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Diabetic retinopathy (DR) and diabetic kidney disease (DKD) are the most common microvascular complications associated with type 2 diabetes mellitus (T2DM). However, the occurrence of DR and DKD is not parallel. The aim of our study is to identify the risk factors for combining DKD in T2DM patients with pre-existing DR and construct a nomogram predictive model to identify high-risk patients with DR combined with DKD. We retrospectively reviewed 683 T2DM patients with DR from March 2017 to March 2023. The patients were divided into the DR group and the DR combined with DKD group. The hold-out method was used to randomly divide all subjects into a training set (70%) and a validation set (30%). Using multivariate logistic regression, we identified eight independent risk factors: fibrinogen (FIB), albumin (ALB), atherogenic index of plasma (AIP), low-density lipoprotein cholesterol (LDL-C), body mass index (BMI), classification of DR, gender, and history of hypertension. These factors were used to construct the nomogram prediction model. The model’s discriminative ability was assessed using receiver operating characteristic (ROC) curve analysis, yielding an area under the curve (AUC) of 0.780 (95% CI: 0.736-0.823) in the training set and 0.739 (95% CI: 0.668-0.809) in the validation set. Calibration curves and decision curve analysis (DCA) further demonstrated the model’s clinical utility. Additionally, to explore potential genetic predisposition, single nucleotide polymorphism (SNP) genotyping analysis was conducted on a subset of 50 randomly selected patients (25 from each group). The results suggested that the rs6591190 and rs12146493 loci of the AP5B1 gene might be associated with an increased susceptibility to DKD in patients with DR, warranting further investigation. In summary, our nomogram represents a valuable tool for identifying T2DM patients with DR who are at high risk for developing DKD.
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Introduction

Diabetes mellitus (DM) is a prevalent chronic progressive disease worldwide. Currently, approximately one in ten adults globally suffers from DM, with 90% of cases being type 2 diabetes mellitus (T2DM) (1, 2). The rising incidence of T2DM correlates with an annual increase in microvascular complications. Among these, diabetic kidney disease (DKD) and diabetic retinopathy (DR) stand out as the most common in T2DM patients (3, 4).

Epidemiological studies have highlighted a close association between DKD and DR due to their similar structural and physiological changes (5, 6). However, in the real world, DR and DKD can manifest independently, and their progression may not always align (7). For instance, some DM patients experience retinopathy without concurrent kidney impairment, suggesting varying pathogenic mechanisms and risk factors. Notably, C-peptide levels exert differing effects on DKD and DR. In a real-world observational study, C-peptide was observed to promote DKD while conferring protection against DR (8). Furthermore, genetic susceptibility likely plays a pivotal role in disease pathogenesis (9–11). Investigations employing single nucleotide polymorphisms (SNPs) as genetic markers have identified susceptibility genes (12). Recent studies have underscored distinct genetic predispositions for both DKD and DR, reflecting differences in their genetic backgrounds and susceptibility genes (11, 13–15). Despite these findings, the specific risk factors contributing to the coexistence of DKD in patients with pre-existing DR remain inadequately explored. To address this gap, our study systematically analyzed the clinical differences between T2DM patients with DR alone and those with DR combined with DKD, aiming to identify independent risk factors for DKD in this population. Based on these predictors, we developed a nomogram model to provide individualized risk assessment. Furthermore, we conducted SNP genotyping analysis to explore potential genetic predispositions associated with the combined presence of DKD and DR. To our knowledge, this is the first study to construct a predictive model specifically for DKD in T2DM patients with DR while incorporating genetic susceptibility analysis. Our findings enhance the understanding of the interplay between these diabetic microvascular complications and provide a foundation for early identification and targeted interventions in high-risk populations.





Materials and methods




Study design and participants

We collected data from 683 T2DM patients diagnosed with DR who were hospitalized in the Endocrinology and Metabolism Department of the First Hospital of Jilin University from March 2017 to March 2023. Patients were grouped based on 24-hour urinary microalbumin and/or estimated glomerular filtration rate (eGFR): those with 24-hour urinary microalbumin ≥ 30 mg and/or eGFR < 60 ml/min were classified into the DR combined with DKD group, while others were classified into the DR group. Diagnosis of T2DM followed criteria outlined in the “Guidelines for the Prevention and Control of Type 2 Diabetes in China (2019)” (16). The diagnostic criteria for DR were based on the International Clinical Grading Standards (2002). Exclusion criteria included (1): acute complications (diabetic ketoacidosis, hyperosmolar hyperglycemic syndrome, severe infection, lactic acidosis, etc.) (2); type 1 diabetes or secondary diabetes (3); T2DM with other retinal vascular diseases complicated by macular edema (4); other retinal diseases (e.g., age-related macular degeneration, uveitis, hereditary retinal diseases) (5); acute or chronic nephritis, nephrotic syndrome, urinary infections, renal tumors, renal vascular diseases (6); use of drugs affecting urinary protein excretion or nephrotoxic drugs.





