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Background: Diabetic kidney disease (DKD), a common microvascular complication of diabetes mellitus (DM), is always 
asymptomatic until it develops to the advanced stage. Thus, we aim to develop a nomogram prediction model for progression to 
DKD in newly diagnosed type 2 diabetes mellitus (T2DM).
Methods: This was a single-center analysis of prospective data collected from 521 newly diagnosed patients with T2DM. All related 
clinical records were incorporated, including the triglyceride-glucose index (TyG index). The least absolute shrinkage and selection 
operator (LASSO) was used to build a prediction model. In addition, discrimination, calibration, and clinical practicality of the 
nomogram were evaluated.
Results: In this study, 156 participants were incorporated as the validation set, while the remaining 365 were incorporated into the 
training set. The predictive factors included in the individualized nomogram prediction model included 5 variables. The area under the 
curve (AUC) for the prediction model was 0.826 (95% CI 0.775 to 0.876), indicating excellent discrimination performance. The model 
performed exceptionally well in terms of predictive accuracy and clinical applicability, according to calibration curves and decision 
curve analysis.
Conclusion: The predictive nomogram for the risk of DKD in newly diagnosed T2DM patients had outstanding discrimination and 
calibration, which could help in clinical practice.
Keywords: diabetic kidney disease, type 2 diabetes mellitus, nomogram, prediction model, risk assessment

Introduction
The latest global diabetes mellitus (DM) map demonstrated by the International Diabetes Federation (IDF) showed that 
the incidence of DM patients (aged 20–79) would rise to 12.2% (783.2 million people) in 2045.1 China has the most DM 
currently, and the number is expected to exceed 174 million by 2045.1 Diabetic kidney disease (DKD), characterized by 
persistent microalbuminuria or decreased estimated glomerular filtration rate (eGFR), is one of the most significant 
microvascular complications of diabetes. DKD is now more common than primary glomerulonephritis and is the major 
cause of chronic kidney disease (CKD) in China, where it affects 40% of those with type 2 diabetes mellitus (T2DM) 
who are hospitalized.2–4

DKD is always asymptomatic until it develops to the advanced stage. Currently, the main methods for early diagnosis of 
DKD are urinary albumin creatinine ratio (UACR) and eGFR. However, on the one hand, these diagnostic methods have their 
limitations. UACR does not increase in the early stage (stages I and II) of DKD,5 meanwhile eGFR increases in the early 
stage.6 On the other hand, the increasing incidence of DKD is placing a burden on the healthcare system, making it essential to 
find an approach to screen DKD in the medical environment. Hence, early detection and treatment of DKD are critical.

Previous studies have demonstrated multiple clinically related factors of DKD, such as age, UACR, haemoglobin A1c 
(HbA1c) and high-density lipoprotein (HDL).7,8 Furthermore, related studies have shown that the development of DKD 
is strongly associated with insulin resistance (IR), which may accelerate the progression of DKD.9–11 Hyperinsulinemic 
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euglycemic glucose clamp (HEGC), a significant method for evaluating IR, is expensive and difficult to operate.12 

Additionally, the homeostasis model for insulin resistance (HOMA-IR) index is also a common tool to assess IR in 
clinical practice.13 However, serum insulin or C-peptide tests are not appropriate for all inpatients or outpatients owing to 
the impact of insulin treatment. Triglyceride-glucose index (TyG index), as well as triglyceride and fasting glucose 
products, demonstrates greater potential in evaluating IR.14,15 Previous clinical studies have demonstrated the perfor
mance of the TyG index in evaluating IR, and it was superior to the HOMA-IR index.10 In conclusion, these easily 
available clinical risk factors may be used to build an accurate prediction model of DKD development in individuals with 
newly diagnosed T2DM, facilitating DKD screening. In addition, we intended to use the least absolute shrinkage and 
selection operator (LASSO) regression to screen variables and construct a predictive model. LASSO regression, 
a compressive estimation method for selecting relevant features for various classes of data, helps deal with biased 
estimates with complex collinearity data.16 It can perform variable screening and complexity adjustment while fitting 
generalized linear models, and is widely applied in variable screening of various prediction models, including commonly 
used clinical variables and related omics data.17,18 LASSO regression has contributed to constructing some prediction 
models, such as tumors, metabolic diseases, kidney diseases, etc.19,20

In this study, we designed a long-term cohort trial in patients with newly diagnosed T2DM for more than 10 years, 
aiming to explore the risk factors related to DKD, building and validating the prediction model.

Materials and Methods
Study Population
This was a retrospective analysis on prospectively collected T2DM patients’ data from the Third Affiliated Hospital of 
Soochow University. We consecutively incorporated 863 newly diagnosed T2DM patients in our hospital from 
December 2010 to January 2014 for long-term follow-up.

Inclusion criteria: (1) meet the American Diabetes Association (ADA) classification criteria for T2DM and were 
newly diagnosed patients;14 (2) age > 18 years old.

