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Objective: To develop and externally validate a simple, accessible prediction model for identifying individuals at risk of hip
osteoporosis using routine demographic and laboratory data.

Methods: This retrospective study included 7686 adult patients who underwent hip dual-energy X-ray absorptiometry (DXA) at two
medical centers in northern Guangdong, China. A total of 4638 patients were used for model development and 3048 for external
validation. Predictors were selected using appropriate imputation and regularized regression techniques to ensure stability across
datasets. Model performance was evaluated using discrimination, calibration, and clinical utility metrics.

Results: Four routinely available variables—age, sex, body mass index, and the serum albumin-to-alkaline phosphatase ratio—were
identified as the key predictors. The final logistic regression model demonstrated strong discrimination, with an area under the curve of
0.9107 in the development cohort and 0.8286 in the external validation cohort. Sensitivity and specificity were both favorable, and
calibration showed good agreement between predicted and observed risk across most probability ranges. Decision curve analysis
indicated meaningful net clinical benefit across a wide range of threshold probabilities, supporting the model’s potential to improve
risk stratification in practice.

Conclusion: We developed and validated a practical predictive model for hip osteoporosis based entirely on information commonly
obtained during routine clinical care. Because it requires no specialized testing beyond standard laboratory panels, the model offers
a low-cost, scalable screening tool—particularly valuable in settings where DXA access is limited. Its strong performance and ease of
application suggest that it may help clinicians identify high-risk patients earlier, guide referral for confirmatory DXA scanning, and
support more proactive osteoporosis prevention strategies.
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Introduction

With the rapidly aging population in China, the prevalence of osteoporosis has increased significantly, emerging as
a major public health concern.' Despite heightened awareness, substantial gaps persist in the diagnosis and management
of osteoporosis, with many patients failing to receive timely or appropriate treatment.” As a chronic condition with high
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incidence and severe consequences, osteoporosis requires long-term, sequential or combined pharmacological therapies
to improve bone mineral density and reduce fracture risk.’ Hip osteoporosis is particularly concerning, as it often leads to
hip fractures associated with high rates of disability and mortality.* Globally, approximately nine million osteoporotic
fractures occur each year, with hip fractures accounting for more than 30%.° Therefore, early identification and
intervention in high-risk populations are critical.*” While existing prediction models FRAX primarily focus on assessing
the risk of hip fractures,® osteoporosis itself is the underlying cause of these events.’

The internationally recognized diagnostic standard for osteoporosis is based on dual-energy X-ray absorptiometry
(DXA) measurements.'® In DXA scanning, the anteroposterior lumbar spine assessment typically includes vertebrae L1
to L4, encompassing their posterior elements. However, this region is prone to measurement inaccuracies due to age-
related degenerative changes, such as vertebral osteophyte formation, sclerosis of the vertebral bodies and facet joints,
and abdominal aortic calcifications.'' In contrast, DXA scans of the proximal femur—particularly the femoral neck and
total hip—are more clinically relevant and reliable for osteoporosis diagnosis. These regions are anatomically stable and
less affected by soft tissue interference, making them preferred sites for accurate bone density assessment.'”
Consequently, a predictive model based on hip bone mineral density as the outcome is likely to offer greater diagnostic
reliability.

Despite its clinical value, access to DXA remains limited, especially in economically underdeveloped regions. This
underscores the urgent need for alternative tools to effectively assess osteoporosis risk. Currently recognized screening
tools include the International Osteoporosis Foundation (IOF) One-Minute Osteoporosis Risk Test'® and the
Osteoporosis Self-Assessment Tool for Asians (OSTA).'"* The IOF test is quick, simple, and user-friendly but serves
only as a preliminary screening tool and lacks diagnostic capability.'” OSTA, widely used among Asian women, is
limited in scope as it excludes men and relies solely on age and weight, which, while convenient, compromises predictive
accuracy.'> To address these limitations, Cheung et al recently developed and validated the Chinese Osteoporosis
Screening Algorithm (COSA).'? This model, built on the Chinese population in Hong Kong, incorporates fracture
history in addition to age and weight. COSA has demonstrated significantly improved predictive performance compared
to OSTA and correlates with 10-year hip fracture risk.

Several emerging models have attempted to incorporate biochemical markers or machine-learning techniques to
improve osteoporosis prediction. However, many of these approaches rely on specialized assays (eg, bone turnover
markers,'® vitamin D'’ or PTH levels'®) or advanced imaging inputs'® that are not routinely available in most clinical
settings. Machine-learning—based models often demonstrate good discrimination but require complex data preprocessing
and lack interpretability, limiting their practical adoption.'® In contrast, few models have focused on leveraging simple,
universally obtained laboratory tests to create an accessible, clinically transparent prediction tool. This gap highlights the
need for a model that balances accuracy, interpretability, and real-world feasibility.

