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Background: The influencing factors of diabetic kidney disease (DKD) in Chinese patients with type 2 diabetes mellitus (T2DM) 
were explored to develop and validate a DKD diagnostic tool based on nomogram approach for patients with T2DM.
Methods: A total of 2,163 in-hospital patients with diabetes diagnosed from March 2015 to March 2017 were enrolled. Specified 
logistic regression models were used to screen the factors and establish four different diagnostic tools based on nomogram ac-
cording to the final included variables. Discrimination and calibration were used to assess the performance of screening tools.
Results: Among the 2,163 participants with diabetes (1,227 men and 949 women), 313 patients (194 men and 120 women) were 
diagnosed with DKD. Four different screening equations (full model, laboratory-based model 1 [LBM1], laboratory-based model 
2 [LBM2], and simplified model) showed good discriminations and calibrations. The C-indexes were 0.8450 (95% confidence in-
terval [CI], 0.8202 to 0.8690) for full model, 0.8149 (95% CI, 0.7892 to 0.8405) for LBM1, 0.8171 (95% CI, 0.7912 to 0.8430) for 
LBM2, and 0.8083 (95% CI, 0.7824 to 0.8342) for simplified model. According to Hosmer-Lemeshow goodness-of-fit test, good 
agreement between the predicted and observed DKD events in patients with diabetes was observed for full model (χ2=3.2756, 
P=0.9159), LBM1 (χ2=7.749, P=0.4584), LBM2 (χ2=10.023, P=0.2634), and simplified model (χ2=12.294, P=0.1387).
Conclusion: LBM1, LBM2, and simplified model exhibited excellent predictive performance and availability and could be rec-
ommended for screening DKD cases among Chinese patients with diabetes.
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INTRODUCTION

Diabetic kidney disease (DKD) is one of the most major mi-
crovascular and long-standing complications of diabetes melli-
tus and remains a leading global public health burden causing 
more than 40% of end-stage renal disease and requiring dialy-
sis or renal transplantation [1,2]. Preventing the risk and dis-

ease burden of DKD is positively associated with diabetes du-
ration. However, diabetes has become an important public 
health problem with increasing number of cases at more than 
420 million worldwide since 2014 according to the World 
Health Organization [3]. In addition, the global morbidity of 
diabetes has been increasing over the past four decades, espe-
cially in developing countries, such as China [4-6], the most 
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populous country in the world. Approximately 50% of patients 
with diabetes living in rural areas have low awareness, treat-
ment, and control rates due to the large gap of medical and 
health facilities between the distinct dual structure of urban 
and rural areas [4]. Given the relatively limited medical and 
health facilities in Chinese rural areas, treating and controlling 
diabetes in an early stage are difficult, thus leading to a high 
potential risk of DKD. Early DKD diagnosis is still a health 
problem in China, and screening and identifying high risk in-
dividuals and cases are urgently needed to improve the prima-
ry prevention of DKD. A simple and easy-to-use screening 
equation that can be applied throughout China is necessary for 
the efficient early diagnosis and primary prevention strategies 
of DKD to decrease the prevalence and burden of this disease. 

Early diagnosis and prevention of DKD are important due to 
the hidden early onset of this disease. To date, convenient and 
intuitive assessment tools to screen and diagnose DKD risk in 
patients with diabetes are lacking.

Novel approaches for disease screening, diagnosis, progno-
sis, and prediction have been consistently explored. As a picto-
rial representation of a complex mathematical formula and us-
able visual equation, nomogram has been widely utilized in 
prognosis and screening [7], especially in assessing the risk of 
chronic metabolic diseases. With its ability to generate an indi-
vidual probability of a clinical event by integrating diverse 
prognostic and determinant variables, this tool meets the re-
quirements for biologically and clinically integrated models 
and paves the way for personalized medicine [8]. A DKD 
screening nomogram equation in Chinese patients with diabe-
tes mellitus is an ideal and cost-effective approach for rational 
decision-making regarding primary preventive strategy and 
clinic practice to diagnose and treat cases. This study aims to 
establish a simple and usable DKD screening nomogram tool 
and to assess the performance of a new equation for DKD di-
agnosis in Chinese patients with diabetes mellitus.

