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Purpose: Diabetic nephropathy (DN) is a common complication of type 2 diabetes mellitus (T2DM) that significantly impacts the 
quality of life for affected patients. Dyslipidemia is a known risk factor for developing cardiovascular complications in T2DM patients. 
However, the association between serum lipoprotein(a) (Lp(a)) and high-density lipoprotein cholesterol (HDL-C) with DN requires 
further investigation.
Patients and Methods: For this cross-sectional study, we randomly selected T2DM patients with nephropathy (DN, n = 211) and 
T2DM patients without nephropathy (T2DM, n = 217) from a cohort of 142,611 patients based on predefined inclusion and exclusion 
criteria. We collected clinical data from the patients to identify potential risk factors for DN using binary logistic regression and 
machine learning. After obtaining the feature importance score of clinical indicators by building a random forest classifier, we 
examined the correlations between Lp(a), HDL-C and the top 10 indicators. Finally, we trained decision tree models with top 10 
features using training data and evaluated their performance with independent testing data.
Results: Compared to the T2DM group, the DN group had significantly higher serum levels of Lp(a) (p < 0.001) and lower levels of 
HDL-C (p = 0.028). Lp(a) was identified as a risk factor for DN, while HDL-C was found to be protective. We identified the top 10 
indicators that were associated with Lp(a) and/or HDL-C, including urinary albumin (uALB), uALB to creatinine ratio (uACR), cystatin 
C, creatinine, urinary ɑ1-microglobulin, estimated glomerular filtration rate (eGFR), urinary β2-microglobulin, urea nitrogen, superoxide 
dismutase and fibrinogen. The decision tree models trained using the top 10 features and with uALB at a cut-off value of 31.1 mg/L 
showed an average area under the receiver operating characteristic curve (AUC) of 0.874, with an AUC range of 0.870 to 0.890.
Conclusion: Our findings indicate that serum Lp(a) and HDL-C are associated with DN and we have provided a decision tree model 
with uALB as a predictor for DN.
Keywords: type 2 diabetes mellitus, diabetic nephropathy, high density lipoprotein cholesterol, lipoprotein(a), machine learning

Introduction
Diabetic nephropathy (DN) is the most common complication of diabetes, characterized by renal microangiopathy, and it 
occurs in approximately 40% of type 2 diabetes mellitus (T2DM) patients.1 Currently, DN has become the major 
contributor of chronic renal disease (CKD), renal failure2 and end-stage renal disease.3 DN could also lead to an increase 
of cardiovascular mortality.4 The main manifestations of DN are the changes in renal morphology and function, such as 
decreased estimated glomerular filtration rate (eGFR) and renal hypertrophy at an early stage, proteinuria, decreased 
renal function, and even glomerulosclerosis at late stage.5 The American Diabetes Association recommends using eGFR 
as an indicator for the progression of CKD and divides CKD into five stages (eGFR <15, 15–30, 30–60, 60–90, >90 mL/ 

Diabetes, Metabolic Syndrome and Obesity 2023:16 1847–1858                                         1847
© 2023 Gao et al. This work is published and licensed by Dove Medical Press Limited. The full terms of this license are available at https://www.dovepress.com/terms.php 
and incorporate the Creative Commons Attribution – Non Commercial (unported, v3.0) License (http://creativecommons.org/licenses/by-nc/3.0/). By accessing the work 

you hereby accept the Terms. Non-commercial uses of the work are permitted without any further permission from Dove Medical Press Limited, provided the work is properly attributed. For 
permission for commercial use of this work, please see paragraphs 4.2 and 5 of our Terms (https://www.dovepress.com/terms.php).

