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Background: Peripheral tears of the posterior horn of the medial meniscus, known as ‘‘ramp lesions,’’ are commonly found in
anterior cruciate ligament (ACL)–deficient knees but are frequently missed on routine evaluation.

Purpose: To predict the presence of ramp lesions in ACL-deficient knees using machine learning methods with associated risk
factors.

Study Design: Cohort study (Diagnosis); Level of evidence, 2.

Methods: This study included 362 patients who underwent ACL reconstruction between June 2010 and March 2019. The exclusion
criteria were combined fractures and multiple ligament injuries, except for medial collateral ligament injuries. Patients were grouped
according to the presence of ramp lesions on arthroscopic surgery. Binary logistic regression was used to analyze risk factors
including age, sex, body mass index, time from injury to surgery (�3 or \3 months), mechanism of injury (contact or noncontact),
side-to-side laxity, pivot-shift grade, medial and lateral tibial/meniscal slope, location of bone contusion, mechanical axis angle, and
lateral femoral condyle (LFC) ratio. The receiver operating characteristic curve and area under the curve were also evaluated.

Results: Ramp lesions were identified in 112 patients (30.9%). The risk for ramp lesions increased with steeper medial tibial and
meniscal slopes, higher knee laxity, and an increased LFC ratio. Comparing the final performance of all models, the random forest
model yielded the best performance (area under the curve: 0.944), although there were no significant differences among the mod-
els (P . .05). The cut-off values for the presence of ramp lesions on receiver operating characteristic analysis were as follows:
medial tibial slope .5.5� (P \ .001), medial meniscal slope .5.0� (P \ .001), and LFC ratio .71.3% (P = .033).

Conclusion: Steep medial tibial and meniscal slopes, an increased LFC ratio, and higher knee rotatory laxity were observed risk
factors for ramp lesions in patients with an ACL injury. The prediction model of this study could be used as a supplementary diag-
nostic tool for ramp lesions in ACL-injured knees. In general, care should be taken in patients with ramp lesions and its risk factors
during ACL reconstruction.
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Combined meniscal tears with anterior cruciate ligament
(ACL) injuries are common, especially occurring in the pos-
terior horn of the medial meniscus (MMPH).54,55 Among
MMPH tears, peripheral meniscocapsular lesions, known
as ramp lesions, are difficult to diagnose with magnetic
resonance imaging (MRI) or arthroscopic surgery because
of their location on the posteromedial aspect of the
MMPH, which is difficult to visualize through standard
arthroscopic portals.29,54 The pooled diagnostic values of
MRI for ramp lesions have been reported as 65.08% for
sensitivity and 91.59% for specificity.8,40 Furthermore,

the presence of ramp lesions in ACL-injured knees might
increase anterior tibial translation and external rotation,
as suggested in biomechanical studies.37,58 Thus, the possi-
bility of the misdiagnosis or underdiagnosis of these lesions
is concerning,29,54 considering that there are clinical stud-
ies that have demonstrated the potential restoration of
knee biomechanics after repairing such lesions.37,55 To
minimize misdiagnoses or underdiagnoses, identifying
the risk factors and understanding the mechanisms of
injury associated with ramp lesions are necessary.

Bone morphology and clinical findings around the knee
have been considered central risk factors for an ACL injury
and failure of ACL reconstruction.k Several findings,
including lateral and medial tibial slopes,19,32,43 meniscalThe American Journal of Sports Medicine
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slope,32,53 tibial plateau and femoral condyle morphol-
ogy,13,19,44,46,58,61 varus knee alignment,8,27,32 bone contu-
sions,27,32,63 increased lateral femoral condyle (LFC) ratio
(ie, deeper posterior LFC),13,31,45,46,61 have been investi-
gated in multiple radiographic or MRI studies as potential
risk factors of an ACL injury or ACL reconstruction failure
as well as of meniscal injuries. Although these factors have
been associated with meniscal tears or ACL injuries in
many previous studies, they remain difficult to detect pre-
operatively.8,23,27,37,63 Therefore, a preoperative suspicion
of ramp lesions and a careful evaluation during surgery
in ACL-injured knees would be vital in obtaining success-
ful outcomes after ACL reconstruction.

Recently, machine learning models have been introduced
to predict the risk of certain outcomes or to classify the data-
set in accordance with weighing and selecting variables with
their calculated importance.5,42 In orthopaedic research, the
use of machine learning models, including supervised and
nonsupervised methods, has been considered promising in
predicting survival outcomes,12,47 complications,11,18 patient
assessments,14,33 or clinical decision making.2,21 Although
machine learning models are typically applied to large data-
sets for the detection of associations among variables, there
remain no established criteria for the minimum number of
cases and variables for these models. Because of their nature,
it is important to evaluate the prediction performance of
machine learning models according to data size, which may
be collected clinically, more commonly from hospitals than
from registry data.5,21,22,42 Moreover, in comparing machine
learning models and conventional statistical analysis tools,
such as logistic regression, the use of a common data size
would be clinically valuable.

