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Abstract

Background: Anterior cruciate ligament (ACL) injuries are common in sports and are critical knee injuries that require prompt
diagnosis. Magnetic resonance imaging (MRI) is a strong, noninvasive tool for detecting ACL tears, which requires training to
read accurately. Clinicians with different experiences in reading MR images require different information for the diagnosis of
ACL tears. Artificial intelligence (AI) image processing could be a promising approach in the diagnosis of ACL tears.

Objective: This study sought to use AI to (1) diagnose ACL tears from complete MR images, (2) identify torn-ACL images
from complete MR images with a diagnosis of ACL tears, and (3) differentiate intact-ACL and torn-ACL MR images from the
selected MR images.

Methods: The sagittal MR images of torn ACL (n=1205) and intact ACL (n=1018) from 800 cases and the complete knee MR
images of 200 cases (100 torn ACL and 100 intact ACL) from patients aged 20-40 years were retrospectively collected. An AI
approach using a convolutional neural network was applied to build models for the objective. The MR images of 200 independent
cases (100 torn ACL and 100 intact ACL) were used as the test set for the models. The MR images of 40 randomly selected cases
from the test set were used to compare the reading accuracy of ACL tears between the trained model and clinicians with different
levels of experience.

Results: The first model differentiated between torn-ACL, intact-ACL, and other images from complete MR images with an
accuracy of 0.9946, and the sensitivity, specificity, precision, and F1-score were 0.9344, 0.9743, 0.8659, and 0.8980, respectively.
The final accuracy for ACL-tear diagnosis was 0.96. The model showed a significantly higher reading accuracy than less
experienced clinicians. The second model identified torn-ACL images from complete MR images with a diagnosis of ACL tear
with an accuracy of 0.9943, and the sensitivity, specificity, precision, and F1-score were 0.9154, 0.9660, 0.8167, and 0.8632,
respectively. The third model differentiated torn- and intact-ACL images with an accuracy of 0.9691, and the sensitivity, specificity,
precision, and F1-score were 0.9827, 0.9519, 0.9632, and 0.9728, respectively.

Conclusions: This study demonstrates the feasibility of using an AI approach to provide information to clinicians who need
different information from MRI to diagnose ACL tears.

(J AI 2022;1(1):e37508) doi: 10.2196/37508

J AI 2022 | vol. 1 | iss. 1 | e37508 | p. 1https://ai.jmir.org/2022/1/e37508
(page number not for citation purposes)

Chen et alJMIR AI

XSL•FO
RenderX

mailto:oscarlee9203@gmail.com
http://dx.doi.org/10.2196/37508
http://www.w3.org/Style/XSL
http://www.renderx.com/


KEYWORDS

artificial intelligence; convolutional neural network; magnetic resonance imaging; MRI; deep learning; anterior cruciate ligament;
sports medicine; machine learning; ligament; sport; diagnosis; tear; damage; imaging; development; validation; algorithm

Introduction

The anterior cruciate ligament (ACL), an important ligament
of the knee joint, is a common and devastating sports injury
that affects more than 200,000 people in the United States
annually [1,2]. The early and proper diagnosis of ACL tears is
crucial and can lead to early intervention to prevent subsequent
chondral or meniscal damage and early osteoarthritis [3]. A
neglected diagnosis can cause longer chronicity of ACL tears
at the time of surgery and is positively correlated with the
development of osteoarthritis [4]. Arthroscopy can directly
visualize the intra-articular lesions of the knee and is the most
accurate diagnostic tool for ACL tears [5]. However, this is an
invasive procedure with potential surgical risks.

Magnetic resonance imaging (MRI) is a strong, noninvasive
tool for detecting ACL tears with high sensitivity and specificity
if interpreted by an experienced musculoskeletal radiologist
[6,7]. However, reading MR images and making an accurate
diagnosis of ACL tears are challenging for less experienced
medical personnel.

Graphic identification using deep learning is an important and
integral part of artificial intelligence (AI). Using a convolutional
neural network (CNN) with repeated input and output data,
established algorithms can learn layers of features and repeatedly
adjust their neural network and thereby model the complex
relationships between medical images and their interpretations
[8]. CNNs may be useful in medical imaging tasks; thus, the
development of a computer-assisted tool to detect ACL tears
from MR images may be helpful in reducing doctor workload,
increasing education, reducing misdiagnosis, and enhancing the
quality of health care in resource-limited areas [9].

In this study, we aimed to use AI to (1) diagnose ACL tears
from complete MR images (for those who were not trained to
read knee MRI but nevertheless wanted to diagnose it); (2)
identify torn-ACL images from complete MR images that have
a diagnosis of an ACL tear (for those who need advanced
information after they obtain the result of an ACL tear from the
first model); and (3) differentiate torn-ACL and intact-ACL
images from the selected MR images (for those who were able
to identify the images containing ACL but do not have sufficient
confidence in making the diagnosis).