Exclusion criteria: (1) a history of DKD or other kidney diseases; (2) UACR ≥ 30mg/g, eGFR < 60 mL/min/1.73m2 

(CKD-EPI),21 or urine dipstick test ≥ 1 +; (3) presence of an acute infection; (4) presence of a malignancy or pregnancy; 
(5) incomplete clinical records.

The endpoint event was the occurrence of DKD,22 defined as (1) persistent albuminuria (UACR ≥ 30mg/g) over 3 
months (2) eGFR < 60 mL/min/1.73 m2; (3) excluded other kidney diseases.

Participants were followed up until DKD was diagnosed for the first time. Otherwise, patients without DKD events 
were followed up until June 2022. Figure 1 shows the procession of subject inclusion.

Data Collection
Baseline demographic data (sex and age) and related clinical data were from the electronic medical record system. The 
risk prediction model was trained using variables selected from medical record system and published literature,23,24 

including age, sex, body mass index (BMI), history of smoking and hypertension, systolic blood pressure (SBP), 
fasting blood glucose (FBG), postprandial blood glucose (PBG), haemoglobin A1c (Hb1Ac), fasting C-peptide (FCP), 
white blood cells (WBC), hemoglobin (Hb), neutrophil to lymphocyte ratio (NLR), fibrinogen (FIB), D-dimer, alanine 
aminotransferase (ALT), aspartate aminotransferase (AST), serum albumin (ALB), bile cid (BA), bicarbonate, blood 
urea nitrogen (BUN), uric acid (UA), eGFR, total cholesterol (TC), triglyceride (TG), HDL, low density lipoprotein 
(LDL), apolipoprotein a1 (Apoa1), apolipoprotein b (Apob), UACR, TyG index, HOMA-IR, thyroid stimulating 
hormone (TSH), free triiodothyronine (FT3), free tetraiodothyronine (FT4), diagnosis of diabetic retinopathy (DR) 
and diabetic peripheral neuropathy (DPN), as well as antidiabetic and antihypertensive treatment. The superior indi
cator of the HOMA-IR and TyG index for predicting DKD was also determined by comparing the area under the 
curve (AUC).
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Statistical Analysis
Statistical analyses were performed using SPSS software version 25.0, R software version 4.2.2 and GraphPad Prism 
software version 9.0.0. The median (interquartile range) [M (P25, P75)] was used to represent data with a non-normal 
distribution, whereas the mean ± standard deviation (SD) was used to express data with a quantitative normal distribu
tion. The qualitative variable was selected as percentages (%). A random number table generated using R software was 
assigned to the training and validation set in a ratio of 7: 3. There was no statistical difference between the training and 
validation set for all variables, so the validation set can fully validate the prediction model based on the training set. We 
screened the variables and built the model based on the training set, and presented the model in a nomogram visualiza
tion. In addition, we utilized the validation set to internally validate the performance and clinical utility of the model 
constructed based on the training set. Spearman correlation was employed for correlation analysis. For further analysis, 
a nomogram was developed based on multivariate analysis. The logistic regression results were presented as odds ratio 
(OR), 95% confidence intervals (95% CI), and P values. To obtain the perfect prediction model, we used “glmnet” 
package for LASSO regression screening to to further filter the predictor variables derived from the traditional univariate 
logistic regression. The nomogram was drawn using the R package “regplot”, and receiver operating characteristic 
(ROC) analysis was performed to assess how well the nomogram predicted the risk of developing DKD. Use 1000 
bootstrap replications for validation. Calibration curves were conducted using the “calibrate” R package. Draw a decision 
curve using the “rmda” R package. P < 0.05 was considered statistically significant.

Results
Baseline Characteristics
The final queue size was 521 persons after follow-up (Figure 1). The average follow-up time of the T2DM participants 
was 7.8 ± 1.8 years. There were 127 DKD events (24.4%) among the 521 individuals identified in our long-time follow- 
up cohort.

Table 1 presents the baseline demographic and medication of 521 T2DM patients, meanwhile, Table 2 presents the 
laboratory measurement indicators. The R package randomly divided the whole individuals into the training set and 

Participants declined follow-up
n=82

Patients who completed long-time follow-up
n=692

Recruiting patients with newly-diagnosed T2DM between
December 2010 and January 2014

n=863

Incomplete clinical records
n=89

Excluded:
(1) Age < 18 years old (n=2)
(2) Any acute infection (n=13)
(3) Presence of a malignancy or

pregnancy (n=10)
(4) Evidence of DKD or other

kidney disease (n=146)

Enrolled for follow-up
n=603

Training set
n=365

Eligible patients for analysis
n=521

Validation set
n=156

Figure 1 Flow chart of participants. 
Note: The flow chart shows the entire research process. 
Abbreviations: T2DM, type 2 diabetes mellitus; DKD, diabetic kidney disease.
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Table 1 Demographic and Medication of Newly Diagnosed T2DM Patients

