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Background: Osteoporotic vertebral compression fractures are common fragility fractures in older adults and are associated 
with substantial disability and healthcare burden. Opportunistic CT may provide a practical no-extra-radiation pathway for 
fracture-risk assessment, but quantitative vertebral structural parameters, especially cortical parameters, remain insufficiently 
studied.
Purpose: To evaluate the value of vertebral structural parameters derived from opportunistic CT in identifying osteoporotic vertebral 
compression fractures and to develop a nomogram for individualized risk estimation.
Methods: This retrospective single-center study included 298 patients aged 45 years or older who underwent chest or abdominal CT 
at the Second Affiliated Hospital of Shandong First Medical University between January 2020 and May 2024. Osteoporotic vertebral 
compression fracture status on sagittal CT was determined by two readers (one radiology resident and one senior physician) by 
consensus. A high-resolution 3D Dense-U-Net was used for automated vertebral segmentation and extraction of L1 structural 
parameters. Group comparisons were performed with t tests, one-way analysis of variance, and chi-squared tests as appropriate. 
Independent predictors were identified with univariate and multivariate logistic regression, and the nomogram was evaluated with 
receiver operating characteristic and calibration analyses.
Results: Of the 298 participants (182 men and 116 women; mean age, 62.33 ± 9.56 years), 134 had osteoporotic vertebral 
compression fractures and 164 did not. In multivariate analysis, L1 cortical average area (OR, 0.99; 95% CI, 0.99–1.00; P = 0.002) 
and L1 cortical average thickness (OR, 0.22; 95% CI, 0.13–0.38; P < 0.001) were independent predictors. The nomogram achieved 
an area under the curve of 0.867 (95% CI, 0.817–0.918) in the training cohort and 0.804 (95% CI, 0.709–0.899) in the validation 
cohort.
Conclusion: Quantitative vertebral structural parameters derived from opportunistic CT, particularly cortical parameters, showed 
good performance for identifying osteoporotic vertebral compression fracture risk in this single-center cohort. These findings support 
the potential value of deep learning-assisted quantitative assessment for opportunistic screening, although external validation is still 
required before broader clinical implementation.
Keywords: osteoporotic vertebral compression fracture, opportunistic CT, cortical bone, deep learning-assisted segmentation, 
nomogram
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Introduction
Osteoporosis (OP) is a common systemic skeletal disease in older adults and a major cause of fragility fracture. 
Osteoporotic vertebral compression fracture (OVCF) is among its most frequent and clinically important complications 
and is associated with pain, disability, reduced quality of life, and increased healthcare use.1–4 Early identification of 
patients at elevated fracture risk is therefore essential. Current OP management includes lifestyle modification, adequate 
calcium and vitamin D intake, exercise and fall-prevention strategies, antiresorptive therapy, anabolic therapy, and risk- 
based monitoring, but these interventions depend on timely identification of at-risk patients.2–5

Large numbers of chest and abdominal CT examinations acquired for other clinical indications include part or all of 
the thoracolumbar spine and therefore provide an opportunity for opportunistic screening without additional radiation 
exposure or dedicated imaging cost. Previous opportunistic CT studies have mainly relied on vertebral attenuation values 
or radiomics-derived features.6,7 Although dual-energy X-ray absorptiometry and quantitative CT are established 
approaches to bone mineral density assessment, they are not routinely available for all patients undergoing non-bone 
imaging and therefore do not fully address opportunistic screening needs. Previous attenuation-based approaches can also 
be influenced by scanner-related factors and often emphasize trabecular bone or overall CT value rather than cortical 
structure. Cortical bone is a key contributor to vertebral mechanical strength, yet quantitative research on cortical 
structural parameters for OVCF prediction remains limited.8–11

Deep learning methods are increasingly used in medical image analysis, and machine-learning approaches have also 
been applied to the prediction of musculoskeletal and other disorders using clinical or anthropometric variables.12–18 For 
vertebral assessment, automated segmentation can improve the efficiency and reproducibility of quantitative analysis. 
The 3D Dense-U-Net used in our workflow performs automated three-dimensional vertebral cortical and trabecular 
segmentation at the original image resolution, enabling extraction of quantitative structural parameters from routine CT 
data.19 Compared with conventional encoder-decoder segmentation networks, its dense connectivity promotes feature 
reuse and more stable gradient propagation, which is advantageous for preserving thin cortical boundaries during 
automated measurement.19 We hypothesized that quantitative L1 vertebral structural parameters derived from opportu
nistic CT, especially cortical parameters, would be associated with OVCF and could support a clinically usable 
nomogram for individualized risk estimation.