Methods

Ethics Approval
This retrospective study was approved by the institutional review
board of Taipei Veterans General Hospital (2018-11-005CC).

Patient Selection and Database
The sagittal MR images of torn ACL (n=1205) and intact ACL
(n=1018) from 800 cases and the complete knee MR images of
200 cases (100 torn ACL and 100 intact ACL; torn- and
intact-ACL images were extracted, n=335,742) of patients who
underwent knee MRI examinations between January 2013 and
December 2017 were retrospectively collected for training
purposes (training set). The complete MR images of 200
independent cases (100 torn ACL and 100 intact ACL;
n=34,914) were used for testing purpose (testing set). The mean
age of these patients was 28.1 years and 66.4% (664/1000) were
male. The patient population was similar to previous reports on
the group with the higher prevalence of ACL tears [10]. We
believe these models have routine applications in a majority of
patient groups.

Knee MR images excluded patients with the following knee
conditions: tumor around the knee, previous knee surgery,
multiple ligament injuries, osteoarthritis (Kellgren-Lawrence
classification grades 2 to 4), and previous fractures around the
knee. MRI examinations were performed on the knee, either in
our hospital or in other hospitals, and were then uploaded to
our system for a second opinion. There were 6 different MRI
scanners used to perform knee examination in our hospital, and
we did not restrict the scanner from which we obtained the
images. Moreover, we did not identify the scanners in the
uploaded images. In this database, for the torn-ACL MRIs,
76.8% (384/500) were performed in our hospital and 23.2%
(116/500) were from other hospital; and for the intact-ACL
MRIs, 84.6% (423/500) were performed in our hospital and
15.4% (77/500) were from other hospital. Hence, the images
used in this study were not restricted to one hospital or a specific
MRI scanner.

The determination of a torn-ACL or intact-ACL case was
formulated independently by 2 orthopedic doctors and 1
musculoskeletal radiologist who reviewed the MR images and
issued the report officially. In addition, torn-ACL cases were
also confirmed through arthroscopic examination as all patients
with ACL tears underwent arthroscopic ACL reconstruction
surgery. All 3 doctors had consistent opinions on the sagittal
torn-ACL (Figure 1) and intact-ACL (Figure 2) images.
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Figure 1. MR images of different torn-ACL patterns. Sagittal proton density images from 6 different patients show variations in the patterns of torn
ACL on their respective images: (A) proximal third tear; (B) mid-substance tear; (C) distal third tear; (D) chronic tear with complete ligament resorption,
such as ligament disappearance; (E) tear with folded ligament, which may cause extension difficulty; and (F) tear with cyst formation. White arrow:
lesion site. ACL: anterior cruciate ligament; MR: magnetic resonance.

Figure 2. MR images of intact ACL. Sagittal proton density images of 3 different patients are shown. All images show the taut and straight bands
parallel to the intercondylar roof with low signal intensity patterns of the intact ACL (white arrow). ACL: anterior cruciate ligament; MR: magnetic
resonance.
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The first model was for clinicians who were not trained to read
knee MR images but wanted to know if the ACL was torn. For
this purpose, we first trained a CNN model to differentiate
between torn-ACL, intact-ACL, and other images from complete
MR images of the knee. The sagittal MR images of torn and
intact ACL from 800 cases and the images from 200 complete
knee MR images (the torn- and intact-ACL images were
extracted), regarded as other images, were used to train and
validate the model (Table 1). Cases containing intact-ACL
images or both intact- and torn-ACL images were regarded as
intact-ACL cases, and cases containing torn-ACL images only
were regarded as tear cases. This is similar to the strategy often
used by some readers; if an intact-ACL image could be
identified among complete MR images, then it might indicate
that there is less probability of a torn ACL. Instead, if an intact
ACL could not be found when examining the knee MRI of a
patient, it would be indicative of a torn ACL.

As the first model did not provide information for identifying
torn-ACL images, a second model was developed to identify
them from complete MR images that had been diagnosed as
ACL-tear case from the first model. Thus, the second model
was intended for personnel who needed advanced information
on torn-ACL images after obtaining the ACL-tear results. For
this purpose, torn-ACL images and other images from 100
ACL-tear cases in the training set were used for training and
validation (Table 2).

The third model was used to differentiate between torn-ACL
and intact-ACL images from the selected MR images. This
model was used by more experienced readers who were able to
identify the sagittal images that contained ACLs but needed
assistance in making the correct diagnosis. For this purpose,
the sagittal MR images of torn and intact ACLs were included
for training purposes (Table 3).

