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ABSTRACT 

Introduction: Osteoporosis is a major public health problem worldwide. Patients with 

osteoporosis are at higher risk of bone fractures, pain, and immobilization. The aim of the present 

study was to predict osteopenia/osteoporosis from demographic, clinical and laboratory data using 

machine learning (ML) algorithms.  

Methods: Demographic, clinical, and laboratory data from 239 cases (101 normal and 138 with 

osteopenia/osteoporosis) were collected. Thirteen features were included: age, sex, weight, height, 

smoking status, glucocorticoids use, chemotherapy, insulin use, levothyroxine usage, history of 

bone fracture, premature menopause, calcium usage, and vitamin D usage. The Python 

programming language was used for preprocessing and modeling. Support Vector Machine 

(SVM), Logistic Regression (LR), Random Forest (RF), MultiLayer Perceptron (MLP), and 

eXtreme Gradient Boosting (XGBoost) models were trained and evaluated. Accuracy, precision, 

recall, F1-score, and Area under the curve (AUC) were calculated.  
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Results: The XGBoost model showed better performance in terms of accuracy, precision and 

AUC.For the test group, the accuracy, precision, and AUC achieved by the XGBoost model were 

0.68, 0.71, and 0.73, respectively.  

Conclusion: The results of this study indicate that using the 13 selected features, it is possible to 

perform an initial prediction to distinguish between normal individuals and those with osteopenia 

or osteoporosis. Among the evaluated features, sex, age, and smoking had the highest importance. 

The proposed model may serve as a low-cost preliminary risk prediction model for identifying 

individuals at increased risk of low bone mineral density, particularly in settings with limited 

access to  DEXA scanning. 

 

Keywords: Machine learning; Osteopenia; Osteoporosis; Demographic data 

 

INTRODUCTION  

Osteoporosis is a skeletal disorder characterized by reduced bone strength, leading to an increased 

risk of fractures, particularly in older adults [1]. In the United States, 1.5 million cases of 

osteoporosis-related fractures are observed each year [2]. Unlike many chronic diseases that have 

multiple symptoms, osteoporosis is asymptomatic until a fracture occurs [3]. The most important 

uncontrollable factors of osteoporosis are aging, being female, and decreasing estrogen levels after 

menopause [4]. Osteoporosis is typically diagnosed using bone densitometry [5]. Osteoporosis 

management strategies are diverse, including hormone therapy, lifestyle modifications (exercise 

and diet), and the use of pharmacologic agents [6].  

Currently, dual-energy X-ray absorptiometry (DEXA) is considered the gold standard for 

measuring bone mineral density (BMD) [7]. Using this, X-rays from two sources with different 

energies are emitted to the bone, and the amount of radiation that has passed or absorbed is 

measured [8]. The output values of these two rays are measured by a sensor in the DEXA device. 

The denser the bone, more radiation is absorbed, and as a result, less output radiation reaches the 

device's sensor [9]. Although DEXA is considered the gold standard for measuring bone mineral 

density, access to DEXA scanners may be limited in certain regions because of equipment costs, 

availability, and the need for specialized facilities. Therefore, alternative prediction models that 

use routinely available along with  clinical information may help identify individuals who would 

benefit from further diagnostic evaluation [10]. Additionally, the people which are undergone a 

DEXA examination are exposed to extra ionizing radiation [11, 12]. 

In addition to BMD measurements, several clinical tools have been developed to estimate 

osteoporosis and fracture risk. One of the most widely used approaches is the Fracture Risk 

Assessment Tool (FRAX), which estimates the 10-year probability of major osteoporotic fractures 

using demographic and clinical risk factors, with or without bone mineral density measurements. 

While FRAX has demonstrated substantial clinical utility, its underlying statistical framework may 

not fully capture complex nonlinear relationships among risk factors. Machine learning (ML) 

approaches may provide an alternative strategy by modeling interactions among multiple variables 

and potentially improving risk stratification [13]. By decoding information from medical images, 

both ML and deep learning (DL) provide predictive and prognostic models for disease diagnosis 

and treatment. It is expected that ML will become an important component in the diagnosis and 

treatment of diseases in the near future [14-19]. 

