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A B S T R A C T   

Aims: The objectives of this study were to identify clinical predictors of the Traditional Chinese 
medicine (TCM) clinical index for diabetic peripheral neuropathy (DPN) in type 2 diabetes 
mellitus (T2DM) patients, develop a clinical prediction model, and construct a nomogram. 
Methods: We collected the TCM clinical index from 3590 T2DM recruited at the Second Affiliated 
Hospital of Tianjin University of Traditional Chinese Medicine from January 2019 to October 
2020. The participants were randomly assigned to either the training group (n = 3297) or the 
validation group (n = 1426). TCM symptoms and tongue characteristics were used to assess the 
risk of developing DPN in T2DM patients. Through 5-fold cross-validation in the training group, 
the least absolute shrinkage and selection operator (LASSO) regression analysis method was used 
to optimize variable selection. In addition, using multifactor logistic regression analysis, a pre-
dictive model and nomogram were developed. 
Results: A total of eight independent predictors were found to be associated with the DPN in 
multivariate logistic regression analyses: advanced age of grading (odds ratio/OR 1.575), smoke 
(OR 2.815), insomnia (OR 0.557), sweating (OR 0.535), loose teeth (OR 1.713), dry skin (OR 
1.831), purple tongue (OR 2.278). And dark red tongue (OR 0.139). The model was constructed 
using these eight predictor’s medium discriminative capabilities. The area under the curve (AUC) 
of the training set is 0.727, and the AUC of the validation set is 0.744 on the ROC curve. The 
calibration plot revealed that the model’s goodness-of-fit is satisfactory. 
Conclusions: We established a TCM prediction model for DPN in patients with T2DM based on the 
TCM clinical index.  
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1. Introduction 

Diabetes mellitus has been diagnosed in nearly 537 million people worldwide as a result of changes in dietary structure, residents’ 
lifestyles, and economic development. The incidence rate is expected to rise to 11.3% in 2030 and 12.2% in 2045 [1]. From 2013 to 
2018, the prevalence of diabetes mellitus in China rose from 10.9% to 12.4% [2]. In 2021, China has the highest percentage of both 
diagnosed and undiagnosed cases staggering 140.9 and 72.8 million people, respectively. 

Although the awareness and treatment rates of diabetes mellitus patients in China have increased in recent years, they are still not 
optimal. Lifestyle modification is the primary preventive measure for diabetes and its complications [3]. Diabetic peripheral neu-
ropathy (DPN) is a prevalent and severe chronic complication of diabetes mellitus that affects approximately 30% of patients. It is 
linked to lower extremity amputations, painful neuropathy symptoms, and an increased risk of death [4]. Diabetes-related foot ulcers 
are characterized by foot ulceration or deep tissue destruction caused by DPN [5], which affects about 20 million people worldwide 
each year [6]. Obesity, hyperglycemia, dyslipidemia, impaired neurotrophic support and insulin signaling, and microvascular diseases 
all cause downstream oxidative stress, mitochondrial dysfunction, and inflammation, ultimately leading to cellular dysfunction and 
death [7–11]. The management of diabetic peripheral neuropathy encompasses targeted treatments for neurological symptoms and 
strategies to prevent DPN’s progression and address foot complications [4]. However, the onset of DPN is insidious, and up to fifty 
percent of patients have no typical conscious symptoms, necessitating that clinicians and patients pay greater attention to early 
screening for DPN to provide timely and effective diagnosis and treatment [12]. 