Table 1. Number of images used for training, validating, and testing the model to differentiate intact-ACL, torn-ACL, and other images from the
complete magnetic resonance images.

Test, nTraining and validation, nClassification

2701018Intact-ACLa images

3461205Torn-ACL images

34,298c335,742bOther images

aACL: anterior cruciate ligament.
bIncluding sagittal, coronal, and axial images (torn- and intact-ACL images were extracted) from the training set (200 cases).
cIncluding sagittal, coronal, and axial images (torn- and intact-ACL images were extracted) from the test set (200 cases).

Table 2. Number of images used for training, validating, and testing the model to identify torn-ACL images from ACL-tear cases.

Test, nTraining and validation, nClassification

3461205Torn-ACLa images

16,800c15,969bOther images

aACL: anterior cruciate ligament.
bIncluding sagittal, coronal, and axial images (torn-ACL images were extracted) from 100 ACL-tear cases in the training set
cIncluding sagittal, coronal, and axial images (torn-ACL images were extracted) from 100 ACL-tear cases in the testing set.

Table 3. Number of images used for training, validating, and testing to differentiate between torn- and intact-ACL images.

Test, nTraining and validation, nClassification

2701018Intact-ACLa images

3461205Torn-ACL images

aACL: anterior cruciate ligament.

Image Preprocessing and CNN Model Training by an
Automatic Deep-Learning Software
All images were downloaded from the imaging system as a 256
× 256-pixel image in a portable network graphics format and
subsequently grouped, as previously mentioned, for training
the 3 different CNN models. The AI approach used MAIA
automatic deep learning software for medical imaging analyses
(version 1.2.0; Muen Biomedical and Optoelectronic

Technologies Inc), which was used in a previous study [11].
The CNN model of MAIA was based on EfficientNet-B0,
pretrained with ImageNet [12,13]. After inputting the MR
images of the training group, 80% of the images were distributed
to train and 20% were distributed to validate and find the most
ideal CNN model (Figure 3). The MR images were then
augmented with horizontal flipping and Gaussian noise [14].
The dropout function and different data augmentation methods
were added to prevent the model from overfitting in the data
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set [15,16]. For hyperparameters in training, the number of
epochs was set as 100, the batch size was selected automatically
based on memory consumption, and the learning rate was
dynamically scheduled through cosine annealing and a 1-cycle
policy [17,18]. The network was trained end-to-end using the
Adam optimization algorithm, which optimized the
cross-entropy as a loss function [19]. For classification, the

softmax or sigmoid layer was applied as the output layer in
multiclass or binary classification, respectively. The MAIA
analysis was performed with Python (version 3.x; Python
Software Foundation) and PyTorch (version 1.1.x; Meta AI) on
a Windows 10 laptop with GeForce RTX2070 graphic cards (8
GB GDDR6 RAM, GT63 Titan 8SF; MSI).

Figure 3. Data organization for model training.

CNN Models Performance Evaluation
To evaluate how the model differentiated between torn-ACL,
intact-ACL, and other images, the 200 independent cases were
used to test the model. To evaluate the accuracy of an ACL-tear
diagnosis, cases that were identified as containing intact-ACL
images were regarded as intact-ACL cases, and the rest were
diagnosed as ACL tears (Figure 4). To evaluate the secondary
model of identifying torn images from cases diagnosed with
ACL tears, 100 ACL-tear cases from the independent test set
were used for testing purposes (Figure 5). To evaluate the third
model of differentiating intact-ACL and torn-ACL images from
the selected MR images, sagittal MR images labeled as torn
and intact ACL from the independent test set were used (Figure
6). Finally, we compared the performance of the first model to

diagnose ACL tears with those of orthopedic residents and
medical students. For this purpose, 40 randomly selected cases
(20 torn and 20 intact) from the test set were used to test
differently experienced readers (ie, orthopedic residents and
medical students). Complete images were provided to the readers
after the removal of personal, clinical, surgical, and institutional
information to focus on the reading of the MRI. The residents
were split into 3 groups: Group 1 (chief residents and sports
fellows), Group 2 (third- and fourth-year residents), and Group
3 (first- and second-year residents). There were 5 participants
in each group. We excluded the highest and lowest accuracy
results for each group, and the accuracy of each group is the
mean accuracy of the 3 readers. The resultant accuracies of the
machine and differently experienced readers were compared.

Figure 4. Flowchart of diagnosing ACL tears using the AI approach. ACL: anterior cruciate ligament; AI: artificial intelligence; MRI: magnetic
resonance imaging.
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Figure 5. Flowchart of identifying torn-ACL images using the AI approach. ACL: anterior cruciate ligament; AI: artificial intelligence.

Figure 6. Flowchart of differentiating intact-ACL and torn-ACL images using the AI approach. ACL: anterior cruciate ligament; AI: artificial intelligence.

