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Abstract
Background  The heterogeneity of Type 2 Diabetes Mellitus (T2DM) complicated with renal diseases has not been fully 
understood in clinical practice. The purpose of the study was to propose potential predictive factors to identify diabetic 
kidney disease (DKD), nondiabetic kidney disease (NDKD), and DKD superimposed on NDKD (DKD + NDKD) in T2DM 
patients noninvasively and accurately.
Methods  Two hundred forty-one eligible patients confirmed by renal biopsy were enrolled in this retrospective, analytical 
study. The features composed of clinical and biochemical data prior to renal biopsy were extracted from patients’ electronic 
medical records. Machine learning algorithms were used to distinguish among different kidney diseases pairwise. Feature 
variables selected in the developed model were evaluated.
Results  Logistic regression model achieved an accuracy of 0.8306 ± 0.0057 for DKD and NDKD classification. Hematocrit, 
diabetic retinopathy (DR), hematuria, platelet distribution width and history of hypertension were identified as important 
risk factors. Then SVM model allowed us to differentiate NDKD from DKD + NDKD with accuracy 0.8686 ± 0.052 where 
hematuria, diabetes duration, international normalized ratio (INR), D-Dimer, high-density lipoprotein cholesterol were the 
top risk factors. Finally, the logistic regression model indicated that dd-dimer, hematuria, INR, systolic pressure, DR were 
likely to be predictive factors to identify DKD with DKD + NDKD.
Conclusion  Predictive factors were successfully identified among different renal diseases in type 2 diabetes patients via 
machine learning methods. More attention should be paid on the coagulation factors in the DKD + NDKD patients, which 
might indicate a hypercoagulable state and an increased risk of thrombosis.
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Introduction

The growing prevalence of Diabetes Mellitus (DM) world-
wide, especially type 2 DM (T2DM), greatly increases the 
incidence of microvascular complications in DM patients 
without well intervention on glucose control [1]. Diabetic 
kidney disease (DKD) is a typical representative of micro-
vascular damage in T2DM and characterized with slow 
progression that needs several years develop from micro-
albuminuria to macroalbuminuria clinically [2]. Due to the 
heterogeneity in T2DM patients with renal lesions, there 
exists three histopathological patterns after renal biopsy, 
including pure DKD, nondiabetic kidney disease (NDKD) 
alone and DKD superimposed on NDKD (DKD + NDKD). 
How to identify various types of kidney diseases in patients 
with T2DM has become a primary issue in the clinical diag-
nosis of them.

The diagnosis and treatments of DKD are quite different 
from NDKD, which is not caused by the hyper-glycemia 
environment [3]. NDKD can be cured by one or combina-
tion of a variety of therapies (such as immunosuppressants), 
while the treatment of DKD passively focus on delaying 
progression to end-stage renal disease (ESRD). Compared 
to NDKD patients, patients with DKD, or with DKD super-
imposed on NDKD were associated with poor prognosis 
and had high mortality after 10 years of renal biopsy [4, 
5]. Although kidney biopsy is the gold standard to identify 
specific kidney diseases, it is not generally applied in T2DM 
patients due to risk of bleeding and inflammation [6]. There-
fore, it is desirable to develop noninvasive methods to assist 
diagnosis of these three types of kidney diseases.

Many efforts have been devoted to establishing models 
or identify risk factors associated with DKD and NDKD 
through conventional statistical analysis [7–15]. Recently, 
machine learning methods are also used to predict progres-
sion of DKD [16, 17]. However, there are few studies on spe-
cific indicators for clinical diagnosis of DKD superimposed 
on NDKD. On the one hand, patients with both DKD and 
NDKD form a complex disease type that comprised of both 
DM-related renal injury and damage to the kidney itself. On 
the other hand, cases of samples are limited comparing to 
DKD and NDKD.

In this paper, we present a retrospective study concern-
ing T2DM with renal diseases after kidney biopsy using 
machining learning algorithms. The aim of this study not 
limited to the feature variables between DKD and NDKD, 
but also further analyze the risk factors for differentiating 
DKD + NDKD from DKD and DKD + NDKD from NDKD.

