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Background: People with diabetes mellitus (DM) have a significantly increased 
risk of sarcopenia. A cross-sectional analysis was performed using nationally 
representative data to evaluate possible sarcopenia in middle-aged and older 
adults with diabetes mellitus, and to develop and validate a prediction model 
suitable for possible sarcopenia in middle-aged and older adults with diabetes 
mellitus in the Chinese community.

Methods: Data from the China Health and Retirement Longitudinal Study 
(CHARLS), which focuses on people 45 years of age or older, served as the basis 
for the prediction model. CHARLS 2015 participants were used in the study, 
which examined 53 factors. In order to guarantee model reliability, the study 
participants were split into two groups at random: 70% for training and 30% for 
validation. Ten-fold cross-validation and Least Absolute Shrinkage and Selection 
Operator (LASSO) regression analyses were used to determine the best predictors 
for the model. The factors associated with sarcopenia in DM were researched 
using logistic regression models. Nomogram were constructed to develop the 
predictive model. The performance of the model was assessed using area under 
the curve (AUC), calibration curves and decision curve analysis (DCA).

Results: A total of 2,131 participants from the CHARLS database collected in 2015 
passed the final analysis, and the prevalence of sarcopenia was 28.9% (616/2131). 
Eight factors were subsequently chosen as predictive models by LASSO logistic 
regression: age, residence, body mass index, diastolic blood pressure, cognitive 
function, activities of daily living, peak expiratory flow and hemoglobin. These factors 
were used in the nomogram predictive model, which showed good accuracy and 
agreement. The AUC values for the training and validation sets were 0.867 (95%CI: 
0.847~0.887) and 0.849 (95%CI: 0.816~0.883). Calibration curves and DCA indicated 
that the nomogram model exhibited good predictive performance.

Conclusion: The nomogram predictive model constructed in this study can 
be used to evaluate the probability of sarcopenia in middle-aged and older adult 
DM, which is helpful for early identification and intervention of high-risk groups.
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1 Introduction

Diabetes mellitus (DM) is a metabolic disease that is 
hyperglycemia caused by defective insulin secretion or action. The 
prevalence of DM is high, with one in eleven people worldwide 
currently diagnosed with DM (1). According to the statistics of the 
International Diabetes Federation (IDF), as of 2021, the global DM 
patients have reached 537 million cases, of which 6.3 million died of 
DM, and it is expected that by 2045, the global DM patients will reach 
nearly 784 million, of which China leads the world in diabetes cases 
with 140 million diabetics in 2021 and has the fastest growing diabetes 
incidence in the world (2). Notably, the prevalence is highest in the 
middle-aged and older adult population (3). With the progression of 
DM, a series of complications occur when the function of organs such 
as kidneys, blood vessels, nervous system and eyes of the body are 
affected (1). In recent years, sarcopenia has been recognized as the 
third type of complication in diabetic patients, presenting a reversible 
character (4).

The European Working Group on Sarcopenia (EWGSOP) was the 
first to publish a consensus on sarcopenia, defining sarcopenia as a 
geriatric syndrome with loss of muscle mass, loss of muscle strength 
and/or reduced somatic function associated with ageing (5). It has 
been reported that the number of patients with muscle wasting 
disorders will reach 200 million worldwide in 2050 (6). As muscle 
mass declines, it increases the risk of falls, disability, re-hospitalisation 
and death in patients, leading to an increase in adverse clinical events 
and placing a significant strain and economic burden on healthcare 
systems and society (7).

DM and sarcopenia are mutually reinforcing, they share common 
risk factors and age-related trends (5). Therapeutic strategies for DM 
limit energy intake, accelerating the loss of muscle strength and 
muscle mass in patients, further increasing the incidence of sarcopenia 
(8). The risk of sarcopenia in diabetic mellitus patients is 1.5–3 times 
higher than that in the non-diabetic people (9, 10). Significantly, 
patients with sarcopenia also exacerbate glucose metabolism disorders 
due to their decreased muscle mass and function (11), and the two 
disorders contribute to each other.

The prevalence and related variables of sarcopenia in older 
persons are currently the subject of increased research, whereas fewer 
studies have developed risk prediction models for the risk of 
sarcopenia in DM. A predictive model for sarcopenia in the Chinese 
older adult population has been developed by based on the CHARLS 
database (12), but the study was conducted only in the older adult, and 
was not applicable to the specific population of middle-aged and older 
adult DM. To improve the prognosis of the DM population, it is 
crucial to construct a predictive model appropriate for the risk of 
sarcopenia in middle-aged and older DM patients.

