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Purpose: Diabetic retinopathy (DR) is a significant comorbidity with Type 2 Diabetes Mellitus (T2DM), however, risk prediction for 
DR remains understudied in the elderly population. This study aimed to develop and validate a nomogram for identifying individuals 
at high risk of DR among elderly T2DM patients to guide early clinical intervention.
Patients and Methods: A retrospective cohort of 1912 T2DM patients (aged ≥60 years) was enrolled from 2018 to 2024. 
Sociodemographic, biochemical, and health-related variables were extracted. The cohort was randomly stratified into derivation 
(70%) and validation (30%) sets. Least Absolute Shrinkage and Selection Operator (LASSO) regression was applied to identify key 
predictors, followed by multivariate logistic regression to construct the nomogram. Model performance was evaluated via Receiver 
Operating Characteristic-Area Under the Curve (ROC-AUC), calibration plots, Hosmer–Lemeshow (H-L) tests, and decision curve 
analysis (DCA). External validation was performed using an independent cohort (n = 476).
Results: Among 1912 patients, 655 (34.3%) were diagnosed with DR. Independent predictors included T2DM duration, glycosylated 
hemoglobin (HbA1c), platelet-to-lymphocyte ratio (PLR), estimated glomerular filtration rate (eGFR), and neutrophil percentage to 
albumin ratio (NPAR) (all p < 0.05). The nomogram demonstrated robust discrimination, with AUCs of 0.823 (95% CI: 0.805–0.851) 
and 0.808 (95% CI: 0.770–0.846) in the derivation and internal validation sets, respectively. Calibration plots demonstrated strong 
agreement between predicted and observed risks (H-L test: p = 0.807 [derivation], p = 0.374 [validation]). DCA indicated favorable 
clinical utility across threshold probabilities, and external validation confirmed generalizability (AUC=0.788) and readiness for clinical 
deployment.
Conclusion: This rigorously validated nomogram, integrating clinical accessible variables, provided a pragmatic tool for early DR 
risk stratification in elderly T2DM patients. Implementation of this model in clinical practice may enable personalized risk mitigation 
strategies to reduce DR incidence in this vulnerable population.
Keywords: nomogram, predictive model, diabetic retinopathy, elderly adults, T2DM

Introduction
Type 2 diabetes mellitus (T2DM) is a complex metabolic disorder characterized by insulin resistance and impaired 
insulin secretion. Globally, an estimated 537 million adults were living with diabetes in 2021, of whom 90–95% had 
T2DM, underscoring its significant public health burden.1 China has witnessed a significant rise in diabetes prevalence, 
affecting nearly 11% of the adult population, with a substantial proportion remaining undiagnosed.2 Diabetic Retinopathy 
(DR), a prevalent microvascular complication of diabetes, is a leading cause of vision impairment and blindness 
worldwide, impacting approximately 30–40% of diabetic individuals.3 Clinically, DR is categorized into two stages: non- 
proliferative DR (NPDR) and proliferative DR (PDR), distinguished by the presence of retinal neovascularization. While 
DR is typically asymptomatic in its early stage, delayed treatment can lead to severe vision loss or irreversible blindness.4 
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Early prediction and detection of DR through effective screening tools are critical to mitigating diabetes-related vision 
impairment and improving patient quality of life.

DR presents a significant concern among elderly T2DM adults due to the combined effects of aging and prolonged diabetes 
duration. In 2020, approximately 2.9 million cases of vision impairment among adults ≥ 50 years were attributed to DR.5 It is 
commonly acknowledged that age-related physiological decline is associated with progressive functional impairment and 
increased vulnerability to morbidity and mortality, further exacerbating diabetes-related complications.6 Additionally, prior 
studies have established key risk factors for DR progression, such as gender, poor glycemic control, hypertension, and 
hyperlipidemia. Despite robust evidence supporting these associations, clinicians often face challenges in systematically 
integrating the range of relevant biomarkers into targeted clinical decision-making.7 Recent advancements in predictive 
modeling have enabled risk stratification for DR across diverse diabetic populations, thereby supporting early intervention and 
personalized management strategies.8–10 However, existing models often fail to adequately address the distinct impact of 
aging on DR pathogenesis. Consequently, there remains an unmet need for a validated age-specific risk prediction tool to 
improve early detection and tailored screening strategies for elderly T2DM adults.

The Least Absolute Shrinkage and Selection Operator Regression Model (LASSO) is a machine learning technique 
that integrates variable selection and regularization to optimize predictive accuracy while maintaining model interpret
ability. By applying an L1 penalty, LASSO reduces nonessential regression coefficients to zero, thereby retaining only 
the most clinically relevant predictors and mitigating overfitting. Complementarily, a nomogram serves as a graphical 
calculator that quantifies the risk of clinical outcomes by incorporating multiple predictors, allowing clinicians to 
efficiently visualize individualized risk probabilities. Although recent studies have validated LASSO-nomogram frame
works for DR risk prediction in general T2DM populations,11,12 limited evidence exists regarding risk factors specific to 
elderly adults or the model’s performance in this demographic. To address this gap, this study aimed to develop and 
validate an interpretable, clinically practical DR risk prediction model by integrating LASSO regression with 
a nomogram. This dual approach facilitates robust variable selection alongside intuitive risk stratification, offering 
clinicians a tool to enhance early detection and personalized management of DR in elderly adults with T2DM.

Patients and Methods
Study Design and Participants
A multicenter, retrospective, cross-sectional study was conducted to identify independent risk factors for DR in elderly adults 
with T2DM. Data from 2388 patients aged ≥60 years with T2DM were extracted from electronic medical records at two 
tertiary hospitals in Northeast China, spanning the period from 2018 to 2024. The derivation and internal validation cohorts 
comprised 1912 patients recruited from Shenyang Fourth People’s Hospital (Shenyang, China) between February 2018 and 
January 2024, divided into derivation (70%) and internal validation (30%) sets through random partitioning. An external 
validation cohort included 476 patients from the First Affiliated Hospital of Jinzhou Medical University (Jinzhou, China), with 
data collected between December 2021 and January 2024. Inclusion criteria included: (1) aged ≥60 years; (2) T2DM diagnosis 
for ≥1 year; (3) completion of a comprehensive ophthalmologic examination, including clear fundus imaging; and (4) avail
ability of clinical and laboratory records. Exclusion criteria included: (1) patients with T1DM or secondary diabetes; (2) history 
ocular surgeries (eg, cataract extraction, retinal laser therapy); (3) comorbid retinal or optic nerve pathologies (eg, age-related 
macular degeneration, polypoid choroidal vasculopathy); (4) life-threatening systemic conditions (eg, malignant tumors, end- 
stage renal disease, severe hepatic impairment, autoimmune diseases); (5) acute diabetic complications (eg, diabetic 
ketoacidosis, hyperosmolar hyperglycemia syndrome); (6) incomplete clinical data > 10%; or (7) inadequate fundus image 
quality for definitive DR diagnosis.