Nerve conduction studies remain the gold standard for diagnosing and assessing the severity of DPN [13,14]. Before attributing 
neuropathy to diabetes mellitus, a thorough clinical history and physical examination should be conducted to rule out neuropathy 
caused by a neurological or orthopedic disease. After the exclusion of lesions, five screening tests (ankle reflex, vibration sensation, 
pressure sensation, pinprick sensation, and temperature sensation) should be performed for clinical symptoms of neuropathy in 
diabetes mellitus (including pre-diabetes mellitus), such as pain, numbness, and paresthesia [4,15,16]. Generally speaking, these DPN 
diagnostic strategies are adequate in clinical settings. Neurology consultations and neurophysiological testing are advised when 
conditions such as atypical symptoms, signs, or diagnostic uncertainty arise [13]. Academics have investigated and validated early 
screening, diagnostic methods, and devices for DPN. Several innovative point-of-care devices have the potential to facilitate the early 
diagnosis of DPN in potentially more treatable conditions [17]. Still, their accuracy and cost-effectiveness must be studied further [18]. 
Scored clinical assessments provide a standardized, objective, quantitative, and reproducible method for diagnosis, diagnosing, and 
grading the severity of DPN [15]. However, these methods are time-consuming and challenging to implement in clinical settings. Given 
that DPN is a relatively complex pathological process, it has become imperative to develop a simple, distinct, noninvasive prediction 
method for early clinical diagnosis with multiple influencing factors to estimate the risk of DPN or the current condition in a busy 
medical setting. 

The primary objective of this research is to develop a scientific prediction model for the risk of DPN occurrence in diabetes mellitus 
to address the critical need for early screening. TCM diagnosis is based on four processes: sight, hearing, odor, and questioning. The 
most common method is to check the tongue and pulse. According to research, tongue imaging is linked to type 2 diabetes mellitus 
(T2DM) and can be used to screen for T2DM [61–64,68]. To our knowledge, no studies have been done to create a clinical prediction 
model for DPN related to TCM that combines multiple indicators, TCM symptoms, and tongue characteristics. 

In this study, a total of 4723 cases of T2DM were included, the potential relationship between DPN and TCM indicators was 
explored, and a nomogram model was developed to facilitate the early diagnosis of DPN by TCM clinical practitioners. 

2. Materials and methods 

This study was approved by the institutional ethics committee of Tianjin University of Traditional Chinese Medicine (approval 
number: TJUTCM-EC20190004), and all participants had to provide informed consent before the study’s initiation. 

2.1. Study design and participants 

Patients with T2DM admitted between January 2019 and October 2020 to the endocrinology department and traditional Chinese 
medicine surgery department of the Second Affiliated Hospital of Tianjin University of Traditional Chinese Medicine, Tianjin, China, 
were included in the cross-sectional study. The diagnosis of T2DM was based on a previous diagnosis of fasting plasma glucose (FPG) ≥
7.0 mmol/L or 2 h plasma glucose (PBG) ≥ 11.1 mmol/L at the Second Affiliated Hospital or confirmed diagnosis of DPN based on a 
positive 128 Hz tuning fork and 10 g monofilaments [19]. The exclusion criteria were as follows [1]: age below 18 [2]; failure to 
complete the questionnaire [3]; pregnant or lactating women [4]; unable to cooperate with the complete tongue image collector [5]; 
incomplete clinical data. Based on the criteria above, a total of 4723 patients were enrolled in our study. The dataset was randomly 
divided into two groups: 70% (n = 3297) comprised the training group, and 30% (n = 1426) formed the validation group. The training 
group was used to construct the model, while the validation group was used to evaluate the model’s capabilities. 

2.2. Baseline data collection and processing 

Each participant’s age and gender were adequately recorded. During the study, patients who smoked at least one cigarette per day 
were considered smokers. The BMI was calculated by dividing weight in kilograms by height in meters squared. The Chinese guidelines 
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for the prevention and control of overweight and obesity in adults classify BMI into: <18.5, 18.5–23.9, 24–28, and >28 kg/m2 [20]. 

2.3. Clinical symptoms of TCM collection 

Using a standardized questionnaire (Information Record Form of TCM Clinical Four Diagnostics) developed by Shanghai University 
of Traditional Chinese Medicine, trained researchers from the School of Health Sciences and Engineering at Tianjin University of 
Traditional Chinese Medicine interviewed each patient and collected clinical symptom information. “Yes” responses were given 1 
point, and “No” responses, 0 [21]. 

2.4. Collection of tongue features 

Two researchers identified tongue characteristics and recorded the findings in the questionnaires. The Tongue Diagnosis Analysis-1 
(TFDA-1) instrument developed by the national key research and development plan was used to collect tongue images [22]. Two 
experienced TCM experts were asked to review the images simultaneously; in the event of a disagreement, a third expert would decide 
the outcome. 