Statistical Analysis
The effectiveness of the 3 models was evaluated using several
metrics, including the accuracy, sensitivity, specificity, F1-score,
receiver operating characteristic curve, and the area under the
curve, which were calculated using Python. The comparison of
the models and doctors with different degrees was performed
using SPSS software package (version 22; IBM Corp). Statistical
significance was set at P<.05, with a 95% CI.

Results

The accuracy of the model that differentiated between torn-ACL,
intact-ACL, and other images was 0.9946. The sensitivity,
specificity, precision, and F1-scores were 0.9344, 0.9743,
0.8659, and 0.9980, respectively (Table 4 and Figure 7). The

accuracy of ACL diagnosis was 0.96 (Figure 8). The accuracy
of the model identifying torn-ACL images from the complete
images of ACL-tear cases was 0.9943. The sensitivity,
specificity, precision, and F1-scores were 0.9154, 0.9660,
0.8167, and 0.8632, respectively. (Table 4 and Figure 9). The
accuracy of the model that differentiated torn- and intact-ACL
images was 0.9691. The sensitivity, specificity, precision, and
F1-scores were 0.9827, 0.9519, 0.9632, and 0.9782, respectively
(Table 4 and Figure 10).

The accuracy of the first model and the differently experienced
orthopedic residents and medical students for the diagnosis of
ACL tears is shown in Table 5. When using the 40 randomly
selected cases from the test set for reading comparison, the
results showed a significantly higher reading accuracy for the
model than those of the less experienced residents and medical
students.

Table 4. Validation and test results for the 3 models.

ACL-tear or intact images differentiationACL-tear image identificationTorn-ACLa, intact-ACL, and other images
differentiation

Model

TestValidationTestValidationTestValidation

0.96911.00000.99430.99590.99460.9947Accuracy

0.98271.00000.91540.98340.93440.9702Sensitivity

0.95191.00000.96600.99690.97430.9884Specificity

0.96321.00000.81670.95950.86590.9647Precision

0.97281.00000.86320.97130.89800.9674F1-score

aACL: anterior cruciate ligament.
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Figure 7. Performance of the model in differentiating torn-ACL, intact-ACL, and other images. (A) Confusion matrix; (B) ROC curve of the model;
(C) Precision recall curve for identifying torn-ACL images; (D) Precision recall curve for identifying intact-ACL images; and (E) Precision recall curve
for identifying other images (images without torn or intact ACL). ACL: anterior cruciate ligament; ROC: receiver operating characteristic.

Figure 8. Classification matrix for diagnosing ACL-tear cases. ACL: anterior cruciate ligament.
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Figure 9. Performance of the model in identifying torn-ACL images from complete MRI images with an ACL-tear diagnosis. (A) Confusion matrix;
(B) ROC curve of the model; and (C) Precision recall curve. ACL: anterior cruciate ligament; ROC: receiver operating characteristic.

Figure 10. Performance of the model in differentiating between intact-ACL and torn-ACL images. (A) Confusion matrix; (B) ROC curve of the model;
(C) Precision recall curve; and (D) torn-ACL image identified (left) and its representative heat map (right). ACL: anterior cruciate ligament; ROC:
receiver operating characteristic.
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Table 5. Accuracy of the model and the differently experienced orthopedic residents and medical students in the diagnosis of anterior cruciate ligament
tears in 40 randomly selected magnetic resonance imaging cases.

P valueaAccuracy, meanReader

Referenceb0.975Machine

.130.888Group 1: chief residents and sports fellows (n=3)

.020.817Group 2: third- and fourth-year residents (n=3)

.0030.742Group 3: first- and second-year residents (n=3)

.0010.708Medical students (n=3)

aP values were based on statistical analyses using the chi-squared test. Statistical significance was set at P<.05.
bThe accuracy of machine reading was used as a reference.

Discussion

Principal Findings
This study demonstrates the feasibility of using an AI approach
to diagnose ACL tears from complete MR images with 96%
accuracy, identify torn-ACL images from ACL tear cases with
99.4% accuracy, and differentiate intact-ACL and torn-ACL
images from the selected MR images with 96.9% accuracy. The
model also demonstrated a significantly higher diagnostic
accuracy than orthopedic residents in training and medical
students.

MRI is a highly accurate tool for evaluating ACL tears, with
an accuracy, sensitivity, and specificity of more than 90%
[20,21]. In a complete MR scan, the knee should ideally be
imaged in 3 orthogonal planes: sagittal, coronal, and axial slices.
During the examination, the patient was positioned supine in
the scanner, with the knee relaxed in mild flexion and slight
external rotation (5°-10°). This position enables the ACL to be
orthogonal to the sagittal plane of imaging [22]. Therefore, of
all 3 planes, sagittal plane images show the ACL most clearly,
especially with T2-weighted sequences [23]. When reading
knee MR images in clinical practice, sagittal images are more
commonly used to evaluate the condition of the ACL than the
other planes. For this reason, we chose to use the sagittal images
of the intact or torn ACL as the target for the AI approach to
develop the 3 models.

