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Abstract

The tibial slope and the tibial depth are well-established risk factors for Anterior Cru-
ciate Ligament (ACL) injury. As ML continues to progress, it has become an increasingly
reliable tool for clinical screening and risk factor analysis. This thesis aims to develop and
validate an explainable prognostic ML model to predict ACL injury outcomes from these
Tibial Anatomical Feature (TAF), and identify the most predictive features among these
parameters.

A dataset comprising Coronal Tibial Slope (CTS), Medial Tibial Slope (MTS), Lat-
eral Tibial Slope (LTS), Medial Tibial Depth (MTD), and sex was constructed using MRI
scans taken from 104 subjects (44 males: 22 injured, 22 uninjured; 60 females: 27 in-
jured, 33 uninjured). Two distinct ML pipelines were developed: a self-developed pipeline
(including K-Nearest Neighbor (KNN), Support Vector Machine (SVM), Random Forest
(RF), XGBoost, CATBoost, Multi-Layer Perceptron (MLP), and TabNet) and an advanced
AutoGluon pipeline (including XGBoost, LightGBM, CatBoost, TabPFN, TabM, TabICL,
MITRA, and their weighted ensembles). Both were designed as end-to-end pipelines to pro-
cess the dataset and output predictions with integrated feature importance explanations.
Empirically, the AutoGluon Pipeline demonstrated superior performance and training-time
e�ciency. The recommendedF2-tuned standard ensembleachieved an F2-score of 0.736
on the validation set. On the test set, it demonstrated a test balanced accuracy of 0.955,
F1-score of 0.952, F2-score of 0.980, ROC AUC of 1.000, precision of 0.909, and recall
of 1.000. A full-dataset model, theF2-tuned full-dataset ensemblere�tted on the entire
dataset for clinical deployment achieved a validation F2-score of 0.813. The global feature
importance analyses performed via SHapley Additive exPlanations (SHAP), established
the descending order of in
uences as MTD, LTS, MTS, CTS, and sex.

In summary, the study recommends two versions of the F2-tuned prognostic models, one
being a standard ensemble model and the other a full-dataset ensemble. The former, which
demonstrated moderately high predictive power, was designed for subsequent research
comparison. The latter, without access to the original held-out test set, is constructed
for maximum robustness and generalization in real-life clinical deployment. Global feature
importance analyses elucidated from the standard ensemble decreased MTD along with
increased LTS and MTS as most contributive features for ACL injury. These models serve
as both feature attribution tools as well as clinical screening tools. These models are
intended to be integrated into clinical practice as explainable machines to assist clinicians
in predicting the likelihood of ACL injury.
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Chapter 1

Overview

1.1 Motivation

More than 120,000 ACL injuries are estimated to occur annually in the United States
[78]. These injuries account for approximately half of all knee-related injuries in or-
thopaedic sports disorders [79, 83]. Traditionally, these injuries have been diagnosed
through arthroscopy and MRI [65, 68]. Following diagnosis, Anterior Cruciate Ligament
Reconstruction (ACLR) is often recommended as a prevalent surgical intervention in clin-
ical settings, which has been shown to improve knee functionality and quality of life com-
pared to non-surgical treatments especially in young athletic populations [29, 38]. However,
patients remain susceptible to persistent post-injury complications from ACL injury such
as osteoarthritis, asymmetrical strength, and residual pain (re-injury to ipsilateral or in-
jury to contralateral knee), underscoring the need for enhanced prognostic and preventive
strategies [29, 38]. Therefore, prevention of ACL injury is important.

1.2 Objective

The main objectives of this thesis are to (I) develop and validate classi�cation ML models
capable of reliably predicting ACL injury using TAFs, (II) elucidate the most informa-
tive features associated with ACL injuries, (III) create full-dataset variants for maximum
capacity and robustness, and (IV) enable interpretable predictions for clinical use after
deployment. In simpli�ed terms, the aim of the thesis is to construct high-performance
ML models using a clinical dataset and leverage explainable AI methods for identifying

1



top predictors among features selected, such that the models can contribute to the body
of knowledge regarding ACL while assisting and even replacing medical professionals.

