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Objective: In this study, we aimed to investigate the association between skeletal muscle area (SMA), subcutaneous fat area (SFA), 
and visceral fat area (VFA), quantified using computed tomography (CT), and the risk of type 2 diabetes mellitus (T2DM). We also 
evaluated the predictive performance of these parameters for assessing T2DM risk.
Methods: We used a retrospective case–control design, including 207 hospitalized patients who underwent abdominal quantitative CT 
(QCT) scans at Fushun Central Hospital from July 2021 to July 2022. Using QCT technology, SMA, SFA, and VFA were measured at 
the level of the third lumbar vertebra. Additionally, the skeletal muscle index (SMI=SMA/height2) and the visceral-to-subcutaneous fat 
ratio (VFA/SFA) were calculated. Univariate and multivariate logistic regression analyses were used to examine the association 
between skeletal muscle and abdominal fat parameters with T2DM, and receiver operating characteristic (ROC) curves evaluated the 
predictive performance of each indicator.
Results: Body mass index, systolic blood pressure, diastolic blood pressure, fasting blood glucose, VFA, and SFA were significantly 
higher in the T2DM group compared with the control group, and SMA and SMI were significantly lower (all P<0.05). Multivariate 
logistic regression analysis showed that lower SMI (odds ratio [OR]=0.906, 95% confidence interval [CI]: 0.847–0.970, P=0.004) and 
greater VFA (OR=1.008, 95% CI: 1.004–1.012, P<0.001) were independent risk factors for T2DM. ROC curve analysis showed that 
SMI (area under the ROC curve [AUC]=0.634) and VFA (AUC=0.697) had moderate predictive performance for T2DM whereas the 
combined model (SMI+VFA) significantly improved predictive efficacy (AUC=0.816).
Conclusion: Visceral fat accumulation was an independent risk factor for T2DM, and increased skeletal muscle mass showed 
a protective effect. The combined SMI and VFA model showed significantly enhanced predictive ability for T2DM risk, suggesting its 
potential as a clinical biomarker.
Keywords: type 2 diabetes mellitus, visceral fat area, subcutaneous fat area, skeletal muscle index, risk prediction

Introduction
Type 2 diabetes mellitus (T2DM) has become a major global public health issue. According to data from the International 
Diabetes Federation, there were 537 million people with diabetes worldwide in 2023; this number is projected to increase 
to 783 million by 2045, marking a 46% increase.1 As a country with a high diabetes burden, China’s diabetes prevalence 
rate among adults has reached 11.2%,2 with a noticeable trend toward younger onset, posing a serious challenge for 
disease prevention and control.
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Traditional diabetes risk assessment methods mainly rely on body mass index (BMI), waist circumference, and other 
obesity indicators. However, these indicators fail to effectively differentiate between visceral fat area (VFA) and 
subcutaneous fat area (SFA) in metabolic processes and do not fully capture the impact of the skeletal muscle index 
(SMI) on glucose metabolism.3,4 In recent years, growing research into the pathophysiology of diabetes has confirmed 
that the synergistic effect of skeletal muscle loss (sarcopenia) and visceral fat accumulation plays a crucial role in 
exacerbating insulin resistance and contributing to the development of T2DM.5–7

As a high-resolution imaging technique, computed tomography (CT) can accurately quantify skeletal muscle and fat 
distribution, providing a new dimension for stratified metabolic risk assessment.5,8 Previous studies have shown that VFA 
and SMI can serve as independent predictive indicators for metabolic syndrome.8 However, most current research 
focuses on single-parameter analyses (such as VFA or SMI) and systematic exploration of sex-based differences has been 
lacking. It is noteworthy that men are more prone to visceral fat accumulation owing to higher androgen levels,9,10 and 
postmenopausal women experience a shift in fat distribution from subcutaneous to visceral regions owing to a decline in 
estrogen levels.11,12 Additionally, the sex-specific relationship between skeletal muscle loss and diabetes risk has not 
been fully clarified.13,14