There are different studies on determination of bone density based on computed tomography (CT) 

or radiography images using ML or DL methods [20-23]. In a study by Yasaka et al. [20], bone 

mineral was predicted from CT images using DL technique. Hu et al. [21] extracted preoperative 
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vertebral quantitative CT radiomic features and developed models to predict changes in BMD after 

sleeve gastrectomy. Kalavakonda et al. [22] automated Singh Index identification from hip 

radiographs using machine learning algorithms. Sato et al. [23] used DL for prediction of bone 

mineral density and T-score from chest X-rays.  

There are also other studies on diagnosis of osteoporosis based on either MRI or CT images using 

ML or DL methods [24-30]. In a study conducted by Küçükçiloğlu et al. [24], CT and MRI images 

of lumbar vertebrae were used in to diagnose osteoporosis. In a study by Jang et al. [25], 

radiographic images of the hip joint and the use of artificial intelligence algorithms were used to 

diagnose osteoporosis. Klontzas et al. [26] used radiomics and ML for differentiation of transient 

osteoporosis from avascular necrosis of hip. He et al. [27] used radiomics and lumbar MRI images 

for detection of osteoporosis. Zhao et al. [28] applied an automated radiomics screening pipeline 

for osteoporosis and abnormal bone density detection. Nam et al. [29] utilized lumbar CT images 

and ML model for prediction of osteoporotic spine. Xie et al. [30] developed a ML-derived 

radiomics model for diagnosis of osteoporosis and osteopenia from CT images.  

While the ML and DL methods roprted in previous studies are promising they are in some extent 

complex and require access to patients images and often involves exposure to ionizing radiation. 

In better words, Previous ML studies have primarily focused on imaging-based approaches using 

CT, MRI, radiographs features. Although these methods often achieve high predictive 

performance, they require access to imaging data and specialized image-processing workflows. 

Comparatively fewer studies have investigated whether osteoporosis can be predicted using only 

routinely available demographic and clinical variables. Therefore, there remains a need for 

simplified prediction models that can be implemented in primary care settings without the need 

for imaging data. 

Huang et al. [31] introduced a simple and user-friendly ML model for osteoporosis detection in 

healthy populations. Their model utilized variables such as age, height, weight, and body mass 

index (BMI). The key advantage of the study was the prediction of osteoporosis using general 

demographic data, however, its applicability was limited to individuals older than 50 years. To the 

best of our knowledge, few studies have focused on detecting osteoporosis using routine general 

data rather than  imaging modalities, which cause complexity and radiation burden to the patients. 

The objective of this study was to develop and evaluate machine learning models to distinguish 

normal individual  from those with osteopenia/osteoporosis using routinely available 

demographic, clinical, and laboratory variables and to identify the most influential predictors 

associated with low bone mineral density. 

 

METHODS 

Study population 

A total of 239 cases (not necessarily consequtive)were included in this study, comprising 101 

normal, 104osteopenia and 34 osteoporosis.For modeling purposes, it was defined as a binary 

classification task, considering two classes: normal versus osteopenia/osteoporosis. In other 

words, the data were structured so that the algorithm only recognizes two classes: healthy subjects 

labeled as 0 (n=101), and patients labeled as 1 (n=138), which combines both osteopenia and 

osteoporosis.Ethical guidelines ofour University Hospitalwere followed, and no additional 

intervention was applied to the patients. This study utilized original, de-identified patient data 

collected at Taleghani Hospital (Tehran, Iran) and Akhtar Orthopedic Hospital (Tehran, Iran). 

Patient confidentiality was strictly maintained in accordance with ethical guidelines of Shahid 

Beheshti University of Medical Sciences. The dataset has not been previously published and 
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maybe made available upon official request from the corresponding author, subject to approval by 

the relevant ethics committee.The standards for reporting diagnostic accuracy (STARD) guidline 

was not followed. 

 

Dempgraphic and clinical data 

Thirteen demographic, clinical and laboratory features were recorded for each participant, 

including age, sex, weight, height, smoking, glucocorticoids usage, chemotherapy, using insulin, 

levothyroxine usage, bone frauture history, premature menopause, calcium usage and vitamin D 

usage. These data were obtained from standardized questionnaire forms completed by the 

participants. Feature selection was based on established osteoporosis risk factors reported in the 

literature and availability of variables in routine clinical practice. There are also other features 

which are related to osteopenia/osteoporosis (physical activity, dietary calcium intake, hormonal 

status) which were not recorded in the clinics and could not be selected. The questionare forms 

have been completed by the Nuclear Medicine Department of Taleghani Hospital (Tehran, Iran) 

and DEXA Imaging Department of Akhtar Orthopedic Hospital (Tehran, Iran). The demographic 

data were extracted and recorded based on these forms. Continuous features were analyzed using 

their numerical values, while categorical variables were encoded as binary numbers (0 or 1). 

