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Background: Early diagnosis and management of diabetic retinopathy are essential to avoid vision impairment. We explored different 
glycated albumin levels in patients with or without diabetic retinopathy, and further constructed a glycated albumin based-model to 
predict the presence of diabetic retinopathy.
Methods: This cross-sectional study, which was conducted at a physical examination center from June 2022 to June 2024, collected 
clinical information, laboratory test results, and information on diabetic retinopathy from type 2 diabetes adults. Least absolute 
shrinkage and selection operator regression was applied to select the variables associated with diabetic retinopathy, with optimal 
threshold determined by receiver operating characteristic curve analysis. Eight machine learning algorithms, including eXtreme 
Gradient Boosting, logistic regression, Light Gradient-Boosting Machine, random forest, adaptive boosting, K-nearest neighbors, 
support vector machine, and Gaussian naïve Bayes, were compared to select the model with the best performance in predicting the risk 
of diabetic retinopathy.
Results: Of the 809 eligible patients, 85 (10.5%) and 724 (89.5%) had or had no diabetic retinopathy. Glycated albumin and glycated 
hemoglobin levels were higher in patients with diabetic retinopathy than in those without diabetic retinopathy. Glycated albumin had 
satisfactory performance for predicting diabetic retinopathy (area under the curve 0.657 at a threshold of 18.0%). Multivariate 
regression logistic analysis revealed that glycated albumin was independently correlated with diabetic retinopathy. Machine learning 
algorithm analysis illustrated that the random forest model had the best performance in predicting the presence of diabetic retinopathy 
(area under the curve 0.648 and 0.725 in validation and final test sets, respectively). Both calibration curve and decision curve analyses 
suggested high clinical predication value and applicability for this model.
Conclusion: High glycated albumin levels were associated with diabetic retinopathy in patients with type 2 diabetes. A novel 
prediction model based on glycated albumin could be used to predict the risk of diabetic retinopathy.
Keywords: diabetic retinopathy, glycated albumin, machine learning algorithm

Introduction
Diabetes is a global public health issue.1 According to the International Diabetes Federation, approximately 10.5% of 
adults globally have diabetes.2 This percentage is expected to rise rapidly, especially in low- and middle-income 
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countries. In addition, nearly half of adults with diabetes have not been diagnosed, leading to increased morbidity and 
mortality.3

Diabetic retinopathy (DR) is a microvascular disease that occurs as a complication of uncontrolled diabetes.4 

Persistent hyperglycemia damages endothelial cells and pericytes in the retinal microvasculature and causes chronic 
inflammation and oxidative stress, contributing to structural and functional changes in the retinal capillaries together with 
small-vessel occlusion, fluid leakage, ischemia, microaneurysms, and neovascularization, finally causing vision loss and 
blindness.5 Early diagnosis and prompt management of DR can prevent vision loss, reduce healthcare costs, and improve 
the quality of life of affected individuals, which has a great impact on individuals and society. It is recommended that 
patients with diabetes undergo ophthalmologic examinations at least once every 1–2 years.6 The gold standard for 
diagnosing DR is fundus examination by an ophthalmologist.7 If a simple and practical method or model, such as a serum 
biomarker, can effectively monitor and indicate the presence of DR, it would significantly improve the prompt manage
ment of DR in patients with diabetes.

Glycated hemoglobin (HbA1c) is a widely recognized glycated protein that reflects the average blood glucose level 
over 2–3 months. It is commonly applied to evaluate long-term glucose control, and it is a key factor in clinical decisions 
regarding treatment adjustments.8 However, it was reported that HbA1c accounted for only 11% of the DR risk, leaving 
89% unexplained by other factors not captured by the average HbA1c level.9,10 Serum glycated albumin is another 
circulating glycemic control marker for diabetes evaluation.11 Glycated albumin can reflect short-term glycemic control 
over approximately 2–3 weeks and respond more rapidly to the fluctuations in blood glucose than HbA1c.12 In addition, 
unlike HbA1c, glycated albumin is not affected by alterations in hemoglobin levels or red blood cell turnover and other 
conditions that interfere with the measurement or interpretation of HbA1c. Glycated albumin was recommended for 
laboratory use in 2023 and for clinical use in 2024 by the American Diabetes Association as an alternative measure of 
glycemia control to provide standards of care in patients with diabetes.13 Glycated albumin is a precursor of advanced 
glycation-end products (AGEs), and it plays crucial roles in oxidative stress, inflammation, and vascular damage, all of 
which can contribute to the development of diabetic complications.14 In clinical studies, glycated albumin has emerged as 
a biomarker for diagnosing diabetes and monitoring the progression of renal, cerebral, and cardiovascular diseases.15 

However, large-scale research on the potential different levels of glycated albumin in Chinese patients with or without 
DR remained limited.

