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Background: Anterior cruciate ligament reconstruction (ACLR) is the predominant and widely accepted treatment modality for
ACL injury. However, recurrence of ACL rupture or failure of the reconstruction remains a significant challenge. Despite several
studies in the literature that have developed prediction models to address this issue by identifying prognostic factors for treatment
outcomes using classical statistical methods, the predictive efficacy of these models is frequently suboptimal.

Purpose: To (1) evaluate the predictive performance of different machine learning algorithms for the occurrence of failure in ACLR
and (2) identify the most relevant predictors associated with this outcome.

Study Design: Cohort study; Level of evidence, 3.

Methods: A total of 680 patients who underwent ACLR between January 2012 and July 2021 were evaluated. The study outcome
was ACLR failure—defined as a complete tear confirmed by magnetic resonance imaging, arthroscopy, or clinical ACL
insufficiency —evaluated at a minimum 2-year follow-up. Routinely collected data were used to train 9 machine learning
algorithms—including k-nearest neighbors classifier, decision tree classifier, random forest classifier, extra trees classifier, gra-
dient boosting classifier, eXtreme Gradient Boosting, CatBoost classifier, and logistic regression. A random sample of 70% of
patients was used to train the algorithms, and 30% were left for performance assessment, simulating new data. The performance
of the models was evaluated with the area under the receiver operating characteristic curve (AUC).

Results: The predictive performance of most models was good, with AUCs ranging from 0.71 to 0.85. The models with the best
AUC metric were the CatBoost classifier (0.85 [95% CI, 0.81-0.89]) and the random forest classifier (0.84 [95% CI, 0.77-0.90).
Knee hyperextension consistently emerged as the primary predictor for ACLR failure across all models subjected to our analysis.

Conclusion: Machine learning algorithms demonstrated good performance in predicting ACLR failure. Moreover, knee hyperex-
tension consistently emerged as the primary predictor for failure across all models subjected to our analysis.

Clinical Relevance: The findings of this study highlight the potential of machine learning as a valuable clinical tool for decision-
making on surgical intervention. By offering nuanced insights, these algorithms may contribute to the evolving landscape of ortho-
paedic practice. Also, this study confirms knee hyperextension as an important risk factor for ACLR failure.
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Injury to the anterior cruciate ligament (ACL) stands out tear is surgical reconstruction.!® Various techniques,

as one of the most prevalent and disabling knee joint inju-
ries.!? Despite evidence supporting the efficacy of nonsur-
gical interventions for this injury, the predominant and
widely accepted treatment modality for a complete ACL
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each utilizing different graft types with their respective
advantages and disadvantages, are available, and the opti-
mal one is yet to be defined.35-383°

When assessing surgical success, a commonly employed
objective metric is the occurrence of a new ACL rupture or
failure of the reconstruction.®?® ACL reconstruction
(ACLR) failure is considered when there is documented
evidence of a new ligament rupture, assessed through

This open-access article is published and distributed under the Creative Commons Attribution - NonCommercial - No Derivatives License (https://creativecommons.org/
licenses/by-nc-nd/4.0/), which permits the noncommercial use, distribution, and reproduction of the article in any medium, provided the original author and source are
credited. You may not alter, transform, or build upon this article without the permission of the Author(s). For article reuse guidelines, please visit SAGE’s website at
http://www.sagepub.com/journals-permissions.



2 Alaiti et al

magnetic resonance imaging or arthroscopy, or when the
ligament proves insufficient, resulting in objective knee
laxity.®® This laxity is clinically defined by anterior trans-
lation of the tibia of >5 mm compared with the contralat-
eral side that can be typically accompanied by pivot-shift
findings of a glide or clunk. Numerous studies have sought
to establish risk factors for ACLR failure, encompassing
intrinsic factors such as bone morphology or ligament lax-
ity, and surgical factors such as graft types and fixation
methods.?>*® Traditionally, outcome prediction models
for ACLR have predominantly utilized conventional statis-
tical approaches, notably regression models.”*® However,
these traditional methods have encountered challenges in
accurately predicting post-ACLR outcomes. In response
to these limitations, there has been a discernible shift
toward the application of machine learning techniques.
These advanced computational approaches are increas-
ingly recognized for their potential in developing more
robust and reliable prediction models.2546

