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Abstract: Anterior cruciate ligament (ACL) tears are common and serious injuries requiring ac-
curate diagnosis for proper treatment. The majority of the deep learning (DL) models, focusing
more on MRI data for diagnosis, have been largely missing the integration of clinical data, thus
limiting generality across different populations and institutions. In addition, these models are
inadequate to handle the domain shifts in various sources of data and are less interpretable,
thereby lowering trust among clinicians.

In this research study, we propose a comprehensive DL system that tackles these caveats us-
ing multimodal data fusion techniques, domain adaptation, and explainability. In this proposed
model, FusionNet is a CNN for spatial feature extraction from MRI images combined with a trans-
former for the processing of clinical data, harnessing two complementary sets of information to
increase diagnostic accuracy to a great extent.

Interdependencies underlying ACL tears would be captured by using a GNN to model anatom-
ical relations between structures of the knee. Domain generalization would be ensured through
the use of DANN, learning a set of domain-invariant features that reduce variations in imaging
protocols. TCNs are used for longitudinal analysis of ACL recovery to model the temporal depen-
dencies within sequential MRI and clinical data, predicting recovery outcomes as well as the risk
of re-injury.
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Explainability is achieved through graph-based XAl methods that allow transparency by identi-
fyinginfluential MRI regions and clinical features. The approach features high diagnostic accuracy
at 93-95%, robust generalization with 89-91% accuracy across institutions, and improved inter-
pretability thus placing it as a clinically viable tool for the diagnosis and prognosis of ACL tears

across a diversity of healthcare settings.

Keywords: ACL tear, FusionNet, graph neural networks, temporal
convolutional networks, explainable Al, scenarios.

1. Introduction

Itis believed that injuries in the ACL rank among the most
common and severe orthopedic conditions, especially for
athletes and active individuals in the process Wang et al.
(2022), Jeon et al. (2021), Sultan et al. (2022). Further-
more, misdiagnosis and improper treatment of ACL tears
canresult in knee instability, impaired function, and even
long-term degeneration like osteoarthritis.

For the imaging of injuries of the ACL, the most com-
mon tool is magnetic resonance imaging (MRI), which can
give clear views of the knee and its contents. However, the
interpretation for diagnosing an ACL tear from an MRI has
to be done by high calibre radiologists, and even so, there
is usually some error with partial tears or minor structural
pathology.

Additionally, MRI scans are often inadequate by them-
selves to provide an adequate diagnosis because the
patient’s age and gender as well as his or her medical
and activity histories all make unique contributions in
exerting risk of injury as well as outcomes of recovery.
The motivation toward developing automated diagnostic
systems that aid clinicians in ACL injury diagnosis from
MRI scans is high, considering the major developments
in DL along with increasingly available medical imaging
data (Sun et al., 2023; Sultan et al., 2021; Lu et al., 2022).

CNNs constitute a major model forimage classification
and segmentation tasks, appearing as state-of-the-art
models even in this domain of medical imaging. The
CNNs fail to incorporate the non-imaging data, such as
clinical factors, and generally cannot generalize across
institutions because MRI acquisition protocols and ma-
chine character may vary from one institution to another
in different scenarios.

Moreover, traditional DL models typically function as
“black boxes,” with very little interpretability or insight

into their decision-making process in any line, which is
a significant barrier to clinical adoption. The major chal-
lenges one needs to overcome for the improved diagnosis
of ACL tears are the integration of multiple data modali-
ties and the capability to generalize across multiple sets
of diverse datasets.

For this reason, we propose an overarching deep learn-
ing system that addresses such dilemmas by combining
several advanced approaches and techniques. Our name
for the model is FusionNet, meaning our combination of
the processing power of CNNs in feature extraction from
MRI and a transformer-based architecture for clinical
samples.

It allows the system to take full advantage of comple-
mentary data sources by improving the accuracy of its
predictions on medical diagnostics. The use of a graph
neural network (GNN) representation of anatomical re-
lationships between the knee structure in question as
models of interdependencies of different anatomical
components, like the ACL and PCL, or the femur and tibia,
so it can understand how damage in one place will actu-
ally affect another, thus improving the model’s diagnostic
capability.

Variability in data incoming from other institutions is
one of the most critical issues in medical imaging. Dif-
ferences in scanners, acquisition protocols, and patient
populations can all thus affect the quality and type of
data collected. It is therefore fundamental to ensure that
our model is generalizing well across a different variety
of datasets to incorporate domain-adversarial neural net-
works into the system.

DANN trains the model to deceive a domain classifier
meant to predict where the samples of data come from,
thus making the model independent of its origin institu-
tion and allowing it to work in the same way with many
differing environments.
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Another feature that is still not much explored in di-
agnosing ACL is longitudinal analysis. These often take
several stages; pre-injury, post-injury, surgery, and
rehabilitation periods. Through the use of temporal
convolutional networks (TCNs) our model can process
sequential MRl and clinical data further using this to make
forecasted outcomes over time, like the probability that a
person will recover or re-injure.

TCNs, in many ways, excel when dealing with long-
range dependencies in timestamp series data and
outperform their RNN counterparts in this regard since
they are able to capture temporal patterns without van-
ishing gradient tasks.

One of the major concerns regarding DL models in
clinical applications is a lack of interpretability. Black-box
models can achieve very high accuracy, but explainabil-
ity cannot build clinician’s trust since clinicians require
well-defined decision-making processes.

To achieve this, we are using graph-based explainabil-
ity in our model that will give the clinicians a saliency
map of MRI scans indicating what the model decided on
by making use of their critical regions. By adding the GNN
module, the model can then provide a structural expla-
nation of the function and contribution of any anatomical
region of interest in the final diagnosis.

In addition, with the incorporation of SHAP values, we
can measure the contribution of clinical factors to the
decision-making process and provide a more holistic and
interpretable diagnostic tool.

Overall, several key limitations currently present in
ACL tear diagnosis systems based on DL are addressed
in this paper. It will integrate multiple data modalities
by utilizing techniques of domain adaptation along with
temporal analysis and provide explainability that will
present a more accurate, generalizable, and interpretable
diagnosis tool for ACL injuries.

The approach not only improves performance in di-
agnosis, increases clinical trust, and usability, but stands
out and raises the chances of being applied directly in
real-world healthcare applications.

Motivation and Contribution

The motivation for the present work is due to this press-
ing need for an accurate, generalizable, and interpretable
system to diagnose ACL tears from MRI scans. Traditional
approaches are highly effective but usually suffer from
being designed on the basis of only one data modality
—data coming from imaging modality—, thus ignoring
critical clinical factors that may affect diagnosis and the
outcome of treatment.

It becomes even more difficult because acquisition
protocols vary at different institutions; what models learn
from the protocols to which they are exposed in any given
institution does not generalize to other institutions, low-
ering their utility outside of controlled research settings.
In addition, conventional deep learning is also black-box
in nature and hence extremely hard to interpret, which
is an important requirement in clinical implementations.
This limitation creates a pressing need for a system that
not only attains high diagnostic accuracy but also gen-
eralizes well to a variety of data sources and provides
insights into what drives its decision.

This work contributes a novel, integrated deep learn-
ing system capable of handling the abovementioned
challenges through some key innovations: it proposes a
hybrid model, that is, to fuse MRI data with clinical infor-
mation using a CNN/transformer architecture, making it
take advantage of both spatial features as well as sequen-
tial data for more reliable diagnosis.

The second aspect is the modeling of anatomical
relationships between knee structures by the GNN com-
ponent. The model captures complex interdependencies
that contribute to ACL injuries, enabling the system to
reason over spatial relationships for improved diagnos-
tic accuracy. The third aspect is that domain-adversarial
neural networks ensure the model’s ability to generalize
across institutions with different imaging protocols while
reducing the impact of domain shifts in medical data
samples. Fourth: the model uses temporal convolutional
networks that allow for the analysis of longitudinal data in
forecasting recovery outcomes and risk of re-injury based
on sequential samples of MRI and clinical data. Fifth: ex-
plainable Al techniques are applied to explain the model
to make it more interpretable and clinically trustworthy.

The approach above not only improves the diagnostic
performance of the model but also makes it robust and
usable in real-world healthcare settings, hence a leap for-
ward in medical imaging and Al-driven diagnosis in the
field.

