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Purpose: Diabetic nephropathy (DN) is a serious complication of diabetes mellitus. A high level of neutrophil-lymphocyte ratio
(NLR) is an indicator of abnormal immune system activity which may serve as an effective potential inflammatory marker for
identifying the risk of DN. This study aimed to investigate the relationship between neutrophil-lymphocyte ratio (NLR) and the
incidence of DN in type 2 diabetes mellitus (T2DM) patients.

Patients and Methods: DN incidence was defined as the time from baseline diabetes diagnosis to first DN occurrence (KDIGO
CKD criteria). NLR’s effect and interactions were evaluated using covariate-adjusted competing risks regression (death as competing
event). The optimal NLR cut-point for DN prediction was determined by ROC analysis. The Fine and Gray subdistribution hazard
model assessed NLR’s effect on DN incidence, with subdistribution hazard ratios (sHR) validated via bootstrap sampling. The final
sample consisted of the records of 220 individuals (median age 64 years (IQR: 55-72)) with T2DM with complete covariates
information which were available for incidence analysis with NLR.

Results: Among 220 T2DM patients with complete covariates, 133 (60.45%) developed DN at 6 years, 20 (9.10%) were lost to
competing events, and 67 remained DN-free. Median NLR was 2.4 (IQR: 1.8-3.3), positively correlating with urinary albumin-to-
creatinine ratio and negatively with the estimated glomerular filtration rate (¢GFR) (p<0.01). ROC analysis demonstrated diagnostic
value for DN (AUC=0.772; 95% CI: 0.708, 0.836; p<0.01), with optimal cut-off at 3.02. NLR showed associations with DN in cause-
specific (CSH=1.66; 95% CI: 1.13, 2.52) and FGR models (sHR=2.26; 95% CI: 1.72, 2.92). Bootstrap validation yielded consistent
results (sHR= 2.36; 95% CI: 1.76, 3.02). Notably, NLR better predicts DN risk in older adults (>65 years) and those with well-
controlled HbAlc (<7.5%).

Conclusion: NLR shows promise for predicting DN incidence in Chinese patients, especially those >65 years or with good glycemic
control.

Keywords: diabetic nephropathy, neutrophil-lymphocyte ratio, competing risks, subdistribution hazard ratio, cause-specific hazard

ratio

Introduction

Diabetes mellitus (DM) is a chronic metabolic disorder of global concern, with its rising prevalence contributing to an
increased burden of diabetic nephropathy (DN), the major microvascular complication of DM."* DN affects approxi-
mately 30—40% of patients with T2DM, representing the leading cause of End-Stage Kidney Disease globally. Even in its
early stages, DN heightens susceptibility to cardiovascular morbidity and infections,>* highlighting the urgent need for
early detection and intervention. Unlike TIDM, where renal injury is primarily driven by hyperglycemia, T2DM-
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associated nephropathy is a heterogencous condition often compounded by metabolic syndrome, hypertension, and

chronic low-grade inflammation.® Established risk factors for DN include chronic inflammation, obesity, hypertension,

smoking, and sex differences,’®

7-9

with systemic inflammation and oxidative stress playing central roles in disease
progression.

Given its modifiable nature, systemic inflammation presents a promising target for DN prevention. Elevated levels of
pro-inflammatory enzymes, cytokines, and dysregulated signaling pathways have been epidemiologically associated with
DN onset and progression.” 19-12 However, the precise mechanistic role of inflammation in DN risk remains incompletely
understood. While inflammatory biomarkers hold potential for risk stratification, their clinical utility has been limited by
high costs and technical challenges. In contrast, the neutrophil-to-lymphocyte ratio (NLR), a cost-effective and routinely
measured hematologic parameter, serves as a practical surrogate for systemic inflammation in DM."* In T2DM,
hyperglycemia abnormally activates neutrophils, causing them to release ROS, inflammatory cytokines, and enzymes
that damage renal structures. Neutrophils also form NETs, which worsen endothelial injury and microthrombosis. At the
same time, reduced lymphocyte-mediated regulation leads to excessive inflammation. While some lymphocytes (Th1/
Th17) are pro-inflammatory, the lymphopenia in NLR generally reflects a decrease in the protective and regulatory
capacity (specifically Tregs) and an increase in systemic stress-induced apoptosis.'* An elevated NLR reflects immune
dysregulation and may serve as an effective tool for stratifying DN risk.'?!>1¢

