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ABSTRACT. Background/Objectives: Osteoporosis is a silent and progressive skeletal disorder character-
ized by reduced bone mineral density and an increased risk of fractures. Early identification of high-risk
individuals is essential to enable timely interventions and prevent complications. This study aimed to de-
velop and evaluate a machine learning-based framework for osteoporosis risk prediction by integrating
demographic, medical history, and lifestyle features, with particular focus on feature reduction strate-
gies to balance accuracy, interpretability, and efficiency. Methods: A dataset comprising 18 clinically
relevant predictors was analyzed. Predictors were systematically reduced through feature selection, re-
sulting in four feature sets (Casel-4). Five supervised learning models were implemented in MATLAB
R2023b, including Fine Tree, Opti-mizable Support Vector Machine (SVM), Efficient Logistic Regression,
Neural Network, and Optimizable Naive Bayes. Model performance was assessed using accuracy, sensi-
tivity, specificity, F1-score, and area under the receiver operating characteristic curve (AUC). Results: The
Fine Tree model under Case4, developed using only two predictors (Age and Medications), achieved the
best balance between accuracy and computational efficiency, with 91.4% accuracy, 82.8% sensitivity, 100%
specificity, an F1-score of 90.6%, and an AUC of 0.9208. The Optimizable SVM (Case3/4) achieved the high-
est predictive capability, with accuracy ranging from 90.9-91.4% and an F1-score up to 90.6%, but required
substantially greater computational cost. Neural Networks and Optimizable Naive Bayes demonstrated
competitive AUC values but were constrained by either sensitivity or longer training times. Conclusions:
Machine learning models with minimal feature sets can achieve clinically meaningful performance in os-
teoporosis risk prediction. The findings suggest that streamlined models such as Fine Tree (Case4) are well
suited for rapid and resource-efficient screening, supporting their potential integration into re-al-world
healthcare settings for early risk assessment and preventive care.
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1. INTRODUCTION

Osteoporosis is a chronic skeletal disorder characterized by reduced bone mineral density (BMD) and
deterioration of bone microarchitecture, leading to increased bone fragility and fracture risk [1]. Often
termed a “silent disease,” it progresses asymptomatically until a fracture occurs, most commonly at the
hip, spine, or wrist [2]. These fractures are associated with chronic pain, disability, diminished quality
of life, and increased mortality [3]. Globally, osteoporosis constitutes a major public health challenge,
with prevalence and healthcare burden expected to rise substantially in aging populations [4, 5].

In Thailand, the burden of osteoporosis among older adults, particularly women, is especially pro-
nounced. The prevalence at the lumbar spine nearly doubles from 22.6% to 39.4% and at the femoral
neck from 10.3% to 20.1% between ages 55-59 and 60-64 [6]. This sharp increase among older women
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highlights the urgency of implementing targeted screening and preventive strategies before the age of
60. Bone mineral density (BMD) measurement remains the diagnostic gold standard [7], while fracture
risk assessment tools such as FRAX® are widely employed to improve early detection [8, 9]. However,
FRAX demonstrates only moderate sensitivity and omits several relevant risk factors, such as vitamin
D deficiency [10], underscoring the necessity for more comprehensive predictive approaches tailored
to older adults.

A central challenge in managing osteoporosis lies in its asymptomatic progression and the limited
accessibility of dual-energy X-ray absorptiometry (DXA) in many regions [11], resulting in underdiag-
nosis until advanced stages. Risk factor-based predictive modeling therefore represents a cost-effective,
non-invasive alternative to identify high-risk individuals [12]. Both non-modifiable (age, sex, ethnicity,
family history) [13] and modifiable factors (low calcium and vitamin D intake, smoking, alcohol use,
physical inactivity, and chronic diseases) [14, 15] influence susceptibility. Early assessment of these
risk factors enables timely preventive strategies—including dietary optimization, weight-bearing ex-
ercise, pharmacological treatments, and patient education [5, 11]—which significantly reduce fracture
incidence, improve out-comes, and lower healthcare costs. Furthermore, risk identification supports
shared decision-making [16], empowers patients to adopt healthier lifestyles [9], and facilitates timely
initiation of pharmacological therapy in high-risk populations [17], ultimately reducing fracture burden
[18] and mitigating long-term economic costs [19].

