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Abstract
Purpose Sarcopenia is a common complication of diabetes. Nevertheless, precise evaluation of sarcopenia risk 
among patients with diabetes is still a big challenge. The objective of this study was to develop a nomogram model 
which could serve as a practical tool to diagnose sarcopenia in patients with diabetes.

Methods A total of 783 participants with diabetes from China Health and Retirement Longitudinal Study (CHARLS) 
2015 were included in this study. After oversampling process, 1,000 samples were randomly divided into the training 
set and internal validation set. To mitigate the overfitting effect caused by oversampling, data of CHARLS 2011 were 
utilized as the external validation set. Least absolute shrinkage and selection operator (LASSO) regression analysis 
and multivariate logistic regression analysis were employed to explore predictors. Subsequently, a nomogram 
was developed based on the 9 selected predictors. The model was assessed by area under receiver operating 
characteristic (ROC) curves (AUC) for discrimination, calibration curves for calibration, and decision curve analysis 
(DCA) for clinical efficacy. In addition, machine learning models were constructed to enhance the robustness of our 
findings and evaluate the importance of the predictors.

Results 9 factors were selected as predictors of sarcopenia for patients with diabetes. The nomogram model 
exhibited good discrimination in training, internal validation and external validation sets, with AUC of 0.808, 0.811 and 
0.794. machine learning models revealed that age and hemoglobin were the most significant predictors. Calibration 
curves and DCA illustrated excellent calibration and clinical applicability of this model.

Conclusion This comprehensive nomogram presented high clinical predictability, which was a promising tool to 
evaluate the risk of sarcopenia in patients with diabetes.
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Introduction
Diabetes mellitus (DM) is a chronic metabolic disease, 
which is mainly characterized by hyperglycemia and 
hyperglycemia-induced complications [1]. According to 
the latest statistics provided by the International Dia-
betes Federation (IDF), the global diabetic population 
amounted to an estimated 537  million individuals in 
2021, a figure expected to escalate 643  million by 2030 
and 783 million by 2045 [2]. In China, approximately 11% 
of the population are affected by diabetes, with a large 
proportion remaining undiagnosed [3]. Moreover, the 
complications of diabetes also inflict considerable dis-
tress on patients, predominantly in the forms of micro-
vascular complications and macrovascular complications 
[4]. Among these complications are certain geriatric syn-
dromes, such as sarcopenia [5]. Many studies have dem-
onstrated that poor glucose control, prolonged diabetic 
progression and the existence of other complications may 
increase the risk of sarcopenia among diabetic patients, 
especially those with heart failure with reduced ejection 
fraction (HFrEF) [6–9].

Sarcopenia, characterized by progressive loss of skel-
etal muscle mass and function, is increasingly acknowl-
edged as a significant health issue, particularly among the 
elderly [10]. The European Working Group on Sarcope-
nia in Older People (EWGSOP) defines “sarcopenia” as 
diminished skeletal muscle strength with reduced skel-
etal muscle mass or decreased physical function [11]. It 
is well-established that this condition amplifies the risk 
of falls, fractures and physical disabilities, leading to a 
decline in quality of life [12, 13]. It is estimated that sar-
copenia affects 10 -16% of elderly worldwide. Compared 
to general population, patients are at a higher risk of 
developing sarcopenia [14]. Moreover, previous stud-
ies have demonstrated that the prevalence of sarcopenia 
in patients with diabetes is much higher, ranging from 
7–29.3% [15, 16]. Research shows that the pathogenesis 
of sarcopenia in patients with diabetes is intricate, influ-
enced by many factors such as insulin resistance, systemic 
inflammatory responses, unhealthy lifestyle, malnutri-
tion and dysfunction of gut microbiota [17–20]. Xia et al. 
revealed that T2DM patients with sarcopenia exhibited a 
higher 10-year risk of atherosclerotic cardiovascular dis-
ease (ASCVD) compared to those without sarcopenia, 
and sarcopenia might serve as an independent risk fac-
tor for patients with diabetes [21]. Without prompt diag-
nosis and timely interventions, the condition of diabetic 
patients with sarcopenia is likely to deteriorate, escalating 
the mortality rate. Hence, the establishment of a practical 
model for assessing the risk of sarcopenia in patients with 
diabetes holds great significance.

At present, the diagnosis of sarcopenia primarily 
focuses on measuring muscle mass, which usually neces-
sitates professional equipment and techniques such 

as Bio-impedance analysis (BIA), dual-energy X-ray 
absorptiometry (DXA), muscle ultrasound, X-ray com-
puted tomography (CT) and magnetic resonance imag-
ing (MRI) [22]. However, in regions with limited medical 
resources, such as rural areas, the diagnosis of sarcopenia 
poses a significant challenge. In addition, conventional 
diagnostic approaches for sarcopenia provide limited 
assistance for individuals with diabetes. Therefore, it is 
urgent to develop a novel diagnostic tool to evaluate the 
risk of sarcopenia for patients with diabetes, facilitating 
the early screening and diagnosis of this condition.

