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Purpose: To develop a nomogram model that predicts the risk of diabetic nephropathy (DN) incidence in type 2 diabetes mellitus
(T2DM) patients.
Methods:We collect information from electronic medical record systems. The data were split into a training set (n=521) containing
73.8% of patients and a validation set (n=185) holding the remaining 26.2% of patients based on the date of data collection.
Stepwise and multivariable logistic regression analyses were used to screen out DN risk factors. A predictive model including
selected risk factors was developed by logistic regression analysis. The results of binary logistic regression are presented through
forest plots and nomogram. Lastly, the c-index, calibration plots, and receiver operating characteristic (ROC) curves were used to
assess the accuracy of the nomogram in internal and external validation. The clinical benefit of the model was evaluated by decision
curve analysis.
Results: Predictors included serum creatinine (Scr), hypertension, glycosylated hemoglobin A1c (HbA1c), blood urea nitrogen
(BUN), body mass index (BMI), triglycerides (TG), and Diabetic peripheral neuropathy (DPN). Harrell’s C-indexes were 0.773
(95% CI:0.726–0.821) and 0.758 (95% CI:0.679–0.837) in the training and validation sets, respectively. Decision curve analysis
(DCA) demonstrated that the novel nomogram was clinically valuable.
Conclusion: Our simple nomogram with seven factors may help clinicians predict the risk of DN incidence in patients with T2DM.
Keywords: type 2 diabetes mellitus, diabetic nephropathy, nomogram, risk factors

Introduction
Diabetes mellitus is one of the most common chronic diseases in our country. According to the International Diabetes
Federation (IDF), the number of adults with diabetes worldwide has reached 537 million (10.5%) in 2021, an increase of
74 million people with diabetes compared to 2019, highlighting the alarming increase in the global prevalence of
diabetes. The IDF speculates that this number will reach 783 million by 2045. T2DM is a disease characterized by
hyperglycemia caused by insulin resistance and relative insulin deficiency and accounts for 90–95% of all diabetes.1

T2DM can lead to various complications such as cardiovascular disease, DN, diabetic retinopathy, and DPN.2–4

DN is the most significant single cause of the end-stage renal disease (ESRD) in Western societies,5,6 and the annual
mortality rate of ESRD (nearly 9%) is 10 to 20 times higher than that of the general population.7 The prevalence of DN has
increased rapidly in China in recent decades, which has led to severe socio-economic and public health consequences.8,9 At
the same time, DN affects the quality of life of patients and the economic burden on local governments.

Nomogram is a prediction model that has been proven as a tool for initial diagnosis and prognostic assessment of illness.10,11

Clinical indicators for accurately distinguishing DN from non-diabetic renal disease in T2DM are lacking. In addition, DN is still
observed in one-third to a half of T2D patients undergoing renal biopsy due to suspicion of an alternative cause of kidney
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disease.12 To improve the accuracy of predictions as well as to reduce operational risks in the target population requiring renal
biopsy, it is essential to develop useful prediction models to predict DN in T2D patients. Therefore, we will develop a nomogram
to assess the risk of DNmorbidity in T2DMpatients by some clinical indicators. Themodel effectively predicts the probability of
DN occurrence, which can help high-risk individuals take timely intervention measures to reduce the morbidity and mortality of
diabetes-related complications.

Materials and Methods
Study Population
We reviewed the records of 834 patients who visited and completed T2DM screening at the Endocrinology Department
of the First Affiliated Hospital of Xinjiang Medical University from March 1, 2021, to December 30, 2021. Based on the
inclusion and exclusion criteria, 706 study subjects were finally included.52 We used 521 (73.8%) cases of T2DM
patients collected before November 15, 2021, as the training set, and 185 (26.2%) cases of T2DM patients after
November 15, 2021, as the validation set (Figure 1).

Data Collection
Following clinical variables were reviewed from electronic medical records: age, sex, BMI, office blood pressure, and some
biochemical indicators, including plasma glucose, HbA1c, Scr, BUN, total cholesterol (TC), and TG, as determined by
Beckman Coulter Fully Automatic Biochemistry Analyzer. Moreover, we collected serum insulin-like growth factor-1 (IGF-
1) and insulin-like growth factor binding protein-3 (IGFBP-3). Serum IGF-1 and IGFBP-3 levels were measured by the
chemiluminescence immunometric method (Siemens Healthcare Diagnostics Products Ltd, United Kingdom). Serum
creatinine concentration was determined by the Jaffé method. Low-density lipoprotein (LDL-C) and high-density lipoprotein
(HDL-C) were measured by the direct method, TC by enzymatic method, TG by GPO-POD method, and fasting blood
glucose (FBG) by hexokinase method (Beckman Coulter Fully Automatic Biochemistry Analyzer, Beckman Coulter, Inc,
USA). GFR is estimated using the simplified Modification of Diet in Renal Disease (MDRD) formula. MDRD: [eGFR [mL/
min/1.73 m2] =186.3 × serum creatinine [mg/dL]−1.154 × age [years]−0.203 × (0.742 for women)].13,14

