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Abstract: Background: This study aimed to develop a non-invasive, simple, and rapid predictive model for identify-
ing non-diabetic kidney disease (NDKD) in patients with type 2 diabetes mellitus (T2DM). Methods: We performed
a retrospective analysis of clinical data from 117 T2DM patients who underwent renal biopsy at a single medical
institution between 2017 and 2022; candidate variables were first prioritized based on clinical relevance, followed
by the construction of a predictive framework using logistic regression. Dubbed the RICH model, the final frame-
work integrated four key parameters: red blood cell (RBC) count, immunoglobulin A (IgA) level, cystatin C-derived
estimated glomerular filtration rate (eGFR_2), and glycated hemoglobin Alc (HbAlc). Results: External validation
was conducted across three independent centers involving 299 T2DM patients (2018-2024), achieving area under
the receiver operating characteristic curve (AUC-ROC) values of 0.755, 0.764, and 0.755, which complemented the
internal validation AUC-ROC of 0.847; at an optimal threshold probability of 0.559, approximately 20% of patients
obtained clinical net benefit from the model, and notably, applying the RICH model for early NDKD screening has the
potential to reduce the renal biopsy rate by 42.05%. Conclusions: The RICH model exhibits robust performance in
predicting NDKD among T2DM patients with renal impairment, providing a practical tool for clinical decision-making.
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Introduction ESRD [4, 5]. Alarmingly, the burden of DKD in
China continues to rise each year: its incidence
hit 101.6 per 100,000 people in 2015, marking
a 2.7-fold surge from 2000 levels [6]. As a
result, DKD has become a prominent public
health issue that hinders both social progress

and economic growth.

According to 2021 statistics, roughly 537 mil-
lion adults (aged 20-79) globally were living
with diabetes mellitus (DM). Within this global
population, around 141 million patients were
located in China - making up 26.2% of the
world’s total diabetic cases. Critically, more

than 90% of diabetes cases in China are type
2 diabetes mellitus (T2DM) [1-3]. An analysis
found that 21.8% of Chinese T2DM patients
develop diabetic kidney disease (DKD), which
stands as diabetes’ most severe microvascular
complication. In China, DKD is responsible for
30%-50% of all end-stage renal disease (ESRD)
cases, solidifying its status as the top cause of

Diabetic nephropathy is a common disease in
clinical practice. However, whether diabetes is
the etiology of renal injury is a critical prerequi-
site affecting clinical diagnoses and treatment
decisions [7, 8]. NDKD is completely different
from DKD in pathogenesis, treatment method,
and prognosis assessment. Furthermore, some
studies have shown that most NDKD patients
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exhibit better prognoses and longer survival
time after treatment [9, 10]. Therefore, accu-
rate identification of whether diabetic patients
with renal injury are DKD or NDKD patients is
of critical importance for devising therapeutic
plans and making prognoses for patients. As
of today, renal biopsy remains a “golden stan-
dard” in the clinical identification of DKD and
NDKD. However, renal biopsy provides no sen-
sitive early diagnostic indicators, with the fol-
lowing limitations in its practical implementa-
tion: (1) Renal biopsy is invasive and presents
some risks, with low cost-effectiveness and
poor acceptance among some patients; (2)
Renal biopsy can be only used in distinct indica-
tions, making it not a suitable method for all
diabetic patients; (3) Pathological diagnosis
involved in renal biopsy puts a high demand for
professional skills and experiences of opera-
tors, with significant differences in diagnostic
accuracy among hospitals at different levels;
(4) Renal biopsy involves complex operational
procedures, which generally limit the applica-
tion of this method in basic-level hospitals.
Therefore, under most circumstances, renal
biopsy is only applied in those clinical cases
with a strong suspicion of NDKD. In addition,
there don’t have official practical guidelines
published regarding the timing of renal biopsy
applications among DM patients [11]. This indi-
cates that it's necessary to investigate a non-
invasive, simple, and rapid method for early
identification and diagnosis of diabetic patients
with renal injury, thus providing guidance for
timely and accurate diagnoses in clinics.

The application of machine learning in big data
analysis has emerged as a key approach in the
revolution of precision medicine [12-14], which
is also involved in the field of DKD and NDKD
identification and diagnosis [14-16]. Wang et al.
conducted a study involving 132 diabetic pa-
tients who underwent renal biopsy at a single
center [17]. However, their research focused on
tubulointerstitial markers (e.g., Neutrophil Ge-
latinase-Associated Lipocalin and [2-microg-
lobulin), with insufficient attention to routine
clinical tests [17]. Zhao et al. developed a dif-
ferential diagnosis risk scoring model, identify-
ing diabetic retinopathy (DR), diabetes dura-
tion, eGFR, 24-hour urinary protein, and he-
maturia as independent risk factors for DKD -
but the model was not visualized for clinical
application [18]. What’s more, previous studies

are primarily single-center retrospective stud-
ies involving many model indicators, with some
projects affected by such subjective factors as
diabetes duration, the sudden appearance of
massive proteinuria, and family history, which
have limited the promotion and application of
these models [19, 20]. Therefore, the develop-
ment of a diagnostic model for NDKD that bal-
ances broad applicability and clinical utility is
essential for advancing its translation into clini-
cal practice.

To this end, this study was designed with a
focus on generalizability, leveraging multicenter
cohort data for analysis. To further enhance
clinical applicability, we intend to incorporate
objective laboratory indicators and convert the
model into a visual homogram, thereby maxi-
mizing its accessibility for clinicians, particular-
ly those practicing in primary care settings. On
this basis, the present study aims to develop a
non-invasive predictive model for the differen-
tial diagnosis of renal injury in T2DM patients,
with concurrent model visualization to be car-
ried out. This user-friendly clinical decision sup-
port tool is anticipated to reduce unnecessary
renal biopsies and improve the diagnostic and
therapeutic efficacy for patients who cannot
undergo renal biopsy due to various contrain-
dications.

Material and methods
Clinical subjects

The three cohorts included in this study were
respectively from Shenzhen Third People’s
Hospital, the First Affiliated Hospital of Sun Yat-
sen University, and Nanfang Hospital of Sou-
thern Medical University. All of these are repre-
sentative tertiary first-class hospitals in China,
covering medical centers at different levels in
the Pearl River Delta region. The details are
as follows: (1) The cohort of Shenzhen Third
People’s Hospital involving 170 cases (includ-
ing 67 DKD cases, 26 mixed-type kidney dis-
ease (MIX) cases and 77 NDKD cases); (2) The
cohort of the First Affiliated Hospital of Sun Yat-
sen University involving 78 cases (including 28
DKD cases, 9 MIX cases and 41 NDKD cases);
(3) The cohort of Nanfang Hospital of Southern
Medical University involving 168 cases (includ-
ing 35 DKD cases, 13 MIX cases and 120
NDKD cases). This study was approved by the
ethics committees of the participating hospi-
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tals, and all patients who underwent renal biop-
sy provided written informed consent.