Serum albumin (ALB) and alkaline phosphatase (ALP) are two routinely measured biomarkers with established links
to bone physiology. ALB reflects nutritional and inflammatory status, both of which influence bone turnover and
fragility.”” ALP increases during periods of active bone remodeling.>' The ALB/ALP ratio therefore integrates nutritional
status with metabolic activity, offering a physiologically meaningful composite indicator of bone health. Despite its
potential relevance, this ratio has rarely been incorporated into osteoporosis prediction models.

Given these limitations, we sought to develop a practical, clinically interpretable model that combines demographic
information with simple biochemical markers—including the ALB/ALP ratio—to identify individuals at risk of hip
osteoporosis. By using data readily available in routine inpatient and health-check settings, this model aims to provide an
accessible screening tool that can support early detection where DXA access is limited.

Methods

Research Design and Data Sources

This study employed a retrospective cohort design using electronic medical record data from two independent tertiary
medical centers in northern Guangdong, China. Only hospitalized adult patients were included, as laboratory testing was
part of the routine inpatient evaluation and therefore not consistently available for outpatients.
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Training set

6,993 hospitalized patients from Yuebei People's
Hospital of Shaoguan who underwent dual-energy
X-ray absorptiometry (DEXA) testing in 2020.

2,355 Were excluded
1,507 Diagnosis with exclusion criteria
736 Abnormal and null values in blood test
14  Age under 18 years old

Y
4,638 included in the final data analysis

Validation set

4,053 hospitalized patients from Shaoguan First
People's Hospital who underwent DEXA testing
between 2021 and 2024.

1,005 Were excluded
598 Diagnosis with exclusion criteria
404 Abnormal and null values in blood test
3 Age under 18 years old

A 4
3,048 included in the final data analysis

Figure | Flowchart of Participant Selection Process.

The training cohort consisted of 6993 inpatients who underwent hip DXA at Yuebei People’s Hospital of Shaoguan
between January and December 2020. After applying predefined inclusion and exclusion criteria, 4638 patients remained
for analysis.

The validation cohort included 4053 inpatients who received DXA testing at Shaoguan First People’s Hospital
between January 2021 and January 2024, from which 3048 eligible patients were retained. The two hospitals differ in
their clinical case mix and patient admission patterns, providing a natural source of population heterogeneity to support
external validation.

DXA examinations were performed upon hospital admission. Yuebei People’s Hospital used a Hologic DXA system,
whereas Shaoguan First People’s Hospital used a GE Lunar Prodigy Pro scanner (manufactured in Mexico). Although
equipment differed, both institutions follow standardized calibration procedures in accordance with national guidelines.

A detailed flowchart of patient inclusion and exclusion is presented in Figure 1.

Inclusion and Exclusion Criteria
Inclusion Criteria: 1. Age > 18 years; 2. Underwent hip DXA bone mineral density testing; 3. Had liver and kidney
function blood tests performed.

Exclusion Criteria: 1. Co-existing conditions that may affect bone metabolism, such as hyperparathyroidism,
Cushing’s disease, pituitary disorders, hematologic diseases, malignant tumors, autoimmune diseases, or severe mental

disorders; 2. Previous or current use of anti-osteoporosis medications (eg, zoledronic acid, calcitriol); 3. Long-term use of
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medications that may affect bone metabolism, such as corticosteroids, estrogens, anticonvulsants, and anticoagulants; 4.
Missing clinical case data; 5. Patients deemed unsuitable for participation in the study by the researchers.

Data Processing and Variable Selection

In the data processing stage, missing values were handled using multiple imputation via the random forest method
implemented in the mice package in R (m = 5, method = “rf”), with default settings of 10 iterations and 100 trees per
forest. The pre- and post-imputation distributions of variables with missingness were compared and showed no
significant differences, confirming that imputation did not distort the underlying data structure. The imputed datasets
were analyzed using least absolute shrinkage and selection operator (LASSO) logistic regression implemented in the
glmnet package in R. Model tuning was performed with 10-fold cross-validation to determine the optimal regularization
parameter A (both A_min and the more parsimonious A_1se). Variables with non-zero coefficients at A_1se were retained.
To ensure stability, the procedure was repeated across five imputed datasets, and consistent predictors were selected for
model construction.

