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Abstract
Anterior cruciate ligament reconstruction (ACL-R) has a high success rate, but a subset of patients report unsatisfactory 
outcomes, highlighting the need for improved predictive tools. Recent studies have shown that bony morphology plays an 
important role in both the risk of ACL injury and post-reconstruction outcomes. This study aims to develop a framework 
for understanding the relationship between morphology and patient satisfaction. We explore the use of machine learning 
(ML) models to predict patient satisfaction following ACL reconstruction based on preoperative bone morphology. Using 
3D models from high-resolution Magnetic Resonance (MR) imaging, 21 morphological parameters of the femur and tibia 
were analysed, including linear, surface and volumetric measurements. These were correlated with patient satisfaction as 
assessed by the Knee injury and Osteoarthritis Outcome Score Global (KOOS Global) questionnaire, administered six 
months after surgery. To streamline the analysis, automated systems based on statistical shape models and deep learning 
were employed for landmark placement and segmentation. A dataset of 45 patients was used to train and evaluate three 
ML models: Random Forest, Logistic Regression and Gradient Boosting. Dimensionality reduction identified 10 key mor-
phological features and Gradient Boosting outperformed the other models, achieving accuracy of 0.89, precision of 0.90 
and recall of 0.89. The results demonstrate the potential of combining advanced imaging, automated measurement and ML 
for personalized prediction of patient satisfaction. The predictive model shows that primarily femoral features, along with 
intercondylar notch volume and tibial measurements, play a critical role in determining patient satisfaction. This approach 
may guide surgical planning, patient counselling, intervention strategies and rehabilitation. Although promising, further 
research with larger datasets, additional parameters and advanced ML techniques is needed to improve model robustness 
and clinical applicability.
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1  Introduction

Anterior Cruciate Ligament (ACL) injury is one of the most 
significant knee injuries in athletic populations, with sub-
stantial implications for both short-term function and long-
term joint health [1]. While ACL reconstruction (ACL-R) 
has demonstrated generally favorable outcomes, with 
reported success rates ranging from 75 to 97%, a consider-
able subset of patients continues to experience suboptimal 
results [2]. These complications, including residual rotatory 
instability, graft failure, and premature osteoarthritis, often 
necessitate revision surgery in 10–15% of cases within the 
first five years post-operation, highlighting the need for 
improved understanding of outcome predictors [3, 4].

Patient satisfaction is a critical factor to demonstrate the 
value of surgical intervention [5]. Patient-reported outcome 
(PRO) measures provide valuable information regarding the 
effectiveness of orthopaedic interventions [6, 7]. An effec-
tive PRO measure for ACL-R is the Knee Injury and Osteo-
arthritis Outcome Score Global (KOOS Global). It was 
developed from the original versions of the KOOS and pro-
vides a valid and responsive outcome measure about patient 
recovery and functional restoration with a limited number 
of questions [8].

Recent research has increasingly highlighted the crucial 
role of bony morphology in both ACL injury risk and post-
reconstruction outcomes [9–12]. Studies have demonstrated 
that specific morphological features, such as narrow femo-
ral notch dimensions (quantified by the notch width index), 
are associated with increased risk of graft impingement 

and poorer functional outcomes [12]. Lucidi et al. [13] 
suggest that bony morphology contributes significantly to 
ACL injury and failure of ACL reconstructions. Both patho-
logic and physiological variations in bony morphology may 
impact clinical outcomes, failure rates, rotational instability, 
and possibly contralateral knee injuries. It was reported by 
Burnham et al. [14] that a variety of bony morphologic fac-
tors may influence the risk of suffering a primary or repeat 
injury to the ACL.

While advanced imaging techniques, particularly three-
dimensional Computer Tomography (CT) and Magnetic 
Resonance Imaging (MRI) analyses, have enhanced the 
ability to characterize morphological features, traditional 
measurement methods remain time-consuming and often 
rely on single-section analysis failing to capture the true 
three-dimensional structure of the knee joint [15]. Hence, 
automatic measurement system are required to assist ortho-
paedic surgeons in completing big data measurements.