Data collection

General data collected included demographic characteristics, clinical information, and laboratory data such as blood routine, coagulation routine, urine routine, blood glucose-related indicators, liver function, kidney function, four lipid panel items, blood ions, thyroid function, as well as 24-hour urinary protein and urinary microalbumin levels. All these data were measured at the time of hospital admission. DR staging was performed using fundus photography and independently assessed by two ophthalmologists. Cases were classified according to the International DR Staging Standards (2003) into non-proliferative diabetic retinopathy (NPDR) and proliferative diabetic retinopathy (PDR). Hypertension was defined as a systolic blood pressure ≥ 140 mmHg and/or diastolic blood pressure ≥ 90 mmHg, measured on three separate occasions, or the current use of antihypertensive medication, or a documented history of hypertension. History of coronary heart disease was defined as a prior diagnosis of coronary heart disease. History of stroke was defined as a prior cerebrovascular event, confirmed by clinical diagnosis or supporting neuroimaging evidence. History of fatty liver was defined as a prior diagnosis of fatty liver disease, confirmed by imaging studies, abnormal biochemical markers, or clinical assessment by a physician. Smoking history was defined as current smoking (≥1 cigarette per day for at least 6 months) or former smoking (having smoked for ≥6 months but quit for at least 12 months). Alcohol consumption history was defined as current drinking (≥1 standard drink per week for the past 6 months) or former drinking (regular consumption for ≥6 months but abstinent for at least 12 months). Fasting blood samples were collected in the morning following an overnight fast of at least 8 hours. A family history of T2DM was defined as a history of T2DM in at least one parent or sibling.





Correlation variable definitions

Body mass index (BMI) = weight (kg)/height (m)^2; Neutrophil-to-lymphocyte ratio (NLR) = neutrophil absolute value (NE)/lymphocyte absolute value (LY); Lymphocyte-to-monocyte ratio (LMR) = LY/monocyte absolute value (MO); Platelet-to-lymphocyte ratio (PLR) = platelet/LY; Residual cholesterol (mmol/L) = cholesterol (TC) – low-density lipoprotein cholesterol (LDL-C) – high-density lipoprotein cholesterol (HDL-C); Atherogenic index (AI) = (TC - HDL-C)/HDL-C; Atherogenic plasma index (API) = LDL-C/HDL-C; Atherogenic index of plasma (AIP) = log(triglyceride/HDL-C) (the unit of all lipid indicators is mmol/L); TyG index = ln[triglyceride (mg/dl) * plasma glucose (mg/dl)/2].





SNPs data collection

To explore potential genetic susceptibility to DR combined with DKD, twenty-five baseline-matched whole blood samples were selected from each group for SNPs genotyping.

	The main instruments, equipment, experimental reagents, and consumables are listed in Supplementary Tables 1 and 2.

	The candidate genes for this study were determined through a comprehensive review of the literature (Table 1).

	The selection of SNPs loci in candidate genes was based on two primary sources: functional SNPs loci identified from the NCBI dbSNP database, focusing on gene functional regions such as Exon, Promoter, 5’ UTR, and 3’ UTR, and literature-derived SNPs identified through Google Scholar and databases such as GWAS Catalog, GWAS Central, and GWAS Atlas. SNPs with a minor allele frequency (MAF) < 0.01 in the Chinese Han population in Beijing based on data from the 1000 Genomes database were excluded. Predicted functionality of selected SNPs was assessed using http://snpinfo.niehs.nih.gov/, and linkage disequilibrium (LD) analysis was performed using http://asia.ensembl.org/Homo_sapiens/Tools/LD?db=core. The final SNPs loci of candidate genes are presented in Table 2.

	Genotyping: We conducted the study using whole blood samples stored at -80°C in an ultra-low temperature freezer. DNA was extracted from the blood samples using a commercial DNA extraction kit, ensuring extracted DNA met quality standards. SNPs genotyping of candidate genes was performed using Agena MassArray technology provided by Biomiao Biological Technology (Beijing) Co., Ltd. Initially, polymerase chain reaction (PCR) amplified DNA sequences, followed by a reaction system incorporating four dideoxyribonucleotide triphosphates and single-base extension primers to amplify PCR products. SNPs genotyping was conducted using a time-of-flight mass spectrometry system, distinguishing SNPs alleles based on molecular weight differences.




Table 1 | The candidate genes.




Table 2 | The SNPs loci of candidate genes.