Therefore, we performed a cross-sectional study and analyzed glycated albumin, HbA1c, and other blood test and 
physical examination indices in patients with type 2 diabetes (T2DM) with or without DR undergoing physical 
examination. Our research objective was to identify a potential indicator and develop a simple, accurate, and convenient 
DR risk prediction model to facilitate the clinical evaluation and early identification of DR, with the ultimate purpose of 
preventing and reducing diabetes-related blindness and other complications.

Materials and Methods
Study Design and Participant Selection
This cross-sectional study enrolled adults undergoing physical examinations at the East, West, and South divisions of the 
Health Examination Center of TongRen Hospital, Capital Medical University (Beijing, China) between June 2022 and 
June 2024. The study was performed in accordance with the principles of the Declaration of Helsinki. The study protocol 
was approved by the Ethics Committee of Beijing Tongren Hospital, Capital Medical University (approval number 
TREC2024-KY205). Informed consent was obtained from every study participant.

Adults aged 20–70 years who were diagnosed with T2DM were eligible. The exclusion criteria were as follows: 
missing data on glycated albumin, HbA1c, or body mass index (BMI); presence of conditions that might affect the study, 
including chronic kidney disease (estimated glomerular filtration rate [eGFR] < 60 mL/min/1.73 m2), cirrhosis (alanine 
aminotransferase > 3 × upper normal range), albumin (ALB) ≤ 30, anemia (hemoglobin: <13.0 g/dL in men and <12.0 g/ 
dL in women), uncontrolled or untreated thyroid disease, malignant tumors, or pregnancy; use of medications including 
thyroid medications, steroid hormones, and insulin therapy (excluding oral hypoglycemic medications); and incomplete 
medical records.
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Data Collection
Information on age, sex, weight, height, medical history, and medications was retrieved from patients’ medical records. 
Peripheral blood samples were collected in the morning after at least 8 h of fasting. Serum glucose, albumin (ALB), 
triglyceride (TG), total cholesterol, lipoprotein, and creatinine (SCR) levels were measured using the BECKMAN 
AU5800 automatic biochemical analyzer (Beckman Coulter, Brea, CA, USA). Glycated albumin levels were measured 
using the Lucica GA-L reagent kit (Asahi Kasei Pharma, Tokyo, Japan). HbA1c levels were analyzed using the Tosoh 
G8 automatic glycated hemoglobin analyzer (Tosoh Corporation, Tokyo, Japan). Body mass index (BMI) was 
calculated according to the standard formula and eGFR was calculated using Chronic Kidney Disease Epidemiology 
equation.16

Diagnosis of Diabetes and DR
T2DM was diagnosed according to the 2020 Chinese Guidelines for the Prevention and Treatment of T2DM.17 

A participant was diagnosed with T2DM if he/she met any of the following criteria: fasting plasma glucose ≥ 
7.0 mmol/L, HbA1c ≥ 6.5%, a history of T2DM in the medical record, or treatment with oral hypoglycemic agents 
for more than 3 months.

DR was assessed through fundus photography of each eye by professional doctors according to the criteria 
recommended by the Chinese Ophthalmological Society, Fundus Disease Group.7,18 Based on these examinations, 
participants were classified into the non-DR or DR group.

Prediction Model Construction and Statistical Analysis
After group assignment, propensity score matching (PSM) by age and sex was applied to match patients in the DR and non- 
DR groups at a 1:3 ratio. Continuous data were presented as the mean ± standard deviation or median and interquartile range 
(IQR) and compared using the independent-samples t-test or Mann–Whitney U-test depending on the normality of the data. 
Categorical data were presented as numbers and percentages and compared using the chi-squared test. Multicollinearity was 
evaluated. Univariate and multivariate logistic regression analyses were performed to identify variables associated with DR, 
followed by DR risk prediction model construction. The glycated albumin and HbA1c levels cutoffs for discrimination of DR 
patients from non-DR patients were determined by receiver operating characteristic (ROC) analysis.

The risk prediction model was constructed with 10-fold cross-validation method. Among patients in the PSM 
dataset, 20% were randomly selected as the test set. The remaining 80% were randomly split into 10 equal subsets, 
with nine subsets used as the training set and the other subset used as the internal validation set. The process was 
repeated 10 times, ensuring that each subset served as the validation set once. The average performance across 10 
tests was used as the final model performance metric. Variables were selected by least absolute shrinkage and 
selection operator (LASSO) regression analysis. The optimal regularization parameter (λ) was determined via 10- 
fold cross-validation. LASSO regression was used to shrink insignificant variable coefficients to zero, resulting in 
a parsimonious model with fewer variables that were used in further machine learning model construction.

After determining the optimal threshold values for variables in predicting DR risk, eight machine learning algorithms, 
including eXtreme Gradient Boosting (XGBoost), logistic regression (LR), Light Gradient-Boosting Machine 
(LightGBM), random forest (RF), adaptive boosting, K-nearest neighbors (KNN), support vector machine (SVM), and 
Gaussian naïve Bayes (GNB), were used for model established.