2 Methods

2.1 Study participants

The data used for this article were obtained from the CHARLS 
investigators and are publicly available at http://charls.pku.edu.cn. The 
CHARLS is an ongoing longitudinal survey that provides high-quality 
microdata on households and individuals aged 45 years and older in 
China With the aim of analyzing population ageing issues and 

promoting interdisciplinary research on ageing. The project received 
approval from the Biomedical Ethics Committee (IRB00001052-
11015) of Peking University in Beijing, China, and our study strictly 
adhered to the principles outlined in the Declaration of Helsinki; 
informed consent was obtained from all participants. For this study, 
we  used data from the 2015 CHARLS to extract demographic 
background, general health status, disease history, and biochemical 
parameters. The inclusion criteria were as follows: (a) age ≥ 45 years; 
(b) having diabetes mellitus; (c) answering the questions about 
sarcopenia. Data missing by more than 20% were excluded. Finally, a 
total of 2,131 respondents participated in the study. The data filtering 
process is shown in Figure 1.

2.2 Assessment of diabetes

During blood collection for the CHARLS data, we  asked 
participants to fast the night before. Blood collection was performed 
by medical professionals. If participants were unable to meet the 
fasting requirement, blood samples were still collected and blood 
glucose values were analyzed as higher random plasma glucose (RPG). 
Participants with incident DM were identified based on the following 
criteria (13): previously diagnosed with diabetes; higher hemoglobin 
A1c (HbA1c) level (≥6.5%); higher fasting plasma glucose (FPG) level 
(≥126 mg/dL); and/or RPG level (≥200 mg/dL).

2.3 Assessment of sarcopenia

In this study, we adopted the Asian Working Group for Sarcopenia 
(AWGS) 2019 standard to define and evaluate sarcopenia using three 
indexes: muscle strength, physical function and appendicular skeletal 
muscle mass (ASM) (14), specific assessment of sarcopenia can 
be found in Supplementary material.

2.3.1 Muscle strength
Muscle strength was measured using a grip strength meter, and 

values below 28 kg for males and below 18 kg for females indicate 
decreased muscle strength.

2.3.2 Physical function
Physical function included the gait speed, the five-time chair 

stand test, and the short physical performance battery (SPPB). The 
total score of SPPB was 12 points with 4 points for each test. According 
to the AWGS 2019 recommendations, low physical performance was 
defined as 6-m walking speed <1 m/s or 5-times chair stand test 
time ≥ 12 s, or SPPB score ≤ 9 points.

2.3.3 Appendicular skeletal mass (ASM)
In our article, we used an anthropometric equation to estimate the 

muscle mass, which has previously been validated in Chinese 
individuals, and the ASM equation model showed a high level of 
agreement with DXA (15, 16).
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( ) ( ) ( )ASM 0.193 weight kg 0.107 height cm – 4.157 gender male 1,female 2 – 0.037 age – 2.631= × + × × = = ×

Height-adjusted muscle mass was calculated as ASM/Ht2 = ASM/
height (m)2. The cut-off point for low muscle mass was based on the 
lowest 20% percentile of ASM/Ht2 in the study population. Since our 
data are derived from the 2015 CHARLS data, we refer to the criteria 
of Wu et  al. (17). Therefore, the ASM/Ht2 cut-off for female was 
<5.08 kg/m2, and the ASM/Ht2 cut-off for male was <6.88 kg/m2.

2.4 Predictors

2.4.1 Demographic characteristics
Demographic characteristics include age, body mass index, sex, 

marital status, residence, education, pension insurance, and 
health insurance.

2.4.2 Vital signs
Vital signs including temperature, pulse, respiratory rate, systolic 

blood pressure (SBP) and diastolic blood pressure (DBP) at the first 
records after admission.

2.4.3 Health status and behavior
Health status and behaviors include smoking, drinking, history of 

disease (chronic disease, hypertension, cancer, lung disease, heart 
disease, stroke, arthritis, dyslipidaemia, liver disease, kidney disease, 
stomach disease, asthma), fall down, sleep duration, myopia, 
hyperopia, hearing, self-reported health status, peak expiratory flow 
(PEF), activities of daily living (ADL) and social participation.

 (1) The CHARLS assesses the respondents’ ability to perform 
activities of daily living using the Basic Activities of Daily 
Living (BADL) and Instrumental Activities of Daily Living 
(IADL), with six items selected for the BADL: dressing, 
bathing, eating, getting in and out of bed, going to the toilet, 
and controlling urine and faeces; and six items for the IADL: 
doing household chores, cooking, shopping on one’s own, 
making a phone call, taking medication, and controlling 
money. In both BADL and IADL, completing all 6 items 
without difficulty was considered to be functionally intact, and 
completing any one of them without difficulty was defined as 
functionally impaired (18, 19).