Statistical analysis

The measurement data were described as means ± standard deviations if they followed a normal distribution and as medians and interquartile range (P25, P75) otherwise. For categorical data, frequencies and percentages (%) were used. To compare measurement data between two groups, a t-test was used if the data followed a normal distribution and had equal variances; otherwise, the Wilcoxon rank-sum test was used. Categorical data were compared using the χ2 test or fisher’s exact test. Univariate logistic regression analysis was used to analyze the variables. Variables with statistically significant results, combined with professional knowledge, were included in the multivariate logistic regression model. The final factors were screened by forward stepwise regression method, and the prediction model was constructed and visualized as a nomogram using the rms package in R. Model discrimination was evaluated by calculating the area under the receiver operating characteristic (ROC) curve (AUC), with ROC curves generated using the pROC package. Model calibration was evaluated using the Hosmer-Lemeshow (H-L) test and bootstrap-corrected calibration curves. Calibration curves were generated using the rms::calibrate function with 1,000 bootstrap resamples to correct overfitting. Deviations from ideal calibration were quantified by mean absolute error (MAE). Decision curve analysis (DCA) implemented through the rmda package and was performed to quantify the net clinical benefit of the model across a range of threshold probabilities, with comparisons made to “treat all” and “treat none” strategies. To ensure the model’s generalizability, the dataset was randomly split into a training set (70%) and a validation set (30%). Model validation was performed using the validation dataset, with AUC, calibration curves, and DCA applied independently. The data processing software used included IBM SPSS 25.0 and R software (version 4.2.0), with a significance level of α = 0.05.

The SNPStats (https://www.snpstats.net) was used to analyze SNPs-related data. DR with or without DKD was the dependent variable, while SNPs locus alleles and genotypes were the independent variables in a binary logistic regression analysis, with P < 0.05 considered statistically significant. Genotype analysis was based on five genetic models: co-dominant, dominant, recessive, over-dominant, and log-additive models. Specifically, if AA represents wild-type homozygous, AC represents heterozygous variant, and CC represents homozygous variant, the models are as follows: Co-dominant model: CC vs AA; AC vs AA; Dominant model: (AC+CC) vs AA; Recessive model: CC vs (AC+AA); Over-dominant model: (AA+CC) vs AC; Log-additive model: CC vs AA.






Results




Baseline characteristics of participants

Using the hold-out method, data from 683 patients were randomly divided into a training set and a validation set in a 7:3 ratio, resulting in 478 patients in the training set and 205 patients in the validation set. Comparative analysis of the training and validation sets showed that both general and laboratory data were comparable (P > 0.05), as shown in Supplementary Table 3.





Univariate and multivariate analyses of risk predictors

Univariate logistic regression results indicated that gender, classification of DR, history of hypertension, history of stroke, smoking history, duration of smoking, systolic blood pressure, BMI, fibrinogen (FIB), albumin (ALB), TC, HDL-C, LDL-C, residual cholesterol, AI, API, AIP, TyG index, and free triiodothyronine were statistically significant (P < 0.05), as shown in Supplementary Table 4. These factors were then included in a multivariate logistic regression analysis to identify independent risk factors for DR combined with DKD. The results showed that FIB (OR = 1.52, 95% CI: 1.11-2.08), ALB (OR = 0.92, 95% CI: 0.87-0.97), AIP (OR = 3.96, 95% CI: 1.91-8.24), LDL-C (OR = 1.43, 95% CI: 1.11-1.84), BMI (OR = 1.08, 95% CI: 1.01-1.16), classification of DR (OR = 2.81, 95% CI: 1.32-5.96), gender (OR = 0.36, 95% CI: 0.22-0.60), and history of hypertension (OR = 2.73, 95% CI: 1.73-4.30) were independent risk factors for the DR combined with DKD group (P < 0.05), as shown in Table 3.


Table 3 | Multivariate logistic regression analysis of training set.







Construction of the nomogram prediction model

The indicators screened in the multivariate regression were used to construct the prediction model, visualized as a nomogram, as shown in Figure 1. By summing the scores corresponding to each predictive indicator, the total score was obtained. The risk value corresponding to the total score indicates the probability of a patient with DKD in the context of DR.




Figure 1 | Nomogram to predict the risk of DKD for patients with DR. FIB, fibrinogen; ALB, albumin; AIP, atherogenic index of plasma; LDL-C, low density lipoprotein cholesterol; BMI, body mass index; DR, diabetic retinopathy; PDR, proliferative diabetic retinopathy; NPDR, non-proliferative diabetic retinopathy.