Modeling cohort: Adult T2DM patients who un-
derwent renal biopsy due to renal injury compli-
cations at Shenzhen Third People’s Hospital
from January 2017 to May 2022 were collected
and included in the modeling cohort of this
study. The inclusion criteria are as follows:
Patients clinically diagnosed with T2DM, who
were > 18 years old at the time of renal biopsy.
The exclusion criteria are as follows: Patients
with incomplete medical records or unclear
medical materials; patients with complications
such as renal calculus, severe infections, and
malignant tumors; patients with systemic dis-
eases such as systemic lupus erythematosus
and vasculitis; patients who had undergone
renal replacement therapy before renal biopsy.
Routine optical microscopy was performed on
all biopsy specimens. The measurement results
obtained were interpreted by at least 2 renal
pathologists, and at least 2 nephrologists were
involved in making comprehensive clinical diag-
noses based on the patients’ medical history,
symptoms, physical signs, and pathological
test results. Any inconsistent results were re-
solved through discussions. According to the
comprehensive clinical diagnosis results, 117
patients were finally included in the modeling
cohort and divided into DKD, NDKD, and MIX
groups. However, patients in the MIX group
were excluded from the subsequent modeling
analysis, with the remaining DKD and NDKD
patients forming the final modeling cohort.

Validation cohort: Fifty-three patients who met
the eligibility criteria at Shenzhen Third Peo-
ple’'s Hospital from June 2022 to September
2022 were collected and included in Validation
Cohort 1. Among these patients, there were 24
DKD patients, 4 MIX patients, and 25 NDKD
patients. Seventy-eight patients who met the
eligibility criteria at the First Affiliated Hospital
of Sun Yat-sen University from July 2023 to
February 2024 were collected and included in
Validation Cohort 2, including 28 DKD patien-
ts, 9 MIX patients, and 41 NDKD patients. A
total of 168 patients who met the eligibility cri-
teria at Nanfang Hospital of Southern Medical
University from May 2018 to December 2020
were enrolled in Validation Cohort 3, including
35 DKD patients, 13 MIX patients, and 120
NDKD patients.

Study methods

Data collection: Risk variables incorporated in
the model construction include gender, age,
height, weight, body mass index (BMI), diabetes
duration (Time), pulse pressure (PP), systolic
blood pressure (SBP), diastolic blood pressure
(DBP), uric acid (UA), urea, creatinine (Crea),
Cystatin C (CysC), eGFR_1 (calculated using
Crea), eGFR_2 (calculated using CysC), and
eGFR_3 (calculated based on the combined
formula of Crea and CysC) [21-23], IgA, high-
density lipoprotein-cholesterol (HDL-C), low-
density lipoprotein-cholesterol (LDL-C), albu-
min (ALB), total cholesterol (TC), triglyceride
(TG), glucose (Glu), HbAlc, urine kappa (U_K),
urine lambda (U_A), 24-hour urinary total pro-
tein (24 h UTP), RBC, Hemoglobin (HGB), and
hematocrit (HCT). All variables were measured
upon hospitalization of patients undergoing
renal biopsy. Variables with a missing value
rate of over 30% were excluded from the analy-
sis, while those with a missing rate of < 30%
were handled using the mean imputation
method.

Indicator definition: The diagnosis of T2DM
should comply with the standards formulated
by the American Diabetes Association [24]. The
diagnostic criterion for chronic kidney disease
(CKD) is the presence of persistent renal struc-
tural damage and functional disorders caused
by multiple factors for at least three months, or
a consistent eGFR level below 60 mL/min/1.73
m? for three months without obvious causes
[22]. Renal biopsy indicators listed in domestic
and foreign studies and guidelines on diabetic
kidney disease were adopted in this study [25].
The diagnosis of DKD is based on the patho-
logical classification standard for DKD from the
American Society of Nephrology [25-27], and
the diagnosis of NDKD is based on the Mayo
Clinic Classification Standards [28].

Model construction and validation

Variable screening and model construction:
Data analyses were performed using SPSS ver-
sion 27.0 and R software version 4.3.1. First,
the Shapiro-Wilk test was conducted in SPSS
27.0 to assess the normality of continuous vari-
ables. For continuous variables with a normal
distribution (P > 0.05), independent samples
t-test was used for intergroup comparisons,
and the results were expressed as mean *
standard deviation (X +SD). For continuous vari-
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ables without a normal distribution, the Mann-
Whitney U nonparametric test was applied for
intergroup analysis, with the results presented
as median (interquartile range) [M (Q,, Q,)]. For
categorical variables, the Pearson’s chi-square
test was adopted for intergroup comparisons
when the theoretical frequency T < 5 and the
total sample size n > 40, and the results were
expressed as frequency (percentage). Variables
with statistically significant differences (P <
0.05) in the univariate analysis were screened
out for further investigation. Subsequently, the
variables with significant results in the univari-
ate analysis were imported into R software for
further analysis. Combined with multivariate
Logistic regression analysis (forward/backward
stepwise method), the core variables to be
finally included in the model were identified.
Based on the screened variables, four param-
eters were ultimately incorporated to construct
the predictive model, with the aim of balancing
model performance, simplicity and objectivity
without compromising predictive accuracy. The
predictive model was constructed as a multi-
variate Logistic regression model using the
glm function in R software. The occurrence of
NDKD was defined as the dependent variable
(Yes =1; No =0), while the screened core vari-
ables were set as independent variables. The
regression coefficients, odds ratios (ORs) and
95% confidence intervals (95% Cls) of each
variable were calculated.

Model performance validation: Model valida-
tion and evaluation were implemented in R
software through the following steps: 1) Re-
ceiver Operating Characteristic (ROC) Curve
Analysis: The ROC curve was plotted, and the
area under the curve (AUC) was calculated to
evaluate the model’s discriminative ability for
the outcome event (an AUC > 0.7 indicates
good discriminative value, while an AUC > 0.8
denotes excellent discriminative ability). 2)
Hosmer-Lemeshow Goodness-of-Fit Test: This
test was performed to assess the model’s fit-
ting effect, where a P > 0.05 suggests a good
model fit. 3) Calibration Curve Verification: The
calibration curve was plotted and verified using
the Bootstrap method (with 1000 resampling
iterations) to evaluate the consistency between
the predicted probabilities and the actual inci-
dence rates of the model. 4) Brier Score Cal-
culation: The Brier score (ranging from O to 1,
with lower values indicating higher predictive
accuracy) was computed to quantify the overall

predictive error of the model. 5) Net Benefit
Analysis and Nomogram Construction: Based
on the final Logistic regression model, the gg-
plot2 package in R software was used to plot
the net benefit analysis curve. Taking the risk
probability of NDKD as the threshold variable,
the net reduction rate of intervention under dif-
ferent thresholds was analyzed. Additionally,
the rms package was applied to construct a
nomogram for visualizing the model. The con-
cordance index (C-index) was calculated to fur-
ther verify the predictive efficacy of the nomo-
gram (a C-index > 0.7 indicates favorable pre-
dictive performance), and the decision curve
analysis (DCA) was plotted to evaluate the clini-
cal net benefit of the model.

