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Objectives: The study aims to establish a predictive homogram of diabetic
retinopathy(DR) for the middle-aged population with type 2 diabetes mellitus
(T2DM).

Methods: This retrospective study screened 931 patients with T2DM between 30
and 59 years of age from the 2011-2018 National Health and Nutrition
Examination Survey database. The development group comprised 704
participants from the 2011-2016 survey, and the validation group included 227
participants from the 2017-2018 survey. The least absolute shrinkage and
selection operator regression model was used to determine the best predictive
variables. The logistic regression analysis built three models: the full model, the
multiple fractional polynomial (MFP) model, and the stepwise (stepAlC) selected
model. Then we decided optimal model based on the receiver operating
characteristic curve (ROC). ROC, calibration curve, Hosmer-Lemeshow test,
and decision curve analysis (DCA) were used to validate and assess the model.
An online dynamic nomogram prediction tool was also constructed.

Results: The MFP model was selected to be the final model, including gender,
the use of insulin, duration of diabetes, urinary albumin-to-creatinine ratio, and
serum phosphorus. The AUC was 0.709 in the development set and 0.704 in the
validation set. According to the ROC, calibration curves, and Hosmer-Lemeshow
test, the nomogram demonstrated good coherence. The nomogram was
clinically helpful, according to DCA.

Conclusion: This study established and validated a predictive model for DR in the
mid-life T2DM population, which can assist clinicians quickly determining who is
prone to develop DR.
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Introduction

Diabetic retinopathy (DR) is a usual microvascular
complication of type 2 diabetes mellitus (T2DM), one of the
major reasons for blindness (1). According to The Global Burden
of Disease Study, DR was the only cause of age-standardized vision
loss to increase over the past three decades (2). Over 103.12 million
adults worldwide were diagnosed with DR in 2020, and with the
prevalence of diabetes increasing at an alarming rate, it is estimated
that the world DR population will grow by 55.6%(57.4 million)
between 2020 and 2045 (3). A prevalence-based cost-of-illness
model estimates that Indonesia will spend $8.9 billion on the
healthcare of DR in 2025 (4). As DR is often asymptomatic until
the later, even more, severe stages, early diagnosis, and intervention
are essential and more cost-effective for public health and
healthcare costs (5-7).

DR prevalence has been discussed in some studies in different
age groups of T2DM. The ADVANCE Collaborative group (8) has
reported that the course of diabetes is independently related to the
risk of microvascular complications, and diabetes duration has a
more significant impact on younger people than on older people.
Middleton et al. (9) have found that DR seems more susceptible in
people diagnosed with T2DM in middle age (or with a younger
present age), and the odds of DR decreased with increasing age at
diagnosis. They considered this difference to be caused by reducing
insulin-like growth factor 1 and growth hormone with increasing
age. DR is more likely to occur in the middle-aged population after
diagnosis of T2DM than in the elderly (10), so a more targeted
prediction model and intervention strategy are needed.

Several prediction models have been applied to the
identification and diagnosis of DR (11-13). However, these
prediction models were constructed for almost all age groups.
They have shortcomings in predicting the development of DR in
different age groups. This will limit their ability to stratify individual
patients according to risk level and select the optimal treatment. To
our knowledge, there is a lack of predictive models developed
separately for the middle-aged population. We suggested that
developing a separate DR prediction model for the middle-aged
age group and narrowing the prediction model orientation may be
more important for applying the model for early identification and
prevention of DR. We developed a model predicting the
development of DR in middle-aged people with T2DM based on
data from the National Health and Nutrition Examination Survey
(NHANES), which may provide more personalized screening and
treatment options for middle-aged T2DM patients.

Materials and methods
Study design and participants

NHANES is a study program to evaluate US adults’ and kids’
health and nutritional condition. They sampled about 5,000

nationally representative persons with a multistage, graded,
clustered sampling approach every year (14).
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We included 39,156 participants in this study from the
NHANES 2011 to 2018. According to the guideline from the
American Diabetes Association (15), patients with T2DM were
defined as follows: (1) participants who a doctor told them that they
had diabetes with a diagnosis age =30 years; (2) participants who
didn’t self-report diabetes diagnosis with HbAlc 26.5%. We
excluded data for participants <30 years (n=20,291) and >59
years (n=7,683) to obtain 11,182 cases in the age group of 30-59
years. Then, participants were separated into two groups depending
on whether or not they had data of how old they were first told by a
professional that they had diabetes, with data in the first group
(n=1,083) and miss data in the second group (n=10,099). The first
group excluded participants who were younger than 30 years old
when they were first told they had diabetes and those who had no
data for DR, resulting in 604 participants. The second group
excluded patients with missing glycohemoglobin data and
glycohemoglobin<6.5%, resulting in 327 cases. The two data
groups were combined to get the final population included in the
analysis for this study. The population from 2011 to 2016 was used
to establish the development cohort, and the population from 2017
to 2018 was adopted as an external validation cohort. Figure 1
illustrates the detailed selection operation.

