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Background: There is an urgent need for a convenient and incidental method to assess the bone health status of the population, 
especially in primary-level hospitals lacking specialized bone density testing equipment. This study aims to investigate the association 
between multiple vertebral Hounsfield Unit (HU) value clusters and bone mass subtypes using an unsupervised learning approach, 
providing a practical tool for incidental osteoporosis screening in clinical settings.
Materials and Methods: This retrospective study included subjects who underwent chest CT and quantitative CT (QCT) from 
January 2023 to December 2024. Vertebral HU values (T7–T12) were measured on chest CT images. Intergroup comparisons (normal, 
osteopenia, and osteoporosis) in clinical findings and CT values were performed using Pearson χ2 test and one-way analysis of 
variance. An unsupervised k-means clustering was applied to vertebral CT values across the cohort.
Results: The study comprised 455 participants (260 males, 195 females) with a median age of 60 years (interquartile range, 51–67 
years), who were classified into three groups: normal bone mass, 253 cases; osteopenia, 152 cases; osteoporosis, 50 cases. Among 455 
participants, age inversely correlated with bone mass. Vertebrae HU values (T7–T12) exhibited significant stepwise declines from 
normal to osteopenia to osteoporosis (OP) groups. The clustering analysis revealed five distinct subtypes: cluster 1 strongly correlated 
with OP (45 of 72 cases), cluster 4 with osteopenia (107 of 146 cases), and clusters 2, 3, and 5 with normal bone mass (31 of 31 cases; 
90 of 107 cases; 97 of 99 cases).
Conclusion: Unsupervised clustering of T7–T12 vertebral HU values effectively stratifies bone mass subtypes, offering an efficient, 
CT-based screening method for skeletal health assessment, especially valuable in resource-limited primary-level hospitals lacking 
dedicated bone densitometry.
Keywords: osteoporosis, machine learning, computed tomography, cluster analysis

Introduction
Osteoporosis (OP) is a major global health concern among the elderly, with a high and increasing prevalence.1,2 Its most 
severe consequence—fragility fractures—leads to significant morbidity, with projections estimating 4.83 million major 
fragility fractures (vertebrae, hip, and wrist) in China by 2035.3,4 However, a considerable proportion of individuals with 
fragility fractures risk are not identified in a timely manner, resulting in delayed treatment initiation. Furthermore, once 
fractures occur, they entail prolonged hospitalization and rehabilitation for patients, thereby imposing a substantial 
burden on healthcare systems.5 Among them, vertebral fractures are the most common, frequently resulting chronic pain, 
spinal deformities, and height loss, further deteriorating the physical and mental health of patients.6 Evidently, improving 
OP awareness and early diagnosis is critical for fracture prevention and prognosis enhancement.
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The current gold standard for OP diagnosis, dual-energy X- ray absorptiometry (DXA), is extensively adopted due to 
its low cost, minimal radiation, and ability to measure the bone mineral density (BMD) of the lumbar spine and hip 
simultaneously.7 However, DXA provides only a 2D projection of bone density and can be influenced by factors such as 
soft-tissue attenuation, vertebral fractures, or spinal degenerative changes, potentially leading to misclassification of bone 
mass status.8 In contrast, quantitative computed tomography (QCT) offers a 3D BMD assessment, enabling separate 
measurement of trabecular and cortical bone without interference from surrounding structures.9 Despite its advantages, 
QCT requires specialized equipment and software, limiting its widespread use.

Clustering analysis, a data-driven statistical method, has demonstrated significant potential in disease diagnosis by 
identifying distinct imaging or clinical subtypes with differing prognoses.10–13 By exploiting radiomic features or clinical 
data, it can uncover latent patterns that traditional methods may overlook. Applying this technique to OP could enhance 
diagnostic precision and reveal novel subgroups with varying fracture risks.

Despite advances in OP diagnosis, there remains a need for more convenient, incidental methods to assess bone mass, 
particularly in resource-limited primary care settings where DXA/QCT availability is restricted. Notably, chest computed 
tomography (CT), routinely performed for various diagnostic and follow-up purposes, presents an ideal opportunity for 
OP screening.14–16 However, to our knowledge, no prior study has explored the relationship between multi-vertebral HU 
values clustering and bone mass subtypes using an unsupervised learning approach. In this study, we hypothesized that 
unsupervised clustering of vertebral HU values could effectively stratify bone mass status. Our primary aim was to 
investigate the association between these data-driven clusters and clinical defined bone mass subtypes, offering a novel, 
supplementary screening tool for spinal OP detection.

