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Abstract
Objectives  Osteoporosis, prevalent among the elderly population, is primarily diagnosed through bone mineral 
density (BMD) testing, which has limitations in early detection. This study aims to develop and validate a machine 
learning approach for osteoporosis identification by integrating demographic data, laboratory and questionnaire 
data, offering a more practical and effective screening alternative.

Methods  In this study, data from the National Health and Nutrition Examination Survey were analyzed to explore 
factors linked to osteoporosis. After cleaning, 8766 participants with 223 variables were studied. Minimum 
Redundancy Maximum Relevance and SelectKBest were employed to select the import features. Four Machine 
learning algorithms (RF, NN, LightGBM and XGBoost.) were applied to examine osteoporosis, with performance 
comparisons made. Data balancing was done using SMOTE, and metrics like F1 score, and AUC were evaluated for 
each algorithm.

Results  The LightGBM model outperformed others with an F1 score of 0.914, an MCC of 0.831, and an AUC of 
0.970 on the training set. On the test set, it achieved an F1 score of 0.912, an MCC of 0.826, and an AUC of 0.972. Top 
predictors for osteoporosis were height, age, and sex.

Conclusions  This study demonstrates the potential of machine learning models in assessing an individual’s risk of 
developing osteoporosis, a condition that significantly impacts quality of life and imposes substantial healthcare costs. 
The superior performance of the LightGBM model suggests a promising tool for early detection and personalized 
prevention strategies. Importantly, identifying height, age, and sex as top predictors offers critical insights into the 
demographic and physiological factors that clinicians should consider when evaluating patients’ risk profiles.
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Introduction
Osteoporosis is a systemic skeletal disease characterized 
by a decrease in bone mass and deterioration of bone 
microarchitecture, resulting in weakened bones that are 
more susceptible to fractures [1]. The number of osteo-
porosis patients aged 50 years or older has increased 
from 10.2 million in 2010 to 12.3 million in 2020, and it 
is expected to reach 13.6 million by 2030 [2], indicating 
that the burden of this disease on society is increasing. 
The International Osteoporosis Foundation reported that 
approximately one-third of elderly women and one-fifth 
of elderly men experience osteoporotic fractures [3, 4]. 
Osteoporotic fractures, especially hip fractures, are asso-
ciated with limited mobility, chronic pain, and a decline 
in quality of life. In addition, approximately 20–30% of 
osteoporosis patients die within one year after experienc-
ing an osteoporotic fracture [5]. Osteoporosis often does 
not have symptoms until it causes a fracture, so early 
screening and detection are crucial for managing the 
disease.

Measuring bone density is the gold standard for iden-
tifying osteoporosis, but its use is limited because of its 
low sensitivity and high cost [6]. Additionally, patients 
typically only undergo bone density testing after expe-
riencing symptoms of osteoporosis, which limits its use 
[6]. To overcome the challenges of early screening and 
detection for osteoporosis, some teams have developed 
clinical assessment tools, such as the FRAX (Fracture 
Risk Assessment) tool, the SCORE (Simple Clinical Eval-
uation of Osteoporosis) tool, the ORAI (Osteoporosis 
Risk Assessment) tool, the OSIRIS (Osteoporosis Self-
Assessment) tool, and the OST (Osteoporosis Test), for 
identifying patients who may have an increased risk of 
osteoporosis [5]. Although these tools have some practi-
cal value and convenience, their accuracy is limited [7, 8].

With the exponential growth of computing power in 
the era of big data, machine learning (ML) methods have 
been rapidly applied in the medical field, including the 
diagnosis of orthopedic diseases. Compared with exist-
ing clinical tools, AI-based approaches have the advan-
tage of analyzing the interrelationships among multiple 
features, resulting in improved accuracy [9–11]. Several 
studies have explored machine learning for osteoporo-
sis diagnosis and detection, including aspects of frac-
ture risk assessment, prediction, and treatment response 
[12]. These methods are expected to play an important 
role in improving the accuracy of osteoporosis screen-
ing and diagnosis, but further research and validation 
are needed. Many studies have used machine learning 
methods for risk assessment on the basis of medical data-
bases. However, these early attempts revealed several 
limitations, including overfitting, underrepresentation 
of the population, a lack of confidence intervals around 
point estimates, and arbitrary variable selection [13, 14]. 

In addition, the lack of accuracy has hindered the wide-
spread use of machine learning for osteoporosis risk pre-
diction. These limitations may be due to factors such as 
data quality, sample size, feature selection, and model 
design.