METHODS

Study design and participants
This cross-sectional study was conducted in Henan Province, 
China. All patients were recruited from the inpatient clinic of 
the First Affiliated Hospital of Zhengzhou University. Demo-
graphic and clinical data were collected using electronic health 
record including a standardized questionnaire and medical ex-
aminations. Given that type 2 diabetes mellitus (T2DM) is the 

main type of diabetes mellitus in China, the selected partici-
pants were patients with T2DM without major disability, se-
vere infectious diseases, cancer, severe psychiatric disturbance, 
non-DKD, pregnancy, or glucocorticoid treatment. A total of 
2,197 in-hospital patients with diabetes diagnosed from March 
2015 to March 2017 were enrolled. After 24 patients aged <18 
years and 12 individuals with missing data were excluded, 
2,163 patients were finally included.

This study was approved by the Medical Ethics Committee of 
the First Affiliated Hospital of Zhengzhou University (NO. 
2019-KY-015). All participants signed an informed consent 
form.

Data collection and laboratory measurements
Demographic characteristics, family and individual disease his-
tory, and lifestyle were obtained by using a questionnaire. An-
thropometric data such as height, weight, systolic blood pres-
sure (SBP) and diastolic blood pressure (DBP) were also includ-
ed. Blood pressure was measured three times by a mercury 
sphygmomanometer in the sitting position according to the 
American Heart Association’s standardized protocol [9], and 
the mean of three measurements was used for analysis. Blood 
specimens were collected to measure lipid profile and fasting 
plasma glucose (FPG) following overnight fasting. Drinking 
was defined as drinking at least once a month on average. Hy-
pertension was defined as SBP ≥140 mm Hg and/or DBP ≥90 
mm Hg and/or diagnosed by a physician and currently receiv-
ing anti-hypertension treatment according to 2010 Chinese 
guidelines for the management of hypertension [10]. T2DM 
status was defined as having an FPG ≥7.0 mmol/L and/or diag-
nosed by a physician [11]. According to the criteria of the Na-
tional Kidney Foundation Kidney Disease Outcomes Quality 
Initiative (NKF-KDOQI) (2007), DKD was diagnosed as esti-
mated glomerular filtration rate (eGFR) <60 mL/min/1.73 m2 
and/or urine albumin-to-creatinine ratio (UACR) >30 mg/g for 
≥3 months caused by diabetes [12]. eGFR was assessed by the 
Chronic Kidney Disease Epidemiology Collaboration (CKD-
EPI) equation, and UACR was measured by random spot urine 
for three times with at least two positive results out of three 
tests.

Prediction model selection and development
Nomogram approaches have better applications and more ad-
vantages in the interpretation of complex mathematical mod-
els compared with traditional statistical presentation [7,8,13]. 
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Thus, nomogram based on logistic regression model was se-
lected to establish and develop the optimal DKD screening 
equation for Chinese patients with T2DM. Candidate predic-
tors were evaluated and selected through univariate analysis. 
The nomogram was derived and validated using hospital-
based data through the following four steps: nomogram deri-
vation—creation of the nomogram screening equation, nomo-
gram validation—validation of the nomogram screening equa-
tion, final nomogram generation—combination of validation 
and derivation to estimate the final application of the nomo-
gram screening equation, and derivation of the application no-
mogram—creation of a parsimonious model (fewer predic-
tors) that maintains the discriminative ability, calibration, and 
overall model performance.

Logistic regression analysis was used to screen the factors, 
determine the final variables included in the diagnostic tool 
based on the nomogram, and evaluate the accuracy, discrimi-
nation, and validation of the model in derivation data. A 10-
fold cross-validation technique was also utilized to improve 
the stability and accuracy of the models [14-16].