Sample Size
Sample size estimation was performed using the “10 events per variable (10 EPV)” rule of thumb:13 The formula was 
defined as: minimum sample size = number of predictors × 10 EPV/event rate. Preliminary analyses identified 10 
candidate predictor variables, and based on an anticipated diabetic retinopathy (DR) incidence of 30.1% in Chinese 
populations,14 a minimum of 333 participants was required for robust model development and validation. The final 
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cohort included 1912 patients, exceeding this threshold to ensure adequate statistical power for both model construction 
and internal validation (Figure 1). For external validation, guidelines recommend a minimum of 100 events and 100 non- 
events for binary outcomes,15 at least 333 participants were required. Accordingly, this requirement was met by enrolling 
476 individuals in the external validation cohort (Figure 1).

Ethics Statement
This study was approved by the Institutional Review Board of Jinzhou Medical University (IRB approval No. 
JZMULL2024097, approval data: February 7, 2024) and in accordance with the principles of the Declaration of 
Helsinki. Informed consent was waived due to the retrospective design of this study. All data were fully anonymized 
prior to analysis and handled in strict compliance with confidentiality principles. This study adhered to the 
Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis (TRIOPD) report
ing guidelines.

Diagnosis Criteria of DR
DR, a microvascular complication of chronic hyperglycemia, is characterized by retinal damage that may progress to 
vision loss if left untreated. Diagnosis was based on the Chinese standards of care for T2DM,16 requiring at least one of 
the following clinical signs: microaneurysms, intraretinal hemorrhages, hard exudates, cotton wool spots, venous beading 
or dilation, neovascularization, vitreous hemorrhage, or retinal detachment. All participants underwent standardized 

Figure 1 Study participant flow diagram. 
Abbreviations: DR, diabetic retinopathy; T1DM, type 1 diabetes mellitus; T2DM, type 2 diabetes mellitus; LASSO, least absolute shrinkage and selection operator; ROC, 
receiver operating characteristic curve; DCA, decision curve analysis.
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ophthalmic evaluations conducted by certified ophthalmologists. Examinations included: (1) visual acuity and diopter 
measurement via automated optometry; (2) intraocular pressure assessment using non-contact tonometry; (3) external and 
anterior segment evaluation via slit-lamp biomicroscopy; and (4) retinal imaging through optical coherence tomography 
and fundus fluorography were employed to supplement slit-lamp biomicroscopy findings, particularly when clinical signs 
were ambiguous or difficult to interpret solely through slit-lamp biomicroscopy. If imaging of one eye was deemed 
uninterpretable, diagnostic conclusions were drawn from the evaluable eye.

Data Collection
Patients’ demographics, clinical information, and health-related parameters were retrospectively extracted from electronic 
medical records. Demographical variables included age (≥ 60 years old), gender (male and female), body mass index 
(BMI, kg/m2), residence location (urban/rural), current smoking status (no/yes), alcohol consumption (no/yes), T2DM 
duration (years), T2DM treatment regimen (diet control/oral anti-diabetes drugs/insulin injection/oral agents with insulin 
injection), family history of T2DM (no/yes), systolic blood pressure (SBP), and diastolic blood pressure (DBP). Comorbidities 
comprised hypertension, hyperlipidemia (defined as triglycerides [TG]  ≥ 1.7 mmol/L, total cholesterol [TC]  ≥ 5.2 mmol/L, 
low-density lipoprotein cholesterol [LDL-C]  ≥ 3.4 mmol/L, high-density lipoprotein cholesterol [HDL-C]  ≤ 1.0 mmol/L in 
males and ≤ 1.3 mmol/L in females, or use of cholesterol-lowering medications),17 cancer, cardiovascular diseases (CVD), 
osteoporosis, stroke, diabetic peripheral neuropathy (DPN), diabetic nephropathy (DN), diabetic foot ulcer (DFU). Fasting 
laboratory measurements included fasting blood glucose (FBG) levels, hemoglobin (HGB), glycated hemoglobin (HbA1c), 
TC, TG, aspartate aminotransferase (AST), alanine aminotransferase (ALT), total bilirubin (TBIL), serum creatinine (Scr), 
serum cystatin C (SCysC), albumin (ALB), HDL-C, LDL-C, uric acid (UA), blood urea nitrogen (BUN), high sensitivity 
C-reactive protein (Hs-CRP), neutrophil percentage (%), while blood cell counts (WBC, ×109/L), monocyte counts (×109/L), 
platelet counts (×109/L), neutrophil counts (×109/L), and lymphocyte counts (×109/L). Monocyte-to-lymphocyte ratio (MLR), 
platelet-to-lymphocyte ratio (PLR), neutrophil-to-lymphocyte ratio (NLR), neutrophil percentage-to-albumin levels (NPAR) 
were measured in the same blood samples. The estimated glomerular filtration rate (eGFR) was calculated using the Chronic 
Kidney Disease Epidemiology Collaboration (CKD-EPI) Creatinine- Cystatin C equation:18 eGFR = 135 × min (Scr/κ, 1)α × 
max (Scr/κ, 1)−0.544 × min (Scys/0.8, 1)−0.323 × max (Scys/0.8, 1)−0.778 × 0.9961Age × 0.963 (if female), where κ = 0.7 for 
females and 0.9 for males; α = −0.219 for females and −0.144 for males.