Construction of Logistic Regression Model

The logistic regression model was used to evaluate the association between variables and disease occurrence. None of the
independent variables were standardized, as their scales were consistent. The model was fitted by maximizing the
likelihood function, and variable selection was performed using the AIC criterion. The entirety of the statistical analysis
was executed using R version 4.0.3, with a significance criterion of P less than 0.05 applied to the logistic regression
analysis.

Model Validation and Evaluation

To evaluate the performance of the logistic regression model, we used ROC curve analysis, DCA curve, and calibration
curve. The ROC curve evaluates the sensitivity and specificity of the model, the DCA curve assesses the clinical
usefulness of the model under different clinical decision thresholds, and the calibration curve evaluates the model’s
calibration. All statistical analyses were conducted using the “pROC” and “rms” packages in R. To further assess the
stability, internal validity, and potential overfitting of the prediction model, we performed a bootstrap resampling
procedure using the rms package in R. A total of 1000 bootstrap resamples were generated from the original training
dataset.

Ethical Statement and Data Security

This study has received ethical approval from the Yuebei People’s Hospital Medical Ethics Committee (Approval
Number: YBSKY-2025-012-001) and the Shaoguan First People’s Hospital Ethics Review Committee (Approval
Number: Shaoguan First People’s Hospital Medical Ethics Review Number: (2024)124). The study was conducted in
accordance with the principles of the Declaration of Helsinki. Given that this study utilized medical records obtained
from previous clinical care and met the following criteria: 1) the study objectives are of significant importance; 2) the
risks to participants are no greater than minimal; 3) waiving informed consent will not adversely affect participants’
rights and well-being; and 4) all patient data have been de-identified to ensure patient privacy and safety, we applied for
and obtained approval for waiver of informed consent from both Ethics Committees. The study is registered in the
National Medical Research Registration and Filing Information System of China under the registration number MR-44-
25-010258. As this is a retrospective observational study, it was not applicable for registration on the Clinical trial
registration platform.

Statistical Analysis

All statistical analyses were performed using R software. For qualitative variables, the Chi-squared test was used for
comparisons. For quantitative variables, Student’s #-test or the Mann—Whitney U-test was applied, depending on the data
distribution. The results of the logistic regression model are presented as odds ratios (ORs) with 95% confidence intervals
(CIs). All statistical hypothesis tests were conducted using two-sided tests, with a significance level set at P < 0.05.
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Result

Basic Characteristics of the Data

In this clinical study (Table 1), both training and validation sets show that osteoporosis groups have significantly older
ages (training set: osteoporosis group mean age 75 vs non-osteoporosis group 56, P < 0.001; validation set: 73 vs 60, P <
0.001), higher female proportions (training set: 69.20% vs 59.78%, P < 0.001; validation set: 84.74% vs 64.15%, P <
0.001), and lower body mass index (BMI) (training set: 21.93 kg/m? vs 23.64 kg/m?, P < 0.001; validation set: 22.22 kg/
m? vs 24.02 kg/m?, P < 0.001) compared to non-osteoporosis groups.

Significant differences (Table 1) in serum biochemical indicators including sodium, calcium, phosphorus, uric acid,
total protein, ALB, and ALP are also observed between the two groups in both sets (training set: serum sodium P =
0.003, serum calcium P < 0.001, serum phosphorus P = 0.003, serum uric acid P < 0.001, total serum protein P < 0.001,
serum ALB P < 0.001, serum ALP P < 0.001; validation set: serum sodium P < 0.001, serum calcium P = 0.005, serum
uric acid P < 0.001, total serum protein P < 0.001, serum ALB P < 0.001, serum ALP P < 0.001).

Moreover, the ratio of ALB/ALP (Table 1) differs significantly between groups (training set: osteoporosis group 0.51
vs non-osteoporosis group 0.62, P < 0.001; validation set: 0.47 vs 0.54, P < 0.001), which may be associated with
osteoporosis pathogenesis.

Univariate Analysis Results
In univariate analysis (Table 2), several variables showed significant associations with hip osteoporosis across both

training and validation sets.