 

Bone densitometry 

Bone mineral densitometry was obtained using DEXA,which was considered the gold standard for 

the diagnosis of osteopenia and osteoporosis in this study. The DEXA reports which have been 

recorded before in the Nuclear Medicine Department of Taleghani Hospital (Tehran, Iran) and 

DEXA Imaging Department of Akhtar Orthopedic Hospital (Tehran, Iran) were included in the 

modeling. The DEXA scans with performed using a BMD QDR Explorer (Hologic, USA) with 

100, and 140 kVp voltages setting and a Siemens 2D Fan Beam (Siemens, Germany) with 43, and 

70 kVp setting at Taleghani and Akhtar  hospitals, respectively. 

 

Data preprocessing 

The percentage of missing values varied among features. Six variables including age, weight, 

height, levothyroxine, bone frauture history and premature menopause  had only one missing value 

(0.42%), whereas calcium usage and vitamin D usage variables had 49 (20.5%) and 47 (19.7%) 

missing values, respectively. Missing values were handled using median imputation, which was 

selected because of its robustness to outliers and suitability for relatively small datasets. 

Data preprocessing and analysis were implemented in Python (Version 3.12.3, Python Software 

Foundation). All features and labels were defined as variables in the software,and missing values 

were filled using median imputation. The datasetwas randomly devided into training and test sets 

using the scikit-learn library in Python, including 75% of the data in the trainingset (179 cases) 

and 25% of the data in the test set (60 cases). The samples were randomly assigned to the test set 

while preserving the proportions of healthy and patient classes. In other words, for the 

osteopenia/osteoporosis breakdown within the patient class, but it was not tried to keep it 

consistent with the original population for clinical diversity. In the overall dataset, healthy cases 

The data were split using a 75/25 ratio (75% for training and the remaining 25% for testing). Since 

different features had different sacles, feature standardization was applied using the 

StandardScalerfunction from scikit-learn in the Python software environment, fitted on the training 

data [32]. After the standardization on training set, the standard parameters were utilized for the 

test group. All features were standardized to have zero mean and unit standard deviation. 
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Following the initial description of the dataset, the subsequent step involved data preprocessing to 

prepare the dataset for model training. Several key steps were performed to ensure data quality 

and suitability for analysis. First, features recorded as text format turned into numerical variables. 

Second, missing values were addressed using median imputation. Subsequent, the dataset 

randomly divided into training and test sets. After that, feature scaling using standardization 

technique were conducted to ensure the comparable range of features. 

  

ML models 

Following data preprocessing and standardization, various ML models were evaluated for their 

performance. The selected models included: Support Vector Machine (SVM) [33], Logistic 

Regression (LR) [34], Random Forest (RF) [35], Multi Layer Perceptron (MLP), and 

eXtreme Gradient Boosting (XGBoost) [36]. Logistic Regression was included as a conventional 

baseline model. Random Forest and XGBoost were selected because of their ability to capture 

nonlinear relationships, while SVM and MLP represented kernel-based and neural network 

approaches, respectively [37]. Model training was performed using sikit-learnlibrary in Python. 

Each model consisted of an initial set of hyperparametes, which were subsequently optimized. The 

final model training was conducted using these optimized hyperparameters. In the following, more 

details on optimization of hyperparameters are presented.  

Model performance was evaluatedusing a comprehensive set of metrics:Accuracy, Precision, 

Recall, F1-Score, Mathews Correlation Coefficient (MCC) and AUC. As it was mentioned before, 

the classification task included two classes: normal and osteopenia/osteoporosis.  

 

Model hyperparameter optimization 

From the total of 239 subjects, 179 (75%) were allocatedto the the training set and 60 (25%) to the 

test set. Hyperparameter optimization and model training were performed on the training set, 

employing cross-validation techniques. Hyperparameter optimization were conducted using Grid 

Search Cross-Validation (GridSearchCV function in sikit-learn) with 10-fold cross validation. The 

optimal hyperparameters for each model were selected based on their performance on the 

validation folds within the training set.  

For the SVM model, three hyperparameters were evaluated, the first and second hyperparameters 

had three different states, the third one had five different states. Totally 45 different sets were 

evaluated for SVM to determine that which state is better. 10-fold cross-validation technique was 

used for each set-up in the SVM algorithm. The optimized set-up was determined using the 

accuracy criteria. Mean accuracy between 45 set-ups were compared.  

