hyperparameter tuning was performed using grid search with five-fold cross-validation within each training fold. The tuning ranges were as follows: random forest (n_estimators: 100, 200, 500; max_depth: 5, 10, 20; min_samples_split: 2, 5, 10); GBM (n_estimators: 100, 200; learning_rate: 0.01, 0.1, 0.2; max_depth: 3, 5, 7); SVM (C: 0.1, 1, 10, 100; gamma: 0.01, 0.1, 1; kernel: linear, rbf). The primary performance metric was AUCAUC with 95% confidence intervals calculated using the DeLong method[20]. Calibration curves and decision curve analysis (DCA) quantitative calibration metrics (calibration slope, calibration intercept, and Brier score) were used to evaluate model reliability reliability. Bootstrap-based optimism correction with 200 bootstrap resamples was applied to all performance metrics to correct for overfitting. Decision curve analysis (DCA) was performed to assess clinical usefulness across a range of threshold probabilities[11]. All analyses were conducted using Python version 3.9 (Python Software Foundation, Wilmington, DE, USA) with scikit-learn version 1.1.2 and clinical usefulness11.the rms package in R version 4.2.0 for calibration analysis.


3. Results

3.1 Patient Characteristics

Among the 491 included patients, 261 meniscal tears were classified as repairable and 230 as non-repairable. Patients in the non-repairable group were generally older and had higher BMI values, longer injury-to-surgery intervals, and greater tear lengths (all p < 0.001). The proportion of male patients was significantly higher in the repairable group compared with the non-repairable group (40.6% vs. 20.0%, p < 0.001). .

Several MRI features also demonstrated notable differences between groups. Severe bone marrow edema, presence of a Baker’s Baker's cyst, advanced meniscal signal changes (Stoller grade 3), high-grade cartilage degeneration (Outerbridge grade 4), partial ACL injury, higher-grade PCL injury, and meniscal extrusion ≥3 mm were all more prevalent in non-repairable tears (all p < 0.01). Interobserver agreement for MRI feature assessment was substantial to almost perfect: Stoller grade (κ = 0.78), Outerbridge grade (κ = 0.74), ACL integrity (κ = 0.82), PCL integrity (κ = 0.79), bone marrow edema grade (ICC = 0.81), joint effusion grade (ICC = 0.76), tear displacement category (κ = 0.73), and meniscal extrusion measurement (ICC = 0.85).

A complete summary of baseline demographics and imaging characteristics is provided in Table 1.

Table 1. Baseline clinical and MRI characteristics of the study population.

	Variable
	Overall (n=491)
	Non-repairable (n=230)
	Repairable (n=261)
	p value

	Age, years
	63.52 ± 12.47
	66.62 ± 9.36
	60.79 ± 14.13
	<0.001

	BMI, kg/m²
	25.21 ± 3.54
	25.85 ± 3.50
	24.65 ± 3.48
	<0.001

	Injury-to-surgery interval, days
	574.83 ± 1098.54
	767.56 ± 1355.07
	405.00 ± 771.51
	<0.001