Therefore, we developed a machine learning model to 
screen for osteoporosis risk and used interpretable arti-
ficial intelligence techniques to clinically interpret the 
model results. To demonstrate the performance of our 
approach, we compared the results of our model with 
the results of other machine learning models. Our study 
provides an innovative and feasible method for osteopo-
rosis risk screening, and provides clinicians with more 
accurate and reliable risk predictions and individualized 
treatment recommendations. Future studies can further 
improve and extend this method for better application in 
clinical practice.

Method
Data sources and preprocessing
The dataset from the National Health and Nutrition 
Examination Survey (NHANES,, ​h​t​t​p​​s​:​/​​/​w​w​w​​.​c​​d​c​.​​g​o​
v​​/​n​c​h​​s​/​​n​h​a​n​e​s​/​i​n​d​e​x​.​h​t​m), is a cross-sectional study 
conducted by the National Center for Health Statistics 
(NCHS) to assess the overall health and nutritional sta-
tus of the U.S. population. This study used 2013–2014, 
and 2017–2020 data from the NHANES, including labo-
ratory, demographic, and questionnaire data. From our 
screenings, we defined two categories of features,: blood 
biomarkers (blood set from ‘Laboratory Data’), and clini-
cal features (clinical set from ‘Demographics and Ques-
tionnaire Data’). SEQN is a unique identifier for each 
participant in the NHANES, and was used to merge all 
the aforementioned datasets (union set). Therefore, 
we evaluated whether the essential risk factors could 
even be comparable to these osteoporosis features in 
classification.

Assessment of osteoporosis
The medical conditions file was used to define osteoporo-
sis. The participants were asked: “Has a doctor ever told 
you that you had osteoporosis, sometimes called thin or 
brittle bones?” Participants who answered “Yes” to this 
question were considered to have osteoporosis within 
this study, and participants who answered “Yes” were 
considered to have nonosteoporosis. We included only 
patients with a diagnosis of osteoporosis and nonosteo-
porotic patients. We excluded variables with nonnumeric 
values and treated “refused to answer” or “do not know” 
as missing values. We excluded variables with missing 
values exceeding 20% of all variables or with missing 
values exceeding 20% of all respondents. Missing values 
have a significant impact on data analysis, statistical mod-
elling and machine learning. We have two ways to deal 
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address outliers, interpolation via plurality for categorical 
variables and interpolation via the mean for continuous 
variables. The dataset from the NHANES included 8766 
respondents (933 in the osteoporosis group and 7833 in 
the normal group), with 223 variables. To eliminate the 
effect of intervariable scaling, we standardized the data 
via max‒min scaling. The data processing workflow is 
shown in Fig. 1.

Borderline SMOTE was applied to balance the dataset
With a more detailed examination of the dataset, it 
became clear that we are dealing with an imbalanced 
dataset. That is, the number of samples of two classes is 
not equal. For a successful classification, the number of 
samples of both classes should be equal. If the number of 
samples of the classes is not equal, we may face the risk 
of increasing the accuracy and decreasing the area under 
the curve (AUC) metric, and this high accuracy will not 
be real accuracy. To balance the dataset, the borderline 
SMOTE method is used in the proposed method. The 
borderline SMOTE is an improved oversampling algo-
rithm based on synthetic minority oversampling tech-
nique (SMOTE) [15]. This algorithm focuses on minority 
class samples on the border to synthesize new samples, 
thus improving the class distribution of the samples 
[15]. The advantage of the Borderline SMOTE algorithm 
is that it avoids duplicity by identifying few-class seed 
samples that are sampled only on the border [15]. After 
the dataset was balanced, the number of samples in each 
class reached 7833 for the osteoporosis group and 7833 
for the normal group (Fig. 1).

Attribute selection
Attribute selection can reduce the risk of overfitting. 
Minimum redundancy maximum relevance (mRMR) and 
SelectKBest were employed to select the import features. 
mRMR is widely used to select a subset of features from 
among all the features. The maximum relevance is used 
to search for features such that the correlation between 
features and targets is as high as possible, whereas the 
minimum redundancy between features is as low as pos-
sible. SelectKBest is a commonly used feature selection 
method for selecting the K features from the dataset that 
have the highest correlation with the target variable. It is 
available in scikit-learn, and can be used with a variety 
of statistical tests, and the features picked by k with the 
highest score. mRMR was implemented via the pymrmr 
python package.