Results

Pathological and clinical baseline characteris-
tics

Patient pathological characteristics: A total of
416 adult T2DM patients with renal injury were
included in this study. Pathological analysis of
renal biopsy specimens revealed that among
the 117 patients in the modeling cohort, 43
were diagnosed with DKD (36.8%), 52 with
NDKD (44.4%), and 22 with MIX (18.8%). Among
all NDKD patients, minimal change disease
(MCD) was the most common pathological type
(25%), followed by membranous nephropathy
(MN; 19.2%), IgA nephropathy (13.5%), and
hypertensive nephropathy (13.5%). Among all
MIX patients, diabetic kidney disease compli-
cated with hypertensive kidney injury ranked as
the most prevalent pathological type (59.1%),
followed by MN (9.1%) and IgA nephropathy
(9.1%). Detailed data are summarized in Table
1.

Clinical baseline characteristics of patients: In
order to avoid the introduction of confounding
factors, the MIX group was excluded from the
model study. A total of 95 patients were ulti-
mately included in the modeling cohort. Among
them, 77 were male patients (81.1%), aged 46-
56 years, with no statistically significant differ-
ences in age (P=0.500) and gender (P=0.938)
between the NDKD and DKD groups.

The median diabetes duration across the en-
tire cohort was 48 months, with the NDKD
group demonstrating a significantly shorter
median duration compared to the DKD group
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Table 1. Pathological type distribution among NDKD and MIX patients in research cohorts [n (%)]

Modeling cohort Validation cohort 1 Validation cohort 2 Validation cohort 3

Pathological type MIX NDKD ALL MIX NDKD ALL MIX NDKD ALL MIX NDKD ALL

(n=22) (n=52) (n=117) (n=4) (n=25) (n=53) (n=9) (n=41) (n=78) (n=13) (n=120) (n=168)
Diabetic kidney disease 21 (17.9) 6 (11.3) 19 (24.4) 34 (20.2)
Diabetic nephropathy with ischemic or renal tubulointerstitial injury 22 (18.8) 18 (34.0) 9(11.5) 1(0.6)
Membranous nephropathy 2(9.1) 10(19.2) 12(10.3) 2(50.0) 2(8.0) 4 (7.5) 4(44.4) 18(43.9) 22(28.2) 4(30.8) 62(51.7) 66(39.3)
IgA nephropathy 2(9.1) 7 (13.5) 9(7.7) 1(25.0) 8(32.0) 9(17.0) 1(11.1) 1(2.4) 2(2.6) 1(7.7) 18(15.0) 19 (11.3)
Hypertensive nephropathy 13(59.1) 7(13.5) 20(17.1) 1(25.0) 1(1.9) 2(22.2) 7(171) 9 (11.5) 5(38.5) 5(3.0)
Minimal change disease 1(4.5) 13(25.0) 14(12.0) 5(20.0) 5(9.4) 1(2.4) 1(1.3) 10(8.3) 10(6.0)
Focal segmental glomerulosclerosis 1(1.9) 1(0.9) 1(11.2) 3(7.3) 4 (5.1) 7 (5.8) 7(4.2)
Proliferative glomerulonephritis 2(9.1) 2(1.7) 1(11.1) 4(9.8) 5(6.4) 3(2.5) 3(1.8)
Mesangial proliferative glomerulonephritis 1(4.5) 1(1.9) 2(1.7) 1(4.0) 1(1.9) 2(4.9) 2(2.6)
Ischemic kidney injury 6 (11.5) 6(5.1) 4(16.0) 4(7.5)
Renal tubulointerstitial nephropathy 2(3.8) 2(1.7) 2(8.0) 2(3.8) 2(4.9) 2(2.6) 2(15.4) 4(3.3) 6(3.6)
Hyperuricemia nephropathy with ischemic kidney injury 3(5.8) 3(2.6) 2 (8.0) 2(3.8)
Lupus nephritis 7 (5.8) 7(4.2)
ANCA-associated vasculitis kidney injury 1(7.7) 1(0.6)
Henoch-Schénlein purpura nephritis 2(3.8) 2(1.7)
Obesity-related glomerular hypertrophy 1(0.8) 1(0.6)
Amyloidosis nephropathy 1(2.4) 1(1.3) 4 (3.3) 4(2.4)
Benign small artery sclerosis 3(2.5) 3(1.8)
Malignant small artery sclerosis 1(0.8) 1(0.6)
Lipoprotein glomerulopathy 1(4.0) 1(1.9)
Glomerular podocyte lesions 2 (4.9) 2 (2.6)

Abbreviations: NDKD: Nondiabetic kidney disease; MIX: Diabetic kidney disease combined with nondiabetic kidney disease.
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(30 months vs. 84 months; P < 0.001). The
overall median pulse pressure was 49 mmHg
(interquartile range [IQR], 39-63 mmHg), and
the NDKD group exhibited a marginally lower
median pulse pressure than the DKD group (44
mmHg vs. 54 mmHg; P=0.004).

When compared to the NDKD cohort, the DKD
group displayed markedly worse conventional
renal function markers (urea: 7.70 mmol/L vs.
5.45 mmol/L; P=0.004; CREA: 125 uymol/L vs.
102 pmol/L; P=0.019; CysC: 1.663 mg/L vs.
1.130 mg/L; P < 0.001), more severe glucose
metabolic dysregulation (Glu: 7.85 mmol/L vs.
6.19 mmol/L; P=0.003; HbAlc: 7.8% vs. 6.6%;
P=0.004), and elevated proteinuria levels (U_k:
66.08 mg/L vs. 50.91 mg/L; P=0.008; U_A:
34.67 mg/L vs. 26.45 mg/L; P=0.002; 24 h
UTP: 1,404.0 mg/L vs. 215.0 mg/L; P=0.003).

In contrast, the DKD group had significantly
reduced eGFR (mL/min/1.73 m?): eGFR_1
(52.01 vs. 69.81; P=0.012), eGFR_2 (38.08
vs. 62.74; P < 0.001), and eGFR_3 (37.63 vs.
60.25; P=0.003). The DKD group also showed
lower IgA levels (2.28 g/L vs. 2.58 g/L; P=
0.038) and notable anemia-associated ab-
normalities (RBC count: 3.44 x 10%?/L vs.
3.89 x 10%*?/L; P=0.001; HGB: 120.21 g/L
vs. 135.58 g/L; P=0.002; HCT: 35.79% vs.
40.24%; P=0.001) relative to the NDKD group.