The performance of the established models was examined using the area under ROC curve (AUC), sensitivity, and 
specificity. The best-performing model was selected according to the validation results. The AUC, calibration curve, and 
results of decision curve analysis (DCA) were presented.

All analyses were performed using the Beckman DxAI Smart Research Platform, R software (version 4.2.3), and 
Python (version 3.11.4). P < 0.05 was considered statistically significant.
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Results
Study Participant Characteristics
We screened 21,070 adults who underwent a physical examination between June 2022 and June 2024. After applying the 
inclusion and exclusion criteria, 809 individuals with T2DM were entered into the analysis. Their baseline characteristics 
are presented in Table 1.

Of the enrolled patients, 85 diabetics had DR (10.5%). Compared with the non-DR group, the DR group had higher 
HbA1c and glycated albumin levels (Table 1). After PSM, 255 patients in the non-DR group were matched with 85 
patients in the DR group. Significant differences in blood urea nitrogen, SCR, uric acid, ALB, TC, high-density 
lipoprotein cholesterol (HDL-C), low-density lipoprotein cholesterol (LDL-C), HbA1c, glycated albumin level, and 
eGFR were detected between the DR and non-DR groups (all P < 0.05).

ROC Curve Analysis
At the optimal thresholds of 18.0% for glycated albumin level and 7.7% for HbA1c level, the sensitivity and specificity 
for predicting DR risk were 68.2% and 65.9%, respectively, for glycated albumin level and 61.2% and 74.5%, 
respectively, for HbA1c level, and the AUCs for glycated albumin and HbA1c levels were 0.657 and 0.726, respectively 
(Table 2 and Figure 1).

Univariate and Multivariate Analyses
Multicollinearity was identified between SCR and eGFR and between TC and HDL-C. Considering clinical practice, 
SCR and HDL-C were selected as variables. Although multicollinearity was detected between glycated albumin and 
HbA1c, they are both key indicators of glycemia, and thus, separate explorations were conducted for them.

In the glycated albumin group, univariate analysis revealed that SCR, uric acid, ALB, TG, HDL-C, LDL-C, and 
glycated albumin levels were associated with DR. However, only the glycated albumin level was associated with DR in 
multivariate analysis. Similarly, univariate and multivariate analyses were performed in the HbA1c group, revealing that 
only HbA1c levels was independently associated with DR.

Univariate Machine Learning Algorithms and Performance Evaluation
Glycated albumin and HbA1c were each modeled as a single factor through eight machine learning models. After 10-fold 
cross-validation to ensure model robustness and generalizability, LR was the optimal model for both variables. The final 
glycated albumin model had an AUC of 0.680, with sensitivity, specificity, and accuracy of 55.6%, 72.0%, 0.676, 
respectively. The final HbA1c model had an AUC of 0.734, with sensitivity, specificity, and accuracy of 73.7%, 49.0%, 
and 0.559, respectively. Both models had a strong discriminative ability between patients with and without DR (Table 3).

LASSO Regression Analysis
Next, we applied LASSO regression analysis to identify key variables associated with DR. To maximize prediction 
accuracy, we selected the model associated with the smallest λ, as it corresponded to the minimum cross-validation error 
and demonstrated the strongest fitting performance. In the glycated albumin group, the λ value corresponding to the 
minimum mean square error was 0.009, and the variables, including SCR, ALB, HDL-C, LDL-C, and glycated albumin, 
were selected to construct a glycated albumin group model. The bar chart presents the mean absolute Shapley additive 
explanations values for each variable and reflects the average magnitude of their contribution to the model output. 
Glycated albumin level was the most important predictor, followed by ALB, LDL-C, HDL-C, and SCR. Similarly, in the 
HbA1c group, the λ value corresponding to the minimum mean square error was 0.007, and variables, including SCR, 
ALB, HDL-C, TG, and HbA1c, were selected to construct a HbA1c group model. HbA1c level was the third strongest 
predictor (Table 4 and Figure 2).

https://doi.org/10.2147/DMSO.S567164                                                                                                                                                                                                                                                                                                                                                                                                                                  Diabetes, Metabolic Syndrome and Obesity 2026:19 4

Bai et al                                                                                                                                                                              

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



Table 1 Characteristics of the Study Participants

Characteristics Total (n = 809) Before PSM Total (n =340) After PSM

Non-DR (n = 724) DR (n = 85) P Non-DR (n = 225) DR (n = 85) P

Age, years, mean [IQR] 50.000 [41.000, 58.000] 50.000 [41.000, 58.000] 51.000 [45.000, 56.000] 0.689 51.000 [43.000, 56.000] 51.000 [41.000, 56.000] 51.000 [45.000, 56.000] 0.827

Sex, male, n (%) 645 (79.728) 578 (79.834) 67 (78.824) 0.826 272 (80.000) 205 (80.392) 67 (78.824) 0.754