Machine learning techniques
AutoGluon version 0.3.1 [16], is an open-source auto-
mated machine learning (AutoML) Python library. 
These models (LightGBM, RandomForest, Neural 

Networkrandom forest, neural network, and XGBoost) 
were constructed via the autogluon package.

The LightGBM is a gradient boosting framework based 
on the decision tree algorithm [17]. It can be used for 
machine learning tasks such as classification. It is based 
on the decision tree algorithm, and it uses the optimal 
leafwise strategy to split the leaf nodes [17]. Therefore, in 
the LightGBM algorithm, when growing to the same leaf 
node, the leafwise algorithm reduces more loss than the 
levelwise algorithm does, resulting in higher accuracy.

A neural network is a computational model inspired by 
the structure and functioning of the human brain [18]. 
The input layer of a neural network receives the initial 
input data, which could be features of an image, attri-
butes of a text, or any other type of data. Each neuron 
in the input layer represents a feature of the input data. 
The input data are then passed through the hidden layers, 
where computation and learning take place. The hidden 
layers perform complex calculations on the input data 
and gradually extract higher-level features.

XGBoost is also a type of gradient boosting tree model, 
that generates models sequentially and sums all the 
models to produce the output [19]. It uses second-order 
Taylor expansion to approximate the loss function and 
optimizes the loss function via the second derivative 
information. It greedily selects whether to split nodes on 
the basis of whether the loss function decreases.

Random forest (RF) is a widely used machine learning 
technique that provides the probability for the predicted 
class [20]. RF is an ensemble classifier consisting of mul-
tiple decision trees.

Explanation of feature importance
To assess which features are the most critical, the Shapley 
Value Additivity Properties Interpretation (SHAP) algo-
rithm has been regarded as an effective and widely used 
analytical tool to quantify the small changes in the pre-
dictive outcomes of a model caused by each feature. The 
technique is particularly well suited for elucidating “black 
box” models that are difficult to understand.

Performance evaluation
The accuracies of the classifiers were evaluated via ten-
fold cross validation on the training set. The classification 
performance of the model was assessed in terms of the 
following measures:

recall = TP/(TP + FN).
where:
TP: True positives, correctly predicted osteoporosis; 

FN: false negatives, osteoporosis predicted as normal. In 
addition, receiver operating characteristic (ROC) analysis 
is a visualization of prediction performance. This indi-
cates the tradeoffs between sensitivity and specificity 
at different thresholds. The (area under the ROC curve 
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Fig. 1  Flow diagram of overall data preprocessing. NHANES: national health and nutrition examination survey (United States)
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(AUC) was used as a measure of goodness of fit for the 
predictions.

Results
Framework of PrOsteoporosis
With the laboratory data, demographic data, and ques-
tionnaire data, we presented a computational framework 
for identifying osteoporosis patients, as shown in Fig. 1. 
First, we preprocessed the data as introduced above. The 
data were then divided into a training set and a test set 
at a ratio of 8:2. Multiple widely used machine learning 
methods, including the lightGBM, random forest (RF), 
neural network, and XGBoost methods, were subse-
quently exploited to construct the predictor. Next, we 
applied feature selection methods to obtain the optimal 
subset. Finally, feature importance analysis was used to 

explain the model. The framework for identifying the risk 
factors or osteoporosis is shown in Fig. 2.

Evaluation of the borderline SMOTE algorithm
The dataset used is unbalanced, as the number of osteo-
porosis samples is fewer than the number of normal 
samples. To solve this problem, the borderline SMOTE 
algorithm is used to balance the number of both classes. 
With 933 osteoporosis samples and 7833 normal samples, 
the model achieved an AUC of 83% when 18 features 
were used. When the borderline SMOTE algorithm was 
used, the method demonstrated an AUC of 97.0% on the 
training set. Overall, our model outperformed the model 
without balance data (Fig. 3). The Brier Score integrates 
the model’s discrimination and calibration capabilities 
and is utilized to assess the model’s overall performance. 
The nearer the Brier Score is to 0, the more closely the 

Fig. 3  The performance of Borderline SMOTE algorithm on the test dataset is being evaluated. (A) ROC curve (B) Precision-recall curve (C) calibration 
curves

 

Fig. 2  The flowchart of PrOsteoporosis
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predicted values align with the actual outcomes. In our 
model, the Brier Score is 0.0828, which indicates the 
model is effective.