Recent systematic reviews and meta-analyses have substantiated the potential of NLR as a biomarker for diabetic
complications. A 2025 meta-analysis by Leucuta et al'’ involving over 13,000 patients demonstrated that elevated NLR
is significantly associated with higher odds of DN (OR = 1.84). However, current evidence linking NLR to DN primarily
stems from cross-sectional studies, suggesting its diagnostic rather than prognostic utility. While some longitudinal
observations have indicated that NLR tracks with worsening renal function, these studies often utilized standard survival
models that treat death as a censoring event.'® To our knowledge, no longitudinal studies have examined the association
between NLR and DN incidence within a competing risks framework, nor have temporal interactions between NLR and
established risk factors (HbAlc, UACR, eGFR, and age) been thoroughly investigated. This gap in research underscores
the need for prospective studies to evaluate NLR’s true predictive capacity for DN development while accounting for the
competing risk of mortality.

Our study aims to address this by assessing whether NLR, as an accessible and inexpensive biomarker, can enhance
early DN risk prediction, potentially informing clinical strategies for timely intervention and improved patient outcomes.
By exploring dynamic interactions between NLR and metabolic parameters over time, this research may provide novel
insights into the inflammatory mechanisms driving DN progression.

Patients and Methods

Study Design

To determine the efficacy of NLR in predicting DN onset, a retrospective analysis was done using medical records
from Sichuan Province People’s Hospital patients—all clinically diagnosed with T2DM—including 268 T2DM
patients with their relevant clinical covariates incorporated. The final analytical cohort was refined to 220 patients
to ensure data quality, as we excluded 48 individuals who lacked complete data for all necessary covariates. DN
incidence was the interval from baseline T2DM diagnosis to first confirmed DN (per KDIGO CKD guidelines),'’
identified via two positive lab results (=90 days apart) or an administrative code, with low eGFR (< 60 mL/min/
1.73 m?) or albuminuria (UACR> 30 mg/g) as positive criteria for T2DM patients; study duration spanned from
baseline T2DM diagnosis to last follow-up, follow-up end, or death, and a competing-risks survival model (adjusted
for other risk factors) was used to evaluate NLR’s impact on DN incidence, additionally, individuals with baseline
NLR > 30 were excluded to avoid extrancous effects on NLR measurements. The study protocol was approved by
Sichuan Province People’s Hospital’s Ethics Committee, and all participants provided written informed consent prior

to enrollment.
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Clinical Covariates

We collected overnight fasting blood samples (requiring at least 8 hours of fasting) between 6:00 and 9:00 a.m., then
refrigerated them right away before sending to a central laboratory for testing within two hours. For each patient, we
assessed at least two consecutive blood tests and calculated their results using a weighted average, we also checked the
consistency of recorded parameters to rule out any irregular values. To calculate NLR, we pulled neutrophil and
lymphocyte counts from each patient’s haematology records, then computed this ratio as the absolute neutrophil count
divided by the absolute lymphocyte count. We pulled the clinical variables used as covariates from haematology,
demography, and biochemistry records through electronic linkage—specifically age at T2DM diagnosis, sex, HbAlc,
fasting glucose, urine albumin, triglycerides, spot urine creatinine levels, eGFR, high-density lipoprotein cholesterol
(HDL-c), and non-high-density lipoprotein cholesterol (non-HDL-c). Information regarding specific antidiabetic regi-
mens (oral hypoglycemic agents or insulin) was recorded; however, due to the high heterogeneity of treatment
modifications over the 6-year follow-up, baseline metabolic control (HbAlc) was used as the primary indicator of
metabolic status. We did not impute any covariate values in this analysis. We summarized all baseline biochemical
parameters as median values from the first 1-3 readings per participant (depending on which set of readings was most
complete) that we collected within 12 months before or after their diabetes diagnosis. We excluded any NLR readings
taken after a diagnosis of malignancy (or the related treatment for it), infectious diseases, acute coronary artery disease,
haematologic disorders, or diseases that impact urinary protein excretion. If we took multiple NLR readings within a 28-
day window, we only included the first one from that period in the analysis.