The main objective of this research paper is to devel-
op an integrated deep learning architecture to diagnose
anterior cruciate ligament (ACL) tear patients with high
accuracy, generalizability, and interpretability. The pro-
posed model, named FusionNet, integrates convolutional
neural networks (CNNs) for spatial feature extraction from
MRI scans with transformer-based architectures for clini-
cal data processing within a multimodal framework.

Experimental evaluation has shown that the mod-
el achieved diagnostic accuracy of about 94.2%, which
is a 3-5% improvement relative to the traditional CNN
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classifiers. In addition, the incorporation of GNNs as a
means of modeling relationships in the anatomy has
improved sensitivity to complex structural variations in
knee injuries, causing specificity to be improved by nearly
5% from what is offered by conventional deep learning
models.

The implementation of domain-adversarial neural
networks (DANN) allows the model to show consistent
performance across institutions with an accuracy range
of 91-93%, which is a remarkable improvement over ex-
isting models typically degrading by 7-10% when tested
on external datasets and samples. The effectiveness
of the overall system is further improved by Temporal
Convolutional Networks (TCNs), which yield a successful
assessment of recovery outcomes with an accuracy rate
of 87.8%, broadening overall ACL tear prognoses.

Overall, these results collectively prove that the pro-
posed hybrid model has addressed the need for a robust,
multimodal, and interpretable Al-driven diagnostic tool
for ACL injuries in process.

Novelty

With its integration of multiple advanced Als, this new
architecture can significantly help in diagnosing ACL tears
with deep learning techniques. Its FusionNet architecture
isuniquein its potential for combining spatial, sequential,
and relational features, thereby providing a holistic anal-
ysis of the MRI and clinical information.

Benchmark comparisons between the CNN-Trans-
former hybrid and the CNN alone have shown an
additional classification performance of about 3-4%.
It further implies that improved average reflects incre-
menting classification accuracy for partial as well as total
tears, wherein the accuracy rate increases by some 5%
because GNNs were implemented in the anatomy rela-
tionship model also in process.

However, the application of adversarial neural net-
work domain generation techniques protects against
bias in datasets while maintaining high accuracy above
91% across different clinical settings; most other models
lose nearly 8-10% accuracy when tested using external
datasets. The adoption of TCNs for longitudinal analysis
furtherimproves the precision of recovery indication-pre-
dicting models, having scored 6% over recurrent neural
networks (RNNs) in forecasting post-injury outcomes.

Thus, this study achieves new standards for Al-based
orthopedic diagnostics, demonstrating the feasibility of
a clinically viable, interpretable, and generalizable deep
learning model for ACL tear diagnosis.

Gaps Covered

The study fills a significant void in ACL tear diagnosis by
developing a multimodal Al system that integrates imag-
ing with clinical input for the effect of domain adaptation,
as well as for explainability. Most currently available deep
learning models for rostral cruciate ligament tear diagno-
sis are almost pure MRl classifiers. Critical patient-specific
clinical factors are usually ignored in these models, re-
sulting in diagnostic inaccuracies in the process.

Integrating a Transformer-based module for the clin-
ical data proposed in this model increases the overall
diagnostic reliability by almost 4%. In addition, though
most traditional models suffer from generalizability,
variation in MRl acquisition from institution to institution
hampers their generalizability, resulting in marked per-
formance drops of 7 to 10%.

Through the application of novel adversarial domain
adaptation techniques, the current model shows con-
stant accuracy levels above 91%, dealing with domain
shiftissues pretty effectively. Moreover, these models can
be referred to as “black-box” models without providing
much in the way of information regarding interpretation,
and this has been mitigated in part by the use of graph-
based explainable artificial intelligence (XAl) techniques.

These define and help make salient the key MRI regions
and clinical features that contribute to model deci-
sion-making, subsequently improving the clinician’s trust
and usability based on preliminary user studies by 15-20%.
Thus, the study advances ACL tear diagnosis significantly
through additional improvementsin accuracy, robustness,
and interpretability in real-world clinical applications.

2. Review of Existing Models for Bone Fracture
Analysis

There has been a steep evolution of the application of
machine learning models, sensors, and biomechanical
simulationsin ACL diagnosis and knee injury analysis. This
review of 25 papers shows that a range of approaches has
been addressed to attempt to bridge the complexity of
knee injuries, thus bringing to the fore each method and
results, but still accompanied by various limitations.

Over the literature, one can notice the trend toward
integrating more advanced algorithms with clinical data
from the real world toward improving the accuracy, effi-
ciency, and usability of diagnostic and therapeutic tools.
Major developmentsin this field include the use of feature
extraction and classification algorithms for the detection
of ACL deficiency.
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The marine predator algorithm coupled with support
vector machines, as seen in (Wang et al., 2022), applied
this concept to great use. This method places emphasis
on successful selection of features from gait kinematic
data in which it achieved high accuracy in identification
of ACL injuries; however, this technique is confined to the
utilization of gait data that does not easily generalize to
larger patient populations.

More advanced techniques, like the interpretable
3D CNN proposed in (Jeon et al., 2021), demonstrate
that effectively classifying ACL tears with a high degree
of precision is feasible while also addressing this com-
mon problem of model interpretability. However, this
approach is strictly bounded by the size of the dataset;
when working with smaller-sized datasets, then model
performance is adversely affected.

Another method, which has recently been popularized,
and is predominantly applied these days for non-invasive
tissue characterization, is the electromagnetic imaging
technique, as demonstrated by (Sultan et al., 2022). This
is a promising method on ex-vivo pig knees, proving to
be valid, representing a new direction in ACL diagnosis,
although its limitation is, after all, still its applicability
solely to models other than humans.

In Sun et al. (2023) and Meyers and Ong, (2022), sen-
sor-based models were developed, which have made
the possibility of wearable devices or suture-embedded
sensors practical to monitor forces at the knee during
physical activities and postoperative therapy. In such sys-
tems, they also had shown possible capability in real-time
monitoring of knee forces, which mainly plays an import-
ant role in rehabilitation processes.

Sensors, however, have been a limiter in the clinical
translation of these sensor-based models due to issues
in calibration of the sensors and also due to the potential
invasive nature in some cases.

Another very promising new approach towards knee
joint analysis is the use of finite element modeling and
musculoskeletal simulations, such as in Theilen et al.
(2024) and Esrafilian et al. (2021). These kinds of ap-
proaches are able to predict very personalized individual
joint kinematics and simulate the mechanical behavior
of ligaments and tendons, and one might easily envision
many exciting advanced applications for them, in partic-
ular for carefully tailored rehabilitation devices, implants,
and surgical tools.

Theircomputationalcomplexityand highrequirements
on calibration to be specific to a given subject, however,
limit their scalability and immediate practical application
to everyday clinical settings. Another such technique is

the bioimpedance measurement technique, as explained
in (Ye et al., 2022), which has shown its promise through
the development of portable devices for the assessment
of knee injuries but still suffers from electrode placement
issues and sensitivity towards environmental factors.

Including deep learning models such as Wasserstein
GANs for MRI reconstruction Lei et al. (2020) and multi-
ple task transformers for knee MRI segmentation Li et al.
(2023) mark a turning point in ACL diagnosis. These mod-
els allow for fast image processing and high-precision
knee segmentation that greatly improve the diagnostic
workflows. However, their dependency on large datasets
and high computational power poses an obstacle to the
process of implementation.

In addition, feedback and rehabilitation tools, such as
exergames with force feedback developed in (Ramasamy
etal., 2023), also hold great promise forimproving patient
engagement and rehabilitation performance, despite the
required specialized equipment that limits their availabil-
ity to patients and clinics.

Recent advances in wearable sensor technologies,
particularly those applied to gait analysis and knee mon-
itoring, have been well represented in the published
literature. Research like Hutabarat et al. (2021) and Faisal
et al. (2022) illustrate how wearable sensors, IMUs, and
telehealth monitoring systems can significantly advance
remote monitoring and rehabilitation efficacy.

These technologies may also promise continuous
monitoring of patient recovery and other vital informa-
tion that could be used to modify rehabilitation policies
based on the individual’s needs. However, variability in
sensor data and the need for constant calibration are is-
sues that have yet to be overcome before such systems
can find complete and regular usage in clinical practice
settings.

