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ABSTRACT    19 

Background Microalbuminuria is the main characteristic of Diabetic kidney disease (DKD), 20 

but it fluctuates greatly under the influence of blood glucose. Our aim was to establish some 21 

common clinical variables which could be easily collected to predict the risk of DKD in patients 22 

with type 2 diabetes. Methods and results We build an artificial intelligence (AI) model to 23 

quantitively predict the risk of DKD based on the biomedical parameters from 1239 patients. 24 

An information entropy-based feature selection method was applied to screen out the risk 25 

factors of DKD. The dataset was divided with 4/5 into the training set and 1/5 into the test set. 26 

By using the selected risk factors, 5-fold cross-validation is applied to train the prediction model 27 

and it finally got AUC of 0.72 and 0.71 in the training set and test set respectively. In addition, 28 

we provide a method of calculating risk factors’ contribution for individuals to provide 29 

personalized guidance for treatment. We set up web-based application available on 30 

http://www.cuilab.cn/dkd for self-check and early warning. Conclusions We establish a 31 

feasible prediction model for DKD and suggest the degree of risk contribution of each indicator 32 

for each individual, which has certain clinical significance for early intervention and prevention. 33 

Keywords risk prediction model, artificial intelligence, diabetic kidney disease 34 

http://www.cuilab.cn/dkd


BACKGROUND 35 

Diabetic kidney disease (DKD) is one of microvascular complications of type 2 diabetes 36 

mellitus (T2DM) which contains multifactorial and complex pathophysiological mechanism 37 

involve genetics and environment [1]. DKD is a chronic disease mainly shown as proteinuria, 38 

glomerular hypertrophy, decreased glomerular filtration and renal fibrosis with loss of renal 39 

function [2]. It has become the main cause of the end stage renal disease (ESRD) [3]. A previous 40 

study said that up to 40% of patients with diabetes would finally develop DKD. In the developed 41 

countries, kidney disease is mainly caused by diabetes mellitus and with the increment of the 42 

population size of diabetics, the prevalence of diabetic kidney disease may raise [4].  43 

 44 

Many factors contribute to the progression of DKD. For both type 1 diabetes mellitus (T1DM) 45 

and T2DM patients, increased urinary albumin excretion [5–7], inadequate glycemic control 46 

[8–11] and high hemoglobin A1c (HbA1c) levels are the pivotal factors for the progression of 47 

diabetic kidney disease. Also, the rising of blood pressure, obesity and dyslipidemia are another 48 

major factors of causing kidney diseases [9, 10, 12–14]. Many biochemical indicators like low-49 

density lipoprotein cholesterol (LDL-C) and triglyceride (TG) levels are associated with 50 

albuminuria or ESRD [12]. Besides, the duration of diabetes is a factor that cannot be ignored 51 

for developing DKD [10].  52 

 53 

The early diagnosis of DKD depends on the monitoring of microalbuminuria which showed as 54 

urine albumin-to-creatinine ratio (UACR) and the estimation of glomerular filtration rate 55 

(eGFR) for 5 years or longer in diabetic patients [15]. In clinical, repeated elevation of 56 



microalbuminuria over a period of time is the diagnostic criterion for DKD [16]. However, 57 

microalbuminuria is often easily affected by blood glucose fluctuations, physical activity, 58 

medication and other factors [17]. Therefore, we need to measure UACR repeatedly to confirm 59 

the diagnosis. Hence, many studies focus on detecting genes, proteins and even clinical indexes 60 

as novel indicators which may diagnosing or screening for DKD and applied statistical analysis 61 

on them [16, 18, 19]. 62 

 63 

Current studies about the risk prediction model of DKD were not completely consistent. The 64 

studies on risk factors of DKD involve genetics to clinical practice among different races, and 65 

also the sample size ranging from hundred to thousand [20–23]. The exploration of a risk 66 

predictive model suitable for individuals with type 2 diabetes and matched to local medical 67 