Variable Training Set (n=365) Validation Set (n=156)

Non-DKD (n=275) DKD (n=90) P value Non-DKD (n=119) DKD (n=37) P value

Age (years) 47.0 (38.0, 58.0) 53.0 (45.0, 62.0) <0.001 49.0 (41.0, 57.0) 59.0 (53.0, 64.5) <0.001

Gender (male, %) 175 (63.6) 60.0 (66.7) 0.602 73.0 (61.3) 25.0 (67.6) 0.494

BMI (kg/m2) 24.6 (22.9, 26.5) 25.8 (23.2, 28.1) 0.026 24.2 (22.3, 26.2) 25.3 (23.2, 27.0) 0.069

Smoking, n (%) 98.0 (35.6) 45.0 (50.0) 0.015 43.0 (36.1) 17.0 (45.9) 0.284

Hypertension, n (%) 103 (37.5) 51.0 (56.7) 0.001 39.0 (32.8) 23.0 (62.2) 0.001

SBP (mmHg) 134.0 (123.0, 144.0) 136.5 (126.3, 149.8) 0.090 135.0 (125.0, 144.0) 139.0 (127.0, 149.5) 0.258

DR, n (%) 50.0 (18.2) 24.0 (26.7) 0.082 23.0 (19.3) 10.0 (27.0) 0.317

DPN, n (%) 42.0 (15.3) 24.0 (26.7) 0.015 21.0 (17.6) 10.0 (27.0) 0.212

Antidiabetic treatment

Biguanides, n (%) 209.0 (76.0) 72.0 (80.0) 0.434 89.0 (74.8) 30.0 (81.1) 0.432

Sulfonylureas, n (%) 26.0 (9.5) 11.0 (12.2) 0.450 10.0 (8.4) 7.0 (18.9) 0.073

Thiazolidinediones, n (%) 81.0 (29.5) 28.0 (31.1) 0.766 27.0 (22.7) 12.0 (32.4) 0.232

α-glucosidase inhibitors, n (%) 145.0 (52.7) 47.0 (52.2) 0.934 59.0 (49.6) 20.0 (54.1) 0.634

Nateglinides, n (%) 26.0 (9.5) 15.0 (16.7) 0.060 10.0 (8.4) 2.0 (5.4) 0.550

Intensive insulin therapy, n (%) 169.0 (61.5) 53.0 (58.9) 0.665 67.0 (56.3) 26.0 (70.3) 0.130

Pancreatic kininogenase enteric- 

coated tablets, n (%)

50.0 (18.2) 26.0 (28.9) 0.030 33.0 (27.7) 8.0 (21.6) 0.461

Antihypertensive treatment

CCBs, n (%) 51.0 (18.5) 25.0 (27.8) 0.061 24.0 (20.2) 10.0 (27.0) 0.377

ACEIs/ARBs, n (%) 77.0 (28.0) 39.0 (43.3) 0.007 26.0 (21.8) 16.0 (43.2) 0.010

Other antihypertensive drugs, n (%) 9.0 (3.3) 7.0 (7.8) 0.070 3.0 (2.5) 2.0 (5.4) 0.384

Abbreviations: T2DM, type 2 diabetes mellitus; BMI, body mass index; SBP, systolic blood pressure; DR, diabetic retinopathy; DPN, diabetic peripheral neuropathy; CCB, 
calcium channel blocker; ACEI, angiotensin-converting enzyme inhibitor; ARB, angiotensin receptor blocker.

Table 2 Laboratory Measurement Indicators of Newly Diagnosed T2DM Patients

Variable Training Set (n=365) Validation Set (n=156)

Non-DKD (n=275) DKD (n=90) P value Non-DKD (n=119) DKD (n=37) P value

FBG (mg/dl) 176.4 (140.4, 216.0) 168.3 (142.7, 225.9) 0.359 165.6 (144.0, 207.0) 171.0 (141.3, 208.8) 0.945

PBG (mg/dl) 265.5 ± 72.4 267.1 ± 77.2 0.588 259.5 ± 68.3 256.0 ± 65.3 0.783

HbA1c (%) 10.9 ± 2.5 10.6 ± 2.5 0.332 10.7 ± 2.4 10.7 ± 2.1 0.885
FCP (ng/mL) 1.6 (1.1, 2.3) 2.2 (1.6, 2.8) 0.001 1.7 (1.1, 2.3) 1.6 (1.0, 2.3) 0.621

WBC (10^9/L) 6.4 (5.4, 7.6) 6.4 (5.5, 7.6) 0.639 6.5 (5.4, 7.6) 6.5 (5.7, 7.3) 0.924

Hb (g/L) 143.0 (132.0, 153.0) 141.7 (133.0, 150.0) 0.898 144.8 (136.0, 152.3) 140.0 (134.0, 147.0) 0.072
NLR 1.6 (1.2, 2.0) 1.6 (1.2, 2.3) 0.431 1.5 (1.2, 2.0) 1.4 (1.0, 1.8) 0.339