1.3 Thesis Outline

The thesis is structured as follows: Chapter 2 will provide a description of essential con-
cepts, current status in literature related to risk factors for ACL injuries, and latest progress
in ML architectures developed for small tabular dataset problems. Chapter 3 will cover
the dataset properties and pre-processing, the two pipelines involved in the experimenta-
tion and the intricacies in them, and the follow-up analyses conducted on built models.
Chapter 4 will present major �ndings from the experiments. Chapter 5 will examine the
results in depth and compare them with existing literature. Chapter 6 will summarize the
key �ndings from this thesis. Chapter 7 will highlight the existing limitations in this work
and identify future directions.
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Chapter 2

Background and Related Work

2.1 ACL Injury Risk Factor

2.1.1 Categories

The ACL is a key stabilizing ligament of the knee joint, connecting the anterior intercondy-
lar area of the tibia and the posteriomedial aspect of the lateral femoral condyle as shown
in Figure 2.1. It is a critical component of the knee that restricts internal rotation and
anterior tibial translation [123].

Injury to the ACL is the most prevalent type of knee-related injuries, especially among
athletic populations engaged in sports requiring frequent jumping, pivoting, and rapid de-
celerating [35, 74]. These injuries are classi�ed among multiple axes. Mechanistically, they
are divided into contact and non-contact ACL injuries. Contact injuries result from direct
external impact to the knee, whereas non-contact injuries, which represent the majority
of cases, arise from a wide variety of other factors [88]. Chronologically, ACL injuries can
be categorized as primary or secondary. Primary injuries represent the �rst occurrence
of ACL injuries, while secondary ACL injuries represent the re-injury after reconstruction
treatment. Both are extensively studied in literature [13, 57, 46]. Further categorization
axes, such as severity (partial vs. complete) [28] and complexity (isolated vs. combined)
[94] are less emphasized in literature.
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Figure 2.1: Anatomic structure of the ACL [123]

The wide range of risk factors implicated in ACL injuries are systematically organized
along two di�erent axes: the origin paradigm and the intervention paradigm. The origin
paradigm categorizes risk factors as intrinsic or extrinsic, depending on whether the source
of risk arises from within the patient or from external circumstances [102]. The intervention
paradigm, on the other hand, categorizes risk factors as modi�able or non-modi�able,
based on the degree to which an individual can in
uence or alter the factor [88]. The
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intervention paradigm, although commonly used to subdivide intrinsic risk factors, can
be applied to extrinsic factors as well. Together, these two paradigms form a bi-axial
risk-factor categorization matrix, enabling clearer visualization:

Table 2.1: Bi-axial risk factor categorization matrix
Category Non-Modi�able Modi�able

Intrinsic
Anatomical Geometry Muscular Strength

Biological Sex Kinematic Failure Patterns
Injury History Body Mass Index

Extrinsic
Weather Conditions Workload Management

Environmental Conditions Footwear Selection
Technique Training

Di�erent studies often choose to include varying sets of potential risk factors based on
their research focus and data availability. However, the majority of risk factors studied tend
to be intrinsic. This can be attributed to three di�erent reasons: (I) reliable measurement,
(II) direct causal relevance, and (III) ethical limitations. Reliable measurement refers to
the relative ease with which consistent and reproducible measurements of intrinsic factors
can be attained. Extrinsic factors are far more di�cult to reliably measure due to their
complexity and variability which are often dependent on dynamic external conditions.
Direct causal relevance refers to the direct impact intrinsic risk factors have on developed
conditions. Since ACL injuries are developed within the biological structure of the knee,
intrinsic factors are often the primary cause and provide more interpretability for research
veri�cation. External factors, in contrast, more commonly act as triggers or preconditions
that interact with preexisting intrinsic vulnerabilities that cause biomechanical failure.
Ethical limitation describes the di�culties present in conducting experiments or studies
with extrinsic factors, as it is unethical to request participants to partake in dangerous
scenarios and expose them to known or potential risks. As a result, intrinsic risk factors for
ACL such as parental ACL injury history, knee stability, sex-speci�c anatomical di�erences,
genetic factors, hormones, bony morphology, etc., are more frequently investigated in both
observational and experimental studies [11, 46, 106, 103, 12].

Tibial slopes and depths, a speci�c subset of bony morphology, have been gaining
attention in ACL injury research as major risk factors for ACL injury and ACLR rupture
[125]. These variables, in general, describe the sagittal inclination and convexity of di�erent
regions in the tibial plateau [61, 125]. This research focus was formally established by the
Hashemi et al., which clearly de�ned and measured the distinct tibial slope components,
including MTS, LTS, and CTS, using MRI scans [42]. Their work standardized one of the
most universal measurement techniques for these important tibial morphologic variables.

5



The clinical investigation of the relationship between TAFs and ACL injuries remains
active, as evidenced by recent literature [46, 10, 104].