conditions enables early detection and identification of potential DKD patients. In our study, 68 

we aimed to investigate the risk of DKD in Han Chinese population with T2DM by using 69 

commonly used clinical indicators, and we want to establish the risk prediction model of DKD 70 

among T2DM patients.  71 

 72 

Hence, we proposed a feature selection model and a predictive model for DKD using an 73 

artificial intelligence method called random forest (RF) based on trivial biomarkers in the 74 

dataset of Luhe hospital to build an early, quick and convenient risk prediction model for 75 

patients with T2DM. Also, a risk contribution model is also built to show the risk contribution 76 

of each feature for individuals. As a result, 7 features are selected which are considered as a 77 

risk factor of DKD and the predictive model based on these 7 features achieves the AUC of 78 



0.72 on training set and 0.71 on test set. With this model, we were able to detect potentially 79 

elevated urinary microalbumin in the local community at a larger scale, which is a high-risk 80 

group for DKD.  81 

 82 

Methods 83 

Study subjects 84 

The study was approved by the competent Institutional Review Boards of both Beijing Luhe 85 

hospital. In our study, all the procedures followed the tenets of the Helsinki Declaration for 86 

investigation of human subjects.  87 

 88 

Datasets 89 

1378 patients were collected from Inpatient Department of Endocrinology in Beijing Luhe 90 

hospital from February 2017 to April 2019, and finally 1239 subjects were enrolled after full 91 

informed consent. In our research, exclusion criteria included any history or active treatment of 92 

cancer, immune disease, pregnancy or lactation period, also those subjects whom suffered from 93 

cognitive inability as judged by the interviewer or had any serious medical condition which 94 

would make a barrier for participation were also excluded. We obtained clinical data from 95 

patient interview. History of smoking, alcohol-taking, medical treatment, history and duration 96 

of hypertension and T2DM, hyperlipemia were collected. And we conducted physical 97 

examination for height, weight, body mass index (BMI), waistline, hipline, waist/hip ratio 98 

(W/H). Data is loaded and preprocessed by using Pandas [24] which is a package in Python 3.7. 99 

The missed value and obvious error data are replaced with the average value. The dataset is 100 



divided into training set and test set according to 4:1 and 5-fold cross-validation is applied to 101 

the training set in order to build a more robust model.  102 

 103 

Diagnostic criteria 104 

Diagnostic criteria of T2DM in line with guidelines for the prevention and treatment of type 2 105 

diabetes in China [25]. Hypertension was diagnosed as at least twice blood pressure greater 106 

than or equal to 140 mmHg in systolic or 90 mmHg in diastolic or use of antihypertensive drugs. 107 

Diagnosis and classification of DKD were based on the ratio of UACR. Random urine 108 

measurement of UACR is recommended from the guidelines. We graded DKD according to the 109 

following diagnostic criteria and finally received 3 groups: 1) non DKD group: random urine 110 

UACR < 30 mg/g; 2) DKD group：including 30 ≤ UACR < 300 mg/g which is defined as 111 

microalbuminuria phage, and UACR ≥ 300mg/g which is defined as macroalbuminuria phage. 112 

 113 

Biochemical measurement 114 

All the subjects were required to suffering overnight fasting before blood samples collection. 115 

White blood cell count, red blood cells, platelets, TG, total cholesterol (TC), LDL-C, high-116 

density lipoprotein cholesterol (HDL-C), fasting blood glucose (FBG), HbA1c, serum 117 

creatinine (SCr), uric acid (UA), thyroid Stimulating Hormone (TSH), free triiodomethylamine 118 

(FT3), free tetraiodothylamine (FT4) were obtained the results through central laboratory 119 

unified testing. Insulin and C-peptide levels of 0, 1, 2, 3 hours when patients went through Oral 120 