Statistical analysis
Model establishment and evaluation followed the Transparent 
Reporting of a multivariable prediction model for Individual 
Prognosis Or Diagnosis (TRIPOD) statement [17], Harrell’s 
Regression Modeling Strategies [15], and Steyerberg’s guide-
lines for clinical prediction models [18]. Continuous data were 
reported as mean±standard deviation for normal distribution 
or median (interquartile range) for non-normal distribution, 
and categorical variables were described by count and percent-
ages. Model performance including validity and predictive ac-
curacy was assessed through discrimination (ability to correct-
ly distinguish two classes of outcomes) and calibration (agree-
ment between observed and predicted DKD cases). Discrimi-
nation was evaluated by calculating the C-index called area un-
der the receiver operating characteristic (ROC) curve (AUC) 
[15,19-21]. Calibration was assessed by calibration curve and 
Hosmer-Lemeshow goodness-of-fit test [19-21] to determine 
how closely the predicted probabilities numerically agree with 
the actual outcomes. The performance of the screening equa-
tion was evaluated by 10-fold cross-validation technique [14-
16]. Statistical analysis was conducted in R software version 
3.5.0 (https://www.R-project.org). A two-tailed P value <0.05 
was considered significant.

RESULTS

Participant characteristics
The demographic and clinical characteristics of participants 
are presented in Table 1, Supplementary Table 1. Among the 
2,163 participants (1,227 men and 949 women), 313 patients 
with T2DM (194 men and 120 women) were diagnosed as 
DKD by physicians.

Gender property was studied for the T2DM patients with 
and without DKD. The patients with DKD had older age, lon-
ger diabetes duration, higher body mass index, DBP, SBP, FPG, 
glycosylated hemoglobin (HbA1c), fasting plasma C-peptide, 
total cholesterol (TC), low density lipoprotein cholesterol 
(LDL-C), uric acid (UA), creatinine, and higher prevalence of 
hypertension, diabetic retinopathy (DR), and diabetic foot 
than those without DKD. By contrast, the participants with 
DKD had lower eGFR than those without DKD. With regard 
to gender, females have older age, higher LDL-C, high density 
lipoprotein cholesterol, and TC than males, who in turn have 
higher fasting plasma C-peptide, DBP, SBP, triglyceride, creati-
nine, UA, smoking rates, drinking rates, and prevalence of cor-
onary heart disease (CHD) and DKD. Results of the univariate 
analysis of logistic regression model are presented in Supple-
mentary Table 2.

Development of predictive models
All candidate predictors (except eGFR and UACR which are 
key indicators for DKD clinical diagnosis) were considered in 
assessing the full model. The logistic regression model was es-
tablished in the full model and included drinking status, hy-
pertension, diabetes duration, CHD history, SBP, TC, fasting 
plasma C-peptide, UA, and DR (Table 2). The full model indi-
cated good internal consistency as verified by 10-fold cross-
validation (Supplementary Table 3).

With the exclusion of the predictor of DR, two laboratory-
based models (LBMs) were developed based on the full model. 
The laboratory-based model 1 (LBM1) included gender, SBP, 
TC, drinking, hypertension, CHD, and diabetes duration (Ta-
ble 2), and the laboratory-based model 2 (LBM2) included the 
above parameters with the addition of HbA1c. These models 
showed good internal consistency as confirmed by 10-fold 
cross-validation (Supplementary Table 3).

With the exclusion of blood measured predictors such as TC 
and HbA1c, a simplified model with non-laboratory predic-
tors was established to provide a common and available meth-
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Table 1. Characteristics of participants with T2DM

Characteristic T2DM without DKD (n=1,850) T2DM with DKD (n=313) P value
Age, yr 51.90±14.14 57.27±11.93 <0.001
Gender 0.049

Men 1,033 (55.8) 194 (62.0)
Women 817 (44.2) 119 (38.0)

Smoking 0.999
Yes 474 (25.6) 80 (25.6)
No 1,376 (74.4) 233 (74.4)

Drinking 0.075
Yes 443 (23.9) 60 (19.2)
No 1,407 (76.1) 253 (80.8)

Hypertension <0.001
Yes 709 (38.3) 227 (72.5)
No 1,141 (61.7) 86 (27.5)

CHD 0.859
Yes 402 (21.7) 70 (22.4)
No 1,448 (78.3) 243 (77.6)

DR <0.001
Yes 328 (17.7) 119 (38.0)
No 1,522 (82.3) 194 (62.0)

Diabetic foot <0.001
Yes 18 (1.0) 15 (4.8)
No 1,832 (99.0) 298 (95.2)

Diabetic family history 0.532
Yes 701 (37.9) 125 (39.9)
No 1,149 (62.1) 188 (60.1)