For LR model three hyperparameters were considered. The first hyperparameter had there states, 

the second one had four states, and the third one had three states. Totally 36 states were examined 

and the optimum was determined. For RF algorithm seven hyperparameters were evaluated and 

totally 288 states were evaluated to find the optimum set of hyperparameters. For MLP model 360 

different states were evaluated to find the optimum one. XGBoost was evaluated based on 729 

states. The other procedures for evaluation of LR, RF, MLP, and XGBoost were the same as 

described before for the SVM model. The list of hyperparameters for SVM, LR, RF, MLP, and 

XGBoost are presented in Table 1. 

 

Model training and performance evaluation  

Accuracy, precision, recall, F1-score, and area under curve (AUC) of the receiver-operating 

characteristic (ROC) curve were those criateria which were utilized for evaluation of the models. 
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The selected optimized hyperparameters from cross-validation in the training step were used to 

retrain models with the total training data and evaluated for the test data (the remaining 20% of 

the data).The best model was selected based on these criteria for the test set. The numbers of true 

positive, false positive, true negative and false negative was determined and used for calculation 

of these quantities.  

Feature importance analysis was conducted for the best-performing model to identify the most 

effective predictors of osteopenia/osteoporosis.  

 

RESULTS 

Study population characteristics 

As mentioned before, the demographic, clinical and laboratory data of the 239 participants were 

recorded. Table 2 encompasses thirteen features, providing descriptive statistical measures 

including mean and standard deviation for continuous variables, whereas the number of positive 

and negative samples for categorical features. These thirteen features of 239 samples form the 

foundation for subsequent analyses and the development of predictive models in this study. The 

rational for selection of these feature was that they were normally recorded in the clinics and they 

are relevant to osteopenia/osteoporosis. 

These thirteen features of 239 samples form the foundation for subsequent analyses and the 

development of predictive models in this study. Among the 239 participants, 101 (42.3%) were 

classified as normal, 104 (43.5%) as osteopenic, and 34 (14.2%) as osteoporotic according to 

DEXA measurements. The study population was predominantly female (84.9%), which is 

consistent with the higher prevalence of osteoporosis among women. The mean age of participants 

was 57.29 ± 11.60 years, reflecting a population at increased risk of bone mineral density loss. 

Median imputation successfully addressed missing values without excluding subjects from the 

analysis. Standardization ensured that all continuous variables contributed equally to model 

training and prevented features with larger numerical ranges from dominating the learning process. 

These preprocessing steps improved data consistency and facilitated fair comparison among 

machine learning algorithms. 

 

Model performance evaluation 

Following the data preprocessing stage, the five selected ML models were trained and evaluated. 

As detailed in method section, a 10-fold cross-validation approach was employed to optimize the 

best set of hyperparameters. The best set of hyperparameters in each model determined based on 

mean accuracy on 10 validation folds. The performance metrics of classifiers for cross-validation 

techniqueare presented in Table 3. Subsequently, the finalized models, selected based on their 

cross-validation performance, were applied to the independent test set. This test data provides an 

unbiased assessment of how the models are expected to perform on unseen data. Table 3 also 

shows the performance of each model on test data in tabular format, wherease Figure 1 demostrates 

the results of all classifiers on test set using barplot to simply compare all classifiers in terms of 

each metric. 

Across all evaluated models, XGBoost achieved the highest performance on the independent test 

set. Compared with Logistic Regression, XGBoost improved AUC from 0.65 to 0.73 and increased 

recall from 0.68 to 0.77. The XGBoost model also yielded a specificity of 0.56.These findings 

suggest that nonlinear ensemble-learning approaches may better capture complex relationships 

among demographic and clinical risk factors associated with reduced bone mineral density. 
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ROC curve for the trained models compared to the random classifier is presented in Figure 2. 

Results on test data shows that XGBoost model outperforms other classifiers. The accuracy, 

precision and recall of this model achieved 0.68, 0.71 and 0.77 respectively. The F1-score, MCC 

and AUC evaluated on test data was 0.74, 0.34 and 0.73. 

Although all machine learning models performed better than random classification, the ROC curve 

of XGBoost consistently remained above those of the other algorithms throughout most decision 

thresholds, indicating superior discriminative capability. The observed AUC of 0.73 suggests 

moderate predictive performance when using demographic and clinical variables alone. 