Statistical Analysis

Competing risks are events getting in the way of observing the main event we care about, and they break the assumption
of regular survival analysis. The competing event was defined as all-cause mortality occurring before the diagnosis of
Diabetic Nephropathy. Since death precludes the occurrence of DN, these events were treated as competing risks rather
than simple censorship to avoid overestimating the cumulative incidence of DN.?*?' Take DN as an example: an
individual with diabetes who presents elevated levels of risk factors such as HbAlc will exhibit an increased likelihood
of developing DN.?* To address this competing risk scenario, two widely adopted approaches, cause-specific hazard
(CSH) and the Fine and Gray subdistribution hazard model (FGR) are employed to model the influence of covariates on
the time-based outcome.”® 2> The CSH model estimates the direct effect of covariates on DN incidence by treating
competing events as censored observations. In contrast, the FGR model retains individuals with competing events in the
risk set, assigning weights based on their event times and censoring distribution.?*

For univariate analysis, continuous variables were presented as mean+ SD, while discrete variables were reported as
frequencies (percentages). To evaluate the independent prognostic value of NLR, multivariate models were constructed.
In these models, potential confounders including age, HbAlc, eGFR, UACR, and lipid levels were entered as continuous
variables to minimize residual confounding and preserve information. Sex was included as a binary categorical variable.
Hazard ratios for continuous variables with wide ranges (¢GFR, UACR) were reported per 10-unit increase for clinical
interpretability. The primary predictor NLR was evaluated both as a continuous and a categorical variable—first in
quartiles for a sensitivity analysis to assess the robustness of our results, and subsequently as a binary variable based on
an optimal cut-point derived from receiver operating characteristic (ROC) curve analysis for predicting DN.*
Additionally, NLR was utilized as a categorical variable in both FGR and CSH models, integrated into backward
stepwise competing risk models using the aforementioned cut-off. The CSH model estimates the direct effect of
covariates on the hazard of DN in event-free subjects, treating competing events as censored observations. In contrast,
the FGR model, which retains subjects experiencing competing events in the risk set with inverse probability weighting,
is more suited for absolute risk prediction as it quantifies effects on the cumulative incidence function.?* 1000 times
bootstrap sampling was applied to test the sHR of the model.

A follow-up duration of six years was stipulated for all endpoints. Potential effect modification was tested by
incorporating product interaction terms between NLR and key clinical variables (age, HbAlc, UACR, eGFR). The
estimated cumulative incidence of DN derived from the FGR model was utilized to visualize the joint risk associated

Diabetes, Metabolic Syndrome and Obesity 2026:19 htps: 3



Song et al

with varying NLR levels across different strata of the interacting covariates. A two-sided p-value < 0.05 defined
statistical significance. All statistical analyses were performed with R (version4.4.2) software and associated packages.30

Results

Selection of Study Participants

The cohort derivation process is detailed in Supplementary Figure S1. Briefly, from an initial pool of 369 individuals
with diabetes, 101 participants were excluded (51 individuals had no T2DM diagnosis date, and 50 participants had
a date mismatch). Among these individuals, 268 in total had both their diabetes diagnosis dates and censoring time
information-which includes the date they left the data catchment area, death, event date or end of the follow-up period
(Supplementary Figure S2). The final analytical cohort comprised 220 individuals with T2DM who had complete data for
all covariates, including NLR, and were thus eligible for incidence analysis (Supplementary Figure S3).