DD, yr 6.15±6.38 12.13±7.79 <0.001
BMI, kg/m2 25.69±3.79 26.24±4.05 0.019
DBP, mm Hg 82.09±10.97 83.86±12.35 0.010
SBP, mm Hg 131.68±16.64 146.40±22.24 <0.001
FPG, mmol/L 8.06±2.57 8.39±3.38 0.040
HbA1c, % 8.40±1.97 7.92±1.91 <0.001
FINS, mmol/L 7.50 (5.20–11.78) 7.30 (4.92–12.50) 0.538
FCP, ng/mL 1.69±1.10 2.48±2.43 <0.001
Creatinine, μmol/L 66.66±37.66 255.96±241.47 <0.001
HDL-C, mmol/L 1.09±0.32 1.11±0.38 0.355
LDL-C, mmol/L 2.65±0.91 2.88±1.36 <0.001
TC, mmol/L 4.29±1.07 4.64±1.83 <0.001
TG, mmol/L 1.91±1.65 2.03±1.72 0.236
Uric acid, μmol/L 272.67±89.44 323.81±114.23 <0.001
uALB, mg/day 14.00 (9.16–23.80) 98.40 (23.16–2,416.00) <0.001
eGFR, % 102.60±20.60 54.09±42.25 <0.001

Values are presented as mean±standard deviation, number (%), or median (interquartile range).
T2DM, type 2 diabetes mellitus; DKD, diabetic kidney disease; CHD, coronary heart disease; DR, diabetic retinopathy; DD, diabetes duration; 
BMI, body mass index; DBP, diastolic blood pressure; SBP, systolic blood pressure; FPG, fasting plasma glucose; HbA1c, glycosylated hemoglo-
bin; FINS, fasting serum insulin; FCP, fasting plasma C-peptide; HDL-C, high density lipoprotein cholesterol; LDL-C, low density lipoprotein 
cholesterol; TC, total cholesterol; TG, triglyceride; uALB, urine albumin; eGFR, estimated glomerular filtration rate.
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Table 2. Logistic regression models for diabetic kidney disease screening in diabetes patients