Diabetes, Metabolic Syndrome and Obesity                                           Dovepress
open access to scientific and medical research

Open Access Full Text Article

Received: 20 February 2023
Accepted: 10 May 2023
Published: 22 June 2023

http://www.dovepress.com/permissions.php
https://www.dovepress.com/terms.php
http://creativecommons.org/licenses/by-nc/3.0/
https://www.dovepress.com/terms.php
https://www.dovepress.com


min/1.73m2).6 Importantly, the presence of proteinuria, reduced eGFR and renal pathological damage can be used for 
clinical diagnosis of DN.6 Determining urinary albumin (uALB) is useful for identifying diabetic patients at risk for 
developing DN.7

Glucose metabolic disorders can cause renal microangiopathy, leading to changes in glomerular filtration rate and 
renal blood flow.8 Dyslipidemia promotes the subcutaneous deposition of lipids in blood vessels, leading to athero-
sclerosis and cardio-cerebrovascular diseases (ASCVD).9 Long-term hyperglycemia and lipid disorders in T2DM could 
lead to ASCVD.10,11 Patients with concomitant DM and ASCVD tend to have a higher risk of future cardiovascular 
events.12 Particularly, lipoprotein(a) (Lp(a)) is an independent risk factor for ASCVD.13 Lowering LDL cholesterol 
(<100 mg/dl) is an effective strategy for preventing the development of microalbuminuria and delaying the progression 
of nephropathy.14 A prospective study in Korean population demonstrated that Lp(a) is an independent risk factor for the 
progression of DN in T2DM patients with overt proteinuria.15 In addition, in patients with type 1 diabetes, abnormal 
lipids are closely related to the occurrence of proteinuria, affecting the occurrence of macrovascular and microvascular 
complications.16 These studies suggest that abnormal blood lipids are involved in the occurrence and development of 
DN. Lowering Lp(a) and increasing HDL-C therapy could prevent T2DM patients from developing DN.

Machine learning has been used for disease diagnosis/prediction, risk assessment and gene diagnosis. Olufemi 
Aromolaran et al applied machine learning for gene importance prediction.17 As a common classifier in machine 
learning, random forest has a good classification performance, and its built-in feature selection method could be used 
for molecular marker prediction.18 Early diagnosis of DN will be beneficial to the improvement of the life quality of 
T2DM patients. In this study, we aimed to obtain the feature importance score of clinical data from T2DM patients with 
or without nephropathy by building a random forest classifier, evaluate the correlations of the top 10 indicators with 
Lp(a) and HDL-C, and train a decision tree model for DN prediction.

Materials and Methods
Study Population
This cross-sectional study received approval from the Ethics Committee of Zhongnan Hospital, and it adhered to the 
provisions set forth in the Declaration of Helsinki. Informed consent was waived due to the following reasons: (1) 
participants’ information was de-identified to safeguard their privacy; (2) no direct contact was made with the 
participants to collect samples, therefore no additional risk was posed to them; (3) all participants were discharged, 
and the data were not required to be shared with them; and (4) all findings were intended for scientific exploration only 
and not for diagnosis or commercial purposes. Initially, we obtained data from 142,611 patients with available blood 
lipids or urinary microalbumin from Zhongnan Hospital of Wuhan University between August 2016 and November 2022. 
The inclusion criteria were age >18 years and referral for T2DM patients with or without nephropathy. The clinical 
diagnosis of the enrolled patients was based on the Standards of Medical Care in Diabetes-2020.6,19 The exclusion 
criteria included type 1 diabetes, gestational diabetes, other types of diabetes; acute complications of diabetes (such as 
diabetic ketoacidosis, etc.); other types of nephropathy, malignant tumors, and patients with missing clinical data.

Data Collection and Description
For this cross-sectional study, we randomly selected 211 cases of T2DM patients with nephropathy (DN group) and 217 
cases of T2DM patients without nephropathy (T2DM group) from a cohort of 142,611 patients. We ensured gender and age 
matching between the two groups, and the process of selecting the study population is outlined in Supplementary Figure S1. 
We collected clinical information of 428 patients from their medical records using a standard protocol (Supplementary 
Table S1). The data were divided into training data (DN = 161, T2DM = 167; 57 features) and testing data (DN = 50, 
T2DM = 50; 57 features). The rate of missing values was 10.19%, with most of the missing data concentrated in height, 
weight, BMI, serum amyloid protein, urinary creatinine, urinary β2-microglobulin (ug/L) and urinary ɑ1-microglobulin 
(mg/L), which accounted for about 62% of the total missing data. The results of this study were based on training data, 
while the test data were only used for model testing.
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Calculations of uACR and eGFR
The equations for calculating uACR:

uALB is urinary microalbumin (mg/L). uCREA is urinary creatinine (μmol /L).
eGFR were calculated from the 2012 Collaborative Equation for the Epidemiology of Chronic Kidney Disease (CKD- 