2.5. Statistical analysis 

The statistical analysis was performed using SPSS (26.0) and STATA (version 15.0). As appropriate, Chi-squared tests were used to 
compare the training and validation groups. All reported levels of statistical significance were two-sided, with a significance level of 
0.05. Different variables were evaluated, and the odds ratio and 95% confidence interval (CI) were calculated using the logistic 
regression analysis method. Next, variables with a P value of less than 0.05 were added to the model. Statistical significant variables 
were included in the multivariate logistic regression analysis (backward: conditional). This study used the minimum absolute 
contraction and lasso regression to select the most valuable predictor candidates [23]. The LASSO regression analysis performed a 
5-fold cross-validation for centralization and normalization of the included variables before choosing the optimal lambda value [24]. 
Finally, a nomogram model was developed to identify T2DM patients at risk for DPN. 

2.6. Model evaluation 

The prediction model’s efficacy evaluation focuses primarily on discrimination ability (discrimination), accuracy (calibration 
curve), and clinical applicability. The closer the AUC value is to 1, the better the prediction model is [25]. The calibration degree is an 
essential metric for assessing the precision of a disease risk model. Finally, a decision curve analysis was performed to evaluate the 
clinical efficacy of the model [26]. Fig. 1 depicts a Figdraw (www.figdraw.com) flowchart of this study. LASSO regression, multivariate 
logistic analysis, and the establishment of a nomogram model were performed using STATA (version 15.0). 

3. Results 

3.1. Patient characteristics 

We analyzed three clinical variables: demographic characteristics, symptoms and signs of TCM, and tongue features collected via a 

Fig. 1. The flowchart of the TCM prediction model for DPN in T2DM patients based on the TCM clinical index.  
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standardized questionnaire with categorical variables between 2019 and 2021 [21]. The study included 4430 T2DM patients and 293 
DPN patients. Finally, 4723 patients were divided into the training group (3297 individuals) and the validation group (1426 in-
dividuals) in this study. Based on the standard of ten events per candidate predictor parameter, this study’s 25 predictors required at 
least 250 individuals with their respective events [27]. In addition, considering other sample size requirements for developing a 
clinical prediction model, the training group sample size of 3297 patients met the standard optimal sample size for further statistical 
analyses. This study included 1541 males and 1756 females, the majority aged 60–89 (61%). 45.7% of the patients were overweight 
(Table 1). The DPN group had more frequencies of age >60 years old than the T2DM group. The most frequent BMI interval in DPN 
patients was 24.6–28 (42.3%). The DPN group has more male members (57.3%) than female members (42.7%). Significantly more 
individuals in the DPN group (44.4%) were smokers than in the T2DM group (21.9%), and the frequency of purple tongue and the 
yellow coating was significantly higher in the DPN group than in the T2DM group (S1). Fig. 6 displays the tongue characteristics, the 
left column is the color of the tongue (Fig. 6a), the middle column is the tongue shape (Fig. 6b), and the right column is the color and 
shape of the coating (Fig. 6c). 

3.2. Factor selection 

In the training group, univariate analysis was used to identify risk factors associated with DPN in patients with T2DM. Significantly 
different predictors included age (OR 1.440, 95% CI 1.140–1.820, p = 0.002), sex (OR 0.558, 95% CI 0.416–10.747, p = 0.000), 
smoking (OR 2.763, 95% CI 2.061–3.705, p = 0.000), insomnia (OR 0.565, 95% CI 0.417–0.766, p = 0.000), sweating (OR 0.530, 95% 
CI 0.362–0.776, p = 0.001), loose teeth (OR 1.721, 95% CI 1.277–2.319, p = 0.000), dry skin (OR 1.958, 95% CI 1.412–2.716, p =
0.000), purple tongue (OR 2.709, 95% CI 1.827–4.017, p = 0.000), dark red tongue (OR 0.115, 95% CI 0.037–0.361, p = 0.000), 
yellow coating (OR 1.375, 95% CI 1.011–1.869, p = 0.042), and greasy coating (OR 0.639, 95% CI 0.441–0.925, p = 0.018). Other 
predictors were not significantly different (Table 2). 

Through the shrinkage estimation method, the LASSO method can also select relevant features in high-dimensional data. In this 

Table 1 
Clinical characteristics of the study participants.  