Recent advances in data science and artificial intelligence provide new opportunities to strengthen
osteoporosis prevention. Machine learning (ML) models can capture complex interactions among de-
mographic, clinical, and lifestyle variables, yielding accurate risk predictions [20, 21]. Incorporating
such approaches into clinical practice holds promise for improving screening efficiency, supporting
decision-making, and enabling early, targeted interventions to lessen the global impact of osteoporo-
sis.

2. MATERIALS AND METHODS

2.1. Dataset description. The dataset used in this study was obtained from a publicly accessible
source on the Kaggle platform, titled “Lifestyle Factors Influencing Osteoporosis” [22]. It includes in-
formation from 1,958 individuals and is designed to explore the relationship between life-style behav-
iors, demographic profiles, and clinical conditions in relation to osteoporosis. A total of 18 features
were extracted and categorized into four groups: demographic variables (age, sex, weight, and height),
lifestyle behaviors (smoking, alcohol consumption, and physical activity), medical history (including
diabetes, rheumatoid arthritis, and pro-longed steroid use), and encoded categorical variables such as
race/ethnicity and comorbidities. All categorical variables were converted into binary format using
one-hot encoding. The outcome variable is binary, indicating the presence or absence of osteoporosis,
and was used as the target for classification.

This dataset provides not only a reliable and realistic basis for evaluating machine learning models in
the context of osteoporosis risk prediction, but also offers practical insights that can serve as a guideline
for structuring real-world data collection in clinical and community healthcare settings. All procedures
and analyses in this study were re-viewed and approved by the Human Research Ethics Committee of
the University of Phayao, Thailand.

2.2. Preprocessing. Prior to model development, data preprocessing steps were applied to ensure
completeness and suitability for analysis. Missing values were handled using a combination of median
imputation for numerical variables and mode imputation for categorical variables to preserve distribu-
tional characteristics. Categorical features were transformed into numerical format through one-hot
encoding [23]. A correlation matrix was computed among all features and the target variable to exam-
ine potential multicollinearity and identify relationships between predictors [24]. This exploratory step
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provided insights into underlying associations and guided subsequent modeling decisions. To evaluate
model performance, the dataset was partitioned into training and test subsets using a 90:10 split ratio,
with stratification to maintain the original class distribution of the outcome variable [25].

2.3. Feature selection. To improve model interpretability and mitigate the risk of overfitting, four
complementary feature selection approaches were employed: Logistic Regression, LASSO regulariza-
tion, Random Forest, and correlation analysis. Logistic Regression was used to identify statistically
significant predictors through odds ratios and p-values, highlighting variables with strong clinical rele-
vance [26]. LASSO regularization [27] provided additional refinement by penalizing less informative co-
efficients and promoting sparsity in the feature space. Random Forest, as a tree-based ensemble method,
was applied to capture nonlinear relationships and rank feature importance based on permutation er-
ror reduction [28]. Finally, correlation analysis was conducted to detect potential multicollinearity and
to ensure that selected predictors contributed unique information [24]. By integrating results across
these four methods, the final set of features was determined with greater robustness, balancing both
statistical significance and predictive utility for osteoporosis risk modeling.

2.4. Model development. For the development of predictive models, five supervised machine learn-
ing classifiers were implemented using MATLAB R2023b to evaluate their effectiveness in osteoporosis
risk prediction. These included Fine Tree [29] Optimizable Support Vector Machine (SVM) [30], Effi-
cient Logistic Regression [26], Neural Network [31], and Optimizable Naive Bayes [32]. Each model was
selected based on its established suitability for classification tasks, as well as its ability to capture both
linear and nonlinear relationships within the data. This diverse set of algorithms provided a balanced
framework for benchmarking predictive performance, interpretability, and computational efficiency in
the context of clinical decision support.