Glucose Tolerance Test (OGTT) were valued by biochemical test in endocrine laboratory. The 121 

testing of UACR was performed by the electrochemical luminescence via random urine 122 



collection.  123 

 124 

Information Entropy-Based Feature Selection Method 125 

Information entropy is a concept in information theory which can quantitatively define the 126 

information a series of data have and the information entropy score can be used in the feature 127 

selection. That is, the feature with higher entropy score contains more information on correctly 128 

classifying the samples. Here, we use Gini impurity function which is a variant of information 129 

entropy function and serves the same propose of evaluating the information contained in the 130 

data. The information entropy-based feature selection model is implemented by using random 131 

forest model with 200 decision trees by using sci-kit-learn 0.22 which is a package in Python 132 

3.7. 133 

 134 

Random Forest Prediction Method 135 

Random forest model is a decision tree bagging ensemble model. It uses the information 136 

entropy of the data set to classify different samples. Here, we set up the model using sci-kit-137 

learn 0.22 in Python 3.7. By using grid search strategy for hyperparameters, the information 138 

entropy function is set to Gini impurity function and set the tree number to 200 which reach the 139 

balance of accuracy and efficiency. The Gini impurity function of a decision tree node with 140 

dataset 𝐷 is defined as  141 

𝐺𝑖𝑛𝑖(𝐷) = 1 −∑𝑝𝑖2𝐶
𝑖=1  142 

where 𝑝𝑖 is the probability of belonging to class 𝑖 in dataset 𝐷 and 𝐶 is the total number 143 

of classes. The dataset 𝐷 will be divided into 2 sets on a tree node based on the criterion 𝐴 =144 



𝑎 which is the minimal Gini gain point defined as 145 

𝐺𝑎𝑖𝑛(𝐷, 𝑎) = |𝐷1||𝐷| 𝐺𝑖𝑛𝑖(𝐷1) + |𝐷2||𝐷| 𝐺𝑖𝑛𝑖(𝐷2) 146 𝐴 = argmin𝑎  𝐺𝑎𝑖𝑛(𝐷, 𝑎) 147 

where 𝐷𝑖  is the subsets after applying division 𝐴 = 𝑎  (𝐷1 = {𝑑 ∈ 𝐷|𝑑 ≤ 𝑎}, 𝐷2 = {𝑑 ∈148 

𝐷|𝑑 > 𝑎}). And 2 subsets 𝐷1 and 𝐷2 will do the same procedure recursively. The selected 149 

data set from the feature selection method is applied to this model to build a more precise and 150 

robust model.  151 

 152 

Risk Contribution Model 153 

We also performed a risk feature contribution method for individuals to clearly specified the 154 

contribution to the diabetic kidney disease of each feature. Each contribution is calculated using 155 

the equations below 156 

 𝐹𝑖𝑘 = [𝑓0𝑘 ,  𝑓1𝑘 ,   … , 𝑓𝑖−1𝑘 ,  0,  𝑓𝑖+1𝑘 ,   … ,  𝑓𝑚−1𝑘 ] 157 

𝐶𝑖 = 𝑅𝐹(𝐹𝑘) − 𝑅𝐹(𝐹𝑖𝑘)  158 

where 𝑓𝑖𝑘 is the value of 𝑖𝑡ℎ feature for 𝑘𝑡ℎ sample and 𝑚 is the total number of selected 159 

features. Hence, 𝐹𝑖𝑘 is the feature vector where the 𝑖𝑡ℎ feature is zero and 𝐹𝑘 is the original 160 

feature vector. 𝑅𝐹 represents the random forest prediction method. Note that the contribution 161 

of each feature can be negative which is to say that this feature makes a positive effect in 162 

diagnosis. 163 

 164 

Web Servers for The Predictive Model 165 

In order to provide the diagnosis system to all around the world, we set up a web server which 166 



can make diagnosis model online in http://www.cuilab.cn/dkd. This web application can not 167 

only provide a probability of having DKD but also contributions of each risk factor. The web 168 

server is using Django 4 for back-end and Bootstrap 4, HTML5 for front-end. 169 

 170 

Results 171 

Demographic characteristics 172 

All the features of the whole population in the dataset are illustrate in Table 1. T-test is applied 173 

to normal distributed features (shown as items contains ± in Table 1 representing 95% CI) and 174 