2.1.2 Measurement Techniques

The most popular choices of tibial anatomical measurements are well-described in [125].
These techniques have been classi�ed as theHashemi, Hudek, Longitudinal, Lateral mechan-
ical axis, and other (Brandon, Hohmann and Hendrix) methods. Among the techniques
applied to ACL injury and ACL graft failure analyses using the MRI modality, theHashemi
and Hudek methods are the most commonly adopted. The main di�erence between the
two is their approach of de�ning the tibial longitudinal axis, which serves as the critical
reference for posterior tibial slope measurements. TheHashemi method determines this
axis by identifying the midpoints of parallel lines drawn between anterior and posterior
cortices at two di�erent height (one proximal and one distal) and connecting these mid-
points [42]. contrarily, the Hudek method de�nes the axis by locating the centers of circles
drawn at two levels (one proximalcranial and one distalcaudal) and the center [54].

The Hashemi method is detailed as follows:

1. Locate the transverse plane at the tibiofemoral joint

2. CTS measurement

(a) Locate the coronal plane that passes through the tibial plateau centroid (Figure
2.2)

(b) Construct a longitudinal axis by connecting middle points of two distal horizon-
tal lines drawn between the medial and lateral cortices (Figure 2.3)

(c) Construct a normal reference axis orthogonal to the longitudinal axis (vector p
in Figure 2.4)

(d) Construct a target line between the peaks of the medial and lateral plateau (line
AB Figure in 2.4)

(e) Measure the angle of the target line with respect to the normal axis
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Figure 2.2: Coronal plane represented by line AA [41].

Figure 2.3: Coronal tibial longitudinal axis [41]
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Figure 2.4: Coronal tibial slope with respect to the normal reference axis [41]

3. MTS measurement

(a) Locate two sagittal planes, one for determining the longitudinal axis (left dotted
line in Figure 2.5) and the other for measuring the MTS (line AA in Figure 2.5),
respectively

(b) Construct a longitudinal axis by connecting middle points of two distal hori-
zontal lines drawn between the anterior and posterior cortices on the former
sagittal plane (Figure 2.6)

(c) Construct a normal reference axis orthogonal to the longitudinal axis (vector p
in Figure 2.7)

(d) Construct a target line connecting the peaks of the medial plateau on the latter
sagittal plane (line AB Figure 2.7)

(e) Measure the angle of the target line with respect to the normal axis
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Figure 2.5: Medial plane represented by line AA, lateral plane represented by line BB, and
sagittal planes for determining longitudinal axes represented by dotted lines [41].

Figure 2.6: Medial tibial longitudinal axis [41]
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Figure 2.7: Medial tibial slope with respect to the normal reference axis [41]

4. LTS measurement

(a) Locate two sagittal planes, one for determining the longitudinal axis (right dot-
ted line in Figure 2.5) and the other for measuring the LTS (line BB in Figure
2.5), respectively

(b) Construct a longitudinal axis by connecting middle points of two distal hori-
zontal lines drawn between the anterior and posterior cortices on the former
sagittal plane (Figure 2.6)

(c) Construct a normal reference axis orthogonal to the longitudinal axis (vector p
in Figure 2.8)

(d) Construct a target line connecting between the peaks of the lateral plateau on
the latter sagittal plane (line AB in Figure 2.8)

(e) Measure the angle of the target line with respect to the normal axis
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Figure 2.8: Lateral tibial slope with respect to the normal reference axis [41]

5. MTD measurement

(a) Reuse the plane for MTS measurement obtained in step 3a (Figure 2.5)

(b) Construct a target line connecting the peaks of the medial plateau on the plane
(line AA in Figure 2.9)

(c) Construct a reference axis parallel to the target line that passes through the
lowest point of the medial plateau (line BB in Figure 2.9)

(d) Measure the line distance between the target line and the reference axis

Figure 2.9: Medial tibial depth represented by line distance between lines AA and BB [41]
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The Hudek method follows nearly identical procedures for measuring MTS and LTS,
performing the same steps 3 and 4 for MTS and LTS measurements, with the only excep-
tions being steps 3b and 4b. Instead of de�ning the tibial axes with respect to the midpoint
of parallel lines, it leverages circles drawn at two levels on the central slice of MRI slice,
as depicted in Figure 2.10. Similar to theHashemi method, tibial slopes can be measured
against the normal reference axes de�ned by the tibial longitudinal axis (Figures 2.11 and
2.12).