The random forest model is derived from decision tree
analysis, which splits the data into partitions or nodes so
that ultimately a previously unseen variable can be accu-
rately assigned to a class.1,4,21 The random forest model
retains the advantages of decision tree analysis but gener-
ates many individual decision trees and ensembles them
into a new decision tree after bagging to reduce overfitting
of the original classification decision tree, which would be
problematic to apply external data.1,4,5,21 This random for-
est model has already been applied for clinical use in medi-
cine to predict outcomes or complications.1,17,21

Deep learning models with neural networks are gaining
more popularity than other models.10,22,64 Neural networks
are known to have advantages in accuracy over statistical
models when there is a large number of features in which
the relationships are mostly unknown and complex.64 Deep
learning models with neural networks require massive train-
ing and test data samples to utilize their full potential.

However, models using neural networks have generally
been applied for image analysis, not medical records.10,64 In
this study, we explored how neural network–based models
predict ramp lesions using clinical data.

This study aimed to identify the risk factors for ramp
lesions in ACL-injured knees, compare the performance
of machine learning models and conventional analysis,
and construct an application that can be used in the clini-
cal field. It was hypothesized that machine learning mod-
els can predict and improve the diagnostic accuracy of
a ramp lesion in ACL-injured knees by combining MRI
and multiple variables, including a deeper posterior LFC,
varus alignment, and a steeper tibial slope.

METHODS

This retrospective case-control study included 514 cases of
primary ACL reconstruction with an arthroscopic evalua-
tion for ramp lesions between June 2010 and March 2019,
in accordance with Standards for Reporting of Diagnostic
Accuracy Studies (STARD) guidelines3 and quality criteria
for artificial intelligence–based prediction in health care.7

The inclusion criteria were as follows: primary ACL rupture
confirmed by MRI, arthroscopic surgery, and laxity grade
.2 on any stress test. A ramp lesion was defined as a longi-
tudinal tear of the meniscocapsular junction or a red zone
tear of the MMPH confirmed using arthroscopic sur-
gery.29,32,54,55 The exclusion criteria were as follows: (1) frac-
tures around the knee or ACL avulsion fractures (n = 13),
(2) previous surgery (n = 11), (3) other combined surgical
procedures such as osteotomy (n = 18), (4) multiligament
injuries except for medial collateral ligament (MCL) injuries
(n = 22), (5) incomplete clinical data (n = 30), and (6) poorly
conducted radiographs (n = 58). A total of 362 patients (305
male and 57 female) were enrolled in this study. For this
study, we trained in, evaluated, and compared 3 different
types of machine learning models for predicting ramp
lesions in ACL-injured knees, namely, linear regression,
random forest, and neural network. The study was
approved by our institutional review board and conducted
in accordance with the ethical standards of the 1964 Decla-
ration of Helsinki.

Data Collection

Patient characteristics including age, sex, body mass index
(BMI), mechanism of injury, and time between surgery and
injury (ie, \3 or �3 months) were obtained. MRI
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examinations were performed on a 3.0-T machine (Magne-
tom Aera; Siemens) using an 8-channel knee coil with
a 1.5-mm slice thickness. A ramp lesion on MRI was con-
firmed by an experienced musculoskeletal radiologist and
an orthopaedic surgeon specializing in knees who were
not present during surgery. It was defined as a high signal
change or separation in the meniscocapsular junction of
the MMPH on sagittal images.23,32 Ramp lesions were
definitively confirmed during arthroscopic surgery29

(Figure 1).
Bone contusions were evaluated on MRI and documented

as being located on the LFC, lateral tibial plateau, medial
femoral condyle, or medial tibial plateau (MTP).32 The medial
and lateral tibial and meniscal slopes on MRI were measured
using previously reported methods.26,32,53 A deep sulcus sign,
Segond fractures, and MCL injuries, regardless of the grade,
were also assessed on MRI and plain radiography.48,52 The

LFC ratio was measured on plain radiography using the
method described by Pfeiffer et al45,46 (Figure 2).31 The
mechanical axis angle (hip-knee-ankle) was evaluated using
full-length weightbearing radiographs.

Side-to-side laxity between anatomic points of the
medial compartment of the knee was measured on stress
radiographs by trained, licensed radiographers using
a Telos device (Metax) at 250 N.35 The pivot-shift test
was performed twice under anesthesia by a senior surgeon,
who graded and recorded the results as 0 (normal), 1
(glide), 2 (clunk), or 3 (locked subluxation) using the Inter-
national Knee Documentation Committee (IKDC) form.24

The findings were subsequently categorized as high-grade
pivot shift (grade �2) or low-grade pivot shift (grade \2).

Surgical Procedure

All surgical procedures were performed at a single institu-
tion. Systematic arthroscopic evaluations were performed

Figure 1. (A) A ramp lesion (arrow) shown on magnetic res-
onance imaging with a medial tibial plateau (MTP) bone con-
tusion. (B) The ramp lesion shown during arthroscopic
surgery.