Ethics statement

Each participator provided written informed agreement before
inclusion in the NHANES database, which was examined and
allowed by the National Center for Health Statistics Ethics Review
Board. Anonymously processing the data makes it available to the
public. The researchers then can transform the data into a form
suitable for analysis following privacy-preserving. Based on the
study’s data usage guidelines, all data will be analyzed statistically,
and all studies will comply with all relevant laws and standards.

Potential predictors

We selected some potential predictors which might affect DR
progress based on current relevant research and clinical experience
(16-18), including age, gender, diabetes duration, HbA1C, use of
insulin, use of hypoglycemic pills, hypertension, weak failing
kidneys, body mass index (BMI), waist circumference, alkaline
phosphatase, alanine aminotransferase (ALT), aspartate
aminotransferase (AST), serum calcium, serum phosphorus,
serum potassium, serum uric acid, total cholesterol, triglyceride,
serum calcium, serum iron, blood urea nitrogen, serum albumin,
serum creatinine, urinary albumin-to-creatinine ratio(UACR). The
information on hypertension and renal failure came from
the questionnaires.

Statistical analysis

R statistical software version 3.6.3 and EmpowerStats version
2.0 were used to conduct the statistical analysis for this study. Data
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for normally distributed was displayed as the mean +* standard
deviation, and a two independent samples t-test was performed to
analyze differences between groups. The categorical variables were
described with proportion, which was tested using the chi-
square test.

In linear regression mode, least absolute shrinkage and selection
operator (LASSO) regression analysis is used for shrinkage and
variable option. Firstly, we used the development set data and
analyzed the data using the LASSO regression method. LASSO
regression analysis was used to determine the appropriate and
effective risk predictors for T2DM patients with DR, and 7
independent variables were selected according to lambda.min.
Then, we built three models based on the logistic regression
analysis: the full model, the multiple fractional polynomial (MFP)
model, and the stepwise (stepAIC) selected model. We used the
odds ratio and P-value with 95% confidence interval (CI) to
describe the features. At the same time, according to the
comparison of the area under the receiver operating characteristic
(ROC) curve of each model in the development set and the
validation set, the model with the most significant area under the
curve (AUC) was selected. The model’s consistency was evaluated
based on the calibration curve and the Hosmer-Lemeshow test. The
clinical effectiveness of the model was assessed using decision curve
analysis (DCA). All statistical analyses were two-sided, with an
alpha of 0.05 as the significance grade. Finally, according to the
model, we established the nomogram and online dynamic
nomogram prediction tool.

10.3389/fendo.2023.1132036

Results
Baseline characteristics

According to the prespecified exclusion and inclusion criteria,
931 participants were enrolled in our research, including 704 in the
development group and 227 in the validation group. Baseline
characteristics like demographic, biochemical indexes, physical
examination findings, duration of diabetes, and the use of
medications are shown in Table 1.

Risk factors in the development group

We included 24 associated characteristic variables in LASSO
regression analysis (Figures 2A, B) and selected 7 non-zero potential
predictors from the LASSO regression analysis results based on the
data of the development group. These predictors included gender,
taking insulin now, weak failing kidneys, duration of diabetes,
UACR, blood urea nitrogen, and serum phosphorus.

Prediction model development

To construct the prediction model, we performed the following
steps. Firstly, we combined all 7 potential predictors selected by
LASSO regression analysis into a multivariable model using

Participants from NHANES
2011-2018
(n=39156)

Individuals age < 30

years (n=20291) or age > 59
years (n=7683)

30-59 years old
(N=11182)

Have data of how old when
first told that had diabetes by
a doctor or other health
professional
(n=1083)

Miiss data of how old when
first told that had diabetes by
a doctor or other health
professional
(n=10099)

Age when first told had
diabetes < 30 years
(n=150)

Missing data for
glycohemoglobin (n=844) or
glycohemoglobin < 6.5%

Missing data for diabetic

(n=8928)

retinopathy (n=329)

In the final analysis (n=931)

|

Development group:
Participants from NHANES
2011-2016
(n=704)

FIGURE 1
Flow chart of the development and validation groups.
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Validation group:
Participants from NHANES
2017-2018
(n=227)
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TABLE 1 Characteristics of the study sample.