Machine learning (ML) has emerged as a powerful tool 
in medical research, offering the ability to analyze complex, 
multidimensional datasets and identify subtle patterns that 
may not be apparent through conventional statistical meth-
ods [16]. In particular, ML approaches were used to predict 
the risk of clinical failure after ACL-R. Hwang et al. [17] 
identified the best-performing ML models for predicting 
return to sports after ACL-R. Kunze et al. [16] applied ML 
algorithms to predict clinically meaningful improvement 
after ACL-R. According to their findings, the most predic-
tive variables included BMI (Body Mass Index), method of 
femoral fixation and medial collateral ligament integrity. 
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A web-based application to predict patients’ risk of clini-
cal failure of ACL-R was developed by Zhang et al. [18]. 
The main 8 predictors of clinical failure in their model 
were follow-up period, high-grade preoperative knee lax-
ity, time from injury to surgery, participation in competitive 
sports, posterior tibial slope, graft diameter, age at surgery, 
and medial meniscus resection. Ye et al. [19] predicted 
the objective and subjective clinical outcomes of ACL-R. 
They supported that ML analysis can provide reliable pre-
dictions for objective and subjective clinical outcomes of 
ACL-R based on graft failure, residual laxity, PRO measur-
ments, and return to sports. Martin et al. [20] developed a 
tool capable of estimating the risk of ACL revision. Johnson 
et al. [21] predicted risk factors for reoperation after ACL-
R. Vasavada et al. [3] predicted the risk of graft failure in 
patients undergoing ACL-R. However, the application of 
these ML techniques to ACL reconstruction outcome pre-
diction and patients’ satisfaction, particularly focusing on 
patients’ morphology, remains relatively unexplored.

The ability to predict surgical outcomes based on pre-
operative morphology could have several important clinical 
implications. First, it could enable more informed decision-
making regarding surgical technique modification based on 
individual patient anatomy. Morphological assessments can 
guide surgeons in selecting the most appropriate graft type 
based on specific anatomical features. For instance, patients 
with a narrow intercondylar notch may benefit from a 
smaller-diameter graft to minimize the risk of impingement 
and post-operative dissatisfaction. Furthermore, detailed 
knowledge of femoral and tibial morphology allows for 
personalized tunnel placement, ensuring the reconstruction 
closely replicates the patient’s native anatomy and preserves 
biomechanical integrity. Second, it could help identify 
patients at higher risk for poor outcomes who might ben-
efit from additional interventions or modified rehabilitation 
protocols. This may involve performing a notchplasty in 
cases of significant notch stenosis, implementing more fre-
quent follow-up evaluations, or utilizing advanced imaging 
earlier to assess graft incorporation and alignment. Return-
to-sport protocols can also be adjusted based on individual 
morphological risk profiles, with some patients benefiting 
from fundamentally different rehabilitation approaches to 
optimize recovery. Finally, it could facilitate more accurate 
patient counseling regarding expected outcomes and recov-
ery trajectories.

This study aims to develop a framework to understand 
the relationship between the morphology and the patient 
satisfaction. We developed and compared different machine 
learning models for predicting patient satisfaction after 
ACL-R based on pre-operative bony morphology. An 
automated system for measuring morphological features, 

designed to reduce measurement time and user variability, 
is also presented.

Section  2 presents the proposed methodology. It starts 
with the identification and measurement of morphological 
parameters, together with the collection of patient ques-
tionnaires. ML models are developed to process and clas-
sify these data. The results are presented in Sect.  3. The 
predictive morphological features are described and the 
performance of the ML models is compared according to 
predefined metrics. The discussions are presented in Sect. 4, 
while the conclusions with perspectives for the future are 
drawn in the last section.

2  Proposed methodology

The methodology of this study involves two primary data 
sources integrated for machine learning-based classifica-
tion, as shown in Fig.  1. First, morphological parameters 
are identified and measured on 3D models, resulting in the 
collection of morphological data. Second, patient satisfac-
tion data is gathered through patient questionnaires, provid-
ing insight into postoperative results. These two datasets are 
then processed through machine learning models designed 
for classification tasks. This approach aims to establish pre-
dictive relationships and classifications between the mor-
phological features and the patient satisfaction.

