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Abstract

Classical computing methods are costly and require advanced skills, limiting their clinical use. A data-driven framework
offers an effective alternative for disease diagnosis and prediction. This study aims to apply and evaluate machine learning
(ML) classifiers to predict hip fracture risk using a binary classification based on the fracture risk index (FRI) from Quan-
titative Computed Tomography-based Finite Element Analysis (QCT-based FEA). This study concentrated on comparing
the performance of different ML models such as logistic regression, Support Vector Classifier (SVC), Decision Tree (DT),
Categorical Boosting Model (CatBoost), Extreme Gradient Boost Model (XGBM), and Random Forest (RF) for the prediction
of hip fracture probability. The models were trained with a dataset comprises clinical parameters, bone anatomy, and loading
directions mimicking sideways fall postures. All the ML models were compared based on the performance metrics—preci-
sion, recall, F1 score, accuracy, and Area Under Receiver Operating Curve (AUROC). Both logistic regression and SVC
exhibited the highest performance in assessing fracture risk with 82% accuracy and 87% AUROC. These models are also
interpretable, as we used SHapley Additive exPlanations (SHAP) to identify the most important features and their impacts
on the prediction process. Despite being trained on a limited dataset, this study demonstrates the viability of machine learn-
ing models in predicting hip fracture risk. To the best of our knowledge, these models are the first interpretable ML-based
predictors of hip fracture risk.
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1 Introduction

Hip fracture, also known as femoral fracture, is a major
public health issue, especially among the elderly, causing
long-term disability and significant mortality [1]. Annually,
about 1.3 million hip fractures occur globally, leading to
approximately 740,000 deaths [2]. This number is projected
to exceed 6 million by 2050 [3]. In the USA, over 300,000
patients are hospitalized each year due to hip fractures, with
90% resulting from simple falls [4]. Accurate prediction of
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hip fracture risk is crucial for developing preventive meas-
ures and reducing the associated socio-economic burden.
Current fracture risk assessment tools like FRAX [5], and
Bone Mineral Density (BMD) measurements via Dual-
Energy X-ray Absorptiometry (DXA) [6-9] have limitations.
FRAX may be less accurate across different racial groups
and can overestimate or underestimate BMD based on bone
size [10].

Finite Element Analysis (FEA) is widely used in bio-
mechanical modeling for cardiovascular systems, hemo-
dynamics, implants, orthodontics, and surgical procedures
[11-13]. Quantitative Computed Tomography-based FEA
(QCT-based FEA) is a precise method for fracture assess-
ment, considering bone density, femur morphology, and
loading effects, [14—-16] and offers patient-specific predic-
tions of femur fracture strength [17, 18]. Despite its accu-
racy, QCT-based FEA is limited in clinical use due to high
computational demands, expensive software, and the need
for skilled personnel. We hypothesized that advancements
in Artificial Intelligence (AI) and Machine Learning (ML)
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could provide a more efficient and accurate data-driven
approach to predict hip fracture risk. Thus, this study aims
to evaluate various ML classifiers to predict fracture prob-
ability in geriatric patients.

The clinical application of machine learning in disease
diagnosis [19-21] and injury prevention shows promising
outcomes [22, 23]. ML techniques have been successfully
used in orthopedic applications such as 3D bone reconstruc-
tion [24, 25], fracture detection [26-30], bone tumor diag-
nosis [31], and osteoarthritis grading [32, 33]. For example,
Marcus et al. [34] used radiographs to predict hip fractures
by analyzing patient and hospital variables, and Villamor
et al. [35] explored ML models to predict fracture risk with
a simplified 2D FE model. Ferizi et al. [36] compared fifteen
ML classifiers using MRI data to predict osteoporotic bone
fractures. However, most ML models focus on detecting and
categorizing existing fractures. This study aims to evaluate
the performance of various ML classifiers in predicting the
probability of fall-induced hip fractures using the Fracture
Risk Index (FRI) obtained from QCT-based FEA [37-39].