FIB (g/L) 2.5 (2.2, 2.9) 2.4 (2.1, 3.0) 0.857 2.4 (2.2, 2.8) 2.5 (2.2, 3.0) 0.456

D-dimer (ug/L) 140.0 (100.0, 258.8) 146.5 (100.0, 310.0) 0.453 140.0 (100.0, 270.0) 170.0 (100.0, 256.5) 0.924
ALT (U/L) 28.0 (18.0, 43.8) 27.5 (19.5, 52.8) 0.586 25.0 (19.0, 43.0) 22.0 (18.0, 36.5) 0.627

AST (U/L) 16.0 (12.0, 24.0) 15.0 (13.0, 25.0) 0.864 15.0 (12.0, 21.0) 15.0 (11.0, 26.3) 0.754

ALB (g/L) 37.0 (34.4, 39.3) 36.6 (34.5, 40.1) 0.761 37.5 (35.4, 40.0) 35.8 (34.9, 38.0) 0.023
Bicarbonate (mmol/L) 23.7 (22.3, 25.7) 23.9 (22.4, 25.8) 0.542 23.6 (21.9, 25.7) 23.6 (21.3, 25.0) 0.288

BA (mmol/L) 3.6 (2.6, 5.2) 4.6 (2.9, 6.4) 0.012 4.4 (2.9, 6.5) 4.3 (2.9, 5.8) 0.829

BUN (mmol/L) 4.8 (4.0, 5.8) 4.7 (3.9, 6.1) 0.223 4.7 (3.8, 5.7) 5.1 (3.8, 6.6) 0.153
UA (µmol/L) 268.7 (216.6, 317.6) 275.3 (212.3, 357.4) 0.145 255.0 (210.8, 320.5) 288.7 (226.0, 374.5) 0.110

eGFR (mL/min/1.73 m2) 113.2 (94.4, 135.5) 86.9 (77.5, 104.6) <0.001 110.4 (92.5, 136.9) 87.8 (75.5, 105.7) <0.001

TC (mg/dl) 181.5 (156.6, 211.0) 194.1 (161.4, 224.1) 0.056 191.0 (165.5, 216.5) 191.0 (165.3, 211.7) 0.905
TG (mg/dl) 212.2 (145.7, 292.0) 340.7 (196.0, 542.9) <0.001 204.7 (151.5, 308.3) 213.5 (155.1, 419.1) 0.412

HDL (mg/dl) 38.1 (32.1, 44.1) 35.4 (30.9, 40.6) 0.001 39.4 (34.0, 45.2) 39.4 (33.6, 43.7) 0.557

(Continued)
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validation set in a ratio of 7: 3. 365 participants (70%) were randomly assigned to the training set and 156 participants 
(30%) to the validation set. In the training set, 90 patients (24.7%) progressed to DKD, while 37 patients (23.7%) 
progressed to DKD in the validation set. There was no significant difference in demographic and clinical characteristics 
between the training and the validation set (P > 0.05). However, variables of significance include DKD participants being 
on average older in age, having higher FCP, higher BMI, higher BA, higher TG, higher Apob, higher UACR, higher 
HOMA-IR, and TyG index, and having greater proportion with a history of smoking and hypertension, a higher incidence 
of DPN, and a higher utilization rate of some antidiabetic and antihypertensive drugs while having lower eGFR and HDL 
(Table 1 and Table 2). In addition, we also develop logistic and LASSO regression, aiming to identify the related factors 
with DKD.

Comparison of TyG Index and HOMA-IR
To evaluate the performance of the HOMA-IR and TyG index in predicting DKD, we plotted AUC. HOMA-IR and TyG 
index are both tools to assess IR. We determined the AUCs for the TyG index and HOMA-IR in the training set, were 
0.694 (95% CI 0.630 to 0.758) and 0.640 (95% CI 0.575 to 0.705), respectively (Figure 2). The findings were following 
those reported in other studies, which found that TyG index was more accurate than HOMA-IR at predicting the risk of 
IR and DM-related complications.25,26 In addition, multivariate analysis revealed that the HOMA-IR was no statistical 
significance after adjusting confounding variables (Table 3).

LASSO Regression Analysis
To identify the independent significant factors, we used logistic regression and LASSO regression for analysis. We 
conducted a correlation analysis and univariate logistic regression (Figure 3 and Table 3). Correlation analysis found 
a strong collinearity correlation among some variables. LASSO regression, a greedy algorithm, can be used to select the 
most significant variables to avoid overfitting, then establish a more accurate linear regression model.27 According to 
previous reports and univariate analysis, we selected 37 variables related to DKD (age, gender, BMI, smoking, 
hypertension, SBP, HbA1c, FBG, PBG, ALB, BUN, UA, TC, TG, HDL, LDL, Apoa1, Apob, UACR, eGFR, FCP, 
FT4, TyG index, HOMA-IR, DR, DPN, antihypertensive and antidiabetic treatment) for LASSO analysis. Figure 4A 
shows the cross-validation curve result, and the coefficient distribution plot is shown in Figure 4B. Through 10-fold 
cross-validation, we chose the minimum value within 1 standard error and obtained 5 independent variables that were 
finally screened out (Table 4).