The study was approved by the Institutional Review 
Board of Humanitas Gavazzeni and Castelli (Bergamo, 
Italy). The inclusion criteria were: (1) complete ACL knee 
injuries and (2) completion of the KOOS global question-
naire six months post-injury. The exclusion criteria included: 
(1) concurrent meniscal or posterior cruciate ligament inju-
ries, (2) a history of knee surgery, and (3) the presence of 
severe osteoarthritis.

2.1  Morphological data

2.1.1  Identification of morphological parameters

A literature review identified 21 relevant morphological 
parameters, classified into three categories: linear, surface, 
and volume parameters [22–26]. Figure  2 depicts several 
key linear measurements of femoral and tibial morphology 
[22–24].

The Transepicondylar Axis Length (TEA) is defined 
as the distance between the most prominent points of the 
medial and lateral femoral condyles, offering insight into 
the overall width of the distal femur. The Anterior Medio-
lateral Length (AML) measures the distance between the 
anterior edges of the medial and lateral condyles, while the 
Posterior Mediolateral Length (PML) assesses the width 
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The Medial Condyle Width (MCW) and Lateral Condyle 
Width (LCW), respectively, refer to the distances from the 
inner to the outer borders of the medial and lateral condyles. 
Another important parameter is the Intercondylar Notch 
Width (WIN), which measures the distance between the 
medial and lateral condyles at their inner edges, defining the 

between the most posterior edges of the condyles. Further, 
the Medial Anteroposterior Height (MAP) measures the 
distance between the most anterior and posterior edge of 
the medial femoral condyle, reflecting its vertical dimen-
sions, and similarly, the Lateral Anteroposterior Height 
(LAP) quantifies this dimension for the lateral condyle. 

Fig. 2  Femoral and tibial linear parameters

 

Fig. 1  Procedure to establish relationship between morphological features and patient satisfaction
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intercondylar notch volume provide valuable insights into 
its size and morphology, which can influence ligament func-
tion and susceptibility to injury.

2.1.2  Automated system for morphological parameters 
measurement

Linear, surface, and volumetric measurements were 
extracted from the 3D models of the femur and tibia, which 
were reconstructed using high-resolution MR images of 
patients. Bone segmentation was performed automatically 
using deep learning (DL) algorithms trained on annotated 
knee images, as described in our prior publication [27]. To 
enhance segmentation performance, hyperparameters were 
optimized and data augmentation techniques applied. Seg-
mentation accuracy reached a Dice Similarity Coefficient of 
0.98 for femur and tibia.

An automatic measurement system was developed to 
extract linear and surface parameters from the 3D models. 
The process leverages a Statistical Shape Model (SSM), 
which provides a compact and standardized representa-
tion of anatomical structures by capturing shape variabil-
ity across a population. In this study, an SSM previously 
generated from 50 distal femurs was used [24]. This model 
was aligned using Generalized Procrustes Analysis (GPA) 
to define a mean shape representing the average femoral 
morphology. Linear and surface measurements were first 
defined on this mean shape. For linear measurements, two 
landmarks were placed near key anatomical features. For 
surface measurements, a curve composed of 20 landmarks 
was positioned according to anatomical references and con-
strained to the model surface. Once the measurement tem-
plate was defined on the mean shape, it was automatically 
transferred to the 3D models of the 45 individual patients 
[28]. This transfer was carried out through a multi-step reg-
istration pipeline: isotropic scaling of the SSM mesh, global 
alignment using rigid registration, refinement using the 
Iterative Closest Point (ICP) algorithm, and final non-rigid 

width of the intercondylar notch. Additionally, the Notch 
Width Index (NWI), calculated as the ratio of WIN to the 
total femoral width. Finally, the Medial Posterior Condyle 
Height (MPC) and Lateral Posterior Condyle Height (LPC) 
are measurements of the posterior aspects of the medial and 
lateral condyles, respectively, taken from their most superior 
to inferior points. Regarding the tibia bone, the mediolateral 
(ML) and anteroposterior (AP) segments define the over-
all dimensions of the tibial plateau. The medial and lateral 
anteroposterior dimensions (MAP and LAP) are determined 
as parallel lines to the AP segment, passing through the low-
est points of the medial and lateral plateaus, respectively.