In recent years, significant progress has been made in precise segmentation techniques of skeletal muscle in CT 
imaging, providing more reliable technical support for the quantitative assessment of muscle mass. Multiple innovative 
studies have demonstrated that: ① Site-specific and multi-class muscle segmentation techniques—such as simultaneous 
delineation of functional muscle groups including the psoas major and erector spinae15—enable accurate localization of 
muscle subtypes closely associated with metabolism, effectively differentiating muscular characteristics across anatomi
cal regions; ② Deep learning-based simultaneous segmentation of the erector spinae muscles—for example, using 
convolutional neural networks to automatically identify core muscle groups16—has achieved efficient and low-error 
muscle extraction in large-sample cohorts, significantly improving reproducibility; ③ 3D U-Net-based whole-body 
surface muscle segmentation techniques, which integrate full-volume CT information via three-dimensional 
networks,17 not only support combined multi-muscle group analysis but also provide a methodological foundation for 
extending body composition assessment beyond the L3 level. The integration of these technologies ensures that skeletal 
muscle and fat parameters (such as SMI and VFA) obtained from L3-level CT segmentation in this study exhibit higher 
accuracy and clinical applicability, while also establishing a technical foundation for future expansion to whole-abdomen 
or whole-body muscle analysis.

In the present study, we aimed to use CT-based quantitative analysis to evaluate the SMI and abdominal fat 
distribution parameters (VFA, SFA) in a Chinese inpatient population to reveal their association patterns with T2DM 
risk. Specifically, we 1) explored the association of SMI, VFA, and SFA with T2DM risk; 2) constructed sex-specific 
predictive models for more accurate diabetes risk assessment across different sexes; and 3) provide imaging-based 
biomarkers for early diabetes screening and offer evidence-based support for targeted intervention. This study aimed to 
evaluate the independent and combined predictive value of the skeletal muscle index (SMI) and visceral fat area (VFA) in 
order to provide clinically applicable imaging biomarkers for early risk stratification of type 2 diabetes mellitus (T2DM), 
while also offering mechanistic insights into the role of muscle-fat metabolic imbalance in the development and 
progression of T2DM.

Materials and Methods
Study Participants
In this study, we adopted a retrospective case–control design. The study was approved by the Medical Ethics Committee 
of our hospital (approval no. zxyyll2023008). Data of hospitalized patients at Fushun Central Hospital from July 2021 to 
July 2022 were collected using the hospital’s electronic medical record system. The inclusion criteria were: (1) age 
between 18 and 70 years; (2) meeting the World Health Organization [2019 diagnostic criteria for T2DM (fasting blood 
glucose [FBG] ≥7.0 mmol/L or glycated hemoglobin ≥6.5%); (3) having complete abdominal CT imaging data. 
Exclusion criteria were: (1) presence of malignant tumors, immunodeficiency, liver cirrhosis, renal failure, or heart 
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failure; (2) long-term use of glucocorticoids (>6 months); (3) history of acute diabetic complications (diabetic ketoaci
dosis, DKA/hyperglycemic hyperosmolar state, HHS) or trauma.

A total of 207 patients were included in the study, with 100 in the T2DM group (48.3%) and 107 in the non-T2DM (control) 
group (51.7%).The current sample size (100 cases each in the T2DM and non-DM groups, with sex subgroups n ≥ 40) meets the 
minimum requirement for binary logistic regression (≥50 cases per group to avoid overfitting)18 Future prospective studies 
should determine the optimal sample size for the target effect size using PASS software (α = 0.05, β = 0.2).

Clinical Data Collection
Clinical data were collected using the electronic medical record system, and included the following. (1) Demographic 
characteristics including sex, age, height, and weight. BMI (kg/m2) was calculated using height and weight, measured 
with a standardized electronic height and weight measuring device accurate to 0.1 cm and 0.1 kg, respectively. (2) Blood 
pressure measurement including brachial systolic blood pressure (SBP) and diastolic blood pressure (DBP), with the 
average of two consecutive measurements recorded. (3) Biochemical indicators including fasting plasma glucose 
(hexokinase method), glycated hemoglobin (high-performance liquid chromatography), and urine albumin/creatinine 
ratio, measured using morning urine samples and the immunoturbidimetry/creatinine oxidase method.