Wilcoxon/Kruskal-Wallis rank sum test is applied to non-normal distributed features (shown as 175 

mean (first quartile, third quartile) in Table 1). There were no differences in gender, smoking 176 

history, and drinking history among the study population. In contrast, there were significant 177 

differences in the course of diabetes or hypertension, waist/hip rate, T3, FT3, ESR, insulin 0h, 178 

c-peptide 0h, 2h and 3h points (p<0.05). 179 

 180 

Table 1. A general description of the dataset in different features and different groups. 181 

  non DKD  DKD 

number of subjects (%) 761(61.42) 478(38.58) 

Male 389 (51.12) 237(49.58) 

History of cigarette smoking 288 (37.84) 194 (40.58) 

History of alcohol consumption 245 (32.19) 148 (30.96) 

   

Mean (SD/95%CI) of characteristic 
 

http://www.cuilab.cn/dkd


Age, years 54.50±13.63 59.7±10.75* 

Hypertension, years 4.89 (4.36, 5.44) 8.81 (7.82, 9.79)* 

Diabetes, years 7.13 (6.62, 7.64) 9.21 (8.43, 9.99)* 

Systolic pressure, mmHg 128.12±41.94 132.87±20.18* 

Diastolic pressure, mmHg 76.66±27.92 76.68±12.66 

Body mass index, Kg/m2 26.05±3.86 26.44±3.58 

Waist/Hip rate  0.94±0.06 0.95±0.06* 

   

Biochemical data 
  

HbA1c, % 9.56±2.25 9.91±2.23 

SCr, umol/L 64.22 (62.84, 65.60) 71.86 (68.90, 74.82)* 

TG, mmol/L 1.91 (1.76, 2.06) 2.08 (1.85, 2.31)* 

TC, mmol/L 4.53±1.10 4.60±1.38 

LDL, mmol/L 2.89±0.80 2.91±1.00 

HDL, mmol/L 1.08±0.26 1.07±0.28 

TSH, uiU/mL 2.37 (2.16, 2.59) 3.77 (1.94, 2.64) 

T3, ng/mL 0.96±0.21 0.91±0.22* 

T4, ug/dL 6.69±1.33 6.69±1.37 

FT3, pg/mL 2.80±0.59 2.62±0.49* 

FT4, ng/dL 1.27±0.27 1.29±0.37 

ESR, mm/h 12.71 (11.63, 13.79) 19.47 (17.29, 21.64)* 

FBG, mmol/L 8.81 (8.48, 9.14)  9.01 (8.68, 9.52) 

   



indexes of insulin secretion 
  

insulin 0h (unit/mL) 22.42 (16.35, 28.49) 20.56 (14.63, 26.49)* 

insulin 1h (unit/mL) 63.62 (54.57, 72.67) 79.32 (54.13, 69.45) 

insulin 2h (unit/mL) 71.31 (63.50, 79.11) 87.09 (59.32, 76.11) 

insulin 3h (unit/mL) 60.49 (52.73, 68.26) 55.98 (47.94, 64.01) 

c-peptide 0h (ng/mL) 1.57 (1.50, 1.63) 1.73 (1.62, 1.83)* 

c-peptide 1h (ng/mL) 2.75 (2.74, 3.01) 2.66 (2.50, 2.83) 

c-peptide 2h (ng/mL) 4.34 (4.14, 4.56) 3.90 (3.63, 4.17)* 

c-peptide 3h (ng/mL) 4.42 (4.21, 4.63) 4.94 (3.85, 4.81)* 

Table legend HbA1c, Hemoglobin A1c. SCr, serum creatinine. TG, serum triglyceride. TC, 182 