Indicators Clinical characteristics N (%) Training group (3297) Validation group (1426) P value 

Baseline Data Age   0.533 
18～44 182 (5.5) 83 (5.8)  
45～59 947 (28.7) 399 (28)  
60～89 2010 (61) 862 (60.4)  
>90 158 (4.8) 82 (5.8)  

BMI   0.212 
<18.5 33 (1) 12 (0.8)  
18.5～23.9 1307 (39.7) 609 (42.7)  
24～28 1505 (45.7) 609 (42.7)  
>28 450 (13.7) 196 (13.7)  

Sex   0.610 
male 1541 (46.7) 655 (45.9)  
female 1756 (53.3) 771 (54.1)  

Smoke 755 (22.9) 346 (24.3) 0.309 
Symptoms of TCM Fatigue 1925 (58.4) 838 (58.8) 0.808 

Irritable 1306 (39.6) 546 (38.3) 0.393 
Forgetfulness 143 (4.3) 47 (3.3) 0.095 
Insomnia 1514 (45.9) 655 (45.9) 0.994 
Sweating 878 (25.6) 366 (25.7) 0.490 
Loose teeth 867 (26.3) 368 (25.8) 0.725 
Dry skin 549 (16.7) 254 (17.8) 0.330 
Dry mouth 1345 (40.8) 595 (41.7) 0.551 
Polydipsia 529 (16) 226 (15.8) 0.866 
Thirst does not drink much 86 (2.6) 40 (2.8) 0.700 
Polyuria 136 (4.1) 46 (3.2) 0.141 
Frequency of urine 426 (16.9) 170 (11.9) 0.342 

Tongue Features Crimson tongue 517 (15.7) 238 (16.7) 0.385 
Purple tongue 253 (7.7) 120 (8.4) 0.386 
Dark red tongue 367 (11.1) 149 (10.4) 0.490 
Enlarged tongue 348 (10.6) 122 (8.6) 0.035 
Spotted tongue 205 (6.2) 101 (7.1) 0.268 
Teeth marked tongue 838 (25.4) 343 (24.1) 0.320 
Fissured tongue 1196 (36.3) 563 (39.5) 0.036 
Yellow coating 873 (26.5) 392 (27.5) 0.471 
Less coating 221 (6.7) 107 (7.5) 0.320 
Thick coating 778 (23.6) 317 (22.2) 0.307 
Greasy coating 832 (25.2) 368 (25.8) 0.679 

Note: Values are shown with numbers and proportions. P < 0.05 means a significant difference. BMI, Body mass index, Underweight <18.5 kg/m2, 
normal BMI range 18.5–23.9 kg/m2, overweight 24.0 ≤ BMI <28.0 kg/m2; obesity >28.0 kg/m2. 
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study, the training group was subjected to LASSO regression. The modification of the penalty coefficient λ gradually reduced the 
number of model variables. A 5-fold cross-validation error was selected as the minimum λ+1 (lambda. 1se = 3.262) as the optimal 
value of the model (Fig. 2a–b), which included 8 of the 25 variables. Then, the eight variables obtained from the Lasso regression, 
including age, smoke, insomnia, sweating, loose teeth, dry skin, purple tongue, and dark red tongue were significantly different 

Fig. 2. LASSO regression analysis for DPN in T2DM. Coefficient path diagram of 25 clinical features, (a) determined the optimal 8 clinical features 
with nonzero coefficients by deriving the optimal lambda. The MSPE versus lambda and dotted vertical lines were performed based on 5-fold cross- 
validation LASSO (b). 

Fig. 3. Nomogram prediction model of DPN. Risk factors of age, smoke, insomnia, sweating, loose teeth dry skin, purple tongue, dark red tongue for 
nomogram prediction model. It was established by the training group. A total point was calculated by combining appearance of smoke, loose teeth, 
dry skin, purple tongue and age grade. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of 
this article.) 
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between the two groups. Similarly, 11 predictors were derived from univariate analysis, and a 5-fold cross-validation yielded the same 
result. In light of this, the logistic multiple regression model incorporated a model with eight independent predictors. 