No statistically meaningful differences were
observed between the two groups in terms of
height, weight, BMI, SBP, ALB, DBP, TC, TG,
HDL-C, or LDL-C. Complete clinical baseline
characteristics are compiled in Table 2.

Development of a predictive model for differ-
ential diagnosis

Univariate Logistic regression screening yield-
ed 12 candidate variables for further assess-
ment: Time, PP, UREA, CysC, eGFR_1, eGFR_2,
IgA, Glu, HbAlc, RBC count, HGB, and HCT.
Subsequent multivariate Logistic regression
narrowed these down to four statistically sig-
nificant predictors: RBC, IgA, eGFR_2 and
HbAlc.

Additional screening and model fitting were
performed on clinically relevant empirical indi-
cators (BMI, eGFR_1, eGFR_2) using forward
and backward stepwise selection methods,
with detailed results summarized in Table 3.
To balance model performance, simplicity, and
objectivity - without compromising predictive

accuracy - the final predictive model incorpo-
rated four parameters: RBC (OR=12.577; 95%
confidence interval [CI]: 1.144-169.707; P=
0.043), IgA (OR=2.232; 95% Cl: 1.096-5.241;
P=0.040), eGFR_2 (OR=1.056; 95% CI: 0.978-
1.177; P=0.211), and HbAlc (OR=0.484;
95% Cl: 0.275-0.749; P=0.003). The formula
RBC + 0.61602 x IgA + 0.03180 x eGFR_2 -
0.63858*HbA1c - 2.30750). This model is
abbreviated as the “RICH” model.

For the modeling cohort, the RICH model yield-
ed an AUC of 0.847 (95% Cl: 0.766-0.929), with
a cutoff value of 0.559. Its diagnostic perfor-
mance included a sensitivity (Se) of 76.9%,
specificity (Sp) of 83.7%, positive predictive
value (PPV) of 85.1%, and negative predictive
value (NPV) of 75.0% (Table 4). The Hosmer-
Lemeshow test verified strong model calibra-
tion (P=0.433), indicating no statistically sig-
nificant discrepancy between predicted and
actual probabilities.

DCA - a key method for evaluating clinical utility
- showed that the model delivered meaningful
net clinical benefit for patients when the thresh-
old probability fell between 0.10 and 0.80. At
the optimal threshold of 0.559, roughly 20% of
patients gained net benefit (Figure 1A). Notably,
using the RICH model for early NDKD detection
could potentially reduce the renal biopsy rate
by 42.05% (Figure 1B).

We validated the RICH model using external
validation cohorts, which showed favorable
discrimination and calibration (results in Figure
2). As detailed in Table 3: Validation Cohort 1
had an AUC of 0.755 (95% CI: 0.611-0.899),
with 76% Se, 75% Sp, 76% PPV, and 75% NPV;
Validation Cohort 2 exhibited an AUC of 0.764
(95% CI: 0.654-0.874), with 66.0% Se, 75.0%
Sp, 79.4% PPV, and 60.0% NPV; Validation
Cohort 3 had an AUC of 0.755 (95% Cl: 0.665-
0.845), with 60.8% Se, 82.9% Sp, 92.4% PPV,
and 38.2% NPV.

Hosmer-Lemeshow test results confirmed no
statistically significant discrepancies between
predicted and observed probabilities across
the three validation cohorts (P-values: 0.244,
0.281, 0.838, respectively). Additionally, all co-
horts had a Brier score below 0.25, indicating
good predictive accuracy.
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Table 2. Baseline characteristics of patients in study cohorts