Materials and Methods
Study Sample
This retrospective study analyzed consecutive cases who underwent both chest CT and QCT examinations at our hospital from 
January 2023 to December 2024. The research protocol received ethical approval from the Institutional Review Boards of the 
Second Affiliated Hospital of Shandong First Medical University. Based on a retrospective design of the study, the Ethics 
Committee waived informed consent and de-identified patient information. The inclusion criteria comprised: ① age ≥ 30 years; 
② diagnostic-quality chest CT images allowing clear visualization of thoracic vertebrae; ③ availability of complete BMD test 
results of QCT. The exclusion criteria included: ① presence of vertebral fractures, tumors, infections, or other structural 
abnormalities; ② recent history (< 6 months) of bone-modifying therapies; ③ significant image artifacts compromising vertebral 
segmentation. After applying these criteria, 455 subjects (260 males, 195 females; mean age 59.15±11.69 years) were included in 
the final analysis (Figure 1).

CT Images and QCT Acquisition
All chest CT scans were performed using a 256-slice CT scanner (Philips Healthcare, Brilliance ICT, Cleveland, USA) 
with parameters: tube voltage of 120 kV, tube current of 400 mAs, slice thickness of 1.25 mm, and a matrix size of 
512×512. The DICOM images were archived in the PACS database. A radiologist with five years of musculoskeletal 
imaging experience independently measured the CT values from T7 to T12 vertebrae using a standardized bone window 
setting. The region of interest (ROI) was placed in the mid-vertebral body on axial images with cortical bone and 
basivertebral veins was carefully avoided. Each vertebra was measured twice, with the average value recorded. All 
measurement underwent quality control by a senior radiologist (ten years experience). In cases where there were 
discrepancies in the delineation of ROI boundaries, both radiologists conducted a joint re-examination of the images, 
recalibrated the ROI placement, and repeated the measurements until a consensus was reached.

All QCT were analyzed based on the chest CT data. The reconstructed CT images were transferred to the QCT 
workstation (Mindways Software). BMD was measured at T12 and L1 vertebrae, respectively, and taken as the average. 
The ROI was positioned in the center of vertebra at axial images manually. According to the diagnostic criteria of 
QCT,17,18 the cases were divided into three groups based on BMD measurement: normal group (BMD>120 mg/cm3), 
osteopenia group (80 mg/cm3 ≤ BMD ≤ 120 mg/cm3), and OP group (BMD <80 mg/cm3).
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Unsupervised Machine Learning
Cluster analysis based on unsupervised machine learning was carried out using R software (https://www.r-project.org/, 
version 4.3.1). In this analysis, the CT values corresponding to features of T7 to T12 were selected as the key variables to 
drive the clustering process. A crucial step in this workflow was determining the optimal number of clusters. To achieve 
this, the within-cluster sum of squares (WSS) was employed as the evaluation criterion. The WSS, which measures the 
sum of squared distances from each data point to its respective cluster centroid, provided valuable insights into cluster 
compactness. Through careful analysis of the WSS trend, it was observed that the decreasing rate of WSS slowed down 
significantly when the number of clusters (k) reached 5, indicating that 5 was the optimal cluster number (Figure 2). 
Following the determination of the optimal k value, the k-means clustering algorithm was applied to perform the actual 
subtype classification. This algorithm works by iteratively assigning data points to clusters based on their proximity to 
cluster centroids, aiming to minimize the within-cluster variation. By using this approach with the identified optimal 
parameters, distinct subtypes within the dataset were successfully identified and classification. This process laid a solid 
foundation for further exploration and interpretation of the underlying patterns in the data.

Statistical Analysis
All statistical analyses were conducted using R (version 4.3.1), which is developed and maintained by the R Foundation 
for Statistical Computing. The Shapiro–Wilk test was used to assess the normality of continuous variables. Following the 
normality check and assessment of variance homogeneity, continuous variables were expressed as mean±standard 
deviation (normal distribution) or median [IQR] (non-normal distribution), with comparisons using one-way analysis 
of variance or Kruskal–Wallis test as appropriate among multiple groups. Categorical data were presented as counts 

Figure 1 The workflow of the study.
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(percentages) and analyzed using Pearson’s χ2 or Fisher’s exact tests. All tests were two-tailed, with P < 0.05 considered 
statistically significant.