In this study, we utilized data from China Health and 
Retirement Longitudinal Study (CHARLS) to establish 
a nomogram model based on easily accessible demo-
graphic, clinical or laboratory factors. As a result, it can 
serve as a practical tool to help evaluate the risk of sarco-
penia in patients with diabetes.

Materials and methods
Study design and data source
This study was a cross-sectional study in the general 
population of China Health and Retirement Longitudi-
nal Study (CHARLS). CHARLS is a longitudinal survey 
conducted in China, aiming at investigating the health, 
economic and retirement status of the elderly people in 
China. Data from CHARLS 2011 and 2015 were collected 
for analysis in this study, which were publicly available at 
http://charls.pku.edu.cn. The CHARLS protocol obtained 
approval from the Ethical Review Committee of Peking 
University (Approval number: IRB00001052-11015), and 
the written informed consents were received from each 
participant [23].

Participants
In this study, individuals with diabetes were included, 
which can be classified based on anyone of the follow-
ing criteria: (1) Fasting blood glucose levels ≥ 126  mg/dl 
(7mmol/L); (2) Random blood glucose levels ≥ 200  mg/
dl (11.1mmol/L); (3) Glycohemoglobin (HbA1c) lev-
els ≥ 6.5%; (4) Self- reported diagnosed of diabetes [1].

Outcomes
The assessment of sarcopenia was conducted based on 
the 2019 consensus of the Asian Working Group for Sar-
copenia (AWGS), with muscle strength, appendicular 
skeletal muscle mass (ASM) and physical performance 
being regarded as three parameters for the diagnosis of 
sarcopenia [24]. According to AWGS 2019, low muscle 
strength was defined as hand grip strength ≤ 28  kg for 
men and ≤ 18  kg for women. To assess muscle mass, 
ASM and skeletal muscle mass index (SMI) were cal-
culated using the following physical measurement for-
mulas: ASM = 0.193 × weight (kg) + 0.107 × height (cm) 
– 4.157 × gender – 0.037 × age (years) – 2.631 (Male was 

http://charls.pku.edu.cn
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encoded as 1 and female as 2); SMI = (ASM/height2). 
Previous studies have demonstrated that ASM calcu-
lated by the aforementioned formula presented good 
consistency with the dual energy X-ray absorptiometry 
(DXA) [25, 26]. The cut-off for low muscle mass was set 
as the sex-specific lowest 20% of SMI among the popula-
tion, with 7.28 kg/m2 in male and 5.55 kg/m2 in female. 
In addition, low physical performance was defined as the 
gait speed < 1.0  m/s or the 5-time chair stand test ≥ 12s. 
People with low muscle mass plus low muscle strength or 
low physical performance were classified as sarcopenia 
patients [24].

Predictors
Variable screening was conducted based on clinical sig-
nificance and knowledge established in previous studies 
[16, 27–29], which could be classified into socio-demo-
graphic factors, behaviors factors, mental factors and 
health factors.

Socio-demographic factors
Socio-demographic factors included age, gender, edu-
cation, marital status and permanent address. Educa-
tion was classified into “Below Middle school”, “Middle 
school”, “High school” and “College and above”. Marital 
status was divided into “married” and “unmarried” based 
on whether the participant was current married and liv-
ing with a spouse. Permanent address was categorized as 
either “Urban” or “Rural”.

Behavioral factors and mental factors
Drinking status and Smoking status were selected as 
behavioral factors, which reflected whether the par-
ticipants were still smoking or drinking alcohol. Men-
tal factors included Center for Epidemiologic Studies 
Depression 10 (CESD10) Scale, life satisfaction, episodic 
memory and mental status. CESD10 is a widely used 
scale to assess the mental health status and the risk of 
depression. The total score of the CESD10 scale is 30 
points, with a score of 10 or more indicating a high risk 
of depression [30]. Life satisfaction was classified into 
“Completely satisfied”, “Very satisfied”, “Somewhat sat-
isfied”, “Not very satisfied” and “Not at all satisfied”. The 
episodic memory ability was evaluated by reading 10 
words to participants and asking them to recall as much 
as possible. 1 point was assigned if recalling 1 word, with 
a maximum of 10 points. Mental status of participants 
was assessed based on their basic cognition, computa-
tional ability and drawing ability, with a total score of 11 
points. Firstly, participants were required to answer the 
year, month, day, season and week of the interview day, 
and 1 correct answer counted 1 point. Furthermore, par-
ticipants needed to perform 5 calculations, with each 
correct calculation counting 1 point. Finally, participants 

were asked to illustrate a graph according to the inter-
view’s requirement, and if it was corrected, 1 point was 
assigned.