Methods

Patients’ selection

The study was carried out by screening T2DM hospitalized 
patients who underwent renal biopsy from January 2015 to 
December 2020 in the Department of Nephrology, Shanxi 
Provincial People’s Hospital. Only patients with clinical 
diagnosis of T2DM and definite pathological diagnosis were 
included. Patients with incomplete data, malignancy, severe 
infection or secondary diabetes mellitus were excluded in 
this study. The flowchart of patients’ selection is shown in 
Fig. 1. The diagnosis of T2DM was based on the criteria 
established by the World Health Organization in 1998 [18]. 
Indications for kidney biopsy were compiled based on the 
criteria of 2007 KDOQI guidelines [19]. The study design 
was approved by the Ethics Review Committee of Shanxi 
Provincial people’s Hospital ([2021] Provincial Medical 
Opinions No. 354). The informed consents were agreed to 
waive due to its retrospective research design.

Feature selection and pre‑processing

Compared with previous study that used the criteria of 2007 
KDOQI guidelines [19] as the prior for factor analysis, all 
the biochemical parameters and clinical data of the patients 
were used here to identify the leading risk factors for assist-
ing diagnose. Because the same medical items had been 
checked more than once during the patients’ hospitaliza-
tion, the data of biochemical parameters prior to renal biopsy 
were collected. Features with more than 40% missing from 
the records of patients were removed. Finally, 99 features 
were used for statistical and machine learning analysis as 
shown in Supplementary Table 1.

Fig. 1   Flow diagram of patient selection
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Statistical analysis

Statistical analysis was performed using Python 3.7. 
Descriptive statistics were used to estimate those clinical 
and laboratory parameters. Numerical data were expressed 
in median (interquartile range, IQR) and categorical data 
presented in absolute values and percentages. To compare 
the distribution differences between various pairs of differ-
ent groups, Mann–Whitney rank sum test was used since not 
all the features were normally distributed. Missing values of 
the selected variables were imputed using the median. In the 
tests of two comparison pairs: DKD and NDKD, NDKD and 
DKD with NDKD, features with P value less than 0.01 were 
considered as significant; the DKD and DKD with NDKD, 
features with P value less than 0.05 were considered as 
significant.

Machine learning analysis

Lasso Logistic Regression, Random Forest, Extreme Gra-
dient Boosting Tree, kernel Support Vector Machine (ker-
nel SVM) were used to identify important factors distin-
guishing those three groups. Figure 2 shows the procedure 
of model construction and it was divided into two parts: 
feature ranking and model evaluation. After splitting the 
datasets for three comparison tasks: DKD vs NDKD, DKD 
vs DKD + NDKD and NDKD vs DKD + NDKD, all feature 
values were scaled by Min–Max Scalar, and Recursive Fea-
ture Elimination Cross Validation (RFECV) in Scikit-Learn 
0.21.1 was applied to obtain the average important rank of 
each parameter for 100 times. By adding parameters into the 
previous established models by average rank order, we were 
able to obtain the best performing model with the highest 

Fig. 2   The model construction workflow

Table 1   Clinical characteristic of the selected patients

Basic information DKD DKD + NDKD NDKD DKD vs NDKD DKD vs 
DKD + NDKD

NDKD vs 
DKD + NDKD

No. of patients 50 32 159
Age 51.74 ± 10.86 52.62 ± 10.31 51.63 ± 11.98 0.660 0.797 0.882
Gender (male) 16 (32.0%) 72 (45.3%) 12 (37.5%) 0.157 0.676 0.488
Diabetes duration (years) 9.20 ± 6.76 7.86 ± 5.97 3.20 ± 4.89  < 0.001 0.414  < 0.001
  > 3 36 (72.0%) 23 (71.9%) 47 (29.6%)
  > 5 34 (68.0%) 18 (56.2%) 32 (20.1%)
  > 10 19 (38.0%) 9 (28.1%) 13 (8.2%)

Hypertension (years) 3.00 ± 4.65 5.57 ± 8.68 4.39 ± 6.38 0.765 0.790 0.941
  > 3 14 (28.0%) 15 (46.9%) 65 (40.9%)
  > 5 10 (20.0%) 12 (37.5%) 52 (32.7%)

  > 10 7 (14.0%) 9 (28.1%) 31 (19.4%)
Systolic blood pressure 149.40 ± 24.10 140.19 ± 20.75 137.62 ± 18.73 0.004 0.115 0.482
Diastolic blood pressure 84.82 ± 13.92 83.00 ± 13.08 85.56 ± 12.38 0.420 0.725 0.337
Diabetic retinopathy 35 (70.0%) 14 (43.8%) 21 (13.2%)  < 0.001 0.008 0.087
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precision, recall and accuracy score in each pair of the three 
groups.