Table | General Characteristics

Hip osteoporosis Training Set Validation Set
Yes (n=1344) No (n=3294) P values Yes (n=1271) No (n=1777) P values
Age (years, SD) 75 (68-82) 56 (49-64) <0.001 73 (66-80) 60 (54-68) <0.001
Gender (female, %) 930 (69.20%) 1969 (59.78%) <0.001 1077 (84.74%) 1140 (64.15%) <0.001
Body mass index (kg/m>2, SD) 21.93 (19.56-24.24) 23.64 (21.48-25.95) | <0.001 2222 (20.00-24.67) | 24.02 (21.79-26.44) <0.001
Serum sodium (mmol/L, SD) 143.2 (142-145) 143 (142-145) 0.003 140.8 (138.9-142.2) | 140.3 (138.9-141.70) <0.001
Serum calcium (mmol/L, SD) 228 (221-2.34) 229 (2.23-2.36) <0.001 2.36 (2.26-2.46) 2.38 (2.3-2.48) <0.001
Serum phosphorus (mmol/L, SD) 1.07 (0.95-1.18) 1.08 (0.96-1.2) 0.003 115 (1.03-1.27) .16 (1.05-1.28) 0.051
Serum magnesium (mmol/L, SD) 0.88 (0.83-0.93) 0.88 (0.84-0.93) 0.468 0.88 (0.82-0.95) 0.88 (0.82-0.94) 0.799
Serum uric acid (umol/L, SD) 303.05 (247.08-373.53) 322 (262-389) <0.001 292 (237-351.7) 316 (264-379) <0.001
Serum creatinine (umol/L, SD) 70 (60-82) 70 (60.08-82) 0.804 64 (54-77) 65 (55-79) 0.238
Total serum protein (g/L, SD) 70.2 (66.6-74.2) 71.1 (67.6-74.9) <0.001 67.3 (63.5-72.1) 68.7 (64.65-73) <0.001
Serum albumin (g/L, SD) 40 (37.442.7) 417 (39.3-44.2) <0.001 40.1 (37.1-43.1) 42.1 (39.4-44.8) <0.001
Serum alkaline phosphatase (UL, SD) 78 (64.05-94) 68 (56-81) <0.001 85 (70-105) 78 (65-94) <0.001
ALB/ALP (SD) 0.51 (0.42-0.63) 0.62 (0.50-0.75) <0.001 0.47 (0.38-0.58) 0.54 (0.45-0.65) <0.001
Note: Data are presented as median (interquartile range) for continuous variables and n (%) for categorical variables.
Table 2 Univariate Logistic Regression Analysis
Training Set Validation Set
Univanriate OR (95% CI) | Coefficient | P value | Univanriate OR (95% Cl) | Coefficient | P value
Age(years) 1.1762 (1.1649-1.1876) 0.16226 <0.0001 1.1185 (1.1084-1.1286) 0.11197 <0.0001
Gender 0.6615 (0.5779-0.7572) —0.41321 <0.0001 0.3224 (0.2690-0.3863) —1.13206 <0.0001
BMI (kg/m?) 0.843 (0.8257-0.8607) —0.17075 <0.0001 0.8565 (0.8374-0.8760) —0.15493 <0.0001
Serum sodium (mmol/L) 1.0226 (0.9965-1.0495) 0.022393 0.0905 1.0278 (1.0008-1.0555) 0.027422 0.0433
(Continued)

Clinical Interventions in Aging 2026:21

https:




Dai et al

Table 2 (Continued).

Training Set Validation Set

Univanriate OR (95% Cl) | Coefficient | P value | Univanriate OR (95% Cl) | Coefficient | P value
Serum calcium (mmol/L) 0.2917 (0.1599-0.5321) —-1.23195 0.0001 0.257 (0.1567-0.4217) —1.35859 <0.0001
Serum phosphorus (mmol/L) 0.5998 (0.4293-0.8378) -0.51123 0.0027 0.5837 (0.3919-0.8694) —-0.53837 0.0081
Serum magnesium (mmol/L) 0.8479 (0.4070-1.7668) —0.16495 0.6596 1.1748 (0.7955-1.7348) 0.16106 0.4181
Serum uric acid (umol/L) 0.9986 (0.9979-0.9992) —-0.0014328 | <0.0001 0.9969 (0.9961-0.9978) —0.0030706 | <0.0001
Serum creatinine (umol/L) 1.0017 (0.9980-1.0055) 0.0017205 0.3684 0.9977 (0.9938-1.0016) —0.0023351 0.243
Total serum protein (g/L) 0.9749 (0.9640-0.9860) —0.02538 <0.0001 0.9777 (0.9672-0.9884) —0.022542 <0.0001
Serum albumin (g/L) 0.8953 (0.8806-0.9103) —0.11059 <0.0001 0.8948 (0.8791-0.9107) —0.11118 <0.0001
Serum alkaline phosphatase (U/L) 1.0174 (1.0147-1.0201) 0.017273 <0.0001 1.0034 (1.0014-1.0054) 0.0034152 0.0007
ALB/ALP 0.0382 (0.0257-0.0567) —3.26566 <0.0001 0.0687 (0.0429-0.1100) —2.67778 <0.0001

Age was positively associated with osteoporosis (training: OR = 1.1762, 95% CI: 1.1649—1.1876; validation: OR =
1.1185, 95% CI: 1.1084—1.1286), indicating increased risk with older age. Gender was also significantly associated, with
males having lower odds of osteoporosis compared to females (training: OR = 0.6615, 95% CI: 0.5779-0.7572;
validation: OR = 0.3224, 95% CI: 0.2690—0.3863).