Figure 2. Measurement of the lateral femoral condyle ratio
on lateral radiography, as described by Pfeiffer et al.45,46

The long axis of the femoral shaft (line 1) was determined
by a line through the center of 2 circles on the femoral shaft.
The axis of the femoral condyle (line 2) was determined by
a line between the most posterior and most anterior points
of the lateral condyle. The distance from the intersection of
these lines to the posterior end of the condyle was divided
by the total anteroposterior length of the condyle. The angle
between lines 1 and 2 was defined as the condyle flexion
angle.
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with 30� and 70� arthroscopes during ACL reconstruction.29

After a standard arthroscopic evaluation through the ante-
rolateral and anteromedial portals, exploration of the post-
eromedial compartment through the intercondylar space
using a 30� arthroscope was performed. A 70� arthroscope
was then used in situ to evaluate the MMPH and postero-
medial corner with thorough probing, confirming the ramp
lesion. After final exploration, the ramp lesions were tre-
phined using a motorized shaver and repaired using
a suture hook through the posteromedial portal with
absorbable sutures (PDS; Ethicon). Repair of the ramp
lesions was not performed if they were \5 mm in length
and were stable on probing.

Statistical Analysis

Data were analyzed using SPSS (version 19.0; IBM), R
(version 4.0.3; R Foundation), Scikit-learn and TensorFlow
in Python modules, and G*Power (version 3.1.5). The R
packages that we used were caret, pROC, ROCR, random-
Forest, caTools, devtools, reprtree, and e1071. To compare
the mean values, data were analyzed using the Mann-
Whitney U test, independent t test, paired t test, chi-
square test, or Wilcoxon signed-rank test after the
Shapiro-Wilk test for normality of the distribution. The
predictive values were compared using logistic regression
analysis with machine learning models, namely, random
forest and neural network. The predictive factors were
age, BMI, sex, time from injury to surgery (�3 or \3
months), bone contusions, presence of Segond fractures,
presence of MCL injuries, pivot-shift grade (high vs low),
LFC ratio, injury mechanism (contact vs noncontact), pres-
ence of varus knee alignment (.6� or �6�), amount of ante-
rior translation on stress radiography, and medial/lateral
tibial and meniscal slopes on MRI.31,32 The receiver operat-
ing characteristic (ROC) curve and area under the curve
(AUC) were plotted to identify the cut-off radiographic
measurements for ramp lesions with the maximum point
of the Youden index, which indicated the farthest point
from the reference line in ROC curves. The sensitivity,
specificity, positive predictive value, and negative predic-
tive value were also calculated using ROC analysis. Fur-
thermore, ROC curve comparisons were performed
between each model set using the DeLong test for 2 corre-
lated ROC curves.

Using Scikit-learn and TensorFlow in Python modules,
the complete dataset was randomly divided into 2 subsets
as follows: a training sample (254 cases [70.2%]) and
a test sample (108 cases [29.8%]). This was done to esti-
mate the predictive ability of each model. For each model,
we performed k-fold cross-validation with k = 100 and
selected a model with 90th percentile accuracy among 20
runs. For conventional statistical analysis, binary stepwise
logistic regression with backward elimination was per-
formed to evaluate the risk factors for ramp lesions using
the Akaike information criterion.

For random forest analysis, multiple trees were grown
to create a final random forest model. Each individual

tree grew from a bootstrap sample (ie, a random sample
selected with replacement [‘‘bagging’’]) and was an
unpruned decision tree grown using the Gini impurity
measure.4,21 The grown individual trees were grouped as
an ensemble, creating a final tree model, which was
defined as a random forest.4,21

For neural network analysis, we used a total of 3 dense
layers. The first 2 layers used the rectified linear unit acti-
vation function, which is one of the most successful and
widely used functions in neural networks.41 The last layer
used the sigmoid activation function, which was relevant
for making a binary decision. The neural network started
with 20 neurons, similar to the number of variables in our
dataset, and the last layer ended with a single neuron to
make a binary decision. Increasing the number of layers
beyond 3 did not improve the model’s accuracy. Contrarily,
it started to degrade because of possible overfitting. Having
too many layers resulted in decreasing back-propagating
errors, which made the learning process ineffective. For
the loss function used to minimize the prediction error, we
used the binary cross-entropy loss function, which was suit-
able for a neural network model with binary output.

ROC analysis on a test set was used to evaluate a mod-
el’s accuracy and the importance of included variables and
factors. We plotted ROC curves and calculated the AUC to
further analyze and compare the diagnostic accuracy of the
different models. The DeLong test was used to enable an
ROC curve comparison between 2 different models. To
determine the most important variables and factors that
influence the random forest model, we estimated coeffi-
cients by calculating and creating partial dependence
plots.15 Then, the final prediction model was established
to improve the diagnostic value by combining the best
machine learning model and MRI outcomes.

An a priori sample size calculation was performed using
the goodness-of-fit test with an alpha error of 0.05 and
power of 0.9. We assumed 0.7 for the diagnostic accuracy
of ramp lesions on MRI according to previous studies8,40

and 0.8 for the diagnostic accuracy of ramp lesions with
a machine learning model. The required sample size was
calculated as 221 with an effect size of 0.2182179.