Figure 2.10: Central longitudinal axis [54]
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Figure 2.11: Medial tibial slope with respect to reference axis [54]

Figure 2.12: Lateral tibial slope with respect to reference axis [54]
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2.1.3 Pre-processing

The dataset was obtained in a tabular, unimodal format from [41]. There were no missing
entries, and the class distribution was approximately balanced. No strong correlations were
observed among feature pairs or between features and the target variable, with the highest
absolute correlation coe�cient being 0.46, as shown in Figure 2.13.

Figure 2.13: Raw dataset correlation heatmap

2.2 Machine Learning in ACL Injury

Recently, ML techniques have emerged as a promising complement, leveraging classical
or deep learning models to achieve high diagnostic and prognostic accuracies by learning
patterns from existing datasets [7, 97, 64, 60, 5]. They are increasingly recognized for their
ability to handle complex, high-dimensional data and uncover intricate relationships that
may not be readily discernible for conventional statistical methods [67, 24]. Many ML
models leverage large datasets to learn structures and make predictions without assuming
a priori functional forms, enhancing 
exibility in risk assessment [92]. Additionally, care-
fully designed ML models are less prone to human errors, which makes them a reliable
option for assisting or replacing a medical professional's judgment [20, 13]. Faltstrom et
al. combined clinical assessments, functional performance exams, and psychological factors
in their dataset to predict female soccer players at risk of ACL re-injury, which resulted
in 100% accuracy, 89% sensitivity, and 76% speci�city [33]. Schilaty et al., as another
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example, focused on analysing the anterior tibial shear, knee abduction moment, vertical
ground-reaction force, and internal tibial rotation using linear discriminant analysis. They
successfully predicted injury outcomes in di�erent components of the knee, which achieved
94.1% accuracy and 98.0% AUC [96].

By integrating feature importance analyses conducted on such predictive models with
insights gained from traditional methods, risk factors are better identi�ed, enabling re-
searchers to work towards developing more e�ective and comprehensive strategies for ACL
injury mitigation. Bailey et al. used a convolutional-neural-network-based approach for
prediction of ACL re-injury. Through Feature Importance Analysis (FIA), they identi�ed
multiple bone shape characteristics contributing to ACL re-injury [8]. Lopez et al. de-
ployed an arti�cial neural network and showed that it signi�cantly outperformed linear
regression in the tasks of predicting ACLR readmissions and reoperation. They further
concluded surgery conditions, operative time, body mass index, age, and race as top indi-
cators [71]. Lu et al. performed a comparative analysis among �ve di�erent ML models to
predict secondary ACL injury, resulting in accuracies of roughly 70%. They extracted the
most contributive features, such as body mass index, age at injury, and history of arthro-
scopies on the contralateral knee, etc. [75]. Another study by the MARS Group deployed
an AutoPrognosis model and reported femoral and tibial tunnel size and position in ACLR
as well as the use of allograft in revision ACLR as primary risk factors [110]. Johnson et al.
implemented eight separate ML models for predicting post-ACLR reoperations and found
in
ammatory conditions, distal tears, concurrent medial collateral ligament treatment, vi-
sual analog scale, and proximal tears to be the primary risk factors using the XGBoost
model [55]. Taborri et al. experimented with nine di�erent classi�ers in order to predict
the Landing Error Score of female basketball players, which is associated with risk of ACL
injury. The best model from this study, a linear support vector machine, elucidated ellipse
area, load absorption-related parameters, and leg mobility as the top predictors [107].

Tibial slopes and depths, having been identi�ed in recent literature as predictive indi-
cators and major risk factors for ACL injury and ACLR rupture [125], have been included
in an increasing number of ML analysis frameworks for enhancing prognostic performance.
For instance, Zhang et al., in a study involving a weighted-average voting ensemble model
that predicts the risk of post-ACLR graft failure, found posterior slope to be one of the top
�ve predictors [126]. Ye et al. concluded by comparing six distinct ML models that poste-
rior tibial slopes, along with medial meniscal removal, participation in competitive sports,
etc., were the most predictive indicators predicting post-operative graft failures [122]. The
studies above, combined with increasing emphasis on the tibial slopes and depths [10, 88],
have raised the potential of the tibial structure in clinical ACL injury prediction.
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2.3 ML Models for Small Tabular Datasets