Health factors
Health factors were divided into the following 5 catego-
ries: (1) Body index (BMI, waist, height and weight); (2) 
Self-perceived health status; (3) Activities of daily living 
(Activity of daily living (ADL) score, Instrumental activi-
ties of daily living (IADL) score and disability status); (4) 
Chronic diseases (Hypertension, chronic lung disease, 
heart disease, stroke, arthritis or rheumatism, dyslip-
idemia, liver disease, digestive disease and asthma); (5) 
Levels of common laboratory test indicators (Systolic 
pressure, diastolic pressure, total cholesterol (TC), Tri-
glyceride (TG), High-density lipoprotein cholesterol 
(HDL-C), Low-density lipoprotein cholesterol (LDL-
C), uric acid, hematocrit, hemoglobin, white blood cell 
(WBC), mean corpuscular volume (MCV) and platelet). 
Self-perceived health status was classified into “Excellent”, 
“Very good”, “Good”, “Fair” and “Poor”. ADL and IADL 
scale were used to assess the activities of daily living of 
participants. Six items of ADL (Dressing, bathing, feed-
ing, transferring, going to the toilet, continence) and five 
items of IADL (Doing chores, cooking, shopping, manag-
ing money, taking medicine) were included in CHARLS 
questionnaire. For each item, 1 point was assigned if the 
participant had difficulty doing it. The ADL scale ranged 
from 0 to 6 points, while the IADL scale ranged from 0 to 
5 points, representing the degree of dependency of par-
ticipants [31, 32]. Disability and the 9 chronic diseases 
were defined based on self-reported diagnoses. Besides, 
hypertension was also considered if the participant had a 
systolic pressure ≥ 140 mmHg or a diastolic pressure ≥ 90 
mmHg.

Model development and validation
In our study, samples containing missing values of the 
variables were excluded. Finally, data of 783 participants 
of CHARLS 2015 were left for analysis. Among them, 
72 patients were diagnosed with sarcopenia, accounting 
for 9.2% of all participants. Due to the imbalance of data 
between the sarcopenia and non-sarcopenia groups, we 
employed the oversampling process utilizing the “ROSE” 
package (V.0.0–4). Random Over-Sampling Examples 
(ROSE) process produces a sample of synthetic data by 
enlarging the features space of minority and majority 
class examples [33].

Continuous variables with normal distribution were 
presented as mean ± standard deviation (SD), and com-
parison between groups were performed using t-test. 
While continuous variables with abnormal distribu-
tion were expressed by median (Interquartile range 
(IQR)), and group comparisons were made using the 
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Mann-Whitney U test. Categorical variables were pre-
sented as frequency (percentage), and comparison 
between groups were conducted using chi-square test.

To establish and validate the nomogram, the oversam-
pled CHARLS 2015 data was randomly split into training 
set (Containing 70% of the dataset) and internal valida-
tion set (Containing 30% of the dataset). In addition, to 
mitigate the overfitting effect caused by oversampling, 
we employed CHARLS 2011 data as the external valida-
tion set. In the training set, the least absolute shrinkage 
and selection operator (LASSO) regression analysis was 
applied to identify predictors of sarcopenia in patients 
with diabetes. Subsequently, selected predictors were 
included in multivariate logistic regression analysis to 
validate the independent predictors with p-value < 0.05, 
and the nomogram was developed based on these inde-
pendent predictors. In addition, 5 machine learning (ML) 
models, including Gradient Boosting Machine (GBM), 
k-Nearest Neighbor (KNN), regularized discriminant 
analysis (RDA), Random Forest (RF) and Support Vector 
Machine (SVM), were constructed to further evaluate the 
predictive performance and importance of the predic-
tors used to develop the nomogram. We used grid search 
and 5-fold cross validation to find the optimal parameters 
[34].

Model performance evaluation
The area under receiver operating characteristic (ROC) 
curve (AUC) was used to evaluate the discrimination 
ability of the model. The consistency between actual 
result and predicted probability was assessed by calibra-
tion curves and Hosmer–Lemeshow goodness-of-fit test. 
Decision curve analysis (DCA) was used to assess the 
clinical efficacy of the nomogram.

Data analysis
All the data analyses were performed using R soft-
ware (4.3.1), with p-value < 0.05 considered statistically 
significant.