EPICYSC):

Scys is serum cystatin C (mg/dL), κ = 0.8, “min” indicates the minimum of Scys/κ or 1, and “max” indicates the 
maximum of Scys/κ or 1.20

Data Preprocessing
As there are missing values present in the dataset, we employ the K-nearest neighbor21 imputation method to fill in any 
gaps. This method utilizes the mean value of the top-k nearest neighbors to impute the missing value, ensuring that there 
are no missing values remaining in the dataset. Once the imputation process is complete, we divide the data into training 
and testing sets. We treat the value of K in K-nearest neighbor as a hyperparameter and conduct a hyperparameter search 
to identify the optimal value for our model. Our experiment finds that setting K = 5 yields the most accurate model 
predictions on the validation data. Thus, we will use K = 5 as our choice for K.

Building Predictive Decision Tree Models
In this study, our pipeline of building models was as follows:

1. Extract the feature set X and corresponding label set Y from the training data, and construct a random forest 
classifier22 using the default parameters. Subsequently, calculate the feature importance scores.

2. Sort the feature importance scores in descending order and choose the top 10 features based on their importance 
scores.

3. Train the decision tree model using the top 10 features selected by random forest for better interpretability. We 
employed 5-fold cross-validation23 to partition the training data, with 80% of the data serving as the training set to 
build the tree model and 20% as the validation set to test the tree model performance. Successive halving 
search24,25 was used to tune the hyperparameters, and we selected the optimal hyperparameter based on the 
lowest averaged validation loss.

4. Build the tree model on the entire training set using the best hyperparameters identified in step 3.

Evaluation Tree Model
We obtained the prediction of the tree model on the testing set, compared the predicted label and ground-truth label, and 
calculated the AUC score. We repeated the above process 10 times to ensure the stability of our results.

Statistical Analysis
All statistical analyses were performed by SPSS 25.0. The continuous variables of normal distribution were expressed as 
mean ± standard deviation (�X � SD), and the continuous variables of skewed distribution were presented as median 
(25th-75th percentile). Student’s t-test, Mann–Whitney U-test or Kruskal–Wallis test was used to compare clinical 
parameters among groups. The Spearman’s rank correlation was applied for correlation evaluation. χ2 tests were used 
to compare frequencies between two groups. All statistical analysis was two-sided, and p value < 0.05 was considered 
statistically significant.
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Results
Serum Lp(a) is Increased and HDL-C is Decreased in T2DM Patients with 
Nephropathy
The comparison of clinical data between T2DM group and DN group was presented in Supplementary Table S1. There 
was no difference in the distribution of age and sex, indicating that the effects of age and sex on lipid changes could be 
negligible. However, compared with T2DM group, the level of Lp(a) was increased and HDL-C was decreased in DN 
group (Figure 1A and B). There was no difference in cholesterol, triglyceride, low-density lipoprotein cholesterol, small 
dense low-density lipoprotein cholesterol, free fatty acid or phospholipid levels (Table 1). Taken together, the distinct 
features of lipid disorders between DN group and T2DM group are the changes of Lp(a), and HDL-C levels.

To investigate the difference of Lp(a) and HDL-C across various stages of CKD, T2DM patients with nephropathy 
were divided into three groups based on eGFR (<30, 30–60, >60 mL/min/1.73m2), due to the small number of patients 
with eGFR < 15 and eGFR >90. By Kruskal–Wallis H-test, we found that an increase of eGFR was associated with 
a decline in Lp(a) levels (Figure 1C), whereas an increase of eGFR was associated with elevation of HDL-C (Figure 1D).