In a normal knee, the ACL is between the lateral femoral
condyle and the anterior midportion of the tibia and attaches
the anterior to the tibial spine. Sagittal MR images appear as a
taut and straight band parallel to the intercondylar roof
(Blumensaat line) and have low signal intensity on T1- and
T2-weighted images (Figure 2). However, compared to
intact-ACL images, there are many variations in the torn-ACL
sign on the MR images. These variations include discontinuity
in the different parts of the ligament (proximal, midsubstance,
or distal) [24], abnormally increased signal intensity, and
abnormal morphology, such as a wave, fold, or angulation. In
chronic tears, the ACL can even be nonvisualized owing to the
resorption of the torn ligament (Figure 1). Thus, the variable
appearance of torn-ACL images makes them more complicated
to read than intact-ACL images. In the first model, the results
showed that the model had less accuracy in identifying torn-ACL
images than intact-ACL images (0.87 vs 0.94). There was more
misprediction of other images as torn-ACL images, and many

of these mispredictions occurred in the intact-ACL cases,
identifying both intact-ACL and torn-ACL images as intact-ACL
cases (19 cases). However, there was less misprediction of other
images as intact-ACL images in ACL-tear cases (4 cases). All
the results reflected the variations in torn-ACL images.
Accordingly, for the purpose of diagnosing ACL-tears, cases
containing intact-ACL images were regarded as intact cases
because the model identified them with a higher accuracy. The
other cases without intact-ACL images were regarded as tear
cases. By using this principle to exclude ACL-tear cases, the
accuracy of the diagnosis of ACL tears could reach 96%, which
is comparable to many studies using different AI approaches
[25-27]. This method can be helpful for personnel who are not
trained to read the knee MRI but want to know if the ACL is
torn. In addition to diagnosing ACL tears, this study also
demonstrates the feasibility of identifying ACL images from
complete MR images of ACL-tear cases and differentiating
intact- and torn-ACL images with a good accuracy and F1-score.
These models can be useful for various user needs.

A total of 40 cases were randomly selected from the test set for
the reading of the model and from differently experienced
residents and medical students. The images provided for each
case were complete MRI examinations, which included all
planes and sequences. The results showed that the accuracy of
the model in diagnosing ACL-tear cases was significantly higher
than that of medical students and orthopedic residents in
training. Reading MR images to identify ACL tears is relatively
routine for attending orthopedic surgeons or radiologists.
However, for less experienced readers, the model may provide
a useful reference when they are uncertain of the diagnosis.

In this study, we did not extract images from only 1 specific
MR scanner. This is because, in daily practice, a hospital may
have multiple scanners, and sometimes a physician may need
to read MR images from an unknown scanner from another
hospital. The MR images for this study were obtained using 6
different MR knee scanners in our institute, which were obtained
from 2 different companies and purchased in different years. In
addition to MR images that were obtained in our hospital,
images were also taken from other hospitals and uploaded to
our image system when the patients came for a second opinion
or asked for surgery. Therefore, our data set comprised images
from different scanners, and it was less likely that the model
would learn some artifacts from the scanners that are not related
to the ACL condition. We demonstrated that the models can
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perform well for an independent test set that contains MR
images from different scanners.

Comparison With Prior Work
Using a deep-learning approach to detect ACL tears has been
reported with an accuracy exceeding 95% in many studies using
different AI approaches [25-28]. Nonetheless, there were some
novelties in this study that we consider to be comparable for
their use in daily practice. First, we extracted images from
heterogeneous MR scanners. In previous studies, only 1 or 2
scanners were used; however, it is uncommon that there are
only 1 or 2 MRI scanners in an institution. Thus, developing a
deep-learning algorithm that is trained with images from
different MR scanners may better represent real-world situations
in many hospitals. For the independent test set, we used the
complete images of the MRI examination, and there was no
restriction on the protocol used by the scanner, which is different
from previous studies. Second, we used a different approach to
diagnose the ACL injuries. We excluded the cases containing
the intact-ACL images, which were identified by the AI
approach, to diagnose ACL-tear cases with an accuracy of 96%.
Third, we developed 3 different models for users with different
purposes: (1) to diagnose ACL tears from complete MR images;
(2) to identify torn-ACL images from complete MR images
with a diagnosis of ACL tears; and (3) to differentiate
intact-ACL and torn-ACL MR images from the selected images.
Users with different experiences require different types of help.
These 3 models are tailored to assist users with different needs
by providing them with relevant information using an AI
approach, which has not been previously reported.