2.5. Evaluation metrics. Model performance was evaluated using multiple classification metrics, in-
cluding accuracy, sensitivity, specificity, F1-score, and the area under the receiver operating character-
istic curve (AUC) [33, 34]. These measures provide a comprehensive assessment of predictive capability
and clinical relevance, particularly in identifying high-risk individuals for osteoporosis. The metrics are

defined as follows:
(TP + TN)

(TP + TN + FP + FN)

TP
(TP + FN)

TN
(TN + FP)

Accuracy =

Sensitivity(Recall, TPR) =

Specificity(TNR) =

(Precision x Recall)
(Precision + Recall)

F1 — score = 2 x

where Precision = ﬁ and Recall = %.

Definition of terms:

TP (True Positive): correctly predicted positive cases (e.g., individuals correctly classified as high risk).
TN (True Negative): correctly predicted negative cases (e.g., individuals correctly classified as low risk).
FP (False Positive): negative cases incorrectly predicted as positive (e.g., low-risk individuals misclas-
sified as high risk).

FN (False Negative): positive cases incorrectly predicted as negative (e.g., high-risk individuals misclas-

sified as low risk).
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3. REsSuULTS

3.1. Correlation analysis. A correlation analysis was performed among all input features and the tar-
get variable (osteoporosis status). The Pearson correlation matrix indicated that age had the strongest
positive correlation with osteoporosis (r = 0.69). In contrast, variables such as physical activity, body
weight, and alcohol consumption exhibited weak or negative correlations with the target. Some mod-
erate negative inter-correlations were also observed among encoded race/ethnicity and medical condi-
tion variables. These findings provide preliminary insights into linear relationships among features and
their potential relevance to osteoporosis prediction. A summary of pairwise correlation coefficients is
presented in Figure 1.
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FIGURE 1. Pearson correlation matrix of all predictors and the target variable (Osteo-
porosis)

For clarity, the variables used in the correlation analysis are defined as follows:
x1 = Age
x2 = FamilyHistory
x3 = BodyWeight
x4 = CalciumlIntake
x5 = VitaminDIntake
x6 = Smoking
x7 = Medications
x8 = PriorFractures
x9 = Race Ethnicity Asian
x10 = MedicalConditions Rheumatoid Arthritis
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x11 = Gender

x12 = HormonalChanges

x13 = PhysicalActivity

x14 = AlcoholConsumption

x15 = Race Ethnicity AfricanAmerican

x16 = Race Ethnicity Caucasian

x17 = MedicalConditions Hyperthyroidism
x18 = MedicalConditions None

y = Osteoporosis (target variable)

These variable definitions correspond to the axes shown in the correlation matrix (Fig. 1) and are used
consistently throughout the analysis.

3.2. Feature importance. To identify the most relevant predictors, logistic regression analysis was
performed to evaluate the contribution of individual features to the outcome. The regression coeffi-
cients, adjusted odds ratios (AdjOR), and corresponding 95% confidence intervals were estimated to
determine statistical significance and the strength of association. Features with significant coefficients
were considered as strong predictors for model construction. The results are summarized in Table 1,
while the overall classification performance of the proposed model is illustrated in Figs. 2 (a,b), showing
both the confusion matrix and ROC curve.

Pooled Confusion Matrix — Acc=0.820, Sens=0.778, Spec=0.862
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FIGURE 2. Model performance evaluation of logistic regression. (a) shows the pooled
confusion matrix with overall accuracy of 0.820, sensitivity of 0.778, and specificity of
0.862. (b) presents the ROC curve with 5-fold cross-validation, achieving a mean AUC
of 0.877

Note: SE = standard error; AdjOR = adjusted odds ratio; CI = confidence interval; Significance codes:
% < 0.001, ** p < 0.01, * p < 0.05, T p < 0.1. Model summary: 1,958 observations, 1,941 degrees
of freedom; Dispersion = 1; X2—statistic vs. constant model = 1.34 x 103, p < 0.001. Variable x18
(MedicalConditions None) was excluded from the logistic regression model as the reference category
in the one-hot encoding scheme to avoid multicollinearity. Consequently, all other medical condition
variables were interpreted relative to this baseline group.