 

Importance of features 

The importance of all thirteen features used in the XGBoost model was evaluated to identify which 

predictors contributed most to the classification performance. The importance analysis generated 

non-zero importance scores for 11 out of 13 features. A ranked horizontal bar plot summarizing 

these importance values is presented in Figure 3.  

Sex and age demonstrated the highest feature importance scores, followed by smoking status. 

Several additional variables, including calcium supplementation, insulin use, and thyroid hormone 

replacement therapy, also contributed to model performance. These findings indicate that 

osteoporosis risk prediction benefits from a combination of demographic, behavioral, and clinical 

factors rather than reliance on a single predictor. 

 

False-negative (FN) error pattern analysis 

To further investigate the performance of the XGBoost model on the test set, a detailed analysis 

of false-negative cases was conducted, as presented in Table 4. This table shows the number and 

percentage of patients whithin the test group who were real positive cases, and the number and 

percentage of patients that misclassified to healthy (false-negative cases). The results shows that 

the frequency of osteopenia is much more than osteoporosis (26 versus 9). Eight subjects out of 

35 (total of real patients) classified as healthy (7 osteopenia out of 26 and 1 osteoporosis out of 9). 

This means that 87.50% and 12.50% of FN cases belongs to osteopenia and osteoporosis, 

respectively. If we consider the ratio of real patients, 35 samples (26: osteopenia, 9: osteoporosis), 

the expected percentage of FN is 74.29% and 25.71% for osteopenia and osteoporosis. In other 

words, the majority of false-negative predictions occurred among osteopenic individuals. 

Specifically, 7 of the 8 false-negative cases belonged to the osteopenia group, whereas only one 

false-negative case was observed among patients with osteoporosis. This observation suggests that 

osteopenia may represent an intermediate biological state that shares characteristics with both 

normal bone density and osteoporosis, making accurate classification more challenging. In 

contrast, osteoporosis is typically associated with more pronounced clinical and physiological 

alterations that are easier for machine learning models to identify.Confusion matrix for the patients 

and healthy samples which were calculated using XGBoost model for the test set is presented in 

Table 5. 

 

DISCUSSION 

In this study, ML models were developed and evaluated for the prediction of osteopenia and 

osteoporosis using routinely available demographic, clinical, and laboratory variables. Among the 

evaluated algorithms, XGBoost demonstrated the best overall performance, achieving an accuracy 

of 0.68, precision of 0.71, recall of 0.77, F1-score of 0.74, and AUC of 0.73 on the independent 
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test dataset. These findings suggest that meaningful prediction of low bone mineral density can be 

achieved without the use of imaging-derived features. 

The superior performance of XGBoost is consistent with previous studies demonstrating the 

effectiveness of gradient boosting methods in healthcare prediction tasks. Unlike traditional 

statistical approaches, XGBoost can model nonlinear interactions among variables while 

simultaneously reducing overfitting through regularization techniques. These characteristics likely 

contributed to its improved predictive capability compared with Logistic Regression, Random 

Forest, SVM, and MLP models. This trend is in agreement with the AUC data presented in Table 

3. 

Based on the results in Table 4, analysis of false-negative cases demonstrated that most 

classification errors occurred among osteopenic patients rather than osteoporotic patients. This 

finding is clinically reasonable because osteopenia represents an intermediate condition between 

normal bone density and osteoporosis. Consequently, the demographic and clinical characteristics 

of osteopenic individuals may overlap substantially with those of normal individuals, making 

classification more difficult. In contrast, osteoporosis is generally associated with more advanced 

biological changes that are easier to distinguish from normal bone status. 

Based on the data presented in Figure 3, feature importance analysis identified sex, age, and 

smoking status as the strongest predictors of osteopenia and osteoporosis. These findings are 

biologically plausible and consistent with previous epidemiological studies. Sex emerged as the 

most influential predictor, likely reflecting the increased prevalence of osteoporosis among women 

following menopause. Estrogen deficiency accelerates bone resorption and contributes 

substantially to bone mineral loss. Age was also highly important, which is expected given the 

progressive decline in bone formation and remodeling capacity that accompanies aging. Smoking 

ranked among the top predictors, consistent with evidence that tobacco exposure negatively affects 

osteoblast activity, calcium metabolism, and hormonal regulation, thereby increasing osteoporosis 

risk. 