HbA1c, %, median [IQR] 6.900 [6.500, 7.700] 6.800 [6.500, 7.600] 7.900 [6.800, 8.900] <0.001 7.100 [6.600, 8.400] 6.900 [6.500, 7.700] 8.400 [7.100, 10.900] <0.001

Glycated albumin, %, median [IQR] 16.500 [14.500, 19.300] 16.300 [14.500, 18.700] 18.700 [16.300, 23.500] <0.001 17.400 [15.000, 20.200] 16.400 [14.700, 18.700] 18.300 [17.400, 22.800] <0.001

ALB, g/L, median [IQR] 44.200 [41.000, 47.900] 44.500 [41.400, 48.000] 0.005 43.700 [40.000, 47.000] 44.100 [41.700, 47.200] 41.800 [35.000, 45.000] <0.001

Creatinine, μmol/L, mean [IQR] 71.300 [63.000, 80.000] 71.700 [63.100, 80.000] 70.000 [61.000, 81.000] 0.526 70.000 [60.400, 80.000] 71.500 [62.600, 80.000] 67.300 [52.000, 77.900] 0.007

eGFR, mL/min/1.73 m2, median [IQR] 105.620 [97.208, 113.487] 105.527 [97.068, 113.761] 106.351 [100.277, 112.963] 0.713 106.307 [99.134, 114.295] 105.468 [97.879, 113.420] 109.739 [102.877, 118.732] 0.003

Uric acid, μmol/L, mean [IQR] 367.000 [310.000, 434.000] 369.000 [315.000, 435.000] 357.000 [282.000, 422.000] 0.152 357.000 [291.000, 422.000] 364.000 [310.000, 430.000] 331.000 [247.000, 416.000] 0.002

BUN, mmol/L, median [IQR] 5.100 [4.300, 6.000] 5.000 [4.300, 5.900] 5.300 [4.500, 6.000] 0.177 5.200 [4.400, 6.100] 5.100 [4.200, 6.000] 5.600 [4.600, 7.600] <0.001

TC, mmol/L, median [IQR] 4.940 [4.280, 5.680] 4.950 [4.290, 5.680] 4.840 [4.210, 5.670] 0.59 4.940 [4.130, 5.670] 5.010 [4.310, 5.710] 4.600 [3.660, 5.560] 0.005

HDL, mmol/L, mean [IQR] 1.170 [1.010, 1.380] 1.170 [1.010, 1.380] 1.230 [1.010, 1.370] 0.635 1.220 [1.020, 1.430] 1.190 [1.010, 1.380] 1.280 [1.040, 1.580] 0.018

LDL, mmol/L median [IQR] 3.020 [2.410, 3.690] 3.040 [2.410, 3.700] 2.890 [2.520, 3.570] 0.428 3.050 [2.450, 3.830] 3.040 [2.390, 3.760] 3.160 [2.580, 4.210] 0.042

TG, mmol/L, median [IQR] 1.720 [1.170, 2.590] 1.730 [1.170, 2.610] 1.700 [1.140, 2.330] 0.685 1.750 [1.190, 2.750] 1.730 [1.190, 2.670] 1.950 [1.210, 3.220] 0.087

GLU, mmol/L, median [IQR] 7.400 [6.600, 8.800] 7.400 [6.600, 8.500] 8.000 [7.100, 10.800] <0.001 7.500 [6.700, 9.000] 7.500 [6.800, 8.700] 7.600 [6.500, 10.200] <0.532

Abbreviations: HbA1c, glycated hemoglobin; ALB, albumin; eGFR, estimated glomerular filtration rate; BUN, blood urea nitrogen; TC, total cholesterol; HDL, high-density lipoprotein; LDL, low-density lipoprotein; TG, triglyceride; 
GLU, serum glucose; IQR, interquartile range; SD, standard deviation.
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Multivariate Machine Learning Algorithms and Performance Evaluation
Based on the LASSO regression results, the glycated albumin and HbA1c group models were used to develop a risk 
prediction model for DR. After 10-fold cross-validation to ensure model robustness and generalizability, RF was the 
optimal model for both variables. The final glycated albumin and HbA1c group models had AUCs of 0.725 and 0.783, 
respectively. Both models displayed strong discriminative ability between patients with and without DR. The calibration 
curves exhibited a good fit, with a Brier score of 0.199 (95% CI = 0.140–0.267) for the glycated albumin group model 
and 0.141 (95% CI = 0.097–0.189) for the HbA1c group model (<0.2), with the predicted risk probability consistent with 
the actual observations. The results of DCA illustrated that both models had a high clinical net benefit and the ability to 
provide accurate predictions for DR risk (Table 5, Figures 3 and 4).

Discussion
Patients with uncontrolled T2DM can develop various complications. Approximately 22.3% of these patients develop 
DR, which can lead to vision loss and impaired quality of life.19 A recent study reported that DR was the leading cause of 
blindness among the working-age population.20 Early accurate diagnosis and appropriate management can reduce the 
serious outcomes of DR. Our findings indicated that serum glycated albumin and HbA1c levels were independently 
correlated with DR. Through the establishment of predictive models using machine learning techniques, the risk of DR 
can be identified at an early stage.