Machine learning has been applied to enhance predic-
tive capabilities across various orthopaedic surgeries—
including osteochondral transplant,®” hip arthroscopic sur-
gery,®* and rotator cuff repair.? These sophisticated statis-
tical techniques leverage computer algorithms to model
complex interactions between variables, potentially result-
ing in improved predictive accuracy by integrating related
indicators and mitigating potential confounding factors.
The essence of these techniques lies in their capacity to
manage more intricate interactions compared with tradi-
tional statistics. They simultaneously analyze multiple
predictive variables and their combinations, rather than
validating assumed a priori relationships between varia-
bles. Importantly, machine learning usually prioritizes
repeatable and accurate predictions over interpretability,
enabling continuous improvement and self-correction. By
identifying the most crucial variables for predicting out-
comes, this approach can be utilized to develop better pre-
dictive algorithms.

Although there are several published studies on the use
of machine learning models in the prediction of ACLR out-
comes, to our knowledge, there is only 1 other study in the
literature that utilized machine learning to predict ACLR
objective failure.*® However, numerous methodological
and reporting transparency issues inhibit the clinical util-
ity of the study’s results despite the excellent performance
of the models. Therefore, the main goal of this study was to
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(1) evaluate the predictive performance of different
machine learning algorithms for the occurrence of objective
failure in ACLR and (2) identify the most relevant predic-
tors associated with this outcome. We hypothesized that
the best-performing machine learning models would pro-
vide reliable predictions and reveal the most significant
predictors of ACLR objective failure.

METHODS

Data Source

We retrospectively observed a cohort of patients with ACL
rupture who underwent arthroscopic ACLR between Janu-
ary 2012 and July 2021. The surgical procedures were per-
formed by 3 surgeons in the same institution. Patients who
had single-bundle ACLR with any autograft type were
included. Patients who underwent associated -extra-
articular reconstruction and those with meniscal injuries
were also included. Cases in which the allograft was used
were not included in this series. Patients who had associ-
ated procedures—such as treatment of medial or lateral
collateral ligament injuries, posterior cruciate ligament
injuries, osteotomies, and major cartilage
procedures—were excluded. To ensure adequate assess-
ment of ACLR failure, patients with <2 years of follow-
up were excluded. The study protocol received institutional
review board approval, and informed consent was
obtained. This study followed the guidelines of the Trans-
parent Reporting of a multivariable prediction model for
Individual Prognosis or Diagnosis (TRIPOD).??

Surgery and Rehabilitation

The same level of care was available to all patients. ACLR
was performed with a single bundle, aiming to place the
femoral tunnel in the topography of the anteromedial bun-
dle of the native ACL. The femoral tunnel was performed
by the outside-in technique. The tibial tunnel was per-
formed from the anteromedial plateau, aiming at the foot-
print of the native ACL close to the medial tibial spine. The
graft fixation was performed with interference screws with
the knee around 30° of flexion for the hamstrings and in
full extension for the patellar tendon grafts. The maximum
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manual tension was applied for graft fixation. Revision
ACLR cases were not included in the analysis.

Anterolateral ligament (ALL) reconstruction was per-
formed using a free soft tissue graft for extra-articular
reconstruction. Femoral fixation was performed using an
interference screw proximal and posterior to the lateral
epicondyle and tibial fixation in a tunnel passing from
the Gerdy tubercle and the fibular head to the anterome-
dial tibia. ALL fixation was always performed in full exten-
sion and neutral knee rotation. After femoral fixation, the
graft used for reconstruction was passed deep to the ilioti-
bial band (ITB) and superficially to the lateral collateral
ligament on its way to the tibia.'®?! For lateral extra-
articular tenodesis, 1 variation of the modified Lemaire
technique was used.'* First, a 10-mm wide strip approxi-
mately 10 cm long from the posterior third of the ITB
was dissected, maintaining its insertion in the Gerdy
tubercle. This graft was then fixed to the femur in a posi-
tion posterior and proximal to the lateral epicondyle, in
0° to 30° of flexion, and neutral knee rotation. In its proxi-
mal path toward the femur, the graft was passed deeply to
the lateral collateral ligament. Fixation was performed
with an interference screw or a suture anchor. The indica-
tions for performing an associated extra-articular proce-
dure were always at the discretion of each surgeon and
changed throughout the study. However, as a rule,
patients considered to be at an increased risk of recon-
struction failure underwent this type of surgery.>*!3