Lp(a) is a Risk Factor, While HDL-C is a Protective Factor for DN
Binary logistic regression analysis (0 for T2DM group and 1 for DN group) was used to evaluate whether Lp(a) and 
HDL-C were the risk factors of DN. After adjusting age, sex, BMI, systolic blood pressure (SBP) and diastolic blood 

Figure 1 Increased Lp(a) and decreased HDL-C presenting a risk factor for DN. (A) The level of serum lipoprotein(a) in DN group was higher than that in T2DM group. (B) 
The level of serum HDL-C in DN group was lower than that in T2DM group. (C) The increase of eGFR was associated with the decline of Lp(a) level. (D) The increase of 
eGFR was associated with the elevation of HDL-C level. (E) Binary logistic regression analysis showed Lp(a) was a risk factor, while HDL-C was a protective factor for DN. 
(F) χ2 test showed the incidence of DN in the high-Lp(a) group was higher than that in the low-Lp(a) group (61.18% vs 37.75%). (G) χ2 test showed the incidence of DN in 
the high-HDL-C group was lower than that in the low-HDL-C group (43.48% vs 55.48%). *p < 0.05; **p< 0.01; ***p < 0.001.
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pressure (DBP), Lp(a) was found to be a risk factor for DN (OR = 1.005; 95% CI, 1.002–1.008), while HDL-C was 
a protective factor (OR = 0.225; 95% CI, 0.076–0.668) (Figure 1E). Then, based on the median of Lp(a), patients were 
divided into low-Lp(a) group (Lp(a) <64.30mg/L) and high-Lp(a) group (Lp(a) ≥64.30mg/L). Similarly, patients were 
divided into low-HDL-C group (HDL-C <0.97mmol/L) and high-HDL-C group (HDL-C ≥0.97mmol/L). χ2 test showed 
that the incidence of DN in the high-Lp(a) group (61.18%) was higher than that of the low-Lp(a) group (37.75%) (p < 
0.001, Figure 1F), while the incidence of high-HDL-C group (43.48%) was lower than that of the low-HDL-C group 
(55.48%) (p = 0.033, Figure 1G).

Top 10 Indicators Ranking by the Feature Importance Score
As shown in Table 2, the feature importance score of 57 clinical parameters were obtained by building a random forest 
classifier. After ranking the feature importance score, the top 10 indicators were urinary albumin (uALB), uALB to 
creatinine ratio (uACR), cystatin C, creatinine, urinary ɑ1-microglobulin, eGFR, urinary β2-microglobulin, urea nitrogen, 
superoxide dismutase and fibrinogen. Of which, the top 8 feature indicators are well known for renal function evaluation 
in clinical practice.

Correlations Between Lp(a) and Top 10 Indicators
To evaluate whether Lp(a) was related to the top 10 indicators in DN, we performed Spearman’s rank correlation 
analysis. As illustrated in Figure 2, there were positive correlations between serum Lp(a) and uALB (r = 0.207, p = 
0.001), uACR (r = 0.214, p = 0.006), cystatin C (r = 0.186, p = 0.001), urinary ɑ1-microglobulin (r = 0.209, p = 0.033), 
urinary β2-microglobulin (r = 0.208, p = 0.031), fibrinogen (r = 0.414, p < 0.001) and negative correlations between 
Lp(a) and eGFR (r = −0.201, p = 0.001) and superoxide dismutase (r = −0.286, p < 0.001). However, Lp(a) was not 
related to creatinine and urea nitrogen. In short, Lp(a) was related to 8 out of 10 indicators, suggesting that higher level of 
Lp(a) implicated poor renal function.

Table 1 Serum Lipids Comparison of Type 2 Diabetes Mellitus Patients with or 
without Nephropathy

Parameter T2DM Group DN Group p value
(n=167) (n=161)

Age (years) 60 ± 1 61 ± 1 0.784
Male, n (%) 167 (66.47%) 161 (65.84%) 0.904

SBP (mmHg) 131 (120, 140) 138 (126, 150) <0.001

DBP (mmHg) 77.0 (70.0, 84.0) 80.0 (74.5, 90.0) 0.002
Height (cm) 169 (162, 174) 168 (162, 172) 0.290