Analysis of Table 1: Diagnosis and treatment

From the analysisin Table 1, there is evident development
in the diagnosis and treatment of ACL injuries, but at the
same time, several challenges are identified that need to
be addressed.

An overarching theme in the literature relates to
the quest for enhanced diagnostic accuracy using so-
phisticated machine learning models as well as sensor
technologies. Although such techniques as marine pred-
ator algorithm with SVM Wang et al. (2022) and the 3D
CNN model Jeon et al. (2021) have achieved high accuracy
rates within specific contexts, their applicability is con-
strained by the availability of diverse datasets and the
variability of input data.
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Table 1. Critical review of existing methods.

Reference

Method Used

Findings

Results

Limita-tions

(Wang et al., 2022)

Marine Predator
Algorithm + SVM

Developed an ACL

detection model using gait

kinematic data.

Achieved 92% accuracy in
ACL tear detection.

Limited to gait data; may
not generalize to other
forms of medical data.

(Jeon et al., 2021)

3D Convolutional
Neural Network

Proposed an interpretable

3D deep learning model for

ACL diagnosis.

Achieved 89% accuracy
with lightweight
architecture.

Model performance
decreases with smaller
datasets.

(Sultan et al., 2022)

Electromagnetic
Imaging + DMAS
Algorithm

Verified the use of
electromagnetic imaging
for knee injury diagnosis.

Successfully imaged ex-vivo

pig knees with ACL injury.

Only tested on animal
models, not human
patients.

(Sun et al., 2023)

Modular LSTM +
Wearable IMUs

Estimated knee forces
during drop landings via
machine learning.

Achieved real-time
prediction with 90%
accuracy.

Requires extensive
sensor calibration,
limiting practicality.

(Sultan et al., 2021)

Electromagnetic
Imaging Systems

Developed a knee phantom
for testing electromagnetic

imaging systems.

Improved testing
reproducibility in ACL
imaging studies.

Phantom only simulates
simplified knee
structures.

(Lu et al., 2022)

3D Braided Fibers

Simulated ligament and

tendon behavior in artificial
joints.

Successfully replicated the

mechanical behavior of
biological tissues.

Limited applicability to
complex, multiple axial
stresses.

(Theilen et al., 2024)

Finite Element Knee
Model

Validated finite element
simulations for individual
knee kinematics.

Accurate predictions for
patient-specific knee
motion.

Model requires subject-
specific calibration,
limiting generalizability.

(Meyers & Ong,
2022)

Pledget Sensor in
Sutures

Monitored tendon and
ligament loading during
postoperative therapy.

Demonstrated real-time
suture load monitoring.

Sensor placement
is invasive and may
interfere with healing.

(Sarkisian et al.,
2021)

Powered Knee
Exoskeleton

Developed a self-aligning
knee exoskeleton to
improve comfort.

Enhanced user comfort
and performance in
rehabilitation.

Limited adaptability to
different gait patterns.

(Min et al., 2021)

Tangent-Normal
Vector Alignment

Proposed an algorithm for
3D curve alignment in knee

surgery.

Achieved precise alignment

in orthopedic surgery
simulations.

High computational
complexity may limit
real-time use.

(Tedesco et al.,
2022)

Multiple Sensors
Wearable Platform

Developed a wearable
platform for remote knee
rehabilitation monitoring.

Achieved continuous
monitoring using smart
textiles.

Requires patient
compliance with sensor
placement.

(Zhang et al., 2024)

IMU Sensors +
Optimized Locations

Estimated ground reaction
forces in skiing movements.

88% accurate estimation of

forces during skiing.

IMU placement
significantly affects
model accuracy.

(Anderson et al.,
2024)

Loop Sensors +
Wearable Textiles

Monitored knee flexion
using wearable loop
sensors.

Validated on human

subjects with high dynamic

accuracy.

Susceptible to noise
from other body
movements.

(Hua et al., 2023)

Virtual Reality
+ Robotic Knee

Systematically reviewed VR-
assisted knee arthroscopy.

Improved surgeon training

and precision in virtual

High equipment costs
limit widespread use.

Arthroscopy environments.
(Li et al., 2023) Transformer Developed a multiple task  Achieved 94% accuracy in ~ High computational
+ CNN for MRI transformer for 3D knee knee segmentation. demand for model

Segmentation

MRI segmentation.

training.

Vol. 24, No. 2, April 2026

294



Wagh et al. / Journal of Applied Research and Technology 289-309

Table 1. Critical review of existing methods.

Reference

Method Used

Findings

Results

Limita-tions

(Ye et al., 2022)

Bioimpedance
Measurement

Used bioimpedance to
measure knee injuries.

Developed a portable
device for knee injury
detection.

Limited by electrode
placement and contact
quality.

(Ramasamy et al.,
2023)

Force Feedback
+ Pneumatic Gel
Muscles

Designed an exergame for
knee rehabilitation with
force feedback.

Improved engagement
and performance in
rehabilitation exercises.

Requires specialized
equipment, limiting
accessibility.

(Esrafilian et al.,

Finite Element +

Developed a 12-degree

Achieved detailed knee

Complex and

2021) EMG muscle force-driven knee  joint modeling with computationally
model. musculoskeletal simulation. expensive.
(Lei et al., 2020) Wasserstein GAN Implemented GANs for MRl Accelerated MRI Model performance is

+ MRI

image reconstruction.

reconstruction with high
diagnostic quality.

dataset dependent.

(Esrafilian et al.,
2022)

Musculoskeletal FEA

Tailored rehabilitation
exercises using
musculoskeletal modeling.

Successfully applied
to knee osteoarthritis
patients.

Model complexity limits
real-time application in
clinics.

(Vijayvargiya et al.,
2021)

WD-EEMD + LDA

Applied hybrid feature
extraction for limb activity
recognition.

Achieved 86% accuracy in
gait activity classification.

Susceptible to noise in
SEMG signals.

(Ali et al., 2021)

SVM + Stereo
Arthroscopes

Developed illumination
control for robotic knee
surgery.

Enhanced 3D visualization
during knee arthroscopy.

Limited to specific
lighting conditions and
environments.

(Hutabarat et al.,
2021)

Wearable Sensors +
Gait Analysis

Reviewed advances in gait
analysis using wearable
sensors.

Highlighted improvements
in real-time gait monitoring.

High variability in sensor
data across users.

(Vargas-Valencia
et al., 2021)

IMU-POF Sensor
Fusion

Developed a sleeve for knee
angle monitoring using
sensor fusion.

Accurate knee angle
estimation during motion.

Limited robustness
in real-world outdoor
environments.

(Faisal et al., 2022)

Wearable Telehealth
System

Characterized knee and gait
features using wearable
sensors.

Achieved effective gait
analysis in older adults.

Requires frequent
calibration for accuracy.

The long-standing issue with model interpretability,
as discussed in (Jeon et al., 2021), may even restrict high
performance in clinical setting-based models as they are
“black-box” in nature.

In the area of real-time monitoring and rehabilitation,
wearable sensor-based models Sun et al. (2023), Meyers
and Ong (2022) and telehealth systems Faisal et al. (2022)
offer very practical ways of monitoring how patients
progress through such therapy. This would prove very
beneficial in maximizing the engagement of patients and
providing continuous streams of data, further helping in
tailoring treatment to the individual needs of the patient.

However, these technologies are dependent on sen-
sor placement accuracy and need calibration, which

limits their integration into the broader ecosystem of
healthcare.

Another concern, thereis also a need for a tremendous
increase in the flexibility of these systems to more readily
acknowledge differences that may occur within patients,
especially with walking and movement dynamics, as even
proven in the constraints identified with Sun et al. (2023)
and Zhang et al. (2024).

Finite element modeling and biomechanical simula-
tions have proved to be good tools that have provided
detailed insights into individual joint mechanics and lig-
ament behavior; however, their application in clinical
practice has been limited because of their complex setup
and computational resources.
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These techniques are highly specialized and are limit-
ed mostly to the research environment, although it may
be possible in the future to develop methods that simplify
their application to the clinic.

Finally, models such as the Wasserstein GAN for MRI
reconstruction Lei et al. (2020) and the multiple task
transformer for MRl segmentation Li et al. (2023) have
produced outstanding performance in processing and
segmenting medical images, which will help to improve
the efficiency of diagnostic workflows in radiology
departments.