Furthermore, we calculated the sample size and the
number of ramp lesions/cases required to target perfor-
mance measures (AUC and observed/expected [O/E] cali-
bration score) in an external validation study of a ramp
lesion detection model using the closed-form formula pro-
posed by Riley et al.49 The proportion of events was
assumed to be 0.309, as suggested from our experimental
data. The target AUC was set at 0.8 with a 95% CI of 0.1
(related standard error of AUC = 0.0255), and the target
O/E calibration score was set at 1.0 with a 95% CI of 0.2
(related standard error of O/E score = 0.0510).

Statistical significance was set at P \ .05. All radio-
graphs or MRI scans were reviewed twice by 2 musculo-
skeletal radiologists or an orthopaedic surgeon
specializing in the knee with a 2-week interval. The inter-
observer and intraobserver reliabilities of measurements
were assessed using the kappa value for agreement or
the intraclass correlation coefficient for consistency.
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RESULTS

Patient characteristics, according to the presence of ramp
lesions, are summarized in Table 1. Among 362 patients
who underwent ACL reconstruction, a ramp lesion was
identified in 112 patients (30.9%) during arthroscopic sur-
gery. However, ramp lesions were identified in 128
patients (35.4%) on MRI. The diagnostic value of MRI for
the presence of ramp lesions had an accuracy of 82.3%, sen-
sitivity of 78.6%, specificity of 84.0%, positive predictive
value of 68.8%, and negative predictive value of 89.7%.
Among 112 patients with ramp lesions, 106 cases (94.6%)
were repaired, and 6 cases (5.4%) were left in situ.

Associated Risk Factors for Ramp Lesions
on Chi-Square Analysis

On chi-square analysis, the associated risk factors for
a ramp lesion in ACL-deficient knees were chronic ACL
injuries (odds ratio [OR], 1.857 [95% CI, 1.055-3.270]; P =
.030), a noncontact injury mechanism (OR, 1.792 [95% CI,
1.099-2.922]; P = .019), a high-grade pivot shift (OR, 4.444
[95% CI, 2.738-7.215]; P = \ 0.001), a deep sulcus sign
(OR, 2.011 [95% CI, 1.193-3.391]; P = .008), medial femoral
condyle bone contusions (OR, 1.633 [95% CI, 1.000-2.669]; P
= .049), and MTP bone contusions (OR, 3.171 [95% CI,
1.997-5.035]; P = .000) (Table 1). There were also significant
differences in the LFC ratio and medial tibial and medial
meniscal slopes between groups.

Results of Logistic Regression Analysis

Factors associated with ramp lesions were identified using
logistic regression analysis with backward elimination
(Table 2). The risk for ramp lesions in ACL-deficient knees
increased with chronic injuries (�3 months), a steep
medial tibial slope, a gradual lateral tibial slope, a high-
grade pivot shift, MTP bone contusions, a deep sulcus
sign, and an increased LFC ratio, indicating a deeper
LFC directed posteriorly. Among them, an increased LFC
ratio was the most significant factor based on the OR, fol-
lowed by a high-grade pivot shift (Table 2).

Comparison of Diagnostic Values Between Machine
Learning Models and Logistic Regression Model

The results of the random forest, neural network, and
logistic regression models are shown in Table 3. To identify
the best hyperparameters for the random forest model, we
performed a grid search and subsequently established
a model with the following hyperparameters: 200 trees
and a minimum of 2 variables at each split, with a mini-
mum terminal size of 1 (Table 3). The prediction error
rate for the test set using the random forest model was
6.3%. In the importance plot for the random forest model,
pivot-shift grade, side-to-side laxity, medial meniscal and
tibial slopes, and MTP bone contusion were the important
factors (Figure 3), followed by BMI and LFC ratio. The

LFC ratio was not the highest influencing factor in the ran-
dom forest model, although it yielded the highest OR in the
logistic regression model. MTP bone contusion and pivot-
shift grade were the important factors for both the random
forest and logistic regression models. In our partial depen-
dence plots, an LFC ratio of approximately 0.71 to 0.75
(Appendix Figure A1A, available in the online version of