total cholesterol. LDL, low-density lipoprotein. HDL, high-density lipoprotein. TSH, 183 

thyroid stimulating hormone. T3, triiodothyronine. T4, tetraiodothyronine. FT3, free 184 

triiodomethylamine. FT4, free tetraiodothylamine. ESR, erythrocyte sedimentation rate. FBG, 185 

fasting blood glucose. *, p < 0.05. 186 

  187 

Selected Features  188 

To make the prediction easier to use with fewer indexes and avoid the noise in the dataset, the 189 

information entropy-based feature selection model is applied to the whole dataset. By using the 190 

random forest model, the importance score can be extracted from the model’s parameters as 191 

shown in Figure 1a. In order to get a better tradeoff between model’s complexity and accuracy 192 

for diagnosing, we tested the first few characteristic variables for the model test and we found 193 

that the testing AUC peaks when the model trained with top 7 features. Hence, we selected the 194 



top 7 features, which are Erythrocyte sedimentation rate (ESR), Creatinine, Systolic blood 195 

pressure (SBP), Age, Course of hypertension, FT3 and T3. Each of them can explain over 2.7% 196 

of the total information. That is, these features are the main character of effecting DKD and 197 

other feature may contain more noise or have less impact by DKD.  198 

 199 

Predictive Model and Evaluations 200 

Having compared the performance of multilayer perceptron, logistic regression, support vector 201 

machine, random forest and etc. A RF model is selected and retrained by using the selected 202 

features which are selected by the feature selection model described in previous to build a more 203 

robust and precise forecast classifier. And the random forest model got AUC of 0.72 on 204 

validation sets on average and 0.71 on test sets with a little drop compared with the full feature 205 

model which got AUC of 0.73 on validation sets shown in Figure 2. 206 

 207 

Here, a typical contingency table for metrics is defined as usual to measure the classification 208 

model. True positives (TP) and true negatives (TN) are correctly classified DKD and normal, 209 

respectively; false negative (FN) denotes DKD that are misclassified as non-DKD; the samples 210 

which are normal incorrectly classified as DKD are defined as false positives (FP). And then 211 

several standard performance metrics are applied to describe as following the model 212 

performance based the metrics before including accuracy (ACC), true positive rate (TPR) also 213 

known as recall rate, false positive rate (FPR), precision rate and F1 score, defined in following 214 

equations. 215 

𝐴𝐶𝐶 = (𝑇𝑃 + 𝑇𝑁)(𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁) 216 



𝑇𝑃𝑅 = 𝑇𝑃(𝑇𝑃 + 𝐹𝑁) = 𝑅𝑒𝑐𝑎𝑙𝑙 217 

𝐹𝑃𝑅 = 𝐹𝑃(𝑇𝑁 + 𝐹𝑃) 218 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃𝑇𝑃 + 𝐹𝑃 219 

𝐹1 = 2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙  220 

By using these metrics, the score of prediction model with different thresholds is listed in Table 221 

2.  222 

 223 

Table 2. All kinds of scores of the prediction model with different thresholds 224 

 THS TPR FPR ACC PREC F1 

Test set 

0.665 0.2135 0.0377 0.6855 0.7391 0.3036 

0.455 0.5169 0.1887 0.7016 0.6027 0.5432 

0.26 0.809 0.6038 0.5403 0.4251 0.5547 

Table legend. THS, thresholds. TPR, true positive rate. FPR, false positive rate. ACC, accuracy. 225 

PREC, precision rate. 226 

 227 

Risk Contribution 228 

Risk contributions is applied based on the predictive model. It can easily analysis the risk 229 

contribution of one specific feature. Here, suppose a T2DM patient with ESR of 95 mm/h, 230 

creatinine of 237 umol/L, SBP of 145 mmHg, age of 58, course of hypertension of 5 years, TF3 231 

of 1.66 pg/ml, T3 of 0.5 ng/ml from annual body check. These individuals will be predicted to 232 

be high risk of having DKD with probability of 97% and the model give a calculation of risk 233 

contribution scores of each feature as follows: ESR: 0.045, Creatinine: 0.05, Systolic blood 234 



pressure: 0.0, Age: -0.005, Course of hypertension: 0.0, TF3: 0.095, T3: 0.07. As a result, all 235 

the results will be illustrated on the web server both in text and figures (Figure 3) 236 

