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Background: Osteoporotic fractures (OPF) pose a public health issue, imposing significant burdens on families and societies
worldwide. Currently, there is a lack of comprehensive and validated risk assessment models for OPF. This study aims to develop
a model to assess and predict the risk of OPF in Qingdao City, China.
Methods: From January 2021 to January 2023, we recruited 84 osteoporotic patients diagnosed with fractures from Qingdao
University Affiliated Hospital, Qingdao Municipal Hospital, Qingdao Hiser Hospital Affiliated of Qingdao University, and Qing-
dao Central Hospital as the experimental group. In addition, 112 osteoporotic patients without fractures were recruited as the
control group. In this study, we employed seven machine learning models, namely Adaboost, random forest (RF), K-Nearest
Neighbors (KNN), Support Vector Machine (SVM), Logistic Regression (LR), Naive Bayes (NB), and Gradient Boosting Decision
Trees (GBDT), to analyze the risk factors influencing the occurrence of OPF. Next, we plotted receiver operating characteristic
(ROC), Precision-Recall (PR), and calibration curves to evaluate the predictive values of the different risk assessment models for
OPF.
Results: Among the seven models built based on the training set data, the Adaboost model showed area under the curve (AUC),
sensitivity, and specificity values close to 1, indicating the best classification performance. In the test set, the AUC values for the
RF, SVM, LR, KNN, NB, AdaBoost, and GBDT models were 0.936, 0.905, 0.88, 0.93, 0.862, 0.939, and 0.859, respectively (p <

0.001). All sensitivity and specificity values for these models were higher than 0.8, with sensitivity and specificity values of the
Adaboost model closest to 1. Additionally, six models had an area under the Precision-Recall curve (prAUC) values higher than
0.9, except KNN at 0.284 (p < 0.001). The calibration curves of the seven models did not significantly deviate from the ideal
curve, indicating acceptable discriminative ability and predictive performance of the predictive model. All results showed that
trabecular bone score (TBS) was the most important variable affecting the model, followed by osteocalcin (OST) and hunchback.
Conclusions: Given the various clinical data from patients with OPF, we assessed and demonstrated the good predictive perfor-
mance of our risk predictive models. This model will enable us to take timely intervention measures to reduce the incidence of
OPF and improve patient prognosis.
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Introduction

Osteoporotic fractures (OPF), also known as fragility
fractures, are the most common complications of osteo-
porosis [1]. They often occur in areas rich in trabecular
bone, such as the spine, hip, wrist, and proximal end of
the humerus [2]. The clinical manifestations include pain,
tenderness, swelling, and functional impairment. The in-
cidence is higher in individuals aged more than 45 years
[3], especially in females [4,5]. Approximately one-third
of women over 50 years old have experienced osteoporotic

fractures [6], severely impacting patients’ quality of life and
imposing enormous economic burdens on patients, fami-
lies, and societies [7]. According to surveys, there were 9
million cases of OPF worldwide in 2000 [8]. Because of
increasing trends in aging in China, the occurrence of OPF
is on the rise. According to data from 2010, the number of
patients with OPF in China reached 2.33 million, with hip
fractures accounting for 360,000 cases and vertebral frac-
tures accounting for 1.11 million cases. It is estimated that
by 2035, the number of OPFwill double, reaching 5.99 mil-
lion cases, and by 2050, it is projected to increase to 5.99
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Table 1. Clinical characteristics of the patients.
Characteristic N, N = 112 Y, N = 84 Test statistic1 p-value1

ESR, median (25%, 75%), (mm/hour) 16.43 (3.57, 34.64) 12 (7.64, 14.35) –2.528 0.001
OST, median (25%, 75%), (ng/mL) 34.6 (15.09, 58.1) 16.08 (9.39, 18.97) –4.383 <0.001
Lumbar, median (25%, 75%), (g/cm3) –1.34 (–2.05, –0.32) –1.9 (–2.91, –1.19) –3.510 <0.001
Fracture_history, n (%) 64 <0.001

N 108 (96%) 39 (46%) NA
Y 4 (3.6%) 45 (54%) NA

Sex, n (%) 3.8 0.052
F 80 (71%) 70 (83%) NA
M 32 (29%) 14 (17%) NA

Age, mean (SD), (years) 63 (5) 68 (9) –4.6 <0.001
BMI, mean (SD) 26.20 (3.19) 23.99 (2.52) 5.4 <0.001
Hunchback, n (%) 94 <0.001