Methods
Study Population
This retrospective single-center study was conducted at the Second Affiliated Hospital of Shandong First Medical 
University (Tai’an, Shandong, China). We screened consecutive patients who underwent chest or abdominal CT 
examinations between January 2020 and May 2024. The study was approved by the UiTM Research Ethics 
Committee and the Ethics Committee of the Second Affiliated Hospital of Shandong First Medical University. The 
requirement for informed consent was waived because this was a retrospective analysis of existing de-identified clinical 
and imaging data with no direct patient contact or intervention. Patient confidentiality was protected throughout data 
collection and analysis, and the study was conducted in accordance with the Declaration of Helsinki. The manuscript was 
revised with reference to the STROBE recommendations for observational studies. The inclusion criteria were: (1) 
complete inclusion of the L1 vertebral body within the scan range; (2) complete clinical and imaging data; and (3) age 
≥45 years. The exclusion criteria were: (1) vertebral fractures caused by high-energy trauma; (2) previous hyperpar
athyroidism, tumors, or hypocalcemia; and (3) long-term glucocorticoid use or other long-term medication likely to affect 
bone metabolism. Demographic data (age and sex), hematological data obtained on admission (hemoglobin [HGB], 
glycated hemoglobin [HbA1C], hypersensitive C-reactive protein [hCRP], high-density lipoprotein [HDL], low-density 
lipoprotein [LDL], triglyceride [TG], total cholesterol [TC], free fatty acid [FFA], and glucose [GLU]), and imaging data 
(structural parameters of the L1 vertebral body) were collected (Figure 1). A total of 298 eligible patients were included 
and divided into non-fractured and fractured groups, with additional age-stratified analyses for 45–60 years, 61–70 years, 
and >70 years. No a priori sample-size calculation was performed because all eligible patients during the predefined 
study period were included.
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CT Scanning and Patients Grouping
All patients underwent chest or abdominal CT examinations using a General Electric (GE) Revolution CT scanner. 
Scanning parameters were as follows: tube voltage, 120 kVp; tube current, 355 mA; slice thickness and interval, 
5 mm; thin-slice thickness, 1.25 mm; pitch, 0.984; and tube rotation time, 0.8 s. The primary outcome was the 
presence of OVCF on sagittal CT images. OVCF was defined on the basis of vertebral compression deformity with 
imaging findings compatible with osteoporotic fracture after exclusion of high-energy trauma, tumor, and other 
listed secondary causes. OVCF status was determined by two readers (one radiology resident and one senior 
physician), and the final grouping was established by consensus. A formal blinded rereading protocol was not 
performed.

Image Reconstruction and Measurement of Vertebral Structure Parameters
The thin-slice CT sequences were transmitted to the GE AW4.7 post-processing platform. Under bone-window settings 
(window width 2000 HU, window level 350 HU), the L1 vertebral bodies were reconstructed into Digital Imaging and 
Communications in Medicine (DICOM) images with a slice thickness of 1.25 mm using the reformat function. The 
images were then imported into the CT spine bone quantitative system developed by the Second Affiliated Hospital of 
Shandong First Medical University and Hangzhou Shimai Company (Computer Software Copyright Registration 
No. 2024SR0222436) to measure vertebral structural parameters.19 This software uses a previously reported 3D 
Dense-U-Net-based workflow to automatically segment cortical and trabecular bone and quantify vertebral cortical 
average area (mm2), cortical average thickness (mm), cortical volume (mm3), average maximum diameter length of 
trabecular (μm), average minimum diameter length of trabecular (μm), and trabecular volume (μm3). All examinations 
were performed without contrast agents. The present study used this deep learning-based segmentation framework for 
automated quantitative extraction; the final fracture-prediction tool was a logistic-regression-based nomogram rather than 
a deep learning classifier.