Results

Description and rank sum test for the cohorts

Table 2   Rank sum results of biochemical and clinical variables

MONO# monocyte count; hematuria, microscopic red blood cell count in urine; RDW-CV variation coefficient of red blood cell distribution 
width; WBC White blood cell; DR diabetic retinopathy; AT-III antithrombin-III; HbA1c Glycated hemoglobin; SG specific gravity; SBP systolic 
blood pressure; BMG β2-micro-globulin; BUN urea nitrogen; C3 complement 3; Cys-C cystatin C; HCT hematocrit; Hb hemoglobin; K potas-
sium; RBC red blood cell count; SCr serum creatinine; TG triglycerides; eGFR*, estimated glomerular filtration rate; DM (year), diabetes dura-
tion
*The value of eGFR is calculated through CKD-EPI formula

Features DKD DKD + NDKD NDKD DKD vs NDKD DKD vs 
DKD + NDKD

NDKD vs 
DKD + NDKD

MONO# (median, IQR) 0.43 (0.18) 0.50 (0.24) 0.43 (0.26) 0.022 0.917 0.012
Hematuria ( %) 18 (36%) 3 (9%) 87 (55%) 0.006  0.020  < 0.001
RDW-CV 12.60 (0.9) 13 (1.425) 12.8 (1) 0.155  0.048 0.222
WBC 6.43 (2.4) 7.23 (2.35) 6.6 (2.85) 0.048 0.170 0.229
DR 35 (70%) 14 (43.8%) 21 (13.2%)  0.008  <0.001 0.087
AT-III 111.5 (13) 107 (26.25) 106 (21.5)  < 0.001 0.122 0.457
HbA1c 6.55 (2.83) 6.55 (0.83) 6.55 (0.3)  0.0007 0.223 0.046
Histone 0.04 (0.04) 0.04 (0.11) 0.04 (0) 0.003 0.516 0.116
SG 1.02 (0.01) 1.02 (0.01) 1.02 (0.01) 0.004 0.621 0.069
SBP 145.00 (41.75) 139 (28.5) 136.00 (24)  0.004 0.115 0.482
BMG 2.56 (1.74) 3.58 (3.29) 2.40 (0.69)  < 0.001 0.230  < 0.001
BUN 7.81 (3.32) 8.03 (6.5) 5.33 (2.76)  < 0.001 0.988  < 0.001
C3 1.01 (0.2) 1.12 (0.16) 1.14 (0.27)  < 0.001 0.789   0.006
Cys-C 1.18 (0.27) 1.51 (0.64) 1.18 (0.29)  < 0.001 0.286  < 0.001
D-dimer 195.0 (208.75) 279.5 (285.75) 187.0 (228.5) 0.367 0.069  0.008
HCT 0.35 (0.08) 0.36 (0.1) 0.41 (0.07)  < 0.001 0.776  < 0.001
Hb 119.90±21.15 120.41±26.55 137.10±20.82  < 0.001 0.984  < 0.001
K 3.97 (0.52) 4.10 (0.68) 3.82 (0.5) 0.014 0.428  0.004
RBC 3.99 (0.94) 4.39 (1.29) 4.66 (0.68)  < 0.001 0.453   0.005
SCr 109.00 (65.46) 118.19 (77.79) 74.57 (32.02)  < 0.001 0.885  < 0.001
TG 1.94 (1.26) 1.66 (1.48) 2.3 (1.87) 0.012 0.406  < 0.001
eGFR 89.03 (40.3) 89.03 (37.66) 89.03 (14.73)  < 0.001 0.711   0.005