Weight (kg) 69.5 (61.0, 77.0) 71.9 ± 1.2 0.114

BMI (kg/m^2) 24.11 (22.34, 27.36) 25.76 ± 0.32 0.010
Cholesterol (mmol/L) 4.52 ± 1.11 4.37 (3.50, 5.20) 0.286

Triglyceride (mmol/L) 1.49 (1.09, 2.31) 1.62 (1.11, 2.43) 0.472

HDL-C (mmol/L) 1.00 (0.85, 1.20) 0.94 (0.78, 1.16) 0.028
LDL-C (mmol/L) 2.70 ± 0.870 2.46 (1.73, 3.24) 0.056

sdLDL-C (mmol/L) 1.03 (0.73, 1.34) 0.90 (0.70, 1.26) 0.214

Lp(a) (mg/L) 51.20 (31.15, 92.35) 85.25 (41.55, 193.4) <0.001
NEFA (μmol/L) 428 (313, 575) 419 ± 213 0.171

Phospholipid (mmol/L) 2.42 ± 0.471 2.37 (1.99, 2.71) 0.622

Abbreviations: T2DM, type 2 diabetes mellitus without nephropathy; DN, type 2 diabetes mellitus with 
nephropathy; SBP, systolic blood pressure; DBP, diastolic blood pressure; BMI, body Mass Index; HDL-C, high 
density lipoprotein cholesterol; LDL-C, low density lipoprotein cholesterol; sdLDL-C, small dense low- 
density lipoprotein cholesterol; Lp(a), lipoprotein(a); NEFA, free fatty acid.
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Table 2 Ranking of Index Importance

Index Importance Score Standard Deviation

uALB (mg/L) 0.147639962 0.006891206
uACR (mg/g) 0.102045601 0.003800898
Cystatin C (mg/L) 0.059223046 0.003244178
Creatinine (μmol/L) 0.049524732 0.00194059
Urinary ɑ1-microglobulin (mg/L) 0.045712685 0.00290581
eGFR (mL/min/1.73m^2) 0.045155647 0.002332287
Urinary β2-microglobulin (ug/L) 0.03748505 0.002362612
Urea nitrogen (mmol/L) 0.034022249 0.002582486
Superoxide dismutase (U/L) 0.019634366 0.000966312
Fibrinogen (mg/dL) 0.018179109 0.00113984
Carbon dioxide (mmol/L) 0.016206725 0.001016206

Serum amyloid protein (mg/L) 0.015993248 0.000712355
Globulin (g/L) 0.013687041 0.000593917

Sialic acid (mg/L) 0.013529818 0.0006511

Uric acid (μmol/L) 0.012908594 0.000778313
A/G 0.01284098 0.000595353

Calcium (mmol/L) 0.01260451 0.000488119

BMI (kg/m^2) 0.012526778 0.000681684
D-dimer (ng/mL) 0.011876261 0.000750182

K+ (mmol/L) 0.011870701 0.000699801

Indirect bilirubin (μmol/L) 0.011353344 0.000810906
NEFA (μmol/L) 0.010846996 0.000273531

Urinary creatinine (μmol/L) 0.010737078 0.000569962

Total protein (g/L) 0.010736913 0.000467672
DBP (mmHg) 0.010734574 0.000707376

Glucose (mmol/L) 0.010620109 0.000633742

SBP (mmHg) 0.010597897 0.000662161
Albumin (g/L) 0.01044024 0.000721211

Age (years) 0.010135166 0.000374472

Phosphate (mmol/L) 0.009667562 0.000397528
APTT (s) 0.009401446 0.00055728

Weight (kg) 0.009323374 0.000446333

Cl− (mmol/L) 0.009303612 0.000287252
Triglyceride (mmol/L) 0.009100923 0.000515982