Figure 1 Representative sagittal CT image showing automated vertebral segmentation.
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Statistical Analysis
Statistical analyses were performed with SPSS 27.0 and R software. Normality was assessed using the Kolmogorov– 
Smirnov test, and homogeneity of variance was assessed using the Levene test. Continuous variables are presented as 
mean ± standard deviation for normally distributed data and median with interquartile range for non-normal data. 
Between-group comparisons of normally distributed variables were performed with two-sample t tests, whereas compar
isons across multiple groups were performed with one-way analysis of variance and post hoc pairwise comparison by the 
least significant difference method. Categorical variables were analyzed with chi-squared tests. The cohort was randomly 
divided into training (70%) and validation (30%) subsets using a fixed seed (seed = 123), and the split was completed 
before variable selection to avoid data leakage. Potential predictors were explored with univariate logistic regression and 
then entered into multivariable logistic regression to identify independent predictors. The final regression model was 
visualized as a nomogram. Model discrimination was assessed with receiver operating characteristic (ROC) analysis, 
calibration was evaluated with calibration curves, and clinical utility was assessed with decision curve analysis. As an 
exploratory descriptive analysis, age-stratified discrimination of the final nomogram score was also summarized in the 
overall cohort. Two-sided P < 0.05 was considered statistically significant.

Results
Clinical and Vertebral Structural Data in Non-Fractured and Fractured Groups
A total of 298 participants (182 men, 116 women; mean age, 62.33 ± 9.56 years; range, 45–92 years) met the inclusion 
and exclusion criteria for this study. In addition, based on the imaging examination results, the patients were divided into 
a non-fractured group (n = 164) and a fractured group (n = 134).

Table 1 showed the clinical baseline characteristics of participants in both non-fractured and fractured groups. There 
was a significant difference between the two groups of patients in terms of sex and hCRP (P < 0.05). The hCRP of 
patients in the fractured group was significantly higher than that in the non-fractured group. There were no significant 
differences in terms of other clinical characteristics (P > 0.05).

Table 1 Clinical Data and Vertebral Structural Parameters in Non-Fractured and Fractured Groups

Clinical Data Non-Fractured 
(n = 164)

Fractured 
(n = 134)

P

Age, years 63.12±8.90 61.36±10.26 0.113

Male, n(%) 90 (55) 92 (69) 0.021*

HGB, g/L 125.10±25.58 120.61±21.56 0.107
HbA1C, mmol/L 6.84±1.76 6.88±1.60 0.843

HDL, mmol/L 1.27±0.36 1.20±0.31 0.058

LDL, mmol/L 2.70±0.81 2.72±0.69 0.824
TG, mmol/L 1.34±1.12 1.42±1.95 0.631

TC, mmol/L 4.65±1.17 4.52±1.24 0.375

FFA, mmol/L 0.49±0.29 0.53±0.30 0.187
GLU, mmol/L 5.63±1.72 6.01±1.72 0.054

hCRP, mg/L 6.17±16.17 13.91±40.18 0.025*

L1 cortical average area, mm2 352.75±116.37 245.19±104.78 <0.001*
L1 cortical average thickness, mm 3.06±0.52 1.89±0.86 <0.001*

L1 cortical volume, mm3 9672.59±2128.36 6252.35±3133.49 <0.001*

L1 average maximum diameter length of trabecular, µm 18.42±9.72 23.62±7.92 <0.001*
L1 average minimum diameter length of trabecular, µm 15.44±6.33 17.32±6.37 0.012*

L1 trabecular volume, µm3 17577.98±5956.53 16,766.99±25,214.70 0.690

Note: Statistical significance was defined as *P < 0.05. 
Abbreviations: HGB, hemoglobin; HbA1C, glycated hemoglobin; hCRP, hypersensitive C-reactive protein; HDL, high density 
lipoprotein; LDL, low density lipoprotein; TG, triglyceride; TC, total cholesterol; FFA, free fatty acid; GLU, glucose.
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Table 1 also shows the vertebral structural parameters in the non-fractured and fractured groups. Significant between- 
group differences were observed for L1 cortical average area, L1 cortical average thickness, L1 cortical volume, L1 
average maximum diameter length of trabecular, and L1 average minimum diameter length of trabecular (all P < 0.05). 
L1 cortical average area, L1 cortical average thickness, and L1 cortical volume were lower in the fractured group, 
whereas L1 average maximum diameter length of trabecular and L1 average minimum diameter length of trabecular were 
higher. L1 trabecular volume did not differ significantly between groups (P = 0.690).

Clinical and Vertebral Structural Data in Non-Fractured and Fractured Groups Among 
Three Age Groups
Table 2 shows the clinical and vertebral structural data in the non-fractured and fractured groups across the three age 
strata. Across age groups, age and most vertebral structural parameters changed significantly, whereas L1 trabecular 
volume did not show a significant across-age difference. There were no significant across-age differences in the other 
clinical variables (all P > 0.05).