This research evaluated several classical ML classifi-
ers [40-46] for predicting fracture risk, including Logistic
Regression (Logit), Support Vector Classifier (SVC), and
Decision Tree (DT), as well as ensemble methods like Cat-
Boost, Extreme Gradient Boosting Model (XGBM), and
Random Forest (RF). Additionally, the study examined the
impact of various clinical and anatomical features and fall
postures on prediction accuracy. The goals of this study were

to 1) assess the effectiveness of ML classifiers in predicting
hip fracture risk using a high-fidelity QCT-based FE dataset,
and 2) identify features that influence or promote fracture
risk from falls.

2 Materials and method

The framework for predicting hip or femoral fracture risk
includes four processing steps: data acquisition (QCT
image dataset) in Digital Imaging and Communications in
Medicine (DICOM) format, data preparation (extracting
features and target variable from QCT-based FEA), feature
engineering, and model training and performance evalua-
tion (Fig. 1).

2.1 Data acquisition

The dataset was built upon the QCT images of 97 anony-
mous patients, removing all the personal information, pre-
viously obtained from the Great-West Life PET/CT Center,
Winnipeg, Canada in DICOM format [14, 39, 47]. DICOM
images, 512 X 512 pixels, were obtained by SIEMENS
S5VB40B CT scan machine (Siemens Medical Solution,
Malvern, USA) with acquisition and reconstruction variables
of 120 kVp and 244 mAs. The DICOM dataset was used for
feature extraction as well as for conducting FEA to obtain
datasets for training and target variables.

Fig.1 An overview of ML
based framework consider-

ing clinical variables, femur
anatomy, and loading directions
as the input features, and FRI as
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Fig.2 a A proximal femur
anatomy and its different geo-
metric parameters that are con-
sidered in this study. b Loading
direction @ on coronal plane,
varying from 0° to 30°, and f# on
transverse plane, ranging from
-15° to+ 15° to mimic different

Coronal plane
Transverse plane /
N
AB=Femoral shaft axis length (FNAL)
CD=Femoral neck width (FNW)

EB=True momentarm (TMA) ﬂ
6= Femoral neck angle (FNA)

sideways fall postures

2.2 Data preparation
2.2.1 Feature extraction

The features extracted from the DICOM dataset and QCT-
based FEA (Fig. 1) included clinical parameters, bone
anatomy, and loading orientations. Key variables affecting
the FRI [37, 39] were prioritized. Clinical and demographic
data, along with BMD distributions in the 3D femur [38, 39],
were derived from the DICOM data. Anatomical features,
such as Femoral Neck Axis Length (FNAL)-AB, Femoral
Neck Width (FNW)-CD, True Moment Arm (TMA)-EB,
Femoral Neck Angle (FNA) —0, and the horizontal compo-
nent of FNAL on the transverse plane were obtained from
2D projections of the 3D femur model (Fig. 2a). Different
sideways fall postures were simulated by adjusting the load-
ing angle (@) from 0° to 30° in 15° intervals on the coronal
plane relative to the shaft axis, and the angle (f) from -15°
to+15° in 15° intervals on the transverse plane relative to
the neck axis (Fig. 2b). These angles were chosen based on
typical fall orientations and previous experimental studies
where femoral fractures were most frequent [48].

2.2.2 Target variables via QCT-based FEA

The target variable, FRI, was obtained from QCT-based
FEA as shown in Fig. 1. Prior research by Schileo et al. [49]
as well other studies [50, 51] demonstrated that fracture risk
estimation can be more accurately predicted in FEA, consid-
ering principal strain. Therefore, for obtaining ground truth,
1st and 3rd principal strain-based FRI was adopted in the
QCT-based FEA as follows.
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(a) 1st principal strain (b) 3 principal strain

Fig.3 Typical strain distributions in sideways fall, with a = f = 07,
obtained via FEA. a 1st principal (Tensile) strain and (b) 3rd princi-
pal (Compressive) strain

Table 1 Feature and target variable for predicting fracture risk based
on strain-based FRI

Feature Target

Clinical variables Anatomical vari- Loading vari-

ables ables
Age FNA a FRI
Weight FNW p
Sex TMA
BMD FNAL

where £§m and €7 = are the maximum principal strain in
tension (1st principal strain) and compression (3rd princi-
pal strain), respectively. Figure 3 shows typical Ist and 3rd
principal strain distributions in proximal femurs. A more
detailed description of the QCT-based FEA can be found in
our prior works [37-39].