Figure 3 illustrates the selected femoral and tibial sur-
faces, as described in [25]. Femoral surface is divided into 
four distinct regions to capture the anatomical character-
istics of the femoral condyles and trochlear groove. The 
medial femoral region (MF) and lateral femoral region (LF) 
encompass the load-bearing areas of the medial and lat-
eral condyles, which articulate with the tibial plateau. The 
medial trochlear femoral region (MTR) and lateral trochlear 
femoral region (LTR) cover the trochlear groove and its sur-
rounding structures, critical for patellofemoral articulation. 
The tibial plateau is divided into the medial tibial plateau 
(MT) and lateral tibial plateau (LT), which represent the 
articular surfaces that interact with the corresponding femo-
ral condyles. These regions are confined to the peripheral 
edges of the tibial plateaus on the outer side, while the cen-
tral boundary lies beneath the tibial eminence. This central 
boundary corresponds to the flat region between the inclina-
tions of the medial and lateral plateaus, providing a clear 
distinction between the two surfaces.

Figure 4 illustrates the intercondylar notch volume, 
which represents the three-dimensional space within the 
intercondylar notch of the femur. This volume encom-
passes the region situated between the medial and lateral 
femoral condyles and serves as the anatomical housing for 
critical structures such as the ACL and posterior cruciate 
ligament (PCL). The visualization and measurement of the 

Fig. 3  Femoral and tibial surface parameters

 

1 3



International Journal on Interactive Design and Manufacturing (IJIDeM)

(Patient Acceptable Symptom State) thresholds reported by 
Connelly et al. [33], who identified the following values one 
year after total knee arthroplasty: 84.5 for KOOS Pain, 80.5 
for KOOS Symptoms, 83.0 for KOOS Activities of Daily 
Living, and 66.0 for KOOS Quality of Life. Since KOOS 
Global is a composite score, and our analysis focused on the 
6-month follow-up, an earlier stage in the recovery process, 
a slightly lower threshold of 65 was adopted to reflect a 
conservative, worst-case interpretation of satisfaction. This 
choice acknowledges the likelihood that patients may not 
have reached their full recovery potential at this point.

2.3  ML models for classification

The first step in the data preprocessing phase involved cal-
culating the correlation matrix for the dataset. It measures 
the linear relationship between pairs of features in the data-
set. The absolute values of the correlation coefficients are 
then extracted to facilitate the identification of strongly cor-
related features, irrespective of whether the correlation is 
positive or negative. This step is essential for identifying 
potential multicollinearity in the data, which can negatively 
impact the performance of certain machine learning models. 
The correlation matrix provides a comprehensive view of 
feature relationships and serves as a foundation for subse-
quent feature selection processes.

Feature scaling is another essential preprocessing step 
in machine learning. Standardization transforms the data 
such that it has a mean of zero and a standard deviation 
of one, ensuring that all features are on a similar scale. By 

alignment using the Coherent Point Drift (CPD) algorithm. 
The ALPACA module within 3D Slicer facilitated this pro-
cess [29–31]. This approach ensured that all 45 models 
were consistently annotated with the same set of anatomical 
landmarks. Importantly, although the definition of the mea-
surement system was based on the average shape, all final 
measurements used in the analysis were extracted from each 
patient’s individual 3D model.

The Intercondylar Notch (IN) volume measurements 
were obtained using DL techniques, developed from our 
previous work [32]. The approach identifies the relevant 
axial slices and enables accurate and reproducible segmen-
tation and volume computation of the IN from MR images.