Limitations
Our study has several limitations. First, we did not label the
partially torn–ACL images. Partial tears of the ACL are more
difficult to diagnose than complete tears, and the accuracy of
these diagnoses is poor on MR images [29]. Thus, we did not
use the images of partial tears for training or testing in this study.
However, should a partial tear case be input into the model, the
model could diagnose the case as an ACL tear because this
model cannot identify an intact-ACL image. This finding may
alert the user that the case is a torn-ACL case, and the case may
need to be double-checked by an orthopedic specialist. Second,
we used only sagittal torn-ACL and intact-ACL images for the
diagnosis of ACL tears. Considering that the images of other
planes can also assist in the diagnosis, adding the other planes
of images into the training might increase the reading accuracy.
Third, we did not record the details of the MR scanners, because
the information of the scanners of the images taken from other
hospitals could not be identified.

Conclusions
This study demonstrates the feasibility of using an AI approach
to diagnose ACL tears from a complete MR image (with 96.0%
accuracy), identify torn-ACL images from ACL-tear cases, and
differentiate intact-ACL and torn-ACL images from the selected
MR images. These models may serve as clinical decision support
systems for diagnosing ACL injuries for clinicians with different
experiences and purposes in reading knee MRIs.

Acknowledgments
The authors acknowledge financial support from the Ministry of Science and Technology (MOST; MOST 109-2926-I-010-501,
MOST 107-2314-B-010-015-MY3, MOST 109-2926-I-010-502, MOST 109-2321-B-010-005, MOST 108-2923-B-010-002-MY3,
MOST 109-2823-8-010-003-CV, MOST 109-2622-B-010-006, and MOST 109-2321-B-010-006). This work is particularly
supported by “Development and Construction Plan” of the School of Medicine, National Yang-Ming University, now known as
National Yang Ming Chiao Tung University (107F-M01-0504); and Aiming for the Top University Plan, a grant from the Ministry
of Education.

Conflicts of Interest
None declared.

References

1. Kaeding CC, Léger-St-Jean B, Magnussen RA. Epidemiology and diagnosis of anterior cruciate ligament injuries. Clin
Sports Med 2017 Jan;36(1):1-8. [doi: 10.1016/j.csm.2016.08.001] [Medline: 27871652]

2. Salzler M, Nwachukwu BU, Rosas S, Nguyen C, Law TY, Eberle T, et al. State-of-the-art anterior cruciate ligament tears:
a primer for primary care physicians. Phys Sportsmed 2015 May;43(2):169-177. [doi: 10.1080/00913847.2015.1016865]
[Medline: 25703144]

3. Chen KH, Chiang ER, Wang HY, Ma HL. Correlation of meniscal tear with timing of anterior cruciate ligament reconstruction
in patients without initially concurrent meniscal tear. J Knee Surg 2019 Nov;32(11):1128-1132. [doi:
10.1055/s-0038-1675783] [Medline: 30449021]

4. Cinque ME, Dornan GJ, Chahla J, Moatshe G, LaPrade RF. High rates of osteoarthritis develop after anterior cruciate
ligament surgery: an analysis of 4108 patients. Am J Sports Med 2018 Jul;46(8):2011-2019. [doi:
10.1177/0363546517730072] [Medline: 28982255]

5. Roßbach BP, Pietschmann MF, Gülecyüz MF, Niethammer TR, Ficklscherer A, Wild S, et al. Indications requiring
preoperative magnetic resonance imaging before knee arthroscopy. Arch Med Sci 2014 Dec 22;10(6):1147-1152 [FREE
Full text] [doi: 10.5114/aoms.2014.47825] [Medline: 25624852]

J AI 2022 | vol. 1 | iss. 1 | e37508 | p. 10https://ai.jmir.org/2022/1/e37508
(page number not for citation purposes)

Chen et alJMIR AI

XSL•FO
RenderX

http://dx.doi.org/10.1016/j.csm.2016.08.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27871652&dopt=Abstract
http://dx.doi.org/10.1080/00913847.2015.1016865
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25703144&dopt=Abstract
http://dx.doi.org/10.1055/s-0038-1675783
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30449021&dopt=Abstract
http://dx.doi.org/10.1177/0363546517730072
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28982255&dopt=Abstract
http://europepmc.org/abstract/MED/25624852
http://europepmc.org/abstract/MED/25624852
http://dx.doi.org/10.5114/aoms.2014.47825
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25624852&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


6. Benjaminse A, Gokeler A, van der Schans CP. Clinical diagnosis of an anterior cruciate ligament rupture: a meta-analysis.
J Orthop Sports Phys Ther 2006 May;36(5):267-288. [doi: 10.2519/jospt.2006.2011] [Medline: 16715828]