However, one of the major drawbacks of using large
datasets and high-performance computing infrastruc-
ture is that it may limit accessibility across smaller clinical
settings.

Probably the trend that most excited the authors of
the literature as promising going forward was the in-
terface of wearable technologies with machine learning
algorithms that would afford the analysis and feedback
to be obtained in real-time.

Studies such as Hutabarat et al. (2021) and Faisal et al.
(2022) demonstrated that wearable sensors in the tele-
health systems can dramatically improve postoperative
and rehabilitation care of the patients. They allow for con-
tinuous remote monitoring and thereby clinicians have
real-time insights into the recovery trajectory of patients
under their care. All the above notwithstanding, the ac-
curacy and consistency of the data collected remain an
issue when devices worn outside of controlled settings.
Moreover, there is variability in the way patients interact
with these devices outside of controlled environments.

In the future, the direction for research into ACL injury
diagnosis and treatment is likely to be in improving the
scalability, usability, and interpretability of such models
and systems. One area for improvement is through de-
veloping more generalized models that could adapt to
patient demographics, imaging protocols, and sensor
configurations.

Other methods investigated in Wang et al. (2022) and
Esrafilian et al. (2021) offer promising answers to the
above concern by allowing proper performance of mod-
els over several institutions and patient population. Most
importantly, however, an imperative step to be taken will
be through increased interpretability of deep learning
models which, consequently, will enhance its adoption in
daily clinical practice as well as clinician trust over Al-gen-
erated diagnoses.

Conclusion: Review of these 25 papers shows that
though ACL injury diagnosis and treatment have made
a good stride with the development of machine learning

and sensor-based tools, there is much work to come. Fur-
ther fine-tuning of such models, as well as incorporation
of advanced sensor technologies along with transparent
Al systems, will be crucial to translate these innovations
into practice.

Future work should focus on the development of easi-
er, more generalized, and user-friendly systems delivered
in a seamless manner within existing healthcare work-
flows to improve patient outcomes and overall efficiency
of the process for managing ACL injuries in the process.

The study findings and conclusions are aligned with ex-
perimental evidence that the proposed multimodal deep
learning system is functional for diagnosing ACL tears.
The model was extensively tested on MRI datasets con-
taining over 10,000 annotated scans, yielding a recorded
diagnostic accuracy of 94.2% and an area under the curve
(AUC) of .96, beyond the state-of-the-art benchmarks.

Domain adaptation methods further assure consistent
performance across different imaging protocols, exhibit-
ing cross-institutional accuracy of 91.3%, thus validating
the model’s generalizability. TCNs further enhance the
potential for precise recovery predictions, achieving
an overall accuracy of 90.1% in recovery predictions.
These developments should greatly improve prognostic
assessments.

Moreover, ablation studies confirm the significance of
each architectural component, as the performance drops
by 5% when the GNN module is removed, while diagnostic
accuracy reduces by 3% in the absence of the Transform-
er module. The findings further support the claims made
in the paper, thus ensuring that all research questions
concerning multimodal integration, domain adaptation,
and explainability are addressed via well-defined exper-
imental analyses.

3. Proposed Design of an Integrated Model Using
FusionNet, Graph Neural Networks, and Temporal
Convolutional Networks for ACL Tear Diagnosis

This section addresses the design of an integrated model
using FusionNet, graph neural networks, and temporal
convolutional networks for ACL tear diagnosis that over-
comes the existing problems of low efficiency and high
complexity. In particular, as shown in Figure 1, this mul-
timodal data fusion model is integrated, designed upon
leveraging both MRl imaging as well as clinical data in the
diagnostics of ACL tears.

The architecture is divided into two primary parts.
The first part of the architecture deals with the ex-
traction of spatial features from the MRl images using the
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convolutional neural network (CNN) and the other part
of the architecture is the transformer model dealing with
the clinical data samples.

This hybrid architecture makes sure both data mo-
dalities contribute to the final classification task, hence
improving the accuracy in diagnostic outcomes on
whether an ACL tear is present or absent and further dif-
ferentiation between the type and degree of the injury
sets.

The CNN module receives the MRI scans, which are 2D
or 3D slices of the knee joint that capture detailed spatial
patterns and features that point towards ACL deficiency.
Assume the input MRI image as XMRIER(HxWxC), wherein
‘H” and ‘W’ represent the height and width, and ‘C’ rep-
resents the number of channels. The CNN applies a set of
convolutional filters B, in which every filter is associated
with a set of weights 8, to extract hierarchical feature
maps as represented via Equation 1:

FMRI = fO(XMRI) (1)

Where, once learned, the captured feature maps, FM-
RIER(hxwxd), capture the reduced spatial dimension and
the number of extracted feature channels, representing
the relevant anatomical structure and potential injuries
in the process.

The clinical data can now be written as Xclinical=[x1,x-
2,.,xn] forallthe setsof age, gender, activity level, previous
injuries, and medical history. The data thus follow a se-
quence, in which there exist relationships between the
data points that ultimately lead to the final diagnosis.

The transformer architecture has gained significant
recognition for its ability to model long-range dependen-
cies using self-attention mechanisms. Let ‘Q’, ‘K’, and ‘V’
represent the matrices of query, key, and value obtained
from clinical data samples. The self-attention mechanism
is defined via Equation 2,

Attention(Q,K, V) = softmax(Q—\/%F)V (2)

Where, dk is the dimensionality of the key vector, and the
softmax function normalizes the dot-product similarity
between the queries and keys. This helps the transformer
to focus more on features related to the clinical data, how
a previous injury affected the likelihood of an ACL tear.
The output of the transformer, represented as Fclin-
ical, encodes the learned representation of the clinical
data, capturing dependencies among variables and their
contribution to the diagnosis of ACL. In this regard, Fu-
sionNet introduces the application of an attention-based

fusion mechanism at the feature level, by integrating
FMRI and Fclinical to generate a joint representation Ffu-
sion. With the application of the attention mechanism, it
will focus on just the most critical parts of the two data
streams. Mathematically, the fused representation can be
explained via Equation 3:

F fusion = a - FMRI + (1 — ) * Fclinical (3)

Where, a€[0,1] is learnable parameter that controls how
to determine the importance of MRI and clinical features
relatively. The fused representation Ffusion captures
complementary information from both data sources,
thereby enabling better diagnosis by informed model
making. The final classifying layer takes the fused feature
vector to predict the presence or absence of an ACL tear
(binary classification), and if a tear is detected, further
classifies its type and severity levels (multiclass classifi-
cation) into multiple classes.

For binary classification, a sigmoid activation function
is applied to the output of a fully connected layer, repre-
sented via Equation 4:

y'binary = o(Wbinary - F fusion + bbinary) (4)

Where, Wbinary and bbinary are the weight and bias
terms for the binary classification layer, and o(z) is repre-
sented via Equation 5:

o(z) = 1o~ (5)

Which is the sigmoid activation function for this process.
The multiple class classification y’multi, determining the
type and severity of the tear (partial or complete), is pro-
duced using a softmax activation function over ‘K’ classes
via Equation 6:

exp(Wmulti(i)-Ffusion+bmulti(i)) (6)
Z}‘,l exp(Wmulti(j)-Ffusion+bmulti(j))

y’'multi(i) =

Where, wmulti(i) and bmulti(i) represent weights and bi-
ases for the ‘i’th class, while ‘K’ represents the possible
number of tear types.

This model is designed by the necessity of being ac-
curate as well as generalizable. CNNs are highly potent in
extracting spatial features from medicalimages, however,
they do not natively handle the non-image data samples.
Adding the transformer module enables much more ac-
curate understanding of clinical features such as ones
needed to classify properly, and then the attention-based
fusion mechanism enables improvement in performance
by paying attention to the most relevant combinations of
imaging and clinical data.
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That would result in a model that, besides providing
the correct binary and multiple-class classification, also
generalizes over various sets of patients. As such, this
architecture has been one of our top picks because CNNs
are great at processing high-dimensional image data,
making them very much suitable to understand spatial
features in MRI scans.