Results
Baseline characteristics
The detailed sampling process is shown in Fig. 1. A total 
of 783 participants with diabetes in CHARLS 2015 were 
included in this study, and 72 were identified as sarcope-
nia patients. The demographic and clinical characteristics 
of participants are listed in Table S1. After the oversam-
pling process, 1,000 samples (289 with sarcopenia and 
711 without sarcopenia) were left, and the incidence of 
sarcopenia reached 28.9%. The demographic and clini-
cal characteristics of samples used to develop models 
are listed in Table 1. Many factors including age, marital 
status, permanent address and ADL score differed signifi-
cantly (p < 0.05).

The 1000 samples were randomly split into training 
set (70%) and internal validation set (30%), and we per-
formed comparisons to confirm the dividing rationality 
of the dataset (Table S2). The results in Table S2 sug-
gested that no statistically significant difference was 
detected between the two groups (p > 0.05).

To mitigate the overfitting effect caused by oversam-
pling, CHARLS 2011 data was used as the external vali-
dation set. Finally, the external validation set included 
945 participants, and 74 were defined as sarcopenia 
patients.

Predictor screening and construction of the nomogram 
model
LASSO regression analysis was conducted to identify 
non-zero coefficients as potential indicators of sarcope-
nia (Fig.  2A and B). Subsequently, multivariate logistic 
regression analysis revealed that age (OR: 1.16, 95%CI: 
1.13–1.20), marital status (OR: 0.57, 95%CI: 0.38–0.85), 
ADL (OR: 1.45, 95%CI: 1.26–1.68), permanent address 
(OR: 2.08, 95%CI: 1.49–2.93), CESD10 (OR: 1.03, 95%CI: 
1.01–1.06), smoking status (OR: 1.77, 95%CI: 1.22–2.56), 
WBC (OR: 0.87, 95%CI: 0.79–0.96), Hemoglobin (OR: 
0.86, 95%CI: 0.77–0.95) and MCV (OR: 1.04, 95%CI: 
1.02–1.06) were independent predictors of sarcopenia 
with statistical significance (p < 0.05).

Based on the selected 9 predictors (Age, marital sta-
tus, ADL, permanent address, CESD10, smoking status, 
WBC, hemoglobin and MCV), the predictive model was 
constructed, and was presented as a nomogram (Fig. 3). 
The nomogram could be used to quantitatively pre-
dict the risk of sarcopenia in patients with diabetes. The 
scores of characteristics were calculated by the scale on 
the top, and the risk of sarcopenia for patients with dia-
betes could be estimated by a perpendicular line from the 
total point axis to the axis corresponding to risk.

Assessment of the performance of the nomogram model
The discrimination of the nomogram model was assessed 
by the ROC curves and AUC values in the three sets. As 
shown in Fig.  4A, B and C, the training set yielded an 
AUC of 0.808 (95%CI: 0.772–0.843), with a specificity of 
0.787 and sensitivity of 0.703. In the internal validation 
set, the AUC was 0.811(95%CI: 759-0.862), with a spec-
ificity of 0.709 and sensitivity of 0.782. For the external 
validation set, the AUC was 0.794 (95%CI: 0.739–0.850), 
with a specificity of 0.691 and sensitivity of 0.811.