Variable β OR (95% CI) P value

Full model

Intercept –9.9940 <0.0001

Drinking (yes vs. no) –0.4555 0.6341 (0.2884–0.9799) 0.0098

Hypertension (yes vs. no) 0.7676 2.1546 (1.8286–2.4805) <0.0001

CHD (yes vs. no) –0.8621 0.4223 (0.062–0.7825) <0.0001

DR (yes vs. no) 0.7955 2.2155 (1.9068–2.5242) <0.0001

DD, yr 0.1095 1.1157 (1.0961–1.1353) <0.0001

SBP, mm Hg 0.0300 1.0305 (1.0224–1.0385) <0.0001

TC, mmol/L 0.1811 1.1985 (1.0962–1.3008) 0.0005

UA, μmol/L 0.0047 1.0047 (1.0033–1.0061) <0.0001

FCP, ng/mL 0.2719 1.3125 (1.2158–1.4091) <0.0001

LBM1

Intercept –8.4263 <0.0001

Gender (men vs. women) 0.5445 1.7237 (1.2682–2.3430) 0.0005

SBP, mm Hg 0.0294 1.0298 (1.0222–1.0375) <0.0001

Smoking (yes vs. no) 0.9107 2.4861 (1.8179–3.3998) <0.0001

Drinking (yes vs. no) –0.6182 0.5389 (0.3736–0.7773) 0.0009

CHD (yes vs. no) –0.6864 0.5034 (0.3583–0.7071) <0.0001

DD, yr 0.1069 1.1128 (1.0925–1.1335) <0.0001

TC, mmol/L 0.2465 1.2795 (1.1549–1.4177) <0.0001

LBM2

Intercept –7.5272 <0.0001

Gender (men vs. women) 0.5632 1.7563 (1.2898–2.3915) 0.0003

SBP, mm Hg 0.0303 1.0308 (1.0229–1.0387) <0.0001

Smoking (yes vs. no) 0.8263 2.2848 (1.6655–3.1344) <0.0001

Drinking (yes vs. no) –0.6797 0.5068 (0.3498–0.7341) 0.0003

CHD (yes vs. no) –0.6748 0.5093 (0.3622–0.7159) 0.0001

DD, yr 0.1062 1.112 (1.0915–1.1329) <0.0001

TC, mmol/L 0.2717 1.3122 (1.1816–1.4573) <0.0001

HbA1c, % –0.1334 0.8751 (0.8102–0.9452) 0.0007

Simplified model

Intercept –7.3780 <0.0001

Gender (men vs. women) 0.4345 1.5442 (1.1437–2.0850) 0.0046

SBP, mm Hg 0.0305 1.0310 (1.0233–1.0387) <0.0001

Drinking (yes vs. no) –0.5572 0.5728 (0.3990–0.8224) 0.0025

CHD (yes vs. no) –0.7455 0.4745 (0.3393–0.6636) <0.0001

DD, yr 0.1042 1.1098 (1.0898–1.1302) <0.0001

OR, odds ratio; CI, confidence interval; CHD, coronary heart disease; DR, diabetic retinopathy; DD, diabetes duration; SBP, systolic blood pres-
sure; TC, total cholesterol; UA, uric acid; FCP, fasting plasma C-peptide; LBM1, laboratory-based model 1; LBM2, laboratory-based model 2.
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od for patients with T2DM. The final simplified model consist-
ed of gender, SBP, drinking, hypertension, CHD, and diabetes 
duration (Table 2) and indicated good internal consistency as 
verified by 10-fold cross-validation (Supplementary Table 3).

The nomograms of these four DKD screening models are 
shown in Fig. 1.

Model performance
C-index was utilized to assess the discrimination of screening 
models. The ROC curves of different DKD risk screening 
models for patients with T2DM are shown in Fig. 2. All four 
screening models generated AUCs with good discrimination 
(Table 3) with the following values: 0.8450 (95% confidence in-
terval [CI], 0.8202 to 0.8690) for full model, 0.8149 (95% CI, 

Table 3. Discriminative ability and calibration of the diabetic kidney disease risk screening models

Model Cut-off AUC (95% CI) Sensitivity Specificity Goodness-of-fit χ2 P value

Full model 0.1240 0.8450 (0.8202–0.8690) 0.8083 0.7351 3.2756 0.9159

LBM1 0.1400 0.8149 (0.7892–0.8405) 0.7444 0.7432 7.7487 0.4584

LBM2 0.1544 0.8171 (0.7912–0.8430) 0.7093 0.7778 10.0230 0.2634

Simplified model 0.1365 0.8083 (0.7824–0.8342) 0.7476 0.7270 12.2910 0.1387

AUC, area under curve of receiver operating characteristic; CI, confidence interval; LBM1, laboratory-based model 1; LBM2, laboratory-based 
model 2.

A B

C D

Fig. 1. Nomogram based on different logistic screening models for diabetic kidney disease (DKD): full model (A), laboratory-
based model 1 (LBM1) (B), laboratory-based model 2 (LBM2) (C), and simplified model (D), by groups of predicted probabili-
ties. DD, diabetes duration; CHD, coronary heart disease; DR, diabetic retinopathy; SBP, systolic blood pressure; TC, total choles-
terol; UA, uric acid; FCP, fasting plasma C-peptide; HbA1c, glycosylated hemoglobin.
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0.7892 to 0.8405) for LBM1, 0.8171 (95% CI, 0.7912 to 0.8430) 
for LBM2, and 0.8083 (95% CI, 0.7824 to 0.8342) for simplified 
model.

Calibration curve and Hosmer-Lemeshow goodness-of-fit 
tests were conducted to estimate the calibration of different 
screening models. Good agreement between the predicted and 

actual DKD events in patients with T2DM was observed for 
the full model (χ2=3.2756, P=0.9159), LBM1 (χ2=7.749, P= 
0.4584), LBM2 (χ2=10.023, P=0.2634), and simplified model 
(χ2=12.294, P=0.1387). The calibration charts of these four 
models are presented in Fig. 3.

DISCUSSION

Four DKD screening equations (full model, LBM1, LBM2, and 
simplified model) for patients with T2DM in China were de-
veloped, and their ability for discrimination and calibration 
was evaluated. All four equations showed good discrimination 
and calibration for DKD screening and thus provide additional 
choices for patients with T2DM and primary care physicians 
to provide a cost-effectiveness approach for DKD prevention.