TABLE 1
Clinical and Radiological Characteristicsa

Ramp Lesion on

Arthroscopic Examination

Yes (n = 112) No (n = 250) P Value

Sex .148

Male 99 206

Female 13 44

Ramp lesion on MRI \.001b

Yes 88 40

No 24 210

Time from injury to surgery .030b

�3 mo 26 35

\3 mo 86 215

Injury mechanism .019b

Noncontact 82 151

Contact 30 99

MCL injury .390

Yes 34 65

No 78 185

Segond fracture .570

Yes 9 16

No 103 234

Varus alignment .336

Yes 1 6

No 111 244

High-grade pivot shift \.001b

Yes 80 90

No 32 160

Deep sulcus sign .008b

Yes 33 43

No 79 207

Location of bone contusion on MRI

Medial femoral condyle .049b

Yes 37 58

No 75 192

LFC .578

Yes 79 169

No 33 81

MTP .000b

Yes 64 74

No 48 176

Lateral tibial plateau .795

Yes 83 182

No 29 68

Age, y 31.3 6 9.8 32.7 6 12.1 .285

Side-to-side laxity, mm 5.9 6 4.1 5.4 6 4.6 .691

BMI 25.9 6 4.5 24.9 6 3.8 .070

LFC ratio 0.711 6 0.045 0.664 6 0.040 \.001b

Slope measurements on MRI, deg

Medial tibial slope 7.5 6 2.3 6.2 6 2.6 \.001b

Lateral tibial slope 6.2 6 2.7 6.2 6 2.8 .916

Medial meniscal slope 5.5 6 2.4 4.3 6 2.6 \.001b

Lateral meniscal slope 4.6 6 3.5 4.5 6 3.3 .854

aData are shown as No. or mean 6 SD. BMI, body mass index; LFC, lat-

eral femoral condyle; MCL, medial collateral ligament; MRI, magnetic res-

onance imaging; MTP, medial tibial plateau.
bStatistical significance (P \ .05).

AJSM Vol. XX, No. X, XXXX Machine Learning for Ramp Lesions 5



this article), a medial tibial slope of 7� to 9� (Appendix Fig-
ure A1B), and a medial meniscal slope of 5� to 6� (Appendix
Figure A1C) were the cut-off values in the random forest
model to predict ramp lesions.

Various combinations of layers and nodes were tested to
determine the best fit in the neural network model. Ulti-
mately, our neural network was constructed with 20 nodes,
5 nodes, and 1 node in the first, second, and third layers,
respectively. The rectified linear unit activation function
was used for the first 2 layers, and the sigmoid activation
function was used for the last layer to produce a single
classification value. The prediction error rate for the test
set using the neural network model was 7.0% (Appendix
Figure A2, available in the online version of this article).

To compare the final performance of all models, we cal-
culated the accuracy, sensitivity, specificity, and AUC
(Table 3 and Figure 4). The random forest model yielded
the best performance in terms of accuracy, sensitivity,
and prediction error, but there were no significant differen-
ces among the models (P . .05). Although the logistic
regression model showed the highest AUC over the neural
network and random forest models, the accuracy and pre-
diction error for the former were worse than those for the
random forest model.

The kappa value of interobserver and intraobserver reli-
ability for ramp lesions was 0.806 (P\ .001) and 0.854 (P\
.001), respectively, indicating good agreement between the
raters. The intraclass correlation coefficient values for the
reliability of radiographic measurements ranged from 0.75
to 0.84, indicating good agreement among raters.

ROC Curve Analysis for Presence of Ramp Lesions

The AUC, sensitivity, and specificity were calculated to
estimate the diagnostic accuracy of each radiographic
measurement for ramp lesions, which were clinically sig-
nificant among the analyses (Table 4 and Figure 5). When
comparing among the factors, the ROC curve for side-to-
side laxity was significantly different from that for the
medial tibial and meniscal slopes (P \ .001). Although
the medial meniscal slope was not a significant factor in
the logistic regression model, it was significant on ROC
analysis (AUC: 0.644; P \ .001). In this analysis, a medial
tibial slope .5.5� (sensitivity: 81.9% [95% CI, 73.2%-
89.3%]; specificity: 43.1% [95% CI, 37.3%-49.3%]), an
LFC ratio .71.3% (sensitivity: 24.1% [95% CI, 16.5%-
33.1%]; specificity: 89.6% [95% CI, 85.1%-93.3%]), and
a medial meniscal slope .5.0� (sensitivity: 62.5% [95%
CI, 52.9%-71.5%]; specificity: 66.0% [95% CI, 59.8%-
71.9%]) were cut-off values for the presence of ramp
lesions.

Final Prediction Model Including MRI Findings and
Random Forest Model

To improve the diagnostic values of MRI, the final predic-
tion model was established with a combination of each
models and MRI findings (Table 5). The random forest
model had the highest values, with an accuracy of 91.7%,
sensitivity of 85.2%, and specificity of 93.9% (Figure 6).

TABLE 2
Logistic Regression Analysisa

OR (95% CI) B 6 Standard Error P Value Nagelkerke R2 Value

Sex 0.458 (0.207-1.013) –0.780 6 0.405 .054 0.357
Medial tibial slope 1.263 (1.074-1.486) 0.233 6 0.083 .005b

Lateral tibial slope 0.838 (0.748-0.940) –0.176 6 0.058 .003b

Time from injury to surgery 2.589 (1.274-5.260) 0.951 6 0.362 .009b

Deep sulcus sign 2.068 (1.111-3.852) 0.727 6 0.317 .022b

High-grade pivot shift 3.820 (2.220-6.572) 1.340 6 0.277 \.001b

LFC ratio 378.418 (1.356-105564.8) 5.936 6 2.873 .035b

MTP bone contusion 2.602 (1.523-4.445) 0.956 6 0.273 \.001b

Constant term — –8.492 6 2.201 \.001

aLFC, lateral femoral condyle; MTP, medial tibial plateau; OR, odds ratio.
bStatistical significance.