Modeling cohort

Validation Cohort 1

Validation Cohort 2

Validation Cohort 3

Clinical DKD NDKD - DKD NDKD . DKD NDKD . DKD NDKD -
indicators Total group  group Statistics P Total group  group Statistics P Total group  group Statistics P  Total group  group Statistics P
n=95 2/F/Z) value (n=49 2/F/Z) value (n=69 2/F/Z) value (n=155 2/F/Z) value
(=95) " 43) (n=s2) X/F/2) (=49) " o4y (n=25) X/F/D) (=69) * og) (=d1) X/F/2) (1=156) * _25) =120y K772
Male [case (%)] 77 35 42 0.006° 0.938 46 23 23 0.313* 0.576 50 25 25 6.683° 0.010 104 20 84 (70.0) 2.029® 0.154
(81.1) (81.4) (80.8) (93.9) (95.8) (92.0) (72.5) (89.3) (61.0) (67.1) (57.1)
Age (year) 51 (46, 51 (47, 49 (45, -0.674 0.500 51 (43, 49(42, 52(43, -0.961 0.336 55(43, 54 (41, 56 (45, -0.673 0.501 53 (46, 51(43, 55 (47, -2.038 0.042
56) 54) 56) 57) 56) 58) 62) 64) 62) 62) 57) 63)
Height (m) 166+ 1.65+ 1.67+ -0.995 0.322 1.68+ 1.68+ 1.67+ 0.590 0.558 1.66+ 1.67+ 1.65t 0.808 0.422 1.63+ 1.63+ 1.63% -0.383 0.702
0.07 0.08 0.06 0.06 0.07 0.05 0.08 0.07 0.08 0.08 0.11 0.08
Weight (kg) 70.0 68.0 70.8 -1.022 0.307 69.0 70.0 69.0 -0.500 0.617 66 (58, 69 (61, 66 (56, -0.275 0.783 68.6 66.2 701 -1.834 0.067
(61.0, (60.5, (63.1, (65.0, (65.0, (64.4, 76) 74) 78) (62.2, (53.8, (63.5,
78.0) 78.0) 78.0) 80.0) 79.00 81.0) 75.7) 74.5) 76.1)
Body Mass 25.71 25.39 25.80 -0.482 0.630 24.89 24.79 25.06 -1.070 0.285 2424 2446 24.24 -0.336 0.737 26.07 2491 26.09 -2.198 0.028
Index (kg/m?)  (22.72, (22.60, (23.67, (22.87, (22.63, (23.46, (22.39, (22.72, (22.31, (23.45, (21.28, (24.07,
27.34) 27.34) 27.32) 27.37) 27.20) 27.63) 26.76) 25.60) 27.67) 27.54) 27.24) 27.88)
Duration of dia- 48 (12, 84 (36, 30 (7, -3.894 0.000 36(4, 6627, 12(0, -3.085 0.002 36(3, 120(39, 12(1, -4.155 0.000 12 (1, 60(4, 6(1,39) -3.861 0.000
betes (month) 120) 168) 60) 93) 129) 42) 120) 177) 39) 60) 100)
Systolic Blood 139425 143125 135+24 1491 0.139 132124 139428 126+17 1.877 0.068 146123 146124 147+22 -0.124 0.902 142+24 146+25 141+23 1.137 0.257
Pressure
(mmHg)
Diastolic Blood 87+12 85+13 87+11 -0.768 0.445 86+13 86+13 86+12 -0.021 0.983 87+13 81+12 91+12 -3.293 0.002 82+15 80+12 83%15 -0.815 0.417
Pressure
(mmHg)
Pulse Pressure 49 (39, 54 (42, 44 (35, -2.842 0.004 44 (35, 53(40, 42(33, -2.671 0.008 54 (48, 63(50, 52 (47, -2.049 0.040 57 (47, 68 (49, 56 (46, -2.203 0.028
(mmHg) 63) 67) 54) 55) 59) 49) 73) 78) 65) 74) 80) 69)
Blood Uric Acid 406+ 406+ 406+ -0.001 0.999 409+ 395+97 116+23 -0.880 0.383 436+ 423+ 445+ -0.801 0.426 441+ 458+ 437+ 0.960 0.339
(umol/L) 121 105 134 107 112 95 123 116 130 111
Blood Urea 6.49 7.70 5.45 -2.890 0.004 7.04 7.64 6.71 -1.920 0.055 11.10 14.09 8.80 -3.513 0.000 7.60 10.20 6.85 -3.336 0.001
Nitrogen (4.71, (5.69, (4.36, (5.91, (6.50, (5.24, (7.75, (11.18, (5.65, (5.20, (7.60, (5.10,
(mmol/L) 9.10) 10.82) 8.35) 9.32) 11.80) 8.60) 15.97) 23.64) 12.81) 11.00) 14.20) 9.85)
Blood Creati- 108 (79, 125 (94, 102 (75, -2.352 0.019 122 (96, 125 (97, 114 (90, -0.910 0.363 162 (96, 223 134 (79, -2.976 0.003 91(73, 129(89, 87 (72, -2.350 0.019
nine (umol/L)  167) 193) 135) 145) 146) 145) 329) (131, 201) 156) 186) 141)
441)
Blood Cystatin  1.380 1.663 1.130 -3.682 0.000 1.31 1.38 1.29 -0.860 0.390 1.89 2.48 1.65 -2.603 0.009 1.52 1.82 1.35 -3.067 0.002
C (mg/L) (1.032, (1.304, (0.892, (113, (118, (1.04, (1.39, (1.70, (1.16, (1.06, (1.52, (1.03,
1.978) 2.264) 1.767) 1.60) 1.78) 1.55) 3.03) 3.67) 254) 2.06) 2.70) 1.99)
Glomerular 64.63 52.01 69.81 -2.501 0.012 60.03 57.07 63.36 -0.870 0.384 35.37 2214 46.38 -3.043 0.002 60.99 41.81 6719 -1.932 0.053
Filtration Rate 1 (39.78, (33.15, (48.09, (48.82, (46.37, (48.82, (16.02, (9.81, (25.46, (32.21, (26.63, (35.82,
(mL/min/1.73 92.92) 74.09) 103.99) 81.47) 72.90) 85.83) 68.36) 48.92) 84.25) 82.73) 74.81) 82.73)
m2)
Glomerular 4760 38.08 6274  -3.619 0000 5399 5036 5619  -0.900 0.368 3429 2351 3751  -2.640 0.008 43.88 33.62 4852  -2.932 0.003
Filtration Rate 2 (30.82, (25.28, (35.11, (39.74, (34.98, (43.68, (17.06, (13.57, (21.63, (28.27, (21.11, (30.15,
(mL/min/1.73 72.65) 54.85) 90.10) 63.10) 61.35) 72.17) 50.55) 38.24) 60.54) 68.98) 44.49) 71.95)

m?)
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Glomerular 50.18
Filtration Rate 3 (30.37,
(mL/min/1.73 73.26)
m?)
Immunoglobulin 2.39
AL (1.80,
3.13)
Serum Albumin 39.3+
(g/L) 7.3
Total Choles- 5.02
terol (mmol/L) (3.96,
5.82)
Triglyceride 2.04
(mmol/L) (1.25,
3.15)
High-density 1.04
lipoprotein (0.86,
(mmol/L) 1.20)
Low-density 2.81
lipoprotein (2.15,
(mmol/L) 3.54)
Fasting Blood = 6.66
Glucose (5.64,
(mmol/L) 8.49)
Glycated hemo- 6.9 (6.2,
globin (%) 8.7)
Urinary kK Chain 50.91
(mg/L) (18.10,
66.08)
Urinary A Chain 26.45
(mg/L) (6.17,
34.67)
Urinary Total 514.5
Protein (mg/L) (87.0,
1894.0)
Red Blood Cell  3.69+
Count (10*?/L) 0.69
Hemoglobin 128.62+
Concentration 24.71
(g/L)
Hematocrit (%) 38.22+
6.68

37.63
(24.56,
55.53)

2.28
(1.63,
2.72)

378+
6.1

5.28
(3.96,
5.82)
221
(1.25,
3.14)

1.05
(0.93,
1.20)
3.01

(212,
3.70)

7.85
(6.12,
9.11)

7.8 (6.5,
8.8)

66.08
(34.68,
74.20)

34.67
(16.95,
48.80)
1404.0
(222.0,
2322.0)
3.44+
0.59
120.21+
22.70

35.79+
6.12

60.25
(36.53,
83.30)

258
(2.02,
3.43)

40.6x
8.0

465
(3.90,
5.74)
1.79
(.21,
3.20)

1.04
(0.84,
1.23)

2.77
(2.16,
3.24)

6.19
(5.53,
7.40)

6.6 (6.1,
7.4)

50.91
(1148,
60.94)

26.45
(4.08,
27.61)
215.0
(72.5,
717.3)
3.89+
0.71
135.58+
24.33

40.24+
6.51

-2.991

-2.075

-1.880

-0.923

-0.976

-0.075

-1.088

-2.938

-2.907

-2.653

-3.170

-2.991

-3.297

-3.158

-3.407
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0.003

0.038

0.063

0.356

0.329

0.940

0.277

0.003

0.004

0.008

0.002

0.003

0.001

0.002

0.001

4712
(37.04,
63.85)

2.75
(2.15,
3.31)

40.7+
8.1

4.95
(411,
5.65)

1.95
(1.28,
2.34)

1.02
(0.86,
1.24)
2.97
(2.31,
3.89)

6.50
(5,52,
9.79)

7.5 (6.6,
8.8)

58.40
(20.55,
104.84)