 (2) The data on participation in social activities were obtained 
from the CHARLS questionnaire, ‘Did you  do any of the 
following activities in the past month (multiple answers 
allowed)’, with the following answers: (a)visiting the home, 
socializing with friends; (b) playing mahjong, chess, cards, 
going to the community room; (c) providing help to your 
relatives, friends or neighbors who do not live with you, 
without any compensation, friends or neighbors; (d) going to 
parks or other places to dance, work out, practice qigong; (e) 
taking part in community organizations; (f) volunteering or 
charitable activities; (g) taking care of sick people or people 
with disabilities you do not live with free of charge; (h) going 
to school or attending training courses; (i) speculating on 
stocks (funds and other financial securities); (j) surfing the 
internet; (k) others; (l) none of the above. For the above 12 

FIGURE 1

Flowchart of the study.
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options, if you choose any one of (a) to (l), you are considered 
to have participated in activities, and it is marked as ‘1’, while if 
you choose (l), you are considered to have not participated in 
social activities, and it is marked as ‘0’ (20, 21).

2.4.4 Mental health parameters
Mental health parameters included self-reported depression and 

cognitive function.

 (1) Depression was assessed by the 10-item score of the Centre for 
Epidemiological Studies Depression Scale (CESD-10) from the 
CHARLS data. It was divided into 4 levels according to scores 
of 0, 1, 2, and 3, and the 10-item scores ranged from 0–30, with 
>10 defined as having a tendency to be depressed (22, 23).

 (2) Measurement of cognitive function included two dimensions, 
situational memory and mental state, with overall cognitive 
function scores ranging from 0 to 21, with higher scores 
indicating better cognitive function. (a) Situational memory: a 
total score of 10 points, divided into instantaneous memory 
and delayed recall. Instantaneous memory was measured by 
asking the respondents to immediately recall the 10 words just 
read to them by the investigator; delayed recall required the 
respondents to recall the same 10 words again after 4 to 10 min. 
One point was awarded for each correctly recalled word, and 
the average of the two tests was taken as the total situational 
memory score. (b) Mental state: The total score is 11 points, 
divided into time orientation, calculation ability and drawing 
ability. Time orientation requires respondents to answer the 
day of the year, month, day, season and day of the week, answer 
1 correctly scored 1 point, a total of 5 points. Computing ability 
requires respondents to carry out five calculations (answer 100 
minus 7 equals how much, the answer to the value of the value 
of the answer and then subtracted from the 7, repeat 4 times), 
if the respondent calculations are wrong, but the results of the 
next calculation is equal to the last error value minus 7, can still 
be  scored one point, a total of five points. Drawing ability 
requires respondents were asked to draw a picture of two 
overlapping pentagrams displayed by the investigator, and one 
point was awarded to those who drew the picture (24).

2.4.5 Biochemical parameters
After the home interview, 8 mL of fasting venous blood was 

collected by professional staff and the samples were sent to the 
laboratory of the Chinese Center for Disease Control and Prevention 
(CDC) in Beijing, China, where they were stored at 
−80°C. Hemoglobin (Hb), white blood cell (WBC), c-reactive protein 
(CRP), Hematocrit (HCT), mean corpuscular volume (MCV), 
Platelets (PLT), total cholesterol (TC), triglyceride (TG), high-density 
lipoprotein cholesterol (HDL-c), low-density lipoprotein cholesterol 
(LDL-c), Blood Urea Nitrogen (BUN), Creatinine, Uric acid and 
Cystatin C were collected by a professional staff.

2.5 Statistical analyses

Statistical analyses were performed using R 4.3.0. The CHARLS 
data were randomly divided into a training set and an internal 
validation set in a ratio of 7:3.

 (1) Statistical description: quantitative data conforming to normal 
distribution were expressed as means ± standard deviations, 
and the t-test was used for inter-group comparisons. 
Non-normally distributed data were expressed as medians and 
tertile range, and the rank sum test was used for inter-
group comparisons.

 (2) Predictor variable screening: model over-fitting was prevented 
by LASSO regression, penalties on coefficients prevented the 
problem of covariance, and logistic regression was subsequently 
performed to determine the independent risk factors for 
sarcopenia in middle-aged and older adult diabetic 
populations. All tests were two-sided, and p < 0.05 was 
considered a statistically significant difference.

 (3) Nomogram predictive model construction: logistic regression 
was used to construct the predictive model, and the ‘rms’ 
package was used to construct the nomogram predictive model 
for sarcopenia.

 (4) Evaluation of the model: the C_index of the sarcopenia 
nomogram predictive model was calculated to assess the 
discriminatory ability of the model, and the calibration curve 
of the sarcopenia predictive model was produced to determine 
the degree of agreement between the predicted probability and 
the observed results. Clinical validity was assessed by decision 
curve analysis (DCA).

 (5) Model validation: AUC, calibration curves and DCA were used 
to validate the predictive performance of the nomogram model.

3 Results

3.1 Participants characteristics

Our study included 2,131 middle aged and older adult diabetic 
patients. The mean age was 63.32 ± 8.90 years, of which 1,227 (57.6%) 
were male and 904 (42.4%) were female. The prevalence of sarcopenia 
in middle-aged and older adult diabetic patients was 28.9% 
(616/2,131). Baseline characteristics are shown in 
Supplementary Table 1. Among middle-aged and older adult diabetic 
patients, 1,492 (70%) and 639 (30%) were randomly assigned to the 
training and validation sets, respectively. The results in 
Supplementary Table 2 show that there was no significant difference 
(p > 0.05) between the predictors of the training and validation date 
sets and the baselines were comparable. The baseline characteristics of 
the training set participants are shown in Table 1.