TABLE 3
Comparison of Modelsa

AUC
(95% CI) Sensitivity, % Specificity, %

Accuracy
(95% CI)

Prediction
Error, %

Description of
Hyperparameter

Logistic regression 0.789 (0.703-0.876) 40.6 90.9 0.761 (0.675-0.844) 25.0 —
Neural network 0.729 (0.635-0.823) 47.2 79.5 0.688 (0.611-0.756) 7.0 No. of nodes = 26;

No. of layers = 3
Random forest 0.785 (0.696-0.874) 48.3 87.6 0.771 (0.712-0.831) 6.3 mtry = 2; ntree = 200;

node size = 1

aAUC, area under the curve.
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The STARD flow diagram for the test set using the final
random forest model is shown in Figure 7 (http://
rampacl.com).

In the sample size calculation for external validation,
we required a sample size of 353 (and 109 events) by
assuming that the proportion of events was 0.309 and the
AUC was 0.8 with a targeted 95% CI of 0.1. For the O/E
calibration score, 897 participants (and 269 events) were
required to aim for a 95% CI of 0.2 according to the study
of Riley et al49 (Table 6).

DISCUSSION

This study notably found that the risk of ramp lesions was
higher in ACL-injured knees with steeper medial tibial and
meniscal slopes, higher knee laxity including pivot-shift
grade and side-to-side laxity, and an increased LFC ratio
(ie, deeper posterior LFC) than in knees with ACL injuries
without these characteristics. The cut-off values for the
presence of ramp lesions were as follows: medial tibial
slope .5.5�, medial meniscal slope .5.0�, and LFC ratio

.71.3%. Ramp lesions should thus be assessed carefully
during surgery if these risk factors are identified. Machine
learning models with various risk factors could be used to
detect ramp lesions with high accuracy when a definitive
finding of ramp lesions on MRI is not present. Study find-
ings indicated that the proposed machine learning model
can be used as a screening or supplementary diagnostic
tool to detect ramp lesions in patients with ACL injuries,
regardless of a direct finding of ramp lesions.

An increased LFC ratio has been reported to be associ-
ated with ACL injuries and ACL reconstruction fail-
ure.16,19,45,46 This anatomic feature could alter the gait
and loading mechanics of the tibiofemoral joint and
increase the length and anisometry in the anterolateral
ligament complex, which might increase anterolateral
rotatory laxity.25,45,46 As suggested by Pfeiffer et al,45,46

an increased LFC ratio, which may be more anisometric
and oval shaped, might lead to increased ligamentous lax-
ity in the lateral or anterolateral ligament complex. More-
over, they reported that a decreased contact area due to an
oval-shaped femur might also increase rotatory laxity.46

Similar results were also found in the study by Gaillard

Figure 3. Importance plot from the random forest model:
medial meniscal and tibial slopes, pivot-shift grade, medial
tibial plateau (MTP) bone contusion, side-to-side laxity,
body mass index (BMI), and lateral femoral condyle (LFC)
ratio were the important factors.

Figure 4. Comparison of receiver operating characteristic
(ROC) curves for prediction performance of the models.
AUC, area under the curve.

TABLE 4
ROC Curve Analysisa

AUC (95% CI) P Value
Youden
Index

Cut-off
Value

Sensitivity
(95% CI), %

Specificity
(95% CI), %

Positive
Predictive
Value, %

Negative
Predictive
Value, %

Medial tibial slope 0.643 (0.572-0.911) \.001 0.256 .5.5� 81.9 (73.2-89.3) 43.1 (37.3-49.3) 38.9 83.6
Medial meniscal slope 0.644 (0.592-0.693) \.001 0.285 .5.0� 62.5 (52.9-71.5) 66.0 (59.8-71.9) 45.2 79.7
LFC ratio 0.571 (0.518-0.623) .033 0.137 .0.713 24.1 (16.5-33.1) 89.6 (85.1-93.3) 50.9 72.5
Side-to-side laxity 0.528 (0.476-0.581) .369 — — — — — —

aAUC, area under the curve; LFC, lateral femoral condyle; ROC, receiver operating characteristic.
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et al,16 who reported that a greater anteroposterior length
of the femoral condyle than that of the tibial plateau is
associated with an increased risk of meniscal tears in
knees with an acute ACL injury. However, LFC anatomy
was also suggested as a secondary risk factor for ACL fail-
ure because of no significant differences in the LFC ratio
between primary and ancillary ACL reconstruction in
a study by Grassi et al,20 although it was significant in
the multiple ACL failure group. Although the association
between ramp lesions in ACL injuries and an increased
LFC ratio has been discussed recently,31 the lack of litera-
ture hampers the establishment of an association between
LFC ratio and ramp lesions. In our study, an increased
LFC ratio was found to be a significant risk factor for
ramp lesions (OR, 378.418 [95% CI, 1.356-105564.8]; P =
.035), and the cut-off value was found to be .71.3%
(AUC: 0.571; sensitivity: 24.1%; specificity: 89.6%; P \
.033), although its effect on the machine learning model
was limited (Figure 2A). The cut-off value for the presence
of ramp lesions was slightly higher than the cut-off value