LASSO regularization, random forest algorithm were employed to identify the most influential pre-
dictors of osteoporosis. These methods were selected for their complementary strengths in feature
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TaBLE 1. Estimated coefficients and adjusted odds ratios from logistic regression anal-
ysis

Variable Beta (Estimate) SE  t-value p-value AdjOR  95% CI (Lower-Upper) Significance

x1 3.373 0.165 20.402 1.61x 10792 29.16 21.09-40.33 * % %
x2 0.010 0.068 0.143 0.886 1.010 0.884-1.154

X3 -0.036 0.068 -0.532 0.595 0.964 0.844-1.102

x4 0.014 0.068  0.205 0.838 1.014 0.887-1.159

x5 0.045 0.068  0.668 0.505 1.046 0.916-1.196

x6 -0.116 0.068 -1.703 0.089 0.890 0.779-1.018 1
x7 0.153 0.068 2.239 0.025 1.165 1.019-1.331

x8 0.104 0.068 1.518 0.129 1.109 0.970-1.268

x9 0.089 0.078 1.136 0.256 1.093 0.937-1.275

x10 -0.085 0.078 -1.085 0.278 0.919 0.788-1.071

x11 -0.005 0.068 -0.069 0.945 0.995 0.871-1.137

x12 0.028 0.068 0.418 0.676 1.029 0.900-1.176

x13 -0.039 0.068 -0.571 0.568 0.962 0.842-1.099

x14 -0.014 0.068 -0.199 0.842 0.987 0.863-1.127

x16 0.048 0.078  0.612 0.540 1.049 0.900-1.224

x17 -0.012 0.078 -0.152 0.879 0.988 0.848-1.152
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F1GURE 3. (a) LASSO coefficient path and (b) feature importance

selection and model interpretability, facilitating robust identification of key risk factors for screening
purposes. The left plot illustrates the regularization path of LASSO across varying log()) values, while
the right plot shows the final selected features with non-zero coefficients, indicating their predictive
importance for osteoporosis classification.

Feature selection was performed using four complementary approaches: logistic regression analysis,
LASSO regularization, random forest importance ranking, and correlation analysis. Logistic regression
revealed that x1 was the strongest predictor (Ad-jOR = 29.16, p < 0.001), with x7 also demonstrat-
ing statistical significance (p = 0.025), and x6 showing borderline significance. LASSO identified x7,
x11, x12, x10, and x18 as relevant features, with x11 and x12 contributing the largest coefficients. Ran-
dom forest analysis further emphasized the dominance of x1, followed by moderate contributions from
x9, x4, x14, x13, and x6. Correlation analysis confirmed a strong association between x1 and the out-
come (r =~ 0.69), while also highlighting potential multicollinearity among x12, x14, x15, x16, and
x18. Based on the combined evidence, x1 and x7 were consistently identified as key predictors across
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< 800

True 0

Irue Positive Hate

05 -
500 s
-
s
0.4 -
400 -
-
0.3 P
-
300 - — — Chance
Vs Fold 1 (AUC =0.910)
True 1 0z s Fold 2 (AUC =0.892)
- Fold 3 (AUC = 0.878)
200 < Fold 4 (AUC = 0.87
01 - old4 (AUG =0.876)
P Fold 5 (AUC = 0.863)
- Mean ROG
100 0 I I | I . | I I I I
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
False Positive Rate
Pred 0 Pred 1
(a) (b)

F1GURE 4. Model performance evaluation of random forest. (a) shows the pooled confu-
sion matrix with overall accuracy of 0.852, sensitivity of 0.736, and specificity of 0.967.
(b) presents the ROC curve using 5-fold cross-validation, achieving a mean AUC of
0.884

Random Forest Feature Importance (K=5)
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Ficure 5. Random Forest feature importance (K = 5), showing the mean out-of-bag
(OOB) per-muted AError across folds

multiple methods, while x11, x12, x9, and x6 may provide additional predictive value if managed for
multicollinearity. Features with minimal contributions across all methods (e.g., x2, x3, x5, x8, x10, x15,
x17) can be excluded to simplify the prediction model without sacrificing performance.