Statistical Analysis
Statistical analyses were conducted using SPSS version 23.0 (IBM Corp., New York, NY, USA) and R4.4.2 (R 
foundation for Statistical Computing, Vienna, Austria). Continuous variables were described using median with inter
quartile range (IQR), and group comparisons were assessed via the Mann–Whitney U-test (for two groups) or the 
Kruskal–Wallis test (for three groups). Categorical data were expressed as frequencies and percentage (%), with 
differences evaluated using Pearson’s Chi-squared test or Fisher’s exact test. A p-value of < 0.05 (two-tailed) was 
considered statistically significant. Missing data were addressed using the multiple imputation method in SPSS.

The LASSO regression model using the “glmnet” package in R was performed to identify optimal predictors of DR. 
To determine the penalization parameter (λ) that balances model parsimony and predictive accuracy, a 10-fold cross- 
validation utilizing the 1-standard error (1-SE) rule was applied in the derivation cohort. This approach minimizes 
overfitting by selectively shrinking the coefficients of redundant variables to zero, thereby retaining only the most 
contributive features. Variables selected through LASSO regression were subsequently included in a multivariate logistic 
regression analysis (using the “rms” package in R) to establish independent predictors of DR. Adjusted odds ratios (ORs) 
with corresponding 95% confidence intervals (CIs) were computed to quantify the strength of associations. A nomogram 
(using the “rms” and “regplot” packages in R) was then constructed to estimate individualized probabilities of DR 
occurrence in elderly patients with T2DM by incorporating the final set of significant predictors.

Model discrimination was evaluated using the receiver operating characteristic (ROC) curve and the area under the 
curve (AUC) (using the “pROC” package in R), where values closer to 1.0 indicate superior predictive performance. 
Calibration accuracy, reflecting the agreement between predicted probabilities and observed outcomes, was assessed via 
calibration plots (using the “calibrate” package in R) and the Hosmer-Lemeshow (H-L) test (using the “HLtest,R” source 
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in R). In calibration plots, the y-axis represents observed probabilities, while the x-axis represents predicted probabilities, 
proximity of plotted points to the 45-degree reference line signifies strong calibration. For the H-L test, a non-significant 
result (p > 0.05) indicates an adequate model fit. Clinical utility was evaluated using decision curve analysis (DCA) 
(using the “rmda” package in R), wherein the net benefit (y-axis) quantifies the clinical value of the model across 
threshold probabilities (x-axis)—the likelihood at which clinicians would initiate interventions. The DCA curve was 
compared against the treat-all and treat-none strategies; a curve above these reference lines signifies a superior net benefit 
at specific thresholds.19

Results
Baseline Characteristics of the Study Population
This study included a cohort of 1912 eligible elderly adults with T2DM for model development. Participants had 
a median age of 67.0 years (63.0, 72.0) and comprised 1023 males (53.5%) and 889 females (46.5%). DR was diagnosed 
in 34.3% (655/1912) of the cohort (Table 1). Patients were randomly allocated to derivation (n = 1340, including 458 DR 
cases) and internal validation (n = 572, including 197 DR cases) cohorts. Baseline demographic, clinical, and laboratory 
characteristics were comparable between the derivation and internal validation cohorts, with no statistically significant 
differences observed (all p > 0.05, Table 1).

For external validation, an independent dataset of 476 eligible participants was analyzed, of whom 161 (33.8%) had 
DN. Comparative analyses of baseline characteristics between the model development and external validation cohort 
were detailed in Supplementary Table S1. Overall, variable distributions across derivation, internal validation, and 
external validation cohorts were largely consistent. However, DFU, ALB, IDL-C, and Hs-CRP demonstrated statistically 
significant heterogeneity (all p < 0.05, Supplementary Table S1).

Predictor Screening
Univariate analysis revealed significant differences in clinical and laboratory parameters between elderly patients with 
and without DR. Compared to the non-DR group, those in the DR group were older age (p = 0.017), had longer T2DM 
duration (p < 0.001), a higher frequency of combined oral antihyperglycemic and insulin therapy (p = 0.042), a higher 
prevalence of hyperlipidemia (p < 0.001), and a higher rate of DN (p = 0.036). Laboratory findings indicated elevated 
levels of HbA1c (p < 0.001), UA (p = 0.031), neutrophil (absolute counts: p = 0.002; percentage: p < 0.001), platelets 
(p = 0.031), Scr (p < 0.001), and SCysC (p < 0.001). Furthermore, the DR group demonstrated higher PLR (p < 0.001) 
and NPAR (p < 0.001), while exhibiting a reduced eGFR (p < 0.001) compared to the non-DR group (Table 1).

The LASSO regression model was employed to identify key predictors of DR while mitigating overfitting. Neutrophil 
(absolute counts and percentages), monocytes, platelets, and lymphocytes were excluded from the LASSO regression 
model to prevent multicollinearity. Figure 2 illustrated the LASSO regularization process for variable selection. In the 
coefficient solution path diagram (Figure 2A), each colored line represented the trajectory of the standardized coefficient 
as the λ increases. With escalating λ values, the coefficients shrink towards zero. At λ.1-SE = 0.0319 (log(λ) = −3.445), 
six predictors retained non-zero coefficients: T2DM duration, HbA1c, hyperlipidemia, PLR, eGFR, and NPAR. All other 
variables were excluded, resulting in a parsimonious model with clinical interpretability (Figure 2B). A subsequent 
multivariate logistic regression model confirmed these variables as independent predictors of DR. ORs were as follows: 
T2DM duration (OR = 2.125, 95% CI: 1.747–2.586, p < 0.001), HbA1c (OR = 1.363, 95% CI: 1.275–1.457, p < 0.001), 
hyperlipidemia (OR = 2.494, 95% CI: 1.877–3.314, p < 0.001), PLR (OR = 1.010, 95% CI: 1.008–1.012, p < 0.001), 
eGFR (OR = 0.973, 95% CI: 0.965–0.980, p < 0.001), and NPAR (OR = 2.207, 95% CI: 1.880–2.592, p < 0.001) 
(Figure 3).