BMI showed a negative association with osteoporosis in both sets (training: OR = 0.843, 95% CI: 0.8257-0.8607,
validation: OR = 0.8565, 95% CI: 0.8374-0.8760), suggesting lower BMI increases osteoporosis risk. Serum sodium
levels were significantly associated with osteoporosis only in the validation set (OR = 1.0278, 95% CI: 1.0008—1.0555),
indicating higher levels may increase risk.

Serum calcium and phosphorus levels both showed significant negative associations with osteoporosis in both sets,
meaning lower levels increase risk. Serum uric acid also demonstrated a significant association, with lower levels linked
to higher osteoporosis risk (training: OR = 0.9986, 95% CI: 0.9979-0.9992; validation: OR = 0.9969, 95% CI:
0.9961-0.9978).

Total serum protein and its component serum ALB both showed significant associations with osteoporosis. Lower
levels of total serum protein (training: OR = 0.9749, 95% CI: 0.9640-0.9850; validation: OR = 0.9777, 95% CI:
0.9672-0.9884) and serum ALB (training: OR = 0.8953, 95% CI: 0.8806—0.9103; validation: OR = 0.8948, 95% CI:
0.8791-0.9107) were associated with increased osteoporosis risk.

Serum ALP showed a slight positive association with osteoporosis in both sets (training: OR = 1.0174, 95% CI:
1.0147-1.0201; validation: OR = 1.0034, 95% CI: 1.0014—1.0054). The ALB/ALP ratio was significantly associated with
osteoporosis in both datasets (training: OR = 0.0382, 95% CI: 0.0257-0.0567; validation: OR = 0.0687, 95% CI:
0.0429-0.1100), suggesting a lower ratio increases risk.

Serum magnesium and creatinine did not show significant associations with osteoporosis in either set.

LASSO Regression Analysis for Variable Selection

In this study, some variables had a certain degree of missing data, with the proportion of missing data in the training set
ranging from 1.2% to 1.6% and in the validation set ranging from 0.8% to 12.8%. Specifically, in the training set, missing
data were observed in Serum phosphorus, Serum magnesium, and Serum uric acid, while no missing data were found in
other variables. In the validation set, missing data were observed in Serum calcium, Serum phosphorus, Serum
magnesium, Serum uric acid, and Serum creatinine, with other variables remaining complete.

To ensure data integrity and minimize bias, we used the random forest method to perform multiple imputations
separately on the training and validation sets, generating five complete datasets for each. The imputed data showed high
consistency with the original data distributions, indicating the reliability of the imputation process. Subsequently, LASSO
regression was performed on each dataset to identify variables associated with hip osteoporosis.
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Figure 2 Results of LASSO regression analysis for variable selection. (a) Results from one LASSO regression analysis conducted on the training set, showing the selection of
four variables: age, sex, BMI, and the ALB/ALP. These variables were consistently selected across all five analyses with non-zero coefficients. (b) Results from one LASSO
regression analysis conducted on the validation set, showing the selection of six variables. Among them, four variables (age, sex, BMI, and ALB/ALP) were consistently
selected across all five analyses, while the remaining two variables varied due to differences in the imputed datasets.

Figure 2a illustrates the results of one LASSO regression analysis on the training set, which identified four variables:
age, sex, BMI, and the ALB/ALP. These variables were consistently selected with non-zero coefficients across all five
regression analyses.

Figure 2b presents the results of one LASSO regression analysis on the validation set, which identified six variables.
Among these, the four variables identified in the training set (age, sex, BMI, and ALB/ALP) were consistently included
across all five analyses. However, the remaining two variables varied due to differences in the imputed datasets, likely
resulting from the randomness of the imputation process and the varying correlations among the variables. This
variability did not substantially impact the overall findings.

It is important to note that variables with missing data (eg, Serum phosphorus, Serum magnesium, Serum uric acid,
Serum calcium, and Serum creatinine) were excluded by the LASSO regression analysis. As a result, these variables
were not included in subsequent analyses.

Considering the consistency between the training and validation sets, we ultimately selected the four variables
identified in the training set (age, sex, BMI, and ALB/ALP) for further analysis. Selecting these consistently identified
variables ensures the robustness and generalizability of the model while avoiding potential biases introduced by
variability in the imputed datasets. Based on these variables, we constructed a logistic regression model to further
evaluate their relationship with hip osteoporosis.