3.3. Model performance. Based on the results of feature selection using multiple complementary
approaches, including logistic regression, LASSO regularization, Random Forest, and correlation anal-
ysis, the predictors were systematically categorized according to their relative importance and stability
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TaBLE 2. Feature selection summary across four methods. Checkpoints (1/, ~, x) de-
note strong, partial, or no support
Variable Logistic Regression =~ LASSO  Random Forest Correlation Overall Decision
x1 V/ (***, AdjOR=29.16) - +/ (highest) V/ (r=0.69) \/ Keep (key predictor)
x7 v/ (* p=0.025) vV ~ (low) - / Keep
X6 ~ (t borderline) - ~ (moderate) - ~ Possible
x11 x (NS) Vv ~ (low) - ~ Possible
x12 x (NS) vV ~ (low-mod) ~ (multicollinear) ~ Possible
X9 X - ~ (moderate) - ~ Possible
x4,x4,x13 X - ~ (moderate) ~ (multicollinear) ~ Optinal
x10,x18 X 4/ (small) X/ ~ ~ (multicollinear) ~ Optinal
x2, X3, X5, X8, x15, x16, x17 X X X X x Exclude
TaBLE 3. Comparative performance of Fine Tree, Optimizable SVM, and Efficient Lo-
gistic Regression models across different feature cases. Metrics include training time,
accuracy, sensitivity, specificity, F1-score, and AUC
Model Feature Training Time (sec) Accuracy Sensitivity Specificity F1-Score AUC
Fine Tree Case 1 9.08 85.6 84.5 86.8 85.5 0.0926
Case 2 1.78 87.7 83.6 91.8 87.2 0.9151
Case 3 115.39 89.0 83.3 94.7 88.3 0.9152
Case 4 277.73 91.4 82.8 100 90.6 0.9208
Optimizable SVM Case 1 529.45 85.3 73.1 97.4 83.3 0.8874
Case 2 294.04 86.9 84.3 89.5 86.6 0.9030
Case 3 213.05 90.9 82.4 99.3 90.0 0.9136
Case 4 508.03 91.4 82.8 100 90.6 0.9085
Efficient Logistic Regression Case 1 17.28 82.3 77.7 86.8 81.5 0.9013
Case 2 2.37 82.2 78.0 86.4 81.4 0.9023
Case 3 181.92 82.9 78.2 87.6 82.1 0.9026
Case 4 469.11 82.7 78.4 87.0 82.0 0.9036
Neural Network Case 1 313.91 85.0 72.7 97.3 83.0 0.8860
Case 2 601.96 85.6 74.1 97.1 83.9 0.8947
Case 3 848.87 86.6 73.6 99.7 84.5 0.9046
Case 4 708.03 88.4 77.9 98.8 87.0 0.9158
Optimizable Naive Bayes ~ Case 1 134.67 86.0 74.0 98.0 84.1 0.9163
Case 2 162.66 86.3 75.3 97.2 84.6 0.9179
Case 3 848.87 86.6 73.6 99.7 84.6 0.9046
Case 4 487.43 86.0 75.5 96.5 84.4 0.9194

across methods. Variables consistently identified as strong and clinically relevant predictors (e.g., Age
[x1] and Medications [x7]) were retained, whereas others with weaker or inconsistent contributions
were considered optional or excluded to reduce model complexity and multicollinearity. Accordingly,
four feature subsets were constructed to evaluate the trade-off between predictive performance and

model parsimony:
Casel: x1-x18

Case2: x1, x4, x6, x7, x9, x10, x11, x12, x13, x14, x18

Case3: x1, x6, x7, x9, x11, x12
Case4: x1, x7

From the results in Table 3, the comparative evaluation of each model in terms of both performance
and computational cost can be summarized. The trade-off between accuracy, sensitivity, specificity,
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TaBLE 4. Comparative summary of classification models in terms of performance and
computational cost. Optimizable SVM yielded the highest predictive performance, Fine
Tree offered a balanced trade-off, while Efficient Logistic Regression minimized train-
ing time at the expense of accuracy