Fig. 3   The pathological types of DKD + NDKD (left) and NDKD (right)
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The clinical baseline characteristics are presented in Table 1. 
The mean age of the patients was 52.57 ± 10.65 (rang-
ing from 24 to 73 years). The ratio of female to male was 
1.38:1. The mean of eGFR was 87.6 mL/min/1.73 m2 in 
total. After feature selection and pre-processing, the remain-
ing 99 features were divided into two categories: 10 clini-
cal factors and 89 biochemical factors such as blood test, 
urine test, renal function test and liver function test results. 
Based on the rank sum results from Table 2, factors with 
significant differences within each pair were listed. For DKD 
and DKD + NDKD patients, the factors were hematuria, 
RDW-CV, WBC, DR (P < 0.05). In the DKD and NDKD 
pair, hematuria, DR, AT-III, HbA1c, Histone, SG, SBP, 
BMG, BUN, C3, Cys-C, HCT, Hb, RBC, SCr, eGFR and 
the duration of DM had significant differences (P < 0.01). 
For DKD + NDKD and NDKD, hematuria, BUN, Cys-C, 
D-DIMER, HCT, Hb, K, RBC, SCr, eGFR and duration of 
DM showed differences (P < 0.01).  

Pathological types of renal biopsy

In the retrospective cohort study, 241 patients were ana-
lyzed, and the distributions were the following: 50 (20.7%) 
with DKD, 159 (66.0%) with NDKD and 32 (13.3%) with 
DKD superimposed on NDKD. The pathological types 
of NDKD and DKD + NDKD groups after renal biopsy 
are shown in Fig.  3. The common renal lesions in the 
DKD + NDKD group were membranous nephropathy and 
IgA nephropathy, accounting for 6 (18%) and 4 (12%), 
respectively. Other main types were 1 (3%) focal segmen-
tal glomerulosclerosis, 4 (12%) glomerular microlesion 
and 5 (15%) hypertension-related renal impairments. The 
remaining types in DKD + NDKD patients were 3 of cute 
interstitial nephritis, 2 of tubular interstitial injury and 4 
of membranous-related renal diseases, 1 of immune renal 
disease and 1 of hepatitis B virus associated glomerulone-
phritis. For NDKD patients, the most common kidney injury 
were also membranous nephropathy and IgA nephropathy, 

Table 3   Machine learning comparison

PDW platelet distribution width; INR international normalized ratio; HDL-C high-density lipoprotein cholesterol; TP total protein; TG triglycer-
ide; MPO myeloperoxidase; MCV mean corpuscular volume; LEU urine leukocyte

Pair of patients Include factors (order by its 
importance)

Precision score Recall score Accuracy score Model

DKD (0) vs NDKD (1) HCT, DR, Hypertension 
(year), PDW, hematuria

0.8626 ± 0.0062 0.9170 ± 0.0043 0.8306 ± 0.0057 Logistic regression (penalty: 
l1, C = 1e − 1)

DKD (0) vs DKD + NDKD 
(1)

d-Dimer, hematuria, INR, 
SBP, DR

0.6822 ± 0.0322 0.4950 ± 0.0271 0.7168 ± 0.0641 Logistic regression (penalty: 
l1, C = 1)

DKD + NDKD (0) vs 
NDKD (1)

hematuria, DM (year), INR, 
HDL-C, D-dimer, BMG, 
DR, TP, TG, MPO, MCV, 
LEU

0.9736 ± 0.022 0.8642 ± 0.035 0.8686 ± 0.052 Kernel SVM (kernel: linear, 
penalty: l2, C = 5e − 3)

Fig. 4   Features importance in different pairs of kidney diseases with 
diabetes patients. The x-axis represents the ranking contribution for 
different groups of patients. The direction of each contribution repre-

sented the positive effect of this feature to this group. The larger abso-
lute value of this feature had, the more important it was in classifying 
this pair of patients
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accounting for 99 (63%) and 33 (21%), respectively. 6 (4%) 
patients suffered from focal segmental glomerulosclerosis, 
2 (1%) suffered from glomerular microlesion and 3 (2%) 
suffered from hypertension-related renal impairments in the 
NDKD group. Other types for NDKD patients included 3 
mild hyperplastic glomerulonephritis, 1 membranoprolif-
erative nephritis, 2 ANCA-associated nephritis, 3 chronic 
interstitial nephritis, 1 nodular diabetic glomerulosclerosis, 1 
crescentic glomerulonephritis, 1 obesity-associated nephritis 
and 1 allergic purpura nephritis.

