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Abstract
Background: The primary purpose of this study is to develop diabetic retinopathy (DR) hazard nomogram
in a Chinese sample of type 2 diabetes mellitus patients (T2DM).

Methods: From January 2018 to May 2020, we constructed a model containing 213 diabetic retinopathy
patients, and we used the basic statistics and biochemical indicator test to assess the DR risk in T2DM
patients. The patient data is used to evaluate diabetic retinopathy risk using R software and a minimal
comparative contraction and selected operator (Lasso) predictive model. In Multivariable cox regression,
examined the risk factors for developing diabetic retinopathy (DR) to reduce the Lasso penalty. The
validation model, decision curve research, and C-index were all tested on the calibration plot. By counting
probabilities, it utilized the bootstrapping methodology to check external validity.

Results:Lasso chose eight predictive variables from sixteen independent variables: illness duration, BMI,
fasting plasma glucose (FPG), glycated hemoglobin Alanine aminotransferase (HbA1c), homeostatic
model assessment-insulin resistance (HOMA-IR), triglyceride(TG), total cholesterol(TC), and Vitamin D3
(vitd-t3). Its c-index = 0.848 (95 percent con�dence interval:0.798-0.898), indicating that the model can
make accurate predictions. In interval validation, high scores (0.816) are still possible from an analysis of
a diabetic retinopathy nomogram's decision curve to predict diabetic retinopathy of greater than 2%.

Conclusion: We are developing non-parametric techniques to predict the risk of diabetic retinopathy
based on disease duration, BMI, FPG, HbA1c, HOMA-IR, TG, TC, and vitd-t3.

Introduction
Diabetes mellitus (DM) is currently one of the world's fastest-growing chronic diseases. From 2015 to
2017, an epidemiological study of 31 cities and provinces in China indicated that DM was 11.%[1].
According to the International Diabetes Federation's most recent data, the world's diabetic patients aged
20 ~ 79 year old totaled 463 million in 2019. The number of people affected by the disease is expected to
reach 578 million by 2015, but even 700 million by 2045[2]. Diabetes is known for the damage it causes to
the body's microvasculature, of which high blood sugar is a crucial marker. Diabetic retinopathy is indeed
a type of microangiopathy caused by diabetes. Diabetic retinopathy is becoming more common as the
number of people with diabetes rises. By 2030, the number of non-proliferative diabetic retinopathy and
progressive diabetic retinopathy would be 191 million and 56.3 million. Not only that, but due to a lack of
awareness and understanding of diabetic retinopathy, this issue has become the leading cause of vision
loss in adults aged 30–60 year, having a signi�cant impact on people's quality of life and posing a health
risk. Because diabetic retinopathy is silent at its inception, early detection of the disease's risk and early
prevention and therapy are critical for lowering the disease's effect on life and social resources.

Many factors in�uence the onset and progression of diabetic retinopathy. Hyperglycemia, hypertension,
dyslipidemia, and obesity are all risk factors that can be altered, as can smoking, anemia, a lack of health
information, and poor treatment adherence. Ethnicity, family history or inheritance, diabetes onset age,
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type of diabetes, and diabetes duration are all constant risk factors[3]. This paper aims to collect the
essential clinical lab indicators in the clinic, develop a reliable and accurate model that can predict eye
problems in T2DM patients through retroactive studies, and use it to assess the risk of disease
occurrence to intervene earlier.

Patients And Methods
From January 2018 to May 2020, we studied type 2 diabetes patients whohave bee hospitalized and
outpatients at Zunyi Medical University A�liated

Hospital's Department of Endocrinology. All diabetes patients satis�ed the

WHO diagnostic criteria, which included a fasting plasma glucose level of

greater than 126 mg/dl and/or an oral glucose level of 75mg two hours later. Blood glucose was greater
than 200 mg/dl[4]. Individuals who met the

following conditions were not allowed to participate: (1) people with T1DM

and other forms of diabetes, including Cushing syndrome. (2) Diabetes patientshave developed acute
diabetic complications, such as ketoacidosis. (3) Pregnantand lactating women; (4)Patients who are
unable to perform a fundus examination, such as those who have severe refraction in their eyes;
myopia/hyperopia patients with a history of more than 3.0d; (5)Patients with a history of

fundus lesions, such as glaucoma, cataract, or other clients; (6) Patients who have used drugs that affect
lipid metabolism and VitD in the previous six months. All individuals with type 2 diabetes were screened
with CR-PGi (Canon).