The main pathological features of DR include thickening of the capillary basement membrane, microvascular 
thrombosis, endothelial damage, neovascularization, and fibrovascular scar formation.21 These pathological changes 
are closely related to AGE formation and accumulation.22 In patients with poorly controlled diabetes, high blood sugar 
levels lead to AGE formation from various proteins. AGEs impair vascular dilation responses, exacerbate tissue ischemia 
and hypoxia, increase endothelial cell permeability, and reduce pericyte proliferation, ultimately causing capillary wall 
dysfunction. Furthermore, AGEs can trigger oxidative stress and inflammatory responses, promote the expression of 
cytokines such as matrix metalloproteinases and vascular endothelial growth factor, and increase the production of basic 

Table 2 Receiver Operating Characteristic Curve Analysis

Variables N AUC Sensitivity Specificity Youden Index Threshold (95% CI) Accuracy

Glycated albumin 340 0.657 (0.601–0.715) 0.682 (0.630–0.850) 0.659 (0.504–0.722) 0.341 (0.276–0.467) 18.0 (16.7–18.3) 0.654 (0.581–0.718)

HbA1c 340 0.726 (0.673–0.784) 0.612 (0.507–0.825) 0.745 (0.542–0.851) 0.357 (0.280–0.471) 7.7 (7.0–8.4) 0.710 (0.600–0.781)

Abbreviations: AUC, area under the curve; CI, confidence interval; HbA1c, glycated hemoglobin.

Figure 1 Receiver operating characteristic curves of glycated albumin and glycated hemoglobin (HbA1c) in the risk identification of diabetic retinopathy. 
Abbreviations: AUC, area under the curve; CI, confidence interval.
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Table 3 Univariate Machine Learning Algorithms and Performance for Glycated Albumin and HbA1c

Algorithms/Dataset Target Variable AUC(SD) THRESHOLD (SD) Accuracy (SD) Sensitivity (SD) Specificity (SD) Positive 
Predictive Value (SD)

Negative 
Predictive Value (SD)

F1 (SD) Kappa (SD)

XGBoost Glycated albumin 0.607 (0.065) 0.266 (0.032) 0.631 (0.074) 0.490 (0.121) 0.676 (0.111) 0.339 (0.088) 0.807 (0.060) 0.388 (0.067) 0.146 (0.097)

HbA1c 0.635 (0.084) 0.286 (0.041) 0.693 (0.051) 0.516 (0.089) 0.745 (0.054) 0.374 (0.059) 0.839 (0.040) 0.431 (0.060) 0.228 (0.089)

Logistic Glycated albumin 0.687 (0.098) 0.240 (0.010) 0.660 (0.071) 0.685 (0.142) 0.654 (0.078) 0.377 (0.073) 0.869 (0.068) 0.482 (0.084) 0.259 (0.125)

HbA1c 0.731 (0.045) 0.221 (0.019) 0.679 (0.046) 0.577 (0.075) 0.713 (0.063) 0.391 (0.073) 0.842 (0.032) 0.461 (0.064) 0.248 (0.079)

LightGBM Glycated albumin 0.675 (0.077) 0.249 (0.031) 0.616 (0.069) 0.653 (0.118) 0.603 (0.101) 0.345 (0.075) 0.852 (0.024) 0.446 (0.082) 0.200 (0.085)

HbA1c 0.646 (0.077) 0.265 (0.035) 0.653 (0.045) 0.532 (0.112) 0.692 (0.065) 0.368 (0.074) 0.814 (0.045) 0.432 (0.079) 0.193 (0.092)

Random forest Glycated albumin 0.558 (0.066) 0.288 (0.021) 0.619 (0.074) 0.378 (0.041) 0.709 (0.100) 0.347 (0.077) 0.745 (0.053) 0.357 (0.046) 0.089 (0.102)

HbA1c 0.589 (0.065) 0.274 (0.036) 0.647 (0.050) 0.468 (0.108) 0.703 (0.069) 0.329 (0.067) 0.809 (0.040) 0.382 (0.070) 0.146 (0.093)

AdaBoost Glycated albumin 0.607 (0.072) 0.495 (0.002) 0.656 (0.059) 0.555 (0.073) 0.687 (0.081) 0.377 (0.069) 0.819 (0.049) 0.445 (0.057) 0.207 (0.078)

HbA1c 0.626 (0.079) 0.495 (0.001) 0.657 (0.050) 0.473 (0.119) 0.729 (0.073) 0.410 (0.104) 0.779 (0.049) 0.433 (0.093) 0.191 (0.108)

KNN Glycated albumin 0.604 (0.064) 0.380 (0.060) 0.634 (0.047) 0.495 (0.121) 0.679 (0.102) 0.340 (0.097) 0.805 (0.055) 0.390 (0.081) 0.147 (0.073)