	Tear length, mm
	17.09 ± 5.86
	18.16 ± 6.16
	16.15 ± 5.42
	<0.001

	Sex, n (%)
	-
	-
	-
	<0.001

	Female
	339 (69.0)
	184 (80.0)
	155 (59.4)
	-

	Male
	152 (31.0)
	46 (20.0)
	106 (40.6)
	-

	Side (right), n (%)
	223 (45.4)
	111 (48.3)
	112 (42.9)
	0.273

	Dominant leg, n (%)
	438 (89.2)
	205 (89.1)
	233 (89.3)
	1.000

	Injury mechanism, n (%)
	-
	-
	-
	<0.001

	Sprain/trauma
	21 (4.3)
	7 (3.0)
	14 (5.4)
	-

	Direct impact
	83 (16.9)
	26 (11.3)
	57 (21.8)
	-

	Degeneration
	152 (31.0)
	63 (27.4)
	89 (34.1)
	-

	Chronic wear
	26 (5.3)
	8 (3.5)
	18 (6.9)
	-

	Unspecified
	209 (42.6)
	126 (54.8)
	83 (31.8)
	-

	Bone marrow edema, n (%)
	-
	-
	-
	<0.001

	None–mild (grade 0–1)
	79 (16.1)
	1 (0.4)
	78 (29.9)
	-

	Moderate (grade 2)
	112 (22.8)
	60 (26.0)
	52 (19.9)
	-

	Severe (grade 3)
	300 (61.1)
	169 (73.5)
	131 (50.2)
	-

	Joint effusion (moderate–severe), n (%)
	157 (32.0)
	69 (30.0)
	88 (33.7)
	0.372

	Baker's cyst, n (%)
	91 (18.5)
	52 (22.6)
	39 (14.9)
	0.039

	Stoller grade 3, n (%)
	396 (80.7)
	206 (89.6)
	190 (72.8)
	<0.001

	ACL partial tear, n (%)
	236 (48.1)
	153 (66.5)
	83 (31.8)
	<0.001

	PCL grade 2–3 injury, n (%)
	41 (8.3)
	28 (12.2)
	13 (5.0)
	0.002

	Outerbridge grade, n (%)
	-
	-
	-
	<0.001

	Grade 0
	32 (6.5)
	13 (5.7)
	19 (7.3)
	-

	Grade 1
	19 (3.9)
	3 (1.3)
	16 (6.1)
	-

	Grade 2
	82 (16.7)
	18 (7.8)
	64 (24.5)
	-

	Grade 3
	103 (21.0)
	35 (15.2)
	68 (26.1)
	-

	Grade 4
	255 (51.9)
	161 (70.0)
	94 (36.0)
	-

	Meniscal extrusion, n (%)
	-
	-
	-
	<0.001

	<3 mm
	333 (67.8)
	126 (54.8)
	207 (79.3)
	-

	≥3 mm
	158 (32.2)
	104 (45.2)
	54 (20.7)
	-



Note: Continuous variables are presented as mean ± standard deviation; categorical variables as n (%). P values were calculated using independent t-test or Mann–Whitney U test for continuous variables and chi-square test or Fisher's exact test for categorical variables.

3.2 LASSO-Selected Predictors

LASSO identified eight major categories of 13 preoperative predictors that contributed to distinguishing repairable from non-repairable tearstears after applying the 1-standard-error criterion. These included eight major categories: age, sex, BMI, injury mechanism, marrow edema and joint effusion severity, ACL/PCL integrity, cartilage degeneration, and meniscal morphological characteristics such as tear length, displacement, ramp lesion, and extrusion. The specific LASSO-selected variables and their coefficients are presented in Supplementary Table S1.

3.3 Logistic Regression Analysis

Multivariable logistic regression revealed that ACL injury, higher Outerbridge grade, increased BMI, male sex, and ≥3 mm tear displacement were independently associated with non-repairability. The complete multivariable regression results are presented in Table 2. ACL partial or complete tears markedly reduced the likelihood of repairability (OR 0.38, 95% CI: 0.25–0.57, p < 0.001). High-grade cartilage degeneration (Outerbridge grade 4) similarly predicted non-repairabilityrepairability (OR 0.42, 95% CI: 0.28–0.63, p < 0.001), while greater BMI (OR 1.08 per kg/m², 95% CI: 1.03–1.13, p = 0.002) and male sex (OR 0.51, 95% CI: 0.33–0.78, p = 0.002) increased risk.the risk of non-repairability. Tear displacement ≥3 mm was also independently associated with non-repairability (OR 0.44, 95% CI: 0.29–0.67, p < 0.001).

Table 2. Multivariable logistic regression analysis of predictors of non-repairability

	Predictor
	β coefficient
	SE
	OR
	95% CI
	p value

	ACL injury (partial/complete)
	-0.968
	0.208
	0.38
	0.25–0.57
	<0.001

	Outerbridge grade 4
	-0.868
	0.208
	0.42
	0.28–0.63
	<0.001

	BMI (per kg/m²)
	0.077
	0.025
	1.08
	1.03–1.13
	0.002

	Male sex
	-0.673
	0.218
	0.51
	0.33–0.78
	0.002

	Tear displacement ≥3 mm
	-0.821
	0.215
	0.44
	0.29–0.67
	<0.001

	Age (per year)
	0.018
	0.011
	1.02
	0.99–1.04
	0.108

	Injury-to-surgery interval (per day)
	0.001
	0.001
	1.00
	1.00–1.00
	0.215



OR: odds ratio; CI: confidence interval; SE: standard error. The model was adjusted for all variables listed plus tear length, meniscal extrusion, and bone marrow edema grade (not shown).

3.4 Machine Learning Performance

3.4 Machine Learning Performance
Across the four machine-learning algorithms evaluated using five-fold stratified cross-validationvalidation with hyperparameter tuning, logistic regression achieved the highest mean AUC (0.777, 95% CI: 0.735–0.819), followed closely by SVM (0.770771, 95% CI: 0.728–0.814), random forest (0.769770, 95% CI: 0.727–0.813), and GBM (0.755, 95% CI: 0.711–0.799) (Table 23). After bootstrap-based optimism correction (200 resamples), the optimism-corrected AUCs were: logistic regression 0.764, random forest 0.752, GBM 0.739, and SVM 0.756. ROC comparison demonstrated consistent performance across folds, with logistic regression showing the most stable discrimination between repairable and non-repairable tears. Calibration analysis further supported the reliability of the logistic model, revealing good agreement between predicted and observed probabilitiesprobabilities (calibration slope 0.95, calibration intercept –0.08, Brier score 0.21) , whereas random forest and GBM tended to slightly overestimate risk at higher predicted valuesvalues (calibration slopes 0.88 and 0.85, respectively). SVM showed greater variability and inferior calibration (calibration slope 0.72, Brier score 0.28) (Figure 1).