It utilized the �ndings of the surgery plus evaluation by the same surgeon to predict the existence of
retinopathy. It separated them into two groups based

on the fundus examination results: non-DR (n = 113) and DR (n = 100). Gender,

age, illness duration, systolic blood pressure (SBP), diastolic blood pressure (DBP), BMI, FPG, HbA1c, TG,
TC, LDL-C, HDL-C, VitD-T3, and Cr were gathered from all individuals via medical records. HOMA-IR was
used to assess

insulin resistance ([IR index = FPG (mmol/L) ×FINS (mU/L)/22.5 2.8) [5–6]

Statistical Analysis
R (version 3.6.1; http://www.R-project.ORG) is a programming language. To forecast DR, using smallest
evident shrunken choice operator (Lasso) was used to identify the risk factors. Gender, age, length of
illness, SBP, DBP, BMI, FPG, HbA1c, HOMA-IR, TG, TC, LDL, HDL, VitD-T3, and Cr were being used to
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evaluate the data in the training set in order to select the relevant predictors in the present risk factors.
The proposed methodology is then built using heterogeneous logistic regression and the cable regression
model's properties. Characteristics also included frequency or P-value the with 95% con�dence interval
(CI). It was decided to employ bidirectional statistically signi�cant results. If the p-value was greater than
0.05, it was statistically signi�cant. To predict DR infection, the cohort used all of the data to build a
prediction model with appropriate adjustments and graphical representations. The Harrell index was used
to evaluate a DR nomogram's accuracy[7–8]. The c-index is validated through bootstrapping. Preference
curve analysis was used in the T2DM cohort to determine predicted results utilizing received a copy
based on projected bene�t at scene probabilities [9].

Results
Characteristics of the patient: A total of 213 t2dm patients with diabetes were gathered and studied. The
patients were 55.25 ± 9.34 [range 29–83 years]. Males made up 59.15 percent of the total, while females
made up 40.85 percent. The �ndings of the fundus examination were divided into two groups: non-DR
(53.05 percent) and DR (46.95 percent ). The Table 1 illustrates the essential characteristics, including
clinical indicators of patients and the data for 16 hands.
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Table 1
Differences Between Demographic and Clinical Characteristics of non-DR

and DR Groups
Demographic characteristics non-DR(113) DR(100) Total (213)

Age (years)      

<50

50–70

>70

4(44.44)

107(55.15)

2(0.20)

5(55.56)

87(44.85)

8(0.80)

9(4.23)

194(91.08)

10(4.69)

Gender      

Male

Female

68(53.97)

45(51.72)

58(46.03)

42(48.28)

126(59.15)

87(40.85)

Disease duration(years)      

<5

>=5 < 10

>=10

65(76.47)

46(40.00)

2(15.38)

20(23.53)

69(60.00)

11(84.62)

85(39.91)

115(53.99)

13(6.10)

BMI      

<24

>=24 < 28

>=28

66(72.53)

37(38.14)

10(40.00)

25(27.47)

60(61.86)

15(60.00)

91(42.72)

97(45.54)

25(11.74)

SBP(mmHg)      

<140

>=140

102(52.04)

11(64.71)

94(47.96)

6(35.29)

196(92.02)

17(7.98)

DBP(mmHg)      

<90

>=90

99(51.83)

14(63.64)

92(48.17)

8(36.36)

191(89.67)

22(10.33)

Clinical characteristics

FPG(mmol/L)      

<7.0

>=7.0

41(95.35)

72(42.35)

2(4.65)

98(57.65)

43(20.19)