3.3. Model development 

A logistic multiple regression analysis was conducted on the identified potential DPN predictors (p < 0.05). The predictors included 
in the prediction model were age (OR 1.575, 95% CI 1.236–2.006, p = 0.000), smoking (OR 2.815, 95% CI 2.079–3.811, p = 0.000), 
insomnia (OR 0.557, 95% CI 0.408–0.761, p = 0.000), sweating (OR 0.535, 95% CI 0.362–0.791, p = 0.002), loose teeth (OR 1.713, 
95% CI 1.258–2.331, p = 0.001), dry skin (OR 1.831, 95% CI 1.303–2.574, p = 0.000), purple tongue (OR 2.278, 95% CI 1.514–3.428, 
p = 0.000), and dark red tongue (OR 0.139, 95% CI 0.044–0.441, p = 0.001) (Table 3). A DPN risk nomogram was also constructed 
based on our model (Fig. 3). 

3.4. Model validation 

The ROC curve was used to evaluate the predictive model’s discriminatory ability. During internal validation, the predictive 
nomogram in the training group demonstrated good discrimination (AUC = 0.727) (Fig. 4a). The curve indicated that the prediction 
nomogram had a good fit (AUC = 0.744) (Fig. 4b). In addition, the calibration curve showed that the predicted DPN incidence was 
consistent with the observed incidence in the training and validation groups (Fig. 4c–d). 

Fig. 4. Receiver operating characteristic curve (ROC) validation of the DPN risk nomogram prediction. The x-axis represents the false positive rate 
of the prediction. The y-axis represents the true positive rate of the prediction, the red line represents the performance of the model of training set 
(a) and validation set (b). Calibration curves of the predictive DPN nomogram prediction model. The x-axis represents the predicted risk of DPN. The 
y-axis represents actual diagnosed cases of DPN, the red line represents a perfect prediction by an ideal model, the blue circle represents the 
performance of the training set (c) and validation set (d), the results illuminate the agreement between the predicted risks of DPN and the observed 
incidence of DPN. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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3.5. Decision curve analysis 

The decision curve analysis (DCA) was presented to assess our model’s clinical utility. The DCA curves demonstrated that along 
with an increase in the probability threshold, referring to our predicted models when deciding whether to intervene can add net benefit 
compared to intervening in all patients or none (Fig. 5a–b). 

4. Discussion 

The prevalence of DPN among Chinese patients diagnosed with T2DM was greater than 50% [28,29]. DPN is characterized by a 
high incidence, an insidious onset, atypical clinical symptoms, and significant harm, all of which harm patients’ quality of life. Since 
DPN is difficult to diagnose due to its unclear pathogenesis, early risk assessment, and prevention research is critical. 

. In this study, T2DM patients were examined to determine the risk factors for DPN lesions and to develop a DPN nomogram risk 
prediction model that included eight variables: age, smoking, insomnia, sweating, loose teeth, dry skin, purple tongue, and dark red 
tongue. In addition, the ROC curve and DCA demonstrated that the model possesses excellent discriminatory and predictive abilities. 
This nomogram is a noninvasive, easy-to-use, and effective tool that could be used in the outpatient setting to perform a rapid 
assessment of DPN risk in patients diagnosed with T2DM, particularly in TCM clinics. It is a cross-sectional study of T2DM patients in 
the Tianjin region in which the patients’ characteristics (demographic characteristics, tongue features, and symptoms) were sys-
tematically recorded and collected. Using the 5-fold cross-validation LASSO regression method, the 27 variables were initially reduced 
to 8 potential predictors. Then, we obtained 11 predictors from univariate analysis, ran 5-fold cross-validation LASSO regression, and 
obtained the same result. 