In order to maintain the interpretability of ML models in the �eld of medicine, researchers
often choose to employ heterogeneous tabular datasets which o�er inherent 
exibility and
can encapsulate various types of information of greater medical signi�cance [31]. Such data
format enables the semantic separation of features, providing an interpretable representa-
tion of complex variables. For instance, while a MRI scan of a knee tibial conveys more
intuitive visual information, tabulated features like various tibial slopes can serve as a more
interpretable and medically relevant representation. Additionally, tabulated data allows
for the combination of diverse elements, such as self-reported scores alongside objective
measurements, resulting in a more comprehensive dataset. Tabulated datasets, however,
present several challenges for ML applications. One key challenge is that they are often
noisy due to variability in medical equipment and measurement processes, to which not
all models are robust [128]. This is especially problematic for models like Deep Neural
Network (DNN)s as the majority of them are designed to handle homogeneous data rather
than heterogeneous structures with dense numerical and sparse categorical features [15, 58].
Studies have pointed out the e�ectiveness of employing ensemble techniques, particularly
bagging, to overcome such issues [100]. Another challenge is that structural patterns or
invariances in tabular data are considerably more di�cult to identify compared to those in
other data structures. Without exploitable inductive biases, such as spatial relationships
used by the convolutional neural network and vision transformer families [82], model ar-
chitecture adjustment and data augmentation cannot be easily applied. This becomes an
issue when tabulated datasets are small, which is highly common in medicine and will be
covered discussed below.

Another trend in medical data is their typically small size, attributed to the signi�-
cant time and costs required for data collection and annotation. Additional constraints,
such as ethical and privacy concerns surrounding patient information and noises in medical
equipment or measurement processes, further limit dataset size. With limited data and
especially high-dimensional data, ML models are prone to over�tting, where they overly
adapt to the training set and struggle to generalize to new samples [85]. In cases of low
data volume, unlike with other modalities (e.g., images, text, and videos), tabulated data
in medicine often cannot be easily augmented or synthesized without strong assumptions
made [15]. Moreover, performance evaluation on small datasets is inconsistent and unreli-
able, as it is di�cult to determine whether results stem from the models' implementation
or random e�ects arising from a limited test set [98].

Due to the constraints described above, general-purpose DNNs had struggled to achieve
State-of-the-Art (SOTA) performance while Gradient Boosted Tree (GBT)s played a dom-
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inant role in tabular data classi�cation problems [40, 80, 101]. The term GBT, in this
thesis, loosely includes RFs as they are all tree-based and often exhibit similar behavior.
However, as more innovative and specialized techniques were continually introduced to
deep learning, DNN started to cause a paradigm shift in small tabular datasets, surpassing
GBTs' historical dominance [124, 27]. Recently, it has been proposed that the dichotomy
of GBTs and DNNs should be discarded, and studies should ensemble both to combine the
strengths of di�erent models [27]. This section introduces a series of selected ML models,
ranging from instance-based methods, kernel-based methods, GBTs, to eventually DNNs.
While methods outside of GBTs and DNNs have been decreasingly popular, they are not
completely obsolete in research [107, 63, 120], and can o�er representations di�erent from
those of GBTs and DNNs.

2.3.1 Instance-Based Methods

2.3.1.1 KNN

KNN is a non-parametric, instance-based learning method, commonly referred to as a lazy
learner because it does not learn from the data during the training phase [30]. Instead
of learning a discriminant function or the underlying distributions, it operates by simply
memorizing all training data and classifying unseen data points by selecting the majority
class in the group of K nearest neighbors, as shown in Figure 2.14. KNN is easy to imple-
ment, as it requires no training phase and involves only a few hyperparameters to tune,
primarily the value of k and the choice of distance metric. This method has been gradually
replaced by other techniques in research, but is included for comprehensive coverage of
di�erent model classes.
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Figure 2.14: An example of 3-nearest neighbor, whereq1 would be classi�ed as \o" andq2

as \x" [22].

2.3.2 Kernel-Based Methods

2.3.2.1 SVM

SVM is recognized as a class of half-space linear predictors that function within a poten-
tially high-dimensional feature space, the dimensionality of which is determined by the
selected kernel [99, 21]. As can be seen in Figure 2.15, SVM operate by establishing a
maximum-margin decision boundary within this feature space. The maximization of the
margin is intended to enhance the model's generalization ability, reducing sensitivity to
noise and outliers in the training data. Common kernel functions, such as the linear, poly-
nomial, and radial basis function kernels, allow SVM to adapt to various data distributions,
making them versatile for both linear and nonlinear classi�cation tasks. This operational
framework contributes to their robustness and widespread application in ML, particularly
for problems requiring clear class separation.
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Figure 2.15: An example of linear SVM [72]. Depending on the kernel chosen, the decision
boundary can take di�erent forms