An FRI value above 1 signifies a higher risk of hip frac-
ture. Therefore, a binary classification was used: "fracture
probability" is coded as 1, and "no fracture probability" as
0. Table 1 summarizes all categorical features and target
variables in this study.
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2.3 Feature engineering

To enhance the predictive models' effectiveness, feature
engineering was performed during the data preprocessing
stage. This involved tasks such as cleaning, correlation anal-
ysis, data splitting, and feature scaling. These steps aimed
to streamline the data complexity and enhance the accuracy
of the models.

2.3.1 Data cleaning

The target variable FRI displayed a positively skewed dis-
tribution and dispersion. In this study, FRI values exceeding
1.5 times the interquartile range were identified as outliers
and removed from the dataset. This exclusion involved two

femurs from two patients and resulted in 192 out of 194
femurs for analysis.

patient_id

Side -

Weight -

BMD -

FRI_category - -0.03 003 -0.06 031 012 029 011
FNAL- 021 -0.02 000 001 003 031
FNW- 019 001 000 001 013 0.41
FNA- -0.06 004 001 -0.00 -0.23 011 -0.13
TMA- 020 -0.04 -0.00 000 017 XYM 032
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2.3.2 Correlation analysis

The association between the features was analyzed using
the Pearson correlation coefficient to evaluate if the fea-
tures have any form of association with each other to affect
the target variable. The correlation of the features has been
shown by a heatmap (Fig. 4), which demonstrates no cor-
relation among the features, and therefore, no features were
excluded.

2.3.3 Data splitting

The dataset was split into 80-20 ratio for training and testing
of the ML models. To optimize and increase the robustness
of the model by reducing data bias, the training data was
further split into 5 folds in the same 80-20 ratio. Splitting
was done based on the patient’s unique identifier to prevent
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Fig.4 A heatmap showing the correlation among the features. Any datapoint on heatmap represents the correlation between corresponding row
and column index. A higher correlation between the features indicates a similar effect on FRI
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data leakage. The models’ performance was tested with a
completely unseen dataset.

2.3.4 Feature scaling

Feature scaling is another vital step towards standardizing
the features to increase the predictability of a model. In this
step, features were scaled to a 0 to 1 range using a MinMax
scaler based on the minimum and maximum values of each
feature, and it was applied separately to the training and
testing datasets.

2.4 Predictive models

After an exhaustive trial with several ML models, we con-
sidered the following ML classifiers based on our problem
domain, modeling framework, and our ultimate objectives.

2.4.1 Logistic regression

Logistic regression belongs to the group of statistical mod-
els called generalized linear models [52]. It is a classical
approach commonly applied in binary and linear classifica-
tion problems [53]. This process involves two main steps:
initially, it computes a linear combination of the independ-
ent/predictor variables while incorporating a bias term;
subsequently, it applies a sigmoid function to estimate the
probability of belonging to a particular class (Eq. 3).
P(class | xl,---,xN> = 1 3
1+ e_(wu+ZkN:1 wk.xk) ( )

where w,(k € [0, N]) are the model parameters, N is the
number of predictor variables, and x, are these variables for
a given patient.

2.4.2 Support vector classifier

A support vector classifier is a supervised machine-learning
algorithm that handles both linear and nonlinear problems
[54]. Originally designed for binary classification, SVCs
can also perform regression tasks. In classification, a SVC
identifies the optimal hyperplane in the transformed space
to separate classes effectively. It is memory efficient, using
only a subset of training data in its decision function, and
creates a generalized model with minimal error by drawing
a margin along the regression line [55].