2.2  Patient satisfaction data

To assess patient satisfaction, questionnaires were sent to 
patients. In particular, the KOOS Global questionnaire at six 
months was chosen because Jacobs et al. [6] found it to be 
the most objective. It consists of 11 questions divided into 
four categories: stiffness, pain, functionality and quality of 
life. The sum of the scores for each question is converted to 
a scale between 0 and 100, where 0 represents total disabil-
ity and 100 represents optimal health.

To enable supervised machine learning classification, the 
KOOS Global score was converted into a binary variable 
representing patient satisfaction. A threshold of 65 was used: 
scores below 65 were classified as ‘0’ (unsatisfied), while 
scores equal to or above 65 were classified as ‘1’ (satis-
fied). This cut-off was based on previously published PASS 

Fig. 4  (a) Femur and intercondylar notch, highlighted in green in axial plane; (b) 3D models of femur and intercondylar notch
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minimizing a loss function via gradient descent, making it 
highly effective for complex datasets [39].

To assess the performance of the classification model, 
we employed four evaluation metrics: Accuracy, Precision, 
Recall, and F1-Score. Accuracy is the proportion of correct 
predictions (both true positives and true negatives) out of all 
predictions. The formula for accuracy is:

Accuracy = TP + TN + FP + FN

TP + TN
� (1)

where TP represents true positives, TN represents true nega-
tives, FP is false positives, and FN is false negatives. Preci-
sion measures the proportion of positive predictions that are 
correctly classified. This metric is particularly useful when 
the cost of false positives is high, such as in medical diag-
nostics, where an incorrect positive prediction could lead to 
unnecessary treatments. Precision is calculated as:

Precision = TP

TP + FP
� (2)

Recall, or Sensitivity, evaluates the proportion of actual pos-
itive cases that are correctly identified by the model. This is 
crucial in situations where false negatives are costly, such as 
in disease diagnosis. Recall is computed as:

Recall = TP

TP + FN
� (3)

Finally, F1-Score is the harmonic mean of Precision and 
Recall, providing a single metric that balances the trade-
off between the two. It is especially useful when the data 
is imbalanced and both false positives and false negatives 
need to be minimized. The F1-Score is given by:

F1 − Score = 2 ∗ Precision + Recall

Precision ∗ Recall
� (4)

3  Results

A total of 45 patients met the inclusion criteria, consisting of 
22 females and 23 males, with a mean age of 30.67 ± 11.51 
years. Linear, surface, and volumetric measurements were 
performed on all 45 patients, and the results are presented 
in Table 1.

In this study, a correlation matrix was computed using 
the absolute Pearson correlation coefficients among the 
initial 21 variables. A threshold of 0.8 was used to iden-
tify and remove highly correlated variables. Specifically, 
for each pair of correlated features, one was automatically 

standardizing the data, we mitigated the issue of features 
with different units or scales dominating the model training 
process, leading to more stable and efficient learning.

In addition, to address class imbalance, SMOTE (Syn-
thetic Minority Over-sampling Technique) was applied, 
resampling the dataset to balance the distribution of the tar-
get classes [34]. This step ensured that the machine learn-
ing models would not be biased towards the majority class. 
The population of patients was randomly partitioned using a 
5-fold Stratified K-Fold cross-validation approach to ensure 
that the class distribution was preserved across training and 
testing sets [35].

A comparative analysis of three machine learning (ML) 
classifiers, namely Random Forest, Logistic Regression and 
Gradient Boosting [36–39] was carried out to identify the 
optimal classifier for the task. Random Forest is an ensemble 
learning method that combines the predictions of multiple 
decision trees to produce a single, more accurate output. It is 
commonly applied in classification and regression problems 
due to its robustness and ability to handle high-dimensional 
data [37]. Logistic Regression is a supervised learning algo-
rithm widely used for binary classification tasks; it models 
the probability that a given input belongs to a particular cat-
egory based on a logistic function [38]. Gradient Boosting 
is another ensemble technique that builds models sequen-
tially, where each new model attempts to correct the residual 
errors made by the previous ones. It optimizes the model by 

Table 1  Morphological parameters measured on the patients
Morphological 
parameters