Table 2 (Continued). 

Variable Training Set (n=365) Validation Set (n=156)

Non-DKD (n=275) DKD (n=90) P value Non-DKD (n=119) DKD (n=37) P value

LDL (mg/dl) 87.0 (74.3, 107.8) 86.2 (71.2, 108.3) 0.738 92.8 (76.5, 109.8) 94.3 (77.1, 106.9) 0.850

Apoa1 (g/L) 1.2 (1.0, 1.2) 1.2 (1.1, 1.3) 0.306 1.2 (1.1, 1.3) 1.2 (1.1, 1.2) 0.588
Apob (g/L) 1.0 (0.9, 1.2) 1.1 (0.9, 1.4) <0.001 1.0 (0.9, 1.2) 1.0 (0.9, 1.2) 0.957

UACR (mg/g) 10.0 (6.9, 16.8) 10.7 (7.6, 21.1) 0.023 9.1 (6.4, 14.6) 13.4 (8.6, 23.2) 0.002

TyG index 9.8 (9.4, 10.3) 10.3 (9.9, 10.8) <0.001 9.8 (9.4, 10.2) 10.0 (9.4, 10.6) 0.032
HOMA-IR 4.3 (3.1, 6.3) 5.9 (4.0, 7.5) <0.001 4.5 (3.1, 6.2) 4.0 (2.7, 6.5) 0.353

TSH (uIU/mL) 1.9 (1.3, 2.6) 2.1 (1.6, 3.2) 0.077 2.0 (1.4, 2.9) 2.1 (1.3, 2.4) 0.630

FT3 (pmol/L) 4.2 (3.8, 4.7) 4.2 (3.8, 4.6) 0.306 4.3 (3.9, 4.8) 4.1 (3.6, 4.4) 0.036
FT4 (pmol/L) 16.8 (15.0, 18.2) 15.9 (14.5, 18.2) 0.039 16.5 (15.0, 18.6) 16.8 (15.5, 18.2) 0.769

Abbreviations: T2DM, type 2 diabetes mellitus; FBG, fasting blood glucose; PBG, postprandial blood glucose; HbA1c, haemoglobin A1c; FCP, fasting c-peptide; WBC, white 
blood cell; Hb, haemoglobin; NLR, neutrophil to lymphocyte ratio; FIB, fibrinogen; ALT, alanine aminotransferase; AST, aspartate aminotransferase; ALB, albumin; BA, bile 
acid; BUN, blood urea nitrogen; UA, uric acid; eGFR, estimated glomerular filtration rate; TC, total cholesterol; TG, triglyceride; HDL, high-density lipoprotein; LDL, low- 
density lipoprotein; Apoa1, apolipoprotein a1; Apob, apolipoprotein b; UACR, urinary albumin creatinine ratio; TyG index, triglyceride-glucose index; TSH, thyroid 
stimulating hormone; FT3, free triiodothyronine; FT4, free thyroxine.
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Development of an Individualized Prediction Model
To display the prediction model vividly, we applied an individualized dynamic nomogram to visualize it (Figure 5). Then, 
we applied ROC to analyze the performance of the prediction model. Figure 6 shows the AUC of the prediction model. 
For the training set, the predicted AUC of the nomogram was 0.826 (95% CI 0.775 to 0.876), meanwhile, the AUC of the 
validation set was 0.803 (95% CI 0.719 to 0.887).

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.2

0.4

0.6

0.8

1.0

1 - Specificity

Se
ns

it
iv
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TyG index AUC: 0.694 (0.630, 0.758)

HOMA-IR AUC: 0.640 (0.575, 0.705)

Figure 2 ROC curve of TyG index and HOMA-IR. 
Notes: ROC curve of TyG index and HOMA-IR drawn according to the training set. We calculated the AUC of the TyG index and HOMA-IR, which were 0.694 (95% CI 
0.630 to 0.758) and 0.640 (95% CI 0.575 to 0.705), respectively. 
Abbreviations: ROC, receiver operating characteristic; AUC, area under the curve; TyG index, triglyceride-glucose index; HOMA-IR, homeostasis model assessment for 
insulin resistance.