Total bilirubin (μmol/L) 0.008891763 0.000335444

Complement C1q (mg/L) 0.008770598 0.000406383
AST/ALT 0.008614687 0.000359756

Thrombin time (s) 0.008480246 0.000327303

Na+ (mmol/L) 0.008469606 0.000289718
Mg2+ (mmol/L) 0.008138087 0.000343414

HDL-C (mmol/L) 0.008009633 0.000404038

Total bile acid (μmol/L) 0.007937504 0.000534054
PTTA (%) 0.007768872 0.00030398

Direct bilirubin (μmol/L) 0.007696741 0.000478416

Lp(a) (mg/L) 0.007608078 0.000479737
Height (cm) 0.007342507 0.000430207

γ-glutamyl transpeptidase (U/L) 0.00719477 0.000460904

Phospholipid (mmol/L) 0.007146312 0.000340156
Alkaline phosphatase (U/L) 0.006849449 0.000289154

ALT (U/L) 0.006845283 0.0005644

LDL-C (mmol/L) 0.006786628 0.000308364

(Continued)
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Correlations Between HDL-C and Top 10 Future Indicators
We then performed Spearman’s rank correlation analysis to explore the correlations between HDL-C and the top 10 
future indicators. As shown in Figure 3, HDL-C was negatively correlated with uALB (r = −0.133, p = 0.027), uACR 
(r = −0.155, p = 0.041), cystatin C (r = −0.194, p = 0.001), and creatinine (r = −0.212, p < 0.001). In addition, HDL-C 

Table 2 (Continued). 

Index Importance Score Standard Deviation

Prothrombin time (s) 0.006541392 0.000557753

INR (%) 0.006455686 0.000303502
sdLDL-C (mmol/L) 0.006176813 0.000465997

Cholesterol (mmol/L) 0.005758407 0.000413009

AST (U/L) 0.005700455 0.000392745
Sex 0.001150145 0.0001483

Notes: Bold font represents the top 10 indicators after ranking the feature importance score. 
Abbreviations: SBP, systolic blood pressure; DBP, diastolic blood pressure; BMI, body Mass Index; HDL-C, high 
density lipoprotein cholesterol; LDL-C, low density lipoprotein cholesterol; sdLDL-C, small dense low-density 
lipoprotein cholesterol; Lp(a), lipoprotein(a); NEFA, free fatty acid; eGFR, estimated glomerular filtration rate; 
uALB, urinary albumin; uCREA, urinary creatinine; uACR, urinary albumin to creatinine ratio; ALT, alanine 
aminotransferase; AST, aspartate aminotransferase; INR, International standardized ratio; PTTA, prothrombin 
time activity; APTT, activated partial thromboplastin time.

Figure 2 Correlations between Lp(a) and top 10 indicators. Serum Lp(a) was positively correlated with uALB, uACR, cystatin C, urinary ɑ1-microglobulin, urinary 
β2-microglobulin and fibrinogen, while negatively correlated with eGFR and superoxide dismutase. Lp(a) was not related to creatinine and urea nitrogen. 
Abbreviations: uALB, urinary microalbumin; uACR, urinary albumin to creatinine ratio; r, related coefficient; p, p value.
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was positively correlated with eGFR (r = 0.240, p < 0.001) and superoxide dismutase (r = 0.165, p = 0.007). However, 
HDL-C was not related to urinary ɑ1-microglobulin, urinary β2-microglobulin, urea nitrogen and fibrinogen. Our data 
indicated that higher HDL-C is associated with better renal function.

Decision Tree Models for DN Prediction
As shown in Figure 4, the top-ranked index uALB showed robust performance for DN predication. The area under the 
receiver operating characteristic curve (AUC) of the decision tree models at cut-off value of 31.1mg/L ranged from 0.870 
to 0.890, with an average AUC of 0.874.

Discussion
For the first time, we employed a combination of machine learning and correlation analysis to explore the links between 
Lp(a), HDL-C, and diabetic nephropathy. This led us to develop a decision tree model with uALB for predicting DN, 
which showed an AUC of 0.874 and a trained cut-off value that aligns with the clinical normal range (uALB <= 30 mg/ 
L), providing a reliable and simple model for clinical DN prediction. Our data indicated that Lp(a) is a risk factor for DN, 
while HDL-C is a protective factor after controlling blood pressure. Furthermore, Lp(a) and HDL-C were associated with 
the top 10 indicators selected from 57 clinical parameters by feature selection with random forest classifier, emphasizing 
their clinical significance for assessing DN.