2.4.3 Decision tree
Decision tree is a simple yet powerful tool for multi-variable

analysis. As a hierarchical supervised learning model, DT
predicts the target variable by asking a series of questions

about predictor variables, partitioning data into subsets
through internal decision nodes and terminal leaves [53].

2.4.4 XGBM

XGBM is a popular boosting algorithm that combines pre-
dictions from multiple decision trees, built sequentially to
correct errors from previous trees. It uses parallel processing
and regularization to reduce overfitting and enhance perfor-
mance, making XGBM more predictive and faster than other
gradient boosting methods [56].

2.4.5 CatBoost

CatBoost is a high-performance classifier that requires
minimal data preprocessing compared to other ML algo-
rithms [57]. It combines random permutations, ordered
boosting, and gradient-based optimization to enhance
gradient boosting accuracy and efficiency, making it
effective for large, complex datasets [57]. CatBoost is
particularly well-suited for handling categorical features
and managing overfitting.

2.4.6 Random forest

Random forest represents a significant adaptation of bag-
ging, constructing a substantial ensemble of uncorrelated
trees and subsequently averaging them [58]. While RF
often exhibits performance akin to boosting on numerous
tasks, they are generally simpler to train and fine-tune.
The RF classifier utilizes randomly chosen features or
combinations of features at each node to construct a tree.

2.5 Model training and performance metrics
for model evaluation

2.5.1 Model training and testing

To train the ML models, k-fold cross-validation (here, k=15)
was used and each model was iterated multiple times by
tuning hyperparameters by a random search method until an
optimized model was built. Both training and testing models
were iterated with the same hyperparameters until each fold
contributes as a testing dataset.

2.5.2 Performance metrics

To evaluate the performance of the ML models, perfor-
mance metrics such as precision, recall (sensitivity),
accuracy, FI score, and Area Under Receiver Operating
Characteristics (AUROC) curve [59, 60] were considered.
In this study, the possibility of fracture is positive and
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classified as 1, and no fracture is negative and denoted
as 0. Considering QCT-based FE outcomes as the ground
truth, in this work,

Precision = L 4
- TP+FP @

TP

Sensitivity(Recall) = ———
ensitivity(Recall) TP+ FN (®)]
Accuracy = P+ IN (6)
TP+ FP+ TN + FN

Flscore = —2XTP )

2TP + FP + FN

where True Positive (TP) represents correctly predicted cases
of fracture risk, and True Negative (TN) represents correctly
predicted cases of no fracture risk by the ML classifiers.
False Positive (FP) indicates when the ML model falsely
predicts fracture, while there is no fracture risk in ground
truth, and False Negative (FN) denotes the ML model that
is falsely predicting no fracture when ground truth indicates
a fracture.

2.5.3 SHAP values

To enhance interpretability, we used SHapley Additive
exPlanations (SHAP) to identify key features and their
impacts on model predictions. SHAP values provide a
universal method for interpreting ML models by show-
ing the average change in model output and the impact
of each variable, both positive and negative. They offer
individual values for each feature in each instance, result-
ing in a plot that highlights important features and their
effects on the model’s predictions.

2.6 Testbed description

The testing environment for our experiments involved
a cluster computer with an Intel ®Xeon ® E5-2600 v4
CPU running at 2.00 GHz, 1 Tesla GPU of RAM of
16 GB and 256 GB RAM. We chose to use Python 3 [61]
because of its ease of use and the availability of relevant
libraries. For the implementation of the model, several
Python libraries were incorporated in this work. We used
TensorFlow [62] and SciPy [63] libraries for scientific
and technical computing. We also used the libraries asso-
ciated with Google Colab, and Visual Studio Code that
are widely used for Python development.