All patients followed the same rehabilitation protocol,
with weight-bearing and range of motion allowed since
surgery, with progression as tolerated. Patients who had
meniscal repair were instructed to use knee immobilizer
for 4 weeks, with a restricted range of motion from 0° to
90° during this period. After the first 4 weeks, the protocol
was similar to the group without meniscal injuries.
Patients who wished to return to sports were allowed to
do so 8 months after surgery, provided that their knees
had adequate muscular control and no joint effusion, as
evaluated by the single-leg hop test and the cross-over
hop test. For patients who had an associated extra-articular
anterolateral reconstruction, the rehabilitation protocol was
similar to the protocol applied for isolated ACLR. Patients
routinely returned for postoperative follow-ups at approxi-
mately 1 week, 3 weeks, 6 weeks, 3 months, 6 months,
and 1 year after ACLR, with yearly follow-ups thereafter
as part of standard clinical care.

Study Outcome (Target)

The main outcome of this study was objective ACL
failure—defined as a complete tear confirmed by magnetic
resonance imaging or arthroscopy—or clinical ACL
insufficiency—defined as an anterior translation of the
tibia of >5 mm or a pivot-shift test indicating high-grade
rotational instability (clunk or gross). During the study
period, different knee fellows and physical therapists
were responsible for filling the database. Failure was
recorded during regular patient follow-ups. Only patients
with at least a minimum 24-month follow-up were included
in the analysis.
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Predictors

Predictors were selected according to already identified
risk factors routinely collected at the institution. Patient
characteristics (age and sex) and preoperative predictors
(knee hyperextension, time from injury in months, manual
maximum side-to-side difference, pivot-shift test, and
meniscal injury) were collected by a research assistant in
the preoperative period using a questionnaire. Intraopera-
tive predictors—including anterolateral extra-articular
augmentation, intra-articular graft size and type, and
type of meniscal procedure—were collected from the surgi-
cal report.

Passive knee hyperextension was measured preopera-
tively (at the time of the surgical procedure and under anes-
thesia) using a goniometer in the contralateral knee to
minimize the effects of the ACL injury on the affected
knee, assuming both knees had the same degree of mobility
before the ACL injury, as previously published by Sobrado
et al,*° Guimardes et al,'® and Helito et al.’® A senior knee
surgeon performed all the measurements of knee extension.

Statistical Analysis

A random sampling technique was employed, utilizing 70%
of the patient data for algorithm training, while the
remaining 30% was reserved for performance assessment,
simulating the application of the models to new data. To
mitigate any bias, we implemented stratified cross-
validation with 10 folds to train the models and fine-tune
hyperparameters, taking all necessary precautions to pre-
vent data leakage between the training and testing phases.
Numeric predictors underwent transformation using the
Yeo-Johnson method,*” while categorical predictors were
encoded using one-hot encoding. To address the class
imbalance, we applied the borderline synthetic minority
oversampling technique.”

Hyperparameter optimization was conducted to
enhance model performance, with a particular focus on
maximizing the area under the receiver operating charac-
teristic curve (AUC). This optimization was achieved using
the Optuna library,’ utilizing the 3-structured Parzen esti-
mator® as the search algorithm and the asynchronous suc-
cessive halving algorithm?® as the early stopping
mechanism. Consistency in preprocessing techniques was
maintained across all algorithms to ensure a fair and unbi-
ased comparison.

The effectiveness of our models was assessed using var-
ious performance metrics—including AUC, accuracy, pre-
cision, recall, F1 score, Matthews correlation coefficient,
and Brier score loss. The general interpretation of these
metrics is that higher values indicate superior model per-
formance, except for the Brier score loss, where lower val-
ues are desirable. To estimate the variability of these
metrics, we calculated 95% bootstrap confidence intervals.
The predicting performance was categorized as excellent
(>0.9), good (0.8-0.9), fair (0.7-0.8), and poor (<0.7) by
the AUC value.*® All reported performance metrics were
extracted using the test data set.



4 Alaiti et al

We acknowledged the critical role of precise probability
estimates in clinical decisions. Therefore, we calibrated all
models to improve their dependability. This was achieved
using Platt Scaling®® and cross-validation for robust cali-
bration. The effectiveness of this calibration process was
evaluated using the Brier score loss.®*

Our study employed the following algorithms: k-nearest
neighbors classifier, decision tree classifier, random forest
classifier, extra trees classifier, gradient boosting classi-
fier, light gradient boosting machine, eXtreme Gradient
Boosting (XGBoost), CatBoost classifier, and logistic
regression. To gain insights into the variables’ influence,
we utilized SHAP (SHapley Additive exPlanations)®® to
interpret the final model.