Definitions
The diagnostic criteria for T2DM are based on the 1999 World Health Organization criteria: Typical symptoms of
diabetes (polydipsia, polyuria, polyphagia, weight loss) + random venous plasma blood glucose ≥ 11.1 mmol/L
(200 mg/dl) or fasting blood glucose ≥ 7.0 mmol/L (126 mg/dl) or OGTT 2-hour glucose in venous plasma (for those
without diabetic symptoms, repeat the test on another day) ≥ 11.1 mmol/L (200 ng/dl). Hypertension was defined as
the presentation of systolic blood pressure (SBP) ≥ 140 mmHg or/and diastolic blood pressure (DBP) ≥ 90 mmHg.
According to the China Adult Dyslipidemia Prevention Guide (2007).15 We defined dyslipidemia according to the
Chinese guidelines for the prevention and treatment of type 2 diabetes (2020) as a manifestation of the following four
indicators: TC ≥ 4.5 mmol/L, TG ≥ 1.7 mmol/L, HDL-C < 1.0 mmol/L, and LDL-C ≥ 2.6 mmol/L.

According to the criteria of Mogensen,16 DN was divided into three stages: non-albuminuria (NAU) with UAER <
20μg/min, microalbuminuria (MAU) with 20≤UAER≤200μg/min, and clinical albuminuria (CAU) with UAER>200μg/
min, Both MAU and CAU indicated DN in this study.17,18

Patients were considered to have DR when any of the following lesions were detected at dilated fundoscopy: intra-
retinal microvascular abnormalities, microaneurysms, cotton wool spots, hard exudates, hemorrhages, venous beading,
and new vessels. DPN was screened by symptoms and physical examination. In all patients, other causes of neuropathy
were excluded. The diagnosis was confirmed by electromyography and/or nerve conduction study.

Statistical Analysis
Statistical data analysis was performed using a statistical computer program for the R (version 4.1.1) project. All the
statistical tests were considered significant at the 0.05 probability level.
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There were a training set and a validation set in the study. Comparisons of continuous and categorical variables
between training and validation sets were performed using the t-test and chi-square test, respectively. The training set was
used for building a nomogram. Within the training set, Univariate logistic regression analysis was used to assess the
significance of each variable. All variables associated with DN at a significant level were candidates for stepwise
multivariate analysis. The independent predictors related to incident DN were used to build a nomogram.

To evaluate the predictive power of the model, we calculated the C-index. To reduce the bias, the calibration was
conducted by using 1000 bootstrap samples.19 An area under the receiver operating characteristic curve (AUC) to assess
the specificity and sensitivity of the DN risk nomogram.20

DCA is a simple method for evaluating clinical predictive models, diagnostic tests, and molecular markers. While
traditional diagnostic test metrics such as sensitivity, specificity, and area under the ROC curve only measure the

Figure 1 Logic flow plot of this study.
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diagnostic accuracy of a predictive model and do not take into account the clinical utility of a particular model, the
advantage of DCA is that it integrates patient or decision-maker preference analysis.21

Results
Characteristics of the Study Population
A total of 706 patients with T2DM were included in this study, all Chinese. 521 and 185 patients were divided into the
training and validation sets. The training and validation sets are divided into DN and NDN groups according to the DN
diagnosis criteria. The number of diagnosed DN in the training and validation sets was 133 and 62, respectively. Table 1
describes the baseline characteristics of the training and validation sets. There were no statistically significant differences
between the two groups in terms of gender, duration of diabetes, BMI, hypertension, dyslipidemia, DPN, DR, smoking
status, alcohol consumption, FBG, 2hour-oral glucose tolerance test (2H-OGTT), HbA1c, estimate glomerular filtration
rate (eGFR), BUN, TG, TC, LDL-C, HDL-C, and IGFBP-3.