Evaluation and validation of the prediction model

The AUC of the nomogram model in the training set was 0.780 (95% CI: 0.736-0.823). When distinguishing between high and low risk using the optimal predictive risk cutoff value of 0.604, the specificity was 0.697 and the sensitivity was 0.732, indicating good discrimination (Figure 2A). In the validation set, the AUC was 0.739 (95% CI: 0.668-0.809). Using 0.725 as the cutoff for high and low risk stratification, the specificity was 0.775 and the sensitivity was 0.627 (Figure 2B). In both the training and validation sets, calibration curves showed good consistency between the predicted and ideal curves. After 1,000 bootstrap resampling iterations, the mean absolute errors were 2.5% and 2.7%, respectively (Figures 3A, B). The DCA curves for both the training and validation sets demonstrated that this model provides good net benefits for clinically predicting the risk of DKD in patients with DR (Figures 4A, B).




Figure 2 | The ROC curves for training set (A) and validation set (B). The part below the blue line is the AUC of the model. AUC, area under curve.






Figure 3 | Calibration curves for training set (A) and validation set (B). The solid line represents the model after calibration. The closer the calibration curve of the model is to the ideal line, the better the model’s prediction accuracy.






Figure 4 | Decision curve analysis for training set (A) and validation set (B). The red line indicates that all patients experienced DKD and the green line represents that no patients experience DKD. The blue line represents the nomogram model. The curves show that the model is clinically beneficial across a relatively wide range of threshold probabilities.







SNPs-related research results

The results of SNPs genotyping of the submitted blood samples are shown in Supplementary Table 5. Hardy-Weinberg (H-W) equilibrium analysis of the different sample groups showed that all 27 SNPs loci conformed to the H-W equilibrium law (i.e., HWP value ≥ 0.001).

Whether the presence of DKD in patients with DR as the dependent variable and the alleles (variant genes) of each SNPs locus as the independent variables, binary logistic regression was performed to identify susceptible alleles. The results revealed that the alleles of AP5B1’s rs6591190 and rs12146493 were statistically significant (P < 0.05) (Table 4).


Table 4 | The alleles logistic regression analysis of DR combined with DKD.



Whether DR combined with DKD as the dependent variable and the genotypes of various SNPs loci as independent variables, binary logistic regression was performed to identify susceptible genotypes. The results showed that for the rs6591190 locus of the AP5B1 gene, in the co-dominant genetic model, the heterozygous GC genotype had a higher risk of DKD compared to the homozygous CC genotype (OR = 3.45, 95% CI: 1.07-10.43, P = 0.008), and the variant GG genotype had a higher risk of DKD compared to the homozygous CC genotype (OR = 3.67, 95% CI: 1.05-11.87, P = 0.008). In the dominant genetic model, the GC and GG genotypes had a higher risk of DKD compared to the homozygous CC genotype (OR = 3.29, 95% CI: 1.80-8.12, P = 0.002). In the over-dominant genetic model, compared to the CC and GC genotypes, the heterozygous GC genotype had a higher risk of DKD (OR = 3.88, 95% CI: 1.15-13.04, P = 0.023). In the additive model, the variant GG genotype had a higher risk of DKD compared to the homozygous CC genotype (OR = 3.36, 95% CI: 1.21-9.32, P = 0.011). For the rs12146493 locus of the AP5B1 gene, in the additive genetic model, the variant AA genotype had a lower risk of DKD compared to the homozygous GG genotype (OR = 0.41, 95% CI: 0.16-0.98, P = 0.038), as shown in Table 5. The remaining SNPs loci were not statistically significant (P > 0.05) (Supplementary Table 6).


Table 5 | The Genotype logistic regression analysis of DR combined with DKD.








Discussion

It is well known that the occurrence of diabetic microvascular complications is influenced by multiple factors. Although each risk factor may impact disease onset, no single factor is decisive. By integrating these risk factors and constructing an optimal nomogram prediction model, we can provide valuable guidance for clinical practice. To our knowledge, there is currently no risk prediction model for predicting the combination of an additional microvascular complication based on the presence of one diabetic microvascular complication. Our study is the first to construct a risk model for the combination of DKD in T2DM patients with DR.

Considering that this is a retrospective study, we excluded factors that have been confirmed to be closely related to kidney function, such as urinary protein, creatinine (Cr), blood urea nitrogen, retinol-binding protein (RBP), cystatin C, and eGFR, to ensure the causal relationship of the results. Finally, we used FIB, ALB, AIP, LDL-C, BMI, classification of DR, gender, and history of hypertension as predictors to construct the nomogram model. The AUC was 0.780 (95% CI: 0.736-0.823) in the training set and 0.739 (95% CI: 0.668-0.809) in the validation set. In addition, both the calibration curve and the DCA indicated that this model has good predictive performance and is of great significance for identifying high-risk populations. Importantly, our model is consistent with existing evidence indicating that individuals with DR are at an elevated risk of developing DKD. Furthermore, the model captures the well-established risk gradient between DR severity and DKD (16, 17), demonstrating that patients with PDR exhibit a significantly higher predicted probability of DKD compared to those with NPDR (OR=2.81). The inclusion of hypertension as a predictor reinforces the strong interplay between hypertensive status and DKD risk in DR patients, further supporting previous epidemiological findings. These results highlight the clinical utility of our nomogram in refining risk prediction for DKD in T2DM patients with DR.