CT Acquisition
Imaging was performed using a Siemens SOMATOM Perspective 64-slice or PHILIPS Brilliance 128-slice spiral CT scanner. 
Non-contrast enhanced abdominal CT scans were acquired using the following parameter settings: detector configuration 
0.625 mm×64, 120 kV, 300 mA, 1.0 mm thickness, and 1.0 mm increment, 0.984 pitch. The field of view covered the 
abdomen, extending from the xiphoid process to the pubic symphysis. To minimize inter-scanner variability, all CT devices 
underwent regular performance calibration, and scanning procedures were performed by the same team of three certified 
radiologic technologists following a standardized protocol. During the data analysis phase, uniform normalization was applied 
to mitigate manufacturer-specific variations in Hounsfield Unit (HU) values across different devices.

Image Analysis
Semi-automatic segmentation of axial CT images at the level of the third lumbar vertebra (L3) was performed using the 
open-source medical imaging software 3D Slicer (version 4.11.0). An abdominal radiologist with 5 years of experience 
manually delineated the skeletal muscle area—including the psoas major, rectus abdominis, and paraspinal muscles— 
using a Hounsfield unit (HU) threshold range of −29 to 150 HU. Visceral and subcutaneous adipose tissues were 
segmented using a threshold range of −190 to −30 HU. All segmentations were conducted on a dedicated professional 
workstation. All segmentation results were reviewed and were corrected by another abdominal radiologist with 10 years 
of experience, if necessary, to ensure accuracy. To assess segmentation consistency, 30 patients were randomly selected 
for independent segmentation by both physicians, and the intraclass correlation coefficient was calculated to evaluate 
inter-observer agreement. Body composition metrics were derived as follows: the SMI was calculated as L3 skeletal 
muscle area (cm2)/height2 (m2); VFA and SFA were quantified using threshold segmentation; and the visceral-to- 
subcutaneous fat ratio (VSR) was calculated as VFA/SFA (Figure 1).

Figure 1 Axial image at the level of the third lumbar vertebra (L3). (A) VFA; (B) SMA; (C) SFA. 
Abbreviations: VFA, visceral fat area; SMA, skeletal muscle area; SFA, subcutaneous fat area.

Diabetes, Metabolic Syndrome and Obesity 2025:18                                                                          https://doi.org/10.2147/DMSO.S550824                                                                                                                                                                                                                                                                                                                                                                                                   4155

Zhang et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



Statistical Analysis
All statistical analyses were performed using R software version 4.2.1 and IBM SPSS version 26.0 (IBM Corp., Armonk, 
NY, USA). Continuous variables with a normal distribution are expressed as mean±standard deviation, and non-normally 
distributed variables are expressed as median with interquartile range. Categorical variables are described using 
frequency (percentage). Between-group comparisons for continuous variables were performed using independent- 
samples t-tests for normally distributed data or Mann–Whitney U-tests for non-normally distributed data. Categorical 
variables were compared using Pearson’s chi-square test or Fisher’s exact test when the expected observations in any 
category were <5. Multivariate logistic regression analysis was used to assess the association between SMI, VFA, and 
T2DM, adjusting for potential confounders such as sex, age, and BMI. Results are expressed as odds ratios (ORs) with 
95% confidence intervals (CIs). The predictive performance of SMI and VFA for T2DM was evaluated using receiver 
operating characteristic (ROC) curves, and the area under the ROC curve (AUC) was calculated. The optimal cutoff 
value, sensitivity, and specificity were reported. A two-sided P value <0.05 was considered statistically significant.