RESULTS

During the period evaluated, 776 surgeries were per-
formed for ACLR, but 96 cases were excluded because
they did not meet the study inclusion criteria. The ana-
lyzed sample consisted of 680 patients, without any further
exclusions from the study after this point. Therefore, 680
patients were included in the study and further divided
into train and test datasets. All patients included in the
analysis had complete data for each of the variables
evaluated.

Considering the whole sample evaluated, 454 (66.8%)
patients presented at least 1° of hyperextension, 222
(32.6%) presented >5°, and 66 (9.7%) presented >10°. Con-
sidering the 37 failures, 2 (5.4%) failures occurred in
patients with no hyperextension, 6 (16.2%) in patients
with <5° 16 (43.2%) in patients with 5° to 10°, and 13
(35.1%) in patients with >10°. The predictors and their
summarized values are presented in Table 1.

The most common models for prediction with structured
data were then fitted. Table 2 presents the performance
and variability (ie, 95% bootstrap CIs) of the models in
the test dataset, ordered by the AUC metric. The models
with the best AUC metric were the CatBoost classifier
(0.85 [95% CI, 0.81-0.89]) and the random forest classifier
(0.84 [ 95% CI, 0.77-0.90]).

The SHAP was used to interpret the predictors’ rela-
tionship with the model outcome that presented the best
performance (Figure 1). The most relevant predictor was
knee hyperextension, in which patients with higher
degrees of knee hyperextension were more likely to
undergo a rerupture of the graft. The second most relevant
predictor was the execution of a medial meniscus meniscec-
tomy, with patients who had this procedure being more
susceptible to graft rerupture. With regard to variable
importance, knee hyperextension consistently emerged as
the primary predictor of significance across all models
subjected to our analysis. It is particularly notable that
when employing the CatBoost classifier model, knee hyper-
extension was identified as the most important variable for
constructing new decision trees, resulting in the highest
information gain for classifying outcomes in nearly 70%
of the observed cases. This was followed by a medial
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TABLE 1
Predictors Included in the Model (N = 680)”

Predictors Values
Age, mean (SD), y 30.93 (8.43)
Sex, n (%)

Female 171 (25.15)

Male 509 (74.85)
Hyperextension, mean (SD), deg 4.05 (4.33)
Lateral extra-articular procedure 223 (32.79)

(ALLR or LET), n (%)
No lateral extra-articular procedure, n (%) 457 (67.21)
Time from Injury to Surgery, mean (SD), mo 6.79 (7.59)
Intraarticular graft size, mean (SD), mm 8.25 (0.84)
Graft type, n (%)

Patellar tendon autograft 105 (15.44)

Hamstring tendon autograft 575 (84.56)
Manual maximum side-to-side difference 7.55 (1.18)

preop, mean (SD)
Pivot-shift preop grade, n (%)

1 143 (21.03)

2 337 (49.56)

3 200 (29.41)
Meniscus, n (%)

No lesion 463 (68.09)

Medial suture 80 (11.76)

Medial meniscectomy 64 (9.41)

Lateral meniscectomy 40 (5.88)

Lateral suture 23 (3.38)

Both suture 8 (1.18)

Both meniscectomy 2 (0.29)
Follow-up duration, mean (SD), mo 34.7 (11.45)
Failure, n (%)

Yes 37 (5.44)

No 643 (94.56)

“ALLR, anterolateral ligament reconstruction; LET, lateral
extra-articular tenodesis; preop, preoperative.

meniscus meniscectomy, which played a prominent role
in the construction of new decision trees in almost 20% of
cases (Figure 2). Additional details regarding the interpre-
tation of other models can be found in the supplemental
material, which is available online separately.