3.2 LASSO and logistic regression

Using whether or not sarcopenia occurred in middle-aged or 
older adult diabetic participants as the outcome variable, all candidate 
predictor variables were included in LASSO regression, and the 
independent variable screening and cross-validation process of 
LASSO regression are shown in Figures 2A,B, respectively. Non-zero 
coefficients were selected as potential predictors of sarcopenia. In 
order to ensure that the model is both efficient and concise, and 
considering the simplicity and operability in the process of practical 
clinical application, the Lambda.lse value (Lambda = 0.02787465) 
with the cross-validation error within the range of plus or minus one 
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TABLE 1 Baseline characteristics of the training set participants.

Variables Overall 
(n = 1,492)

No sarcopenia 
(n = 1,063)

Possible sarcopenia 
(n = 429)

p-value

Demographic characteristics

Age, Median (IQR) 63.0 (57.00,69.00) 61.00 (55.00,67.00) 69.00 (62.00,75.00) <0.001

BMI (kg/m2) 25.03 (22.62,27.65) 25.81 (23.96,28.28) 22.08 (19.72,24.89) <0.001

Sex (%) <0.001

  Male 650 (43.6) 512 (48.2) 138 (32.2)

  Female 842 (56.4) 551 (51.8) 291 (67.8)

Education (%) <0.001

  Primary school or below 704 (47.2) 434 (40.8) 270 (62.7)

  Junior high school/ technical secondary school 610 (40.9) 479 (45.1) 131 (30.5)

  High school and above 178 (11.9) 150 (14.1) 28 (6.5)

Marital status (%) <0.001

  Married 1,258 (84.3) 938 (88.2) 320 (74.6)

  Unmarried 234 (15.7) 125 (11.8) 109 (25.4)

Residence (%) <0.001

  Urban 622 (41.7) 470 (44.8) 146 (34.0)

  Rural 870 (58.3) 587 (55.2) 283 (66.0)

Medical insurance (%) 0.016

  No 108 (7.2) 66 (6.2) 42 (9.8)

  Yes 1,384 (92.8) 997 (93.8) 387 (90.2)

Endowment insurance (%) 0.001

  No 541 (36.3) 457 (43.0) 84 (19.6)

  Yes 951 (63.7) 606 (57.0) 345 (80.4)

Vital signs

Temperature (°C) 36.7 (36.6, 37.0) 36.7 (36.6, 37.0) 36.6 (36.5; 37.0) 0.615

Pulse (times/min) 75.50 (68.00,83.00) 75.00 (67.50,82.50) 76.50 (69.00,84.50) 0.014

Respiratory rate (times/min) 20.0 (20.0, 20.0) 20.0 (20.0, 20.0) 19.0 (19.0, 20.0) 0.471

SBP (mmHg) 130.00 (118.13,145.38) 130.00 (119.50,145.50) 130.50 (114.50,145.00) 0.276

DBP (mmHg) 75.50 (68.00,83.50) 76.50 (69.00,84.00) 71.50 (65.50,80.25) <0.001

Health status and behavior

Smoking (%) <0.001

  No 860 (57.6) 575 (54.1) 285 (66.4)

  Yes 632 (42.4) 488 (45.9) 144 (33.6)

Drinking (%) 0.006

  No 835 (56.0) 571 (53.7) 264 (61.5)

  Yes 657 (44.0) 492 (46.3) 165 (38.5)

Chronic diseases (%) 0.670

  No 129 (8.6) 94 (8.8) 35 (8.2)

  Yes 1,363 (91.4) 969 (91.2) 394 (91.8)

Hypertension (%) 0.673

  No 684 (45.8) 491 (46.2) 193 (45.0)

  Yes 808 (54.2) 572 (53.8) 236 (55.0)

Cancer (%) 0.743

  No 1,465 (98.2) 1,043 (98.1) 422 (98.4)

  Yes 27 (1.8) 20 (1.9) 7 (1.6)

(Continued)
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TABLE 1 (Continued)

Variables Overall 
(n = 1,492)

No sarcopenia 
(n = 1,063)

Possible sarcopenia 
(n = 429)

p-value

Chronic lung disease (%) 0.001

  No 1,270 (85.1) 925 (87.0) 345 (80.4)

  Yes 222 (14.9) 138 (13.0) 84 (19.6)

Heart disease (%) 0.173

  No 1,077 (72.2) 778 (73.2) 299 (69.7)

  Yes 415 (27.8) 285 (26.8) 285 (26.8)

Stroke (%) 0.012

  No 1,397 (93.6) 1,006 (94.6) 391 (91.1)