HbA1c 0.643 (0.068) 0.400 (0.000) 0.684 (0.079) 0.491 (0.075) 0.743 (0.100) 0.381 (0.131) 0.828 (0.049) 0.418 (0.084) 0.212 (0.130)

SVM Glycated albumin 0.478 (0.098) 0.250 (0.012) 0.656 (0.054) 0.267 (0.204) 0.775 (0.125) 0.251 (0.130) 0.770 (0.050) NaN (NaN) 0.032 (0.101)

HbA1c 0.612 (0.078) 0.202 (0.012) 0.719 (0.063) 0.439 (0.145) 0.825 (0.081) 0.497 (0.142) 0.800 (0.057) 0.447 (0.114) 0.267 (0.138)

GNB Glycated albumin 0.653 (0.074) 0.231 (0.022) 0.603 (0.046) 0.727 (0.121) 0.562 (0.060) 0.368 (0.061) 0.851 (0.069) 0.483 (0.068) 0.213 (0.086)

HbA1c 0.649 (0.074) 0.094 (0.008) 0.675 (0.032) 0.536 (0.114) 0.724 (0.056) 0.388 (0.054) 0.825 (0.056) 0.442 (0.049) 0.223 (0.055)

10-fold validation set Glycated albumin 0.656 (0.115) 0.231 (0.04) 0.636 (0.103) 0.660 (0.204) 0.630 (0.112) 0.377 (0.122) 0.851 (0.085) 0.472 (0.135) 0.231 (0.199)

HbA1c 0.730 (0.113) 0.196 (0.022) 0.603 (0.047) 0.569 (0.261) 0.613 (0.115) 0.313 (0.082) 0.834 (0.077) 0.391 (0.120) 0.133 (0.129)

10-fold test set Glycated albumin 0.680 0.237 0.676 0.556 0.720 0.417 0.818 0.476 0.249

HbA1c 0.734 0.182 0.559 0.737 0.490 0.359 0.828 0.483 0.171

Abbreviations: AUC, area under the curve; SD, standard deviation; XGBoost, eXtreme Gradient Boosting; LightGBM, Light Gradient Boosting Machine; AdaBoost, adaptive boosting decision tree; KNN, K-nearest neighbors; SVM, 
support vector machine; GNB, Gaussian naïve Bayes; NaN, no number.

D
iabetes, M

etabolic Syndrom
e and O

besity 2026:19                                                                          
https://doi.org/10.2147/D

M
SO

.S567164                                                                                                                                                                                                                                                                                                                                                                                                       
7

Bai et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



fibroblast growth factor in Müller glial cells. Therefore, controlling and reducing AGE levels might help mitigate or slow 
the progression of diabetic complications, including DR. Both HbA1c and glycated albumin are precursors of AGEs, and 
these two biomarkers have been studied for diagnosing diabetes and monitoring its progression.23

Various biomarkers have been identified as useful tools for DR risk identification.24 Among them, HbA1c is the most 
commonly tested biomarker. A recent study revealed that an HbA1c level of 6.2% was the best threshold for predicting 

Table 4 Results of Variable Selection by LASSO Regression Based on the Glycated Albumin Model and HbA1c Model

Variable Minimum Mean Square Error Coefficient of Standard Error For Minimum Distance

Glycated Albumin Model HbA1c Model Glycated Albumin Model HbA1c Model

Intercept −1.39 −3.392 −0.634 −2.062

Creatinine −0.013 0 −0.008 0
Uric acid 0 0 0 0

ALB −0.021 −0.01 −0.007 0

TG 0 −0.085 0 0
HDL-C 0.204 0.008 0 0

LDL-C 0.128 0 0.052 0

Glycated albumin 0.071 _ 0.012 _
HbA1c _ 0.359 _ 0.117

Abbreviations: ALB, albumin; ALT, alanine aminotransferase; HDL-C, high-density lipoprotein cholesterol; IQR, interquartile range; LDLL-, low-density 
lipoprotein cholesterol; TG, triglyceride; HbA1c, glycated hemoglobin.

Figure 2 Least absolute shrinkage and selection operator coefficient profile plot ((A), glycated albumin; (C), glycated hemoglobin) and cross-validation curve for LASSO 
((B), glycated albumin; (D), glycated hemoglobin).
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Table 5 Multivariate Machine Learning Algorithms and Performance for Glycated Albumin and HbA1c

Algorithms/Dataset Target Variable AUC (SD) Threshold (SD) Accuracy (SD) Sensitivity (SD) Specificity (SD) Positive 
Predictive Value (SD)

Negative 
Predictive Value (SD)

F1 (SD) Kappa (SD)

XGBoost Glycated albumin 0.649 (0.028) 0.846 (0.007) 0.828 (0.005) 0.282 (0.018) 0.958 (0.006) 0.613 (0.013) 0.849 (0.002) 0.385 (0.015) 0.301 (0.009)