 237 

Web Availability  238 

The home page of the web server is shown in Figure S1. Users can input the value of listed 239 

features and click “Run” to begin the calculation. The result will be shown in a new page as 240 

illustrated in Figure 3. An example is given when clicking the “Example” button in the home 241 

page. 242 

 243 

Discussion 244 

In this paper, we come up with an idea of building an easy-to-use prediction model by using 245 

random forest for diabetics to predict the risk of diabetic kidney disease. The model identified 246 

a population with a potentially elevated risk for DKD, which is also means as the risk of the 247 

individual for developing DKD. We screened out 7 clinical indicators, which are ESR, 248 

Creatinine, SBP, age, course of hypertension, FT3 and T3, using information entropy function-249 

based feature selection method. As a result, 7 features were considered as risk factors of DKD 250 

and the prediction model based on these 7 features reaches the AUC of 0.72 in the training set 251 

and 0.71 in test set. Risk contribution of each person can be calculated via using the proportion 252 

model and it is useful in self-check and clinical diagnosis. Finally, this model is saved and 253 

opened to the public on the web. 254 

 255 

Considering the clinical feasibility, all the included study indexes were clinical indicators. 1239 256 



subjects in our study were T2DM patients with steadily followed up from out-patients. We 257 

selected top 7 features putting into the prediction model via the importance score measured by 258 

random forest model. Some of those factors were consistent with the previously studies and 259 

were essential to DKD, such as creatinine, SBP and age [23, 26]. And, several models in some 260 

research that predict kidney disease in diabetic patients were based on these risk factors. Chang 261 

[27] identified 9 factors involving age, BMI, SBP, HDL, HbA1c, DR, UACR, eGFR and TG as 262 

risk factors by using meta-analysis on cohort studies and establish prediction model for early 263 

DKD. Another research showed that triglyceride glucose (TyG) index could predict DKD in 264 

T2DM [28]. In Lin’ study, clinical risk factors of DKD contained age, UACR, eGFR, HbA1c, 265 

insulin, sensory neuropathy, angiotensin converting enzyme inhibitor (ACEIs) or angiotensin 266 

receptor blockers (ARBs), CHD, retinopathy, TG, and LDL were combined with genetic 267 

variants [29]. Also, age, history of smoking and TG were deemed as the most convincing 268 

indicators of DKD in a meta-analysis [30, 31]. In our model, creatinine, SBP and age were 269 

consistent with existing research, while course of hypertension, ESR, T3 and FT3 were selected 270 

as one of indicators which formed a novel model for DKD.  271 

 272 

In our model, ESR, creatinine, SBP and age were the top four strongest baseline risk factors. In 273 

our results, ESR showed an increasing trend with the increase of urinary microalbumin. ESR is 274 

an indicator of immune inflammation, which is increased in infection and immune diseases, etc. 275 

[32]. In kidney disease, the increase of ESR is associated with the active stage of 276 

glomerulonephritis or interstitial kidney disease [33]. A previous study showed that ESR and 277 

creatinine level are closely related to clinicopathological features of the disease in patients with 278 



renal injury caused by anti-neutrophil cytoplasmic antibodies (ANCA)-associated vasculitis 279 

[34]. Creatinine was considered as an effective predictor of DKD in our research. Here we 280 

suggest that creatinine is a more representative predictor of current renal function than eGFR 281 

at a given point in time. Generally, a reduction in eGFR will increase the risk of DKD [35, 36]. 282 