  Yes 95 (6.4) 57 (5.4) 38 (8.9)

Arthritis (%) <0.001

  No 787 (52.7) 607 (57.1) 180 (42.0)

  Yes 705 (47.3) 456 (42.9) 249 (58.0)

Dyslipidemia (%) <0.001

  No 930 (62.3) 617 (58.0) 313 (73.0)

  Yes 562 (37.7) 446 (42.0) 116 (27.0)

Liver disease (%) 0.347

  No 1,350 (90.5) 957 (90.0) 393 (91.6)

  Yes 142 (9.5) 106 (10.0) 36 (8.4)

Kidney disease (%) 0.290

  No 1,311 (87.9) 928 (87.3) 383 (89.3)

  Yes 181 (12.1) 135 (12.7) 46 (10.7)

Stomach disease (%) 0.019

  No 1,016 (68.1) 743 (69.9) 273 (63.6)

  Yes 476 (31.9) 320 (30.1) 156 (36.4)

Asthma (%) <0.001

  No 1,375 (92.2) 1,003 (94.4) 372 (86.7)

  Yes 117 (7.8) 60 (5.6) 57 (13.3)

Fall down (%) 0.002

  No 1,187 (79.6) 868 (81.7) 319 (74.4)

  Yes 305 (20.4) 195 (18.3) 110 (25.6)

Tap water (%) 0.001

  No 368 (24.7) 238 (22.4) 130 (30.3)

  Yes 1,124 (75.3) 825 (77.6) 299 (69.7)

ADL (%) <0.001

  Non-disability 938 (62.9) 727 (68.4) 211 (49.2)

  Disability 554 (37.1) 336 (31.6) 218 (50.8)

Social participation (%) <0.001

  No 664 (44.5) 423 (39.8) 241 (56.2)

  Yes 828 (55.5) 640 (60.2) 188 (43.8)

Hyperopia (%) <0.001

  Good 409 (27.4) 248 (23.3) 161 (37.5)

  Fair 723 (48.5) 530 (49.9) 193 (45.0)

  Poor 360 (24.1) 285 (26.8) 75 (17.5)

(Continued)
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standard error of the minimum error was selected as the optimal 
penalty coefficient in our study, at which time the model contained 
13 variables, including age, gender, BMI, residence, smoking, 
arthritis, cognitive function, depression, social participation, ADL, 
PEF, DBP, and Hb. These factors were then included in the logistic 
regression model. It was ultimately found that, Age (p < 0.001), 
Residence (p = 0.003), BMI (p < 0.001), Cognitive function 
(p = 0.003), ADL (p < 0.001), DBP (p = 0.019), Breathing (p < 0.001) 
and Hb (p < 0.001) were found to be associated with the development 
of sarcopenia in middle-aged and older adult diabetic mellitus 
(Table 2).

3.3 Developing predictive models

Logistic regression was used to establish the predictive model. 
Variance inflation factor (VIF) test was performed and the VIF values 
for all variables were in the range of 1.09 to 1.54, with VIF values 
below five. The model was well fitted with no covariance. A predictive 
model was presented using nomogram, which allowed for a 
quantitative possible predictive of sarcopenia in middle-aged and 
older adult diabetic patients (Figure 3). Individual scores for each 
predictor variable in the nomogram model ranged from 0 to 100, and 
total scores ranged from 420 to 600. When using the nomogram 

TABLE 1 (Continued)

Variables Overall 
(n = 1,492)

No sarcopenia 
(n = 1,063)

Possible sarcopenia 
(n = 429)

p-value

Myopia (%) 0.002

  Good 354 (23.7) 229 (21.5) 125 (29.1)

  Fair 766 (51.3) 550 (51.7) 216 (50.3)

  Poor 372 (24.9) 284 (26.7) 88 (20.5)

Hearing (%) <0.001

  Good 251 (16.8) 153 (14.4) 98 (22.8)

  Fair 798 (53.5) 580 (54.6) 218 (50.8)

  Poor 443 (29.7) 330 (31.0) 113 (26.3)

Self-assessed health status (%) <0.001

  Good 507 (34.0) 321 (30.2) 186 (43.4)

  Fair 747 (50.1) 561 (52.8) 186 (43.4)

  Poor 238 (16.0) 181 (17.0) 57 (13.3)

Sleep time (h) 6.00 (5.00,8.00) 6.00 (5.00,8.00) 6.00 (5.00,8.00) 0.297

PEF (L/min) 300.00 (220.00,380.00) 329.00 (250.00,400.00) 240.00 (170.00,310.00) <0.001

Mental health parameters

Depression (scores) 8.00 (4.00,13.00) 7.00 (3.00,12.00) 10.00 (5.00,16.00) <0.001

Cognitive function (scores) 11.50 (8.50,14.00) 12.00 (9.50,14.50) 9.50 (6.50,12.35) <0.001