N 89 (79%) 8 (9.5%) NA
Y 23 (21%) 76 (90%) NA

TBS, mean (SD) 1.53 (0.19) 1.03 (0.14) 22 <0.001
1Wilcoxon rank sum test; Welch Two Sample t-test; Pearson’s Chi-squared test. Abbreviations: ESR, erythrocyte sedi-
mentation rate; OST, osteocalcin; BMI, body mass index; TBS, trabecular bone score; NA, not applicable; SD, standard
deviation.

million cases [9]. Therefore, the economic burden associ-
ated with OPF should not be overlooked. The total cost in
2010 amounted to 945 million US dollars, and is expected
to double by 2035, reaching 25.43 billion US dollars [9].
Early prediction and timely treatment can help reduce the
incidence of OPF [10], thereby achieving the goal of low-
ering the OPF rate.

Currently, the predictive models for OPF mainly in-
clude FRAX [11] and QFracture [12] from the United King-
dom, Garvan [13] from Australia, Korean Fracture Risk
Score (KFRS) [14] from South Korea, and Fracture Risk
Evaluation Model (FREM) [15] from Denmark. However,
these models have certain limitations, and there is a lack
of risk prediction models for individuals aged more than
60 years with OPF in China [16–18]. Therefore, this study
aimed to collect diagnostic and treatment information for
OPF patients from Qingdao University Affiliated Hospital,
QingdaoMunicipal Hospital, QingdaoHiser Hospital Affil-
iated of Qingdao University, and Qingdao Central Hospital
to develop a risk assessment model. The aim is to provide
better guidance for the treatment of patients with OPF and
improve preventive and therapeutic strategies for this con-
dition.

Materials and Methods

Study Subjects
This study focused on patients diagnosed with OPF

at the Qingdao University Affiliated Hospital, Qingdao
Municipal Hospital, Qingdao Hiser Hospital Affiliated of
Qingdao University, and Qingdao Central Hospital between
January 2021 and January 2023. The diagnostic criteria for
OPF followed the guidelines outlined in the Guidelines for

Diagnosis and Treatment of OPF [19]. The diagnostic crite-
ria for osteoporosis were determined according to the Chi-
nese Expert Consensus on Diagnostic Criteria for Osteo-
porosis in Chinese Individuals (3rd Edition, 2014) [20].

The inclusion criteria were as follows: (i) diagnosis of
OPF according to the Guidelines for Diagnosis and Treat-
ment of OPF; (ii) complete clinical data; and (iii) age ≥55
years.

The exclusion criteria were as follows: (i) patients
with major diseases, including diabetes, thyroid disorders,
severe gastrointestinal disorders, severe respiratory disor-
ders, chronic kidney diseases, blood disorders, or other dis-
eases affecting bone metabolism; (ii) patients who had used
medications such as calcitonin, active vitamin D, bisphos-
phonates, or hormonal drugs that affect bone metabolism
within the past six months; (iii) patients with major organ
dysfunction; and (iv) pathological fractures caused by bone
tumors, tuberculosis, or infections.

According to the inclusion and exclusion criteria, we
recruited 84 patients diagnosed with OPF from four hospi-
tals, constituting the experimental group. We selected 112
osteoporosis patients without fractures who were admitted
to the same hospitals during the same period as the control
group.

Research Indexes
In clinical research, it is common to use previous stud-

ies, statistically significant indices, or indices considered
clinically relevant by researchers as a foundation for further
investigation. The indices employed in this study included
patient admission and discharge records (demographic data
such as sex, age, body mass index (BMI), and hunchback
situation, erythrocyte sedimentation rate (ESR), osteocalcin
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Fig. 1. Box plots of seven risk assessment models for osteoporotic fracture occurrence risk. Abbreviations: AUC, area under the
curve; GBDT, Gradient Boosting Decision Trees; KNN, K-Nearest Neighbors; LR, Logistic Regression; NB, Naive Bayes; RF, random
forest; SVM, Support Vector Machine.

Table 2. Training datasets for model assessment.
Model AUC Accuracy Precision Recall F1 prAUC

Adaboost 0.9996 0.9836 0.9913 0.9812 0.9854 0.8685
GBDT 0.9028 0.8886 0.9070 0.9050 0.9006 0.5124
KNN 0.9684 0.8836 0.9512 0.8462 0.8901 0.2663
LR 0.9671 0.9100 0.9193 0.9300 0.9213 0.8428
NB 0.9806 0.9064 0.9521 0.8850 0.9129 0.8541
RF 0.9984 0.9600 0.9524 0.9850 0.9663 0.8439
SVM 0.9708 0.8893 0.9091 0.9050 0.9025 0.8403
Abbreviations: prAUC, Precision-Recall curve.