170(79.81)

HbA1c(%)      
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Demographic characteristics non-DR(113) DR(100) Total (213)

<7

>=7

34(87.18)

79(45.40)

5(12.82)

95(54.60)

39(18.32)

174(81.69)

FINs(mU/L)      

<5

>=5 < 20

>=20

11(78.57)

98(50.78)

4(66.67)

3(21.43)

95(49.22)

2(33.33)

14(6.57)

193(90.61)

6(2.82)

HOMA-IR      

<2.8

>=2.8

33(80.49)

80(46.51)

8(19.51)

92(53.49)

41(19.25)

172(80.75)

TG(mmol/L)      

<1.7

>=1.7

48(66.67)

65(46.10)

24(33.33)

76(53.90)

72(33.80)

141(66.20)

TC(mmol/L)      

<5.2

>=5.2

69(53.91)

44(51.76)

59(46.09)

41(48.24)

128(60.09)

85(39.91)

HDL(mmol/L)      

>1.0

<=1.0

45(50.56)

68(54.84)

44(49.44)

56(45.16)

89(41.78)

124(58.22)

LDL(mmol/L)      

<2.6

>=2.6

42(58.33)

71(50.35)

30(41.67)

70(49.65)

72(33.80)

141(66.20)

VitD-T3(ng/ml)      

>=30

>=15 < 30

<15

4(80.00)

81(62.31)

28(35.90)

1(20.00)

49(37.69)

50(64.10)

5(2.35)

130(61.03)

78(36.62)

Cr(umol/L)      

>=90

<90

104(55.03)

9(37.50)

85(44.97)

15(52.50)

189(88.73)

24(11.27)
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Variables to be chosen

The lasso model includes the 16 indexes listed above (Table 1). There was a link between the non-DR
group's duration of illness, BMI, FPG, HbA1c, HOMA-IR, TG, TC, and vitd-t3 and the DR group's duration,
BMI, FPG, HbA1c, HOMA-IR, TG, TC, and vitd-t3. (a and b in Fig. 1)

Notes: (a)The optimum parameter in the Lasso Regression model is chosen using a threshold of sixteen
cross-validations. The partial probability variance curves and the logarithm turn are shown. To get the
best estimate, use a 1-SE technique with minimum and minimum standards. (b)For each of the 16
characteristics, the LASSO logistic regression coe�cients were calculated. The logarithmic of lambda is
used to determine the pro�le. The ideal lambda is tested using a cross-validation technique, with the
optimal lambda producing eight coe�cients.

Model Development for Prediction

Disease duration, BMI, FPG, HbA1c, HOMA-IR, TG, TC, and vitd-t3 were examined using multivariate
logistic regression analysis. Table 2 displays the results. The aforesaid independent predictors were
included in a model that was created then presented in a nomogram (

Figure 2). The following were some of the DR risk factors: Disease duration( > = 5 < 10:OR = 
0.3913,>=10:OR = 0.8789),BMI( > = 24 < 28,OR = 0.4057,>=280.5618),FPG( > = 7.0:OR = 0.8209),HbA1c( > = 
7.0:0.6870),HOMA-IR( > = 2.8:0.5494),TG( > = 1.7:OR = 0.3887),TC( > = 5.2:OR = 0.3910),vitd-t3( > = 15 < 
30:OR = 0.3746,>=30:1.4488).Each

patient's clinical index is assigned to a score, and the overall score is then

calculated to determine their risk of DR.
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Table 2
Prediction Factors for DR in T2DM Patients

Intercept and Variable β Prediction Model

Odds Ratio

P value

Intercept -4.6498 1.0446 < 0.0001

Disease duration      

< 5 Reference    

>=5 < 10 1.5818 0.3913 < 0.0001

>=10 2.4730 0.8789 0.0049

BMI      

< 24 Reference    

>=24 < 28 0.4317 0.4057 0.2873

>=28 0.7702 0.5618 0.1704

FPG      

<7.0 Reference    

>=7.0 2.7807 0.8209 0.0007

HbA1c      

<7.0 Reference    

>=7.0 0.5691 0.6870 0.4074

HOMA-IR      

< 2.8 Reference    

>=2.8 0.4423 0.5494 0.4208

TG      

<1.7 Reference    

>=1.7 0.3866 0.3887 0.3200

TC      

< 5.2 Reference    

>=5.2 0.5409 0.3910 0.1665

VitD-T3      

<15 Reference    
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Intercept and Variable β Prediction Model