Feature Selection
Table 2 lists the variables identified as predictors of DN incidence in patients with T2DM. Univariate logistic regression
analysis showed that age, gender, history of diabetes, BMI, hypertension, DPN, DR, HbA1c, eGFR, Cr, BUN, TG, and
HDL-C were risk factors associated with the incidence of DN in patients with T2DM. Stepwise regression screens the
variables, and the best model has the smallest AIC value. Based on the results of univariate logistics, the risk factors
related to the risk of DN in T2DM patients were further screened by stepwise regression according to the principle of the
Akaike Information Criterion (the best model had the smallest AIC value).

Construction of the Nomogram Prediction Model
Binary logistic regression analysis showed that Scr, hypertension, HbA1c, BUN, BMI, TG, and DPN were independent
risk predictors of DN in T2DM patients (Table 3) and were further used to establish nomogram (Figure 2). The binary
logistic regression results are shown in the forest plot (Figure 3).

Performance of the DN Risk Nomogram
The c-index in the training set is 0.773, indicating a relatively good discriminative ability. Similarly, the c-index in the
validation set is 0.758, which shows satisfactory prediction results. The calibration curves show excellent agreement
between the predicted results and the actual observations in the training (Figure 4A) and validation sets (Figure 4B). The
ROC curve of the model had an AUC of 0.773 (95% CI; 0.726–0.821) for the training set (Figure 5A) and 0.758 (95%
CI; 0.679–0.837) for the validation set (Figure 5B). These results suggest that the nomogram can accurately predict the
incidence of DN in T2DM patients.

Clinical Use
The decision curve of the DN risk nomogram is shown in Figure 6. According to decision curve analysis, nomograms are
clinically beneficial in predicting the risk of DN incidence between a considerable range of threshold probabilities.

Discussion
DN is one of the major microvascular complications in diabetic patients and a significant cause of ESRD in developed
and some developing countries.8 DN is a progressively deteriorating chronic kidney disease with complications such as
hypertension, congestive heart failure, and end-stage renal disease as the disease progresses. This condition often requires
dialysis or transplantation for lifelong kidney replacement therapy, creating a massive health and economic burden
worldwide.8,22 Early diagnosis and treatment can reduce DN’s mortality and disability rate and improve the quality of
life. However, due to the insidious onset of DN, most patients have already developed irreversible renal impairment at the
time of diagnosis. Therefore, this study aimed to develop a proper and straightforward predictive tool to assess the risk of
DN occurrence by physical examination and biochemical tests in patients with T2DM.
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In this study, we developed and validated a new risk prediction tool for DN incidence in patients with T2DM using
seven readily available clinical indicators. It can help clinicians determine a patient’s high or low risk of developing DN.
Our prediction model includes Scr, Hypertension, HbA1c, BUN, BMI, TG, and DPN. Our model shows good accuracy
with a relatively high c-index (0.773 and 0.758, respectively) in the training and validation sets and good agreement with
the calibration curves. The satisfactory performance of the nomogram in external validation shows that our model has
good portability and generality, and the nomogram can be widely and accurately used.

Table 1 Baseline Characteristics of Training and Validation Sets

Characteristic Training Set
(n = 521)

Validation Set
(n = 185)

P value

Age [years] 56.84±12.38 54.56±11.13 0.021

Gender (n, %) 0.313

Male 317(60.8) 121(65.4)
Female 204(39.2) 64(35.6)

Duration of diabetes [years] 8.76±7.29 8.81±7.30 0.945

BMI [kg/m2] 26.02±4.62 26.06±3.54 0.909
Hypertension (n, %) 0.624

Yes 300(57.6) 102(55.1)
No 221(42.4) 83(44.9)

Dyslipidemia (n, %) 0.555

Yes 375(72.0) 138(74.6)
No 146(28.0) 47(25.4)

Diabetes complications
DN (n, %) 0.046
Yes 133(34.3) 62(33.5)

No 388(65.7) 123(66.5)

DPN (n, %) 0.223
Yes 298(57.2) 116(62.7)

No 223(42.8) 69(37.3)

DR (n, %) 0.778
Yes 313(60.1) 125(67.6)

No 208(39.9) 60(22.4)

Lifestyle habits
Smoking (n, %) 0.141

Never 354(67.9) 114(61.6)

Ever/current 167(32.1) 71(38.4)
Consuming alcohol (n, %) 0.37

Never 364(69.9) 122(65.9)

Ever/current 157(30.1) 63(34.1)
Biochemical tests result characteristics
FBG [mmol/L] 7.93±2.67 7.15±2.13 <0.001