Results
Baseline Characteristics and Imaging Parameters in Patient Groups
A total of 207 participants were included in this study, with 100 in the T2DM group (48.3%) and 107 in the non-T2DM 
group (51.7%). Patients with T2DM exhibited significant metabolic abnormalities compared with the non-T2DM group. 
The median FBG was 76.8% higher (9.30 vs 5.26 mmol/L, P<0.001), and BMI was significantly elevated in the T2DM 
group (24.22 vs 23.06 kg/m2, P=0.011), indicating a shift toward obesity. Both SBP (135 vs 130 mmHg) and DBP (85 vs 
80 mmHg) were also significantly higher in the T2DM group (P<0.05). Quantitative CT analysis revealed characteristic 
body composition changes. Compared with the non-T2DM group, the T2DM group exhibited a 12.6% smaller SMA 
(190.26 vs 217.83 cm2, P=0.007), and an 8.4% lower SMI (71.21 vs 77.74 cm2/m2, P=0.001). In contrast, the VFA was 
53.2% greater (334.12 vs 218.10 cm2, P<0.001), and the SFA was 23.1% larger (252.04 vs 204.77 cm2, P<0.001). No 
statistically significant differences were observed in age, height, or VSR between the two groups (all P>0.05) (Table 1).

Predictors of T2DM
Univariate logistic regression analysis showed that the occurrence of T2DM was associated with BMI, DBP, SMA, SMI, 
VFA, and SFA (P<0.05) (Table 2).

Table 1 Baseline Characteristics and Imaging Parameters Between Study Groups

Overall (n=207) DM Group (n=100) Non-DM Group (n=107) P-Value

Baseline characteristics
Age (years) 58.89±12.64 59.34±11.58 58.47±13.59 0.621

FBG (mmol/L) 5.85 (5.15, 9.24) 9.30 (7.11, 13.01) 5.26 (4.85, 5.64) 0.001***
BMI (kg/m2) 23.80 (21.13, 26.03) 24.22 (21.48, 26.65) 23.06±3.56 <0.011*

Systolic BP (mmHg) 130 (120, 150) 135 (121.25, 150) 130 (117, 148) 0.025*

Diastolic BP (mmHg) 85 (75, 90) 85 (80, 93.75) 80 (70, 90) 0.005**
Height (m) 1.67±0.08 1.67±0.08 1.68 (1.62, 1.74) 0.885

Imaging parameters
SMA (cm2) 205.36 (167.38, 254.74) 190.26 (155.03, 236.95) 217.83 (172.94, 270.36) 0.007**
SMI (cm2/m2) 74.65 (62.85,87.18) 71.21±17.82 77.74 (66.16, 93.36) 0.001***

VFA (cm2) 266.52 (178.77, 392.57) 334.12±136.59 218.10 (126.28, 306.50) <0.001***

SFA (cm2) 234.81 (168.77, 310.38) 252.04 (203.37, 340.34) 204.77 (120.78, 283.55) <0.001***
VSR 1.20 (0.81, 1.60) 1.16 (0.84, 1.69) 1.21 (0.77, 1.56) 0.572

Notes: Continuous variables conforming to a normal distribution are expressed as mean±standard deviation; those with a non-normal distribution are 
expressed as median (interquartile range). Indicators with statistically significant intergroup differences are marked as *P<0.05; **P<0.01; ***P<0.001. 
Abbreviations: VFA, visceral fat area; SMI, skeletal muscle index; SMA, skeletal muscle area; SFA, subcutaneous fat area; VSR, visceral-to-subcutaneous 
fat ratio.

https://doi.org/10.2147/DMSO.S550824                                                                                                                                                                                                                                                                                                                                                                                                                                  Diabetes, Metabolic Syndrome and Obesity 2025:18 4156

Zhang et al                                                                                                                                                                           

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



In multivariate logistic regression analysis, after adjusting for sex, age, and BMI, we found that SMI (OR=0.906, 95% 
CI: 0.847–0.970, P=0.004) and VFA (OR=1.008, 95% CI: 1.004–1.012, P<0.001) were independent influencing factors 
for T2DM (Table 3).