The performance achieved in the present study was lower than that reported by many imaging-

based machine learning studies. Previous investigations using CT, MRI, radiomics, and deep 

learning approaches frequently report AUC values exceeding 0.85. This difference is expected 

because imaging features directly capture structural information related to bone quality and 

mineral density. Nevertheless, the present study demonstrates that acceptable predictive 

performance can be achieved using readily available demographic and clinical variables alone, 

eliminating the need for image acquisition and image-processing workflows. 

There are different studies on determination of bone density using ML or DL methods [20-31]. A 

list of different studies on determination of bone density or detection of osteoporosis with 

radiomics/ML or DL is presented in Table 6. As it is obvious from this table the AUC performance 

quantities in this study is lower than the other studies. The reason for this trend is that in the other 

studies image features were used as alone features or in combination with the clinical data. It is 

clear that by the use of image features the performance will be increased. There is also another 

study by Huang et al. [31] in which only general population data were used for modeling. The 

AUC in that study is relatively the same as that in our study. The advantage of the other studies, 

in which imaging features were used, is higher AUC, accuracy, and precision in detection of 

osteoporosis. On the other hand, the advantage of the present study is the lack of the need for 

imaging tools. In other words, based on the results of the present study, by the use of a simple 

quastionare and general data (including sex, age, smoking, etc.) and the presented optimum 

model,it is feasible to predict osteopenia/osteoporosis with a relatively good performance. Another 



IRAN J NUCL MED 
ACCEPTED MANUSCRIPT (UNEDITED, IN PRESS) 

The manuscript will undergo copyediting and typesetting before it is published in its final form. 

How to cite this article: 
Zohrevand H, Ghorbani M, Yazdanpanah S, Faghihi Moghadam F, Shalbaf A, Asgari MR, Langari H, Tabei F. A 
machine learning study on prediction of osteopenia/osteoporosis from demographic and clinical data. Iran J Nucl 
Med. doi: 10.22034/irjnm.2026.130533.1763 

 

9 
 

advantage of this study over other studies is that in most of the other studies only osteoporosis 

abnormality was predicted, while in this study osteopenia was also predicted.  

From a clinical perspective, the proposed model is not intended to replace DEXA-based diagnosis. 

Rather, it may serve as a preliminary prediction model for identifying individuals at elevated risk 

of osteopenia or osteoporosis. Such a strategy may be particularly valuable in primary-care 

settings, community predictionprograms, and regions with limited access to bone densitometry 

services. Individuals identified as high-risk could subsequently be referred for confirmatory 

DEXA evaluation. 

There is a tool for calculation of ten-year probability of fracture with or without BMD (FRAX 

[38]) which can be found in the following webpage: https://www.fraxplus.org/calculation-tool. It 

is capable of online calculation of fracture risk by introducing age, sex, weight, height, previous 

fracture, parent fractured hip, current smoking, glucocorticoids, rheumatoid arthritis, secondary 

osteoporosis, alcohol 3 or more units per day, and or femoral neck BMD. There are similarities 

and differences between this study and the FRAX. The similarity is that both are using relatively 

the same features while their scopes are different (one predicts being normal or 

osteopenia/osteoporosis and the other predicts bone fracture risk). Using ML for prediction of bone 

fracture risk and comparison with the values which can be calculated by FRAX can be a subject 

for a future study. Furtheremore, superiority of this model over osteoporosis self-assessment tool 

(OST), osteoporosis risk assessment instrument (ORAI), simple calculated osteoporosis risk 

estimation (SCORE), osteoporosis index of risk (OSIRIS), QFracture, and Garvan fracture risk 

calculator need to be  evaluated in the future stidies. 

Several limitations should be considered when interpreting the findings of this study. First, the 

sample size and the predictive performances of the models were relatively modest, which may 

limit model generalizability. Second, the study population was derived from a limited geographic 

region without performing external validation using independent cohorts. Third, several 

potentially important predictors of osteoporosis, including body mass index, physical activity 

level, dietary calcium intake, family history of osteoporosis, alcohol consumption, and history of 

diseases related to secondary osteoporosis (examples: hypogonadism, type 1 diabetes, untreated 

hyperthyroidism)were not available. Fourth, osteopenia and osteoporosis were combined into a 

single abnormal category to improve statistical power, which prevented separate evaluation of the 

two conditions. Finally, imaging biomarkers derived from CT, MRI, or radiographic studies were 

not incorporated into the models. Future studies involving larger multicenter datasets, external 

validation cohorts, and additional clinical and imaging variables may further improve the 

predictive performance.  