Table 3 Logistic Regression Analysis of DKD-Related Risk Factor

Variables Univariate Logistics 
Regression

Multivariate Logistics 
Regression

OR (95% CI) P value OR (95% CI) P value

Age 1.037 (1.017, 1.057) <0.001 1.007 (0.973, 1.042) 0.687
Gender 1.143 (0.691, 1.889) 0.602

BMI 1.099 (1.021, 1.183) 0.012 1.072 (0.960, 1.198) 0.217

Smoking 1.806 (1.116, 2.923) 0.016 1.819 (0.909, 3.643) 0.091
Hypertension 2.184 (1.347, 3.540) 0.002 0.847 (0.359, 1.998) 0.704

SBP 1.013 (0.999, 1.028) 0.062

FBG 1.004 (0.999, 1.008) 0.117
PBG 1.001 (0.998, 1.004) 0.587

HbA1c 0.953 (0.864, 1.051) 0.331

FCP 1.538 (1.180, 2.004) 0.001 2.130 (0.592, 7.658) 0.247
WBC 1.055 (0.877, 1.152) 0.943

Hb 0.994 (0.979, 1.010) 0.487

NLR 1.076 (0.844, 1.371) 0.557
FIB 0.988 (0.727, 1.342) 0.937

D-dimer 1.000 (1.000, 1.001) 0.342

(Continued)
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Calibration of the Model
To validate the nomogram, we used 1000 bootstrap analysis and draw a calibration curve. The calibration curves of the 
model revealed a strong correlation between the predicted probability and the actual probability, indicating that our 
model had been properly calibrated (Figure 7).

Table 3 (Continued). 

Variables Univariate Logistics 
Regression

Multivariate Logistics 
Regression

OR (95% CI) P value OR (95% CI) P value

ALT 0.999 (0.991, 1.007) 0.790
AST 0.991 (0.974, 1.008) 0.302

ALB 0.991 (0.934, 1.052) 0.773

Bicarbonate 1.031 (0.949, 1.120) 0.467
BA 1.108 (1.032, 1.189) 0.005 1.037 (0.942, 1.142) 0.453

BUN 1.081 (0.943, 1.239) 0.263

UA 1.003 (1.000, 1.006) 0.073
eGFR 0.970 (0.960, 0.981) <0.001 0.962 (0.946, 1.017) <0.001

TC 1.006 (1.001, 1.011) 0.021 0.999 (0.996, 1.002) 0.549

TG 1.002 (1.001, 1.003) <0.001 1.001 (0.990, 1.012) 0.835
HDL 0.953 (0.924, 0.982) 0.002 0.981 (0.945, 1.017) 0.300

LDL 1.000 (0.992, 1.009) 0.930

Apoa1 2.387 (0.493, 
11.550)

0.626

Apob 3.512 (1.688, 7.306) 0.001

UACR 1.049 (1.016, 1.084) 0.004 1.036 (0.998, 1.086) 0.145
TyG index 2.682 (1.875, 3.836) <0.001 4.021 (1.158, 

13.969)

0.029

HOMA-IR 1.194 (1.084, 1.316) <0.001 0.820 (0.512, 1.315) 0.411
TSH 1.154 (1.003, 1.327) 0.046

FT3 0.903 (0.675, 1.207) 0.490

FT4 0.888 (0.806, 0.979) 0.017 0.882 (0.757, 1.028) 0.107
DR 1.636 (0.936, 2.861) 0.084

DPN 2.017 (1.140, 3.571) 0.016 2.890 (1.198, 6.972) 0.018

Antidiabetic treatment

Biguanides 1.263 (0.703, 2.270) 0.485

Sulfonylureas 1.333 (0.631, 2.820) 0.451
Thiazolidinediones 1.082 (0.646, 1.812) 0.766

α-glucosidase inhibitors 0.980 (0.608, 1.578) 0.934

Nateglinides 1.915 (0.965, 3.803) 0.063
Intensive insulin therapy 0.898 (0.553, 1.459) 0.665

Pancreatic kininogenase enteric-coated tablets 1.828 (1.056, 3.166) 0.031 1.579 (0.678, 3.676) 0.290

Antihypertensive treatment

CCBs 1.689 (0.972, 2.935) 0.063

ACEIs/ARBs 1.966 (1.201, 3.220) 0.007 1.602 (0.942, 1.142) 0.292
Other antihypertensive drugs 2.493 (0.901, 6.899) 0.079