Multivariate Logistic Regression Forest Plot
Based on the multivariable-adjusted model, each 1-unit increase in VFA increased the risk of T2DM by 0.8% (P<0.001). 
By contrast, each 1-unit increase in the SMI reduced the risk of T2DM by 9.4% (P=0.004) (Figure 2).

Model Construction and Predictive Efficacy
Predictive models for T2DM were constructed using SMI and VFA, as well as their combination. The SMI-based model 
had an AUC of 0.634 (95% CI, 0.558–0.709), with an optimal cutoff value of 71.18 cm2/m2, yielding a sensitivity of 
55.0% and specificity of 65.4% for T2DM. The VFA-based model had an AUC of 0.697 (95% CI, 0.644–0.749), with 
a cutoff of 191.315 cm2, achieving a sensitivity of 88.0% and specificity of 44.9%. The combined model incorporating 
both VFA and SMI showed significantly improved predictive performance, resulting in an AUC of 0.816 (95% CI: 
0.773–0.859), with a cutoff value of 0.479, providing a balanced sensitivity of 72.0% and specificity of 81.3% (Figure 3). 
The combined predictive model of VFA and SMI demonstrated a significantly higher AUC value compared to using VFA 
or SMI alone, with all differences being statistically significant (P < 0.001 by DeLong’s test) (Table 4).

Table 2 Univariate Logistic Regression Analysis 
for Predicting T2DM

OR (95% CI) P-Value

BMI 1.089 (1.010–1.174) 0.026*

Systolic BP 1.013 (1.000–1.025) 0.050

Diastolic BP 1.022 (1.002–1.042) 0.032*
SMA 0.994 (0.990–0.998) 0.005**

SMI 0.974 (0.959–0.988) 0.001***

VFA 1.005 (1.003–1.008) <0.001***
SFA 1.005 (1.002–1.008) <0.001***

Notes: In univariate analysis, BMI, diastolic BP, SMA, SMI, 
VFA, and SFA were significantly associated with T2DM risk 
(P<0.05). Statistically significant indicators are marked as 
*P<0.05; **P<0.01; ***P<0.001. Systolic BP showed marginal 
significance (P=0.050). 
Abbreviations: BP, blood pressure; SMA, skeletal muscle 
area; SMI, skeletal muscle index; VFA, visceral fat area; SFA, 
subcutaneous fat area.

Table 3 Multivariate Logistic Regression 
Analysis for Predicting T2DM

OR (95% CI) P-Value

BMI 0.904 (0.776–1.052) 0.191

Diastolic BP 1.022 (0.998–1.047) 0.072

SMA 1.014 (0.995–1.033) 0.145
SMI 0.906 (0.847–0.970) 0.004**

VFA 1.008 (1.004–1.012) <0.001***

SFA 1.004 (1.000–1.008) 0.050

Notes: After adjusting for sex, age, and BMI in multivariate 
analysis, skeletal muscle index (OR=0.906) and visceral fat 
area (OR=1.008) remained independent predictive factors 
(P<0.01). Statistically significant indicators are marked as 
**P<0.01; ***P<0.001. Subcutaneous fat area (SFA) showed 
marginal significance (P=0.050) in the multivariate analysis.
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Sex-Specific Analysis of Body Composition Differences
In male patients, the T2DM group showed a significantly smaller SMA (239.89 vs 264.37 cm2, P=0.028), a 9.4% lower 
SMI (80.10 vs 89.46, P=0.008), a 51% larger VFA (374.50 vs 247.98 cm2, P<0.001), and a 48% greater SFA (241.18 vs 
163.01 cm2, P=0.001) in comparison with the control group. No significant difference in VSR (1.52 vs 1.45, P=0.585) 
was observed (Table 5).