Model Best Case Accuracy(%) Sensitivity(%) Specificity(%) F1-Score(%) AUC Training Time (sec) Trade-off Summary
Fine Case 4 91.4 82.8 100 90.6 0.9208 271.73 Good balance between
Tree accuracy and specificity

with moderate training time.
Optimizable — Case3/4 90.9-91.4 82.4-82.8 99.3-100 90.0-90.6  0.9136-0.9085 213-508 Highest predictive performance,
SVM but requires high
computational cost.
Efficient Case 1 823 71.7 86.8 81.5 0.9013 2.37-17.28 Fastest training time,
Logistic but with lower
Regression accuracy and sensitivity.
Neural Case 4 88.4 77.9 98.8 87.0 0.9158 708.03 Strong performance and
Network high AUC, but very
high computational cost.
Optimizable  Case 4 86.0 75.5 96.5 84.4 0.9194 487.43 High specificity and
Naive competitive AUC,
Bayes but relatively low sensitivity.
Fine Tree )
Fine Tree ! -

08+

o

©
@ Bos: e

o

3
% &
g 0 0.4
2 E
[ (=

1 02+
A [—0 (AUC = 0.8208)
" * 0 Model Operating Point
Predicted Class | | | A
0 02 0.4 08 08 1
False Positive Rate
(a) (®)

Ficure 6. Confusion matrix (a) and receiver operating characteristic (ROC) curve (b)
of the Fine Tree model under Case 4 feature selection (x1: Age, x7: Medications). The
confusion matrix demonstrates the distribution of correctly and incorrectly classified
cases, while the ROC curve shows the model’s discriminative ability, achieving an area
under the curve (AUC) of 0.9208, indicating excellent predictive performance

and training time highlights the relative strengths and weaknesses of the models, which are further
consolidated in the subsequent summary table.

From Table 4 and Figs 6-8, the comparative analysis across multiple machine learning models demon-
strates distinct trade-offs between predictive performance and computational cost. Fine Tree and Op-
timizable SVM consistently achieved the highest accuracy and specificity, particularly in Case 3 and
Case 4, with Area Under the Curve (AUC) values exceeding 0.91. These models, however, required
substantially longer training times, which may limit their scalability in resource-constrained settings.

Efficient Logistic Regression, while showing relatively lower accuracy and sensitivity, offered the
most favorable balance between speed and interpretability, making it suitable for rapid deployment
scenarios. Neural Network and Optimizable Naive Bayes models provided competitive performance,
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FIGURE 7. Performance evaluation of the Optimizable Support Vector Machine (SVM)
model (Case 3, feature set = x1, x6, x7, x9, x11, x12). (a) Confusion matrix showing
true positives (807), true negatives (972), false positives (7), and false negatives (172).
(b) Receiver operating characteristic (ROC) curve with an AUC of 0.9136, indicating
strong discrim-inative ability for osteoporosis prediction
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Ficure 8. Confusion matrix (a) and ROC curve (b) of the Optimizable SVM model us-
ing Case 4 (features: age and medications). The model achieved an accuracy of 91.4%,
sensitivity of 82.8%, specificity of 100%, F1-score of 90.6%, and an AUC of 0.9085, high-
lighting strong predictive ability with only two key predictors

with AUC values comparable to Fine Tree and SVM, though they exhibited moderate to high compu-
tational demands.

Taken together, the findings indicate that model selection should be guided by application context:
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(i) Performance-oriented applications (e.g., high-stakes clinical decision support) would benefit from
Fine Tree or Optimizable SVM.

(ii) Cost-sensitive or real-time applications (e.g., large-scale screening or embedded systems) may favor
Efficient Logistic Regression.

These trade-offs are systematically summarized in the subsequent checkpoint table, providing a prac-
tical guideline for selecting the most appropriate model based on both performance and cost consider-
ations.

4. DISCUSSION

The findings of this study highlight the clinical relevance of predictive modeling for osteoporosis by
comparing different machine learning approaches under varying feature selection strategies (Case1-4).
Importantly, the progressive reduction of input variables—from the full set of 18 predictors in Casel to
only two highly informative variables (Age [x1] and Medications [x7]) in Case4—provides key insights
into the balance between model complexity, interpretability, and predictive accuracy.