DISCUSSION

In this study, we developed 9 machine learning algorithms
and identified the best-performing machine learning model
to predict ACLR objective failure. The model with the best
AUC metric was the CatBoost classifier (0.85 [95% CI,
0.81-0.89]), and the predictive performance of most models
was good, with AUCs ranging from 0.71 to 0.85. Knee
hyperextension consistently emerged as the primary pre-
dictor across all models subjected to our analysis. It is par-
ticularly notable that when employing the CatBoost
classifier model, knee hyperextension was identified as
the most important variable for constructing new decision
trees, resulting in the highest information gain for classify-
ing outcomes in nearly 70% of the observed cases. This was
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TABLE 2
Performance Measures of Failure Prediction Models®
Model AUC Accuracy Precision Recall F1 MCC Brier
CatBoost classifier 0.85 0.78 0.14 0.63 0.24 0.23 0.11
(0.81-0.89) (0.76-0.81) (0.10-0.19) (0.49-0.77) (0.17-0.30) (0.14-0.30) (0.10-0.12)
Random forest classifier 0.84 0.89 0.23 0.45 0.31 0.27 0.08
(0.77-0.90) (0.87-0.91) (0.15-0.32) (0.31-0.58) (0.20-0.49) (0.16-0.37) (0.06-0.09)
Decision tree classifier 0.84 0.86 0.22 0.63 0,33 0.32 0.09
(0.77-0.89) (0.84-0.88) (0.16-0.29) (0.50-0.76) (0.24-0.41) (0.23-0.40) (0.08-0.11)
Extra trees classifier 0.81 0.86 0.25 0.81 0.39 0.40 0.11
(0.74-0.87) (0.84-0.88) (0.19-0.32) (0.70-0.91) (0.30-0.47) (0.33-0.48) (0.09-0.12)
k-nearest neighbor classifier 0.80 0,79 0.16 0.72 0.27 0.27 0.14
(0.76-0.83) (0.76-0.81) (0.12-0.21) (0.60-0.84) (0.20-0.33) (0.19-0.34) (0.13-0.15)
Gradient boosting classifier 0.79 0.73 0.13 0.72 0.22 0.23 0.13
(0.71-0.85) (0.71-0.76) (0.09-0.17) (0.60-0.84) (0.17-0.28) (0.16-0.29) (0.12-0.15)
Light gradient boosting machine 0.77 0.72 0.13 0.72 0.22 0.22 0.15
(0.73-0.81) (0.70-0.75) (0.09-0.16) (0.60-0.84) (0.16-0.27) (0.15-0.28) (0.14-0.16)
Logistic regression 0.75 0.74 0.13 0.72 0.23 0.23 0.17
(0.71-0.79) (0.71-0.76) (0.09-0.18) (0.60-0.84) (0.17-0.29) (0.16-0.30) (0.16-0.19)
Extreme gradient boosting 0.71 0.80 0.12 0.45 0.19 0.16 0.14
(0.64-0.78) (0.77-0.82) (0.07-0.17) (0.31-0.59) (0.13-0.27) (0.07-0.23) (0.12-0.15)

“Data in parentheses are 95% bootstrap Cls. AUC, area under the receiver operating characteristic curve; MCC, Matheus correlation

coefficient.
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Figure 1. SHAP values of the gradient boosting classifier model. This figure provides other relevant information for model interpre-
tation. (1) The predictors are ordered from top to bottom according to their relevance. (2) The more to the right the points of a variable
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Figure 2. Variable importance plot for the gradient boosting classifier model. Variable importance is a metric that quantifies the
significance of each predictor variable in our model. It denotes the proportion of times each variable was selected for building new
decision trees, reflecting its impact on the model’s predictive accuracy and overall performance. Higher proportions indicate
greater importance in the classification of outcomes. Preop, preoperative.

followed by the execution of a medial meniscus meniscec-
tomy, which played a prominent role in the construction
of new decision trees in almost 20% of cases. These findings
are significant, as they not only demonstrate the reliability
of machine learning algorithms in predicting ACLR objec-
tive failure but also establish increased knee hyperexten-
sion values as one of the most relevant variables for
predicting this outcome.

To our knowledge, only the study conducted by Ye
et al*® has employed machine learning algorithms to pre-
dict ACLR objective failure. In their study, 15 predictive
variables and 6 outcome variables of ACLR were selected
to validate a total of 36 machine models, with 6 models
dedicated to each clinical outcome. Graft failure was
among the considered outcomes, and the XGBoost model
demonstrated superior performance (AUC, 0.944). Medial
meniscal resection, participation in competitive sports,
and a steep posterior tibial slope were the most important
predictors of graft failure. However, despite the excellent
performance of their models, numerous methodological
and reporting transparency issues inhibit the clinical util-
ity of the study results.® These issues include the lack of
transparency in model development—including not using
the TRIPOD; dichotomizing continuous measurements
for the predictors and predicted outcomes; oversampling
the data; and not providing 95% CIs.