that increased the risk of ACL injuries (ie, LFC ratio of
68%) in a previous study by Pfeiffer et al.45 Because a con-
comitant injury in the meniscus, particularly ramp lesions,
could be considered a more severe knee injury than an iso-
lated ACL injury, the cut-off value for the LFC ratio in this
study might be higher than that for the ACL injury risk,
along with increased rotatory laxity caused by the deeper
posterior LFC. Additionally, a high-grade pivot shift (grade
�2) and side-to-side laxity were found to be significant fac-
tors for the presence of ramp lesions in the logistic regres-
sion and random forest models (Figure 3A); thus, higher
laxity due to the deeper posterior LFC could increase the
risk for ramp lesions in ACL-injured knees.

Anterior laxity after an ACL injury could induce
engagement of the medial meniscus in the femoral condyle,
resulting in high-stress loading on the meniscocapsular
junction.36,38,53 An increased tibial slope could induce an
increase in anterior translation of the tibia in ACL-
deficient knees,26,28,58 which could in turn increase the
incidence of ramp lesions.26,32,38 In a study by Okazaki
et al,43 an increase in the medial tibial slope and a shallow
concave shape of the MTP were identified as possible risk
factors for medial meniscus root tears. This is because of
decreased resistance in anterior translation of the
medial tibia, resulting in greater loading stress on the

Figure 5. Comparison of receiver operating characteristic
(ROC) curves for prediction by individual covariates. When
comparing ROC curves among the factors, the ROC curve
for side-to-side laxity was significantly different from that
for the medial tibial and meniscal slopes (P \ .001).

TABLE 5
Comparison of Models After Inclusion of MRI Findingsa

AUC (95% CI) Sensitivity, % Specificity, % Accuracy (95% CI) Prediction Error, %

Logistic regression 0.927 (0.873-0.981) 84.8 89.5 0.881 (0.836-0.925) 13.3
Neural network 0.906 (0.844-0.968) 75.7 91.7 0.862 (0.798-0.927) 12.6
Random forest 0.944 (0.877-1.000) 85.2 93.9 0.917 (0.873-0.954) 2.6

aAUC, area under the curve; MRI, magnetic resonance imaging.

Figure 6. Comparison of receiver operating characteristic
(ROC) curves for the prediction performance of the models
including magnetic resonance imaging findings. The random
forest model yielded the largest area under the curve (AUC).
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posteromedial compartment of the knee. A steeper medial
tibial slope might also induce excessive anterior sliding of
the MTP after an initial pivot-shift injury as part of the
contrecoup mechanism.27,32,63 In this study, as demon-
strated by a bump in the machine learning model, an
increased medial meniscal slope was found as a risk factor
for ramp lesions, consistent with the study findings of Song
et al.53 The results of this study were also consistent with
those of previous studies.31,32,38,43 A medial tibial slope
.5.5� was found to be a significant risk factor for ramp
lesions in this study. Briefly, accompanying an increased
LFC ratio, increased anterior and rotatory laxity occurred
initially, confirmed by the greater side-to-side laxity and
high-grade pivot shift in this study. These were followed
by a secondary injury (during the contrecoup mechanism)
with excessive anterior sliding of the MTP because of
a steeper medial tibial slope.27,32,63 Furthermore, the total
range of the rotational arc might be increased during
a knee injury. This could increase loading on the MMPH

and meniscocapsular junction and affect the medial menis-
cal slope, which may result in a ramp lesion in the ACL-
injured knee. It can be assumed that a ramp lesion in an
ACL-injured knee possibly represents a more severe knee
injury than an isolated ACL injury; thus, combined lateral
procedures to secure rotatory laxity, such as lateral tenod-
esis or anterolateral ligament reconstruction, might be
necessary.

In this study, patients with a chronic ACL injury (�3
months from injury) were found to have a higher incidence
of ramp lesions (42.6% [26/61]) than those with an acute
ACL injury (28.6% [86/301]) (P = .030) (Table 1). Many pre-
vious studies have also reported that ramp lesions might
increase over time.9,36,55 Further, DePhillipo et al9

reported no difference in clinical outcomes, knee stability,
and return-to-sports rates between the ACL reconstruction
with ramp lesion repair group and isolated ACL recon-
struction group, despite the increased incidence of ramp
lesions in patients with a chronic ACL injury. Thus,
ramp lesions should be carefully assessed and repaired,
especially in chronic ACL injuries, as they are difficult to
treat through standard anterior arthroscopic surgery.29,54

Systematic arthroscopic visualization of the posteromedial
knee compartment, as performed in this study, would be
helpful in diagnosing ramp lesions29,32,54,55 because the
incidence of ramp lesions in this study (30.9%) is relatively
higher than that in previous studies.23,36,54,55 However,
although chronicity was significant on chi-square and
logistic regression analyses, its importance in the machine
learning model was found to be limited (Figure 3A).