Feature selection for constructing the final classifier
An excessive number of features can introduce noise and 
irrelevant information, making it difficult for the model 
to identify the most relevant predictors of the outcome. 
Moreover, this can lead to overfitting. Therefore, feature 
selection is essential for identifying the most informative 
and relevant features for prediction tasks. A high correla-
tion of several pairs of features was observed (Additional 
file 1: Fig. S1), for example, LBXWBCSI (white blood cell 
count), LBDLYMNO (lymphocyte number), LBDSUASI 
(Uricuric acid (mg/dL)), and LBXSUA (Uricuric acid 
(umol/L)), which could introduce redundant information 
affecting the decision making and stability of the model.

Thus, min redundancy (mRMR) and selectKbest were 
applied to search for an optimal feature space. We evalu-
ate each feature and then rank it via the MrMR algo-
rithm, and the importance of each feature is summarized 
in Table 1. Supported by the literature, we discussed the 
first 10 characteristics that have been reported to be asso-
ciated with osteoporosis. Greater height has been associ-
ated with increased fracture risk [21]. The second feature 
is taking prescription medicine in the past month. Pre-
vious studies revealed an increasing trend in the use of 
most drugs that may trigger osteoporosis between 1999 
and 2016, and suggested that taking medicine may play a 
clinically relevant role in causing osteoporosis [22]. The 
third feature is thyroid disease. Thyroid hormones play 
a crucial roles in the body’s metabolism and cell differ-
entiation. Complications that may accompany abnormal 

thyroid function can interfere with bone metabolism, 
which can potentially cause osteoporosis and increase 
the risk of fractures [23]. In terms of age, sex, and blood 
pressure, age, sex, and blood pressure are risk factors for 
osteoporosis [24]. It has been reported that cancer thera-
pies have the potential to decrease bone density, which 
increases the likelihood of developing osteoporosis [25]. 
Osteoporosis may lead to reduced support of the pelvic 
floor muscles and tissues, which in turn affects urine 
control [26]. It also causes bones to become less strong, 
increasing their susceptibility to fracture [27]. For hepa-
titis A, a previous study revealed an association between 
hepatitis A and bone mineral density, and hepatitis A 
may be a risk factor for osteoporosis [28]. As a result, 
a low correlation of 18 selected features was observed 
(Fig.  4). Overall, these findings indicate that these 
selected features can complement each other to effec-
tively depict osteoporosis, enhancing the overall predic-
tion performance.

Interpretation of LightGBM model via the SHAP method
To investigate whether the feature value has a positive or 
negative influence on the predicted outcome, we applied 
the SHapley Additive exPlanations (SHAP) method. Fig-
ure  5 illustrates the importance of these features and 
ranks them according to the magnitude of their influence 
on the predicted outcomes. Among all the predictor vari-
ables, height (WHD010) had the greatest influence. We 
observed that increased age was positively correlated 
with an increased risk of osteoporosis, which made the 
model more inclined to predict osteoporosis. In contrast, 
low height was negatively correlated with a decreased 
risk of osteoporosis, which led to the model being more 
likely to predict osteoporosis.

Case study
A 80-year-old female, standing 140 cm tall, Routine phys-
ical examination revealed reduced bone density, which 
is collected from Yuebei People’s Hospital. According to 
the SHAP values derived from the LightGBM model, age 
exhibits a positive correlation with the predicted risk of 
osteoporosis, whereas height shows a negative correla-
tion. The patient’s advanced age (80 years) significantly 
elevates her risk score for osteoporosis. Additionally, her 
relatively low stature (140 cm) further increases this risk. 
Given that SHAP values indicate both age and height as 
strong predictors, the physician decided to increase the 
frequency of bone density assessments for this patient 
(supplementary Fig. S2).

Comparison of different machine learning algorithms
In this study, the LightGBM (GBM) was used to construct 
the model. To evaluate whether this classification algo-
rithm is the most suitable for predicting osteoporosis, 

Table 1  Ranking of 18 features using MRMR algorithm
Rank Variable Name Variable Description
1 WHD010 Height
2 RXDUSE Taken prescription medicine, past month
3 MCQ160M Thyroid history
4 RIDAGEYR Age
5 OSQ080 Doctor ever told any other fractures?
6 MCQ220 Ever told you had cancer or malignancy
7 KIQ044 Urinated before reaching the toilet
8 BPQ020 High blood pressure
9 IMQ011 Received Hepatitis A vaccine
10 RIAGENDR Gender
11 DBQ229 Regular milk use 5 times per week
12 CDQ001 Discomfort in chest
13 LBXHA Hepatitis A Antibody (Anti-HAV)
14 KIQ042 Leak urine during physical activities
15 OSQ200 Did father ever fracture hip?
16 SMQ878 Smoking - Secondhand Smoke Exposure
17 OSQ130 Taken prednisone or cortisone daily
18 BPQ090D Told to take prescriptn for cholesterol
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we compared the performance of several other machine 
learning algorithms, including the random forest (RF), 
neural network, and XGBoost algorithms. To ensure 
comparability, the optimal parameters for each machine- 
learning algorithm were modified. A comparison of the 
results is presented in Fig.  6. The results revealed that 
LightGBM demonstrated the best performance on both 
the training sets (F1 = 0.914, MCC = 0.831, AUC = 0. 
970, and recall = 0.920) and the test set (F1 = 0.91, 
MCC = 0.826, AUC = 0.972, and recall = 0.922). Therefore, 