We constructed 5 ML models to further evaluate the 
predictive performance and importance of the predictors 
used to develop the nomogram. As Fig. 5A, B and C pre-
sented, GBM, RF and SVM models had the highest AUC 
in both the training set and internal validation set. In the 
external validation set, these three models still exhibited 
good discriminatory ability and predictive values. In both 
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Variables Total (n = 1000) Non-sarcopenia (n = 711) Sarcopenia (n = 289) P-value
Age 67.00 [63.00, 73.00] 66.00 [62.00, 70.00] 73.00 [69.00, 76.00] < 0.001
Gender (%) 0.039
Female 513 (51.2) 380 (53.4) 133 (46.0)
male 487 (48.7) 331 (46.6) 156 (54.0)
Education (%) 0.009
Below Middle school 473 (47.3) 319 (44.9) 154 (53.3)
Middle school 272 (27.2) 195 (27.4) 77 (26.6)
High school 155 (15.5) 113 (15.9) 42 (14.5)
College and above 100 (10.0) 84 (11.8) 16 (5.5)
Marital status (%) < 0.001
Married 811 (81.1) 605 (85.1) 206 (71.3)
Unmarried 189 (18.9) 106 (14.9) 83 (28.7)
Permanent address (%) < 0.001
Urban 428 (42.8) 332 (46.7) 96 (33.2)
Rural 572 (57.2) 379 (53.3) 193 (66.8)
Drinking status (%) 0.754
No 694 (69.4) 496 (69.8) 198 (68.5)
Yes 306 (30.6) 215 (30.2) 91 (31.5)
Smoking status (%) 0.001
No 722 (72.2) 535 (75.2) 187 (64.7)
Yes 278 (27.8) 176 (24.8) 102 (35.3)
CESD10 7.00 [3.00, 12.00] 6.00 [3.00, 12.00] 8.00 [5.00, 14.00] < 0.001
Life satisfaction (%) 0.397
Completely satisfied 17 (1.7) 11 (1.5) 6 (2.1)
Very satisfied 58 (5.8) 44 (6.2) 14 (4.8)
Somewhat satisfied 510 (51.0) 350 (49.2) 160 (55.4)
Not very satisfied 348 (34.8) 258 (36.3) 90 (31.1)
Not at all satisfied 67 (6.7) 48 (6.8) 19 (6.6)
Episodic memory 3.00 [1.50, 4.00] 3.00 [2.00, 4.00] 2.50 [1.00, 3.00] < 0.001
Mental status 8.00 [6.00, 10.00] 9.00 [6.00, 10.00] 7.00 [5.00, 9.00] < 0.001
BMI 23.79 [21.22, 26.42] 25.18 [23.14, 27.63] 20.83 [19.52, 21.57] < 0.001
Waist 88.00 [80.40, 95.72] 91.80 [84.60, 98.25] 80.40 [74.70, 84.60] < 0.001
Height 1.57 [1.51, 1.63] 1.58 [1.52, 1.64] 1.53 [1.50, 1.60] < 0.001
Weight 58.25 [51.20, 67.20] 63.20 [55.50, 70.60] 50.10 [44.90, 52.90] < 0.001
Self-perceived health status (%) < 0.001
Excellent 64 (6.4) 51 (7.2) 13 (4.5)
Very good 247 (24.7) 136 (19.1) 111 (38.4)
Good 534 (53.4) 416 (58.5) 118 (40.8)
Fair 66 (6.6) 55 (7.7) 11 (3.8)
Poor 89 (8.9) 53 (7.5) 36 (12.5)
ADL score 0.00 [0.00, 1.00] 0.00 [0.00, 1.00] 0.00 [0.00, 2.00] < 0.001
IADL score 0.00 [0.00, 0.00] 0.00 [0.00, 0.00] 0.00 [0.00, 1.00] 0.010
Disability 0.254
No 917 (91.7) 657 (92.4) 260 (90.0)
Yes 83 (8.3) 54 (7.6) 29 (10.0)
Hypertension < 0.001
No 532 (53.2) 332 (46.7) 200 (69.2)
Yes 468 (46.8) 379 (53.3) 89 (30.8)
Chronic lung disease 0.001
No 840 (84.0) 615 (86.5) 225 (77.9)
Yes 160 (16.0) 96 (13.5) 64 (22.1)
Heart disease 0.002
No 741 (74.1) 507 (71.3) 234 (81.0)

Table 1 Baseline characteristics of samples after oversampling



Page 6 of 14Zou and Shao Diabetology & Metabolic Syndrome          (2024) 16:230 

GBM and RF models, age, white blood cell, hemoglobin 
and mean corpuscular volume were the top 4 important 
predictors (Fig. S1 and S3). While in the SVM model, age, 
ADL, hemoglobin, CESD10 were the most important 
(Fig. S2). It was probable that age and hemoglobin might 
play important roles in predicting the risk of sarcopenia 
for patients with diabetes.

Calibration curves and Hosmer–Lemeshow goodness-
of-fit test were employed to evaluate the consistency 
between actual result and predicted probability. The 
calibration curves of the nomogram model in three sets 
presented good fit between the actual observed values 
and the predicted values, suggesting good consistency 
(Fig.  6A, B and C). P-values of Hosmer–Lemeshow 
goodness-of-fit test were all greater than 0.05, indicating 
that the nomogram model had a good fit for the training 
set (χ2 = 10.571, df = 8, p = 0.2272), internal validation set 

(χ2 = 15.186, df = 8, p = 0.0556) and external validation set 
(χ2 = 6.355, df = 8, p = 0.6075).

DCA was applied to evaluate the clinical validity of the 
nomogram (Fig. 7A, B and C). The results indicated that 
the nomogram model yielded significant net benefit in 
the training set, internal validation set and external vali-
dation set, which meant the nomogram exhibited robust 
predictive accuracy and clinical efficacy in predicting the 
risk of sarcopenia.