In female patients, the T2DM group showed a 7.7% smaller SMA (158.99 vs 172.19 cm2, P=0.095), a 9.5% lower 
SMI (61.24 vs 67.65, P=0.030), and a 52% larger VFA (278.44 vs 182.63 cm2, P=0.019), as compared with the control 
group. No significant differences were observed in SFA (277.78 vs 272.82 cm2, P=0.141) or VSR (0.91 vs 0.74, 
P=0.066) (Figure 4).

Figure 2 Forest plot of multivariate logistic regression analysis. Indicators with statistically significant intergroup differences are marked as **P<0.01; ***P<0.001.

Figure 3 ROC curves of different predictive models. 
Abbreviations: VFA, visceral fat area; SMI, skeletal muscle index.
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Discussion
In this study, we systematically explored the association between the SMI and abdominal fat distribution parameters 
(VFA, SFA) measured quantitatively using CT, and their relationship with the risk of T2DM. The study results showed 

Table 5 Sex-Specific Analysis of Body Composition Differences

Male DM Group 
(n=54)

Male Non-DM Group 
(n=66)

Female DM Group 
(n=46)

Female Non-DM Group 
(n=41)

SMA 239.89±58.66 264.36±66.03 158.99±39.71 172.19±31.00

SMI 80.10±16.89 89.46±20.32 61.23±13.40 67.65±12.92

VFA 374.50±140.83 247.98±133.91 278.44±103.74 182.63 (106.67, 275.28)
SFA 241.18 (186.03, 296.21) 163.01 (110.03, 231.46) 277.78 (229.52, 391.34) 272.82±107.74

VSR 1.52 (1.05, 1.95) 1.45 (1.16, 1.72) 0.91 (0.72, 1.12) 0.74 (0.48, 1.02)

Notes: Continuous variables conforming to a normal distribution are expressed as mean±standard deviation; those with a non-normal 
distribution are expressed as median (interquartile range). 
Abbreviations: VFA, visceral fat area; SMI, skeletal muscle index; SMA, skeletal muscle area; SFA, subcutaneous fat area; VSR, visceral-to- 
subcutaneous fat ratio.

Table 4 Comparison of the AUC Between the 
Combined VFA and SMI Indicator and Individual 
Indicators

Z-Value P-Value

VFA+SMI vs VFA 3.777 <0.001***

VFA+SMI vs SMI 4.869 <0.001***

Notes: Statistically significant indicators are marked as 
***P<0.001. 
Abbreviations: SMI, skeletal muscle index; VFA, visceral fat area; 
SFA, subcutaneous fat area; AUC, area under the curve.

Figure 4 Odds ratios of body composition indicators between participant groups.
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that VFA and SFA in patients with T2DM were significantly greater than those in the non-diabetic group (P<0.001), and 
the SMI was significantly lower (P=0.001). After adjustment, multivariate regression analysis showed that SMI was an 
independent protective factor against T2DM (OR=0.906, 95% CI: 0.847–0.970), and VFA was an independent risk factor 
(OR=1.008, 95% CI: 1.004–1.012). The combined model incorporating both SMI and VFA demonstrated superior 
predictive performance (AUC=0.816) compared with individual parameters, underscoring its potential clinical utility 
in T2DM risk stratification.