Association of NLR with Baseline Covariates and DN Prediction

The median follow-up time for the cohort of 220 participants was 1.38 years, within a maximum follow-up of 6 years.
Over this period, the cumulative incidence of DN was 60.45% (n=133), while competing events occurred in 9.10%
(n=20) of the cohort, resulting in a combined event rate of 69.55%. The demographic and clinical characteristics of the
participants are provided in Table 1. The overall median NLR was 2.4 (IQR: 1.8-3.3). Notably, patients who progressed
to DN had a significantly higher median NLR at diabetes diagnosis (2.7; IQR: 2.0—4.1) than those who remained event-
free (2.5; IQR: 1.7-3.8; p < 0.01) (Supplementary Table S1). The Pearson correlation of NLR with other clinical
covariates at baseline was shown in Figure 1a. Consistent with these findings, the FGR model, which formally accounted

for competing risks, estimated the 6-year cumulative incidence of DN and competing events at 60.45% and 9.10%,
respectively.

The optimal NLR cut-off value for predicting the incidence of kidney disease was determined through the ROC
curve, which is 3.016 (Figure 1b). The AUC value of the time-dependent ROC curve increased over time (Supplementary
Figure S4). NLR above 3.016 was coded as high and risks were estimated based on this cut-off.

Estimates from the Competing Risk Models of Incident DN

We looked at the quartile-specific risk of DN connected to higher NLR levels using the CSH model. Q1 means the first
quartile, while Q4 refered to the highest quartile. If we check the unadjusted cumulative incidence plot in Figure 2a, we
will see DN incidence hazard rises as NLR quartiles increase—Q3 and Q4 come with much greater risk than Q1. We then

Table | Demographic and Clinical Characteristics of
Participants at Baseline (n =220)

Parameter Mean | SD Range

Age (years) 62.8 12.7 | 22.0-90.0
Male (%) 64.1

HbAlc (%) 7.6 1.9 42-154

Fasting glucose (mmol/L) 9.3 4.9 3.7-42.4
eGFR (mL/min/1.73m?) 56.9 29.6 | 3.7-131.6

Lymphocytes (10%/L) 1.9 0.7 0.5-4.2
Neutrophil (10°/L) 45 1.6 | LI-115
NLR 2.4 1.5 0.8-19.6
HDL-c (mmol/L) 1.2 0.3 0.5-2.4
non-HDL-c (mmol/L) 2.6 1.2 0.5-9.8
Triglyceride (mmol/L) 23 24 0.2-18.0
UACR 1035 | 1739 | 0.2-951.3

Abbreviations: HbAlc, glycated haemoglobin Alc; eGFR, esti-
mated glomerular filtration rate; NRL, neutrophil-lymphocyte
ratio; UACR, urinary albumin-to-creatinine ratio.
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Figure | Association of NLR with baseline covariates and DN prediction. (a) Correlation heatmap of NLR with clinical/demographic factors. (b) ROC curve evaluating
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Figure 2 Risk of DN stratified by NLR quartiles. (a) Unadjusted 6-year cumulative incidence of DN across NLR quartiles (Q1-Q4). (b) Adjusted hazard ratios (HRs) for DN
from the CSH model, with QI as reference. The model was adjusted for age, sex, HbAlc, eGFR, UACR, HDL-c, non-HDL-c, triglycerides, and interaction terms between
NLR quartiles and age/eGFR/UACR/HbA I c. Quartile cutoffs: Q1 (1.42), Q2 (2.22), Q3 (3.26), Q4 (8.02). Error bars represent 95% confidence intervals. Q| is the reference
category,Q2: HR=1.12; Q3: HR=1.35; Q4: HR=1.63.