Classification models and predictors

The models to differentiate various groups are summa-
rized in Table 3 and the risk factors ranked are shown 
in Fig. 4. The best performing model for the DKD and 
NDKD pair was Lasso Logistic Regression with precision 
of 0.8626 ± 0.0062, recall of 0.9170 ± 0.0043. Five feature 
variables were selected, and their relative importance was 
HCT > DR > hematuria > PDW > history of hypertension. 
Being DR and having lower hematuria were more likely 
to be DKD patients, while higher HCT, higher PDW, and 
years of hypertension had higher possibility of NDKD, as 
shown in Fig. 4a. For the DKD and DKD + NDKD pair, 
the best performing model was Lasso Logistic Regression 
using 5 features (D-DIMER, hematuria, INR, SBP and DR) 
with precision of 0.6822 ± 0.0322, recall of 0.4950 ± 0.0271. 
Figure 4b shows that higher D-DIMER and INR were criti-
cal indicators for the DKD + NDKD group. For NDKD 
and DKD + NDKD patients, the best performing model 
were Linear SVM using 12 features, the precision score 

Fig. 5   The scatterplot for diabetic retinopathy (DR) and HCT performance in the model between DKD and NDKD (left); the histogram for DR 
and hematuria in different groups (right)

Fig. 6   The ROC curve comparison between our new model of DKD 
vs NDKD and the existing models

Table 4   DKD vs NDKD model comparison

AUC​ IDI IDI (P value) NRI

Our model 0.8254 0.000 – 0.000
Zhou’s model 0.8092 0.050  < 0.05 0.012
Liu’s model 0.8097 0.045  < 0.05 0.008
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was 0.9736 ± 0.0220 and recall score was 0.8642 ± 0.0350. 
Figure 4c shows that hematuria was an important indicator 
of NDKD; longer duration of diabetes, higher INR, higher 
D-DIMER, higher BMG, presence of DR was more prone 
to be DKD + NDKD. The proportion of hematuria and DR 
is shown in Fig. 5 right panel. For the DKD group, most 
patients accompanied with DR, while the proportion of DR 
in NDKD was the lowest. Finally, most NDKD patients 
suffered from hematuria, while the amount of hematuria in 
DKD + NDKD patients was the least. All models developed 
by different machine learning algorithms are shown in Sup-
plementary Table 2.

Model comparison for DKD vs NDKD

We compared our model for differentiating DKD from 
NDKD with the models in [7] (including DM (year), SBP, 
HbA1c, hematuria and DR) and in [8] (including years of 
DM, SBP, hematuria, DR and Hb). To evaluate the per-
formance of each model, receiver operating characteristic 
(ROC) curve of each model in fivefold cross validation was 
presented, and the results are shown in Fig. 6. The higher 
value of area under curve (AUC) indicates the better per-
formance for the model. The results showed that our new 
models performed better than the previously used models 
(0.8254). Furthermore, the reclassification improvement 
(NRI) and integrated discrimination improvement (IDI) were 
also used for model comparison. Table 4 suggests that our 
models outperform previous models with higher NRI and 
IDI score. The IDI index satisfied the z distribution, and it 
was proved to be significant (P < 0.05) with mean 0 based 
on z test.

Discussion

An accurate noninvasive method to differentiate three types 
of kidney diseases in T2DM patients can improve the abil-
ity of clinical diagnosis and identify patients who did not 
undergo renal biopsy. It will also reduce the rate of mis-
classification and misdiagnosis of that population. In this 
retrospective study, we applied machine learning algorithm 
to analyze T2DM patients with renal damage and identify 
distinct features among them. Our models performed better 
than previously developed ones with high precision values 
of pairs of groups DKD vs NDKD (91.3%) and NDKD vs 
DKD + NDKD (91.03%). Although the performance of our 
model for distinguishing DKD from DKD + NDKD was not 
ideal, the features such as D-Dimer and INR found in the 
study could serve as meaningful indicators.