We found that the SMI of patients with T2DM was significantly lower than that of the non-diabetic control group 
(OR=0.906, 95% CI: 0.847–0.970), suggesting that reduced skeletal muscle mass is an important risk factor for the 
development of diabetes. This finding is consistent with the “sarcopenia–insulin resistance vicious cycle” theory 
proposed by Kim et al, supporting the theoretical framework that a decline in muscle mass aggravates glucose 
metabolism abnormalities via dysregulation of the AMPK/mTOR pathway.6 From a molecular mechanism perspective, 
skeletal muscle is the main target organ for insulin-mediated glucose uptake and undergoes the following pathological 
changes when its mass declines: 1) reduced expression of GLUT4 transporters, resulting in a 30%–40% decrease in 
skeletal muscle glucose uptake capacity;13 2) impaired mitochondrial function in muscle cells, decreased β-oxidation 
capacity leading to lipotoxicity;6,19 3) dysregulation of myokine secretion, including approximately 25% reduction in 
irisin levels and a 1.5-fold increase in interleukin 6, disrupting the endocrine balance between fat and muscle.13,20 In this 
study, the reduction in SMI among male patients with T2DM (10.5% vs 9.5%, P=0.028) was significantly greater than 
that in female patients, which may be related to differences in sex hormone regulation. Studies show that for every 1 
nmol/L decrease in serum testosterone, skeletal muscle cross-sectional area decreases by 3.2 cm2 (β=–3.2, 95% CI: –5.8 
to –0.6, P=0.013),18 and exogenous testosterone supplementation can increase the proportion of type II muscle fibers 
(+14.2%) and improve the Homeostatic Model Assessment of Insulin Resistance index (–1.8).18 By contrast, female 
muscle mass loss is more associated with chronic low-grade inflammation (C-reactive protein increased by 1.8 mg/L) and 
intramuscular fat infiltration (increased by 12%).10,14 This finding supports the sex-stratified model established by 
Srikanthan et al, emphasizing that muscle mass assessment should be integrated with sex hormone profile analysis.13

In this study, VFA was identified as an independent risk factor for T2DM (OR=1.008/cm2, 95% CI: 1.004–1.012), 
with its pathogenic mechanism involving multi-organ crosstalk effects, as follows. 1) Adipocyte hypertrophy (diameter 
>100 μm) leads to activation of hypoxia-inducible factor-1α, promoting M1 polarization of macrophages (CD68+ cells 
increased 2.3-fold) and tumor necrosis factor α secretion (increased by 60%).4,21 2) The lipolysis rate of visceral fat is 
three times higher than that of subcutaneous fat, and excessive free fatty acids directly impair hepatic insulin signaling 
through the portal vein (insulin receptor substrate 1 phosphorylation decreased by 40%).22 3) Overexpression of adipose 
tissue exosomal miR-27a inhibits the skeletal muscle PI3K/Akt pathway (p-Akt levels decreased by 55%).6 Sex 
difference analysis shows that postmenopausal women experience a 1.5 percentage point greater increase in VFA than 
men (52.5% vs 51.0%), likely owing to estrogen deficiency leading to an approximately 35% reduction in lipoprotein 
lipase activity and impaired adipocyte differentiation.11,12 This phenomenon aligns with the “sex-specific fat metabolism 
model” proposed by Karastergiou et al, which suggests that men are more prone to visceral fat accumulation owing to 
high androgen receptor expression whereas postmenopausal women experience reduced subcutaneous fat storage 
capacity, resulting in ectopic fat deposition in the viscera and liver.10

This study, along with recent research on pancreatic fat, reveals that ectopic visceral fat deposition has a multi-organ 
synergistic effect. In addition to the known abdominal visceral fat (VFA↑) and skeletal muscle reduction (SMI↓), 
pancreatic fat infiltration further exacerbates insulin secretion defects by directly inducing β-cell apoptosis through 
lipotoxicity.7 This abnormal fat distribution across multiple organs (abdominal, pancreatic, and muscular) forms 
a “metabolic triad”, collectively driving the progression of T2DM.In this study, we innovatively constructed 
a combined predictive model using the SMI and VFA, whose diagnostic performance (AUC=0.816, 95% CI: 
0.758–0.875) was significantly superior to individual indicators (SMI: AUC=0.634; VFA: AUC=0.697). When the 
combined critical probability was set to 0.479, this model’s diagnostic sensitivity (72.0%) improved by 19 percentage 
points compared with the VFA-alone model, showing clinical equivalence to the machine learning model developed by 
Lee et al (AUC=0.82).19 This suggests that CT-based body composition analysis can be translated into a clinically 
practical tool for diabetes risk stratification. For example, in high-risk individuals with low SMI (<71.18 cm2/m2) and 
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high VFA (>191.32 cm2), a stepwise intervention is recommended, as follows: 1) progressive resistance training (3 times/ 
week, 60%–80% one-repetition maximum intensity) to improve muscle mass and increase irisin secretion (+35%);14 2) 
moderate-intensity continuous exercise combined with a low-glycemic index (GI) diet (30 minutes/day, 50%–70% heart 
rate reserve, GI <55) can reduce visceral fat by 5.8% annually.22 Additionally, the sex-specific threshold system proposed 
in this study (male VFA >374.5 cm2, female VFA >278.4 cm2) provides imaging-based support for precision medicine 
and could be integrated into electronic health record systems in the future to achieve automated risk alerts.5,8