Development group (n=704) Validation group (n=227) P value

Age (years) 50.12 + 6.74 50.10 + 6.74 0.957
Gender (%) 0.591

male 50.41 52.41

female 49.59 47.59
Duration of diabetes (years) 6.61 + 5.44 6.79 + 5.60 0.653
Glycohemoglobin (%) 7.67 £ 1.96 7.53 £ 1.74 0.346
Taking insulin now(%) ‘ 0.621

No 76.81 78.36

Yes 23.19 21.64
Take diabetic pills now (%) ‘ 0.174

No 28.47 23.96

Yes 71.53 76.04
High blood pressure (%) ‘ 0.949

No 36.55 36.78

Yes 63.45 63.22
Had weak failing kidneys (%) ‘ 0.076

No 94.36 97.21

Yes 5.64 2.79
Body mass index (kg/m?) 34.62 + 8.13 36.03 + 8.03 0.021
Waist circumference (cm) 113.48 + 16.96 115.65 + 16.36 0.084
Alkaline phosphatase (u/L) 73.27 £ 23.27 83.87 +29.03 <0.001
Alanine aminotransferase (u/L) 73.27 +23.27 83.87 +£29.03 <0.001
Aspartate aminotransferase (u/L) 28.15 + 25.90 24.68 + 17.89 0.054
Serum calcium (mmol/L) 2.35 + 0.09 232 +£0.11 <0.001
Serum phosphorus (mmol/L) 1.23 +0.18 1.14 £ 0.19 <0.001
Serum potassium (mmol/L) 4.03 £ 0.33 4,12 + 0.41 <0.001
Serum uric acid (umol/L) 329.25 + 90.31 323.61 + 84.66 0.395
Total cholesterol (mmol/L) 489 +1.21 483 +1.15 0.553
Triglyceride (mmol/L) 2.53 + 3.00 2.40 + 2.06 0.554
Serum iron (umol/L) 13.89 + 5.67 14.89 £ 6.95 0.027
Blood urea nitrogen (mmol/L) 511 +2.17 529 +2.15 0.242
Serum albumin (g/L) 41.89 + 3.42 39.69 + 3.44 <0.001
Serum creatinine (umol/L) 81.01 + 65.60 76.17 + 55.82 0.305
Urinary albumin creatinine ratio (mg/g) 125.75 £ 598.05 166.02 + 840.45 0.421
Diabetic retinopathy (%) 0.423

No 83.57 81.32

Yes 16.43 18.68

Continuous variables are displayed as mean + standard deviation. Based on a linear regression model, the P-value was calculated. The categorical variables were described with proportion,
P-value was calculated by the chi-square test.
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multivariate logistic regression, which built the full model. Then,
the stepwise backward regression selection method was used to fit
the stepwise model based on Akaike’s Information Criterion (AIC).
Since the multicollinearity of the predictors, we constructed the
multiple fractional polynomial (MFP) model. The details of the
three models are shown in Table 2. Finally, ROC curves were
plotted for all three models, and the AUC of these models was
compared (Figure 3). We chose the MFP model to construct the
nomogram according to the results.

Development of nomogram

According to the MFP model, 5 independent predictors
were introduced to establish a DR risk nomogram (Figure 4A).
To make it more convenient for T2DM patients to predict
the progress of DR, we created an online dynamic nomogram
tool (http://www.empowerstats.net/pmodel/?m=22793_
GaoXiangWangredictionmodelofretinopathyinmiddleagedpatients
withtype2diabetesmellitus). In the online tool, doctors can calculate
the risk of DR in middle-aged T2DM patients based on the specific
values of each indicator (Figure 4B).

Assessment of predictive nomogram

We applied the ROC curve to test the discrimination of the
model (Figures 3A, B). In the development group, the AUC was
0.709(95%CI:0.659-0.759) for the MFP model, 0.680 (95% CI:0.627-
0.733) for the stepwise model, and 0.679 (95%CI:0.627-0.732) for
the full model (Figure 3A). And in the validation group, the AUC
was 0.704(95%CI:0.611-0.798) for the MFP model, 0.667(95%
CI:0.567-0.774) for the full model, and 0.666 (95%CI:0.560-0.773)
for the stepwise model (Figure 3B).