2.3.3 GBT

2.3.3.1 RF

RF is an ensemble learning method that that aggregates a large number of decision trees
to achieve improved robustness, stability, and generalization performance [99, 17]. Greedy
decision trees are de�ned as a class of tree-like classi�ers constructed iteratively from a
root node, which initially encompasses the entire dataset. At each node, the data are
partitioned into two subsets based on the feature deemed most informative at that point,
with each subset forming a new node. This splitting process, depicted in Figure 2.16 is
repeated iteratively until a prede�ned termination criterion is satis�ed. Commonly adopted
criteria include a maximum number of leaf nodes, maximum tree depth, or threshold for
data purity at the leaf nodes, often measured via metrics such as Gini impurity or entropy.
Due to their greedy construction and their high expressivity, individual decision trees are
likely to over�t. To address this limitation, Random Forests are designed to construct a
predetermined number of such trees, each trained on a subset of the data and features,
with predictions aggregated through majority voting. This ensemble approach ensures that
biases and variances inherent in individual trees are mitigated, thereby improving overall
predictive performance.
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Figure 2.16: Decision tree architecture [72]. A random forest is the ensemble of an arbitrary
number of such decision trees, serving as a voting committee

2.3.3.2 XGBoost

XGBoost is acknowledged as an advanced ensemble method that iteratively constructs weak
classi�ers to enhance the model's performance on a given task [19]. This is achieved by
computing the negative gradient of the loss function with respect to the predictions from the
previous iteration, followed by the training of a new decision tree to �t this negative gradient
to reduce the residual errors. Furthermore, the algorithm's design includes sparsity-aware
processing and parallelization capabilities, which are integrated to ensure computational
e�ciency, scalability, and robustness, even in the presence of missing data. These features
enable XGBoost to handle large datasets and complex feature spaces e�ectively, making it
a widely adopted tool for classi�cation and regression tasks in ML.

2.3.3.3 CatBoost

CatBoost, similar to XGBoost, is an ensemble technique based on gradient boosting. How-
ever, unlike most gradient boosting algorithms which require categorical features to be
converted into numerical representations, CatBoost can handle non-numerical features
directly, reducing the time for data pre-processing. Moreover, CatBoost saves time on
hyperparameter tuning as it provides high-quality results with default settings.
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2.3.3.4 LightGBM

LightGBM is another extension of GBT that was developed by Microsoft [59]. Simi-
lar to XGBoost, it builds an ensemble of shallow decision trees sequentially, with each
tree correcting the residuals of its predecessors. However, LightGBM introduces several
key optimizations that make it particularly e�cient. The optimization most relevant for
small-to-medium sized datasets is the exclusive feature bundling that reduces feature di-
mensionality by identifying and merging mutually exclusive features into a single bundled
feature, which sparsi�es input without loss of information, accelerating and simplifying the
search for optimal splits.

2.3.4 DNN

2.3.4.1 MLP

MLP is a DNN composed of stacked perceptrons, represented by Figure 2.17. By the
universal approximation theorem, a standard MLP, despite its simplicity, has the ability to
approximate any continuous function with an arbitrary accuracy provided it has su�cient
hidden units or layers [51, 52]. It is the most simplistic form of a DNN, commonly employed
when exploitable inductive biases are unknown or absent.

Figure 2.17: MLP architecture [72]. Initially designed to mimic human nervous systems
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2.3.5 TabNet

TabNet, proposed in [6], is a DNN architecture designed to unify feature selection, feature
extraction, and classi�cation into a single end-to-end framework (Figure 2.18). It consists of
two core components shown in Figure 2.19: a feature transformer which learns hierarchical
representations of the input features, and an attentive transformer which dynamically
selects and weights such representations. These transformers, distinct from the famous
self-attention transformer mechanism designed by Vaswani et al. in [111], are built with
Fully Connected Layers (FC)-layers, batch normalization, Gated Linear Units, Sparsemax,
and learnableprior scales that encourage feature sparsity and interpretability. Due to the
dominance of GBTs in tabular data, TabNet incorporated result aggregation for GBT-
like behavior. It performs reasoning sequentially, transforming data and attending to them
di�erently at each decision step. Part of the presentations at each decision gets passed along
to the subsequent decision step, and the local output at each decision step are aggregated
to yield a �nal global output.