Lasso Linear Regression was used for classifying DKD 
and NDKD and further compared with models from Chen’s 
team [7, 8]. The comparison was based on the similar 

enrolled criteria and conducted in a Chinese people, which 
would increase the reliability and applicability of the results. 
The reason for the better performance of our model for dif-
ferentiating DKD and NDKD could be closely related to the 
choice of weights of multivariate factors by machine learn-
ing algorithm. Subsequently, we successfully established a 
model to identify NDKD with DKD + NDKD using Ker-
nel SVM after analyzing more than 18,000 medical data. 
This model adequately reflected the advantage of SVM in 
dealing with small samples and nonlinear feature interac-
tions. Finally, we attempted to construct a model to predict 
DKD + NDKD and DKD, the precision value of which was 
68.22%. Compared with these results, the performance of 
DKD and DKD + NDKD model was not as accurate, the 
reason for which might be explained by the smaller sample 
size of the DKD + NDKD group. We plan to collect more 
cases of DKD + NDKD to improve the model’s performance 
in a follow-up study.

HCT, DR and hematuria were three most important 
characteristic variables to differentiate DKD from NDKD, 
and the others were PDW and history of hypertension. Our 
results showed that only DR was a positive risk factor in 
predicting DKD. The predictive value of DR alone had 
been reported in two meta-analysis. The results showed that 
DR was a strong predictor in diagnosing or screening for 
DKD with a pooled sensitivity of 0.65/0.67 and specific-
ity of 0.75/0.78, respectively. Meanwhile, they emphasized 
the high diagnosis value of proliferative DR in predicting 
DKD [20, 21]. A recent review also indicated that patients 
with DR would increase the risk of DKD by 31% [22]. All 
the evidences indicated that DR was a key element applied 
in non-invasive clinical diagnosis. In addition, we have 
shown that HCT, hematuria, PDW and history of hyperten-
sion are implicated as risk factors for developing NDKD. 
The indicator of hematuria and history of hypertension are 
consistent to the findings in previous studies [7, 9, 10, 15, 
23]. Hct is considered as a determinant factor of oxygen 
supply and blood viscosity and can provide physicians use-
ful information about red blood cell volume [24]. In DKD 
patients, long-term hyperglycemia leads to renal intersti-
tial hypoxia, aggravates inflammatory response, prevents 
erythropoietin (EPO) production, resulting in anemia [25]. 
In contrast, NDKD patients are less closely associated with 
anemia. PDW reflects platelet activation and is related to 
microthrombi formation. Patients with DKD exhibit hemo-
static abnormalities, which can aggravate renal ischemia and 
hypoxia under the hypercoagulable state [26]. Our study 
confirmed that Hct and PDW were valuable predictors in 
differentiating DKD and NDKD.

We reported that hematuria, duration of diabetes, INR, 
D-Dimer, HDL-C, BMG, DR, TG, TP, MPO, MCV and LEU 
as predictors for identifying NDKD and DKD + NDKD. 
Among these variables, hematuria, HDL-C, TG and MCV 
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were identified as risk factors for NDKD. These findings 
indicated that microscopic hematuria and higher level of 
plasma lipids could be two representative clinical manifes-
tations in NDKD patients in contrast to the DKD + NDKD. 
So, controlling the modifiable factor of lipid as early as pos-
sible might benefit patients with NDKD. The risk factors 
for the DKD + NDKD mainly reflected in hyperglycemia 
conditions and coagulation function, such as duration of 
diabetes and d-dimer. Previous studies suggested that there 
existed an increased d-dimer level and hypercoagulable state 
in DKD patients [27]. Hypercoagulation had a tendency to 
increase thrombosis through upregulation of coagulation 
factors [28]. So, we inferred that the higher level of d-dimer 
in DKD + NDKD patients might exhibit thrombotic ten-
dencies under a double damage to the kidney. Therefore, 
with regard to the DKD + NDKD, it might be necessary to 
raise the patients’ awareness of blood glucose control and 
improve the ability of health management in this popula-
tion. Moreover, there was high prevalence of NDKD and 
the DKD + NDKD (79.25%) in patients underwent kidney 
biopsy, which again reminded us of the importance of iden-
tifying different patterns of kidney diseases in T2DM.