Abbreviations: DKD, diabetic kidney disease; BMI, body mass index; SBP, systolic blood pressure; FBG, fasting blood glucose; PBG, postprandial 
blood glucose; HbA1c, haemoglobin A1c; FCP, fasting c-peptide; WBC, white blood cell; Hb, haemoglobin; NLR, neutrophil to lymphocyte ratio; 
FIB, fibrinogen; ALT, alanine aminotransferase; AST, aspartate aminotransferase; ALB, albumin; BA, bile acid; BUN, blood urea nitrogen; UA, uric 
acid; eGFR, estimated glomerular filtration rate; TC, total cholesterol; TG, triglyceride; HDL, high-density lipoprotein; LDL, low-density lipoprotein; 
Apoa1, apolipoprotein a1; Apob, apolipoprotein b; UACR, urinary albumin creatinine ratio; TyG index, triglyceride-glucose index; TSH, thyroid 
stimulating hormone; FT3, free triiodothyronine; FT4, free thyroxine; DR, diabetic retinopathy; DPN, diabetic peripheral neuropathy; CCB, calcium 
channel blocker; ACEI, angiotensin-converting enzyme inhibitor; ARB, angiotensin receptor blocker.
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Clinical Use of the Model
To prove the clinical practicability of the nomogram, we carried out a decision curve analysis (DCA). Figure 8 presents 
the DCA for the DKD nomogram. Between 20% and 40% of T2DM patients progressed to DKD,28 and within this 
cutoff, both decision curves were above the None and All lines. This demonstrated that predicting DKD in newly 
diagnosed T2DM using the nomogram model provides more clinical benefits than either treatment or no treatment for all 
patients.

Figure 3 Clinical indicators correlation analysis. 
Notes: *P value < 0.05, **P value < 0.001, significant correlation between variables. 
Abbreviations: BMI, body mass index; SBP, systolic blood pressure; FBG, fasting blood glucose; PBG, postprandial blood glucose; HbA1c, haemoglobin A1c; FCP, fasting 
c-peptide; WBC, white blood cell; Hb, haemoglobin; NLR, neutrophil to lymphocyte ratio; FIB, fibrinogen; ALT, alanine aminotransferase; AST, aspartate aminotransferase; 
ALB, albumin; BA, bile acid; BUN, blood urea nitrogen; UA, uric acid; eGFR, estimated glomerular filtration rate; TC, total cholesterol; TG, triglyceride; HDL, high-density 
lipoprotein; LDL, low-density lipoprotein; Apoa1, apolipoprotein a1; Apob, apolipoprotein b; UACR, urinary albumin creatinine ratio; TyG index, triglyceride-glucose index; 
TSH, thyroid stimulating hormone; FT3, free triiodothyronine; FT4, free thyroxine; DR, diabetic retinopathy; DPN, diabetic peripheral neuropathy; CCB, calcium channel 
blocker; ACEI, angiotensin-converting enzyme inhibitor; ARB, angiotensin receptor blocker.
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Discussion
Our study was a single-center analysis of prospectively collected data from 521 newly diagnosed T2DM patients, 127 of 
whom had a DKD event. We screened variables through LASSO regression and incorporated 5 variables to construct 
a prediction model. Furthermore, we carried out internal validation, discrimination ability, calibration ability, and clinical 
practicability of the model. These results revealed that the prediction model performed well and had clinical applicability.

Figure 4 LASSO regression analysis. 
Notes: (A) Cross-validation curve. (B) Coefficient distribution plot of 37 variables. The cross-validated error within one standard error of the minimum is shown on the 
right vertical line, while the minimum error is shown on the left vertical line. 
Abbreviation: LASSO, less absolute shrinkage and selection operator.
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Independent prediction indicators were screened by logistic and LASSO regression, and finally, a DKD prediction model 
for predicting newly diagnosed T2DM was developed. Nomogram revealed that age, renal excretion, lipid metabolism, and IR 
may be potential good predictors of DKD. Age is recognized as an independent risk factor for T2DM and DKD.29 Persistent 
microalbuminuria (UACR > 30mg/g) can appear in the early stage of the DKD hyperfiltration state, and metabolic substances 
such as serum creatinine will accumulate with the decrease of renal filtration level in the later period.30 At present, some 

Table 4 LASSO Regression Analysis of 
DKD-Related Risk Factor

Variables Coefficient

Age 0.0242

TG −0.0002

UACR 0.0634
eGFR 0.0377

TyG index 1.0575

Abbreviations: LASSO, less absolute shrinkage and 
selection operator; TG, triglyceride; UACR, urinary 
albumin creatinine ratio; eGFR, estimated glomerular 
filtration rate; TyG index, triglyceride-glucose index.
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Figure 5 Dynamic nomogram developed for predicting DKD in patients with newly diagnosed T2DM. 
Notes: Dynamic nomogram can reflect the score of each variable of patients in actual situation, so as to obtain the corresponding DKD risk probability. The risk probability 
of DKD calculated for the first patient in the cohort by each variable score is shown in the figure above. 
Abbreviations: TG, triglyceride; eGFR, estimated glomerular filtration rate; UACR, urinary albumin creatinine ratio; TyG index, triglyceride-glucose index; DKD, diabetic 
kidney disease; T2DM, type 2 diabetes mellitus.

https://doi.org/10.2147/DMSO.S417300                                                                                                                                                                                                                               

DovePress                                                                                                                                

Diabetes, Metabolic Syndrome and Obesity 2023:16 2070

Mu et al                                                                                                                                                               Dovepress

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
https://www.dovepress.com


scholars considered that mitochondrial dysfunction played an indispensable role in DN, which will cause fatty acid oxidation 
disorder, resulting in abnormal lipid deposition in the kidney.31 Furthermore, many lipid metabolites have been confirmed to 
be related to the complications of DM. As an index of IR, the TyG index performs excellently in predicting complications of 
DM.32,33 TyG index can accurately evaluate whether IR exists only by combining two simple indexes: serum lipid and 
glucose. Moreover, an Australian study investigated the relationship between the TyG index and end-stage renal disease 
(ESRD). The results revealed a positive correlation between the TyG index and ESRD risk.9 Therefore, researchers should not 
ignore the relationship between IR and DKD in the future.