Figure 2.18: TabNet Architecture, designed by Google [6]. The Upper stream yields pre-
dictions while the bottom stream provides feature importance
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Figure 2.19: TabNet feature and attentive tranformers [6]. Despite the nametransformer,
they are unrelated to the famous self-attention-based transfomer

Additionally, TabNet provides a self-supervised pre-training learning paradigm, in which
a subset of input features is randomly masked, and the model is trained to reconstruct
the masked values. This process implicitly coerces the model to capture the inherent
structure within the data without relying on labels. The pre-trained weights, encoding
knowledge of feature dependencies and distributions, function as an initialized backbone
for the supervised TabNet classi�er during �ne-tuning. This transfer learning requires an
encoder-decoder structure as shown in Figure 2.20.

2.3.5.1 TabM

TabM is an ensembled extension of the MLP. It was proposed in [37] to overcome the
computational ine�ciency of traditional deep ensembles which require training multiple
independent models from scratch. TabM leverages batch ensembles, a parameter-e�cient
ensembling technique that enables training multiple ensemble members in a single forward-
backward pass. As depicted in Figure 2.21, each layer in TabM contains a shared base
weight matrix along with per-member perturbations that can simultaneously be trained or
perform inference. This design yields an ensemble of diverse predictors at a fraction of the
cost of deep ensembles, while providing uncertainty estimates similar to those of Bayesian
neural networks via the predictive distribution over members.
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Figure 2.20: TabNet encoder-decoder structure for self-supervised learning [6]

Figure 2.21: TabM architecture [37]

2.3.5.2 TabPFN v2

TabPFN is an In-Context Learning (ICL) method that eliminates traditional training,
hyperparameter-tuning, and inference, replacing them with a forward pass in a pre-trained
Transformer model [50]. It is an end-to-end Prior-Data Fitted Network (PFN) that ap-
proximates the Bayesian posterior inference process over functions by implicitly learning
during pre-training the proper hypotheses that describes di�erent data generating mech-
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anisms. Once it has learned the inherent mappings between inputs and outputs in all its
train datasets from the pre-training phase, it can be conditioned on a subset of the dataset
of interest and predict labels for unseen data entries.

Its later version, TabPFN v2 [121], then introduces (I) extra embedding layers and
positional encoding for explicit 2D self-attention (cross-sample and cross-feature) and (II)
random perturbation to features and removes feature names for automatic feature iden-
ti�cation, achieving e�ects similar to those of Rotary Positional Encoding (RoPE). This
constrained the TabPFN v2 to learn solely on the feature content rather than being able
to rely on feature names or feature IDs for easier solutions.

This is a new paradigm that challenge the gold standard of ML practice, reported
outperforming the traditional learning paradigm. An image description of TabPFN v2 is
shown in Figure 2.22.

Figure 2.22: TabPFN architecture [121]. This architecture is di�erent from TabPFN v1

2.3.5.3 TabICL

TabICL is a tabular foundation model inspired by TabPFN, adopting the same ICL
paradigm to bypass traditional training and inference loops [91]. Similar to TabPFN,
it is pre-trained on a massive corpus of synthetic tabular datasets to learn a prior over un-
derlying input{output mappings, enabling prediction on unseen data by conditioning on a
small labeled context in a single forward pass. The main structural di�erence between the
two models is that TabICL divides the two-way attention mechanism into a two-phase set
transformer attention mechanism (Figures 2.23 and 2.24) and an ICL transformer (Figure
2.25), compressing inputs into more dense representations for more e�cient computation.
Additionally, TabICL replaces the random perturbations introduced in TabPFN v2 by

25



RoPE. These modi�cations make TabICl more stable and generalizable to in-context pre-
dictions.

Figure 2.23: TabICL TFcol architecture [91]

Figure 2.24: TabICL TFcol sub-architecture [91]
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Figure 2.25: TabICL TFicl architecture [91]

2.3.5.4 MITRA

MITRA, presented in [127], is a model that highly resembles TabICL. Despite being de-
veloped by Amazon Web Service and demonstrating superior performance according to
[127], the implementation details are less documented. It is included as it is one of the
recommended options supported by AutoGluon.