@ Springer

3 Results

To evaluate the performance of the adopted ML classifiers
for predicting hip fracture risk based on FRI, we compared
precision, recall, F1 score, and accuracy across models. Both
logistic regression and SVC exhibit the maximum precision
(0.79), followed by CatBoost (0.78), RF (0.71), XGBM
(0.69), and DT (0.62), (Fig. 5). High precision reduces false
positives, ensuring healthy femurs are rarely mislabeled as
at risk.

Logistic regression and SVC also had the highest recall
(0.81), followed by CatBoost (0.77), RF (0.72), XGBM
(0.71), and DT (0.64). High recall indicates a model's effec-
tiveness in identifying true fracture risks, reducing the likeli-
hood of missing actual hip fractures.

The F1 score evaluates a model's predictive capability,
offering insights into its performance across different classes.
Logistic regression, SVC, and CatBoost all exhibit the highest
F1 score of ~0.79. Both XGBM and RF demonstrate nearly the
same value of 0.7 for F1 score, whereas DT performs poorly
with 0.57 only. The F1 score employs a harmonic means to pro-
vide a balanced assessment of a model's predictive performance
by considering both precision and recall.

The accuracy of an ML model measures the rate of cor-
rect predictions, considering both true positives (possibil-
ity of hip fracture) and true negatives (possibility of no hip
fracture) equally. Unlike precision and recall, which focus
solely on predicting hip fracture risk, accuracy values of
both the correct predictions of risk and no risk. Logistic
Regression and SVC demonstrated the highest accuracy at
0.82 each (Fig. 5). The accuracy for ensemble models was
0.76 for CatBoost, 0.71 for XGBM, and 0.74 for RF. The DT
model performed poorly, with an accuracy of 0.57.

To compare the performance of ML classifiers, AUROC
curves were plotted for all models (Fig. 6a). These curves
show the tradeoff between the true positive rate and the
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Fig.5 The performance evaluation of the adopted ML classifiers in
the following metrics: precision, recall (sensitivity), F1 score, and

accuracy
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false positive rate, helping to evaluate model performance.
Logistic regression and SVC had the highest AUC values at
0.88, indicating they outperform the ensemble models—Cat-
Boost (0.81), XGBM (0.73), and RF (0.78) (Fig. 6b). The
DT performed poorly again with an AUC of 0.61 (Fig. 6b).
The higher AUROC values for logistic regression and SVC
highlight their effectiveness in predicting fracture risk.

While performance metrics give an overview of the
models' effectiveness, understanding how various features
impact predictions is crucial. SHAP plots (Fig. 7) highlight
important features and their influence on model predictabil-
ity. The x-axis shows SHAP (impact) values, and the y-axis
lists features in descending order of impact. The distribution
of red and blue dots indicates the directionality of features'
impact. SHAP values thus help determine the significance
of each feature in the prediction results.

The SHAP plots for logistic regression and SVC indi-
cate that weight, angle f (loading direction) on the trans-
verse plane, and age are the most significant features for
these models. Conversely, the SHAP plots for CatBoost and
XGBM highlight BMD as the key feature, followed by oth-
ers. For RF, the most important features are FNA, weight,
and FNW, followed by age and f. The decision tree SHAP
plot suggests that #, FNA and sex are the most critical fea-
tures. SHAP values help us interpret which features have the
most significant impact on model output.

4 Discussion

This research evaluates hip fracture risk from sideways
falls in the elderly using an ML pipeline integrated with
QCT-based FEA. We present a novel approach combining
clinical, anatomical, loading, and 3D biomechanical data
through various ML classification algorithms to predict hip
fractures. QCT-based FEA [39] was used to construct the

dataset and establish ground truth, as it provides reliable
data with over 95% correlation to experimental results for
femur strength [17, 64—66]. Comparing precision, recall, F1
score, and accuracy across six ML models, logistic regres-
sion and SVC proved more accurate in predicting fracture
risk than CatBoost, XGBM, RF, and DT. Logistic regression
and SVC achieved 82% accuracy, effectively predicting both
fracture and non-fracture cases.