However, eGFR has not been observed to improve predictive performance in our model. We 283 

consider that it may be related to the characteristics of eGFR. It has been reported that the rate 284 

of decline of eGFR at a certain time point is more significant than the static value for the 285 

predictive value of renal disease [37]. But we still need more evidence to prove this point. 286 

Besides, Systolic blood pressure is associated with renal function decline [38]. An observation 287 

study including 27732 subjects shown that decreased SBP is associated with elevated risk of 288 

all-cause mortality in patients with T2DM and renal impairment [39]. 289 

 290 

It has been widely confirmed that hypertension and hyperglycemia are the main risk factors for 291 

DKD [40]. Our study also confirmed the influence of the course of hypertension on DKD. In 292 

addition, we still cannot deny the influence of blood glucose on DKD objectively. But in our 293 

results, there were no indicators related to blood glucose, because we included outpatient 294 

patients with long-term follow-up and stable blood glucose control. Therefore, the effects of 295 

blood glucose fluctuation and hyperglycemia on DKD were reduced in our model.  296 

 297 

What is more interesting and innovative is that, unlike other models, T3 and FT3 were included 298 

in the prediction model as predictors for the first time. In terms of importance score, the 299 

contribution of T3 or FT3 was even higher than that of CRP or course of diabetes, suggesting 300 



that thyroid functional status may affect the pathology or function of diabetic kidney disease. 301 

K Mann confirmed that T3 reflects renal graft function after renal transplantation  [41, 42]. It 302 

has also been reported that in elderly patients with chronic kidney disease (CKD), patients with 303 

low FT4 and FT3 levels have worse renal function, and correcting low thyroid function can 304 

reduce creatinine levels [43, 44].  305 

 306 

Our prediction model is mainly used to evaluate the risk of DKD in patients with T2DM in the 307 

future. The model does not need to go through complicated calculation, and selects simple 308 

common clinical indicators, which enhances the feasibility of clinical or community screening 309 

for diabetic kidney disease. In addition, existing models are mostly used to evaluate DKD at a 310 

later stage, such as the occurrence of chronic kidney disease or end-stage renal disease, while 311 

our model is to predict the increased risk of early stage of DKD with or without decreased renal 312 

function for type 2 diabetes. Thus, it contributed to the early detection and prevention of DKD. 313 

According to the model, we distinguished high-risk patients by the method of AI. Considering 314 

that a timely misjudgment as high risk would not cause harm to patients, we selected 50% as 315 

the threshold. In addition, the abnormal indicators of the prediction model also suggest the 316 

corresponding risk factors, which can be prevented by intervention indicators. Finally, this 317 

model is saved and opened to the public on the web. 318 

 319 

In our research, there still have some improvements in future work. Our study is limited to 320 

recruitment in dozens of local communities, which may be applicable to local communities. A 321 

larger sample size and the participation of more communities are needed to make our model 322 



more practical. Also, more patients need to be recruited for both training and test set to improve 323 

our study.  324 

 325 

Conclusion   326 

Our model is one of the practical models for predicting DKD and it can be used in both self-327 

checking and community mass epidemiological surveys. And it just requires common clinical 328 

parameters which are easy to get from annual body examination. Through predictive models, 329 

we can also get the degree of risk contribution of each feature for individuals. And 330 

individualized early intervention and prevention of these indicators are of more clinical 331 

significance. 332 
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Figure 1. Feature importance score of top 10 features extracted from information entropy-506 

based feature selection model.  507 

Figure 2. The prediction model efficiency comparison between the models built from a) 508 

the whole dataset and b) the feature selected dataset. 509 

Figure 3. A case study result plot. (a) The predicted DKD risk (red bar) or non-DKD risk 510 

(green bar). (b) The predicted feature risk contributions for the input individual. 511 
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The prediction model e�ciency comparison between the models built from a) the whole dataset and b)
the feature selected dataset.



Figure 3

A case study result plot. (a) The predicted DKD risk (red bar) or non-DKD risk (green bar). (b) The
predicted feature risk contributions for the input individual.
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