2.4 Gaps in Current Research

Despite the growing recognition of tibial slopes and depths as critical predictors of ACL in-
jury risk, few ML studies adopted explainable SOTA ML models to examine tibial anatom-
ical measurements, highlighting a research gap. A study by Hashemi et al. developed a
logistic regression model that identi�ed MTS, LTS, and MTD as the most important risk
factors in ACL injury prognosis [41]. Kiapou et al. constructed bivariate linear regres-
sion and multivariate stepwise regression models which established MTD and slopes in the
coronal and sagittal planes as risk factors [61]. Both studies selected linear models that are
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not guaranteed to represent the true relationship between TAFs and ACL injury outcomes,
and focused on analysing correlation rather than predicting risk of injury. Tamimi et al.
employed ML and knee anatomic features such as various tibial slopes and meniscal heights
to predict ACL injury with 70% validation accuracy and 92% testing accuracy [108]. The
primary limitation of this study, though, was the use of Gaussian Na•�ve Bayes models,
which assumed conditional independence between features, potentially overlooking inter-
actions among tibial anatomical measurements that could enhance predictive performance.
Due to the lack of cross-feature interaction terms in the Gaussian Na•�ve Bayes formulation,
any joint e�ects among features cannot be modelled unless interaction terms are manually
integrated, a process that is neither exhaustive nor scalable.

ACLNet [70], a recent multi-modal model developed by Liu et al., leveraged SOTA
model architectures to make high-accuracy predictions based on MRI images and bone
morphological point clouds. Although this model is designed primarily for diagnosis rather
than prognosis, it is included here as it represents the emerging class of models that utilize
unstructured data to predict injury. These approaches, despite their high performance,
inherently lack interpretability because the model relies on complex, unstructured input
data rather than speci�c, medically relevant features. The absence of a clear link between
a high-injury-likelihood prediction and a measurable anatomical feature prevents clinicians
from justifying an intervention, which is a major limitation.

This thesis highlights addresses a gap in existing literature, which is the absence of
explainable and SOTA ML models in studying TAFs to elucidate the most relevant pre-
dictors from among them. The goal of the current study is to �ll this gap by carefully
selecting SOTA ML models designed to handle small tabular data, experiment with di�er-
ent variants and mechanisms, and further utilize feature importance analyses to identify
the most contributive tibial anatomical variables.
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Chapter 3

Methodology

3.1 Dataset

The same dataset is used by the two pipelines, presented to both in the exact same format
and order.

3.1.1 Source

The dataset used in the study was originally collected by Hashemi et al. [41, 42]. It
consisted of TAFs such as CTS, MTS, LTS, and MTD that were manually extracted from
MRI scans from 49 ACL-injured and 55 uninjured participants. The detailed mean and
standard deviation statistics for the di�erent groups are presented in Table 3.1, and the
raw dataset is provided in A.

Table 3.1: Mean and standard deviation statistics for the injured and uninjured groups of
male and female participants, computed from the entire dataset. They are expressed in
the format of mean � standard deviation
Measure Uninjured Male Injured Male Uninjured Female Injured Female
Group Size 22 22 33 27
CTS (� ) 3:50� 1:87 3:27� 2:53 2:61� 1:87 2:59� 2:12
MTS ( � ) 3:68� 3:11 6:09� 2:71 5:94� 2:95 6:89� 3:61
LTS ( � ) 5:41� 2:77 7:23� 2:71 7:12� 2:91 8:44� 2:82
MTD (mm) 3:05� 0:98 1:98� 0:98 2:74� 0:76 1:91� 0:98
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Among the data collected, CTS, MTS, LTS, MTD, and sex were designated as input
features, while injury served as the target label. The features comprised both quantitative
variables (CTS, MTS, LTS, and MTD) and a categorical variable (sex), whereas the injury
label was also categorical. More speci�cally, the tibial slope measurements (CTS, MTS,
and LTS) were recorded as integers, and the MTD values were represented as 
oating-
point numbers with two decimal places of precision. All categorical feature were one-hot
encoded, resulting in a preprocessed dataset containing 104 instances, �ve features, and
two label classes.

Although Principal Component Analysis (PCA) is commonly employed for dimension-
ality reduction and feature transformation, it was not considered in this study due to
two key limitations. First, the embeddings produced by PCA are inherently linear [56],
incapable of capturing any underlying non-linear interactions between features. Second,
despite its linear nature, the feature importance attributed to PCA components cannot
be easily mapped back to the feature space, which reduces the interpretability and clinical
relevance of the prognostic model developed.

UMAP, as another dimensionality reduction tool, shares the same limitation in in-
terpretability. Nevertheless, it functions as a practical tool for data visualization in the
lower-dimensional space, as it preserves both global and local structure in the data [81].
In contrast, t-SNE was not selected for dimensionality reduction because it preserves only
local structure, often distorts global geometry, and is more sensitive to hyperparameters
[118].

Accordingly, the original features set was projected via UMAP embeddings to a 2D
space in Figure 3.1 and a 3D space Figure 3.2 for visualization. It is evident from these
projections that there are no exploitable structures in the raw feature set.
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