The final logistic regression model (Shao HipOsteoRisk Model) is represented as:

f(x) = —6.35634 4+ 0.16042 x Age — 0.16679 x BMI — 0.46871 * Gender — 2.00693 x ALB/ALP

Clinical Interventions in Aging 2026:21 hetps: 7
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1

P = T P )
Among them:

P is the predictive probability of hip osteoporosis;

Age is the age (unit: year);

BMI is body mass index (unit: kg/mz);

Gender, Gender=1 indicates male gender, Gender=0 indicates female gender;

ALB/ALP is the ratio of serum albumin to serum alkaline phosphatase.

In addition, based on our logistic regression model, we have developed a web-based tool that can generate real-time
probabilities of hip osteoporosis, providing a convenient resource for clinical use. The website can be accessed at: https://
sgsy-ky.github.io (International users) or http://sgsyy.cn:10011/blog/kyindex (Chinese users).

Model Performance Evaluation-ROC Curve Analysis

Through ROC curve analysis, the area under the curve (AUC) of model in the training set was 0.9107 (Figure 3a),
indicating a high identification ability. The AUC in the external validation set was 0.8286 (Figure 3b), indicating
consistent performance on an independent dataset and strong generalizability. Internal validation was performed using
bootstrap resampling (B=1000). The optimism-corrected C-index was 0.91 (Dxy=0.8208), indicating excellent discrimi-
nation. The calibration slope (0.9976) and intercept (—0.0025) were close to the ideal values of 1 and 0, respectively,
suggesting minimal overfitting. The mean absolute calibration error was 0.025 and the 90th percentile of absolute error
was 0.051, indicating good agreement between predicted and observed risk. The bias-corrected calibration curve almost
overlapped with the ideal line (Figure 3c).

To evaluate the added value of the ALB/ALP ratio, we compared the predictive performance of two models—with
and without this variable. In the training cohort, the inclusion of ALB/ALP significantly improved the AUC from 0.9066
(95% CI: 0.8984-0.9148) to 0.9107 (95% CI: 0.9027-0.9188) (DeLong’s test: Z = 3.97, P < 0.001). This improvement
was accompanied by slight increases in sensitivity (from 88.69% to 89.81%), specificity (from 76.62% to 76.75%), and
overall accuracy (from 80.12% to 80.53%). In the external validation cohort, the AUC increased from 0.8244 (95% CI:
0.8045-0.8365) to 0.8286 (95% CI: 0.8141-0.8430) with the inclusion of ALB/ALP (DeLong’s test: Z = 2.67, P =
0.0076). Notably, this also resulted in improved specificity (from 68.69% to 74.68%) and accuracy (from 73.75% to
75.52%), although sensitivity decreased slightly (from 81.02% to 76.71%). These findings suggest that ALB/ALP
contributes to enhanced model identification ability.
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Figure 3 Model performance evaluation using ROC curves and bootstrap calibration. (a) ROC curve for the training cohort, with an AUC of 0.9107, indicating excellent
discriminative ability. (b) ROC curve for the external validation cohort, showing an AUC of 0.8286, demonstrating good generalizability and stable performance in an
independent dataset. (c) Bootstrap calibration plot based on 1000 resamples. The apparent curve, bootstrap bias-corrected curve, and the ideal reference line (dashed gray
line) are shown. The close alignment between the bias-corrected and ideal curves indicates strong calibration and minimal overfitting across the predicted probability range.

8 https: Clinical Interventions in Aging 2026:21


https://sgsy-ky.github.io
https://sgsy-ky.github.io
http://sgsyy.cn:10011/blog/kyindex

Dai et al

(a) Training set (b) Validation set
g Model Bestgim < ~ Model Bestgim
All ° - All
e o — None <= @ — None
§ o 5 °
c c
[ 3 o~
o _ o o
z ° 2 -
o
s =
f T T T T 1 f T T T T l
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
High Risk Threshold High Risk Threshold
T T T T T 1 I T T T T 1
1:100 1:4 2:3 3:2 4:1 100:1 1:100 14 2:3 3:2 4:1 100:1
Cost:Benefit Ratio Cost:Benefit Ratio

Figure 4 DCA for the logistic regression model. (a) DCA for the training set, indicating higher net benefits for threshold probabilities ranging from 0.1 to 0.7. (b) DCA for
the validation set, showing consistent net benefits for threshold probabilities ranging from 0.15 to 0.6.