In our study, the machine learning models, including the
random forest and neural network models, showed similar

Figure 7. STARD flow diagram of the study population for the test set.

TABLE 6
Sample Size Calculation for External Validationa

Assumed

Value

Targeted

95% CI

(Standard Error)

No. of Participants/

Events Required to

Achieve 95% CI

C-statistic (AUC) 0.8 0.1 (0.0255) 353/109

O/E calibration score 1.0 0.2 (0.0510) 897/269

aThe codes for the complete model-building pipeline are available at

https://github.com/Medical-ML/ramp-acl. AUC, area under the curve; O/E,

observed/expected.
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performance to that of the conventional logistic regression
model in terms of the AUC, but lower prediction errors
were found in the random forest and neural network models
than in the logistic regression model. The conventional
logistic regression model is prone to overfitting of training
data when used as a prediction model,60 often resulting in
poorer performance when presented with new data (ie,
test data), which makes it difficult to use clinically. Neural
network models have advantages in predicting outcomes by
utilizing complex relationships between features that are
difficult to identify or understand even by field experts.
The random forest model is an algorithm that generally
improves on the disadvantages of decision tree analysis in
which numerous classification trees are developed, each
using a random subset of the available training data, and
all trees form an ensemble.4,21 This randomness often cir-
cumvents the overfitting observed in traditional models.
Overfitting means that the model fits too closely to the
training dataset, making the model less generalizable.
This results in the model performing poorly against differ-
ent datasets; thus, it is generally known to be more appro-
priate for external data analyses. The random forest
model showed the lowest prediction error rate when applied
to the test set. The sample size of this study might be too
small to construct a neural network model because of the
need for several hidden layers, nodes, or weights for each
node.6 In summary, the random forest model was selected
to establish the final prediction model to predict the pres-
ence of ramp lesions, which has potential clinical applica-
tions (http://rampacl.com). Thus, the combination of direct
findings on MRI and indirect findings in the final prediction
model showed higher diagnostic accuracy than that of MRI
alone as well as that of previous studies.8,40

This study has several limitations. The first is its retro-
spective nature. Second, other factors that might be associ-
ated with ramp lesions, such as anterolateral ligament
injuries, were not included in this study.30,32,34,39,44,57,62

A combined anterolateral ligament injury has been
reported as a risk factor for ramp lesions in previous stud-
ies.54,56,59 Third, the proposed correlation of femoral mor-
phology and ramp lesions is an assumption. Although
a deeper posterior LFC was found to be a significant factor
for ramp lesions in this study, other femoral morphometric
findings may also be risk factors for ramp lesions if they
were reported as risk factors for an ACL injury. A narrow
LFC has also been reported as a risk factor for ACL inju-
ries,50 as has a short flat surface of the LFC with small
anteroposterior distances of the tibial plateaus.13,61 The
increased risk of ACL injuries associated with the afore-
mentioned factors might similarly predispose affected
patients to ramp lesions. Fourth, the performance of
machine learning models was found to be similar to that
of conventional statistical analysis, although the versatile
application of machine learning models was an advantage.
However, there might not be an adequate sample size to
obtain excellent performance for machine learning models.
Further studies are necessary for the improvement of
machine learning model performance, either involving
a larger sample size or a specific optimization method.6,51

This is particularly true for the neural network model,

which typically requires a greater sample size than in
this study to maximize its use.6,51 Furthermore, a wide
95% CI and a high OR for the LFC ratio on logistic regres-
sion analysis were found because of numbers with decimal
points; care should be taken to interpret this result. If one
uses the value as a percentage rather than a number with
a decimal point, the OR and its 95% CI would be smaller.
Fifth, although the final prediction model showed higher
diagnostic values than MRI, the sensitivity was still lower
than 90%. Because the accuracy for this model was still
limited in its use for diagnostic confirmation, a larger data-
set with an evaluation of other risk factors would be
needed to improve this machine learning model. Further-
more, varus alignment was dichotomized in this machine
learning model, even though it was measured as a continu-
ous variable. If varus alignment could be used as a contin-
uous value with a larger dataset, it might be significant,
which can improve the performance of the machine learn-
ing model. Furthermore, external validation using this
machine learning model would be better to assess exact
performance. This study showed a potential to establish
a machine learning model using small data, representing
‘‘real-world’’ data. Further studies would be needed in
terms of external validation, a larger dataset to improve
model performance, and automated measurements of
radiographic parameters by combining the various models
(eg, convolutional neural network for image analysis and
then combined random forest with clinical data). There
might be a potential to improve this model.

CONCLUSION

Steep medial tibial and meniscal slopes, an increased LFC
ratio, and higher knee rotatory laxity were found to be
risk factors for ramp lesions in patients with an ACL injury.
The prediction model of this study could be used as a supple-
mentary diagnostic tool for ramp lesions in ACL-injured
knees. Care should be taken in patients with ramp lesions
and risk factors during ACL reconstruction.
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