In this study only the features which are related to normal and osteopenia/osteoporosis cases were 

introduced, while no software was developed. Therefore, developing a software or application 

which includes these featuresand XGBoost model as input and prediction of being normal or 

osteopenia/osteoporosis as the output will be useful.  

Future research should focus on the integration of demographic, clinical, laboratory, and imaging 

features within unified machine learning frameworks. Additionally, external validation using 

multicenter cohorts and prospective datasets will be necessary to determine the clinical 

applicability and generalizability of the proposed model. The incorporation of explainable artificial 

intelligence techniques may further enhance clinician confidence and facilitate adoption in clinical 

practice. 
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CONCLUSION 

The findings of this study demonstrate that machine learning models trained on routinely available 

demographic, clinical, and laboratory variables can provide meaningful prediction of osteopenia 

and osteoporosis. Among the evaluated algorithms, XGBoost achieved the highest overall 

performance, with an AUC of 0.73 on the independent test dataset. Feature importance analysis 

identified sex, age, and smoking status as the most influential predictors of low bone mineral 

density. Although the predictive performance was lower than that reported in many imaging-based 

studies, the proposed approach offers a simple and accessible prediction strategy that does not 

require imaging data. Therefore, this model may serve as a preliminary risk assessment tool to 

identify individuals who would benefit from further evaluation using DEXA and a comprehensive 

clinical assessment.Developing a software application which incorporate these features and the 

XGBoost model as input, with prediction of being normal or osteopenia/osteoporosis as the output, 

has a useful potential for future  clinial implications. 
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Table 1. List of hyperparameters for SVM, LR, RF, MLP, and XGBoost models 

 

Model Hyperparameter 

SVM C, Kernel, Gamma 

LR C, penalty, solver 

RF 
max_depth, min_samples_split, min_samples_leaf, max_features, 

max_leaf_nodes, bootstrap, n_estimators 

MLP 
hidden_layer_sizes, activation, solver, alpha, learning_rate, max_iter, 

early_stopping, batch_size 

XGBoost n_estimators, max_depth, learning_rate, subsample, colsample_bytree, gamma 

SVM: Support Vector Machine, LR: Logistic Regression, RF: Random Forest, MLP: MultiLayer Perceptron, 

XGBoost : eXtreme Gradient Boosting 

 

 

 

Table 2. Study population characteristics related to the 13 features 

 

Feature Descriptive Stat 

Age Healthy(Mean=52.15, SD=12.36)/ Sick(Mean=60.64, SD=10.75) 

Sex Healthy(Male=21, Female =80)/ Sick(Male=15, Female =123) 

Weight Healthy(Mean=75.30, SD=14.54)/ Sick(Mean=72.61, SD=11.68) 

Height Healthy(Mean=163.21, SD=20.20)/ Sick(Mean=161.22, SD=7.03) 

Smoking Healthy(Pos=13, Neg =88)/ Sick(Pos=14, Neg =124) 

Glucocorticoids usage Healthy(Pos=10, Neg =91)/ Sick(Pos=8, Neg =130) 

Chemotherapy Healthy(Pos=6, Neg =95)/ Sick(Pos=11, Neg =127) 

Insulin usage Healthy(Pos=11, Neg =90)/ Sick(Pos=6, Neg =132) 

Levothyroxine usage Healthy(Pos=25, Neg =76)/ Sick(Pos=32, Neg =105) 

Bone fracture history Healthy(Pos=27, Neg =74)/ Sick(Pos=29, Neg =108) 

Premature menopause Healthy(Pos=15, Neg =86)/ Sick(Pos=38, Neg =99) 

Calciumusage Healthy(Pos=57, Neg =24)/ Sick(Pos=85, Neg =24) 

Vitamin dosage Healthy(Pos=65, Neg =16)/ Sick(Pos=94, Neg =17) 
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Table 3. The performance of cross-validation and independent test set for all classifiers 

 

 Training group (validation folds) 