Patient 1 Patient 2 … Patient 44 Patient 45

Femoral AML [mm] 32.12 37.00 40.54 35.37
Femoral LAP [mm] 57.90 67.54 69.94 64.36
Femoral LCW [mm] 25.16 30.89 30.59 28.30
Femoral LPC [mm] 34.08 38.89 38.51 35.62
Femoral MAP [mm] 59.95 65.46 64.73 59.02
Femoral MCW [mm] 23.72 26.97 27.15 26.85
Femoral MPC [mm] 33.71 40.33 38.13 33.23
Femoral PML [mm] 50.73 51.40 57.80 48.61
Femoral TEA [mm] 72.77 84.98 83.57 75.30
Femoral WIN [mm] 20.35 18.68 22.30 12.30
NWI 0.29 0.24 0.28 0.18
Tibial ML [mm] 69.57 79.19 79.38 69.04
Tibial AP [mm] 47.00 57.53 52.45 47.95
Tibial MAP [mm] 43.09 51.81 52.95 48.30
Tibial LAP [mm] 40.13 42.17 46.97 42.04
Notch volume [mm3] 6,503.95 7,659.33 9,257.79 5,407.1
MF area [cm2] 14.30 17.81 18.51 16.10
LF area [cm2] 13.37 17.75 19.24 15.93
MTR area [cm2] 6.58 8.24 8.73 7.49
LTR area [cm2] 7.74 10.98 11.41 9.08
MT area [cm2] 9.38 11.69 12.1 9.41
LT area [cm2] 6.34 8.36 8.83 6.90
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remaining patients were satisfied. This binary classification 
allowed us to evaluate the performance of various ML mod-
els in predicting patient satisfaction after surgery.

The performance of the three different machine learning 
models is summarized in Table 2. The results indicate that 
the Gradient Boosting model performed the best, achiev-
ing an accuracy of 0.89, a precision of 0.90, recall of 0.89, 
and an F1-score of 0.89. This model exhibited consis-
tently high performance across all metrics, demonstrating 
strong predictive capability in identifying both satisfied and 

removed based on their position in the upper triangle of the 
correlation matrix (Fig. 5). This resulted in a final set of 10 
variables, effectively reducing dimensionality and minimiz-
ing multicollinearity prior to further analysis. The selected 
features were: Femoral AML, Femoral LAP, Femoral LCW, 
Femoral LPC, Femoral MCW, Femoral MPC, Femoral 
PML, Femoral WIN, Tibial AP, and Notch volume. These 
parameters were deemed critical for understanding the 
structural characteristics of the femur and tibia, as well as 
the intercondylar notch volume, which may influence post-
surgical outcomes.

The target variable in this study was the KOOS Global 
score, which was transformed into a binary classification. 
A score below 65 was classified as ‘0’ (unsatisfied), while a 
score above or equal to 65 was classified as ‘1’ (satisfied). 
Notably, 8 patients were classified as unsatisfied (17.8% of 
the all patients) with their post-surgical outcomes, while the 

Table 2  Evaluation metrics for ML models
Model Accuracy Precision Recall F1-score
Random Forest 0.80 0.81 0.80 0.80
Logistic Regression 0.74 0.76 0.74 0.74
Gradient Boosting 0.89 0.90 0.89 0.89

Fig. 5  Correlation matrix of the morphological features
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orientation, ensuring that complex spatial relationships and 
anatomical features are accurately captured from any angle.

The development and implementation of automated mea-
surement systems represents another crucial advancement 
in this field. The transfer of landmarks based on ALPACA 
module guarantees a high accuracy, with an average root 
mean square error between 0.95% and 1.3% [29], which is 
acceptable for our purpose. The adopted statistical shape 
model-based approach for linear and surface measurements, 
combined with deep learning techniques for notch volume 
segmentation, demonstrates the feasibility of automating 
complex morphological assessments. This automation not 
only increases measurement consistency and reduces opera-
tor-dependent variability but also has the potential to signifi-
cantly streamline pre-operative planning processes.