The onset of DKD is hidden, and it may be difficult for patients newly diagnosed with T2DM to realize the risk of 
developing DKD. However, if DKD occurs, we can only take symptomatic treatment (control albuminuria and serum 
glucose), then wait for ESRD to evolve slowly. Therefore, incorporating the clinical variables described above into the 
model and developing a nomogram as a screening tool can well identify newly diagnosed T2DM patients with DKD risk. 
For the identification of our model, the AUC of the training set and the validation set were 0.826 and 0.803, respectively. 
These results revealed that the model had an excellent predictive ability in identifying DKD and non-DKD in T2DM 
patients. The model’s calibration curve revealed a strong correlation between the predicted probability and the actual 
probability, indicating that our model had been properly calibrated. DCA results showed that using this model to predict 
DKD had clinical practicability and benefits patients.

In comparison to previous studies on developing DKD prediction models, our study had some strengths. First, our study 
was a retrospective cohort study with a long-time follow-up. Some patients with DKD have a DM duration of 10 years or 
more, so it may be difficult to collect enough participants with positive outcomes in short-term follow-up and underestimate 
the prevalence rate, which ultimately affects the predictive performance. Secondly, the participants in our study were newly 
diagnosed T2DM patients compared with other research focus individuals, who frequently overlooked the danger of 
developing DKD. Newly diagnosed T2DM patients are a concern in this study, and the prediction model of DKD is 
constructed to find all DKD events in DM patients earlier. Finally, to incorporate all related variables, we initially investigated 
the pathological process and risk factors for T2DM and its complications. IR is a major pathogenic factor and characteristic of 
T2DM, causing concomitant injury to various target organs, and DKD is no exception.34,35 It is crucial to find an index for 
assessing IR since it is the chief culprit of glucose metabolism disorders. The performance of the TyG index and the HOMA- 
IR as IR evaluation indexes varies throughout other studies. Hence, we used AUC to distinguish the performance of the TyG 
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Figure 6 ROC curves of the predictive model. 
Notes: For the training set, the predicted AUC of the nomogram was 0.826 (95% CI 0.775 to 0.876), meanwhile, the AUC of the validation set was 0.803 (95% CI 0.719 to 0.887). 
Abbreviations: ROC, Receiver operating characteristic; AUC, area under the curve; V set, validation set; T set, training set.
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Figure 7 Calibration curves of the nomogram. 
Notes: (A) Calibration curve of the model in the training group. (B) Calibration curve of the model in the validation group. The calibration curve reflects the consistency 
between the predicted probability and the actual probability. Y-axis = actual probability of DKD. X-axis = predicted probability of DKD. The shadow line represents a perfect 
prediction by an ideal model. The red line represents the performance of our model, which coincides well with the shadow line. 
Abbreviation: DKD, diabetic kidney disease.
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index from the HOMA-IR and finally revealed that the TyG index performs better. Therefore, we incorporated significant 
correlation factors including the TyG index, constructing a more accurate prediction model.

There were still some limitations in this trial. First, the lack of external validation was one of the important limitations of 
our study. To duplicate and externally verify the results of this study, more investigation is required. Secondly, this was 

Figure 8 DCA for the nomogram. 
Notes: (A) Decision curve of the model in the training group. (B) Decision curve of the model in the validation group. The y-axis measures the net benefit. The solid red 
line represents the nomogram. The solid gray line represents the assumption that all patients have DKD. The solid black line represents the assumption that no patients have 
DKD. 
Abbreviations: DCA, decision curve analysis; DKD, diabetic kidney disease.
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a cohort study with limited sample size, so the endpoint event was defined as the occurrence of DKD, and no subgroup 
analysis was carried out. If DKD was divided into subgroups with different renal function levels according to eGFR stages, 
the research results would be more abundant. In addition, the family history of DM was missing from baseline data, and it is 
undeniable that it is also a significant factor in the development of DKD. Finally, since this was a retrospective cohort study, 
it may suffer from recollection bias and loss of follow-up. In this cohort study, there were 82 participants with loss to follow- 
up, which was controlled within 10% and had no significant impact on the outcome.

Conclusion
In conclusion, the new DKD progression model for T2DM patients constructed in this study had excellent identification 
and calibration ability, which was helpful for clinical practice. In the future, we need to integrate large-scale T2DM 
cohort studies to further verify this nomogram prediction model.
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