To check the consistency of this model, calibration curves and
the Hosmer-Lemeshow test were used. As shown in Figure 5, the
calibration curves of the model in both the development and
validation sets were plotted. The horizontal axis stands for the
predicted DR risk, the vertical coordinates represent the actual

10.3389/fendo.2023.1132036

diagnosed DR risk, and the gray diagonal line stands for the perfect
prediction of the ideal nomogram. Nomogram performance is
shown by the solid line, where the closer to the diagonal gray line
suggests greater predictive performance. According to the
calibration curves, the nomogram displayed good coherence. In
addition, there was no significant difterence between the validation
and development groups when we used the Hosmer-Lemeshow test
to test the model calibration degree. (P=0.42 in the development
group, P=0.52 in the validation group).

Figure 6 shows the results of DCA curves for development and
validation groups. The dashed line stood for the model, the gray line
showed the net benefit when all patients with DR, and the black line
represented the net benefit when no patients with DR. The region of
the model curve between the “black line” and the “gray line”
represented the model’s clinical applicability. If the dashed line is
above the black and gray lines, we can assume that the dashed value
of the period can benefit.

Discussion

Nomogram is a useful and reliable forecasting tool that can
produce individual probabilities of endpoint events by combining
different variables and quantifying the risk individually (19). In the
risk predictor analysis of this study, gender, use of insulin, renal
failure, duration of diabetes, UACR, blood urea nitrogen, and serum
phosphorus were related to the risk of DR in midlife patients with
T2DM. Based on this, we used statistical analysis to screen five of
these variables to construct and validate a novel DR risk predictive
tool for middle-aged patients with T2DM. The model showed that
being male, taking insulin now, longer duration of diabetes, higher
UACR, and lower serum phosphorus were critical factors in
determining the risk of DR in patients with T2DM, which has the
same part of risk factors as those reported in previous studies (10,
20). To make it more convenient for physicians to provide early
individualized intervention for middle-aged T2DM patients, we
have built an online, free prediction tool. According to Anne et al.
(21), the AUC value of 0.7 or higher is considered acceptable or
good for model discrimination. Our model presented good
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discrimination and calibration ability, offering a personalized
prediction of DR incidence.

For patients with T2DM, the course of the disease is an
unchangeable risk factor. Unlike T1DM, disease duration has a
more significant impact on patients with T2DM combined with DR
(22). Compared to older T2DM patients, midlife patients have a
longer survival time and will be exposed to the increased risk of
complications associated with a longer disease course. Elevated
blood glucose and lipid metabolism disorders in T2DM patients
caused pathological reactions, such as oxidative stress and
inflammatory response (23, 24), which were considered an
important pathogenesis of DR (25-27), Longer disease duration
means a sustained state of inflammation for a longer period, which
raises the risk of DR. As reported by Singh et al. (28), DR prevalence
was five times higher in patients with a disease duration of >15 years

TABLE 2 Logistic regression analysis for risk factors in three models.

10.3389/fendo.2023.1132036

than it was in patients with an illness duration of < 5 years.
According to Sun et al. (29), the duration of diabetes is strongly
correlated with the risk of DR. In middle-aged patients with T2DM.
It is critical to diagnose and intervene in the early stages of DR
progression to minimize the risks that come with a longer
disease course.

Gender has been discovered in some studies to be relevant to the
risk of developing diabetes-related complications (30, 31). Middle-
aged men were significantly more likely to have T2DM, indicating
that gender factors are involved to some extent in the pathogenesis
of T2DM and its complications in the middle-aged population (32,
33). Several studies have revealed sexual dimorphism in fat
distribution, inflammatory signaling pathway activation, and
T2DM risk (34-37). Middle-aged T2DM patients have
demonstrated gender differences in disease progression and