Model Accuracy Precision Recall F1Score MCC AUC 

SVM 0.69±0.10 0.71±0.09 0.77±0.14 0.74±0.10 0.37±0.21 0.71±0.11 

LR 0.71±0.10 0.77±0.10 0.73±0.12 0.74±0.10 0.43±0.20 0.75±0.12 

RF 0.70±0.10 0.74±0.10 0.76±0.12 0.74±0.09 0.40±0.22 0.74±0.12 

MLP 0.69±0.09 0.69±0.07 0.83±0.14 0.75±0.09 0.35±0.21 0.68±0.12 

XGBoost 0.74±0.05 0.76±0.13 0.82±0.10 0.77±0.06 0.48±0.10 0.75±0.08 

 Test group 

SVM 0.67(0.55-0.78) 0.69(0.54-0.83) 0.77(0.64-0.90) 0.73(0.61-0.83) 0.30(0.03-0.54) 0.68(0.53-0.82) 

LR 0.62(0.50-0.73) 0.67(0.51-0.82) 0.69(0.53-0.83) 0.68(0.54-0.79) 0.21(-0.05-0.44) 0.65(0.49-0.80) 

RF 0.65(0.53-0.77) 0.68(0.53-0.83) 0.74(0.60-0.88) 0.71(0.59-0.82) 0.27(0.02-0.52) 0.72(0.58-0.85) 

MLP 0.63(0.52-0.75) 0.65(0.51-0.79) 0.80(0.67-0.93) 0.72(0.59-0.81) 0.22(-0.05-0.45) 0.68(0.54-0.81) 

XGBoost 0.68(0.55-0.80) 0.71(0.55-0.85) 0.77(0.63-0.91) 0.74(0.61-0.85) 0.34(0.09-0.58) 0.73(0.59-0.85) 

SVM: Support Vector Machine, LR: Logistic Regression, RF: Random Forest, MLP: MultiLayer Perceptron, XGBoost : eXtreme 

Gradient Boosting 

 

 

 

 

Table 4. False-negative (FN) error analysis for the osteopenia and osteoporosis patients which were calculated using 

XGBoost model for the test set 

 

 
Number of real 

patients 
Number of FN FN (%) Expected FN (%) 

Osteopenia 26 7 87.50 74.29 

Osteoporosis 9 1 12.50 25.71 

Total of diseases 35 8 100 100 

 

 

 

 

Table 5. Confusion matrix for the osteopenia and osteoporosis patients which were calculated using XGBoost model 

for the test set 

 

  Prediction 

  Positive Negative 

True value 

Positive 27 8 

Negative 11 14 
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Table 6. List of a number of different studies on detection of osteoporosis using radiomics or ML techniques 

 

Reference Aim Method AUC 

Sato et al. [23] used for from 
Prediction of bone mineral 

density and T-score 
Chest X-rays, DL 0.89, 0.70, 0.84 

Küçükçiloğlu et al. [24] Diagnose of osteoporosis 
CT and MRI images of lumbar 

vertebrae, DL models 
0.965, 0.988 

Jang et al. [25] Diagnosis of osteoporosis 

Radiographic images of the hip 

joint, artificial intelligence 

algorithms 

0.867 

Zhao et al. [28] 
Osteoporosis and abnormal 

bone density detection 

Short lumbar mDixon sequence, 

automated radiomics screening 

pipeline 

0.899 

Nam et al. [29] Prediction of osteoporotic spine Lumbar CT images, ML model 0.900 

Xie et al. [30] 
Diagnosis of osteoporosis and 

osteopenia 

CT images, ML-derived 

radiomics model 
0.96 

Huang et al. [31] 
Detection of osteoporosis in 

health populations 

General data, simple and user-

friendly ML model 
0.67, 0.77 

Present study 
Prediction of 

osteopenia/osteoporosis 
Demographic data, ML 0.73 

 
AUC: Area under the curve, ML: Machine learning, DL: Deep learning   
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Figure 1. Barplot of Accuracy, precision, recall, F1-score, MCC and AUC values for SVM, LR, RF, MLP and 

XGBoost classifiers. (MCC: Mathews Correlation Coefficient, AUC: Area under the curve, SVM: Support Vector 

Machine, LR: Logistic Regression, RF: Random Forest, MLP: MultiLayer Perceptron, XGBoost : eXtreme Gradient 

Boosting) 
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Figure 2. A receiver-operating characteristic (ROC) curve for SVM, LR, RF, MLP and XGBoost classifiers compared 

to the random classifier. (SVM: Support Vector Machine, LR: Logistic Regression, figfigRF: Random Forest, MLP: 

MultiLayer Perceptron, XGBoost : eXtreme Gradient Boosting) 
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Figure 3. Importance for different demographic features of the cases, obtained using eXtreme Gradient Boosting 

(XGBoost) model 

 