In recent years, although no studies have developed prediction models specifically for DR patients with concurrent DKD, many studies have aimed to develop prediction models for the early risk of DKD in T2DM patients. Dunkler et al. (18) developed a prediction model that included five predictive factors: urine albumin creatine ratio (UACR), eGFR, albuminuria stage, age, and gender, but their study population mainly comprised patients aged 55 and older. In contrast, our study includes a broader age range, making it more applicable and incorporating relevant indicators such as weight, blood pressure, and blood lipids, comprehensively reflecting the status of metabolic syndrome. Jardine et al. (19) constructed a prediction model including seven variables (eGFR, UACR, systolic blood pressure, HbA1c, DR, gender, and education level). However, their model included T2DM patients with vascular diseases, whereas our study focuses specifically on T2DM patients with DR, providing a more detailed classification of vascular disease conditions and a more accurate model for preventing DKD in DR patients. Additionally, Xu et al. (20) constructed a prediction model that included seven risk factors: α-1-microglobulin/Cr, UACR, transferrin/Cr, RBP/Cr, HbA1c, age, and hypertension. However, their study had a smaller patient sample size. In comparison, our study includes a larger patient population, and the predictive factors are easier to obtain in clinical practice.

SNPs are the most important genetic markers in the genome and continue to be a prominent focus in genetic research (21, 22). Many aspects of SNPs sites related to DKD remain unknown. Our study conducted SNPs genotyping analysis and identified new SNPs sites and genotypes associated with susceptibility to DKD within the gene functional region of AP5B1, a part of the adaptor protein complex 5 involved in endosomal transport (23). We analyzed that the rs6591190 may bind to transcription factor binding sites, thereby affecting gene expression. Exon missense mutation at rs12146493 may affect gene splicing, transcription or expression. Previous studies have shown that the rs4014195 locus of the AP5B1 gene is closely related to eGFR in both DM and non-DM patients (24). However, no correlation between the rs4014195 locus and DKD was found in our study, possibly due to the small sample size. As the primary focus of our study was on developing a clinical predictive model for DKD in T2DM patients with DR, the SNP analysis was conducted on an exploratory basis to identify potential genetic markers. Future studies with larger cohorts are needed to validate these findings.




Limitations

Despite its strengths, our study has certain limitations. (1) DKD in our study was diagnosed based on clinical criteria without renal biopsy for pathological confirmation. (2) The study did not include all potential risk factors that may affect the occurrence of microvascular complications in T2DM patients, such as dietary habits, physical activity levels, education level, and other factors. (3) Due to the small sample size and various confounding factors in our study, whether these SNPs sites are susceptibility genotypes affecting DKD occurrence needs further validation through large-scale samples and genome-wide association study (GWAS). Additionally, animal models need to be constructed to explore the potential mechanisms of these SNPs sites in DKD pathogenesis. (4) Our study was retrospective and single-center, thus requiring more external data to validate the efficacy of the prediction model, particularly necessitating multicenter, large-sample prospective cohort studies to cover different regions.






Conclusions

Our study includes easily accessible clinical and laboratory indicators and uses scientific statistical methods to construct a model predicting the risk of DKD in T2DM patients with DR. This model can guide clinical practice by controlling blood pressure, managing blood lipids, promoting weight loss, and improving nutrition, thereby preventing or delaying the onset of DKD in T2DM patients with DR. This, in turn, can reduce the economic burden on both patients and society. Additionally, the SNPs sites related to DKD identified in our study may provide new data support for this field. Future research should focus on expanding sample sizes, conducting multicenter studies, and exploring the underlying mechanisms of these genetic factors to further improve DKD risk prediction and prevention strategies.





Data availability statement

The original contributions presented in the study are included in the article/Supplementary Material, further inquiries can be directed to the corresponding author/s.





Ethics statement

This study received ethical approval with a full waiver of informed consent from the Institutional Review Board of the First Hospital of Jilin University (Approval No. AF-IRB-032-06) for retrospective analysis of completely anonymized patient records, which was determined to constitute no more than minimal risk to participants.





Author contributions

MY: Data curation, Formal analysis, Methodology, Writing – original draft. WD: Methodology, Software, Visualization, Writing – review & editing. LR: Software, Visualization, Writing – review & editing. MH: Data curation, Investigation, Writing – review & editing. GW: Writing – review & editing. YW: Investigation, Supervision, Writing – review & editing. XG: Conceptualization, Funding acquisition, Writing – review & editing.