According to previous research, the primary risk factors for DPN are diabetes duration, hyperglycemia, age, pre-diabetes, hy-
pertension, hyperlipidemia, and smoking [30]. The 2020 Guidelines for the Prevention and Treatment of T2DM in China also note that 
patients with diabetes older than ten years are more likely to develop obvious DPN. A cross-sectional multicenter study in India 
revealed that the severity of DPN was significantly related to age and duration of diabetes [31]; the risk of DPN increased by 7% for 
each additional year of diabetes duration [32]. Age and abnormal glucose and lipid metabolism harm the vascular endothelium, 
disrupt the homeostasis of oxidative stress in the body, affect nutrient supply, and damage nerve cells [33]. A 9-year follow-up study 
involving 512,891 urban and rural adults in China revealed that long-term smokers had a 15–30% greater risk of developing diabetes 
than nonsmokers. Among urban men, the hazard ratio was greater the younger they started smoking and the more they smoked [34]. A 
meta-analysis of 84 prospective studies, including nearly 300,000 diabetes cases, found that active smoking was associated with an 
overall hazard ratio for reported diabetes of 1.37 (95% prediction interval 1.11–1.50) [35]. DPN is more prevalent in diabetic patients 
who smoke, are older than 40, and have inadequate blood glucose control. A recent study revealed that smoking is an independent risk 
factor for DPN and that the risk of DPN increases with the duration of smoking and the level of addiction. Notably, heavy smokers had 
poorer nerve conduction, which may be due to smoking-induced inflammatory cytokine release and impaired endothelial cell function 
[9]. Smoking is also significantly associated with the risk of diabetic foot, as the daily tissue hypoxia caused by smoking can result in 
vascular and neuropathy in diabetic patients’ extremities [36]. 

Patients with DPN can effectively avoid infection and reduce the incidence of diabetic foot by protecting their skin. However, DPN 
can cause damage to the sensory nerves, resulting in hypoesthesia and diminished temperature sensation, leading to insensitivity to 
external stimuli and skin fragility [37]. When the motor nerve is damaged, toe deformity and changes in gait can occur, resulting in 
abnormal local and plantar pressure loads that cause calluses and ulcers [38]. In addition, DPN-induced impairment of sweat nerve 

Fig. 5. Decision curve analysis (DCA) was exhibited to estimate the clinical usefulness of DPN nomogram prediction model. The x-axis represents 
the threshold probabilities, the y-axis represents the standardized net benefit in DCA curves, and the black dotted line represents DPN nomogram, 
the solid black line represents the condition that all patients have DPN, and the gray line represents the condition that none have DPN. (a) From the 
training group, (b) from the validation group. 
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function can cause atrophy of sweat glands, a weakened perspiration response, and dry skin, resulting in pruritus, chapped skin, and 
foot skin ulcers [39]. According to a study of 142 people with diabetes, impaired sweat secretion may eventually weaken the skin 
barrier and increase the risk of foot ulcers [40]. DPN patients with abnormal sweating function have a 15-fold increased risk of foot 
ulcers [41]. The visual indicator plaster method has a high sensitivity and low negative predictive value for the diagnosis of DPN and is 
simple to perform for the assessment of foot skin dryness [42]. The Sudoscan technology evaluates the degree of neurological 
impairment of sweat glands by detecting changes in chloride ion concentration in the palm and sole sweat to provide a quantitative 
analysis of sweating function [43]. 

Most diabetic patients exhibit oral symptoms, including periodontal disease, tooth loss, dental caries, dry mouth, delayed wound 
healing, and taste dysfunction [44]. It is widely recognized that periodontitis and diabetes interact in both directions [45]. Peri-
odontitis is a chronic, long-lasting inflammation frequently accompanied by gum infection, periodontal redness, bleeding gums, loose 
teeth, tooth sensitivity, and persistent bad breath [46]. Periodontitis causes immune impairment and systemic inflammation, which 
can result in dysregulation of bacterial flora, decreased function of islet cells, insulin resistance, impaired fasting blood glucose, and 
endothelial dysfunction, thus interfering with normal glucose metabolism [47–50]. In patients with diabetes mellitus, the prevalence 
of severe periodontitis increases three-to fourfold, and the severity is associated with inadequate glycemic control [51]. Numerous 
epidemiological studies, clinical intervention studies, and animal experiments have supported the hypothesis that periodontitis may be 