Model Estimate Std error Odds ratio 95%Cl.low 95%Cl.upp P-value
Model 1

(Intercept) -0.6306 0.6663 0.5323 0.1442 1.9648 0.3439
Gender=female -0.3878 0.2093 0.6786 0.4503 1.0227 0.0639
Taking insulin now=yes 0.7185 0.2347 2.0513 1.2949 3.2495 0.0022
Weak failing kidneys=yes 0.4099 0.3718 1.5066 0.7269 3.1225 0.2703
Duration of diabetes 0.052 0.0172 1.0534 1.0185 1.0895 0.0025
Urinary albumin creatinine ratio 0.0004 0.0002 1.0004 1 1.0007 0.0253
Blood urea nitrogen 0.0367 0.0447 1.0374 0.9505 1.1323 0.4108
Serum phosphorus -1.2588 0.581 0.284 0.0909 0.887 0.0303
Model 2

(Intercept) -0.6154 0.6668 0.5404 0.1463 1.9967 0.356
Gender= female -0.4129 0.2071 0.6617 0.4409 0.9931 0.0462
Taking insulin now=yes 0.7216 0.2345 2.0577 1.2994 3.2584 0.0021
Weak failing kidneys=yes 0.5119 0.3479 1.6684 0.8437 3.2991 0.1412
Duration of diabetes 0.0533 0.0171 1.0548 1.0199 1.0908 0.0019
Urinary albumin creatinine ratio 0.0004 0.0002 1.0004 1.0001 1.0007 0.0194
Serum phosphorus -1.1235 0.5558 0.3251 0.1094 0.9665 0.0432
Model 3

(Intercept) 0.089 0.7097 1.0931 0.272 4.3933 0.9002
Gender=female -0.4145 0.2061 0.6607 0.4411 0.9896 0.0444
Taking insulin now=yes 0.7175 0.2307 2.0492 1.3039 3.2206 0.0019
Duration of diabetes/10 0.5111 0.1718 1.6672 1.1905 2.3347 0.0029
(Urinary albumin creatinine ratio/100)"-0.5 -0.3199 0.0734 0.7262 0.6288 0.8387 <0.0001
Serum phosphorus -0.9159 0.5467 0.4001 0.137 1.1683 0.0939

Model 1: Full model:Risk of Diabetic retinopathy=-0.63058 -0.38775*(Gender=female) +0.05199*Duration of diabetes +0.00037*Urinary albumin creatinine ratio +0.40987*(Weak failing
kidneys=yes) +0.71848*(Taking insulin now=yes) +0.03673*Blood urea nitrogen-1.25877*Serum phosphorus.

Model 2: Stepwise (stepAIC) selected model: Risk of Diabetic retinopathy=-0.61541 -0.41290*(Gender=female) +0.05331*Duration of diabetes +0.00039*Urinary albumin creatinine ratio
+0.51186*(Weak failing kidneys=yes) +0.72158*(Taking insulin now=yes) -1.12349*Serum phosphorus.

Model 3:Multiple Fractional Polynomial mode:Risk of Diabetic retinopathy=0.08903 +0.71746*(Taking insulin now=Yes) +0.51112*(Duration of diabetes/10)-0.31991*((Urinary albumin

creatinine ratio/100)7-0.5) -0.91593*Serum phosphorus -0.41447*(Gender= Female).
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pathogenesis, and our model suggested that being male is
significantly associated with DR in the middle-aged population.
Studies based on national databases from the UK and Finland found
that the male sex is an independent risk factor for advanced DR in
T2DM and a risk predictor for disease progression (38, 39). Maric-
Bilkan et al. (40) concluded that age-related difterences in hormone
levels, glycemic control, duration of diabetes, and ethnic
background could explain the reported gender differences in DR
risk. Although the pathological mechanisms of gender influence on
DR progression are unclear now, the significantly different
prevalence between gender implied different individualized care
measures. Prevention strategies targeting modifiable risk factors are
critical for the middle-aged T2DM population.

Since its first clinical use in 1922, exogenous insulin has become a
widely used hypoglycemic drug for many forms of diabetic patients
worldwide (41). Our results found that mid-aged T2DM patients on
insulin therapy were at greater risk of developing DR. A meta-analysis
based on seven cohort studies has shown a significant association
between the use of insulin and the risk of DR (42). A systematic review
conducted by Song et al. (43) discovered that insulin therapy was
remarkably correlated with an increased prevalence of any DR. The
correlation between insulin therapy and DR demonstrated in various
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FIGURE 4

studies indicated that clinicians need to be more cautious when
applying insulin therapy to patients at high risk of developing DR.
Besides when dealing with patients on long-term insulin therapy, DR
should be detected more carefully.