Discussion
Diabetes and sarcopenia are prevalent disorders, which 
profoundly affects the quality of life of patients. Studies 
have shown that the prevalence of sarcopenia in patients 
with diabetes is much higher, ranging from 7–29.3% [15, 
16].In some areas, the prevalence of sarcopenia among 
diabetic patients over 70 can reach 50% [22]. Despite 
the introduction of novel indicators like axial thoracic 

Variables Total (n = 1000) Non-sarcopenia (n = 711) Sarcopenia (n = 289) P-value
Yes 259 (25.9) 204 (28.7) 55 (19.0)
Stroke 0.104
No 929 (92.9) 667 (93.8) 262 (90.7)
Yes 71 (7.1) 44 (6.2) 27 (9.3)
Arthritis or rheumatism 0.995
No 514 (51.4) 366 (51.5) 148 (51.2)
Yes 486 (48.6) 345 (48.5) 141 (48.8)
Dyslipidemia < 0.001
No 671 (67.1) 439 (61.7) 232 (80.3)
Yes 329 (32.9) 272 (38.3) 57 (19.7)
Liver disease 0.019
No 922 (92.2) 646 (90.9) 276 (95.5)
Yes 78 (7.8) 65 (9.1) 13 (4.5)
Digestive disease 0.063
No 668 (66.8) 488 (68.6) 180 (62.3)
Yes 332 (33.2) 223 (31.4) 109 (37.7)
Asthma 0.326
No 923 (92.3) 652 (91.7) 271 (93.8)
Yes 77 (7.7) 59 (8.3) 18 (6.2)
Systolic pressure 131.00 [118.00, 143.10] 131.50 [120.20, 145.50] 125.0 [114.50, 140.00] < 0.001
Diastolic pressure 73.00 [65.50, 81.00] 74.50 [67.50, 82.50] 68.50 [62.50, 78.00] < 0.001
TC 189.58 [164.48, 210.42] 189.58 [164.86, 211.58] 193.82 [163.71, 207.72] 0.538
TG 135.40 [93.81, 188.50] 143.36 [102.65, 207.52] 103.54 [84.96, 150.44] < 0.001
HDL-C 48.65 [41.70, 56.37] 47.49 [40.93, 55.21] 50.19 [44.79, 60.62] 0.001
LDL-C 103.47 [83.78, 123.17] 104.63 [84.94, 123.55] 100.00 [81.85, 123.17] 0.885
Uric acid 4.90 [4.10, 5.80] 5.00 [4.30, 6.00] 4.70 [3.90, 5.70] 0.001
Hematocrit 41.30 [38.50, 44.62] 41.50 [38.65, 44.50] 40.80 [38.20, 45.00] 0.362
Hemoglobin 13.60 [12.50, 14.60] 13.70 [12.70, 14.70] 12.90 [12.20, 14.10] < 0.001
White blood cell 5.96 [5.00, 7.30] 6.12 [5.16, 7.40] 5.70 [4.73, 7.18] < 0.001
MCV 92.10 [88.70, 96.10] 92.00 [88.40, 95.35] 93.40 [89.10, 97.40] < 0.001
Platelet 195.00 [157.00, 237.00] 197.00 [158.00, 240.00] 191.00 [157.00, 233.00] 0.055
Data are expressed as mean ± standard deviation and numbers (percentage) as appropriate.

SD, Standard Deviation; CESD10 Center for epidemiologic studies depression scale 10; ADL, Activity of daily living; IADL; Instrumental activities of daily living; TC 
Total cholesterol; TG Triglyceride; HDL-C High-density lipoprotein cholesterol; LDL-C Low-density lipoprotein cholesterol; MCV mean corpuscular volume.

Table 1 (continued) 
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skeletal muscle size for assessing sarcopenia risk, the 
diagnosis of sarcopenia continues to encounter signifi-
cant challenges in regions with limited medical resources 
[9]. Hence, it is of great importance to promptly evaluate 
the risk of sarcopenia in patients with diabetes and imple-
ment timely intervention. In our study, we used data from 
CHARLS to construct a nomogram model, which could 
help clinicians evaluate the risk of developing sarcopenia 
in patients with diabetes. In the nomogram, the scores 
of characteristics were calculated by the scale on the 
top, and the risk of sarcopenia for patients with diabetes 
could be estimated by a perpendicular line from the total 
point axis to the axis corresponding to risk. The nomo-
gram model consisted of 9 predictors, encompassing 
age, marital status, ADL, permanent address, CESD10, 
smoking status, white blood cell, hemoglobin and mean 
corpuscular volume. Specifically, increasing age, being 
unmarried, higher ADL and CESD10 scores, residing in 
rural areas, smoking, lower levels of white blood cells 
and hemoglobin, and higher levels of MCV were risk 
factors for developing sarcopenia in diabetic patients. In 
clinical practice, diabetic patients exhibiting these afore-
mentioned traits should be closely monitored to prevent 
the onset of sarcopenia. Results of ROC curves, calibra-
tion curves and DCA revealed that this model exhibited 
excellent discrimination, calibration and clinical efficacy, 

underscoring its great potential as a practical tool for 
identifying sarcopenia.