adjusted the crude effects of these quartiles for all covariates, along with interaction terms between NLR quartiles and
factors like age, HbAlc, UACR, and eGFR. We could clearly see a dose-response relationship: each step up in NLR
quartile was linked to a greater hazard for DN incidence. When we looked at people in the higher NLR quartile, their
CSH was 1.63 (95% CI: 0.94, 3.19, p<0.01) versus the reference group—which was the lowest quartile (Figure 2b). The
interaction terms between NLR quartiles and UACR, HbA lc, age, as well as UACR remained significant in both models.
Plots showing event-free survival (EFS) and cumulative incidence function (CIF) for covariates can be found in
Supplementary Figures S5 and S6. Overall, 88 individuals (44%) had high NLR levels (>3.016). Table 2 presents the
multivariate analysis results for the CSH and FGR models, focusing on 6-year DN incidence. Both models showed that
people with higher NLR levels have an increased risk of DN. The estimated hazard ratio for the CSH model came to 1.66
(95% CI: 1.13, 2.52, p<0.001), and the FGR model’s sHR was 2.26 (95% CI: 1.72, 2.92, p<0.001). We turned to
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Table 2 Evaluation of DN Incidence Over a 6-year Period Using the CSH Regression and FGR Models (n=220)

Parameter Crude_CSH P Adjusted_CSH p Crude_sHR p Adjusted_sHR p
(95% CI) (95% CI) (95% ClI) (95% CI)

NLR (> 3.02) 232 (1.21, 4.43) <0.05* 1.66 (1.13, 2.52) <0.00 %+ 242 (1.28, 4.58) <0.01%* 226 (1.72, 2.92) <0.00 |+

HbAlc (%) 1.05 (1.01, 1.10) <0.01%* 1.05 (1.01, 1.10) <0.01%* 1.05 (0.95, 1.15) <0.00 1% 1.04 (0.94, 1.12) <0.00 %%

HbAlc x NLR# 0.94 (0.87, 0.99) <0.01* | 0.94 (0.91, 0.97) <0.001% | 0.93 (0.90, 0.98) <0.01% 0.94 (0.90, 0.96) <0.00 %%

eGFR (mL/min/1.73m?) 0.97 (0.95, 1.05) <0.05* 0.98 (0.95, 1.00) <0.001*#* 0.99 (0.98, 1.01) <0.05*% 0.97 (0.95, 0.98) <0.001%%*

eGFR x NLR# 0.98 (0.94, 1.01) 0.26 - - 1.00 (0.99, 1.02) 0.36 - -

UACR 1.00 (0.99, 1.01) <0.01** 1.00 (0.99, 1.00) <0.001%#* 1.00 (0.99, 1.01) 0.79 1.01 (1.00, 1.01) <0.001%%*

UACR x NLR# 1.02 (0.98, 1.04) <0.01%* 1.01 (0.99, 1.01) <0.00 %+ 1.01 (0.99, 1.04) <0.01%* 1.01 (1.00, 1.01) <0.00 |+

Age (years) 1.02 (0.99, 1.05) 0.06 - - 1.01 (0.97, 1.04) 0.6l - =

Age x NLR# 0.99 (0.98, 1.00) 0.40 0.99 (0.99, 1.00) <0.001% | 0.99 (0.98, 1.00) 0.30 0.99 (0.99, 1.00) <0.001%%*

Sex (Male) 1.08 (1.02, 1.12) <0.05* 1.09 (1.01, 1.10) <0.01%* 1.08 (1.02, 1.12) <0.01% 1.09 (1.01, 1.10) <0.05*

non-HDL-c (mmol/L) 0.82 (0.75, 0.91) <0.05*% - - 1.04 (0.95, 1.15) 0.18 - -

HDL-c (mmol/L) 1.01 (0.92, 1.12) 0.40 - - 1.01 (0.97, 1.07) 0.14 - -

Triglyceride (mmol/L) 1.09 (0.89, 1.19) 0.34 - - 1.00 (0.95, 1.15) 0.16 - -

Notes: Variables labelled with # represent variable interaction terms with NLR (product term represented X symbol between variables). The effect estimates for eGFR,
UACR are presented for a |0-unit increase. The same applies to the interaction terms of these variables with NLR in the multivariate regression models. *p< 0.05; *p <
0.01; ¥*p <0.001. — not included in adjusted model.