Differentiating DKD + NDKD from DKD was a chal-
lenging problem in clinical diagnosis. Current studies were 
limited to describe the incidence and types of pathology 
in the DKD + NDKD patients [5, 7, 10, 12, 13, 29]. Based 
on the successful construction of the two prediction mod-
els, we conducted a tentative study on this group and 
found that D-dimer and INR were two important param-
eters for predicting DKD + NDKD when compared with 
DKD. In the present study, the level of D-dimer in the 
DKD + NDKD was twice more than those of the other 
groups (shown in Table 2). Previous studies observed 
higher D-dimer level in DKD patients, which indicated 
that renal injury was associated with disorder of the coagu-
lation system and alerted the progression of the disease 
via coagulation-protease-dependent signal [27, 30]. Our 
findings revealed that it would be beneficial for monitoring 
coagulation function early in the DKD + NDKD patients.

Based on the comprehensive analysis of the selected 
features among three groups of patients, we found that 
hematuria as a common variable included in all three mod-
els. T2DM patients were more likely to develop NDKD 
when hematuria level was high, which was used as an 
indication for renal biopsy [19, 31]. In the present study, 
hematuria was indeed an important feature of NDKD, and 
its relative importance gradually reduced from the first 
place to the third in three models. The prevalence of hema-
turia in NDKD (55%) was higher than in the other groups, 
which is consistent with a previous study [4]. However, 
there were opposite views that hematuria might be a clini-
cal manifestation of DKD [32]. The discordance might 

ascribe to the difference in the selection of subjects and 
definition of hematuria. Recently, a meta-analysis showed 
that the predictive value of hematuria in NDKD was low 
with the pooled sensitivity of 0.42 and specificity of 0.72, 
and further revealed that urinary dysmorphic erythrocytes 
might be more effective in predicting NDKD [31].

DR was the second common risk factor in each group. 
Presence or absence of DR as predictors for DKD or 
NDKD has been widely studied. On the other hand, it was 
pointed out that the severity of DR might not be correlated 
with the presence of DKD [33]. This indicated that DR 
alone might be insufficient as a predictor of DKD, and it 
should be combined with other indicators to improve pre-
dictive accuracy in T2DM patients with kidney damage. 
Interestingly, our findings also showed that the importance 
of DR as a risk factor varied significantly among the three 
groups of patients. The importance of DR ranked second 
in distinguishing DKD and NDKD, seventh in NDKD and 
DKD + NDKD, and fifth in DKD and DKD + NDKD. This 
suggested that DR was more likely to be related to DM-
associated kidney diseases.

Another important indicator for separating DKD from 
NDKD patients was anemia. It was reported that anemia 
occurred earlier and more severe in DKD patients due to 
reduction of erythropoietin production and other patho-
physiology mechanisms [34]. Currently, one study from 
histopathological perspective revealed that severe inter-
stitial fibrosis and tubular atrophy (IF/TA) independent of 
global glomerulosclerosis caused damage to erythropoietin 
production, resulting in earlier concurrency of anemia in 
DKD patients [35]. Therefore, it was worthwhile to fur-
ther elucidate the mechanism of early anemia and renal 
diseases progression in T2DM patients.

The study collected the entirety of patients’ electronic 
medical record at the time of kidney biopsy and carried 
out a comprehensive analysis of the diagnosis of different 
kidney diseases. Secondly, machine learning techniques 
applied to large volume and multiple patterns of clinical 
data could better identify meaningful parameters without 
using explicit instructions and lead to stable and accurate 
predictive models. Finally, data with missing variables to 
some extent could still be useful in research without affect-
ing final results. Nevertheless, there existed several limita-
tions to this study. Firstly, it was a retrospective study in a 
single center and the recruited patients were limited in one 
provincial of China, which would decrease the extensive 
applicability of the results. Secondly, the machine learn-
ing techniques may lead to some findings of unknown or 
unmeaningful factors, which need future study to illustrate 
their significance. Moreover, the goal to find and establish 
a differential diagnosis of DKD and the DKD + NDKD 
has not been realized and needed to be followed up in a 
future study.
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In conclusion, we successfully developed models for 
distinguishing NDKD from DKD and DKD + NDKD from 
NDKD in patients with T2DM using machine learning 
methods. Several meaningful risk factors were identified 
among these three groups, which will benefit patients 
with contraindications for renal biopsy. Furthermore, our 
results also suggested that more attention should be paid 
to coagulation function in DKD + NDKD patients.
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