2H-OGTT [mmol/L] 16.69±4.48 16.55±11.06 0.868
HbA1c [%] 8.75±2.21 8.71±1.88 0.833

eGFR [mL/min/1.73 m2] 94.13±21.08 96.08±22.26 0.300

Scr [μ mol/L] 71.74±24.94 70.28±23.97 0.491
BUN [mmol/L] 5.83±2.13 5.74±1.97 0.636

TG [mmol/L] 2.15±1.97 2.10±2.03 0.777

TC [mmol/L] 4.19±1.21 4.2±1.19 0.869
LDL-C [mmol/L] 2.71±0.96 2.77±0.94 0.414

HDL-C [mmol/L] 0.98±0.27 0.99±0.35 0.489

IGF-1 [ng/mL] 152.46±57.08 160.78±43.75 0.042
IGFBP-3 [μ g/mL] 4.03±1.22 4.16±1.16 0.190
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As an example to better explain the nomogram, if the T2DM patient’s TG was 3.18 mmol/L, without DPN, BMI was
26 kg/m2, HbA1c was 8.7%, BUN was 6.7mmol/L, Scr was 57.5μmol/L, and hypertension, the probability of DN was
estimated to be 23.9% (Figure 7).

The prevalence of DN in our study is consistent with reflections on the prevalence of diabetic nephropathy in
Germany and India (20–30%).23,24 Data from the 2011 Korean National Health and Nutrition Survey showed that
26.7% of people with diabetes had DN.25 A Saudi Arabian study retrospectively investigated the medical files of 1952
type 2 diabetic patients followed up in Saudi Arabian tertiary hospitals from January 1989 to January 2004 and found
that 32.1% of patients developed DN.26 These phenomena can be explained by racial or ethnic differences in the
prevalence of DN. Zhang et al meta-analysis of observational studies on the prevalence of diabetic nephropathy in
Chinese patients with T2DM found that the combined prevalence of DN was highest in western China, and further
stratified analysis by province/city showed that Sichuan and Gansu are the provinces with the highest prevalence of
DN.27 Although there is no data for Xinjiang, Xinjiang belongs to the west, and the same geographical environment

Table 2 Univariable Logistic Analysis to Extract the Potential Predictors

Variable OR (95% CI) P value

Age [years] 1.51(1.17–1.94) 0.002
Gender [male vs female] 1.48(0.98–2.26) 0.062

Diabetes duration [years] 1.56(1.16–2.08) 0.003

BMI [kg/m2] 1.39(1.11–1.73) 0.004
Hypertension [yes vs no] 3.93(2.49–6.36) <0.001

Dyslipidemia [yes vs no] 0.99(0.64–1.53) 0.952

DPN [yes vs no] 1.81(1.203–2.76) 0.005
DR [yes vs no] 2.15(1.40–3.34) <0.001

Smoking status [Never, Ever/Current] 0.93(0.61–1.42) 0.725
Drinking status [Never, Ever/Current] 0.90(0.59–1.39) 0.649

FBG [mmol/L] 1.15(0.92–1.45) O.226

2H-OGTT [mmol/L] 1.21(0.91–1.61) 0.186
HbA1c [%] 1.39(1.05–1.85) 0.019

eGFR [mL/min/1.73 m2] 0.50(0.39–0.63) <0.001

Scr [μ mol/L] 1.83(1.48–2.27) <0.001
BUN [mmol/L] 1.87(1.49–2.34) <0.001

TG [mmol/L] 1.21(1.06–1.37) 0.004

TC [mmol/L] 1.18(0.94–1.49) 0.158
LDL-C [mmol/L] 0.99(0.78–1.28) 0.981

HDL-C [mmol/L] 0.74(0.58–0.94) 0.013

IGF-1 [ng/mL] 1.05(0.84–1.31) 0.669
IGFBP-3 [μ g/mL] 1.02(0.77–1.35) 0.883

Table 3 Multivariate Logistic Regression Analysis of Step AIC Selection to Construct
a Nomogram Model

Variable Multivariate Logistic Analysis

β OR (95% CI) P value

Scr [μ mol/L] 0.019 1.020(1.008–1.033) 0.001

Hypertension=yes 1.171 3.224(1.982–5.386) <0.001
HbA1c [%] 0.150 1.162(1.048–1.291) 0.005

BUN [mmol/L] 0.179 1.197(1.056–1.362) 0.006

BMI [kg/m2] 0.064 1.066(1.016–1.122) 0.011
TG [mmol/L] 0.120 1.127(1.014–1.255) 0.025

DPN=yes 0.509 1.663(1.049–2.668) 0.032
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and life characteristics may also lead to a high incidence of DN. Therefore, it is vital to establish a predictive model.
Early diagnosis and timely intervention can reduce the pressure on my country’s health care system and financial
burden.