The pattern of between-group differences varied by age stratum. In the 45–60-year group, significant differences were 
observed for age, sex, HDL, FFA, GLU, hCRP, L1 cortical average area, L1 cortical average thickness, L1 cortical 
volume, L1 average maximum diameter length of trabecular, and L1 trabecular volume (Table S1). In the 61–70-year 
group, between-group differences were observed mainly in L1 cortical average area, L1 cortical average thickness, L1 
cortical volume, L1 average maximum diameter length of trabecular, and L1 average minimum diameter length of 
trabecular (Table S2). In the >70-year group, significant differences were limited to L1 cortical average area, L1 cortical 
average thickness, and L1 cortical volume (Table S3).

Construction of the Predictive Model
Subsequently, we conducted univariate and multivariate logistic regression analyses to investigate the association 
between clinical and vertebral structural parameters and OVCF. The multivariate analysis indicated that L1 cortical 
average area [odds ratio (OR), 0.99; 95% confidence interval (CI), 0.99–1.00] and L1 cortical average thickness (OR, 
0.22; 95% CI, 0.13–0.38) were independent predictors of OVCF (Table 3). The cohort was partitioned into a training 
cohort (n = 209) and a validation cohort (n = 89) with a 7:3 ratio. These predictors were used to establish the predictive 
model. A nomogram model was established by multivariate logistic regression analysis (Figure 2).

In the training cohort, the AUC was 0.867 (95% CI, 0.817–0.918), with accuracy, sensitivity, and specificity of 0.814, 
0.929, and 0.688, respectively. In the validation cohort, the AUC was 0.804 (95% CI, 0.709–0.899), with accuracy, 
sensitivity, and specificity of 0.775, 0.765, and 0.789, respectively (Table 4, Figure 3). The calibration curves showed 
acceptable agreement between predicted and observed risk in both cohorts (Figure 4). In an exploratory age-stratified 
analysis using the final nomogram score in the overall cohort, the AUCs were 0.885 (95% CI, 0.827–0.935) in patients 
aged 45–60 years, 0.873 (95% CI, 0.792–0.943) in those aged 61–70 years, and 0.935 (95% CI, 0.840–0.995) in those 
older than 70 years (Table S4). These subgroup estimates should be interpreted cautiously because the stratum-specific 
sample sizes were limited.

Discussion
OVCF is one of the most clinically important fragility fractures in older adults and is associated with substantial 
morbidity and healthcare burden. Although BMD-based assessment remains central to osteoporosis care, bone strength is 
influenced by more than bone mineral density alone.20,21 Our study focused on whether vertebral structural parameters 
derived from opportunistic CT could help identify OVCF risk in routine clinical imaging. A key point of the present work 
is that deep learning was used for automated vertebral segmentation and quantitative parameter extraction, whereas the 
final risk-estimation model was a logistic-regression-based nomogram. In this single-center cohort, L1 cortical average 
area and L1 cortical average thickness were independent predictors, and the resulting nomogram showed good 
discrimination in both the training and validation cohorts.
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Table 2 Clinical and Vertebral Structural Data in Non-Fractured and Fractured Groups Among Three Age Groups

Clinical data 45–60 years (n=151) 61–70 years (n=86) >70 years (n=61) P

Non-fractured (n=78) Fractured (n=73) Non-fractured (n=49) Fractured (n=37) Non-fractured (n=37) Fractured (n=24)

Age, years 55.41±2.95 53.58±4.43 65.53±2.75 66.14±2.69 76.19±4.21 77.67±5.47 <0.001*

Male, n(%) 46 (59) 55 (75) 24 (49) 21 (57) 20 (54) 16 (67) 0.081

HGB, g/L 127.10±24.20 122.05±22.45 126.78±25.30 121.49±19.98 118.68±28.34 114.88±21.09 0.096