(OST), trabecular bone score (TBS), lumbar dual-energyX-
ray absorptiometry (DXA) bone density testing, as well as
treatment plans and follow-up data.

Risk Assessment Model
Collected data were processed through data cleaning

and missing-value imputation using the multiple imputa-
tion by chained equations (MICE) method. The data were
then normalized, and features with excessively small vari-
ances, low label correlations, or high inter-correlationswere
removed. Next, the data were randomly split into train-
ing and testing sets in a 7:3 ratio. In the training set, 10-
fold cross-validation and grid search were performed to se-
lect the important parameters for seven classification al-
gorithms (Adaptive Boosting (Adaboost), random forest
(RF), K-Nearest Neighbors (KNN), Support Vector Ma-
chine (SVM), Logistic Regression (LR), Naive Bayes (NB),
and Gradient Boosting Decision Trees (GBDT)). The com-

pleted training models of these seven algorithms were then
used to train and build models on the data, generating pre-
dictions from different models. The average accuracy from
multiple runs was calculated as the final model score, and
the confusion matrix and final model were generated. For
each model’s training and testing results, receiver operating
characteristic (ROC) curves were plotted and the area under
the curve (AUC), sensitivity, specificity, the area under the
Precision-Recall curve (prAUC), and the calibration curve
were computed. The best model was determined by com-
paring the AUC values, and the contribution of the features
to the model was analyzed.

Statistical Methods
The data were subjected to statistical analysis using R

4.2.1 (https://www.r-project.org/, R Foundation for Statisti-
cal Computing, Vienna, Austria) and SPSS 23.0 (SPSS Inc.,
Chicago, IL, USA). Shapiro-Wilk normality test was used
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Fig. 2. Receiver operating characteristic (ROC) curves for screening osteoporotic fractures (OPF) risk in seven different models.

to determinewhether the datawere normally distributed and
then homogeneity of variance test was performed. The rank
sum test was used for the data that did not meet the normal
distribution or homogeneity of variance test. Non-normally
distributed continuous variables were presented as median
(25%, 75%). Normally distributed continuous variables
were shown as mean ± standard deviation (x̄ ±SD). Cat-
egorical variables were presented as n (%). Single-factor
analysis employed an independent samples t-test or χ2 test.
A p-value of 0.05 or less was considered statistically signif-
icant.

Results

Baseline Characteristics of the Patients

After excluding patients with loss to follow-up and
missing clinical data (exceeding 20%), 196 participants

were included in this study, with their baseline charac-
teristics as follows (Table 1). The variables were ESR,
OST, lumbar spine, femur, fracture history, sex, age, BMI,
hunchback situation, and TBS. Among the 84 patients in the
experimental group, there were 14 males and 70 females.
In this group, 45 had a history of fracture, while 39 did not.
Additionally, 76 had hunchbacks, while 8 did not. The con-
trol group of 112 patients consisted of 32 males and 80 fe-
males. In this group, 4 had a history of fracture, while 108
did not. Furthermore, 23 had hunchbacks, while 89 did not.

Establishment of the Risk Assessment Model

This study employed seven models, all of which uti-
lized TBS, OST, hunchback, fracture history, age, BMI,
ESR, lumbar, and sex as model variables. It conducted ten
repetitions of 10-fold cross-validation, with a grid search
for model training on the training dataset. Box plots were
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Fig. 3. Precision-Recall (PR) curves for screening OPF risk in seven different models.

generated to illustrate the area under the ROC curve, sensi-
tivity, and specificity of each model (Fig. 1). We observed
that the RF, NB, and AdaBoost models exhibited larger
AUC values, indicating better classifier performance. The
RF, AdaBoost, LR, and GBDTmodels demonstrated higher
sensitivity, suggesting a strong ability to identify positive
cases. In contrast, the RF, NB, Adaboost, and KNNmodels
showed higher specificity, indicating a stronger ability to
differentiate negative cases. Notably, the AdaBoost model
exhibited AUC, sensitivity, and specificity values close to
1, indicating the best classification performance.