7. Sri-Ram K, Salmon LJ, Pinczewski LA, Roe JP. The incidence of secondary pathology after anterior cruciate ligament
rupture in 5086 patients requiring ligament reconstruction. Bone Joint J 2013 Jan;95-B(1):59-64. [doi:
10.1302/0301-620X.95B1.29636] [Medline: 23307674]

8. LeCun Y, Bengio Y, Hinton G. Deep learning. Nature 2015 May 28;521(7553):436-444. [doi: 10.1038/nature14539]
[Medline: 26017442]

9. Ogura T, Sato M, Ishida Y, Hayashi N, Doi K. Development of a novel method for manipulation of angiographic images
by use of a motion sensor in operating rooms. Radiol Phys Technol 2014 Jul;7(2):228-234. [doi: 10.1007/s12194-014-0259-0]
[Medline: 24609904]

10. Sanders TL, Maradit Kremers H, Bryan AJ, Larson DR, Dahm DL, Levy BA, et al. Incidence of anterior cruciate ligament
tears and reconstruction: a 21-year population-based study. Am J Sports Med 2016 Jun;44(6):1502-1507. [doi:
10.1177/0363546516629944] [Medline: 26920430]

11. Chen HC, Tzeng SS, Hsiao YC, Chen RF, Hung EC, Lee OK. Smartphone-based artificial intelligence-assisted prediction
for eyelid measurements: algorithm development and observational validation study. JMIR mHealth uHealth 2021 Oct
08;9(10):e32444 [FREE Full text] [doi: 10.2196/32444] [Medline: 34538776]

12. Tan M, Le Q. EfficientNet: rethinking model scaling for convolutional neural networks. In: Proc Mach Learn Res. 2019
Presented at: Proceedings of the 36th International Conference on Machine Learning, vol 97; June 9-15, 2019; Long Beach,
CA p. 6105-6114.

13. Hu J, Shen L, Albanie S, Sun G, Wu E. Squeeze-and-Excitation Networks. IEEE Trans Pattern Anal Mach Intell 2020 Aug
1;42(8):2011-2023. [doi: 10.1109/tpami.2019.2913372]

14. Buslaev A, Iglovikov VI, Khvedchenya E, Parinov A, Druzhinin M, Kalinin AA. Albumentations: fast and flexible image
augmentations. Information 2020 Feb 24;11(2):125. [doi: 10.3390/info11020125]

15. Wu H, Gu X. Towards dropout training for convolutional neural networks. Neural Netw 2015 Nov;71:1-10. [doi:
10.1016/j.neunet.2015.07.007] [Medline: 26277608]

16. Perez L, Wang J. The effectiveness of data augmentation in image classification using deep learning. arXiv 2017 Dec
13:1-8. [doi: 10.48550/arXiv.1712.04621]

17. Smith LN. A disciplined approach to neural network hyper-parameters: part 1 -- learning rate, batch size, momentum, and
weight decay. arXiv 2018 Apr 24:1-21. [doi: 10.48550/arXiv.1803.09820]

18. Huang G, Li Y, Pleiss G, Liu Z, Hopcroft J, Weinberger K. Snapshot ensembles: train 1, get M for free. arXiv 2017 Apr
01:1-14. [doi: 10.48550/arXiv.1704.00109]

19. Kingma D, Ba J. Adam: a method for stochastic optimization. arXiv 2014 Dec 22:1-15. [doi: 10.48550/arXiv.1412.6980]
20. Ng WHA, Griffith JF, Hung EHY, Paunipagar B, Law BKY, Yung PSH. Imaging of the anterior cruciate ligament. World

J Orthop 2011 Aug 18;2(8):75-84 [FREE Full text] [doi: 10.5312/wjo.v2.i8.75] [Medline: 22474639]
21. Ha TP, Li KC, Beaulieu CF, Bergman G, Ch'en IY, Eller DJ, et al. Anterior cruciate ligament injury: fast spin-echo MR

imaging with arthroscopic correlation in 217 examinations. AJR Am J Roentgenol 1998 May;170(5):1215-1219. [doi:
10.2214/ajr.170.5.9574587] [Medline: 9574587]

22. Kam CW, Chee DWY, Peh WCG. Magnetic resonance imaging of cruciate ligament injuries of the knee. Can Assoc Radiol
J 2010 Apr 01;61(2):80-89 [FREE Full text] [doi: 10.1016/j.carj.2009.11.003] [Medline: 20110155]

23. Lee JK, Yao L, Phelps CT, Wirth CR, Czajka J, Lozman J. Anterior cruciate ligament tears: MR imaging compared with
arthroscopy and clinical tests. Radiology 1988 Mar;166(3):861-864. [doi: 10.1148/radiology.166.3.3340785] [Medline:
3340785]