Fig. 6. Tongue features Inside the red dotted box is the purple tongue, the left column is the color of the tongue, including Purple tongue, Crimson 
tongue, Dark red tongue (a); The middle column is the shape of the tongue, including Spotted tongue, Fissured tongue, Teeth marked tongue and 
Enlarged tongue (b); The column on the right is the color and shape of the coat, including Yellow coating, Less coating, Thick coating, Less coating 
(c). (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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an independent risk factor for diabetes mellitus, resulting in a poor diabetes prognosis [52–54]. In the interim, the incidence of 
diabetes in patients with severe periodontitis increased by 53% [52]. In generally healthy individuals, periodontitis can significantly 
increase the risk of developing diabetes, with adverse effects on glycemic control, diabetic complications, and the development of 
TD2M [55]. Periodontal disease and increased missing teeth may be risk factors for developing new-onset diabetes [56]. In adults with 
diabetes mellitus, the likelihood of tooth loss was double that of adults without tooth loss [57]. Therefore, adults with diabetes mellitus 
must be encouraged to maintain good oral hygiene and teeth [58]. 

According to the color, texture, shape, and fur characteristics of the panoramic tongue image, a proposed TCM-based diabetes 
diagnosis method has good classification performance in the early stage of the disease. Therefore, it can be used as a preliminary 
screening procedure for the future early detection of T2DM and its complications [59]. Doctors have traditionally examined these 
tongue characteristics based on years of subjective experience to aid treatment selection and prognosis [60,61]. Studies have corre-
lated a yellow tongue coating with an increased risk of diabetes [62,63]. Through traditional machine learning and deep learning 
algorithms, a standardized, objectified, and quantified tongue image diagnosis method and an automatic tongue diagnosis system have 
been established and developed, with improved prediction accuracy and the ability to increase the consistency of subjective diabetes 
diagnosis [22,64,65]. Some TCM indexes (tongue features and symptoms), such as chest tightness, spontaneous perspiration, a wiry 
pulse, and greasy tongue coating, can also improve the diagnosis of metabolic syndrome, according to Xia et al. who compared three 
classic machine learning methods [66]. Japanese non-smoking men and women with a yellow tongue coating had a higher prevalence 
of diabetes mellitus, according to a previous epidemiological study [62]. Blood stasis is regarded as one of the primary accompanying 
syndromes of DPN in TCM. Li et al. discovered that 89–96% of patients with DPN have blood stasis [67]. Moreover, Morita A. et al. 
Demonstrated an objective evaluation of the relationship between blood stasis and patients with a dark purple tongue [65]. The 
performance of the tongue is essential for detecting blood stasis. A study indicated that patients with T2DM have increased blood stasis 
tongue manifestations, which are correlated with severe arterial stiffness [68]. Meanwhile, this is the first study to identify the purple 

Table 2 
Risk factors for DPN in T2DM patients according to the logistic regression model.   

Features OR Lower Upper P value 

Baseline Data Age 1.440 1.140 1.820 0.002 
BMI 1.221 0.999 1.493 0.052 
Sex 0.558 0.416 0.747 0.000 
Smoke 2.763 2.061 3.705 0.000 

Symptoms of TCM Fatigue 0.974 0.729 1.302 0.860 
Irritable 1.073 0.802 1.436 0.635 
Forgetfulness 0.794 0.366 1.721 0.559 
Insomnia 0.565 0.417 0.766 0.000 
Sweating 0.530 0.362 0.776 0.001 
Loose teeth 1.721 1.277 2.319 0.000 
Dry skin 1.958 1.412 2.716 0.000 
Dry mouth 0.974 0.727 1.305 0.860 
Polydipsia 1.342 0.937 1.924 0.109 
Thirst does not drink much 1.858 0.918 3.764 0.085 
Polyuria 1.539 0.836 2.834 0.166 
Frequency of urine 0.829 0.526 1.307 0.419 

Tongue Features Crimson tongue 1.202 0.827 1.746 0.335 
Purple tongue 2.709 1.827 4.017 0.000 
Dark red tongue 0.115 0.037 0.361 0.000 
Enlarged tongue 0.781 0.469 1.300 0.342 
Spotted tongue 0.966 0.529 1.763 0.910 
Teeth marked tongue 0.798 0.564 1.130 0.204 
Fissured tongue 0.844 0.622 1.145 0.275 
Yellow coating 1.375 1.011 1.869 0.042 
Less coating 1.325 0.790 2.222 0.286 
Thick coating 0.701 0.484 1.016 0.060 
Greasy coating 0.639 0.441 0.925 0.018  

Table 3 
Multivariate logistic analysis of risk factors to DPN.  