Funding

The author(s) declare that financial support was received for the research and/or publication of this article. This work was supported by grants from the National Natural Science Foundation of China (81972372 to XG, 82272993 to XG).





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fendo.2025.1499866/full#supplementary-material




References

1. Ogurtsova, K, da Rocha Fernandes, JD, Huang, Y, Linnenkamp, U, Guariguata, L, Cho, NH, et al. IDF Diabetes Atlas: Global estimates for the prevalence of diabetes for 2015 and 2040. Diabetes Res Clin Pract. (2017) 128:40–50. doi: 10.1016/j.diabres.2017.03.024

2. Zheng, Y, Ley, SH, and Hu, FB. Global aetiology and epidemiology of type 2 diabetes mellitus and its complications. Nat Rev Endocrinol. (2018) 14:88–98. doi: 10.1038/nrendo.2017.151

3. Zelnick, LR, Weiss,, Kestenbaum, NS, Robinson-Cohen, BR, Heagerty, C, Tuttle, PJ, et al. Diabetes and CKD in the United States population, 2009-2014. Clin J Am Soc Nephrol. (2017) 12:1984–90. doi: 10.2215/CJN.03700417

4. Sabanayagam, C, Banu, R, Chee, ML, Lee, R, Wang, YX, Tan, G, et al. Incidence and progression of diabetic retinopathy: a systematic review. Lancet Diabetes Endocrinol. (2019) 7:140–9. doi: 10.1016/S2213-8587(18)30128-1

5. Jeng, CJ, Hsieh,, Yang, YT, Yang, CM, Lin, CH, and Wang, CL. Diabetic retinopathy in patients with diabetic nephropathy: development and progression. PloS One. (2016) 11:e0161897. doi: 10.1371/journal.pone.0161897

6. Butt,, Mustafa, A, Fawwad, N, Askari, A, Haque, S, M.S. Tahir, B, et al. Relationship between diabetic retinopathy and diabetic nephropathy; A longitudinal follow-up study from a tertiary care unit of Karachi, Pakistan. Diabetes Metab Syndr. (2020) 14:1659–63. doi: 10.1016/j.dsx.2020.08.026

7. Song, KH, Jeong,, Kim, JS, Kwon, MK, Baek, HS, Ko, KH, et al. Discordance in risk factors for the progression of diabetic retinopathy and diabetic nephropathy in patients with type 2 diabetes mellitus. J Diabetes Investig. (2019) 10:745–52. doi: 10.1111/jdi.12953

8. Huang, Y, Wang, Y, Liu, C, Zhou, Y, Wang, X, Cheng, B, et al. C-peptide, glycaemic control, and diabetic complications in type 2 diabetes mellitus: A real-world study. Diabetes Metab Res Rev. (2022) 38:e3514. doi: 10.1002/dmrr.3514

9. Han, J, Lando, L, Skowronska-Krawczyk, D, and Chao, DL. Genetics of diabetic retinopathy. Curr Diabetes Rep. (2019) 19:67. doi: 10.1007/s11892-019-1186-6

10. M. Keaton, JM, Dimitrov, L, Hicks, PJ, Xu, J, Palmer, ND, et al. Genome-wide association study identifies novel loci for type 2 diabetes-attributed end-stage kidney disease in African Americans. Hum Genomics. (2019) 13:21. doi: 10.1186/s40246-019-0205-7

11. Cole, JB, and Florez, JC. Genetics of diabetes mellitus and diabetes complications. Nat Rev Nephrol. (2020) 16:377–90. doi: 10.1038/s41581-020-0278-5

12. Chang, M, He, L, and Cai, L. An overview of genome-wide association studies. Methods Mol Biol. (2018) 1754:97–108. doi: 10.1007/978-1-4939-7717-8_6

13. van Zuydam, NR, Ahlqvist, E, Sandholm, N, Deshmukh, H, Rayner, NW, Abdalla, M, et al. A genome-wide association study of diabetic kidney disease in subjects with type 2 diabetes. Diabetes. (2018) 67:1414–27. doi: 10.2337/db17-0914

14. Lyssenko, V, and Vaag, A. Genetics of diabetes-associated microvascular complications. Diabetologia. (2023) 66:1601–13. doi: 10.1007/s00125-023-05964-x

15. Zhou, X, Yang, N, Xu, W, Li, X, Spiliopoulou, A, and Theodoratou, E. Associations of genetic factors with vascular diabetes complications: an umbrella review. J Glob Health. (2025) 15:4081. doi: 10.7189/jogh.15.04081