Nomogram Development
A nomogram-based risk prediction model was constructed based on the six identified predictors (T2DM duration, 
HbA1c, hyperlipidemia, PLR, eGFR, and NPAR) to quantitatively assess the risk of DR in elderly patients with 
T2DM (Figure 4). Each predictor was assigned a score based on its corresponding scale at the top of the nomogram. 
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Table 1 Demographical and Clinical Parameters of Participants with or Without DR (N = 1912)

Parameters Total (N = 1912) Without DR (N = 1257) With DR (N = 655) p-value Derivation Cohort  
(N = 1340)

Internal Validation 
Cohort (N = 572)

p-value

Age (years) 67.0 (63.0, 72.0) 66.0 (63.0, 71.0) 67.0 (63.0, 73.0) 0.017* 66.00 (63.00, 71.00) 67.00 (63.00, 72.00) 0.317

Gender

Male 1023 (53.5%) 666 (53.0%) 357 (54.5%) 0.527 715 (53.4%) 308 (53.8%) 0.845
Female 889 (46.5%) 591 (47.0%) 298 (45.5%) 625 (46.6%) 264 (46.2%)

BMI (kg/m2)

< 25.0 982 (51.4%) 655 (52.1%) 327 (49.9%) 0.225 676 (50.4%) 306 (53.5%) 0.461
25.0–29.9 747 (39.1%) 492 (39.1%) 255 (38.9%) 532 (39.7%) 215 (37.6%)

≥ 30.0 183 (9.6%) 110 (8.8%) 73 (11.1%) 132 (9.9%) 51 (8.9%)

Location
Urban 995 (52.0%) 645 (51.3%) 350 (53.4%) 0.378 645 (48.1%) 272 (47.6%) 0.816

Rural 917 (48.0%) 612 (48.7%) 305 (46.6%) 695 (51.9%) 300 (52.4%)

Alcohol consumption (yes) 551 (28.8%) 347 (27.6%) 204 (31.1%) 0.105 383 (28.6%) 168 (29.4%) 0.727
Current smoking (yes) 489 (25.6%) 313 (24.9%) 176 (26.9%) 0.349 339 (25.3%) 150 (26.2%) 0.671

Diabetic duration (years)

< 10.0 441 (23.1%) 348 (27.7%) 93 (14.2%) <0.001*** 311 (23.2%) 130 (22.7%) 0.445
10.0–19.0 913 (47.8%) 637 (50.7%) 276 (42.1%) 628 (46.9%) 285 (49.8%)

≥ 20.0 558 (29.2%) 272 (21.6%) 286 (43.7%) 401 (29.9%) 157 (27.4%)

T2DM treatment
Diet control 380 (19.9%) 264 (21.0%) 116 (17.7%) 0.042* 276 (20.6%) 104 (18.2%) 0.283

Oral anti-diabetes drugs 582 (30.4%) 363 (28.9%) 219 (33.4%) 396 (29.6%) 186 (32.5%)

Insulin 599 (31.3%) 409 (32.5%) 190 (29.0%) 413 (30.8%) 186 (32.5%)
Oral agents with insulin 351 (18.4%) 221 (17.6%) 130 (19.8%) 255 (19.0%) 96 (16.8%)

Family history of T2DM 293 (15.3%) 188 (15.0%) 105 (16.0%) 0.536 209 (15.6%) 84 (14.7%) 0.612
SBP (mmHg) 134.00 (120.00, 148.00) 134.00 (119.50, 147.75) 134.00 (121.00, 148.00) 0.544 133.00 (119.00, 145.50) 134.75 (121.00, 149.00) 0.058

DBP (mmHg) 75.50 (68.50, 84.00) 76.00 (68.00, 84.00) 75.50 (68.50, 83.50) 0.907 75.50 (68.00, 84.00) 76.00 (68.50, 84.00) 0.253

Comorbidities
Hypertension (yes) 927 (48.5%) 598 (47.6%) 329 (50.2%) 0.270 664 (49.6%) 263 (46.0%) 0.152

Hyperlipidemia (yes) 1063 (55.6%) 608 (48.4%) 455 (69.5%) <0.001*** 745 (55.6%) 318 (55.6%) 0.999

Cancer (yes) 211 (11.0%) 130 (10.3%) 81 (12.4%) 0.180 153 (11.4%) 58 (10.1%) 0.414
CVD (yes) 593 (31.0%) 380 (30.2%) 213 (32.5%) 0.305 407 (30.4%) 186 (32.5%) 0.353

Osteoporosis (yes) 583 (30.5%) 382 (30.4%) 201 (30.7%) 0.893 419 (31.3%) 164 (28.7%) 0.259

Stroke (yes) 181 (9.5%) 119 (9.5%) 62 (9.5%) 0.999 136 (10.1%) 45 (7.9%) 0.119
DPN (yes) 355 (18.6%) 224 (17.8%) 131 (20.0%) 0.245 256 (19.1%) 99 (17.3%) 0.355

DN (yes) 440 (23.0%) 271 (21.6%) 169 (25.8%) 0.036* 315 (23.5%) 125 (21.9%) 0.431

DFU (yes) 41 (2.1%) 24 (1.9%) 17 (2.6%) 0.326 20 (1.5%) 21 (3.7%) 0.003
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Medical history
Antihypertensive drug 869 (45.4%) 554 (44.1%) 315 (48.1%) 0.094 604 (45.1%) 265 (46.3%) 0.614

Statins 1020 (53.3%) 663 (52.7%) 357 (54.5%) 0.464 712 (53.1%) 308 (53.8%) 0.775

Antiplatelet drug 1181 (61.8%) 762 (60.6%) 419 (64.0%) 0.153 828 (61.8%) 353 (61.7%) 0.974
Laboratory parameters

AST (U/L) 17.00 (8.00, 26.00) 17.00 (8.00, 26.00) 17.00 (8.00, 26.00) 0.874 17.00 (8.00, 26.00) 17.00 (8.00, 27.00) 0.550

ALT (U/L) 19.00 (10.00, 31.00) 19.00 (10.00, 31.00) 19.00 (11.00, 31.00) 0.496 19.00 (11.00, 32.00) 19.00 (10.00, 31.00) 0.589
ALB (g/L) 39.89 (30.06, 46.94) 40.21 (30.17, 46.75) 39.37 (29.89, 47.76) 0.776 38.27 (30.21, 45.93) 40.40 (30.04, 47.39) 0.151

FBG (mmol/L) 7.59 (6.51, 9.37) 7.51 (6.41, 9.23) 7.65 (6.61, 9.61) 0.183 7.56 (6.38, 9.21) 7.61 (6.53, 9.45) 0.425