Decision Curve Analysis (DCA)

DCA revealed that the logistic regression model provided a higher net benefit across a broad spectrum of predicted
probability thresholds, both in the training and validation cohorts. Specifically, in the training set, the model showed
notable net benefits when the threshold probability varied between 0.1 to 0.7 (Figure 4a). Similarly, in the validation
dataset, a consistent net benefit was evident within the probability threshold range of 0.15 to 0.6 (Figure 4b). These
findings suggest that the model has significant potential for clinical application, as it provides meaningful net benefits for
decision-making within these threshold ranges.

Calibration Curve Analysis
To evaluate the alignment between predicted probabilities and actual outcomes for hip osteoporosis, calibration curve
analysis was performed in both the training and validation datasets.

In the training set (Figure S5a), the predicted probabilities closely aligned with the actual observed outcomes,
especially within the mid-risk range (predicted probabilities of 0.2 to 0.6), indicating an excellent calibration perfor-
mance in this range. Slight deviations were observed at the lower and higher risk extremes, but these did not substantially
impact the overall model performance.

In the validation set (Figure 5b), the model demonstrated satisfactory calibration, with the predicted probabilities
generally matching the observed outcomes. The alignment was most notable within the risk range of 0.2 to 0.5, where the
model displayed good calibration. However, there were minor discrepancies in the lower risk segment (<0.2), suggesting
slightly reduced predictive accuracy in this range.

Overall, the calibration curves indicate that the model has a reliable predictive capability, with optimal performance in
the mid-risk ranges for both the training and validation datasets, highlighting its robustness and potential clinical value.

Discussion
In this study, we developed and validated a logistic regression model to predict hip osteoporosis using clinical and
laboratory parameters. The model was trained on one dataset and validated on an independent cohort. Using LASSO
regression, we identified four key predictors: age, sex, body mass index (BMI), and the serum albumin-to-alkaline
phosphatase (ALB/ALP) ratio. These variables were subsequently incorporated into the final logistic regression model.
The findings are consistent with previous research emphasizing the strong influence of age and sex on osteoporosis risk,
with advancing age and female sex recognized as well-established risk factors. BMI was inversely associated with hip
osteoporosis, indicating that individuals with lower BMI are at greater risk—a pattern supported by epidemiological
studies linking low body weight to reduced bone mineral density.

A key innovation of this study is the incorporation of the ALB/ALP ratio as a predictive variable. Serum ALB is
a well-established biomarker of nutritional and inflammatory status, and lower ALB levels have been linked to impaired
osteoblast function, reduced bone matrix synthesis, and increased systemic inflammation—factors known to accelerate
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Figure 5 Calibration curves for the logistic regression model. (a) Calibration curve for the training set, showing excellent agreement between predicted probabilities and
observed outcomes, particularly within the mid-risk range (0.2-0.6). Slight deviations are observed at the lower and higher risk extremes. (b) Calibration curve for the
validation set, demonstrating satisfactory calibration. The model performs best within the risk range of 0.2-0.5, with minor discrepancies observed in the lower risk segment
(<0.2).

bone loss. In contrast, ALP reflects metabolic bone turnover and is often elevated in conditions of increased osteoblastic
activity or impaired mineralization. The ALB/ALP ratio therefore serves as an integrated biological indicator that
captures both nutritional reserve and the degree of metabolic bone remodeling. A lower ratio may represent
a physiologic phenotype characterized by malnutrition and dysregulated bone turnover, both of which contribute to
heightened osteoporosis risk.

This ratio also distinguishes our model from widely used osteoporosis screening tools such as OSTA, COSA, and
FRAX. OSTA and COSA rely primarily on demographic variables (age, sex, body weight), while FRAX requires
multiple clinical risk factors and is designed to estimate fracture probability rather than bone density status.® In contrast,
our model leverages simple laboratory tests that are universally available, inexpensive, and routinely performed during
inpatient evaluations or health examinations. Although the increase in AUC was modest, it remained statistically
significant based on DeLong’s test, demonstrating the incremental value of the ALB/ALP ratio beyond conventional
demographic predictors such as age, sex, and BMI. By grounding the model in both demographic and biochemical
indicators, our approach offers a practical, low-burden alternative for early identification of individuals at risk of hip
osteoporosis, particularly in settings where access to DXA scans is limited.

ROC curve analysis demonstrated that the model achieved strong discriminatory ability, with high AUC values in
both the training and validation cohorts, indicating satisfactory predictive performance. To further assess model stability,
we performed internal validation using 1000 bootstrap resamples, which is considered the most rigorous method when
temporal validation is not feasible. The bootstrap-corrected estimates showed minimal optimism, with a corrected AUC
of approximately 0.9104 and a calibration slope close to 1.0. The near-zero calibration intercept and very small maximum
calibration error further confirmed that the model was not overfitted and remained well-calibrated across resampled
datasets. These results indicate that the model is stable and reliable, supporting its robustness in different patient samples

within similar clinical settings.
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DCA further revealed that the model provided substantial net clinical benefit across a range of clinically relevant
probability thresholds, underscoring its utility for osteoporosis risk stratification. Moreover, calibration curve analysis
showed good concordance between predicted and observed outcomes, particularly within the moderate- to high-risk
ranges, supporting the model’s reliability and clinical applicability.