Results
Patient Characteristics
The study cohort comprised 455 participants (260 males [57%], 195 females [43%]) with a median age of 60 years (IQR, 
51–67 years). Based on QCT diagnostic criteria, 455 participants were classified into three groups: normal bone mass, 
253 cases (56%); osteopenia, 152 cases (33%); OP, 50 cases (11%). The CT values from T7 to T12 vertebral bodies are 
listed in Table 1. Starting with T7, the CT values remained relatively stable through T8, with a slight elevation at T9 and 
T10. However, a gradual decline appeared through T11 to T12.

Intergroup Comparisons of Clinical Findings and CT Values
Significant intergroup differences were observed for age and sex (Table 2). The mean age of the normal, osteopenia, and 
OP groups was 54.4±11.1, 63.2±9.3, and 70.8±7.4 years, respectively (P < 0.001), with an increasing trend of age with 
decreasing bone mass. OP group showed female predominance (64% vs 36%) and normal group had male predominance 
(61% vs 39%).

Significant differences in CT values of different vertebrae (T7 to T12) were found among the three groups (Table 2). 
All vertebral levels (T7 to T12) exhibited significant CT value reductions with worsening bone mass status. The CT 
values of the T12 vertebra were the lowest in all the three groups.

Relationships Between Clusters and Bone Mass Status
The clustering analysis identified five clusters with characteristic CT value profiles (Table 3 and Figure 3). First, cluster 1 (n=72) 
was characterized by low average CT values of T7–T12 vertebrae (97.9±18.0 HU). OP and osteopenia were the most prevalent 

Figure 2 The optimal cluster number is determined by the elbow method. By analyzing the trend of within-cluster sum of squares (WSS), it is observed that 5 clusters (k=5) 
is the optimal choice.
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bone mass condition in cluster 1, affecting 99% (71 of 72 cases) of the cases. Second, consisting of 146 individuals in cluster 4, 
73% (107 of 146 cases) had osteopenia and 3% (5 of 146 cases) had OP. In contrast, the cluster 2 stood out as having 100% of its 
cases with normal bone mass. Meanwhile, out of 99 patients in cluster 5, 98% (97 of 99 cases) had normal bone mass; and 84% 
(90 of 107 cases) had normal bone mass in cluster 3. Notably, clusters 2, 3, and 5 were essentially OP-free (0% prevalence).

Table 1 Subjects and CT Characteristics

Characteristic Finding

Age (years) 59.15±11.69
Sex

Female 195 (43%)

Male 260 (57%)
Bone mass change

Normal bone mass 253 (56%)

Osteopenia 152 (33%)
OP 50 (11%)

CT value (HU)
HU_T7 170.0±48.8

HU_T8 169.4±51.4

HU_T9 171.7±50.1
HU_T10 171.0±51.0

HU_T11 161.6±49.9

HU_T12 154.1±89.1

Notes: Data presentation followed established con
ventions: categorical variables as counts (percen
tages), normally distributed continuous variables as 
mean ± standard deviation. 
Abbreviations: OP, Osteoporosis; HU, Hounsfield 
Unit.

Table 2 Comparison of Clinical Findings and CT Values in Different Bone Mass Group

Group 0 Group 1 Group 2 Effect Size P Value
Normal (n=253) Osteopenia (n=152) OP (n=50)

Age 54.4±11.1 63.2±9.3 70.8±7.4 0.54 <0.001*
Gender 0.14 0.004*

Female 98(39%) 65(43%) 32(64%)

Male 155(61%) 87(57%) 18(36%)
CT values (HU)

HU_T7 199.2±39.9 143.7±24.8 101.9±26.3 0.78 <0.001*

HU_T8 200.1±41.8 142.2±27.7 97.4±26.7 0.78 <0.001*
HU_T9 202.9±39.1 143.1±26.1 100.7±25.4 0.80 <0.001*

HU_T10 202.9±40.1 141.5±26.0 99.6±25.1 0.80 <0.001*

HU_T11 193.5±38.7 132.4±23.0 89.6±24.1 0.82 <0.001*
HU_T12 189.1±64.6 121.3±19.8 76.8±20.7 0.84 <0.001*

Notes: Data presentation followed established conventions: categorical variables as counts (percentages), normally distributed 
continuous variables as mean ± standard deviation. Pearson’s chi-square test was used for categorical variables (Gender). One- 
way analysis of variance was used for continuous variables (age, CT values).Statistical significance was defined as *P < 0.05. 
Abbreviations: OP, Osteoporosis; HU, Hounsfield Unit.
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Discussion
This study demonstrated that unsupervised machine learning of T7–T12 vertebrae HU values can effectively stratify 
patients into distinct bone mass subtypes with clinical relevance. Our clustering analysis revealed five subgroups with 