In line with previous reports,26 we found that higher levels of serum Lp(a) are associated with renal insufficiency in 
diabetes patients. For instance, Lp(a) was related to renal function indicators (uALB, uACR, eGFR, urea nitrogen, 
creatinine and cystatin C). However, the role of Lp(a) in the pathogenesis of DN remains unclear. Lp(a) can mediate 

Figure 3 Correlations between HDL-C and top 10 indicators. Serum HDL-C was negatively correlated with uALB, uACR, cystatin C and creatinine. HDL-C was positively 
correlated with eGFR and superoxide dismutase. HDL-C was not related to urinary ɑ1-microglobulin, urinary β2-microglobulin, urea nitrogen and fibrinogen. 
Abbreviations: uALB, urinary microalbumin; uACR, urinary albumin to creatinine ratio; r, related coefficient; p, p value.
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inflammation, promote thrombosis and atherosclerotic plaque formation.27 Mechanically, Lp(a) induces endothelial cells 
to express adhesion molecules vascular cellular adhesion molecule-1, E-selectin and monocyte chemoattractant protein, 
promotes endothelial cell proliferation and foam cell formation, mediates plaque inflammation, inhibits the production of 
anti-atherosclerotic nitric oxide, promotes tissue factor-mediated thrombosis, and induces platelet activation.28 Oxidative 
stress and glomerular atherosclerosis mediated by Lp(a)-induced reactive oxygen metabolites also play important roles in 
the pathogenesis of DN.29–31 Interestingly, we observed a negative correlation between Lp(a) and superoxide dismutase 
activity, which is the first line of defense against reactive oxygen species-mediated damage.32
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Figure 4 Decision tree models for DN prediction. Gini represents the purity of the node. 
Abbreviation: AUC, area under the receiver operating characteristic curve.
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Lp(a) has been reported to inhibit the fibrinolytic system, leading to hypercoagulable state and renal damage.33 DN is 
related to changes in the coagulation system,34–36 and our results indicated that the hypercoagulable state in T2DM 
patients with nephropathy was related to Lp(a) (Supplementary Table S2). Lp(a) was positively correlated with blood 
fibrinogen and D-dimer, which significantly increased in T2DM patients with nephropathy. However, our data did not 
show any correlation between Lp(a) and creatinine. This can be attributed to the fact that the main determinant of Lp(a) is 
liver uptake, and the mechanism of regulating Lp(a) secretion by the kidney differs between individuals with impaired 
renal function and those with a normal to moderate decrease in renal clearance.37–39 Even under physiological conditions, 
the kidney accounts for only 1.3% of Lp(a) clearance.38

Low levels of HDL-C have been considered an independent risk factor for the development and progression of DN,40 

and our results confirmed this. HDL-C has nephroprotective, anti-atherosclerotic, and anti-inflammatory effects.41,42 Our 
data revealed correlations between HDL-C and several renal function indicators, suggesting that low levels of HDL-C in 
T2DM patients with nephropathy are associated with poor renal function. Furthermore, HDL-C is involved in oxidative 
stress and regulates endothelial cell apoptosis, vascular smooth muscle, and platelet function.43,44 The regulation of 
HDL-C on endothelial cells is dependent on calcium homeostasis,43 and our results showed that the level of HDL-C was 
positively correlated with antioxidant levels and calcium levels (Supplementary Table S3).

There were still several limitations in this study. First, due to various therapeutic requirements of the patients, their 
diets, exercise and drug treatments could not be normalized, which prevented us from taking these factors into account in 
the current study. Second, although our correlation and machine learning data found connections between Lp(a), HDL-C 
and diabetic nephropathy, more direct causal evidence was lacking. Third, this was a retrospective and single-center 
study, therefore, a multicenter prospective study and mechanism investigations will be necessary in the future.

Conclusion
In summary, the increase of Lp(a) was a risk factor for DN, while the decrease of HDL-C was a protective factor. We 
reported serum Lp(a) and HDL-C related to the top 10 features of DN. We also provided a decision tree model for DN 
prediction, and uALB could be a reliable and easily detectable indicator.
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