HGB (g/dL) 138.00 (126.00, 149.00) 138.00 (127.00, 149.00) 138.00 (124.00, 149.00) 0.886 139.00 (127.00, 150.00) 137.00 (126.00, 149.00) 0.132
TC (mmol/L) 4.99 (4.33, 5.73) 5.02 (4.33, 5.74) 4.94 (4.33, 5.68) 0.731 4.99 (4.26, 5.72) 4.99 (4.34, 5.73) 0.811

TG (mmol/L) 1.51 (1.07, 2.09) 1.55 (1.07, 2.13) 1.48 (1.07, 2.01) 0.292 1.54 (1.08, 2.18) 1.51 (1.07, 2.06) 0.440

HbAIc (%) 8.60 (7.80, 9.80) 8.50 (7.70, 9.10) 9.20 (8.10, 11.30) <0.001*** 8.60 (7.80, 11.88) 8.60 (7.80, 9.00) 0.116
BUN (mg/dL) 5.50 (4.60, 6.70) 5.54 (4.66, 6.70) 5.50 (4.54, 6.80) 0.606 5.50 (4.50, 6.70) 5.50 (4.70, 6.76) 0.125

UA (μmol/L) 285.90 (238.00, 345.10) 291.55 (243.95, 351.05) 279.65 (232.05, 342.13) 0.031* 285.60 (236.66, 341.38) 289.17 (238.00, 351.05) 0.795

HDL-C (mmol/L) 1.24 (1.06, 1.47) 1.24 (1.07, 1.46) 1.25 (1.05, 1.47) 0.714 1.26 (1.08, 1.47) 1.23 (1.05, 1.46) 0.227
IDL-C (mmol/L) 2.86 (2.31, 3.39) 2.85 (2.29, 3.39) 2.88 (2.34, 3.42) 0.299 2.78 (2.26, 3.40) 2.78 (2.26, 3.39) 0.121

TBIL (μmol/L) 7.00 (4.00, 12.00) 7.00 (4.00, 11.50) 8.00 (4.00, 12.00) 0.736 8.00 (4.00, 12.00) 7.00 (4.00, 12.00) 0.332

Scr (μmol/L) 0.78 (0.67, 0.96) 0.77 (0.66, 0.92) 0.83 (0.70, 1.01) <0.001*** 0.80 (0.69, 0.96) 0.78 (0.67, 0.95) 0.138
SCysC (mg/L) 0.82 (0.66, 0.95) 0.80 (0.65, 0.93) 0.84 (0.68, 0.99) <0.001*** 0.82 (0.65, 0.95) 0.81 (0.66, 0.95) 0.887

Hs-CRP (mg/L)
< 3 1751 (91.6%) 1160 (92.3%) 591 (90.2%) 0.125 1227 (91.6%) 524 (91.6%) 0.976

≥ 3 161 (8.4%) 97 (7.7%) 64 (9.8%) 113 (8.4%) 48 (8.4%)

Neutrophils (×109/L) 7.98 (4.50, 11.74) 7.63 (4.44, 11.61) 8.64 (4.66, 12.20) 0.002** 8.24 (4.65, 11.71) 7.87 (4.44, 11.78) 0.391
Lymphocytes (×109/L) 1.95 (1.04, 2.90) 2.00 (1.05, 2.87) 1.83 (1.04, 2.97) 0.700 1.94 (1.04, 2.85) 1.95 (1.04, 2.93) 0.762

Monocytes (×109/L) 0.50 (0.31, 0.70) 0.49 (0.31, 0.70) 0.51 (0.31, 0.70) 0.939 0.50 (0.33, 0.70) 0.50 (0.31, 0.70) 0.645

Platelets (×109/L) 216.00 (123.27, 331.84) 210.54 (121.07, 319.77) 230.51 (128.00, 353.75) 0.031* 223.74 (125.21, 331.84) 213.54 (121.20, 332.50) 0.552
WBC (×109/L) 9.84 (6.35, 13.40) 9.84 (6.32, 13.40) 9.81 (6.45, 13.40) 0.769 9.94 (6.40, 13.78) 9.77 (6.34, 13.29) 0.651

Neutrophils (%) 78.00 (65.00, 88.00) 77.00 (60.00, 87.00) 81.00 (72.00, 90.00) <0.001*** 78.00 (59.25, 88.00) 78.00 (68.00, 88.00) 0.541

NLR 4.28 (2.27, 7.86) 4.24 (2.27, 7.63) 4.35 (2.28, 8.22) 0.555 4.28 (2.39, 7.61) 4.29 (2.22, 7.95) 0.784
PLR 120.50 (84.00, 159.00) 112.00 (78.00, 146.50) 139.00 (101.00, 187.00) <0.001*** 125.00 (86.25, 160.00) 118.00 (82.25, 159.00) 0.151

LMR 0.26 (0.15, 0.48) 0.25 (0.15, 0.48) 0.26 (0.15, 0.51) 0.593 0.26 (0.15, 0.51) 0.25 (0.15, 0.48) 0.531

NRAR (mL/g) 1.89 (1.42, 2.54) 1.73 (1.27, 2.22) 2.28 (1.75, 3.03) <0.001*** 1.91 (1.42, 2.56) 1.88 (1.40, 2.53) 0.713
eGFR (mL/min/1.73m2) 95.12 (85.09, 106.31) 98.18 (87.14, 107.46) 90.26 (80.89, 102.11) <0.001*** 93.61 (84.82, 105.85) 95.59 (85.33, 106.39) 0.243

Notes: Continuous variables are expressed as medians (interquartile range) and categorical variables are presented as frequencies (%). *p < 0.05, **p < 0.01, ***p < 0.001, indicate statistical significance. 
Abbreviations: ALB, albumin; AST, aspartate aminotransferase; ALT, alanine aminotransferase; BMI, body mass index; BUN: blood urea nitrogen; CVD, cardiovascular disease; DBP, diastolic blood pressure; DFU, diabetic foot ulcer; DN, 
diabetic nephropathy; DR, diabetic retinopathy; DPN, diabetic peripheral neuropathy; GFR, estimated glomerular filtration rate; FBG, fasting blood glucose; HGB, hemoglobin; HbA1c, glycated hemoglobin; HDL-C, high-density 
lipoprotein cholesterol; LDL-C, low-density lipoprotein cholesterol; LMR, lymphocyte to monocyte ratio; NLR, neutrophil-to-lymphocyte ratio; NPAR, neutrophil percentage-to-albumin ratio; PLR, platelet-to-lymphocyte ratio; Scr, 
serum creatinine. SBP, systolic blood pressure; TBIL, total bilirubin; TC, total cholesterol; TG, triglyceride; UA, uric acid; WBC, white blood cell.
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The total score, obtained by summing the individual predictor scores, was translated into a probability of DR using the 
risk scale at the bottom (Figure 4A). For instance, a 63-year-old patient with hyperlipidemia, a T2DM duration ≥20 years, 
an eGFR of 101.12 mL/min/1.73m2, a PLR of 178.00, and a NPAR of 3.34 would achieve a total score of 3.22 points, 
corresponding to an estimated 76.6% risk of DR (as indicated by the red arrow in Figure 4B).