27.90
(6.82,
54.55)
382.0
(90.0,
1776.5)
3.80+
0.73
13418z
27.08

39.79+
7.60

46.88
(32,55,
58.58)

257
(2.07,
3.13)

37.5%
9.2

4.88
(4.08,
5.31)

1.65
(1.10,
2.20)

1.19
(0.93,
1.34)
256
(2.15,
3.81)

7.99
(5.38,
10.72)
8.43
(7.30,
9.40)

98.29
(19.22,
129.00)

46.25
(6.32,
72.35)
1274.5
(188.3,
2858.8)
3.55¢
0.72
123.88+
27.52

37.03%
7.97

52.82

(38.66,
67.51)

2.88
(2.27,
3.50)

43.8+
5.5

511
(4.18,
5.92)

217
(1.85,
2.66)

0.90
(0.84,
1.14)

3.29
(2.50,
4.14)
6.39
(5.78,
8.15)
7.10
(6.55,
8.40)
43.00

(20.65,
62.31)

16.50
(6.82,

32.21)

302.0
(70.0,

936.0)

4.04+
0.68

144.08+

23.08

42.45%

6.29

-1.120

-1.540

-2.959

-1.120

-2.140

-2.381

-1.480

-0.640

-2.002

-1.790

-1.470

-2.090

-2.412

-2.789

-2.651

0.263

0.124

0.005

0.263

0.032

0.017

0.139

0.522

0.045

0.073

0.141

0.037

0.020

0.008

0.011

35.35
(15.36,
54.79)

2.48
(1.89,
3.22)

30.4+
8.3

5.20
(4.05,
6.40)

171
(111,
2.37)

1.28
(1.04,
1.59)

3.19
(2.53,
417)

6.10
(4.90,
8.10)

6.47
(5.95,
7.06)
65.20
(42.49,
124.99)

37.86
(19.47,
78.12)
339.8
(131.9,
687.4)
397+
0.88
112.652
25.70

34.12+
7.60

2153
(11.37,
40.95)

2.94
(2.10,
3.55)

33.9+
6.5

4.15
(313,
6.18)

1.28
(0.93,
2.11)
1.05
(0.85,
1.28)
2.61
(1.86,
4.03)

6.80
(5.48,
10.25)

6.93
(5.90,
7.39)
64.41
(52.41,
89.56)

33.49
(19.28,
49.29)
3117
(119.4,
469.5)
3.43%
0.65
98.43z
21.32

29.57+
5.92

39.07
(22.50,
68.84)

2.00
(1.66,
2.87)

28.0+
8.5

5.40
(4.95,
6.80)

1.91
(1.36,
2.54)

1.45
(1.19,
1.85)

3.38
(2.95,
4.61)

5.60
(4.90,
7.20)

6.43
(6.00,
6.81)
65.20
(38.00,
134.15)

48.70
(20.18,
84.10)
3901
(131.9,
719.7)
4.34+
0.84
12237+
24.03

37.23%
7.09

-2.908

-2.261

3.078

-2.483

-2.145

-4.504

-2.616

-1.919

-1.015

-0.361

-1.222

-1.192

-4.820

-4.249

-4.703

0.004

0.024

0.003

0.013

0.032

0.000

0.009

0.055

0.310

0.718

0.222

0.233

0.000

0.000

0.000

48.75
(28.00,
73.58)

2.38
(.71,
3.26)

28.77+
9.25

5.83
(450,
8.40)

214
(1.43,
3.13)

113
(0.87,
1.47)

3.57
(2.67,
5.35)

5.88
(4.98,
7.09)

6.60
(6.00,
7.30)
76.00
(29.20,
132.70)

48.20
(18.30,
81.60)
4030.0
(1820.0,
7820.0)
4.25+
0.87

121.99+
22.47

36.91+
6.79

37.61
(22.53,
61.73)

256
(1.81,
3.15)

30.25+
7.02

5.26
(3.97,
6.78)

161
.21,
2.35)

1.10
(0.86,
1.32)
3.39

(256,
4.39)

6.59
(5.28,
7.84)

7.00
(6.10,
8.30)

97.10
(39.60,
150.00)

61.10
(23.70,
90.90)
4030.0
(2190.0,
7200.0)
3.75%
0.92
102.03z
14.30

30.76%
4.30

54.54
(28.61,
74.65)

2.37
(1.69,
3.29)

28.34+
9.79

6.16
(4.59,
9.14)

221
(1.61,
3.42)

118
(0.87,
1.63)

3.63
.77,
5.63)

5.72
(4.63,
6.84)

6.50
(6.00,
6.90)
60.50
(22.53,
122.50)

35.40
(12.30,
72.98)

3990.0

(1560.0,

7835.0)
4.40+
0.80
127.81+
21.06

38.70+
6.33

-2.519

-0.058

1.076

-2.011

-2.737

-1.787

-1.648

-2.178

-2.634

-1.896

-2.049

-0.218

-4.121

-6.791

-6.967

0.012

0.954

0.283

0.044

0.006

0.074

0.099

0.029

0.008

0.058

0.041

0.827

0.000

0.000

0.000

a: One cell had an expected count less than 5.
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Table 3. Univariate and multivariate Logistic regression analysis results of modeling cohort

) Univariate analysis Multivariate analysis
Influencing factor
OR (95% Cl) P value OR (95% Cl) P value

Gender (male/female) 1.042 (0.371, 3.000) 0.938

Age (year) 0.982 (0.936, 1.027) 0.430

Height (m) 17.985 (0.064, 6102.140) 0.319

Weight (kg) 1.022 (0.988, 1.061) 0.220

Body mass index (kg/m?) 1.041 (0.930, 1.171) 0.490

Diabetes duration (month) 0.987 (0.979, 0.994) 0.001 0.988 (0.976, 0.999) 0.046
Systolic blood pressure (mmHg) 0.987 (0.970, 1.004) 0.141

Diastolic blood pressure (mmHg) 1.013 (0.980, 1.048) 0.440

Pulse pressure (mmHg) 0.972 (0.948, 0.994) 0.019

Blood uric acid (umol/L) 1.000 (0.997, 1.003) 0.999

Blood urea nitrogen (mmol/L) 0.887 (0.781, 0.991) 0.046

Blood creatinine (umol/L) 0.997 (0.992, 1.002) 0.249

Blood cystatin C (mg/L) 0.384 (0.183, 0.713) 0.006 0.014 (0.000, 1.000) 0.076
Glomerular filtration rate 1 (mL/min/1.73 m?) 1.017 (1.004, 1.032) 0.013