Subsequently, the training dataset was used to evaluate
the best models, and the AUC, precision, recall, F1 score,
and area under the Precision-Recall (PR) curve were calcu-
lated for the seven best models (Table 2). We observed that
AUC values ranged from 0.9028 to 0.9996, accuracy val-
ues ranged from 0.8836 to 0.9836, precision values ranged
from 0.9070 to 0.9913, recall values ranged from 0.8462 to

0.9850, F1 scores ranged from 0.8901 to 0.9854, and areas
under the PR curve ranged from 0.2663 to 0.8685. These
results indicate that the seven models exhibit good discrim-
inative ability.

Evaluation of Feature Differences Between the
Clinical Data Training and Validation Sets

Comparing the clinical data between the training and
test sets, there were no significant differences in most char-
acteristics such as age, ESR, TBS, and gender distribution.
Although OST, BMI and lumbar showed significant differ-
ences between the training and test sets, the machine learn-
ing model was ultimately able to overcome these differ-
ences for accurate predictions, indicating that these models
have relatively strong stability (Table 3).
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Table 3. Training set and test set feature comparison.

Characteristic
Test Train

Test statistic1 p–value1
N = 56 N = 140

ESR, median (25%, 75%), (mm/hour) 16.07 (10.86, 16.43) 14 (6.21, 22.52) –0.878 0.4
OST, median (25%, 75%), (ng/mL) 15.97 (6.54, 24.44) 18.72 (11.45, 34.6) 2.014 0.04
Lumbar, median (25%, 75%), (g/cm3) –1.83 (–2.79, –1.23) –1.48 (–2.53, –0.71) 1.968 0.049
Fracture_history, n (%) 0.00 >0.9

N 42 (75%) 105 (75%) NA
Y 14 (25%) 35 (25%) NA

Sex, n (%) 2.4 0.12
F 47 (84%) 103 (74%) NA
M 9 (16%) 37 (26%) NA

Age, mean (SD), (years) 66 (8) 65 (8) 1.1 0.3
BMI, mean (SD) 24.58 (2.58) 25.52 (3.27) –2.1 0.035
Fracture, n (%) 0.00 >0.9

N 32 (57%) 80 (57%) NA
Y 24 (43%) 60 (43%) NA

Hunchback, n (%) 0.17 0.7
N 29 (52%) 68 (49%) NA
Y 27 (48%) 72 (51%) NA

TBS, mean (SD) 1.31 (0.30) 1.32 (0.30) –0.09 >0.9
1Wilcoxon rank sum test; Welch Two Sample t-test; Pearson’s Chi-squared test.

Performance Evaluation on the Risk Assessment
Model
ROC Curve

In this test set, the AUC (Fig. 2) of the RF, SVM,
LR, KNN, NB, Adaboost, and GBDT models were 0.936,
0.905, 0.88, 0.93, 0.862, 0.939, and 0.859, respectively (p
< 0.001). Of these, the AdaBoost model achieved the high-
est AUC value, indicating the best performance.

Precision-Recall (PR) Curve
Using the test dataset, we obtained the prAUC scores

for the different models as follows: RF = 0.974, SVM =
0.958, LR = 0.938, KNN = 0.284, NB = 0.964, Adaboost =
0.973, and GBDT = 0.94 (p < 0.001) (Fig. 3). Our results
indicate that both the RF and AdaBoost models exhibit op-
timal classification performance.

Calibration Curves
In the calibration curves of the 7 types of models, the

RF and AdaBoost models’ curves are closest to the ideal
curve, with no significant deviation (Fig. 4). This indicates
that the RF and Adaboost models’ predictive probabilities
are more consistent with the actual probabilities, suggesting
a higher accuracy in risk assessment modeling.

Importance of the Variables
We selected the AdaBoost model with the best pre-

dictive performance and plotted the variable importance
graphs (Fig. 5A). According to the ranking of importance,
the most influential features were TBS, hunchback, OST,
fracture history, ESR, age, BMI, lumbar spine, and sex.

Subsequently, we generated a SHapley Additive exPlana-
tions (SHAP) graph to illustrate the variable importance
within the validation set (Fig. 5B). In this study, sev-
eral variables were considered, including TBS, hunchback,
OST, fracture history, and ESR. Our findings consistently
indicate that TBS has the highest impact on the model, fol-
lowed by OST and hunchback.