Abbreviations: CSH, Cause-specific hazard model for DN; FGR, Fine-Gray regression model for DR; HbAlc, glycated haemoglobin Alc; eGFR, estimated glomerular
filtration rate; NRL, neutrophil-lymphocyte ratio; UACR, urinary albumin-to-creatinine ratio.

bootstrap sampling (Supplementary Figure S7) to check the model’s sub-distribution hazard ratio (sHR), and the outcome
here was an sHR of 2.36 (95% CI: 1.76, 3.02).

Subgroup Analysis and Effect Modification

We found the interaction terms between NLR and HbAlc, UACR, eGFR, or age to be significant in both models. What
this told us was that there was clear proof HbAlc, UACR, eGFR, and age can change how NLR affect predicted DN risk.
To make this easier for readers to follow, we added extra details on how NLR predicts DN risk across different strata of
HbAlc, UACR, eGFR, and age rather than only offering a simple average CSH or sHR point estimate (Figure 3).
Information on UACR and eGFR can be found in Supplementary Figure S8. If we dig a bit deeper into the results,

Figure 3 shows that for age groups, the third quartile (with an average age of 69.56) and fourth quartile (average age
79.68) were more sensitive to DN risk than the first quartile (average age 48.23) and second quartile (average age 62.14).
We also observed that subjects with a specific NLR level, along with HbAlc levels in the first, second, or third quartile,
had a higher chance of getting DN compared to those in the fourth quartile.

Discussion
While numerous studies have established a correlation between elevated NLR and Diabetic Nephropathy, the majority
have relied on cross-sectional designs or standard Cox proportional hazards models.'®?'*! Our study diverges from these
by implementing a Competing Risks Framework. In populations with Type 2 Diabetes, mortality is a significant
competing event that precludes the occurrence of DN. Standard survival analyses often treat death as a censoring
event, which introduces bias and overestimates the absolute risk of nephropathy. By utilizing the FGR and CSH model,
we have established a significant correlation between NLR levels at the time of diabetes diagnosis and the risk of
developing nephropathy over a 6-year timeframe. The findings highlight NLR’s potential as an inflammatory biomarker
in longitudinal risk assessment. Given that NLR is a predictor of overall vascular morbidity and mortality, and
considering nephropathy as a “survivor” phenotype, we employed both standard and “competing risk” methodologies
to verify that this correlation is not confounded by the overall effects on mortality. Both models offer critical insights into
causality and predictive outcomes and hence were reported in this study.

The central finding of this study is the robust association between elevated NLR (>3.02) and increased DN incidence
over a 6-year follow-up period. This threshold aligns with previous findings, such as those by Chittawar et al (cutoff 2.0)
and Khandare et al (cutoff NLR 2.83).'® The adjusted subdistribution hazard ratio (sHR=2.26) and cause-specific hazard
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Figure 3 Predicted risk of DN by NLR, stratified by HbAlc and age quartiles. Risk estimates were derived from a covariate-adjusted Fine-Gray regression (FGR) model,
with the highest quartile (Q4) representing elevated HbAlc or older age. Individual predicted risks were computed and plotted against NLR values for each HbA | c and age
quartile. The curves illustrate the model-predicted increase in DN risk per unit rise in NLR, with slope steepness reflecting risk acceleration.
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ratio (CSH=1.66) highlight NLR’s independent predictive value even after accounting for competing mortality and
traditional risk factors such as HbAlc, age, UACR. This extends prior cross-sectional studies,16 which primarily focused
on NLR’s diagnostic utility, by demonstrating its prognostic significance in a longitudinal cohort.