Glomerular filtration rate 2 (mL/min/1.73 m?) 1.030 (1.014, 1.049) 0.001 1.056 (0.978, 1.177) 0.211
Glomerular filtration rate 3 (mL/min/1.73 m?) 1.014 (1.001, 1.029) 0.051 0.946 (0.842, 0.989) 0.071
Immunoglobulin A (g/L) 1.688 (1.104, 2.716) 0.021 2.232(1.096, 5.241) 0.040
Serum albumin (g/L) 1.056 (0.998, 1.121) 0.067

Total cholesterol (mmol/L) 0.915 (0.673, 1.235) 0.559

Triglyceride (mmol/L) 0.970 (0.836, 1.124) 0.682

High-density lipoprotein (mmol/L) 1.525 (0.403, 6.197) 0.539

Low-density lipoprotein (mmol/L) 0.883 (0.598, 1.287) 0.516

Fasting blood glucose (mmol/L) 0.796 (0.639, 0.955) 0.029

Glycated hemoglobin (%) 0.738 (0.560, 0.927) 0.018 0.484 (0.275, 0.749) 0.003
Urinary k chain (mg/L) 0.993 (0.984, 1.002) 0.131

Urinary A chain (mg/L) 0.989 (0.973, 1.004) 0.157

Urinary microalbumin (mg/L) 1.000 (1.000, 1.000) 0.080

Red blood cell count (10*2/L) 2.893 (1.497, 6.071) 0.003 12.577 (1.144, 169.707) 0.043
Hemoglobin concentration (g/L) 1.028 (1.010, 1.049) 0.004

Hematocrit (%) 1.118 (1.045, 1.207) 0.002

Table 4. Performance of the RICH model in research cohorts

Indicator Modeling cohort  Validation cohort 1 Validation cohort 2 Validation cohort 3
Case 95 49 69 155
Discrimination degree

C statistics (AUC 95% Cl) 0.847 (0.766-0.929) 0.755 (0.611-0.899) 0.764 (0.654-0.874) 0.755 (0.665-0.845)

Sensitivity (%) 76.9 76.0 66.0 60.8

Specificity (%) 83.7 75.0 75.0 82.9

PPV 85.1 76.0 79.4 92.4

TP 40 19.0 27 73

NPV 75 75.0 60.0 38.2

TN 36 18.0 21 29
Calibration degree

Hosmer-Lemeshow test P value 0.433 0.244 0.281 0.838
Composite indicator

Brier score 0.154 0.208 0.202 0.175
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patients are different from
those of NDKD patients [30,
31]. Therefore, it is necessary
to use renal biopsy to diag-
nose DKD and NDKD patients
[9]. However, renal biopsy has
some limitations. For instance,
it is an invasive procedure with
potential risks; the indications
for renal biopsy in diabetic
patients remain unclear [32];
and patients generally have a
low acceptance of this proce-

0.75 1.00

00 dure [33].

05 355 A total of 416 T2DM patients

were enrolled in this study.
Among these patients, 31.3%
were diagnosed with DKD,
57.2% with NDKD, and 11.5%

with MIX. Among all NDKD and
MIX patients, MN, IgA nephrop-
athy, hypertensive nephropa-
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Figure 1. Clinical decision curve analysis for early diagnosis of NDKD
and prediction probability nomogram of T2DM patients developing NDKD
through the RICH model. A. Net benefit analysis of the Nomogram model.
When the threshold probability ranges between 0.10-0.80, patients exhibit
consistently high clinical net benefit. At a threshold probability of 0.559, ap-
proximately 20% of patients achieve net benefit. All: Net benefit rate when

078 0.980.998

most common pathological ty-
pes, which is consistent with
previous studies’ results [14,
15, 34-38]. This indicates that
the cohort used in this study
has good representativeness.

all patients received NDKD treatment; None: Net benefit rate when all pa-

tients received no treatment; Net_Benefit: Net benefit rate when treatment
was guided by the diagnostic model. B. Net reduction analysis of the inter-
vention. When the threshold probability is set at 0.559, using this model for
the early diagnosis of NDKD may potentially reduce the renal biopsy rate by

42.05%. C. Nomogram for the RICH model.

Application of nomogram

To facilitate the clinical application of the RICH
model for predicting the probability of NDKD in
T2DM patients, this study used R software to
assign weights to each risk factor in the model
and visualize these values in a nomogram (Fi-
gure 1C). This tool can also be implemented in
application programs (e.g., mobile apps, mini-
programs, and web-based calculators).

Discussion

With the continuous increase in the global dia-
betic population each year, DKD has become a
leading cause of ESRD [4, 29]. The pathogene-
sis, treatment strategies, and prognosis of DKD

10

Based on objective laboratory
test indicators collected from
three medical centers, we con-
structed and validated a RICH
predictive model to identify
adult T2DM patients with renal
injury. The results indicate that high levels of
eGFR_2, IgA, and RBC, along with a low level of
HbA1c, are important factors for NDKD identifi-
cation. Relevant studies have been reported
previously. For instance, Zhou et al. [20, 39],
established a diagnostic model involving five
indicators, namely disease duration, HbAlc,
hematuria, and DR. Another study updated this
model by introducing HGB into it [40]. Addi-
tionally, several studies have shown that young-
er age, longer disease duration, presence of
DR, absence of hematuria, diagnosis of ane-
mia, lower levels of HGB, TG/CysC, UA, ALB and
eGFR, as well as higher levels of Glu, HbAlc,
CysC and DBP, are important independent pre-
dictive factors for DKD diagnosis and progres-
sion, which can also be used as key indicators
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Figure 2. ROC and calibration curves of the RICH model. A. ROC curves of the modeling cohort and Validation Cohorts 1, 2, 3. B. Calibration curves of the modeling
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to distinguish DKD from NDKD [13-15, 28, 30,
31].