Features OR Lower Upper P value 

age 1.575 1.236 2.006 0.000 
smoke 2.815 2.079 3.811 0.000 
insomnia 0.557 0.408 0.761 0.000 
sweating 0.535 0.362 0.791 0.002 
loose teeth 1.713 1.258 2.331 0.001 
dry skin 1.831 1.303 2.574 0.000 
purple tongue 2.278 1.514 3.428 0.000 
dark red tongue 0.139 0.044 0.441 0.001  
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tongue as an independent risk factor positively associated with DPN. 

4.1. Limitations 

First, the populations were recruited from a single center, so whether these results apply to other regions is still being determined. 
Because tongue characteristics vary regionally in DPN, we will evaluate some of these indicators in future research to supplement the 
existing models. Second, we constructed our model based on demographic characteristics. TCM symptoms and tongue features were 
assessed using an anthropometric questionnaire, but other variables such as biochemical parameters were not included in the eval-
uation. Third, despite the lack of evidence, other TCM symptoms and tongue characteristics don’t include as variables in our study may 
be associated with the occurrence and development of DPN risk in T2DM. 

5. Conclusion 

The eight variables about DPN confirmed in his analysis, including age, smoking, insomnia, sweating, loose teeth, dry skin, purple 
tongue, and dark red tongue, have great clinical application value for identifying DPN risk in T2DM, particularly for TCM clinical 
doctors. In addition, it can assist clinical personnel in providing a reference for screening and early diagnosis of DPN by incorporating 
TCM patient symptoms and tongue characteristics into the risk prediction model and calculating the risk score to assess the risk of DPN 
in T2DM patients. 
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Table S1  

Clinical characteristics N (%) T2DM (4430) DPN (293) P value 

Age   0.000 
18～44 256 (5.8) 9 (3.1)  
45～59 1280 (28.9) 66 (22.5)  
60～89 2687 (60.7) 185 (63.1)  
>90 207 (4.7) 33 (11.3)  
BMI   0.023 
<18.5 39 (0.9) 6 (2)  
18.5～24.5 1806 (40.8) 110 (37.5)  
25～28 1990 (44.9) 124 (42.3)  
>28 539 (13.4) 53 (18.1)  
sex   0.000 
male 2028 (45.8) 168 (57.3)  
female 2402 (54.2) 125 (42.7)  
smoke 971 (21.9) 130 (44.4) 0.000 
fatigue 2594 (58.6) 169 (57.7) 0.768 
irritable 1739 (39.3) 113 (38.6) 0.815 
forgetfulness 181 (4.1) 9 (3.1) 0.392 
insomnia 2061 (46.5) 108 (36.9) 0.001 
sweating 1199 (27.1) 45 (15.4) 0.000 
loose teeth 1127 (25.4) 108 (36.9) 0.000 

(continued on next page) 
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Table S1 (continued ) 

Clinical characteristics N (%) T2DM (4430) DPN (293) P value 

dry skin 717 (16.2) 86 (29.4) 0.000 
dry mouth 1820 (41.1) 120 (41) 0.966 
polydipsia 701 (15.8) 54 (18.4) 0.238 
thirst does not drink much 114 (2.6) 12 (4.1) 0.117 
polyuria 162 (3.7) 20 (6.8) 0.006 
frequency of urine 562 (12.7) 34 (11.6) 0.589 
crimson tongue 700 (15.8) 55 (18.8) 0.179 
purple tongue 329 (7.4) 44 (15) 0.000 
Dark red tongue 513 (11.6) 3 (1) 0.000 
enlarged tongue 449 (10.1) 21 (7.2) 0.100 
spotted tongue 285 (6.4) 21 (7.2) 0.621 
teeth marked tongue 1119 (25.3) 62 (21.2) 0.117 
fissured tongue 1658 (37.4) 101 (34.5) 0.311 
yellow coating 1162 (26.2) 103 (35.2) 0.001 
less coating 305 (6.8) 23 (7.8) 0.529 
thick coating 1040 (23.5) 55 (18.8) 0.065 
greasy coating 1149 (25.9) 51 (17.4) 0.001   
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