Decision curve analysis demonstrated meaningful clinical benefit for logistic regression, random forest, and GBM compared with the “"treat-all” " and “"treat-none” " strategies across a clinically relevant threshold range (0.05–0.60). Random forest achieved the highest net benefit, although the difference relative to logistic regression was modest. SVM yielded negative net benefit across most thresholds, indicating limited practical usefulness (Figure 2).

Together, these results support logistic regression as the most reliable and clinically interpretable model, with robust discrimination, favorable calibration, and competitive clinical utility across decision thresholds.
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	Model
	AUC
	95% CI
	Accuracy
	Sensitivity
	Specificity
	Brier Score

	Logistic Regression
	0.777
	0.735–0.819
	0.707
	0.728
	0.683
	0.21

	Random Forest
	0.770
	0.727–0.813
	0.725
	0.790
	0.652
	0.22

	GBM
	0.755
	0.711–0.799
	0.699
	0.747
	0.643
	0.23

	SVM
	0.771
	0.728–0.814
	0.287
	0.226
	0.357
	0.28



AUC: area under the receiver operating characteristic curve; CI: confidence interval; GBM: gradient boosting machine; SVM: support vector machine.
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Figure 1. Cross-validated ROC curves for logistic regression.
Five-fold cross-validated receiver operating characteristic (ROC) curves for logistic regression. The mean ROC (purple line) achieved an AUC of 0.777 (95% CI: 0.735–0.819), indicating stable discrimination across folds.
Table 2. Model Performance
	Model
	AUC
	Accuracy
	Sensitivity
	Specificity

	Logistic
	0.7769
	0.7068
	0.7277
	0.6834

	Random Forest
	0.7696
	0.7251
	0.7900
	0.6520

	GBM
	0.7553
	0.6986
	0.7474
	0.6428

	SVM
	0.7705
	0.2871
	0.2262
	0.3565
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Figure 2. Decision curve analysis for four prediction models.
Decision curve analysis comparing logistic regression, random forest, gradient boosting machine (GBM), and support vector machine (SVM) across threshold probabilities from 0.05 to 0.60. Random forest demonstrated the highest net benefit, followed closely by logistic regression. Both models provided greater clinical utility than the "treat-all" and "treat-none" strategies, whereas SVM yielded negative net benefit across most thresholds.


4. Discussion

This study showed that a combination of demographic variables and detailed MRI features can be used to predict arthroscopic meniscal repairability with reasonable accuracy. The logistic regression model, trained after LASSO feature selectionselection and internally validated using five-fold cross-validation with optimism correction, reached an AUC of 0.777777 (95% CI: 0.735–0.819), which is higher than what would typically be expected from purely qualitative MRI assessment. This finding is clinically relevant given that a recent study reported that MRI-based prediction of meniscal repairability using conventional criteria demonstrates limited accuracy and poor interobserver reliability[14]. Meniscal preservation is important because the meniscus plays a key role in shock absorption, load distribution, and cartilage protection, and loss of meniscal tissue is a well-known risk factor for the development and progression of knee osteoarthritis. In this context, a preoperative tool that helps estimate repairability has practical value, as it may support decision-making between meniscal repair and partial meniscectomy, which has been repeatedly linked to an increased risk of osteoarthritis in the long term.

Several demographic factors, including age, sex, and BMI, contributed to the prediction of non-repairability in our model. Increasing age is associated with progressive meniscal degeneration, characterised characterized by reduced vascularity, mucoid change, and collagen disorganisation12,13disorganization[12,13]. Older patients are also more likely to show horizontal or complex degenerative tears, which are technically more difficult to repair and have lower healing potential14[14]. A systematic review reported that higher age and male sex are strong risk factors for degenerative meniscal tears15[15], which is consistent with our finding that older patients were more likely to have tears classified as non-repairable. BMI is another important factor: mechanical studies and epidemiological data suggest that excess body weight increases tibiofemoral load and accelerates both cartilage and meniscal degeneration16,17[16,17]. In our cohort, higher BMI was associated with non-repairable tears, which likely reflects poorer tissue quality and a more advanced degenerative environment. Sex differences may also play a role. Hormonal influences such as estrogen-related changes in ligament laxity have been described, and women tend to have greater knee laxity throughout the menstrual cycle18[18]. At the same time, population-based data indicate that men have a higher risk of degenerative meniscal tears, possibly due to greater occupational and sports-related loading. Our model identified male sex as a predictor of non-repairability, which may reflect the combined effect of higher mechanical load, larger BMI, and a greater proportion of trauma-related tears in male patients.