AUROC is more pertinent over accuracy in binary clas-
sification, especially misclassification costs are unclear,
or classes are imbalanced. The AUROC value of 0.87 for
logistic regression and SVC indicates an 87% likelihood of
correctly classifying a random patient’s fracture risk (posi-
tive or negative cases with no fracture risk). Since the ML
models are suitable for screening purposes, it ensures accu-
rate detection of patients with fracture risk.

The high performance of logistic regression and SVC
is attributed to the regularization parameter "C", which
focuses on critical features and avoids overfitting by mini-
mizing weights for less important features. Lower accuracy
in other models may result from the continuous variables in
the limited dataset. DT models can lose information when
continuous data is discretized during splitting [67]. Ensem-
ble models like CatBoost, XGBM, and RF, which are based
on DT, also face the similar issue. Among them, CatBoost
performs the best, likely due to its effective handling of cat-
egorical variables such as sex and femur side.

For interpretability, we used SHAP plots to identify
key features and their impact on fracture risk predictions
(Fig. 7). SHAP values reveal the contribution of individual
features to predictions. CatBoost analysis shows significant
learning from variables such as f, the loading angle on
the coronal plane. Logistic regression and SVC highlight
that obesity, age, and increased rotation angle during a fall
significantly affect hip fracture risk. SHAP values provide
insights into feature contributions for individual predictions,
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Fig.7 The waterfall plot of the SHAP values to interpret the most contributed features towards the prediction of hip fracture risk. Red and blue

color mean higher and lower value of a feature, respectively

offering more detail than techniques that only show aggre-
gated results.

Furthermore, the feature importance shown in the SHAP
plots of logistic regression and SVC align with statistical
analysis that was conducted with the ground truth (QCT-
based FEA) data to identify the effect of variables on
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fracture assessment [37]. However, BMD, though important,
appears less significant in these models. This disparity can
be minimized by increasing the dataset variance in BMD due
to considering different feature importance SHAP plots for
other ML models show different feature impacts, leading to
varied performance metrics.
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Although the proposed data-driven frameworks show
encouraging outcomes, there are some limitations in this
study. The ML-driven framework was built upon the data
obtained from one geographical region, Canada, limiting
its versatility. The models need to be trained with data from
different ethnicities and geographical locations to make the
ML models more robust. The current dataset may not truly
reflect the elderly population as it includes patients well
below 65 years of age. A dataset of older patients aged 65
and above may train the ML. model more appropriately for
the population group. However, the inclusion of younger
adults increases the variability, which might be beneficial
for developing a generalized ML model. Most importantly, a
dataset with clinically diagnosed osteoporosis or information
of prior fractures will increase the efficiency of model train-
ing. The major limitation of this work is the smaller dataset,
which restricts achieving higher accuracy.

5 Conclusions

We have demonstrated the use of ML classifiers integrated
with QCT-based FEA for predicting hip fracture risk in the
elderly. Classical QCT-based FEA involves expensive and
time-consuming 3D femur reconstruction, limiting its clini-
cal use. Data driven modeling can be an alternative to over-
come the limitations, while achieving acceptable predictive
accuracy in a timely manner. In this work, we have investi-
gated the application of different ML models and evaluated
their performance in detecting fracture risk utilizing image
based scientific computation. The outcomes of this work
substantiate the viability of AI/ML in predicting fracture
risk and will act as a fundamental work for future research
directions. While ML models have proven effective in vari-
ous biomedical applications, their application to fracture
risk assessment shows promise. The superior performance
of logistic regression, SVC, and CatBoost with limited data-
sets indicates their potential for accurate fracture risk pre-
diction. Additionally, the modeling framework interpreted/
identified the factors influencing hip or femoral fracture.
This will ensure proper prevention and control as well as
treatment plan to mitigate or reduce the occurrence of hip
fracture. These research efforts have the potential to signifi-
cantly advance the field of Al in healthcare, particularly in
the areas of AI/ML, and biomedical engineering, leading to
more accurate diagnoses, personalized treatment plans, and
improved patient outcomes.
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