UACR is a clinically used indicator of renal function and a
marker of endothelial dysfunction and may affect the
microvasculature of the kidney and retina. Wang et al. (44) found
that UACR, in addition to being an important marker of chronic
kidney disease, was also closely related to the progression of DR. A
10-year prospective follow-up study confirmed that both UACR
and estimated glomerular filtration rate (eGFR) were significant risk
factors for DR, but UACR had a more significant association than
eGFR (45), which is consistent with our result. The current studies
found that high UACR is linked to changes in retinal vascular
geometry, that patients with high UACR appear to be potentially
predisposed to systemic vascular endothelial cell disease, and
glycemic control may not affect the inherent biological risk of
developing microvascular complications (46, 47). For this reason,
UACR may be a favorable and easily accessible biochemical
indicator for predicting DR.

Although the prediction model developed in this research is
meaningful for the early prevention and treatment of the middle-
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mellitus
Prediction model of retinopathy in middle-aged patients with type 2 diabetes mellitus
Author: Gao-Xiang Wang
Date of creation: 2022-12-01
Input variables for prediction:
Serum.phosphorus, mmol/L(0.71-2.648) 08
Gender
® Male O Female
Taking insulin now
)No ® Yes
(Urinary albumin creatinine ratio /100)*-0.5, mg/g(0.105-6.758) 02

Duration of diabetes/10, year(0.1-2.9) 20

Calculate

Risk of Diabetic retinopathy ~ Predicted probability (Y=1): 0.816

Risk nomogram development. (A) An example of the dynamic nomogram. (B) An example of the online dynamic nomogram tool.

Frontiers in Endocrinology

frontiersin.org


https://doi.org/10.3389/fendo.2023.1132036
https://www.frontiersin.org/journals/endocrinology
https://www.frontiersin.org

Wang et al.
A
o
~ 7 ox
C(ROC)
R2
© o
o 7 u
Q
2 Brier
3 o Intercept
o s 7 Slope
g © P
E E90
3 34
3715
<
o~
s . deal
| ———  Logistic calibration
o | H 1T T —— Nonparametic
(=}
T T T T T T
00 02 04 06 08 1.0
Predicted Probability
FIGURE 5

10.3389/fendo.2023.1132036

1.0

oxy 0409
C(ROC) 0705
R2 0.097
© o 0053
o v 0013
Q 0041
2 Brier 0122
3 Intercept -0409
o ©
S o | Sope 0999
8 Emax 0.143
>~ EQ0 0123
& < Eavg 0054
S S sz -1827
g sp 0068
<

Ideal

0.2

|||||]\[I|I|II|||I.‘[|.. (| I

T T T T T T
0.0 02 04 06 08 1.0

Logistic calibration

0.0

Nonparametric

Predicted Probability

Calibration curve of the risk nomogram. (A) Calibration curve of development group. (B) Calibration curve of validation group.

———— None

0.15
1

Al

pred_MFP

0.10
|

Net benefit
0.05
Il

0.00
L

-0.05

0.0 0.2 04 06 08 1.0

Threshold probability

FIGURE 6

B
©
o
———  None
Al
o
s1 x| e pred_MFP
2 9
& o
Q2 o
ko}
z
o
S
o
0
S
S
T T T T T T T
0.0 02 04 0.6 08 1.0

Threshold probability

Decision curve analysis for the nomogram. (A) Decision curve analysis of development group. (B) Decision curve analysis of validation group.

aged T2DM population, there are still some limitations. First, the
population included in this study was the general middle-aged US
population. Due to the differences in lifestyle and eating habits, the DR
prediction nomogram may be limited in its generalization to other
national people. Second, all patient data in this study were obtained
from the NHANES database. Although we used data from different
periods for validation, multicenter clinical validation is needed to
assess the efficacy of the nomogram. Third, we could not refine our DR
study according to whether it was proliferative due to the lack of data
limitations of DR staging in the NHANES database data.

The study developed a new web-based nomogram for
predicting DR prevalence in middle-aged T2DM patients. After
internal and external validation, the nomogram demonstrated good
predictive performance. The line chart includes 5 common clinical
characteristics of gender, serum phosphorus, UACR, duration of
diabetes, and use of insulin. This nomogram enabled early to
identify the high-risk groups of DR in middle-aged T2DM
patients and helped to develop an aggressive individualized
prevention and treatment strategy to reduce the prevalence and

Frontiers in Endocrinology

slow down the progression of DR. More clinical prospective and
multicenter trials are needed to confirm our nomogram.
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