Biochemical parameters

Hb (g/dL) 13.70 (12.60,14.80) 13.90 (12.80,15.00) 13.00 (12.00,14.10) <0.001

WBC (1,000) 6.10 (5.10,7.32) 6.13 (5.19,7.33) 5.84 (4.93,7.30) 0.021

CRP (mg/L) 2.00 (1.00,3.57) 2.10 (1.10,3.50) 1.80 (0.90,5.60) 0.084

HCT (%) 41.35 (38.00,44.60) 42.00 (38.70,45.10) 39.70 (36.45,43.25) <0.001

MCV (fl) 91.20 (87.10,94.80) 91.20 (87.30,94.60) 91.60 (87.05,95.35) 0.289

PLT (109/L) 203.00 (159.00,246.00) 204.00 (162.00,246.00) 201.00 (154.00,246.00) 0.295

TC (mg/dl) 187.64 (163.03,213.13) 187.64 (162.93,212.74) 186.87 (163.32,213.32) 0.879

TG (mg/dL) 143.36 (98.23,209.73) 150.44 (104.42,221.24) 122.12 (85.84,177.88) <0.001

HDL-c (mg/dL) 47.49 (40.93,54.83) 46.33 (40.15,53.28) 49.81 (42.66,59.46) <0.001

LDL-c (mg/dL) 102.32 (84.17,122.78) 103.09 (84.56,122.78) 101.16 (83.01,123.55) 0.666

BUN (mg/dL) 15.13 (12.61,18.21) 15.13 (12.61,18.21) 15.13 (12.61,18.49) 0.823

Creatinine (mg/dL) 0.74 (0.63,0.89) 0.75 (0.64,0.88) 0.72 (0.63,0.90) 0.489

Uric acid (mg/dL) 4.90 (4.10,6.00) 5.00 (4.20,6.00) 4.90 (3.90,5.80) 0.025

Cystatin C (mg/L) 0.86 (0.74,0.98) 0.83 (0.72,0.95) 0.93 (0.78,1.06) <0.001

BMI, body mass index; SBP, systolic blood pressure; DBP, diastolic blood pressure; ADL, activities of daily living; PEF, peak expiratory flow; Hb, hemoglobin; WBC, white blood cell; CRP, 
c-reactive protein; HCT, hematocrit; MCV, mean corpuscular volume; PLT, platelets; TC, total cholesterol; TG, triglyceride; HDL-c, high-density lipoprotein cholesterol; LDL-c, low-density 
lipoprotein cholesterol; BUN, blood urea nitrogen.
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predictive model, the corresponding scores of each independent 
influencing factor were projected onto the first row, and then the 
scores of the eight influencing factors were cumulatively summed to 
obtain the total score, based on which the probability of the occurrence 
of sarcopenia in middle-aged and older adult diabetic patients was 
judged to be high or low.

3.4 Predictive model validation

As shown in Figure 4A, the AUC value for the predictive model 
was 0.867 (95%CI: 0.847~0.887), and the optimal threshold was 0.279, 
sensitivity was 0.797 and specificity was 0.778. The calibration curve 
indicated a good model fit (χ2 = 13.483, df = 8, p = 0.097), p > 0.05, the 

difference was not statistically significant, suggesting that the 
predictive ability of the predictive model was more consistent with the 
actual incidence rate, and the Brier score was 0.009, indicating that the 
model was well calibrated (Figure 5A). The clinical validity of the 
model was assessed using a DCA curve, which showed that the 
training set exceeded the extremes, indicating that the nomogram 
predictive model provided superior net benefit and predictive 
accuracy (Figure 6A). Validation of the predictive model using the 
validation set showed an AUC value of 0.849 (95%CI: 0.816~0.883) for 
the validation set (Figure 4B), and the calibration curve indicated a 
good fit of the model (χ2 = 14.327, df = 8, p = 0.074) (Figure 5B). The 
DCA curves demonstrate the clinical validity of the model (Figure 6B).

4 Discussion

The results of this study indicated that the prevalence of 
sarcopenia in middle-aged and older adult diabetic patients in China 
was 28.9%, higher than the findings of Li et al. (25) (18.86%), and the 
reason for analysis was mainly related to the different ages of the 
included population, with the prevalence of sarcopenia gradually 
increasing with age, and middle-aged and older adult population as a 
priority group (26). Sarcopenia has been considered as the third type 
of complication in diabetic patients, as a new diabetic complication, 
presenting reversible characteristics, so the early identification of 
diabetic patients with the presence of sarcopenia in the high-risk 
group, and the prevention in advance, can delay or even reverse the 
occurrence of sarcopenia.