Model Performance
The discriminative ability of the nomogram was evaluated using ROC analysis (Figure 5A). The AUC values were 0.828 
(95% CI: 0.805–0.851) and 0.808 (95% CI: 0.770–0.846) for the derivation and internal validation cohorts, respectively. 
Furthermore, calibration plots demonstrated a strong association between the model’s predicted probabilities and 
observed outcomes, with the calibration curve (black line) closely aligning with the ideal reference line (diagonal line) 
in both cohorts (Figure 5B). Moreover, the H-L tests further confirmed model fit, yielding non-significant Chi-square 

Figure 2 Predictor selection using LASSO regression. (A) Coefficient shrinkage profiles for all candidate variables. (B) 10-fold cross-validation for optimal penalty 
parameter (λ) determination. Vertical dashed lines denote λ.min (left) and λ.1-SE (right), corresponding to the values yielding minimal mean cross-validated error and the 
simplest model within 1-SE of the minimum, respectively. 
Abbreviations: λ, lambda; SE, standard error; LASSO, least absolute shrinkage and selection operator.

Figure 3 Forest plot illustrating the multivariate logistic regression model. p < 0.05, indicating statistical significance. 
Abbreviations: OR, odds ratio; CI, confidence interval; HbA1c, glycosylated hemoglobin; PLR, platelet-to-lymphocyte ratio; eGFR, estimated glomerular filtration rate.
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statistics of 6.305 (p = 0.807) and 9.711 (p = 0.374) for the derivation and internal validation cohorts, respectively. 
Additionally, the DCA plot revealed that the nomogram provided greater net clinical benefit across a wide range of risk 
thresholds (3.4–99% for derivation and 9–86% for validation cohort, respectively) compared to the “treat all” (gray 
curve) and “treat none” (green line) strategies, thereby underscoring its superior practical utility (Figure 5C).

External Validation of the Nomogram Model
To evaluate generalizability, an independent external cohort comprising 476 elderly patients with T2DM was recruited 
from a geographically distinct region. The demographic and clinical characteristics of this cohort, including key 
predictors (T2DM duration, HbA1c, hyperlipidemia, PLR, eGFR, and NPAR), were summarized in Table 2. All predictor 
variables maintained statistical significance (all p < 0.05), confirming their robustness across diverse populations. The 
nomogram demonstrated discriminative ability in the external cohort, with an AUC of 0.788 (95% CI: 0.745–0.831) 
(Figure 6A). Calibration analysis revealed excellent alignment between predicted probabilities and observed outcomes, as 
evidenced by the proximity of the calibration curve to the ideal reference line (Figure 6B). The H-L test further validated 
model fit, yielding a non-significant Chi-square statistic of 11.778 (p = 0.226). DCA curve confirmed the monogram’s 
clinical utility, showing that its application provided substantial net clinical benefit across a wide range of threshold 
probabilities (3–82%) compared to alternative management strategies (Figure 6C). Collectively, these findings under
score the model’s reproducibility and reliability in predicting the risk of DR among elderly individuals with T2DM, 
supporting its potential integration into clinical practice.

Discussion
Despite well-established recommendations for timely detection and treatment of diabetic retinopathy (DR) to prevent 
vision-threatening complications in individuals with diabetes, significant barriers hinder the implementation of effective 
global screening programs. Limited access to specialized medical resources and DR screening services, combined with 
substantial financial burdens, remains a critical challenge across all income settings.20 Furthermore, diabetes management 
in elderly populations presents unique complexities, as this group is particularly susceptible to both traditional diabetes- 
related complications and age-associated comorbidities.21 These factors underscore the urgent need for cost-effective, 
simplified screening strategies tailored to older adults. In this study, DR was diagnosed in 34.3% (655/1912) of elderly 
patients with T2DM, a prevalence consistent with prior reports (eg, 30.0% in adults aged ≥65 years),22 further 

Figure 4 Nomogram for individualized DR risk prediction in elderly adults with T2DM. (A) Scoring system integrating six clinically accessible parameters: T2DM duration, 
HbA1c, hyperlipidemia, PLR, eGFR, and NPAR. The probability axis represents the clinically observed range (100–180 points). The total points scale extends to theoretical 
maximum values to account for rare cases. (B) Clinical application example: A 63-year-old patient with hyperlipidemia, T2DM duration ≥20 years, eGFR of 101.12 mL/min/ 
1.73 m², PLR of 178.00, and NPAR of 3.34 achieved a cumulative score of 3.22 points (indicated by arrows), corresponding to a 76.6% predicted DR risk. An asterisk (***) 
denotes the significant variables identified by multivariate logistic regression analysis. 
Abbreviations: DR, diabetic retinopathy; T2DM, type 2 diabetes mellitus; HbA1c, glycosylated hemoglobin; PLR, platelet-to-lymphocyte ratio; eGFR, estimated glomerular 
filtration rate.
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emphasizing the elevated risk of DR in this demographic. LASSO regression identified six significant variables 
associated with DR: T2DM duration, HbA1c, hyperlipidemia, PLR, eGFR, and NPAR, which was further corroborated 
by multivariate logistic regression analysis. The nomogram demonstrated robust predictive performance, with strong 
discriminative ability, well-calibrated probabilities, and clinically meaningful net benefits in DCA. By integrating readily 

Figure 5 Predictive performance of the nomogram model. The ROC-AUC plot (A), calibration curve plot (B), and DCA curve (C) of the nomogram for predicting DR in 
the derivation and internal validation cohorts. 
Abbreviations: DCA, decision curve analysis; ROC-AUC, receiver operating characteristic-area under the curve.
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available clinical and laboratory parameters, this model addresses a critical gap in DR risk stratification for elderly 
T2DM patients, offering a pragmatic tool to optimize screening prioritization in resource-constrained settings.