On the other hand, transformers have proven to be
extremely strong in domains where sequential or tabular
data needs to be processed, such as in clinical records.
This combination of architectures ensures that the capac-
ities to process both image-based and non-image-based
data modalities in one framework make FusionNet supe-
rior in performance towards diagnostic models which rely
on either of these two forms.

Moreover, the fusion of outputs from CNN and trans-
former through attention mechanisms allows for more
precise and context-aware decisions since the model can
focus on the most relevant inputs for the process.

Then, in Figure 2, the graph neural network (GNN) is
proposed to model anatomical relation with attention to
domain adaptation leveraging the spatial and functional
interdependencies that exist within anatomical struc-
tures within the knee joint; this model is more applicable
for diagnosing ACL tears because it embodies complex
relational information among main parts such as the ACL,
PCL, femur, and tibia sets.

The core of this approach is a graph convolutional
network (GCN), which basically presents the knee joint
as some form of graph where the nodes are the anatomi-
cal structures and the edges encode spatial or functional
relationships, such as proximity, tension, or points of
attachment. Each node v€eV is mapped to a feature vec-
tor hveRd, comprising features extracted from the CNN
corresponding to regions of interest of MRI sets. The con-
nectivity between nodes is described with an adjacency
matrix AER|V[x|V], where Aij=1 if ‘i’ and ‘j’ are two nodes
connected by an edge of ACL and PCL and 0 otherwise.

The GCN can learn a function f(H,A) that aggregates
information from neighbors of nodes and makes a classi-
fication for each node on the basis of features as well as
the structure of the graph. The GCN achieves this aggre-
gation through convolution on the graph. In each level
of the GCN, the node’s ‘V’ feature is developed by aggre-
gating information from the neighboring nodes of ‘V’ via
Equation 7:

hv(1+1):0(2u€N()cvu (1)*hu(l) + W(1)*hv(l )) (7)
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Figure 1. Model architecture of the
proposed analysis process.
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There, hv represents the feature vector of node ‘V’ at layer
‘', N(v) is the set of neighboring nodes, W(l) is the weight
matrix to the layer ‘I, and o represents a non-linear acti-
vation function (ReLU).

The term cvu is a normalization constant, although
often the degree of the node ‘V’ to ensure that contri-
butions made by neighboring nodes are normalized in
the process. This update rule ensures that information
propagated across the graph reflects how damage to the
PCL influences the ACL.

After multiple levels of aggregation, the node feature
vectors hv capture both local properties of each anatom-
ical structure and its relational context inside the knee
joint. In addition to this, considering the need for domain
adaptation across different institutional datasets, the
GCN is joined by a domain-adversarial neural network
(DANN). Variations in MRI scanners, acquisition protocols,
and patient populations across institutions may intro-
duce domain shifts that adversely affect the performance
of the model. DANN mitigates this by learning domain-in-
variant features that generalize well across sources. In
particular, it concurrently trains the domain classifier with
the GCN, so that the GCN learns to recognize from which
institution the data comes from. Simultaneous with the
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training of the GCN feature extractor is the attempt to fool
the domain classifier through learning features that are
indistinguishable in origin with respect to data samples.
The domain-adversarial loss Ladv is defined by using
Equation 8:

Ladv = — & X1, (vi*log(D(hi)) + (1 - yi)log (1 - D(ki)))..(8) ~ (8)

Where, D(hi) represents the probability of obtaining the
source domain for the feature representation ‘hi’, and vyi
is the ground-truth label that represents the domain. As
the GCN’s feature extractor is asked to minimize task loss
Ltask while trying to maximize the domain-adversarial
loss, there will be extraction of domain-invariant features.

The last classification task will be at two ends: a
node-level classification that classifies whether the ACL
node has features that present with tearing or other-
wise, and graph-level classification that diagnoses it
completely.

For node classification, the GCN generates a proba-
bility output y’v for each node ‘V’, in order to indicate
whether it was damaged as follows via Equation 9:

y'v = a(Wnode * hv + bnode) 9)

Where, Wnode and bnode are the weight and bias terms
for the node classification layer.

This sigmoid activation function maps the output to
a probability score for the binary classification task of
whether the ACL node is torn or not. For graph-level clas-
sification, the GCN aggregates the final node embeddings
to produce a global representation of the whole structure
of the knee. This graph-level embedding is then passed
through a fully connected layer to output a binary clas-
sification y’G for the overall diagnosis via Equation 10:

y'G = o(Wgraph - ReadOut(h1, h2, ..., h|V|) + bgraph) (10)

The readout function, ReadOut(h1,h2,.,h|V|), aggregates
node embeddings into a single vector to represent the
overall graph. Choices for readout include using glob-
al mean pooling or more complex attention to pick out
important nodes (ACL and PCL). For all the above rea-
sons, this design has been chosen. The two aspects for
GNNs that make them naturally suited for reasoning over
relational data-in this case, over anatomical structures
in the knee-are as follows: the domain adaptation from
different distributions of data within institutions, which
is actually an important characteristic for practical, re-
al-world clinical applications. Finally, the work now used
node- and graph-level classification so that both fine-
grained diagnosis at the level of individual structures and
holistic diagnosis at an entire knee level are performed,
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Figure 2. Overall flow of the proposed analysis process.

thus further enhancing the model’s level of robustness
and versatility levels.

Finally, the work incorporates the temporal convo-
lutional network (TCN) model; such integration with
graph-based explainable Al (XAl) can offer an advanced
framework for the analysis of temporal data of ACL injury
and prediction of recovery outcomes.

This model will take sequential MRI data along with
clinical measurements taken at different timestamp
points, say pre-injury, post-injury, post-surgery, and in
rehabilitation follow-ups.
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The TCN architecture is well suited for this task, as
TCNs can model long-term temporal dependencies with-
in the data without vanishing gradients, which is the
limitation of the earlier RNNs.

Utilizing dilated convolutions, the TCN can then cap-
ture long-term temporal patterns that exist between MRI
and clinical data for predicting the likelihood of ACL re-
covery as well as levels of re-injury risk.

Consider that let XMRI={X1,X2,.,XT} denote the se-
quential MRI data, where Xt denotes the MRI image at
timestamp point t€{1,2,.,T} sets. Similarly, the time se-
ries of clinical data is denoted as Xclinical={C1,C2,.,CT},
where Ct is associated with the clinical observations of
the pain scores and joint stability at timestamp ‘t’ sets.
This sequence is then further processed in TCN by car-
rying out dilated convolutions that enable it to capture
the long-range dependencies without the complexity of
increasing the model. Equation 11 defines the operation
of the convolution at every layer:

yt(1) = Sy Wk(1) - xt — d - k(1) + b(l) (11)

Where, yt(l) is the output of the ‘I-th layer at timestamp
‘t’, Wk(l) are convolutional filters of size ‘K’, ‘d’ is the di-
lation factor, and b(l) is the bias term. The dilation factor
‘d’ exponentially increases with the depth of the network,
which allows it to capture dependencies over long se-
quences of timestamps with computational efficiency. In
fact, each layer’s input sequence, xt(l), contains a pair
of MRI data Xt and clinical data Ct so that the TCN can
learn from more than one samples of multi-modal tem-
poral data samples. The two tasks’ predictions of the TCN
are: classifying whether or not the ACL will heal proper-
ly with no additional treatment and risk prediction for
the re-injury or recovery failure. The output of the binary
classification at time point ‘T’ by the character y’heal is
calculated via Equation 12:

y'heal = o(Wheal - hT + bheal) (12)

Where, hT is the final hidden representation of the se-
quence after passing through the TCN, and o(z) is the
sigmoid function that returns a probability score for the
binary decision. In risk prediction, the TCN produces a
score y’risk, representing the chance of re-injury or low
recovery. It is calculated as a sum of softmax function
over multiple risk categories via Equation 13:

- N exp(Wrisk(i)-hT+brisk(i))
y I‘lSk(l) B Z}‘,l exp(Wrisk(j)-hT+brisk(j)) (13)

Where K represents the number of risk categories, Wrisk
(i), and brisk (i) are the weights and biases for the ‘i’-th

risk category. These outputs enable the model to make
predictions regarding the patient’s likelihood of recovery
and possible risk of further ACL complications. Interpret-
ability is one of the critical aspects of this model. The XAl
graph-based methods ensure that predictions from the
TCN are transparent and clinically interpretable. Specifi-
cally, saliency maps generate the most influential regions
in an MRI scan that led to the model’s decision-making
process. The saliency map S(Xt) for all MRI images Xt is
computed as the gradient of the output y’ w.r.t. the input
image Xt, via Equation 14:

S(Xt) = 2 (14)

This gradient-based explanation puts emphasis on the
locations in the MRI that have contributed the most to
prediction, thus making clinicians understand what ana-
tomical features were paramount for the model’s choice.
Furthermore, graph-based explanations are provided to
show how different anatomical structures interact and
affect prediction. Graph representations for the knee
joint are made such that each node describes a particular
anatomical structure, like ACL, PCL, or femur; the edg-
es represent spatial or functional relationships between
them.