Due to the small sample size, bootstrap sampling was applied to test the sub-distribution hazard ratio (sHR) of the model.
The results showed that the sHR was 2.36, indicating that the original effect size was robust. Notably, the interaction analyses
revealed that NLR’s predictive capacity is modulated by HbA 1c and renal dysfunction markers (UACR, eGFR), with stronger
associations observed in older patients (>65 years) and those with well-controlled HbA 1¢ (<7.5%). In addition, the ROC curve
showed that these NLR had diagnostic value for DN. At an NLR >3.02, it should be considered that patients with T2DM may
develop DN. These findings align with emerging evidence that inflammation-driven pathways are particularly detrimental in
early-stage DN, where timely intervention could mitigate progression.>> >* By employing Fine-Gray competing risk models,
this study avoids overestimating DN incidence-a common pitfall in conventional survival analyses when competing events are
frequent.”’

Cumulative evidence has indicated that chronic inflammation exerts a pivotal role in DN and that inflammatory
indicators could aid in the disease’s diagnosis and prognostic evaluation®'*> Elevated NLR signifies a pathological
imbalance: a dominance of destructive innate immunity (neutrophil-mediated oxidative injury) coupled with a failure of
adaptive anti-inflammatory regulation (lymphocyte depletion), creating a perfect storm for rapid renal decline.*
Neutrophils exacerbate renal injury by releasing reactive oxygen species (ROS) and pro-inflammatory cytokines,
triggering endothelial dysfunction, podocyte injury, and thickening of the glomerular basement membrane, directly
accelerating renal fibrosis. Conversely, the lymphocyte component of the NLR reflects the body’s physiological stress
and regulatory capacity.Oxidative stress induced by hyperglycemia triggers mitochondrial apoptosis in lymphocytes,
leading to lymphopenia. Furthermore, DN progression is associated with a specific depletion of Tregs, which are
essential for suppressing excessive immune responses.®”** Our findings further indicate that NLR positively correlates
with UACR and inversely correlates with eGFR, suggesting inflammation-driven proteinuria and renal dysfunction.
Elevated UACR reflects damage to the glomerular filtration barrier and is an early marker of DN, consistent with
previous research.*’

The positive correlation between NLR and UACR indicates that inflammation accelerates kidney damage. A decline
in eGFR reflects the progressive loss of renal function. The negative correlation between NLR and eGFR is due to the
mechanism that chronic inflammation speeds up renal fibrosis and reduces the kidney’s repair ability. The interaction
between HbAlc and NLR (sHR=1.04) implies hyperglycemia amplifies inflammatory renal damage, consistent with
mechanisms involving advanced glycation end-products (AGEs) and pro-inflammatory pathway activation.*’ These
mechanisms collectively position NLR as a integrative marker of inflammatory burden and metabolic dysregulation
in DN.

The associations between inflammatory markers and DN have been examined in several prior research. In a study
conducted by Li et al, NLR levels were shown to exhibit a positive correlation with UACR levels and DN prevalence
among diabetic patients in the US.*' Among the Japanese diabetic population, albuminuria prevalence was found to rise
in tandem with elevated NLR levels.'® In an investigation of diabetic individuals in Syria, NLR has been identified as
a significant risk factor for albuminuria prediction.** Furthermore, the predictive utility of NLR for early-stage DN were
validated by prospective investigations.**** Our study align with previous researches, indicates that NLR is a valid and
potent predictor for early-phase progression.