Despite the absence of other studies attempting to uti-
lize machine learning algorithms to predict ACLR objective
failure, numerous studies have sought to investigate the
most important associated factors.?>2"3! Patient demo-
graphic factors, intrinsic patient factors (eg, bone morphol-
ogy and ligament laxity), surgery-related factors (eg, graft
type and diameter), and associated injuries have all been
considered significant for new injuries after ACLR. A

recent study by Helito et al'® revealed that knee hyperex-

tension of >6.5° was the sole factor associated with ACLR
failure among a range of variables. Patients with >6.5° of
hyperextension exhibited a 14.65 times higher chance of
a new injury compared with those with less hyperexten-
sion. This study reinforces these findings by demonstrating
a consistent linear relationship between knee hyperexten-
sion and failure probability. Specifically, our analysis
revealed a monotonic increase in failure probability corre-
sponding to greater degrees of knee hyperextension.
Numerous other authors also regard knee hyperextension
as a prognostic factor for poor outcomes in reconstruc-
tion.'6-20:23.24 In 3 systematic review, Sundemo et al*? con-
cluded that patients with knee hyperextension and
ligament hyperlaxity demonstrated worse outcomes com-
pared with those without these findings.

The second factor associated with failure identified in
our study was medial meniscectomy, which is also relevant
because the absence of the meniscus increases anterior tib-
ial translation forces and stress on the ACL graft. 3%
Fithian et al'®> showed that medial meniscectomy at the
time of ACLR led to higher postoperative anterior tibial
translation compared with isolated ACLR or ACLR associ-
ated with meniscal repair. Dejour et al'! also showed that
both static and dynamic anterior tibial translation after
ACLR increased in knees that had partial medial menis-
cectomy. All other variables exhibited minimal predictive
significance in the model.

While the models developed in this study demonstrated
good performance, it is essential to acknowledge a few lim-
itations. First, the analyses conducted were not preplanned.
Therefore, some relevant preoperative predictors of ACLR
objective failure—such as sports participation, tibial slope,
and body mass index—might not have been included in
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the analysis. Also, the mean time from injury to surgery of 7
months may be considered long and might have impacted
the failure mechanisms.

In addition, although the sample size used in this study
is, to our knowledge, one of the largest analyzing ACLR
objective failures in the literature, it is important to note
that training our machine learning models with a dataset
of only 680 patients might limit their utility. Machine
learning models typically benefit from larger training
data sets, and their performance would likely improve sig-
nificantly with an increase in training data in the future.
Therefore, future studies should also use larger sample
sizes and include other relevant preoperative predictors
for this population to develop better prediction models.

Moreover, the study relied solely on data available from
our institution, and we did not conduct follow-ups with
patients beyond what was documented in the medical
records with a minimum 2-year follow-up. This approach,
while reflective of real-world clinical practice, does carry
the limitation that some patients who experienced failures
after the minimum 2-year evaluation may have sought
treatment elsewhere, potentially impacting the compre-
hensiveness of our dataset.

Finally, the difference in performance metrics suggests
that the model’s output is better utilized as a probability
estimate rather than a binary classification. Clinicians
should interpret the predicted probability as an indication
of how closely a patient resembles those who have experi-
enced graft failure rather than as a definitive prediction
of failure.

Supervised machine learning algorithms are primarily
designed to learn from hidden patterns in available data
about maximizing outcome prediction rather than explain-
ing causal relationships between a prediction and the out-
come. This is because they adjust the weight of each
variable based on the hyperparameters set and treat
each category of categorical variables as a variable by
itself, which makes it difficult to interpret the individual
role of each predictor variable. This is also one of the rea-
sons why machine learning algorithms may outperform
conventional statistical methods and linear thinking. Nev-
ertheless, the results of this study suggest that the use of
machine learning algorithms might be a promising new
tool that can assist clinicians during clinical decision-
making to decide when to prescribe surgical treatment.

CONCLUSION

Most of the machine learning algorithms demonstrated
good performance in predicting ACLR failure. In addition,
knee hyperextension consistently emerged as the primary
predictor across all models subjected to our analysis.

Supplemental Material for this article is available at https://journals
.sagepub.com/doi/full/10.1177/23259671251324519%%#supplementary-
materials
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