In this study, age was found to be a risk factor for the development 
of sarcopenia in diabetic mellitus. Older adult patients are already a 
high prevalence group for sarcopenia, and the prevalence of 
sarcopenia has been as high as 6.8% to 18.5% in the Chinese 
community’s older adult population, and even higher in the middle-
aged and older adult population with associated chronic diseases (27). 
The decline in muscle mass and muscle strength with age is greater in 

FIGURE 2

Demographic and clinical feature selection using the LASSO regression model. (A) According to the logarithmic (lambda) sequence, a coefficient 
profile was generated, and non-zero coefficients were produced by the optimal lambda. (B) The optimal parameter (lambda) in the LASSO model was 
selected via tenfold cross-validation using minimum criteria. The partial likelihood deviation (binomial deviation) curve relative to log (lambda) was 
plotted. A virtual vertical line at the optimal value was drawn using one SE of minimum criterion (the 1-SE criterion).

TABLE 2 The prediction model with multivariate logistic regression.

Variables OR 95%CI p-value

Residence 0.003

  Urban Reference

  Rural 1.575 [1.163,2.133]

ADL <0.001

  Non-disability Reference

  Disability 1.874 [1.392,2.522]

Cognitive function 0.927 [0.888,0.967] <0.001

Age 1.079 [1.060,1.100] <0.001

BMI 0.759 [0.725,0.795] <0.001

DBP 0.984 [0.970,0.997] 0.019

PEF 0.995 [0.993,0.996] <0.001

Hb 0.860 [0.795,0.931] <0.001

BMI, body mass index; ADL, Activities of daily living; DBP, mean diastolic blood pressure; 
Hb, Hemoglobin; OR, odds ratio; CI, confidence interval.
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diabetic patients than in non-diabetic patients (5, 28, 29). After the age 
of 50 years, muscle mass decreases by approximately 1 to 2% per year, 
accompanied by a progressive loss of muscle mass, strength and 
function due to a decrease in the number and size of type II muscle 

fibres (30, 31). Therefore, muscle mass in the older adult diabetic 
population needs to be taken care of.

The results of the present study showed that lower BMI increased 
the risk of developing sarcopenia, similar to the findings of Chen et al. 

FIGURE 3

A nomogram predictive model for sarcopenia in middle-aged and older adult diabetic patients in China.

FIGURE 4

(A) Nomogram ROC curves generated from the training data set. (B) Nomogram ROC curves generated using the validation data set.
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(32). Decrease in BMI was associated with low muscle mass, and lower 
BMI was considered as a dietary tendency to choose a lower protein 
content for intake. However, Dai et  al. (33) found that the risk of 
developing sarcopenia was about 6.12 times higher when the BMI was 
≥30 kg/m2. Middle-aged and older adult diabetic patients with high 
body fat may be more likely to develop sarcopenia, considered as 
infiltration of adipose tissue in muscle and bone tissue stimulates 
sarcopenia (34). Adipose tissue can also cause chronic inflammation, 
leading to adipose-secreted cytokines that inhibit muscle protein 

synthesis, osteoblast differentiation and production, resulting in 
abnormal bone tissue and muscle function (35). Therefore, in addition 
to diabetes patients with low BMI, obese individuals should also be the 
focus of attention when evaluating for community sarcopenia groups.

The results of this study also showed that decreased Hb is a risk 
factor for sarcopenia, and decreased Hb responds to conditions such 
as anaemia and malnutrition in the organism (36, 37). In diabetic 
mellitus patients, the normal energy intake of the organism is affected 
due to long-term dietary control and medication. If energy intake is 

FIGURE 5

(A) Calibration plots for training data set. (B) Calibration plots for validation data set.

FIGURE 6

(A) DCA curves for training data set. (B) DCA curves for validation data set.
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low and cannot match the level of energy expenditure, it leads to 
weight loss and muscle mass loss in the older adult, and loss of muscle 
mass and function is the main feature of sarcopenia (5). As a result, a 
diabetic diet can be customized based on the patient’s BMI and Hb test 
results. Maintaining a healthy nutritional status is crucial for blood 
glucose control and preventing sarcopenia.

The results of the study showed that the prevalence of sarcopenia 
was higher in middle-aged and older adult diabetic patients living in 
rural areas compared to those living in urban areas. For middle-aged 
and older adult diabetic patients living in urban areas, early diagnosis 
and prevention of the illness are simpler, and information is easier to 
obtain (38). At the same time, some activities and exercise venues and 
equipment are more available in the city. Therefore, in the future, 
middle-aged and older adult people living in rural areas should pay 
more attention to muscle exercise and DM health education.

Our study revealed that the risk of sarcopenia increases with 
poorer cognitive function. DM patients are prone to cognitive 
dysfunction due to thickening of the basement membrane of the brain 
and increased permeability of the blood–brain barrier, where proteins 
and other plasma constituents penetrate into the perivascular 
compartments and damage neurons (39, 40). In individuals with 
diabetes, cognitive impairment may be  a contributing factor to a 
decrease in physical activity duration and an increase in the frequency 
and length of periods of inactivity and lying down. Secondly, low 
cognitive function can lead to difficulties with dietary intake and 
reduced eating, and diabetics themselves require long-term dietary 
control due to disease factors, all of which accelerate sarcopenia. 
Notably, hyperglycaemia may also lead to oxidative stress and 
inflammatory responses, which are common mechanisms for both 
cognitive impairment and sarcopenia (28). Focusing on muscle 
function is therefore much more crucial for people with DM who also 
have cognitive problems.