For Socio-demographic factors, three factors (Age, 
marital status and permanent address) were identified as 
independent predictors of sarcopenia. We have observed 
a positive correlation between age and sarcopenia, indi-
cating that as people grow older, the risk of sarcopenia 
increases. Previous studies have underscored age as one 
of the most significant risk factors for sarcopenia [35]. 
Starting from middle age, there is approximate 8% decline 
in muscle mass per decade, and after the age of 70, this 
rate may accelerate to a decrease of 15% per decade [36]. 
The potential mechanism by which senility increases the 
risk of sarcopenia is intricate. As people grow older, the 
regenerative capacity of muscle cells decreases, and the 
number of muscle fibers gradually decreases [37]. Fur-
thermore, there will be significant changes in the levels 
of hormones and inflammatory cytokines, exacerbating 
the disequilibrium in muscle injury and repair processes 
[38, 39]. Besides, our research highlighted that unmar-
ried participant exhibited higher risk of developing sar-
copenia than married participants. Previous sociological 
studies have illustrated that married individuals typically 
have better health conditions and lower mortality rates 
[40]. Specifically, marriage may play a protective role by 
providing social support, improving lifestyle habits, and 
increasing economic resources [41]. Social support can 

Fig. 1 Flowchart of participant selection. CHARLS, China Health and Retirement Longitudinal Study
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alleviate stress and depression, and these negative emo-
tional states have been proven to be associated with sar-
copenia [42]. In addition, the nomogram indicated that 
participants live in the rural areas have a higher sarcope-
nia risk than those live in urban areas. As is well known, 
urban residents may have easier access to medical 
resources and health information, while rural residents 
may encounter deficiencies in these areas [43]. However, 
higher levels of stress and unhealthy lifestyles in urban 
settings may also have a negative impact on muscle mass 

[44]. Therefore, the impact of residential location on the 
risk of sarcopenia is complex and multifaceted.

In our study, we observed positive associations between 
ADL and CESD10 with sarcopenia, which meant poor 
self-care ability (High ADL score) and higher levels of 
depression increased the risk of sarcopenia. A study 
conducted in the Netherlands suggested a bidirectional 
association between sarcopenia and ADL limitation. 
On the one hand, muscle loss led to a decline in func-
tional capacity, while on the other hand, ADL limitation 

Fig. 2 Predictor screening through the LASSO regression model. (A) According to the logarithmic (lambda) sequence, a coefficient profile was gener-
ated, and non-zero coefficients were produced by the optimal lambda. (B) The optimal parameter (lambda) in the LASSO model was selected via 10-fold 
cross-validation using minimum criterion plus one standard error (right vertical line)
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might lead to a more sedentary lifestyle, further exac-
erbating muscle loss [45]. Furthermore, a decline in 
muscle mass increases the risk of falls and fractures, 
consequently further limits patients’ mobility and qual-
ity of life [46]. For depression, a cohort study based on 
CHARLS found that depression was associated with an 
increased risk of sarcopenia, which could be mitigated by 
maintaining a healthy lifestyle [47]. In addition, a Men-
delian randomization study indicated a causal association 
between depression and sarcopenia [48]. The mechanism 
by which depression increases the risk of sarcopenia is 
complex and remains unclear. Studies have unveiled that 
patients with depression often experience a reduction in 
physical activity levels, which might potentially lead to 
a decline in muscle mass and function [49]. In addition, 
depression may affect muscle metabolism by influencing 
the endocrine system, particularly by promoting inflam-
mation response and cortisol secretion [50, 51]. In terms 
of nutritional intake, depressed patients may reduce their 

Table 2 Multivariate logistic regression analysis of the risk factors 
of Sarcopenia in the prediction model
Variable Multivariate analysis

OR (95% CI)
P-value

Age 1.16 (1.13–1.20) < 0.001
Marital status
No Reference
Yes 0.57 (0.38–0.85) 0.006
ADL 1.45 (1.26–1.68) < 0.001
Permanent address
Urban Reference
Rural 2.08 (1.49–2.93) < 0.001
CESD10 1.03 (1.01–1.06) 0.028
Smoking status
No Reference
Yes 1.77 (1.22–2.56) 0.002
White blood cell 0.87 (0.79–0.96) 0.007
Hemoglobin 0.86 (0.77–0.95) 0.003
Mean corpuscular volume 1.04 (1.02–1.06) < 0.001
OR, Odds ratio; CI, Confidence interval.