The use of the KOOS Global questionnaire as our pri-
mary outcome measure provided a comprehensive assess-
ment of patient satisfaction and functional outcomes. This 
standardized assessment tool enabled us to establish mean-
ingful correlations between morphological parameters 
and patient-reported outcomes, strengthening the clinical 
relevance of our predictive model. Although converting a 
detailed outcome measure like KOOS into a simple “satis-
fied vs. unsatisfied” classification reduces some of the detail 
provided by a multidimensional score, it offers a clear and 
consistent criterion for evaluating postoperative outcomes 
in the context of predictive modeling.

Some limitations of the current study must be acknowl-
edged. The relatively small sample size (45 patients, with 
8 in the “unsatisfied” class) represents a limitation of the 
study. Nevertheless, despite the limited sample size, we 
implemented robust preprocessing techniques such as 
SMOTE to handle class imbalance and used stratified cross-
validation to ensure ML model stability and generalizabil-
ity. Our intention with this study was to provide an initial 
proof-of-concept that demonstrates the feasibility of pre-
dicting patient satisfaction using morphological features. 
Additionally, our focus on morphological parameters, while 
informative, may not capture the full spectrum of factors 
influencing patient satisfaction. Future research should 
expand to examine additional morphological parameters 
beyond those currently studied, as well as consider varia-
tions in surgical approach and graft type selection. Patient-
specific factors such as age, activity level, and rehabilitation 
protocol, along with biomechanical factors and joint kine-
matics, should also be incorporated into future analyses to 
provide a more comprehensive understanding of outcomes. 
Furthermore, the integration of deep learning techniques for 
analysis represents a promising direction for future research.

The clinical implications of our findings are particu-
larly noteworthy. The ability to predict patient satisfaction 
based on pre-operative morphological characteristics could 

unsatisfied patients, with a well-balanced trade-off between 
precision and recall.

The Random Forest model showed moderate perfor-
mance, with an accuracy of 0.80, precision of 0.81, recall 
of 0.80, and an F1-score of 0.80. These results suggest that 
while it was generally reliable, it was slightly outperformed 
by the Gradient Boosting model in all evaluated metrics.

In contrast, Logistic Regression demonstrated the low-
est performance, with an accuracy of 0.74, precision of 
0.76, recall of 0.74, and an F1-score of 0.74. Although still 
acceptable, this model was less effective than the ensemble 
methods in accurately classifying patient satisfaction.

4  Discussion

The findings of this study show the potential of machine 
learning approaches in predicting patient satisfaction fol-
lowing ACL-R surgery based on bone morphological 
characteristics. Our results indicate that ML methods, par-
ticularly Gradient Boosting, can achieve notable accuracy 
in predicting post-operative satisfaction outcomes, with an 
accuracy rate of 0.89. This achievement represents a signifi-
cant step forward in understanding the relationship between 
anatomical features and patient satisfaction.

The predictive model demonstrates that both femoral and 
tibial measurements, along with intercondylar notch vol-
ume, play crucial roles in determining patient satisfaction 
levels. The femoral measurements emerged as particularly 
significant predictors, with eight out of ten key variables 
relating to femoral morphology. The significance of the 
femoral width index as a predictor suggests that propor-
tional relationships between femoral dimensions may be as 
important as absolute measurements. Notably, while tibial 
measurements were less represented in the top predictors, 
the tibial anteroposterior dimension emerged as a signifi-
cant factor. The inclusion of intercondylar notch volume 
as a predictor is particularly interesting, as it represents a 
three-dimensional measurement rather than a linear dimen-
sion. This finding suggests that volumetric considerations 
may offer additional predictive value beyond traditional 
two-dimensional measurements.

By overcoming many of the limitations of traditional 2D 
imaging approaches, the implementation of 3D modelling 
techniques has proven to be instrumental in performing 
comprehensive morphological analyses. While 2D imaging 
has traditionally been the standard for preoperative plan-
ning and evaluation, it does not capture the complex spatial 
relationships and volumetric characteristics that may influ-
ence surgical outcomes. Unlike 2D imaging, 3D modelling 
allows for precise measurements across the entire volumet-
ric representation of the knee joint, independent of slice 
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