China has the highest number of people with diabetes in the 
world (approximately 116.4 million) [22]. Awareness rate, 
treatment rate, and control rate for T2DM were still low based 
on the results of the 2013 Chinese Chronic Diseases and Risk 
Factors Monitoring Report form the Chinese Center for Dis-
ease Control and Prevention. Hence, community-level diabetes 
prevention and control must be improved. Portable glucome-
ter, sphygmomanometer, heights and weight scale, and soft 
gauge for measuring waist circumference are necessary equip-
ment for community health service station in urban areas and 
village health station in rural areas according to the Chinese 

Fig. 2. Receiver operating characteristic curves of different 
models for diabetic kidney disease screening. LBM1, laborato-
ry-based model 1; LBM2, laboratory-based model 2.
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National guidelines for the prevention and control of diabetes 
in primary care (2018) [23]. However, no national research was 
conducted on the incidence of DKD among patients with 
T2DM in China though T2DM is the main type of diabetes 
and approximately 10% to 40% of patients with T2DM develop 
DKD in China [24-26]. The awareness and treatment rates of 
DKD in China are less than 20% and 50%, respectively [27]. 
Step-by-step tertiary prevention strategies have been devel-
oped to improve primary- and community-level diabetes con-
trol and prevention. Grassroot and primary units are the front-
line and daily monitors of T2DM and DKD prevention and 
control. This study aimed to establish a simplified and easy-to-
use nomogram equation for early DKD diagnosis that can be 
accomplished in community health service stations in urban 
areas and village health stations in rural areas in China.

DKD is a diabetes complication characterized by microangi-
opathy, which greatly reduces the life quality and survival rate 
of patients with diabetes. Early diagnosis and prevention of 
DKD are important due to the hidden early onset of this dis-
ease. The proposed screening equations differ from the risk 
prediction equations developed by the CKD prognosis consor-
tium [28], which were derived from self-report data and in-
volved various cohorts from different regions and races. Infor-
mation on specific lifestyles, cultures, and diets could be lost 
when enhancing the equations’ generalization and applicabili-
ty, although they are particularly applicable for European and 
Asian patients. The equations in the present study were only 
designed for patients with T2DM in the central part of China 
with similar race, similar demographics, lifestyle, and diet hab-
its based on hospital data. By contrast, the previous equations 
were developed with data across approximately a half-century 
from 1970 to 2017. The collected recent data representing the 
latest socioeconomic status in China revealed that dietary 
structure and lifestyles have changed greatly for the past sever-
al decades due to the rapid development of economy. In gener-
al, risk prediction equations developed for one population 
cannot be efficiently applied to other populations or even the 
same country after time due to societal change. The most im-
portant difference is that the previous equations were derived 
for CKD risk prediction, but the proposed ones in the present 
study were used to identify whether patients with T2DM need 
further examinations for DKD diagnosis. The current research 
aimed to apply equations to help people from grassroots and 
rural areas in the central part of China with limited healthcare 
resources. China has exerted nation-wide efforts to alleviate 

poverty, and its economy has greatly progressed during the 
past four decades. The inequality of wealth among populations 
and of healthcare accessibility is a serious social problem be-
cause medical resources are mostly concentrated in large and 
medium-sized cities rather than in rural regions, especially in 
some major agricultural provinces in China, such as Henan. 
Wu and colleagues reported similar DKD risk predictions in 
China and established a risk score based on non-laboratory 
factors to predict the 3-year DKD incident risk [29]. Jing and 
colleagues developed a risk prediction model on DKD from 
meta-analysis for Chinese patients with diabetes [30]. Howev-
er, no screening equation has been proposed. The coefficients 
should be recalibrated before being applied to a new target 
population setting when the risk factors of the prediction 
model are derived from meta-analysis or other studies. These 
models were utilized to identify individuals at “high risk” of 
DKD in 3 to 5 years. To date, convenient and intuitive assess-
ment tools to screen and diagnose the risk of DKD in patients 
with diabetes are lacking. The present study aimed to establish 
an appropriate screen tool to diagnose DKD among patients 
with T2DM in areas with limited healthcare resources. Several 
different screening equations were established for different 
clinical settings, and they are presented as the easy-to-use no-
mogram. This study conducted an analysis of risk factors for 
patients with T2DM complicated with DKD and then per-
formed an intuitive and quantitative evaluation of DKD pa-
tients’ risk by using a nomogram model to provide a reference 
for the diagnosis and prevention of DKD. 