Several predictive models for osteoporosis have been proposed in previous studies, incorporating variables such as
genetic markers,”” and advanced imaging techniques.”> However, many of these models rely on specialized tests that are
not routinely available in everyday clinical practice.”* While population-based samples are commonly used to develop
general screening tools, our study deliberately focused on a hospital-based population. This approach is appropriate given
the intended application of the model: to provide a practical and accessible tool for identifying the risk of hip
osteoporosis among hospitalized patients or individuals undergoing routine health examinations. These individuals are
already engaged with the healthcare system, making them ideal candidates for opportunistic screening using routinely
collected demographic and laboratory data. The use of hospital-based data also reflects real-world clinical practice, where
such a tool would be most effectively implemented. Moreover, hospital datasets often offer higher data completeness and
accuracy, benefiting from standardized laboratory testing protocols and detailed clinical documentation—factors that
enhance the reliability of model development. Although it is acknowledged that hospital populations may not fully
represent the general population, the model was not designed for universal screening. Instead, it serves as a clinical
decision-support tool tailored to healthcare settings, where more targeted identification of high-risk individuals is both
feasible and beneficial.

To further strengthen the model’s reliability and evaluate its generalizability, we performed external validation using
data from a second medical center. This step is essential for assessing the model’s performance in a different clinical
setting, which may vary in terms of patient demographics, diagnostic protocols, and laboratory methodologies. The
consistent performance observed across both the development and validation cohorts indicates that the model is robust
and transferable across institutional contexts. External validation is a critical component in predictive modeling, as it
demonstrates the model’s adaptability and supports its potential for broader clinical adoption—particularly in real-world,
hospital-based screening and risk stratification programs.

Our online calculator is designed for future in-hospital deployment: a “HIP-OP risk” widget incorporating four
factors (age, sex, BMI, and ALB/ALP) embedded within the hospital information system, triggered upon completion
of routine blood tests or prior to surgery. It provides risk probabilities via non-interruptive alerts and pre-filled order
sets. However, full integration and regulatory review remain future steps, and the current standalone tool serves as
a research prototype.

This study has several limitations that warrant consideration. First, the derivation and external-validation cohorts were
both recruited from tertiary hospitals in northern Guangdong (latitudes 23-25°N, subtropical climate, almost Han
Chinese). Consequently, the B-coefficients for age, BMI and ALP may be over-fitted to this unique environmental and
genetic background, and the predicted probability could under-estimate hip-osteoporosis risk in populations at higher
latitudes or with different dietary patterns. Second, participants were retrospectively enrolled from in-patient departments
where DXA scanning is clinically indicated. Our model may therefore yield false-positive predictions when applied to
healthier. Third, certain potentially relevant biochemical markers—such as serum vitamin D and parathyroid hormone
levels—were not included due to missing or unavailable data, as these tests were ordered selectively rather than routinely,
which may reduce the model’s overall comprehensiveness. Future studies with more complete measurements may help
further improve the model.

Despite these limitations, the proposed model shows considerable promise as a screening tool for identifying
individuals at risk of hip osteoporosis in clinical settings. It may facilitate early detection and enable timely preventive
interventions. Future studies should aim to validate the model in more diverse populations, including individuals
undergoing routine health examinations and those from various geographic regions, to further evaluate its external
applicability. Additionally, expanding the range of included biomarkers and applying advanced machine learning
techniques may enhance predictive performance and reveal novel risk factors.

In conclusion, we developed a logistic regression model incorporating age, sex, BMI, and the ALB/ALP ratio to
predict hip osteoporosis using readily available clinical information. The model demonstrated strong discriminatory
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ability, good calibration, and meaningful clinical utility in both the training and validation cohorts, supporting its
potential value as a practical tool for hospital-based screening and risk stratification, particularly in settings where
DXA access is limited.

To ensure broader applicability, further validation across multiple centers, geographic regions, and multi-ethnic
populations will be essential. With adequate external confirmation, this model could be readily integrated into clinical
workflows—for example, as an automated alert within hospital information system or as a decision-support tool in
primary care—to facilitate early identification of high-risk individuals and improve the timeliness of osteoporosis
evaluation and prevention.
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