Discussion

OPF represents a significant health burden worldwide,
particularly among people aged more than 60 years [2].
Due to the limitations of conventional fracture prediction
tools, it is increasingly essential that conducting fracture
risk assessments for individuals with OPF and identifying
high-risk populations in a timely manner could potentially
reduce half of the fracture incidents and alleviate the bur-
den on patients and society [10]. Commonly used risk as-
sessment models for OPF include FRAX from the United
Kingdom, QFracture, Garvan from Australia, KFRS from
South Korea, and FREM from Denmark. FRAX is widely
regarded as the most authoritative model; however, these
models have certain limitations [21]. A study has revealed
that FRAX is specifically applicable prior to osteoporosis
treatment and involves only a limited number of risk fac-
tors [18]. The QFracture model has a limited sample size,
necessitating further validation of the extrapolated results.
However, Garvan lacks large-scale follow-up data to ver-
ify its applicability. The KFRS model from South Korea
does not include potentially biased factors, such as BMI,
fall history, and dietary conditions. The FREMmodel from
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Fig. 4. Calibration curves of the results from seven risk assessment models for screening OPF risk.

Denmark incorporates only a few risk factors, potentially
requiring parameter correction during extrapolation. Only
several researches on OPF risk assessment in China have
been reported. Xia et al. [22] established a logistic re-
gression model based on 33 risk factors, with an AUC of
0.817, which can effectively predict the risk of OPF occur-
rence. Tang et al. [23] included 10 risk factors to establish
a logistic regression model with an AUC of 0.818, in or-
der to better manage elderly women with osteoporosis and
improve screening for high-risk fractures in the future. Al-
though these models demonstrate good discriminative abil-
ity, their application to the senior population in China has
not been observed. There is still a dearth of risk assessment
models based on population between the ages of 45 and 74
data [16]. Therefore, in this study, we aimed to develop a

machine learning analysis model to assess and predict the
risk of OPF based on various clinical data from patients
with OPF who received treatment at four medical centers
in Qingdao city.

One of the key advantages of machine learningmodels
is their ability to integrate multiple predictors and identify
complex patterns that may not be readily apparent through
traditional statistical approaches [24]. In this study, we em-
ployed and validated seven machine learning models to de-
velop a risk assessment model in patients with OPF. Our
models incorporated a diverse range of features, including
demographic variables, ESR, OST, TBS, and DXA bone
density testing, allowing for a comprehensive assessment
of fracture risk. A comparison of seven machine learn-
ing algorithms revealed that the AdaBoost model has the
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Fig. 5. Variable importance of the Adaboost risk assessment model. (A) Variable importance graph. (B) SHapley Additive exPlana-
tions (SHAP) graph distinguishing between positive and negative.

best performance. To ensure the accuracy of the prediction
models, we further carried out the calibration curve analy-
sis. The results showed predicted probability of the models
was consistent with the actual probability, indicating that
the risk assessment models had high accuracy. Addition-
ally, the AdaBoost algorithm analysis, which has good per-
formance in the predictive model of OPF, showed that TBS
is the most influential risk factor variable affecting the per-
formance of the model, followed by OST and hunchback.

Collectively, seven machine learning algorithms are
used to establish the risk assessment and prediction model
of osteoporosis fractures, with the best performance in the
AdaBoost model. All seven models achieved an AUC
higher than 0.86, and a prAUC higher than 0.9 (except for
the KNN model). TBS is the most important variable af-
fecting the performance of the model, followed by OST and
hunchback, thereby providing a new insight into the predic-
tion and intervention of osteoporosis fractures.

However, our research has certain limitations. First,
the retrospective and observational nature of our study may
introduce inevitable selection bias. Second, our sample size
of patients with OPF was limited, potentially affecting the
generalizability of the prediction model to other popula-
tions. Therefore, a large sample, multi-center study is es-
sential to verify the model’s applicability. Finally, certain
mechanisms that influence or induce osteoporosis, includ-
ing estrogen deficiency, were not discussed in this study.
Regarding the model’s potential in clinical practice, it could
potentially serve as a valuable tool for clinicians in assess-
ing the risk of OPF. By providing accurate and personalized
risk assessments, the model could facilitate early interven-

tion and preventive strategies, ultimately improving patient
outcomes and reducing the burden of OPF.

Conclusions

In conclusion, our study highlights the potential of
seven machine learning analysis models in predicting OPF.
By harnessing the power of data-driven approaches, we can
enhance fracture risk prediction accuracy, improve clinical
decision-making, and ultimately, reduce the burden of OPF
on individuals and healthcare systems.
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