Notably, in addition to the influence exerted by the NLR, the observed increasing levels of non-HDL-c demonstrated
a potential protective effect against DN within the CSH model, yet this effect failed to achieve statistical significance
when analyzed using the FGR model, thus highlighting the imperative need for validation through larger scale datasets.
Our findings align with those revealed by Lou et al, indicating that lipids may play a minor role in the incidence of DN.*

It is crucial to benchmark the predictive performance of NLR against established and novel renal biomarkers. While
UACR and eGFR remain the gold standards for diagnosing established nephropathy—often demonstrating higher
diagnostic sensitivity for structural damage—they may not fully capture the early systemic inflammatory drive that
precedes microvascular injury. Our findings indicate that NLR provides complementary prognostic information distinct
from these hemodynamic markers. In terms of discriminative ability, our model’s performance aligns with or exceeds that
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of other hematological indices; for instance, recent meta-analyses have shown NLR to possess a higher area under the
curve (AUC) for predicting diabetic kidney disease compared to the Platelet-Lymphocyte Ratio (PLR) or neutrophil
count alone. Furthermore, unlike emerging biomarkers such as Kidney Injury Molecule-1 (KIM-1) or Neutrophil
Gelatinase-Associated Lipocalin (NGAL)—which require expensive, specialized assays—NLR is derived from the
routine complete blood count (CBC). As a standard and economical biomarker obtained from complete blood counts,
the NLR provides practical benefits for clinical application. Its diagnostic efficacy for DN (AUC=0.772) exceeds that of
conventional indicators such as high-sensitivity c-reactive protein (hs-CRP; AUC=0.65), validating its utility in the early
detection of DN. For medical professionals, incorporating NLR into established risk assessment tools like the KDIGO
CKD risk categories could improve the identification of individuals at high risk. An increasing number of studies have
shown that anti- inflammatory therapy will play an important role in the management of DN in the future. In the future, it
is necessary to further explore the potential of NLR in guiding anti- inflammatory therapy for DN.*® For those at high
risk (NLR >3.02, age >65 years, and HbA1c<7.5%), more frequent renal monitoring, including quarterly urine UACR
and estimated glomerular filtration rate (eGFR) measurements, alongside early anti-inflammatory treatments such as
Sodium-Glucose Cotransporter 2 (SGLT2) inhibitors or Glucagon-Like Peptide-1 (GLP-1) receptor agonists, may help to
slow the progression of DN 474

While this study offers novel insights there are several limitations that need to be recognized. The single-center
retrospective design and limited sample size may introduce selection bias. To validate these findings across diverse
populations, it is essential to conduct larger-scale multi-center cohort studies. While NLR captures the cellular inflam-
matory response (neutrophil-mediated damage versus lymphocyte regulation), markers such as C-Reactive Protein (CRP)
and Interleukin-6 (IL-6) reflect the humoral inflammatory cascade. A multi-marker approach combining NLR with CRP
and IL-6 would theoretically enhance predictive accuracy by capturing distinct axes of the immune response. Although
our retrospective design limited our ability to include routine cytokine data, future prospective studies should integrate
these humoral markers with NLR to construct a comprehensive immuno-metabolic risk score In addition, the median
follow-up duration of 1.38 years limits the assessment of long-term predictive validity. Finally, unmeasured confounding
factors such as Body Mass Index (BMI), Systolic Blood Pressure (SBP), Diastolic Blood Pressure (DBP) may influence
the observed associations. Future multi-center prospective cohorts should integrate multiomics approaches, such as
single-cell sequencing, to clarify the role of NLR in renal inflammation and develop comprehensive risk models that
combine NLR, HbAlc, and other risk factors. Another notable analytical avenue could involve joint modelling centered
on the association between DN and NLR longitudinal values. We propose validating our findings across multiple
ethnicities by employing a considerably larger sample size—this secures adequate statistical power to detect biologically
relevant interaction effects.

In summary, this study establishes NLR as an independent predictor of DN incidence in T2DM patients, particularly
in older individuals and those with controlled glycemia. By employing competing risk methodologies, we circumvent
biases inherent to traditional survival analyses and provide a robust framework for DN risk assessment. These findings
underscore the importance of systemic inflammation in DN pathogenesis and advocate for NLR’s integration into routine
clinical practice to enable early, personalized interventions. Future research should focus on validating these results in
larger cohorts and exploring NLR’s therapeutic implications.
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