24. van der List JP, Mintz DN, DiFelice GS. The location of anterior cruciate ligament tears: a prevalence study using magnetic
resonance imaging. Orthop J Sports Med 2017 Jun 22;5(6):2325967117709966 [FREE Full text] [doi:
10.1177/2325967117709966] [Medline: 28680889]

25. Liu F, Guan B, Zhou Z, Samsonov A, Rosas H, Lian K, et al. Fully automated diagnosis of anterior cruciate ligament tears
on knee MR images by using deep learning. Radiol Artif Intell 2019 May 08;1(3):180091 [FREE Full text] [doi:
10.1148/ryai.2019180091] [Medline: 32076658]

26. Chang PD, Wong TT, Rasiej MJ. Deep learning for detection of complete anterior cruciate ligament tear. J Digit Imaging
2019 Dec;32(6):980-986 [FREE Full text] [doi: 10.1007/s10278-019-00193-4] [Medline: 30859341]

27. Germann C, Marbach G, Civardi F, Fucentese SF, Fritz J, Sutter R, et al. Deep convolutional neural network-based diagnosis
of anterior cruciate ligament tears: performance comparison of homogenous versus heterogeneous knee MRI cohorts with
different pulse sequence protocols and 1.5-T and 3-T magnetic field strengths. Invest Radiol 2020 Aug;55(8):499-506
[FREE Full text] [doi: 10.1097/RLI.0000000000000664] [Medline: 32168039]

28. Zhang L, Li M, Zhou Y, Lu G, Zhou Q. Deep learning approach for anterior cruciate ligament lesion detection: evaluation
of diagnostic performance using arthroscopy as the reference standard. J Magn Reson Imaging 2020 Dec 26;52(6):1745-1752.
[doi: 10.1002/jmri.27266] [Medline: 32715584]

29. Yao L, Gentili A, Petrus L, Lee JK. Partial ACL rupture: an MR diagnosis? Skeletal Radiol 1995 May;24(4):247-251. [doi:
10.1007/BF00198407] [Medline: 7644934]

J AI 2022 | vol. 1 | iss. 1 | e37508 | p. 11https://ai.jmir.org/2022/1/e37508
(page number not for citation purposes)

Chen et alJMIR AI

XSL•FO
RenderX

http://dx.doi.org/10.2519/jospt.2006.2011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16715828&dopt=Abstract
http://dx.doi.org/10.1302/0301-620X.95B1.29636
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23307674&dopt=Abstract
http://dx.doi.org/10.1038/nature14539
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26017442&dopt=Abstract
http://dx.doi.org/10.1007/s12194-014-0259-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24609904&dopt=Abstract
http://dx.doi.org/10.1177/0363546516629944
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26920430&dopt=Abstract
https://mhealth.jmir.org/2021/10/e32444/
http://dx.doi.org/10.2196/32444
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34538776&dopt=Abstract
http://dx.doi.org/10.1109/tpami.2019.2913372
http://dx.doi.org/10.3390/info11020125
http://dx.doi.org/10.1016/j.neunet.2015.07.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26277608&dopt=Abstract
http://dx.doi.org/10.48550/arXiv.1712.04621
http://dx.doi.org/10.48550/arXiv.1803.09820
http://dx.doi.org/10.48550/arXiv.1704.00109
http://dx.doi.org/10.48550/arXiv.1412.6980
https://www.wjgnet.com/2218-5836/full/v2/i8/75.htm
http://dx.doi.org/10.5312/wjo.v2.i8.75
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22474639&dopt=Abstract
http://dx.doi.org/10.2214/ajr.170.5.9574587
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9574587&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0846-5371(09)00224-1
http://dx.doi.org/10.1016/j.carj.2009.11.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20110155&dopt=Abstract
http://dx.doi.org/10.1148/radiology.166.3.3340785
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=3340785&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/2325967117709966?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.1177/2325967117709966
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28680889&dopt=Abstract
http://europepmc.org/abstract/MED/32076658
http://dx.doi.org/10.1148/ryai.2019180091
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32076658&dopt=Abstract
http://europepmc.org/abstract/MED/30859341
http://dx.doi.org/10.1007/s10278-019-00193-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30859341&dopt=Abstract
http://europepmc.org/abstract/MED/32168039
http://dx.doi.org/10.1097/RLI.0000000000000664
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32168039&dopt=Abstract
http://dx.doi.org/10.1002/jmri.27266
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32715584&dopt=Abstract
http://dx.doi.org/10.1007/BF00198407
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=7644934&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Abbreviations
AI: artificial intelligence
ACL: anterior cruciate ligament
CNN: convolutional neural network
MOST: Ministry of Science and Technology
MRI: magnetic resonance imaging
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