This study has several limitations. First, as a single-center retrospective study, the results may be subject to selection 
bias. We also did not control for lifestyle and other confounding factors, although strict inclusion and exclusion criteria 
were used to minimize bias. Second, we did not quantify muscle fiber types (type II fiber reduction is associated with 
insulin resistance, r=0.32) or intramyocellular lipid content.13 Third, the radiation dose of CT (average 3.5 mSv) limits its 
applicability in large-scale population screening; Technical Limitations:① The L3 level only reflects a localized 
anatomical region and cannot capture the heterogeneous distribution of abdominal or whole-body muscle/fat;16 ② 

Low sensitivity to dynamic changes — Single-slice measurements may fail to capture volumetric gradient differences 
in muscle and fat across vertebral segments (eg, T12–L5), particularly during the progression of obesity or sarcopenia, 
where compensatory changes in other regions might be missed with a single cross-section;17 ③ Functional relevance 
limitations — Key metabolically active muscle groups and deep fat depots are not directly covered at the L3 level, 
potentially leading to an underestimation of overall metabolic load.23 Additionally, this study did not assess pancreatic fat 
content, which may overlook its potential role in the pathogenesis of diabetes. Future studies should incorporate imaging 
techniques such as MRI to further investigate the interplay between pancreatic fat and overall body composition.

Conclusion
This study confirmed that both skeletal muscle index (SMI) and visceral fat area (VFA) are independent predictors of 
T2DM risk (SMI: OR = 0.906; VFA: OR = 1.008). Moreover, the predictive model combining these two parameters 
(AUC = 0.816) significantly outperformed models based on either indicator alone (DeLong’s test, P < 0.001).In summary, 
this study quantitatively demonstrated, for the first time, the synergistic effect of increased visceral fat accumulation 
(VFA↑) and reduced skeletal muscle mass (SMI↓) in the development of T2DM (interaction P<0.001). The newly 
proposed muscle-to-fat metabolic imbalance index (SMI/VFA) showed significantly improved risk stratification efficacy 
as compared with individual indicators, evidenced by a net reclassification improvement index of 37.2% (P<0.001). The 
CT-based quantitative body composition system provides objective biomarkers for the precise prevention and manage
ment of diabetes. The establishment of sex-specific cutoff values (male VFA >374.5 cm2, female VFA >278.4 cm2) offers 
a new tool for precision screening. Future multicenter prospective studies are warranted to validate the translational 
potential of these CT biomarkers in diabetes primary prevention and to explore targeted interventions aimed at restoring 
muscle–fat balance.19,24

Although this study relied on single-slice CT assessment at the L3 level, future efforts could leverage deep learning 
techniques to improve the comprehensiveness and accuracy of muscle and fat segmentation. For instance, multi-level CT 
data (eg, from T12 to L5) combined with deep learning algorithms could enable automated quantification of total 
abdominal muscle volume. Alternatively, 3D U-Net-based models could be employed to construct three-dimensional 
reconstructions of muscle and fat compartments, allowing precise identification of metabolically high-risk areas. These 
approaches would not only overcome the spatial limitations of single-slice analysis but also enhance efficiency through 
automated processing, thereby offering more reliable solutions for large-scale population screening.
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SMA, Skeletal Muscle Area; SFA, Subcutaneous Fat Area; VFA, Visceral Fat Area; CT, Computed Tomography; T2DM, 
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