Fig. 3 Nomogram to evaluate the risk of sarcopenia in patients with diabetes. ADL, Activity of daily living; CESD10, Center for Epidemiologic Studies 
Depression Scale; MCV, mean corpuscular volume
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intake of protein and other important nutrients due to 
decreased appetite, thereby increasing the risk of sar-
copenia [52]. In addition, our study revealed that par-
ticipants who were still smoking exhibited higher risk of 
sarcopenia. Three cohort studies indicated that smoking 
was an important risk factor for sarcopenia [53–55]. The 
potential mechanism lies in smoking’s capacity to induce 
oxidative stress and chronic inflammatory response, 
which are factors that promote muscle protein degrada-
tion and inhibit synthesis. In addition, smoking has been 
demonstrated to impact blood circulation and the trans-
portation of essential nutrients to muscle tissue [56, 57].

Three laboratory test indicators, including hemoglobin, 
MCV, and WBC, have also been identified as indepen-
dent predictors for sarcopenia. We observed a negative 

correlation between hemoglobin and sarcopenia. The 
association between reduced hemoglobin levels and 
increased risk of sarcopenia has been extensively studied. 
A meta-analysis revealed a negative correlation between 
hemoglobin levels and the risk of sarcopenia in elderly 
individuals [58]. In another study, diabetic patients with 
sarcopenia showed lower hemoglobin levels than other 
groups [59]. In terms of mechanisms, hemoglobin func-
tions as a protein within red blood cells responsible for 
transporting oxygen to body tissues, and sufficient hemo-
globin levels are crucial in guaranteeing the delivery of 
oxygen to muscle fibers [60]. Lower hemoglobin levels 
could cause hypoxia, leading to metabolic disorders and 
increased oxidative stress, affecting repair and regenera-
tion processes of muscle fibers [61]. Our study also found 

Fig. 6 Calibration curves of the nomogram prediction for the training set (A), internal validation set (B) and external validation set (C)

 

Fig. 5 ROC curves and AUC of the machine learning models for the training set (A), internal validation set (B) and external validation set (C)

 

Fig. 4 Nomogram ROC curves and AUC for the training set (A), internal validation set (B) and external validation set (C)
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that increased levels of MCV would increase the risk of 
sarcopenia. At present, few studies have focused on the 
association between MCV and sarcopenia. Elevated 
MCV may indicate a deficiency in folate or vitamin B12, 
which are crucial for DNA synthesis and the production 
of red blood cells [62]. Therefore, patients may be at high 
risk of sarcopenia due to increased MCV caused by mal-
nutrition. Furthermore, we observed that lower levels of 
WBC were associated with increased risk of sarcopenia. 
However, two Korean studies have shown that higher lev-
els of WBC increase the risk of sarcopenia [63, 64]. Gen-
erally, an increase in WBC count reflects the presence of 
chronic low-grade inflammation within the body, which 
is considered one of the key factors leading to disrupted 
muscle fiber damage and repair processes [65]. However, 
participants in our study are all Chinese diabetic patients, 
who may also have other diseases and are taking multiple 
medications. The levels of WBC are also closely related to 
the use of medications. In addition, this may be a unique 
physiological characteristic of Chinese patients with dia-
betes. In summary, the use of reduced WBC level as a 
predictor for sarcopenia needs to be treated with caution. 
In the future, additional cohort is needed to further vali-
date our findings.

Strengths and limitations
This study has several strengths. Firstly, this is the first 
nomogram model to assess the risk of sarcopenia in 
patients with diabetes based on CHARLS, which serves 
as a practical tool for early screening of sarcopenia in this 
population. Furthermore, the nomogram model was con-
structed based on 9 easily accessible demographic, clini-
cal or laboratory factors, which made the assessment of 
sarcopenia risk simpler. Lastly, in addition to the train-
ing set and internal validation set, we also used CHARLS 
2011 data as the external validation set to mitigate the 
overfitting effect caused by oversampling.

Nevertheless, certain limitations warrant consideration. 
Firstly, this study is a cross-sectional study. Although the 
nomogram model constructed can quantitatively predict 
the risk of sarcopenia, it is still an exploration of associa-
tion and cannot establish the causality between predic-
tors and the outcome. Secondly, due to the exclusion of 
participants with missing data in CHARLS, our sample 
size is relatively limited. We still need data with larger 
sample size to validate our model in the future. Finally, 
all CHARLS data comes from the Chinese demographic, 
calling for further investigation to determine whether the 
model is applicable across other populations and races.

Fig. 7 DCA curves for the training set (A), internal validation set (B) and external validation set (C)
 Declarations
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Conclusion
We have constructed a nomogram model utilizing data 
from CHARLS to evaluate the risk of sarcopenia in 
patients with diabetes. The nomogram model integrates 
age, marital status, ADL, permanent address, CESD10, 
smoking status, white blood cell, hemoglobin and mean 
corpuscular volume as 9 predictors, and exhibits excel-
lent discrimination, calibration and clinical applicability. 
In the future, this model will be valuable in screening dia-
betic patients with high risk of sarcopenia and promote 
their quality of life.
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