HbA1c 0.664 (0.029) 0.790 (0.013) 0.775 (0.000) 0.292 (0.042) 0.906 (0.004) 0.459 (0.074) 0.824 (0.008) 0.357 (0.054) 0.228 (0.052)

Logistic Glycated albumin 0.635 (0.002) 0.293 (0.002) 0.730 (0.034) 0.271 (0.037) 0.905 (0.016) 0.519 (0.052) 0.766 (0.030) 0.356 (0.044) 0.206 (0.063)

HbA1c 0.663 (0.017) 0.261 (0.027) 0.730 (0.074) 0.367 (0.033) 0.845 (0.081) 0.476 (0.062) 0.798 (0.045) 0.409 (0.002) 0.234 (0.068)

LightGBM Glycated albumin 0.669 (0.036) 0.554 (0.044) 0.721 (0.044) 0.380 (0.100) 0.831 (0.026) 0.420 (0.102) 0.805 (0.030) 0.399 (0.101) 0.218 (0.129)

HbA1c 0.647 (0.073) 0.376 (0.000) 0.701 (0.005) 0.352 (0.005) 0.817 (0.007) 0.391 (0.043) 0.791 (0.019) 0.370 (0.022) 0.175 (0.017)

Random forest Glycated albumin 0.743 (0.039) 0.550 (0.000) 0.799 (0.044) 0.224 (0.070) 0.957 (0.004) 0.563 (0.008) 0.820 (0.051) 0.314 (0.071) 0.227 (0.077)

HbA1c 0.730 (0.041) 0.500 (0.000) 0.779 (0.015) 0.376 (0.016) 0.904 (0.008) 0.546 (0.017) 0.824 (0.013) 0.445 (0.016) 0.313 (0.026)

AdaBoost Glycated albumin 0.607 (0.108) 0.495 (0.001) 0.701 (0.044) 0.334 (0.099) 0.808 (0.067) 0.372 (0.219) 0.808 (0.021) 0.343 (0.157) 0.157 (0.177)

HbA1c 0.656 (0.042) 0.493 (0.001) 0.696 (0.029) 0.500 (0.020) 0.760 (0.032) 0.406 (0.042) 0.824 (0.012) 0.448 (0.034) 0.242 (0.055)

KNN Glycated albumin 0.629 (0.042) 0.300 (0.100) 0.549 (0.069) 0.597 (0.153) 0.517 (0.138) 0.265 (0.049) 0.823 (0.023) 0.367 (0.076) 0.080 (0.010)

HbA1c 0.613 (0.034) 0.400 (0.000) 0.681 (0.005) 0.437 (0.129) 0.769 (0.033) 0.410 (0.062) 0.788 (0.015) 0.421 (0.094) 0.200 (0.086)

SVM Glycated albumin 0.624 (0.054) 0.209 (0.009) 0.588 (0.010) 0.577 (0.077) 0.594 (0.015) 0.336 (0.011) 0.796 (0.034) 0.424 (0.029) 0.136 (0.044)

HbA1c 0.572 (0.068) 0.210 (0.001) 0.554 (0.015) 0.453 (0.083) 0.590 (0.050) 0.288 (0.018) 0.747 (0.008) 0.351 (0.039) 0.036 (0.026)

GNB Glycated albumin 0.617 (0.017) 0.057 (0.005) 0.627 (0.029) 0.553 (0.012) 0.649 (0.034) 0.322 (0.020) 0.829 (0.015) 0.407 (0.019) 0.163 (0.039)

HbA1c 0.590 (0.053) 0.985 (0.012) 0.775 (0.020) 0.177 (0.017) 1.000 (0.000) 1.000 (0.000) 0.763 (0.023) 0.300 (0.024) 0.237 (0.014)

10-fold validation set Glycated albumin 0.648 (0.156) 0.480 (0.033) 0.779 (0.064) 0.348 (0.169) 0.919 (0.082) 0.615 (0.225) 0.818 (0.046) 0.417 (0.164) 0.303 (0.183)

HbA1c 0.679 (0.097) 0.455 (0.042) 0.724 (0.050) 0.380 (0.162) 0.850 (0.063) 0.476 (0.116) 0.794 (0.044) 0.407 (0.139) 0.239 (0.151)

10-fold test set Glycated albumin 0.725 0.500 0.676 0.200 0.875 0.400 0.724 0.267 0.088

HbA1c 0.783 0.500 0.765 0.231 0.891 0.333 0.831 0.273 0.138

Abbreviations: AUC, area under the curve; SD, standard deviation; XGBoost, eXtreme Gradient Boosting; LightGBM, Light Gradient Boosting Machine; AdaBoost, adaptive boosting decision tree; KNN, K-nearest neighbors; SVM, 
support vector machine; GNB, Gaussian naïve Bayes.
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Figure 3 Evaluations of the random forest model based on glycated albumin. (A) Receiver operating characteristic curve in the test set; (B) Calibration plot; (C) Decision 
curve analysis; (D) Shapley additive explanations (SHAP) summary plot, (E) SHAP feature importance ranking.