The results of this study showed that disability is a risk factor for 
sarcopenia in diabetic patients. Chronic disruptions in glucose 
metabolism can result in a number of consequences, including 
cardiovascular disease, nephropathy, and neuropathy. These 
conditions can make it more difficult for the patient to take care of 
themselves and raise the risk of incapacitation (41). Disability most 
directly leads to decreased mobility and increased prevalence of 
sarcopenia. Sarcopenia should therefore be considered while screening 
for disabilities.

Peak expiratory flow (PEF) is a simple screening tool for lung 
function and is defined as the instantaneous velocity at the fastest 
expiratory flow during exertion spirometry, reflecting the strength of 
the respiratory muscles (42). In this study, PEF was found to be a risk 
factor for the development of sarcopenia in middle-aged and older 
adult DM patients. The hyperglycaemic state of the body in diabetic 
patients affects lung physiology, inflammation and bacterial infections, 
which may lead to a loss of respiratory muscle mass and strength, and/
or a decrease in lung function, which is known as sarcopenia (43). 
According to the 2010 consensus of the European Working Group on 
Sarcopenia in the older adult, PEF is determined by respiratory muscle 
strength in people without lung disease (5), and it can be used as an 
indicator of respiratory sarcopenia (44). Consequently, middle-aged 
and older diabetes patients with pulmonary dysfunction must actively 
manage their blood glucose levels. Lip-contraction belly breathing 
training is one way to strengthen the respiratory muscles and lessen 
respiratory sarcopenia.

Also, this study found that low diastolic blood pressure is strongly 
associated with the development of sarcopenia. Diastolic blood 
pressure is the pressure generated by the elastic retraction of arterial 
blood vessels when the heart is in diastole, and low diastolic blood 
pressure may indicate that the heart is not pumping enough blood to 
the body during diastole, which may also affect the supply of nutrients 
to the muscles (44). Low diastolic blood pressure may be a sign of 
declining fitness in the older adult, which is closely associated with 
sarcopenia. Therefore, in the future, patients with DM combined with 
hypertension should be concerned about muscle loss in addition to 
cardiac, cerebral, and renal complications.

The nomogram prediction model constructed in our study has a 
good prediction performance. First, the area under the ROC curve of 
the model is 0.867, which is greater than 0.800, indicating that the 
model has a good degree of discrimination. Second, the calibration 
curve of the model is close to the standard curve (45-degree line), 
indicating a high degree of agreement between the predicted 
probabilities and the observations. Finally, the DCA curve is within 
the probability threshold interval and above the reference line, 
indicating that the model has some clinical application value. Our 
study compares with the study by Zhang et al. (45) on sarcopenia in 
the older adult, where BMI and DBP were common predictors in both 
studies, but the AUC in our study was 0.867 (95%CI: 0.847~0.887) 
much higher than the latter (0.77, 95%CI: 0.75~0.79). And the results 
of the present study were more applicable to DM population. As 
shown in the nomogram predictive model, BMI was relatively more 
important, followed by PEF, age, Hb, DBP, cognitive function, ADL, 
and residence. The nomogram predictive model is simple and easy to 
use and the eight predictors are easily accessible. Community workers 
can assign values to each predictor and calculate the total score, and 
differentiate between high- and low-risk groups according to the 
optimal threshold value of 0.279, which not only reduces the 
computational burden of the users, but also saves the time of the 
assessment effectively.

The predictive model we constructed had good discrimination 
and accuracy, and the results of internal validation were found to be a 
valuable tool for assessing sarcopenia in DM patients. However, this 
study also has some limitations. Firstly, only data from 2015 in the 
CHARLS database were selected for this study, which was 
retrospective. Second, this study was only internally validated without 
external validation, and the study population was from China, which 
limits its generalization. Finally, the survey method of this study is 
self-report, the results of the questions will be affected by the subjective 
consciousness of the patients, and this study selected the middle-aged 
and older adult population, some of them will have memory bias, and 
the accuracy of the results may be affected to some extent. Large-
sample, multi-center studies should be carried out in the future to 
investigate causality and validate the results.

5 Conclusion

Our study constructed a risk predictive model for sarcopenia in 
middle-aged and older adult DM patients with good predictive 
efficacy, which screened 8 predictors, including age, gender, residence, 
PEF, Hb, DBP, cognitive function, and ADL. The predictive model was 
built by combining the above 8 independent risk factors for sarcopenia 
in diabetic patients, which transformed the complex equation into a 
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visual model. This novel screening tool is accurate, specific, and cost-
effective, highlighting its potential value in clinical applications.
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