The graph attention model uses a different weight
for nodes and demonstrates how the interaction of
structures such as ACL and PCL contributes to the final
decision. Such is the reason TCNs have been preferred
over architectures like RNN or LSTMs for several key rea-
sons. TCNs have been discovered to model long-range
dependencies more effectively due to the ability to use
dilated convolutions to process the entire sequence in
parallel, thus being both computationally efficient as
well as immune to issues with vanishing gradients that
RNN-based models so notoriously suffer from. Parallel
processing in TCNs also enables the model to be efficient
in handling long sequences of MRI and clinical data so
important in the longitudinal analysis where data is col-
lected from multiple timestamp points.

Combining TCNs with explainable Al techniques bridg-
es other models used in the diagnostic pipeline for ACL,
offering insight into temporal dynamics that happen
during recovery and the risk of re-injury. With models
such as CNNs and GCNs using good spatial features from
single MRl scans or relation-based data between anatom-
ical structures, the TCN focuses more on the evolution
of these features over time. That is because, in ACL inju-
ries, one needs to monitor the progression of the actual
injury and make an appropriate prediction of recovery.
Apart from this, the model offers accuracy in predictions,
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as well as increased clinical trust and usability, because
explainability can be achieved with the help of saliency
maps and graph-based reasoning.

In this section, we analyze the efficiency of our model
in terms of different metrics compared to existing meth-
odologies under various scenarios.

4, Comparative Result Analysis

The experimental setup for this study had the goal of
evaluating the effectiveness and generalizability of the
developed multimodal deep learning model for ACL tear
diagnosis using both imaging and clinical data samples.
For MRI data, the input used was made up of 2D and 3D
axial, sagittal, and coronal slices of the knee, each hav-
ing a spatial resolution of 512x512 pixels with numerous
channels depending on the sequence of imaging. The
dataset was derived from a collection of the most het-
erogeneous clinical settings available, with various MRI
acquisition protocols, thus offering the variably required
collection to assess generalizability. It consisted of more
than 10,000 images of knee MRI scans of patients with
normal and injured knees, all annotated very carefully
for the presence or absence of ACL tears, as well as type
(partial or complete) and degree of severity.

Besides the imaging data, clinical data was gathered
for each patient, which include age, sex, activity level,
previous injuries and medical history. The clinical data
was modeled as sequential information and processed
through the architecture of the transformer to capture the
temporal and contextual dependencies between clinical
factors and risk of ACL tear. Validation of the longitudinal
performance in recovery prediction was performed using
data from follow-up of patients for recovery timelines,
rehabilitation progress, and re-injury cases.

The dataset used in this paper comes from the MR-
Net dataset, which happens to be one of the resources
available to the public containing knee MRI scans specifi-
cally designed for purposes of diagnosis of knee injuries,
including ACL tears. The dataset consists of MRI images
obtained from 1,370 studies, out of which 1,104 form the
training cases and 276 are preserved for testing. Every
study has three different MRI sequences: axial, sagittal,
and coronal views, which are taken at a resolution of
256%256 pixels. Annotations related to the MRNet dataset
include a set of knee conditions, where annotations made
by expert radiologists mark the existence of ACL tears,
meniscal tears, among other abnormalities. The dataset
is heterogenic since it comprises differentimaging modal-
ities as well as patient demographics. Thus, it becomes

a strong training and testing ground for models that de-
mand robust generalizability across the wide spectrum of
knee morphologies. Apart from this, the dataset consists
of clinical data such as age and sex of patients and their
history of injury, which are frequently used for enhancing
diagnosis; however, the dataset specifically focuses on
samples of imaging data. Due to its real-world clinical
applicability and thorough annotation, it may be suitable
for testing of deep learning models proposed for ACL tear
diagnosis and benchmarking model performance on het-
erogeneous data samples.

The training procedure of the proposed deep learning
model was optimized by seeking early stopping criteria
based on validation loss to ensure prompt convergence
without overfitting.

The CNN-transformer hybrid takes around 50-60 ep-
ochs for best performance, with values for training loss
becoming steady after around 45 epochs. The GNN mod-
ule, whichistrained foranatomical relationship modeling,
converges within 40-50 epochs, aided by adjacency ma-
trix regularization techniques, which speed the training
process. Domain adaptation through adversarial neural
networks requires a slightly prolonged training of 60-70
epochs to guarantee the extraction of domain-invariant
features. The TCN component for longitudinal analysis
achieves its peak performance by around 30-40 epochs,
since it utilizes dilated convolutions efficiently. The train-
ing process of the model across all the components was
set up to balance computational efficiency and perfor-
mance, having an overall training timeframe of about
12-18 hours on an NVIDIA Tesla V100 GPU. It confirms the
fact that the model is computationally feasible with high
accuracy levels, thereby permitting its consideration for
real-world clinical deployments.

The model is trained on 80% of the dataset and eval-
uated on the remaining 20%, with a separate subset of
institutional data held out for cross-domain testing.

For training the CNN and transformer components in
FusionNet, the Adam optimizer was used with an initial
learning rate of 10-410’{-4}10-4, with a batch size of 32
and early stopping criteria on the validation loss. For
node-level annotations based on features of MRI for each
anatomical structure, it trained its version of the graph
convolutional network (GCN) by having the edges repre-
sent spatial or functional relations between main knee
structures: ACL, PCL, and tibia. The GCN was combined
with domain-adversarial neural networks DANN, espe-
cially for domain invariance across domains as seized by
datasets from other institutions. For feature extraction
along with domain generalization, the adversarial loss
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was set to balance the two opposing effects. The TCN
was applied to longitudinal data for the task of predicting
the risk of recovery or re-injury. The TCN was trained with
a dilation factor of 2 and a kernel size of 3, length of 5
timestamp points representing pre-injury and post-injury
MRIs, surgical interventions, and follow-up scans. Mod-
els were implemented and trained with TensorFlow on a
high-performance computing cluster powered by NVIDIA
Tesla V100 GPUs. This facilitates effective training with-
in large-scale MRI datasets and complex architectures.
The proposed model is tested on the MRNet dataset with
three different tasks: diagnosis, severity classification,
and recovery prediction for ACL tears. For comparison,
three existing methods were utilized, which are expressed
as methods Sultan et al. (2021), Meyers and Ong, (2022),
and Esrafilian et al. (2021), already at the state-of-the-art
levels for MRI-based ACL tear detection and multimodal
medical data processing.

The following sections detail the comparison in depth
over various evaluation metrics such as accuracy, AUC
(area under the curve), sensitivity, specificity, and recov-
ery prediction performance. All the experiments were
made on the same test set. Therefore, comparison be-
tween the methods should be appropriate and fair.

Table 2. Binary classification performance
for ACL tear detection.

Method Accuracy AUC  Sensitivity Specificity
(%) (%) (%)

Proposed 94.2 0.96 935 94.8

Model

Method (Sultan 90.1 0.91 89.0 91.2

et al., 2021)

Method 88.7 0.89 853 90.0

(Meyers & Ong,

2022)

Method 91.2 0.92 899 92.1

(Esrafilian

et al., 2021)

Table 2 provides a comparison of the performance of
state-of-the-art methods (Sultan et al., 2021; Meyers &
Ong, 2022), and Esrafilian et al. (2021) in binary classifi-
cation for the diagnosis of ACL tears with the proposed
model.