This study identified T2DM duration and HbA1c were independent risk factors for DR. HbA1c, a well-established 
biomarker of long-term glycemic control,23 reflects cumulative exposure to hyperglycemia. Elevated HbA1c levels and 
prolonged disease duration synergistically exacerbate sustained hyperglycemia, which promotes retinal microvascular damage 
through mechanisms involving advanced glycation end products, oxidative stress, chronic inflammation, and aberrant 
neovascularization, ultimately driving DR pathogenesis in this population.24 Consistent with prior evidence,25 our analysis 
demonstrated that T2DM duration exceeding 10 years significantly increased DR risk compared to shorter disease courses, 
underscoring its critical role in DR progression. These findings align with existing research: Li et al developed a nomogram 
model incorporating T2DM duration and HbA1c to stratify DR risk in 2381 Chinese patients with T2DM, achieving robust 
discrimination across both derivation and external validation cohort.26 Similarly, a retrospective cohort study by Zhang et al 
established a dynamic prediction model leveraging systemic risk factors-including T2DM duration and HbA1c-that demon
strated clinical applicability for early detection of DR.27 Additionally, a cross-sectional study involving 168 Iranian patients 
with T2DM identified an HbA1c threshold of 8.15% as the optimal predictor of DR (prevalence rate of 29.8%).28 Collectively, 
these studies highlight the necessity of systematic DR screening in elderly patients with T2DM, particularly those with 
extended disease duration, as retinopathy frequently progresses asymptomatically during its early stages. Moreover, stringent 
glycemic control remains paramount for mitigating both the incidence and severity of DR in this high-risk demographic.

The current analysis identifies hyperlipidemia—defined as the presence of at least one abnormal lipid threshold—as 
a significant contributor to DR development and progression in elderly adults with T2DM.17 Although previous studies 
have documented associations between dyslipidemia and DR, inconsistencies persist, particularly concerning specific 

Table 2 Predictive Model-Relevant Parameters for External Cohorts (N = 476)

Parameters Total (N = 476) Without DR (N = 315) With DR (N = 161) p-value

Diabetic duration (years)
< 10.0 118 (24.80%) 95 (30.2%) 23 (14.3%) <0.001***

10.0–19.0 227 (47.70%) 155 (49.2%) 72 (44.7%)

≥ 20.0 131 (27.5%) 65 (20.6%) 66 (41.0%)
Hyperlipidemia (yes) 272 (57.1%) 164 (67.1%) 108 (52.1%) 0.002**

HbAIc (%) 8.60 (7.83, 9.80) 8.50 (7.80, 9.20) 9.20 (8.10, 10.85) <0.001***

PLR 122.00 (86.00, 152.00) 116.00 (144.00, 83.00) 135.00 (190.00, 93.00) <0.001***
NRAR (mL/g) 1.96 (1.39, 2.59) 1.78 (1.24, 2.43) 2.31 (1.76, 2.94) <0.001***

eGFR (mL/min/1.73m2) 94.38 (85.46, 105.05) 96.64 (106.06, 87.03) 90.55 (81.27, 100.57) <0.001***

Notes: Continuous variables are expressed as medians (interquartile range) and categorical variables are presented as frequencies (%). **p < 
0.01, ***p < 0.001, indicate statistical significance. 
Abbreviations: HbA1c, glycosylated hemoglobin; PLR, platelet-to-lymphocyte ratio; eGFR, estimated glomerular filtration rate; DR, diabetic 
retinopathy; NPAR, neutrophil percentage-to-albumin ratio.

Figure 6 External validation of the nomogram. (A) Accuracy assessed through ROC-AUC, (B) calibration precision via the Hosmer-Lemeshow test, and (C) clinical utility 
via DCA in an independent cohort. 
Abbreviations: DCA, decision curve analysis; ROC-AUC, receiver operating characteristic-area under the curve.
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lipid parameters. For example, a recent meta-analysis correlated hyperlipidemia, defined by elevated serum lipid 
thresholds, with an increased risk of DR in T2DM patients.29 Conversely, our univariate analysis did not demonstrate 
significant associations of DR with isolated lipid fractions, such as TC, TG, HDL-C, and LDL-C. This discrepancy may 
arise from methodological differences, as individual lipid measurements are inherently susceptible to variability due to 
transient dietary influences, lipid-lowering therapies (such as statins), or acute metabolic fluctuations that can destabilize 
serum lipid profiles at the time of assessment.30,31 In contrast, hyperlipidemia, as a composite clinical variable, acts as 
a proxy for sustained dysregulation, encompassing cumulative exposure to dysmetabolic stress, thereby exacerbating 
microvascular pathology.32,33 This observation aligns with evidence suggesting that composite lipid variables more 
accurately reflect chronic metabolic derangements contributing to DR, including endothelial dysfunction, retinal lipid 
exudation, and ischemic damage.34 Therefore, while transient lipid levels lack prognostic specificity in cross-sectional 
analyses, hyperlipidemia remains significant in our nomogram as a marker of persistent dysmetabolic burden, especially 
in elderly adults predisposed to age-related vascular vulnerability. Future research incorporating serial lipid assessments 
and standardized dietary controls is warranted to clarify these temporal and mechanistic relationships.

This study identified reduced eGFR as an independent predictor of DR risk in elderly adults with T2DM. As a key 
biomarker of renal function, eGFR reflects systemic microvascular integrity, and its association with DR underscores the 
shared pathophysiology of diabetic microangiopathy. Declining kidney function, characterized by diminished eGFR, may 
exacerbate DR progression through mechanisms such as activation of the renin-angiotensin-aldosterone system (RAAS) 
and endothelial dysfunction, which mirrors retinal capillary damage, ischemia, and neovascularization.35 Consequently, 
longitudinal monitoring of eGFR provides critical insights into DR risk stratification and early intervention.36 Supporting 
this, a cohort study by Mori et al demonstrated that T2DM patients with lower baseline eGFR experienced accelerated 
DR progression, suggesting systemic microvascular deterioration serves as a unifying pathway.37 Similarly, a risk 
prediction model for vision-threatening DR identified eGFR <60 mL/min/1.73 m2 as a significant prognostic factor, 
particularly in patients with long-standing diabetes.38 Our model corroborated these findings, confirming eGFR as an 
independent risk factor for DR in elderly patients with T2DM. Notably, age-related physiological decline in renal 
function, compounded by chronic hyperglycemia, renders elderly T2DM populations uniquely vulnerable to concurrent 
microvascular complications.39 Thus, preserving renal function through stringent glycemic control and routine monitor
ing of eGFR is imperative to mitigate DR incidence and progression in this high-risk demographic.