Figure 2 A nomogram for predicting the incidence of diabetic nephropathy in T2DM patients.
Notes: The nomogram was developed in the training dataset, with Scr, Hypertension, HbA1c, BUN, BMI, TG, and DPN incorporated. Points of each variable were acquired
by drawing a straight line upward from the corresponding value to the “Points” line. Then sum the points received from each variable and located the number on the “Total
Points” axis. To conclude the patient’s sort of probability having DN, draw a straight line down to the corresponding “Probability of DN” axis.

Figure 3 The forest plot of the OR of the selected feature.
Notes: Use forest plot to visualize logistic regression analysis.
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The prevalence and progression of DN are different between both males and females. Overall, men seem to be at
a higher risk for microvascular complications in diabetes, while the consequences of diabetic macrovascular complica-
tions may be greater in women.28 Because there was male predominance in the present study (62%), and this may cause
some bias, the confirmation of the results should be needed in independent cohorts from elsewhere.

Urea nitrogen is the end product of protein metabolism, and creatinine is the product of muscle metabolism; both are
excreted by glomerular filtration. BUN and Scr are often used to evaluate the function of the kidney. Two cross-sectional
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studies involving models of DN incidence in patients with T2DM found that BUN was an independent risk factor for DN
incidence.29,30 A retrospective study conducted in Guilin, China, found that BUN was strongly associated with an
increased risk of DN in patients with type 2 DM and found that increased Scr levels also increased the risk of DN
progression.31 Our result confirms that BUN and Scr are risk factors for DN in T2DM patients. This is similar to the
results of previous studies, suggesting that BUN and Scr are risk factors for DN. Cheema et al found Scr as an
independent risk factor for DN in a cross-sectional survey of diabetic microvascular complications in the Middle
East.32 Another study conducted in Jiangsu, China, developed a predictive model for diabetic nephropathy in the
Chinese population, in which Scr was found to be a significant independent risk factor for DN.33

Current studies show that people with T2DM have 1.5–3 times the prevalence of hypertension than their age-matched non-
type 2 diabetic counterparts.34 In our study, 56.9% of patients with T2DM also had hypertension. Hill et al. Global prevalence

Figure 6 Decision curve analysis for the DN incidence risk nomogram.
Notes: The y-axis measures the net benefit. The blue line represents the DN incidence risk nomogram. The thin solid line represents the assumption that all patients are
diagnosed as DN. The thin thick solid line represents the assumption that no patients are diagnosed as DN. The decision curve showed that if the threshold probability of
a patient and a doctor is >20%, respectively, using this DN incidence risk nomogram in the current study to predict DN incidence risk adds more benefit than the
intervention-all-patients scheme.

Figure 7 An example of nomogram for DN.
Notes: The nomogram was developed in the training dataset, with Scr, Hypertension, HbA1c, BUN, BMI, TG, and DPN incorporated. Points of each variable were acquired
by drawing a straight line upward from the corresponding value to the “Points” line. Then sum the points received from each variable and located the number on the “Total
Points” axis. To conclude the patient’s sort of probability having DN, draw a straight line down to the corresponding “Probability of DN” axis. ***p<0.001, **p<0.01,
*p<0.05.
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of chronic kidney disease-A systematic review and meta-analysis found that diabetes and hypertension, either alone or in
combination, eventually lead to end-stage renal failure in about 80% of patients.35 A prospective study of T2DM patients in
developing countries found that reduced eGFR in hypertensive patients is a significant factor in the development of diabetic
nephropathy and indicated that hypertension is an independent risk factor for diabetic nephropathy.36 In a regression study of
microvascular complications of type 2 diabetes and their associated risk factors in Bangladesh, SBP>120mmHg and
DBP>80mmHg were significant risk factors for DN.37 Our study found that SBP and DBP values were higher in DN patients
than in NDN patients, confirming that hypertension is a risk factor for DN development in patients with T2DM. In our study, it
was proved that hypertension is a risk factor for DN in obese T2DM patients.