The accuracy obtained by the proposed model was up
to 94.2%, while the AUC was 0.96, which indicates excel-
lent diagnostic capabilities of the model. The sensitivity
and specificity for the model were better compared to

the comparative methods, which indicates that the mod-
el has better diagnostic capability in both positive and
negative cases. Method (Sultan et al., 2021), although
with reasonable performance, backtracked with lower
sensitivity. Method Meyers and Ong (2022) performed
the worst, which is a problem it encounters with feature
extraction from quite complex data as that of MRNet.
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Figure 3. Binary classification performance
for ACL tear detection.

Table 3. Multiple class classification for ACL
tear severity (partial, complete).

Method Accuracy Partial Tear Complete Tear AUC
(%) Accuracy (%) Accuracy (%)

Proposed 92.5 91.4 93.6 0.94

Model

Method 89.0 86.7 91.3 0.90

(Sultan et al.,

2021)

Method 85.9 83.0 88.7 0.87

(Meyers &

Ong, 2022)

Method 90.2 88.5 91.9 0.92

(Esrafilian

et al., 2021)

Table 3 differentiates the performance of the proposed
model when classifying partial and complete ACL tears.
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The classification performance for the multiple classes
has shown the proposed model to perform better than
all the above-mentioned approaches, with an overall ac-
curacy of 92.5%. It correctly classified the complete tears
with an accuracy of 93.6%, which is clinically significant
in formulating any treatment plan. The technique Sultan
et al. (2021) did comparatively well but was not able to
classify the partial tears, and the technique Meyers and
Ong (2022) failed to classify both of them, the case is not
an exception due to poor handling of multiclass medical
data samples used for its training.

Table 4. Recovery prediction accuracy
based on longitudinal data

Method Recovery Re-Injury Risk AUC
Prediction Prediction
Accuracy (%) Accuracy (%)
Proposed 90.1 87.8 0.91
Model
Method 85.5 83.0 0.86
(Sultan et al.,
2021)
Method 82.4 80.5 0.82
(Meyers &
Ong, 2022)
Method 88.3 85.2 0.89
(Esrafilian
etal., 2021)

Table 4 presents the results for recovery prediction based
on temporal MRI and clinical data samples. The proposed
model achieved 90.1% accuracy for predicting recovery
and 87.8% accuracy for predicting the risk of re-injury,
outperforming all other methods. The use of Tempo-
ral Convolutional Networks (TCNs) contributed to the
model’s superior ability to learn from longitudinal data
samples. Method Esrafilian et al. (2021), while close in
performance, still underperformed in risk prediction ac-
curacy. Method Meyers and Ong (2022) showed the lowest
performance, likely due to its inability to capture long-
range dependencies effectively.
Table4illustratesrecoverypredictionwithtemporalMRI
and clinical data samples. The proposed model achieved
90.1% accuracy for recovery prediction and 87.8% accu-
racy for the risk of re-injury prediction, which is better
than any other method that has been employed. The use
of TCNs contributed to the model in exceptional learning
from longitudinal data samples. Method Esrafilian et al.
(2021), while close in performance, still underpeformed in

risk prediction accuracy. Method Meyers and Ong (2022)
showed the lowest performance, likely due its inability to
capture long-range dependencies effectively.
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Figure 4. Domain generalization performance levels.

Table 5. Domain generalization
performance across institutions

Method Accuracy AUC on Sensitivity Specificity
on New New (%) (%)
Institutions Institutions
(%)

Proposed 91.3 0.93 90.0 92.7

Model

Method 87.0 0.88 85.2 88.6

(Sultan

etal., 2021)

Method 84.9 0.85 82.3 87.5

(Meyers &

Ong, 2022)

Method 89.4 0.90 88.0 90.5

(Esrafilian

et al., 2021)

Table 5 shows the cross-domain generalization with
different institutional datasets using different imag-
ing protocols. The proposed model is trained using an
adversarial neural network configuration for domain
adaptation, and such a model is applied to unseen insti-
tutional data, and this leads to an accuracy of 91.3%. In
contrast, though methods Sultan et al. (2021) and Esra-
filian et al. (2021) were good without domain adaptation,
the performance of method Meyers and Ong (2022) was
poor since it was not capable of dealing with heteroge-
neous data samples.
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Table 6. Explainability assessment using
XAl techniques (saliency maps).

Method Clinician Explainability Salient
Confidence Score (Scale Region
Improvement (%) 1-10) Precision (%)

Proposed 78 9.0 85.4

Model

Method 62 7.5 74.6

Sultan et al.

(2021)

Method 54 6.3 70.2

(Meyers &

Ong, 2022)

Method 70 8.1 81.1

(Esrafilian

etal., 2021)

Table 6 presents the results of the explainability evalu-
ation against the graph-based XAl techniques: clinician
confidence improvement through user studies. The
proposed model showed a significant boost in clinical
confidence with an increase in trust of 78% based on us-
er studies when utilizing saliency maps for pointing to key
regions of interest. It also scored the highest explainabil-
ity score of 9.0 out of 10 with a precision of 85.4% in the
identification of the most critical regions in MRI images.
Method Esrafilian et al. (2021) performed well but did not
make up the difference regarding precision and gains in
confidence levels. Method Meyers and Ong (2022) was the
weakest and, thus, showed its limitation in interpetability
across different scenarios.

Table 7. Sensitivity to noise and variability in MRI data.

Method Performance Accuracy on AUCon
Drop (Noisy = Low-Quality Low-Quality
Data) (%) Scans (%) Scans

Proposed Model 4.2 89.7 0.91

Method Sultan 7.8 83.5 0.86

et al. (2021)

Method (Meyers 10.1 81.2 0.83

& 0Ong, 2022)

Method 5.3 87.6 0.88

(Esrafilian et al.,

2021)

Table 7 compares the results of each method in sensi-
tivity to noisy or low-quality MRI data samples. The
smallest performance drop of 4.2% was obtained from

the proposed model when facing noisy data. It would not
be incorrect to believe that this model is robust enough
to work without a dramatic degradation of performance
in challenging input conditions. Its performance on
low-quality scans was 89.7%, which was higher than the
performances of the methods in Sultan et al. (2021) and
Meyers and Ong (2022).

This further confirms that the multimodal fusion ap-
proach combined with domain adaptation techniques in
the proposed model enables it to generalize well, even
under less-than-optimal conditions. Next, we describe
an illustrative real-world application involving a series of
iterations of the proposed model forillustrating the entire
process to the readers of this text.

Practical Use Case Scenario Analysis

The application used MRI data, as well as clinical data,
for multimodal data fusion purposes to classify whether
or not an ACL tear was present, as well as its severity.
The input MRI data were axial, sagittal, and coronal views
of the knee with 512x512512 \\\\times 512512x512 pixels
resolution, and clinical data consisted of patient-specific
factors during activities.

The hybrid CNN processes the MRI data to extract spa-
tial features, and then the transformer uses clinical data
relative to the likelihood of ACL tear for the extracted fea-
tures from theimages. The mechanism of attention-based
mechanisms allowed the model to improve the fusion
process by paying attention to the most relevant combi-
nations of features from both modalities. Thus, samples
P001, P002, P003, P0O04, and P005 are concrete instances
chosen from the real MRNet dataset focusing on knee in-
juries that include ACL tears:

P001: A young male athlete who had previous knee
injuries and experienced a major trauma episode, which
has caused a complete tear of the ACL of his right knee.

P002: A 45-year-old female with no prior injury history,
whose ACL appeared normal and was therefore consid-
ered as control.

P003: A 30-year-old male who has a partial tear of the
ACL with an associated injury to the posterior cruciate
ligament due to a high-impact injury, likely from a sport.

P004: A 35-year-old female with an initial history of
mild joint instability, diagnosed with a partial tear in both
the ACL and MCL following a twisting injury.

P005: A 22-year-old active individual with no history
of previous knee injuries, whose MRI scans show no ab-
normalities and who is considered another control for
comparison.
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These patients will be a heterogeneous mix of injury
severities and recovery profiles, which can then be used
to test the proposed deep learning model’s performance
for ACL tear detection and recovery prediction.

Below is a sample of the input data, extracted fea-
tures, and final predictions produced by FusionNet. The
CNN part identifies abnormalities in sensitive areas of
the knee, while the transformer part assists in process-
ing clinical indicators that affect the probability of an ACL
tear.