Figure 4 Evaluations of the random forest model based on glycated hemoglobin. (A) Receiver operating characteristic curve in the test set; (B) Calibration plot; (C) 
Decision curve analysis; (D) Shapley additive explanations (SHAP) summary plot, (E) SHAP feature importance ranking.
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DR in the Chinese Han and Korean populations (AUC = 0.721, sensitivity = 60.0%, and specificity = 81.2%).25 Our ROC 
analysis illustrated that, at a threshold of 7.7%, HbA1c level could predict the presence of DR (AUC = 0.726, sensitivity 
= 61.2%, and specificity = 74.5%). Another study found no significant difference in the prevalence of DR in patients with 
diabetes and HbA1c level of 6.0%–8.0%, but the prevalence of DR in patients with HbA1c  level ≥ 8.0% was 
significantly higher than that in patients with HbA1c  levels< 8.0%.26 The small difference in the HbA1c level threshold 
among different studies might be attributable to regional and ethnic disparities between our research and previous studies.

Glycated albumin is formed when glucose binds to ALB in the blood through a non-enzymatic glycation process. 
Previous research reported that the mean glycated albumin levels in the DR and non-DR groups were 30.7% and 11.8%, 
respectively (P = 0.001), suggesting that elevated glycated albumin levels in patients with diabetes could be associated 
with DR development.27 A Japanese study identified 17.1% as the optimal glycated albumin level threshold for 
diagnosing diabetes based on the prevalence of DR.28 A 5-year cohort study of 359 Chinese patients reported an optimal 
glycated albumin level threshold of 21.9% for predicting DR progression in patients with T2DM.29 In our study, the 
optimal thresholds for predicting DR were 18.0% for glycated albumin level. In comparison to the aforementioned 
Chinese study, the investigators defined DR progression as both the development of non-proliferative DR from non-DR 
and the progression from non-proliferative DR to proliferative DR, and the research participants were adults visiting the 
hospital clinic. Conversely, our study participants were adults visiting a hospital-affiliated physical examination center, 
which might contribute to the different reported glycated albumin level thresholds. In our study, the AUC of the glycated 
albumin model was slightly lower than that of the HbA1c model (0.680 vs 0.734). However, the discriminative ability of 
the final glycated albumin group model achieved an AUC of 0.725, indicating that glycated albumin might have 
equivalent ability as HbA1c in discriminating between the presence or absence of DR. Meanwhile, as other biomarkers 
in the glycated albumin group were also measured in plasma, which could be integrated for combined detection. A recent 
study reported that an XGBoost machine learning model had a highly satisfactory performance for detecting DR (AUC = 
67.0%, accuracy = 91.3%),30 but that model included six important biomarkers (tryptophan, phosphatidylcholine diacyl 
C42:2, butyrylcarnitine, tyrosine, hexadecanoyl carnitine, and total dimethylarginine), which are not commonly tested in 
clinical laboratories. In our study, the glycated albumin group model could differentiate DR from non-DR.

The duration of diabetes is a well-established risk factor for DR. However, no significant association was observed 
between the duration of diabetes and the presence of DR. Among the 85 patients with DR, 61 had a diabetes duration 
shorter than 10 years (or unknown), whereas 24 had a duration of 10 years or longer. The small number of patients might 
have prevented a conclusive demonstration of the impact of the diabetes duration on the development of DR. 
Furthermore, fasting blood glucose levels, which are highly susceptible to short-term influences such as dietary intake 
within the prior 3 days, emotional stress, and physical activity preceding blood collection, exhibited high variability and 
therefore failed to exhibit statistically significant differences between the groups after PSM (P = 0.532).

The strength of our study lied in the fact that it represented a large-scale investigation in China to establish a threshold 
of glycated albumin level for predicting DR risk within a nationally renowned hospital for ophthalmic care, possessing 
authoritative expertise in interpreting fundus lesions. The study population was drawn from individuals undergoing 
routine health examinations, and it reflects a community-based sample within a certain geographic radius around the 
hospital, thereby providing an approximate reflection of the epidemiological characteristics of DR in the region. The 
limitations included its cross-sectional study design, which did not allow us to explore the impact of dynamic glycated 
albumin level changes on the occurrence of DR, and the enrollment of participants from one hospital with small number 
of patients with DR, which might limit the generalizability of the study results. Including more DR patients from other 
areas or medical institutions in the model, or observing dynamic changes in glycated albumin levels, may further improve 
the performance of the DR prediction model. Our model also requires external validation before its wide application in 
clinical practice.

In conclusion, glycated albumin could be a valuable biomarker for detecting DR at an early stage in patients with 
T2DM. With its simplicity of the sample collecting and testing, efficiency and enhanced performance through machine 
learning, our model could serve as a practical tool for early risk assessment of DR in patients with T2DM.
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