Jiang et al developed and validated a predictive model for the risk of early diabetic nephropathy based on a systematic
review and meta-analysis of 20 cohorts in which BMI was the underlying risk factor, and the risk of DN increased by
16% when BMI increased by 5 kg/m2.38 A study of patients with advanced DN showed a significant 12% reduction in
Scr levels after a short-term rigorous weight loss intervention.39 The pathological mechanisms underlying the pathogen-
esis of obesity and DN are not fully understood. However, adipose tissue is associated with the release of inflammatory
mediators, such as interleukin-6 and tumor necrosis factor-A, and the process of fat metabolism plays an essential role in
insulin resistance.40 Combining these factors may lead to changes in kidney structure, ultimately leading to obesity-
related glomerulopathy. In this study on the DN of patients with T2DM, we obtained results showing that BMI is one of
the risk factors for DN in patients with T2DM. Combining the results of this study with those of previous studies, BMI is
a risk factor for the development of T2DM and a risk factor for the development of DN in T2DM patients; therefore,
T2DM patients should be more concerned about their weight.

HbA1c provides information on the overall control of glucose over a 2–3month period, which is considered the best
biochemical indicator to assess the long-term metabolic management of diabetic patients.41 Elevated serum glycated
hemoglobin predicts the progression of diabetes, and many prospective studies have reported a close relationship
between HbA1c and diabetic complications.42,43 HbA1c initiates the expression of inflammatory factors,44 promotes
oxidative stress through ROS production, induces apoptosis, and ultimately leads to impaired target organ function in
diabetes.45 Atkin et al showed that the proportion of subjects with elevated urinary albumin creatinine ratios was
significantly higher in subjects with HbA1c levels greater than or equal to 7.0% compared to those with HbA1c levels
below 5.0%.46 This further reflects that high HbA1c increases the risk of DN.

Hypertriglyceridemia is one of the most common clinical dyslipidemia. In a large prospective cohort study in China,
high TG was found to be significantly associated with DN development in patients with new-onset diabetes. In addition,
participants with reasonable control of high TG may have a reduced risk of DKD compared to those without control.47

Although glycemic control can reduce the risk of kidney disease, dyslipidemia can still damage the kidney by enhancing
lipid-mediated inflammation, oxidative stress, lipogenesis, and ectopic lipid deposition.3 In another study of Indians with
T2DM, dyslipidemia similarly predicted the progressiveness of diabetic nephropathy, particularly by a relatively high TG.48

In our research, TG was further confirmed as a risk factor for DN development in patients with T2DM.
DN is a common microvascular complication of T2DM, and nearly 50% of patients with ten years of diabetes have

combined DPN, which can cause foot ulcers and eventually lead to foot amputation.49 As the peripheral nerve and renal
vessels are exposed to the diabetic milieu, it is often assumed that the development and progression of DN and DPN
occur at the same time. In this study, of 133 patients with DN, 90 (67.7%) presented with DR, and of 388 NDN patients,
208 (53.6%) had DR, suggesting that DPN is a good indicator of DN. Marsida et al established a DN prediction model to
analyze risk factors for microvascular complications in patients with T2DM and found that DPN was closely associated
with DN.50 Xu et al found a strong correlation between diabetic nephropathy and neuropathy at different stages in
patients with type 2 diabetes mellitus, and DN was closely associated with DPN in patients with T2DM.51 Consistent
with these reports, our multivariate logistic regression analysis results showed that DPN was significantly associated with
an increased risk of DN.

Our study has many strengths, including the development of a new nomogram with only 7 indicators that are easily
detectable by clinicians, providing an easy assessment of DN. Our study is the first to incorporate DPN into the DN risk
nomogram model, which provides a theoretical basis for further research on the relationship between DN and DPN. The
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final risk model was validated internally and externally and achieved good agreement (C-index of 0.773 and 0.758,
respectively).

However, our study had several limitations. Firstly, the current study is a cross-sectional design where exposure and
outcome variables coexist, and the temporal order of exposure and outcome occurrence cannot be judged. Secondly, there
is a lack of dynamic testing of treatment status and some indicators . Secondly, this study is a single-center study and
does not represent all Chinese T2DM patients. Fourth, we could not collect all potential factors for DN incidence because
of the data collection from the medical record system. Finally, although our nomogram achieved good predictive power
with internal and external validation in this population, further evaluation of the model’s accuracy is needed in patients
with T2DM from different regions.

Conclusion
We established a nomogram based on seven risk factors for Scr, Hypertension, HbA1c, BUN, BMI, TG, and DPN to help
clinicians assess the risk of DN incidence in T2DM patients. Our nomograms show good performance on both training
and validation sets. This study provides a theoretical and clinical basis for preventing the occurrence and development of
DN in T2DM patients.
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