Table 3 Clustering Results of Different Subtypes

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Effect Size P Value
(n=72) (n=31) (n=107) (n=146) (n=99)

Bone mass 0.7 <0.001*

Normal 1 (1%) 31 (100%) 90 (84%) 34 (23%) 97 (98%)

Osteopenia 26 (36%) 0 (0) 17 (16%) 107 (73%) 2 (2%)
OP 45 (63%) 0 (0) 0 (0) 5 (3%) 0 (0)

CT values(HU)

HU_T7 105.1±22.6 266.1± 28.3 176.8±20.6 144.9±16.2 216.7±19.1 0.93 <0.001*
HU_T8 100.2±23.5 273.2±34.3 175.9±15.9 143.1±16.1 219.1±18.7 0.93 <0.001*

HU_T9 102.3±20.9 265.9±29.7 181.1±16.3 145.5±17.3 221.3±19.7 0.93 <0.001*

HU_T10 100.5±19.5 269.9±31.3 181.1±20.1 144.4±16.1 219.9±18.4 0.94 <0.001*
HU_T11 94.2±22.7 260.7±28.2 171.9±17.1 134.5±16.1 208.7±18.4 0.93 <0.001*

HU_T12 85.2±22.1 248.9±27.2 158.8±18.4 124.9±18.3 196.8±23.4 0.92 <0.001*

Average HU 97.9±18.0 264.1±23.1 174.2±10.2 139.5±10.2 213.8±11.6 0.97 <0.001*

Notes: Data presentation followed established conventions: categorical variables as counts (percentages), normally distributed con
tinuous variables as mean ± standard deviation. Fisher’s exact test was used for categorical variables (bone mass type); One-way analysis 
of variance was used for continuous variables (CT values).Statistical significance was defined as *P < 0.05. 
Abbreviations: OP, Osteoporosis; HU, Hounsfield Unit.

Figure 3 Box plots of the cluster analysis of CT values for each subtype. Label 0 represents the normal bone mass group, Label 1 represents the osteopenia group, and Label 
2 represents the osteoporosis group.
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progressive CT value patterns that strongly correlated with bone health status. Cluster 1 characterized by markedly 
reduced HU values, this group comprised 63% of all OP cases in the cohort, indicating substantial trabecular thinning 
and cortical porosity that warrant immediate clinical attention. Cluster 4 dominated by osteopenia, this intermediate 
group may benefit from confirmatory QCT or DXA evaluation and early preventive interventions. Clusters 2, 3, and 5, 
exhibited significantly higher CT values, corresponding to preserved BMD and intact trabecular architecture character
istic of normal bone mass.

Vertebral CT values quantitatively represent bone tissue attenuation properties, with lower values indicating reduced 
mineral density and compromised microarchitecture. Our multi-vertebral clustering approach (T7–T12) provides 
a comprehensive evaluation of spinal bone health by: (1) integrating vertebral density data across multiple segments, 
(2) minimizing measurement variability inherent in single-level assessments, and (3) capturing regional patterns of bone 
loss that may predict fracture risk more accurately than isolated measurements.

In the present study, the analysis of CT values from T7 to T12 revealed a general decreasing trend across all cases in 
generally, with a slight peak at T9 or T10. The most pronounced reduction occurred at the T12 vertebra, likely reflecting the 
anatomical and biomechanical disparities in load distribution along the thoracic spine.19,20 Recent studies support the utility of 
CT values in OP screening. For patients with degenerative lumbar disease, the average CT value of L1–L2 proved effective for 
OP screening, with the QCT-based cutoff value being 110 HU for OP and 160 HU for osteopenia.21 Similarly, the T4 HU value 
on chest CT served as an opportunistic tool to distinguish low BMD from OP patients.22 Yang et al reported age-related 
declines in CT values of all thoracic vertebrae and L1, noting that artificial intelligence (AI), which enabled automatic 
measurement of vertebral CT values on non-contrast chest CT scans, exhibited excellent performance in identifying 
osteopenia or OP.23 Hu et al demonstrated that CT values from T10 to T12 not only decreased but also correlated linearly 
with lumbar vertebral values.24 Another study noted that a gradual attenuation decline from T10 to L3,25 further underscoring 
the importance of HU evaluation in bone mass assessment. Given the observed trend, the lower thoracic spine appeared to be 
more vulnerable to bone density loss, emphasizing the need for comprehensive evaluation in clinical and research settings.