Nomogram is the application of complex mathematical 
models for disease diagnosis and prediction by combining 
multi-indicators; this method is advantageous in interpretation 
over traditional statistical presentation [7,8,13]. Risk screening 
tools are essential and cost-effective for clinical practice and 
healthcare management, especially in areas with limited re-
sources such as grassroots community and rural regions of 
China. Widely available candidate predictors were considered 
for the proposed models in this study. Several risk factors must 
be considered in diagnosing DKD in T2DM [31-35]. Many 
other risk factors associated with DKD in T2DM have also 
been identified [29,36-38]. Demographic factors (such as age, 
gender, and diabetes duration), anthropometric factors (such 
as blood pressure and indicators of obesity) and laboratory fac-
tors (such as glycemic control status FPG) are the common in-
dependent risk factors. Here, risk predictors for detecting and 
screening DKD were classified into four models to meet differ-
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ent requirements for various situations. The full model includ-
ed drinking status, hypertension, diabetes duration, CHD his-
tory, SBP, TC, fasting plasma C-peptide, UA, and DR and had 
the best discrimination ability (AUC, 0.8450; 95% CI, 0.8202 to 
0.8690) among all models. However, the predictors included in 
the full model satisfied extensive availability but were impracti-
cal for application. Thus, the highly available predictors of gen-
der, SBP, TC, drinking, hypertension, CHD, and diabetes dura-
tion (HbA1c was added for LBM2) were used for LBM1. For 
the simplified model, only non-laboratory measures were in-
cluded to ensure its availability for patients with T2DM in fam-
ily and primary community settings. Compared with previous 
studies, the present work weighed these risk factors and calcu-
lated the cumulative risk due to their combination rather than 
using a single factor. Consistent with previous findings, hyper-
tension history and SBP were found to be important risk fac-
tors for DKD in patients with T2DM [29,32,39].

All the proposed models exhibited good discriminations and 
calibration. Similar to previous investigations, internal valida-
tions were conducted by 10-fold cross-validation to assess the 
generalization ability and application of the four models, im-
prove their stability, and avoid over-fitting [14-16]. The simpli-
fied model without laboratory parameters can be widely used 
by all healthcare providers and patients themselves, including 
those in remote areas with scarce medical resources. For peo-
ple who can measure blood pressure at home and following 
health check-up, LBM1 and LBM2 can be applied to conve-
niently screen DKD. Thus, different options are provided for 
patients with T2DM to primarily assess and manage DKD risk.

 Data from patients with T2DM in China were collected to 
develop different DKD screening models. This work has some 
strengths. First, this study focused on detecting and screening 
the risk of DKD for patients with T2DM and provided differ-
ent equations for various requirements. The simplified model 
can be used without laboratory factors at home settings, and 
LBM1 and LBM2 can be employed in home and primary hos-
pital settings. Second, nomogram equations are highly visual 
and have a good interpretation for patients and physicians. 
Moreover, the validation test revealed good discrimination and 
calibration for all models. Although this work is the first to as-
sess different nomogram screening equations for DKD in Chi-
nese patients with T2DM, some limitations must be addressed. 
First, information bias such as recall bias cannot be avoided in 
observational studies. Second, DKD is usually associated with 
numerous factors, but this study only included the most im-

portant and available factors. Third, this work was conducted 
in a single area; therefore, the results must be validated on a 
large population in a multicenter study. Although this research 
has several limitations, great efforts were dedicated to modify-
ing the models, and the findings are relatively reliable to reflect 
actual conditions.

In conclusion, four different DKD screening equations for 
patients with T2DM in China were established and validated. 
LBM1, LBM2, and simplified model exhibit good predictive 
performance and availability and could be recommended for 
screening DKD cases among Chinese patients with T2DM.
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