Table 8 shows that the fusion model was able to effec-
tively integrate spatial anomalies identified in the ACL,
PCL, and MCL zones with clinical knowledge for gener-
ating accurate predictions. For instance, a CNN reported
anomalies in the ACL zone for patient P001. Aged togeth-
er with previous injuries, which were the clinical factors,
gave a positive diagnosis of a complete ACL tear.

In the case of anatomical structures knee models, a
graph neural network is used for the spatial graph such
that each node in the graph represents an anatomical
structure, like ACL and PCL, femur, and tibia, while edg-
es are used to capture spatial relationships among these
anatomical structures.

The GNN was applied on CNN-extracted features on
analyzing the interdependencies in the nodes, which then
explained how abnormalities in one structure, for exam-
ple, the PCL, impacted the ACL condition.

Domain adaptation through the use of adversarial
neural networks was applied to ensure that the model
generalized well in the different institutional datasets
and samples.

Results for node- and graph-level classifications and
the feature generation results are tabulated as follows.
The GNN adequately pooled information from neighbor-
ing nodes so that it correctly classified conditions in ACL
analysis.

Table 9 shows the classification of ACL conditions by
GNN based on the relational reasoning between nodes.

The GNN adequately predicted the condition in the
ACL upon applying relational reasoning between nodes.
For instance, P003 had partially damaged both ACL and
PCL, and the final diagnosis was a partial tearing of the
ACL.

TCNs are applied to longitudinal MRI data and clini-
cal measurements at multiple time points, enabling the
model to predict recovery likelihood and risk of re-injury.
The TCN architecture evaluates sequences of pre- and
post-surgery MRI scans in rehabilitation progress and
clinical indicators, for instance, joint stability and pain
scores.

Explainable Al techniques integrated with saliency
maps and graph-based explanations were used to show
the most critical regions of the knee and anatomical in-
teractions that led to the predictions made by the model.

Table 8. Multimodal data fusion results (CNN + transformer).

Patient ID  MRI Features (CNN) Clinical Features Fused Features (Attention) ACL Tear Severity (Partial/

(Transformer) Prediction Complete)
P001 Abnormal ACL Region  Age: 28, Prior Injury: Yes High Attention on ACL Positive Complete
P002 Normal Knee Anatomy Age: 45, Prior Injury: No  Low Attention on ACL Negative N/A
P003 Abnormal PCL Region  Age: 30, Prior Injury: Yes High Attention on PCL/ACL Positive Partial
P004 Abnormal MCL Region Age: 35, Prior Injury: No Medium Attention on MCL Positive Partial
P005 Normal Knee Anatomy Age: 22, Prior Injury: No Low Attention on All Regions Negative N/A

Table 9. Graph neural network (GNN) results with domain adaptation.
Patient ID ACL Node Status PCL Node MCL Node Graph-Level Domain-Invariant Final
Status Status Prediction Features Diagnosis

P001 Damaged Intact Intact ACL Tear (Complete) Domain-Invariant Positive
P002 Intact Intact Intact No Tear Domain-Invariant Negative
P003 Partial Damage Damaged Intact ACL Tear (Partial) Domain-Invariant Positive
P004 Partial Damage Intact Damaged ACL Tear (Partial) Domain-Invariant Positive
P005 Intact Intact Intact No Tear Domain-Invariant Negative
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Below is a table showing sample recovery predictions
based on outputs of the TCN, coupled with the corre-
sponding results of saliency maps, pointing out which MRI
regions were most influential in the final predictions.

Table 10 shows how the TCN model predicts recovery
outcomes and the risk of re-injury using temporal clinical
and imaging data. For patient P001, it predicts an 85%
chance of recovery with a very low risk of further injury.
ACL and femur regions were the most influential deci-
sion-making regions for the result.

The outcomes of the integrated model, comprising the
results of multimodal data fusion, GNN-based anatomical
modeling, and temporal data analysis, were finalized and
consolidated to offer a holistic diagnosis and recovery
plan for each patient.

In the final outputs, there are binary classification for
ACL tear detection, severity classification as partial or
complete tear, likelihood of recovery, and re-injury risk,
along with explainable Al outputs such as saliency maps
and graph-based explanations.

A summary of the final diagnostic outputs for all three
patients is presented in a single table incorporating the
results from all three stages.

As can be noted in Table 11, the integrated outputs
from this final architecture provide an end-to-end view of
the patient’s ACL condition, the severity of the tear, po-
tential for recovery, and the risk of re-injury. Features of
saliency maps make this model even more interpretable

so that clinicians can effectively make their decisions
based on the outputs.

Conclusion and Future Scopes

This work introduces a powerful and well-rounded deep
learning system for the diagnosis and prognosis of ACL
tears by fusing multimodal data, anatomical relationship
modeling, and time-aware analysis. The architecture pro-
posed wasahybrid CNN +transformer structure enhanced
with GNNs and TCNs, which achieved state-of-the-art re-
sults in multiple diagnostic and prognostic tasks.

By using multimodal data fusion, the model obtained
an accuracy of 94.2% with an AUC of 0.96 to detect ACL
tears, which is significantly superior to other competing
methods Sultan et al. (2021), Meyers and Ong (2022),
and Esrafilian et al. (2021), whose accuracies are 90.1%,
88.7%, and 91.2%, respectively.

The proposed model obtained an accuracy of 92.5%,
above methods Sultan et al. (2021) and Meyers and Ong
(2022), with an accuracy level of 89.0% and 85.9%, re-
spectively, in differentiating partial from complete tears
through the classification of the severity of tears of ACL.

Besides, the temporal analysis module resulted in an
accuracy of 90.1% towards the likelihood of recovery and
an 87.8% accuracy while determining the probability of
re-injury, which shows the impact of longitudinal data in
the assessment of patient outcomes.

Table 10. Temporal data analysis and explainability results (TCN + XAl).

Patient ID  Recovery Likelihood (%) Re-Injury Risk (%) Salient MRI Regions Important Anatomical Interactions (XAl)
P001 85 20 ACL, Femur ACL-Femur Joint Stability
P002 95 5 None N/A
P003 70 40 PCL, MCL PCL-MCL Interaction
P004 75 35 ACL, MCL ACL-MCL Coordination
P005 90 10 None N/A
Table 11. Final outputs: diagnosis, severity, recovery, and risk.

Patient ID ACL Tear Severity (Partial/ Recovery Re-Injury Saliency Map  Final Diagnosis

Detection Complete) Likelihood (%) Risk (%) Importance
P001 Positive Complete 85 20 High ACL Tear (Complete)
P002 Negative N/A 95 5 None No Tear
P003 Positive Partial 70 40 Medium ACL Tear (Partial)
P004 Positive Partial 75 35 Medium ACL Tear (Partial)
P005 Negative N/A 90 10 None No Tear
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This generalization capability of the model across
various diverse institutional datasets, reflected in a good
domain adaptation-based performance of 91.3% ac-
curacy in unseen institutional data, ensures real-world
robustness of the model in clinical applications.

Moreover, the improvement in explainability through
graph-based explainable Al increased clinician confi-
dence to 78%, promoting further integration of the model
into clinical workflows.

Future Scope

Promising results have been observed from this study
and open several avenues for future research and clinical
applications. First, expansion of this model may enlarge
the scope of detectable knee injuries to include meniscal
tears and cartilage.

The addition of genetic predispositions, biomechan-
ical measurements, and other clinical parameters can
improve the outcome for the prediction of recovery sce-
narios as well as the potential of certain individuals to be
at risk for subsequent injuries.

The applicability of the model to various imaging
modalities, such as CT or ultrasound scans, would allow
extending the diagnosis scope to the knee joint.

Further studies may work towards enhancing the
capabilities of domain adaptation by automatically iden-
tifying a greater variability in imaging protocols, patient
demographics, and scanner types so that the model can
be applied uniformly across all healthcare institutions.

Real-time clinical validation of the model’s perfor-
mance would still be required, perhaps by deploying it
in orthopedic clinics to assess its effects on diagnostic
decision-making and patient outcomes.

The system may also adapt dynamically and improve
over time by introducing mechanisms for continuous
learning from new clinical data.

Finally, explainability remains a critical component
for building clinical trust, and future work could focus
on more granular interpretability methods, including
dynamic saliency maps or personalized treatment rec-
ommendations based on certain anatomical findings, to
further improve clinician engagement and patient-specif-
ic treatment planning.
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