Our clustering analysis identified five subgroups with gradient differences in CT value distributions. Cluster 2 consistently 
exhibited the highest CT values across all vertebrae, while cluster 1 had the lowest. This pattern persisted in the average 
vertebral CT values, with cluster 2 showing the highest mean and cluster 1 the lowest. Cluster 1 was predominantly composed 
of OP cases (63%) with only 1% having normal bone mass. In contrast, cluster 2 consisted entirely of individuals with normal 
bone mass. Cluster 3 primarily included normal bone mass cases, with a minority of osteopenia. Cluster 4 had the highest 
proportion of osteopenia, alongside some normal bone mass and few OP cases. Cluster 5 was dominated by normal bone mass, 
with minimal osteopenia. These findings indicated that the clustering analysis-based vertebral HU values had effectively 
stratified patients into subgroups reflecting varying bone health statuses, enabling tailored management, saving resources for 
low-risk clusters and guiding patient education for better disease awareness and prevention. For instance, patients in clusters 1 
and 4 require early intervention for OP and closer monitoring for osteopenia through further DXA or QCT. In contrast, patients 
with HU values falling into clusters 2, 3, and 5 can be reassured and managed through routine clinical monitoring, thereby 
avoiding unnecessary referrals for DXA or QCT examinations. These findings highlight the utility of vertebral HU value 
clustering in optimizing the allocation of medical resources and preventive care. By leveraging chest CT equipment, which is 
already prevalent in primary-level hospitals, we enable an initial bone health assessment for populations that otherwise lack 
access to specialized testing tools. Future study should validate these results and explore associations between CT values and 
other prognostic parameters. Overall, consensus clustering of multi-vertebral HU values offers valuable insights into bone 
health heterogeneity, with potential applications in clinical practice.

Previous studies have utilized cluster analysis to examine relationships between fracture sites and comorbidities in 
large patient cohort. For instance, one investigation analyzed 11,003 patients with ≥1 fragility fracture, enabling more 
precise risk stratification and targeted preventative measures.26 Similarly, another study applied cluster analysis to 
characterized wrist fracture cases, identifying two distinct subgroups with differing clinical profiles.27 This classification 
facilitates tailored screening protocol and secondary prevention strategies, enhancing intervention efficacy. These 
findings underscore the utility of clustering analysis method in clinical practice, as they effectively stratify heterogeneous 
patient populations into subgroups with shared disease characteristics. Such an approach provides a robust framework for 
risk assessment and personalized management, ultimately optimizing fracture prevention and patients outcomes.
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Compared to traditional BMD detection methods, unsupervised clustering analysis using vertebral HU values offers 
several advantages. First, CT examinations were widely adopted in clinical practice and maintains high patient acceptance. 
Second, as a data-driven method, unsupervised clustering analysis enables unbiased patient grouping, thereby supporting more 
individualized clinical decision-making. However, this study had certain limitations. First, the findings may be influenced by 
selection bias inherent to the retrospective study design. Second, factors such as lifestyle habits, comorbidities, and BMI, 
which significantly impact bone mass, were not fully analyzed, potentially affecting the generalizability of cluster results. 
Third, the clustering method lacked external validation on independent datasets, limiting the assessment of its reproducibility 
and robustness across different populations or imaging modalities. Additionally, the quality control for HU measurements, 
while rigorous, did not formally evaluate inter-observer variability, which could introduce unquantified measurement error. 
Therefore, subsequent studies should expand sample sizes and conduct multi-center research, adopt prospective designs, 
incorporate comprehensive clinical variables, validate the clustering model in external cohorts, and quantify inter-rater 
reliability to enhance the reliability and accuracy of clustering-based bone health assessment.

In conclusion, this study represents the first application of unsupervised machine learning to classify bone mass 
subtypes using T7–T12 vertebral HU values from routine CT scans. The proposed method offers an efficient incidental 
screening tool for population skeletal health assessment, which was especially valuable for primary care settings lacking 
specialized BMD equipment. It enables bone health evaluation without requiring additional dedicated procedures. Future 
studies should validate these results in multi-center prospective cohorts while incorporating additional clinical parameters 
to further refine the classification model.
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