From a clinical standpoint, Casel represents a comprehensive risk profile that in-tegrates demo-
graphic, lifestyle, and medical condition variables. While this approach ensures maximal information
capture, the inclusion of numerous predictors increases the risk of multicollinearity and complicates
practical implementation in real-world healthcare settings. In contrast, Case2 and Case3 streamline the
model by focusing on a reduced set of variables (e.g., Age, FamilyHistory, Smoking, Medications, and
Prior Fractures), which remain clinically interpretable and more feasible to collect in primary care or
screening environments.

Case4 demonstrates that a minimal feature set—Age and Medications—can still achieve competitive
performance metrics across models such as Fine Tree and Optimi-zable SVM. This result is particularly
valuable for developing rapid, accessible screen-ing tools for older adults, especially in primary care or
community health contexts where data availability and resources may be limited. The prioritization of
Age as the strongest predictor aligns with established literature emphasizing its role in bone den-sity
decline, while the inclusion of Medications reflects the importance of pharmacolog-ical management in
lifestyle medicine. These insights directly support novel applica-tions of lifestyle medicine in adults and
older adults by enabling targeted interventions that combine early risk identification with preventive
and therapeutic strategies.

Regarding model selection, Fine Tree and Optimizable SVM offered the best balance between pre-
dictive accuracy and clinical interpretability, although the latter required substantially higher compu-
tational resources. Efficient Logistic Regression provided the fastest training times, but at the expense
of reduced sensitivity, which is a critical limitation for identifying high-risk patients. Neural Networks
and Naive Bayes achieved strong AUC and specificity values but required longer training times, mak-
ing them less suitable for resource-constrained environments.

Clinically, these results suggest that predictive models using reduced feature sets can still maintain
strong performance, thereby supporting their translation into screen-ing tools or decision-support sys-
tems for older adults. The choice of model should be guided by the specific clinical context: in settings
prioritizing sensitivity (e.g., early detection in high-risk populations), models trained under Casel or
Case2 may be more appropriate. Conversely, in environments requiring rapid deployment with limited
variables, Case4 demonstrates the potential for streamlined models to retain clinical utility.

Overall, this study underscores the importance of aligning predictive modeling strategies with clin-
ical feasibility and the principles of lifestyle medicine. Reducing the number of input variables without
compromising predictive accuracy enhances the po-tential for integration into routine clinical work-
flows, supporting early intervention, preventive care, and personalized risk management in osteoporo-
sis among adults and older adults.
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5. CONCLUSION

This study demonstrated the potential of machine learning—based predictive models in assessing os-
teoporosis risk, highlighting the importance of both model selection and feature reduction strategies.
By systematically comparing five supervised classifiers—Fine Tree, Optimizable SVM, Efficient Logis-
tic Regression, Neural Network, and Optimizable Naive Bayes—across four feature selection cases, we
showed that reducing the number of input variables did not substantially compromise predictive perfor-
mance. In particular, the combination of age and medication use (Case4) yielded competitive accuracy
and specificity, underscoring the feasibility of developing parsimonious yet clinically effective mod-
els. From a clinical perspective, the findings suggest that predictive models can be adapted to different
healthcare settings depending on resource availability and clinical priorities. Models with a larger
feature set (Casel, Case2) may provide higher sensitivity and comprehensive risk profiling, which is
valuable for early detection and high-risk patient identification. Conversely, models with reduced fea-
tures (Case3, Case4) offer practical advantages in terms of data collection efficiency and re-al-world
applicability, particularly in primary care or community-based screening pro-grams where time and
resources are limited.

Overall, this work emphasizes the utility of integrating machine learning into osteoporosis risk as-
sessment and highlights the balance between predictive accuracy, interpretability, and computational
cost. These insights provide a foundation for future clinical decision-support tools aimed at improving
early diagnosis, individualized risk management, and ultimately reducing the burden of osteoporosis-
related fractures.
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