16. Jia, W, Weng, J, Zhu, D, Ji, L, Lu, J, Zhou, Z, et al. Standards of medical care for type 2 diabetes in China 2019. Diabetes Metab Res Rev. (2019) 35:e3158. doi: 10.1002/dmrr.3158

17. Q. Cheng, H, Jiang, S, Zhang, L, Liu, X, Chen, P, et al. The relationship between diabetic retinopathy and diabetic nephropathy in type 2 diabetes. Front Endocrinol (Lausanne). (2024) 15:1292412. doi: 10.3389/fendo.2024.1292412

18. Dunkler, D, Gao, P, Lee, SF, Heinze, G, Clase, CM, Tobe, S, et al. Risk prediction for early CKD in type 2 diabetes. Clin J Am Soc Nephro. (2015) 10:1371–9. doi: 10.2215/Cjn.10321014

19. Jardine, MJ, Hata, J, Woodward, M, Perkovic, V, Ninomiya, T, Arima, H, et al. Prediction of kidney-related outcomes in patients with type 2 diabetes. Am J Kidney Dis. (2012) 60:770–8. doi: 10.1053/j.ajkd.2012.04.025

20. Xu, JB, Shan, XY, Xu, YN, Ma, YJ, and Wang, HB. Prediction of the short-term risk of new-onset renal dysfunction in patients with type 2 diabetes: A longitudinal observational study. J Immunol Res. (2022) 2022:6289261. doi: 10.1155/2022/6289261

21. Yang, J, Ferreira, T, Morris, AP, Medland, SE, Madden, PAF, Heath, AC, et al. Conditional and joint multiple-SNP analysis of GWAS summary statistics identifies additional variants influencing complex traits. Nat Genet. (2012) 44:369–75. doi: 10.1038/ng.2213

22. Gazal, S, Weissbrod, O, Hormozdiari, F, Dey, KK, Nasser, J, Jagadeesh, KA, et al. Combining SNP-to-gene linking strategies to identify disease genes and assess disease omnigenicity. Nat Genet. (2022) 54:827–36. doi: 10.1038/s41588-022-01087-y

23. Hirst, J, Itzhak, DN, Antrobus, R, Borner, GHH, and Robinson, MS. Role of the AP-5 adaptor protein complex in late endosome-to-Golgi retrieval. PloS Biol. (2018) 16:e2004411. doi: 10.1371/journal.pbio.2004411

24. Pattaro, C, Teumer, A, Gorski, M, Chu, AY, Li, M, Mijatovic, V, et al. Genetic associations at 53 loci highlight cell types and biological pathways relevant for kidney function. Nat Commun. (2016) 7:10023. doi: 10.1038/ncomms10023




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Copyright © 2025 Yin, Dong, Ren, Han, Wang, Wang and Gang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fendo-16-1499866-g003.jpg
(a)

08

Actusi Probsbity
o6

02

T

prmp—

0z o1 06 08





OEBPS/Images/fendo-16-1499866-g001.jpg
o 1 20 30 40 80 20
Points
FIB(EL) o 1 2 3 4 5 6 T 8
ALB(BL) 55 50 45 40 35 30 20 15
alp -08 -06 -04 -02 o 02 04 06 08 1 12 14 16
LDL-C(mmol/L) iy 3 3 — : 5 T .
B 18 22 26 30 Yes 34 38 42
History of hypertension .’,o—‘mle
Gender e s
Classificationof DR oo™
Total points 0 50 100 150 200 250 300 350

Probability of with DKD in the contextof DR~ 04 03 05 07 09





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

    		Cover



  		

        Development and validation of a risk prediction model for diabetic kidney disease in patients with diabetic retinopathy

      

        		

          Introduction

        



        		

          Materials and methods

        

          		

            Study design and participants

          



          		

            Data collection

          



          		

            Correlation variable definitions

          



          		

            SNPs data collection

          



          		

            Statistical analysis

          



        



        



        		

          Results

        

          		

            Baseline characteristics of participants

          



          		

            Univariate and multivariate analyses of risk predictors

          



          		

            Construction of the nomogram prediction model

          



          		

            Evaluation and validation of the prediction model

          



          		

            SNPs-related research results

          



        



        



        		

          Discussion

        

          		

            Limitations

          



        



        



        		

          Conclusions

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/table2.jpg
Gene SNPs I Location MAF
= wioi19s - 0210
neso1I0 Promoter I e
sz sume 039 iR binding sitc
2163 Exon-missnse 030 nxe
TENM2 e tnteon o
nise2ile tnteon o0 -
warsiosy sume 02 RN binding sitc
i oteon oz
0n Promoter i
cumn s tateon s
w0z Exon missese 3 nxp
rns0rs toteon o130
s ntron o371
rssss Exonmiserse o0l Splcin (ESE or ESSasSP
s E o %
s toteon oxs
e Exon missese 0 Splicing (ES or ESSmss\P
e oteon o .
ns726s829 nteon 007
uson 9952 Promater i TeBs
s Promote st "
s tateon oam
iz bromotr o010 e
00 tnteon o010
vipR0 s nteon 0257
ey Exon-synonymous 030 Splcng (ESE or ES9)
wiososts Exon-synonymous oz Splcng (ESE or £59)
w000 tnteon i
nsess tnteon 0
nsissTs2 Exonsynonymous o136 Splcng (ESE or £S5

'MAR, minor alle froquency: TFBS, transcripton factor binding sie; miRNA, microRNA.