HbA1C, mmol/L 6.77±1.88 6.95±1.28 6.89±1.45 6.44±1.89 6.94±1.92 7.35±1.88 0.369

HDL, mmol/L 1.28±0.38 1.15±0.32 1.26±0.35 1.29±0.32 1.26±0.36 1.20±0.22 0.492

LDL, mmol/L 2.70±0.76 2.75±0.60 2.66±0.75 2.67±0.76 2.77±1.01 2.70±0.85 0.797

TG, mmol/L 1.40±0.99 1.50±2.46 1.06±0.52 1.20±0.70 1.57±1.77 1.52±1.45 0.178

TC, mmol/L 4.83±1.26 4.53±1.40 4.55±1.10 4.56±0.94 4.38±1.06 4.42±1.19 0.279

FFA, mmol/L 0.45±0.28 0.56±0.34 0.51±0.30 0.47±0.26 0.55±0.28 0.56±0.20 0.389

GLU, mmol/L 5.23±1.32 6.19±1.75 6.13±1.85 5.45±1.10 5.80±2.08 6.36±2.21 0.456

hCRP, mg/L 6.58±19.67 19.91±51.74 6.68±14.74 5.73±13.13 4.64±7.98 8.26±20.67 0.138

L1 cortical average area, mm2 387.87±141.88 285.16±87.96 331.12±64.39 231.60±104.74 307.33±85.46 144.58±78.53 <0.001*

L1 cortical average thickness, mm 3.25±0.43 2.11±0.81 2.96±0.52 1.85±0.87 2.79±0.56 1.28±0.71 <0.001*

L1 cortical volume, mm3 10401.38±1742.69 7384.11±2793.49 9205.28±2210.73 5832.65±3014.50 8755.09±2277.09 3456.92±2371.30 <0.001*

L1 average maximum diameter length of trabecular, µm 19.89±9.52 24.62±6.24 17.81±9.71 23.08±8.63 16.16±9.91 21.41±10.74 0.014*

L1 average minimum diameter length of trabecular, µm 17.61±4.32 18.28±5.22 14.81±6.60 17.94±6.48 11.70±7.62 13.42±8.02 <0.001*

L1 trabecular volume, µm3 19301.63±4490.87 16,095.44±6436.57 16,858.70±5879.00 14,871.38±9211.28 14,896.90±7543.00 21,731.99±58,146.72 0.748

Note: Statistical significance was defined as *P < 0.05. 
Abbreviations: HGB, hemoglobin; HbA1C, glycated hemoglobin; hCRP, hypersensitive C-reactive protein; HDL, high density lipoprotein; LDL, low density lipoprotein; TG, triglyceride; TC, total cholesterol; FFA, free fatty acid; GLU, 
glucose.
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In the overall cohort, male sex and higher hCRP were associated with the fractured group in unadjusted comparisons, 
but they were not retained as independent predictors after multivariable modeling. We therefore interpret these findings 
cautiously. Sex-related differences in bone health are biologically plausible and may reflect differences in cortical 
remodeling, hormonal milieu, and age-related changes in bone quality rather than any single behavioral 

Figure 2 Nomogram of the logistic-regression-based prediction model for estimating the risk of osteoporotic vertebral compression fractures.

Table 3 Univariate and Multivariate Logistic Regression Analysis for Clinical and Vertebral Structural 
Parameters

Clinical data Univariate Analysis Multivariate Analysis

OR (95% CI) P OR (95% CI) P

Age, years 1.00 (0.97–1.03) 0.771
Male, n(%) 1.40 (0.78–2.52) 0.257

HGB, g/L 0.99 (0.98–1.01) 0.222

HbA1C, mmol/L 0.99 (0.85–1.16) 0.888
HDL, mmol/L 0.46 (0.21–1.03) 0.061 0.40 (0.14–1.12) 0.082

LDL, mmol/L 1.09 (0.77–1.53) 0.630

TG, mmol/L 1.23 (0.86–1.77) 0.259
TC, mmol/L 0.95 (0.76–1.18) 0.629

FFA, mmol/L 2.03 (0.73–5.64) 0.174

GLU, mmol/L 1.12 (0.95–1.34) 0.186
hCRP, mg/L 1.01 (1–1.02) 0.153

L1 cortical average area, mm2 0.99 (0.98–0.99) <0.001* 0.99 (0.99–1) 0.002*

L1 cortical average thickness, mm 0.16 (0.1–0.25) <0.001* 0.22 (0.13–0.38) <0.001*
L1 cortical volume, mm3 1.00 (1.00–1.01) <0.001*

L1 average maximum diameter length of trabecular, µm 1.00 (0.98–1.03) 0.799

L1 average minimum diameter length of trabecular, µm 1.01 (0.97–1.05) 0.757
L1 trabecular volume, µm3 1.00 (1.00–1.01) <0.001*

Note: Statistical significance was defined as *P < 0.05. 
Abbreviations: HGB, hemoglobin; HbA1C, glycated hemoglobin; Hcrp, hypersensitive C-reactive protein; HDL, high density lipoprotein; 
LDL, low density lipoprotein; TG, triglyceride; TC, total cholesterol; FFA, free fatty acid; GLU, glucose.
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explanation.22–24 In addition, hCRP is a marker of systemic inflammation, and prior studies suggest that inflammatory 
pathways may contribute to bone loss and vertebral fragility.25,26 The higher hCRP level observed in the fractured group 
may therefore reflect an adverse inflammatory milieu, although causal inference is not possible in this retrospective 
observational study.