the osteoporosis prediction model constructed using 
the LightGBM demonstrated better generalizability and 
robustness.

Comparison of other prediction models
The results of our model were compared with exist-
ing deep learning -based predictions of osteoporosis 
(Table 2). All of these methods were developed to predict 
osteoporosis. Suh’s team used osteoporosis data from 
the nhanes database with clinically relevant features, 

Fig. 4  Heat map of 18 selected features
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Table 2  Models for predicting osteoporosis using various machine learning
Ref Year Method Dataset Results
 [5]
 [12]

2023
2020

Deep learning
Neural network

89 features and 8274 patients
19 features and 1792 patients

AUC = 0.922
AUC = 0.741

 [29] 2023 Neural network 7 features and 3012 patients AUC = 0.94

Fig. 6  Evaluation of four machine learning algorithms on the training and test set. Blue color represents test sets, red color represents train sets. (A) AUC 
(B) MCC (C) Recall (D) F1 score

 

Fig. 5  An overview of feature interpretations for selected 18 features over the population of training data, i.e., global explanations. (A) Waterfall plot for a 
prediction made by LightGBM. The features are sorted by the sum of SHAP values. (B) Dots show the distribution of the impacts that a feature has on the 
model output and indicate the density when piling up, with colors representing the feature value (red for high, blue for low)
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and ultimately used deep learning to predict osteopo-
rosis, with an AUC of 0.851 [5]. Ha et al. constructed a 
dataset of 3012 data points using CT scan data, demo-
graphic data, and image data, and used deep learning to 
predict osteoporosis, with an AUC of 0.94 [29]. Although 
the model achieved good predictive results, the model 
required a comparison of enhanced abdominal CT data, 
which came at the cost of additional radiation exposure. 
In addition, there is a time lag between the collected 
data and the same patient may be matched with two or 
more CT images. The data come from a single healthcare 
facility, making it difficult to demonstrate this effect via 
data from other facilities or CT devices. Therefore, the 
method has several limitations. In contrast, our model 
uses features that are easy to obtain, does not require CT 
data, has higher accuracy and sensitivity, and shows bet-
ter results, which are superior to those of other predic-
tion models.

Discussion and conclusion
In summary, we developed a machine learning model to 
diagnose osteoporosis via NHANES data that outper-
forms traditional clinical assessment tools and machine 
learning models. In addition, we discuss important fea-
tures of the choice of interpretable artificial intelligence 
-based techniques. These findings suggest that machine 
learning can be comprehensively applied to healthcare 
big data for risk analysis of certain diseases. In addition, 
our model is able to personalize the assessment of osteo-
porosis risk and provide an explanation for the contribu-
tion of each feature to the model results, and the features 
needed for the model are easy to obtain. At a later stage, 
we will collect clinical data as an independent test set for 
external validation of our machine learning model.

Our study has several limitations that should be 
acknowledged and considered in future research. (1) 
The diagnosis of osteoporosis was obtained through self-
reported questionnaires, which may introduce recall bias. 
The precise definition and standardization of osteopo-
rosis diagnoses remain areas for further exploration.(2) 
Osteoporosis is a multifaceted disorder influenced by 
genetic, behavioral, dietary, and environmental factors. 
However, the NHANES database does not explicitly doc-
ument all relevant factors, and some important variables 
were excluded during the data cleaning process. This 
limitation underscores the need for comprehensive data 
collection and integration of multiple data types to better 
understand the full spectrum of osteoporosis risk factors. 
In future research, we aim to explore methods for com-
bining various types of data, such as genetic information, 
imaging studies, and detailed dietary histories, to con-
struct more robust predictive models. Integrating these 
diverse data sources will enhance our ability to identify 

and mitigate potential confounders, ultimately improving 
the accuracy and applicability of our findings.
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