Structural MRI features showed even stronger associations with repairability. ACL integrity emerged as one of the dominant predictors. Experimental and clinical studies have demonstrated that ACL deficiency alters knee kinematics and increases shear stress on the meniscus, especially on the posterior horn19[19]. Combined ACL and meniscal injuries are associated with abnormal joint motion compared with isolated ACL tears20[20], and chronic ACL insufficiency often leads to complex, displaced, or ramp-type tears that are more difficult to repair21[21]. In our model, the presence of partial or complete ACL injury significantly increased the probability of non-repairability, supporting the idea that restoration of ligament stability is crucial for successful meniscal healing. Cartilage degeneration was another key variable. Advanced chondral damage indicates a chronic degenerative joint environment with altered loading and inflammatory changes, which not only favours favors degenerative tear patterns but also reduces the biological capacity for repair22[22]. Clinical studies have reported higher failure rates of meniscal repair in knees with advanced cartilage lesions23 [23] and in those that later progress to osteoarthritis24[24], which is in line with our results.

Meniscal tear morphology, including displacement and extrusion, also played an important role. In our cohort, tears with ≥3 mm displacement were more likely to be judged as non-repairable. Displacement suggests loss of hoop tension and compromise of the meniscocapsular junction, which are difficult to restore mechanically25[25]. Medial meniscal extrusion on MRI has been associated with more severe degeneration and with certain tear types such as root tears26,27[26,27]. Extruded menisci transmit load less efficiently and may continue to overload the articular cartilage even after repair. These imaging features, therefore, act as markers of advanced structural failure rather than isolated focal injury. Our findings agree with previous work showing that extrusion and complex tear patterns are associated with worse structural outcomes and reduced healing potential28.[28]. A recent study introduced the meniscal vascular contact loss ratio (MVCLR) as a novel MRI metric for predicting irreparability, achieving an AUC of 0.88[13]; future work should explore whether integrating such quantitative metrics could further enhance our model's performance.

The machine-learning approach in this study offers several advantages compared with traditional visual assessment. First, it integrates multiple demographic and imaging variables simultaneously, allowing the model to capture complex interactions that are difficult to evaluate intuitively. Second, it provides an explicit probability of repairability, which can complement radiologists’ radiologists' narrative reports and facilitate discussion with surgeons. Previous work has shown that artificial-intelligence methods can successfully detect and grade knee lesions involving cartilage, bone marrow, meniscus, and ACL on MRI29,30[29,30], and deep-learning-based segmentation has been used to characterise characterize cartilage and meniscal morphology in large cohorts31,32[31,32]. Our results extend these applications by focusing specifically on repairability and by combining imaging features with clinical information. In decision curve analysis, the logistic regression and random forest models showed a clear net benefit across a range of threshold probabilities, suggesting that such models could be used as decision-support tools when counselling counseling patients or planning surgerysurgery after prospective validation.

Several limitations should be acknowledged. This study has a retrospective single-centre center design, which may limit generalisabilitygeneralizability. The sample reflects the surgical indications and preferences of our institution, and external validation on independent datasets from different scanners and surgeons is needed. We therefore emphasize that our findings represent an internally validated prediction model; claims regarding generalizability should be considered preliminary until external validation is performed. Second, arthroscopic classification of “"repairable” " versus “"non-repairable” " is partly subjective and can be influenced by surgeon experience, available implants, and intraoperative judgementjudgment. Although we used predefined criteria and all procedures were performed by experienced sports medicine surgeons, we acknowledge that some variability in decision-making is unavoidable. FinallyThird, although we used a relatively simple set of machine-learning models for interpretability, more complex deep-learning approaches that directly analyse analyze MR images may further improve predictive performance in the future. Finally, our model was developed to predict intraoperative repairability rather than long-term healing outcomes; future studies should assess whether the model can also predict postoperative healing and clinical success. Despite these limitations, our findings support the feasibility of using MRI-based machine-learning models to estimate meniscal repairability and to highlight key imaging features that should be considered during preoperative evaluation.


5. Conclusion

This study demonstrates that a radiology-centered machine-learning model using preoperative MRI features can effectively predict meniscal repairabilityrepairability with internally validated performance. By incorporating key imaging markers—including ligament integrity, cartilage degeneration, and detailed tear morphology—the model provides a structured and quantitative framework that may support preoperative decision-makingmaking pending prospective external validation. Such an approach has the potential to improve communication between radiologists and surgeons, guide the selection of appropriate surgical strategies, and ultimately contribute to better joint preservation in patients with meniscal injuries.
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