The age-stratified analyses also merit comment. In participants aged 45–60 years, between-group differences involved 
not only cortical parameters but also several laboratory or metabolic variables, whereas in the older strata the between- 
group differences were concentrated mainly in cortical structural parameters. This pattern may suggest that, in relatively 
younger patients, fracture susceptibility reflects a broader interaction between bone structure and metabolic risk, whereas 
in older patients progressive cortical structural degradation may play a more dominant role. Because the sample size 
within each age stratum was limited, these subgroup observations should be interpreted as exploratory rather than 
definitive.

The quantitative workflow in this study used a previously reported 3D Dense-U-Net-based segmentation framework 
to automatically measure vertebral cortical and trabecular parameters from routine CT images.19 The advantage of this 
workflow is that it performs three-dimensional segmentation at original image resolution and reduces the manual burden 
of quantitative extraction. Cortical bone contributes substantially to vertebral strength, and our results support its 
importance: L1 cortical average area and L1 cortical average thickness remained independent predictors in the multi
variable model.10,11 The nomogram therefore provides a simple and interpretable way to estimate individualized OVCF 
risk from opportunistic CT, but it should be regarded as an internally validated tool rather than a definitive clinical 
decision system.

Figure 3 Receiver operating characteristic curves of the nomogram model in the training cohort (a) and validation cohort (b).

Table 4 Diagnostic Performance of the Model for Predicting OVCF in 
Training and Validation Cohorts

Model Accuracy Sensitivity Specificity AUC (95% CI)

Training 0.814 0.929 0.688 0.867 (0.817–0.918)

Validation 0.775 0.765 0.789 0.804 (0.709–0.899)

Abbreviations: AUC, area under the curve; CI, confidence interval.
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This study has several limitations. First, it was a retrospective single-center study with a modest sample size, and no 
a priori sample-size calculation was performed because all eligible patients during the predefined study period were 
included; this limits subgroup precision and may introduce selection bias. Second, the dataset did not contain DXA or 
QCT measurements, smoking status, alcohol consumption, physical activity, or detailed osteoporosis medication history, 
which limited confounder adjustment and prevented direct comparison with established bone mineral density-based 
approaches. Third, OVCF grouping was determined by consensus of two readers, but a formal blinded rereading protocol 
was not performed. Fourth, the segmentation workflow used in this study was based on a previously published frame
work and was not independently revalidated in the present cohort; therefore, the technical performance should not be 
overstated. Accordingly, the present model should be regarded as a complementary opportunistic screening tool rather 
than a replacement for DXA- or QCT-based evaluation. Finally, external validation in independent populations and 
scanners is still required before broader clinical implementation.

Conclusions
L1 cortical average area and L1 cortical average thickness derived from opportunistic computed tomography were 
independently associated with osteoporotic vertebral compression fractures and supported a nomogram with good 
discrimination in this single-center cohort. These findings suggest that deep learning-assisted quantitative assessment 
of vertebral structure may help opportunistic fracture-risk identification without additional dedicated examinations, but 
external validation is required before wider clinical use.

Data Sharing Statement
The datasets used and/or analyzed during the current study are available from the corresponding authors upon reasonable 
request.

Ethics Approval
The study was approved by the UiTM Research Ethics Committee (REC/11/2024 (PG/MR/575)) and the Ethics 
Committee of the Second Affiliated Hospital of Shandong First Medical University (2023-060). The requirement for 
informed consent was waived because this was a retrospective study using existing de-identified records with no direct 

Figure 4 Calibration curves of the nomogram model in the training cohort (a) and validation cohort (b). The grey diagonal line represents ideal agreement between 
predicted and observed risk, and the Orange dashed line represents the model calibration curve.
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patient contact or intervention. Patient confidentiality was protected throughout data handling and analysis. The study 
was conducted in accordance with the Declaration of Helsinki.
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