OEBPS/Images/table4.jpg
Gene SNPs locus. Minor allele OR(95%Cl) Pvalue
ApsB ronaios G 050 07:147) o206
91190 G 336 021932) oo
a0 c 073 (0in) 0599
214693 A 041 017:099) ooisr
sy G 136 041450 o017
nise2ile o 018 001-155) o
2020 G 121049309 o3
1272089 G 084 035:153) 0661
cunx s c 099 (035.278) osm
r7as7s0s A 073 @in) 0399
o G 095 (041:219) os10
a0 c 073 @in) 099
ris6I919 G 073 @in) 099
ruasssis, A 1520261259 o516
] G 073 (i) 0999
w16 v 175 058547 o
usop risn592 o 080 023275 o7
109 T 039 012:131) ons
s A 04 014138) o159
iS00 G 073 @in) 099
s T 073 0in) 0999
PreRO w9629 c 137 056336 o9
2300290 A 118 048315) o737
i A 101 046229 0957
1030516 c 09 (031:285) o918
r9sess o 073 i) 0999
noisTs A 073 025:215) o570

P < 005, with sttstical diffrence.





OEBPS/Images/table3.jpg
Characteristic  Beta

B (1) 02 016
ALB (@) 009 003
A 138 0y

LDLC (mmoll) 036 013

BMI (kg/m) 008 004
Clas of DR 103 038
(PDR 5. NPDR)
Gender (fmale 101 025
vs. male)
History of 0 o
hypertension
(yes vs.no)

SE. Standarderor;FIB, bvinogen; ALB,albummin: AL, atherogenic indesof plasmaiL DL

260
307

369

an

OR
(95%C1)

1520111:208)
092(087.097)
396(191:8.20)
La31118)
108(101-116)

281032:596)

036(022:0.60)

27301.73-4.30)

Pvalue

000
o002

<0001
o005
oos

o007

000"

<0001°

ow densiy lipoprtein holesterl: BMI, body ms indes: DR, diabetic rtinopahy: PDR.

prolferative disbedc etinopathy: NPDR, nonprfifratie disbetic rcinopahy.

8 saiitieal dlfwence,

<005,





OEBPS/Images/fendo-16-1499866-g002.jpg
(A)

10

08

00

AUC:0.780 (0.736-0.823)

(B)

08

0725 (0.775.0627)

AUC: 0.739 (0.668-0.809)

00

00

02

04 08
1 - Specificity

[

10

00

02

04 08
1 - Specificity

08

10






OEBPS/Images/logo.jpg
, frontiers ’ Frontiers in Endocrinology





OEBPS/Images/fendo.2025.1499866_cover.jpg
& frontiers | Frontiers in Endocrinology

Development and validation of a risk
prediction model for diabetic kidney disease
in patients with diabetic retinopathy





OEBPS/Images/fendo-16-1499866-g004.jpg
(B)

(a)






OEBPS/Images/table1.jpg
Genetic
locus information

Coding protein

ApsBr

TENM2
cuN

uMoD

PTPRO

Chell: 65773898.65750976

Chs: 16979029.1652614157
Chrio: 16523966.17129811

Chrlg: 20333051.20356301

Chri2: 15322508.15598331

AP-5 compl subunit
betal

Tencurin2
Cubilin
Uromodulin

Receptor-type tyrosine-
protein phosphatase O





OEBPS/Images/table5.jpg
SNPs locus

avspi o190

Arssl 2146193

P < 005, with satstical diffrence.

Genetic model

Co-dominant

Dominant

Recessive

Over-dominant

Logesdditve

Co-dominant

Dominant

Recessive

Over-dominant

Logeadditve

Genotype
e
Gc
a6
e

P
ceae
a6

e

ac
a6

a6

an
WG

NG

G/6.AG
A

G

a6

an

345 107-1043)

367 (105-187)
i

329 030812)
i

175 035596)
f

388 115-1300)
f

336 021932)
i

085 014172)

013 001129
i

036 0a1-117)
i

018 002:159)
f

073 02239
i

041 016.095)

Pvalue

o0

o0

oo

oo

™

oo

000

oo