The RICH predictive model incorporates four
biomarkers: RBC, IgA, eGRF_2 (CysC-based es-
timated glomerular filtration rate), and HbA1c.
As the most abundant blood cells, RBCs pri-
marily function to transport oxygen and carbon
dioxide, while also participating in maintaining
acid-base balance in the human body, thus
serving as a critical cellular component for sus-
taining the normal metabolism of tissues and
organs. In the context of renal diseases, RBCs
can act as an indicator of anemia [41]; addition-
ally, the morphology of urinary RBCs helps iden-
tify the lesion site in renal diseases [42]. Stu-
dies have revealed that in DKD, excessive
secretion of amylin - a type of amyloid hormone
co-synthesized with insulin - contributes to ele-
vated erythropoietin levels and subsequent
RBC production [43]. Consistent with this me-
chanism, our study observed that RBC levels
were significantly higher in the DKD group than
in the NDKD group. This differential character-
istic enables RBCs to serve as a potential and
effective predictor for distinguishing DKD from
NDKD, providing biological mechanistic sup-
port for model construction. As a key member
of the immunoglobulin family, serum IgA levels
are not only closely associated with susceptibil-
ity to renal diseases [44], but also positively
correlated with the risk of T2DM in the adult
population [45]. This dual association provides
a crucial theoretical basis for enhancing the
discriminative efficacy of the DKD differential
diagnosis model. CysC exhibits extremely high
value in the clinical diagnosis of DKD. Com-
pared with traditional indicators such as eGFR
and urinary albumin-to-creatinine ratio (UACR),
CysC can reflect the risk of DKD onset at an
earlier stage [46]. Clinical data have confirmed
that higher baseline CysC levels are associat-
ed with an increased probability of developing
DKD. This unique property offers a key basis
for DKD differential diagnosis and justifies
CysC as an important component of the pre-
dictive model established in this study [46, 47].
Glycated HbA1c is a well-recognized key indica-
tor for the early screening of diabetes, with its
diagnostic value widely validated in clinical
practice [48]. Furthermore, extensive research
data have demonstrated that in T2DM patients,
higher HbA1c levels combined with greater fluc-
tuations are correlated with an elevated risk of
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adverse outcomes, including stroke and renal
disease [49]. This independent risk association
identifies HbAlc as an indispensable core indi-
cator in our DKD differential diagnosis model,
laying a solid foundation for its clinical applica-
bility and predictive accuracy.

Notably, a key innovation of this study, in con-
trast to prior research, lies in the pioneering
inclusion of IgA and eGFR_2 as two pivotal pre-
dictive factors in the model. This design was
driven by compelling biological and clinical evi-
dence: the majority of NDKD patients in this
cohort were diagnosed with MN, IgA nephropa-
thy, MCD, and LN - diseases etiologically linked
to intrinsic immune system dysfunction. Sup-
porting this link, renal pathological analyses
demonstrated IgA deposition in glomerular
mesangial areas or capillary loops [22], and
given that IgA is a core component of the im-
mune system, its expression levels are inher-
ently susceptible to immune system perturba-
tions [50]. From a clinical perspective, eGFR
serves as an irreplaceable index for renal func-
tion assessment, with superior screening sen-
sitivity compared to Serum Creatinine (Scr) and
CysC [51]. However, Scr measurements are
confounded by variables such as diet, muscle
mass, and exercise, which limit their utility for
accurate renal function evaluation. Previous
investigations have validated CysC as a valu-
able marker for distinguishing DKD from NDKD;
as an optimal endogenous indicator of renal
impairment, CysC surpasses Scr in diagnostic
precision, and eGFR_2 further enhances this
diagnostic capacity [21, 52]. Reinforcing this
choice, recent clinical guidelines advocate for
the supplementary measurement of CysC and
the calculation of eGFR following the latest
KDIGO recommendations [53]. For these rea-
sons, eGFR_2 was integrated into the predic-
tive model constructed in this study.

Compared with previous models for the identifi-
cation and diagnosis of DKD and NDKD, the
RICH model proposed in this study exhibits
the following distinctive characteristics: Firstly,
there are few existing studies focusing on pre-
dictive models for DKD and NDKD differentia-
tion. Moreover, most of these studies are sin-
gle-center retrospective investigations, whose
results lack clear representativeness and reli-
ability [15]. In contrast, the model constructed
in this study was validated using external cohort

Am J Clin Exp Urol 2026;14(1):1-16



Predictive model for NDKD identification in T2DM

data from two hospitals for the first time, thus
verifying the favorable scalability and applica-
bility of the RICH model. Secondly, the RICH
model incorporates only objective serum labo-
ratory test indicators, excluding subjective or
controversial variables such as diabetes dura-
tion and DR. This design effectively avoids
the confounding influences of heterogeneous
patient awareness levels and variable hospital
diagnostic and treatment standards on model
performance. Lastly, a relatively large sample
size of patients was enrolled in this study, which
ensures good stability of model validation. In
addition, the RICH model involves only a small
number of indicators, all of which can be mea-
sured via a single blood test. Furthermore, the
application of nomograms in this study pro-
vides a more intuitive visualization approach,
facilitating convenient clinical implementation
[15, 20, 40]. Although DKD can be diagnosed
relatively easily in accordance with clinical gui-
delines, how to avoid misdiagnosis of NDKD
and missed diagnosis of DKD - without unnec-
essarily relying on invasive renal biopsy - is a
research topic that warrants further explora-
tion. The RICH model can assist clinicians in
effectively identifying disease subtypes among
patients at an early stage. Combined with clini-
cal guidelines, this model provides a more
robust evidence base for physicians to make
clinical decisions. In particular, it serves as a
convenient and efficient predictive tool for
patients with contraindications to renal biopsy
or medical institutions lacking renal biopsy
facilities. By leveraging this model, more indi-
vidualized initial treatment regimens can be
formulated for diabetic patients with different
disease types, thereby improving their renal
prognosis.

There are some limitations in this research.
Firstly, most patients who underwent renal
biopsy and were enrolled in this study were
those with a strong clinical suspicion of NDKD.
Therefore, selection bias inherent in this pati-
ent cohort could influence the study results.
Secondly, like all risk prediction models, the
RICH model is constrained by the limitations of
clinical sample size. Thus, its reliability needs
to be further validated by more external valida-
tion cohorts and independent investigations.
Thirdly, due to the small sample size and com-
plex pathological mechanisms of patients in
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the MIX group, this subgroup was excluded
from the model construction to avoid introduc-
ing confounding biases. In future research, we
will expand the sample size to explore the feasi-
bility of incorporating this subgroup into the
model. Fourthly, owing to the limitations of het-
erogeneous diagnostic protocols across hospi-
tals and inconsistent laboratory testing panels
in this retrospective study, several potentially
important parameters - such as UACR, neutro-
phil gelatinase-associated lipocalin, and B,-mi-
croglobulin - were not included in the current
analysis. Therefore, prior to the clinical transla-
tion and practical application of the RICH
model, it is imperative to conduct larger-scale,
even international multicenter real-world pro-
spective cohort studies to further optimize and
validate the model for clinical implementation.

Conclution

Our findings demonstrate that NDKD accounts
for a notable proportion (57.2%) of kidney dis-
ease cases among T2DM patients who under-
went renal biopsy, highlighting the imperative
of recognizing and addressing NDKD in this
patient population. The RICH model, which is
built on four parameters - RBC, IgA, eGFR_2,
and HbA1c - exhibits robust performance in
predicting NDKD occurrence in T2DM patients
with renal impairment. Undoubtedly, larger-sca-
le cohort studies are required to verify these
findings and further validate the RICH model.
The development of the RICH model not only
furnishes clinicians with a potent auxiliary diag-
nostic tool but also offers a novel perspective
for deepening the exploration of the pathogen-
esis and management strategies of diabetes-
related renal complications.
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