The current study revealed that the PLR, a novel marker of systemic inflammation, was significantly elevated in patients 
with DR compared to non-DR counterparts and emerged as an independent predictor of DR in elderly adults with T2DM.40 In 
elderly populations, the aging process is associated with chronic low-grade inflammation, which synergizes with vascular 
stiffening, diminished immune resolution, and impaired tissue repair mechanisms to accelerate DR progression.7,41,42 Notably, 
a recent cross-sectional study involving 719 males with T2DM developed a nomogram model integrating PLR, demonstrating 
robust diagnostic accuracy for DR.43 Our findings further identified the NPAR as an independent predictor of DR in elderly 
T2DM patients. This aligned with a large-scale investigation by He et al, wherein elevated NPAR correlated with an increased 
risk of DR among 5850 individuals with diabetes.44 The prognostic utility of NPAR likely arises from its dual representation of 
inflammatory activity and nutritional-metabolic derangements: increased neutrophil percentages signify amplified inflamma
tory responses, driving oxidative stress and endothelial injury, while hypoalbuminemia reflects malnutrition or chronic 
inflammation, impairing antioxidant defenses and vascular stability.45,46 Both pathways are mechanistically implicated in 
retinal microvascular damage. Importantly, PLR and NPAR exhibit greater stability than conventional inflammatory markers 
such as CRP, leukocyte, or lymphocyte counts during physiological or pathological fluctuations, underscoring their clinical 
feasibility and cost-effectiveness for risk stratification of DR in resource-limited settings.47

Practice Implications and Future Perspectives
Early identification of DR risk in elderly adults with T2DM—a population characterized by high frailty and multimorbidity—is 
critical for implementing preventive interventions and mitigating vision-threatening complications. The proposed nomogram, 
which incorporates routinely measured clinical variables such as T2DM duration, HbA1c, hyperlipidemia, PLR, eGFR, and 
NPAR, offers a practical tool for risk stratification across diverse clinical settings, including those with restricted accesses to 
retinal imaging infrastructure. To integrate this nomogram into clinical practice effectively, healthcare systems should consider 
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establishing multidisciplinary diabetes care teams focused on optimizing the management of these critical parameters. For high- 
risk subgroups, such as patients with HbA1c >7%, prolonged diabetes duration, or declining eGFR, structured lifestyle 
counseling and optimization of pharmacotherapy for glycemic control should be prioritized. Routine ophthalmic evaluations 
are essential for preserving both retinal and renal function. Furthermore, individuals identified with hyperlipidemia or elevated 
PLR or NPAR may benefit from lipid-lowering therapies, anti-inflammatory agents, or personalized nutritional support aimed at 
reducing endothelial dysfunction and inflammation, thereby potentially decreasing the incidence of DR. In resource-constrained 
settings, the nomogram may serve as a triage tool to identify candidates requiring urgent referral to ophthalmology services. 
Currently, a significant challenge in implementing this nomogram is the unfamiliarity of clinicians with its interpretation. To 
address this issue, institutions should develop training strategies for clinicians and integrate the nomogram into electronic health 
record systems to automatically calculate retinopathy risk scores during routine visits. Additionally, for elderly patients 
experiencing cognitive decline, mobility limitations, and low adherence to therapy, tailored aids and caregiver-involved 
education may enhance adherence to screening and lifestyle interventions. By addressing these knowledge gaps, the nomogram 
may become a cornerstone of precision medicine for managing diabetes-related complications in aging populations.

Limitations
This study has several limitations that warrant acknowledgment. First, the cross-sectional design of the predictive model may 
introduce bias by misinterpreting correlational factors as causal determinants of DR. Future validation through longitudinal 
studies is essential for establishing temporal relationships and confirm causality. Second, although internal and external 
validation were performed, both datasets originated from northeastern China, leading to geographical homogeneity that may 
compromise generalizability to other ethnic or regional populations. Multicenter validation across diverse cohorts is necessary 
to assess the model’s reproducibility and clinical utility. Third, discrepancies exist between the risk factors identified in this 
elderly cohort and those reported in prior models developed for diabetic populations of all ages. These variations may arise 
from differences in participant demographics or sample sizes, underscoring the need for multivariate analyses in larger cohorts 
to refine risk factor selection. Fourth, although aging was excluded from the final nomogram despite its significant association 
in univariate analysis, the role of aging in the pathogenesis of DR remains controversial and unresolved. Further investigations 
are imperative to elucidate age-related mechanisms, such as inflammation, microvascular senescence, and epigenetic changes, 
which may indirectly influence DR occurrence. Finally, while the nomogram incorporates accessible clinical parameters, 
additional biomarkers (eg, advanced glycation end products, systemic inflammatory cytokines, and oxidative stress markers) 
could enhance predictive accuracy and warrant exploration in future iterations.

Conclusions
In summary, this study developed and validated a clinically practical risk prediction model for DR in elderly adults with 
T2DM utilizing six readily obtainable parameters: T2DM duration, HbA1c, hyperlipidemia, eGFR, and NPAR. These 
biomarkers were identified as independent predictors of DR, and the composite model demonstrating robust diagnostic 
utility. This cost-effective and user-friendly tool offers significant clinical value, particularly in resource-limited settings 
where access to specialized retinal screening remains constrained. By enabling providers to triage high-risk individuals 
for prioritized interventions—such as glycemic optimization, anti-inflammatory therapies, or nutritional support—the 
model facilitates early DR detection and targeted management. These strategies not only mitigate the risk of vision- 
threatening complications but also optimize long-term diabetes care, thereby improving health outcomes and quality of 
life for this vulnerable population. The future implementation of this tool may enhance systemic diabetes management 
frameworks while addressing critical disparities in access to ophthalmic healthcare for elderly patients with T2DM.
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