Odds Ratio

P value

>=15 < 30 -0.8729 0.3746 0.0198

>=30 -0.9169 1.4488 0.5268

 

The accuracy of cohort DR exposure nomogram: The C-index in evaluating the occurrence of macular
degeneration in type 2 diabetes individuals was 0.848 (95 percent con�dence interval: 0.798–0.898) in
this group, demonstrating a high validity (Fig. 3). The result of the bootstrap veri�cation is 0.816.
according to the results,the model has a good prediction accuracy.

 

Notes: On the x-axis, the possibility for hyperhidrosis is calculated. The diagnostics of High-Z-Diagnosis
are represented on the x-axis. A perfect prediction model describes an ideal forecast. The graph depicts
the �tness of the nomogram for forecasting outcomes, with a producing speci�c to a dotted line
indicating a more reliable prediction.

Clinic Application

The DR nomogram is made up of scales for several variables used to calculate the likelihood of a given
result. According to the judgment curve, the non-adherence nomogram's use raises the projected chance
of DR infection if the patient and doctor thresholds are > 2 percent and 85 percent, respectively. The
overlaps are compiled in this study to ensure an equal net gain. (Fig. 4).

 

Discussion
Form the Nomograms model intends to predict tumor diagnostic outcomes and therapeutic effects. So
this model is simple, quick, cheap, and noninvasive; it is already being used in various medical
professions to better monitor patients and make correct clinical treatment decisions[10]. A study of
databases found that only a few studies have attempted to forecast the risk of DR patients. This study
gathered clinical and demographic statistics for hospitalized T2DM patients to test a new prediction
based on the probability of acquiring DR.

Because of its increased sensitivity and speci�city, neither fundus photography is currently routinely
employed in clinical settings for DR screening[11–12]. On the other hand, screening is merely an evaluation
of the outcome; it does not reveal the components that play a part in creating the impact. Almost all know
that diabetic retinopathy is one of the long-term effects of the disease. Although it is widely accepted that
diabetes is a potential risk for DR, are there any other factors that lead to the growth of DR? What is the
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signi�cance of the relationship? By constructing the Nomograms model, all these may be studied and
judged.

Overweight, lengthy diabetes, hypoglycemic, hypertension, high cholesterol, kidney disease, renal failure
(DKD), pregnancy, and susceptibility genes are all common triggers for DR, according to studies like the
DCCT and UKPDS[13–14]. Gender, age, illness length, SBP, DBP, BMI, FPG, HbA1c, TG, TC, HOMA-IR LDL-C,
HDL-C VitD-T3 and Cr, which are clinically available clinical indicators, were all correlated using the
LASSO method. The six hands of illness time, as well as BMI, FPG, HbA1c, HOMA-IR, TG, TC, and Vitamin
D, were all in agreement with the �ndings. Except for the length of the disease, all of these risk factors are
modi�able; in other words, the value of our model is the identi�cation and management of such
modi�able risk factors.

The system that links risk for the pathogenesis of DR has recently been identi�ed as hyperglycemia and
disease duration[15–16]. The prediction model we built backs this up, with greater risk levels for fasted
glucose and disease progression. On the other hand, DR is a metabolic disorder that is di�cult to treat.
DR does not develop in all patients with reasonable glycemic control. Some with poor glycemic control,
on the other hand, are more likely to create DR, implying that there are additional secondary contributing
factors. According to speci�c research, the probability of having diabetic retinal development increases
by around 64% per each 10percentage increase in HbA1c, and the two have a positive relationship[17].
Lower higher serum levels were observed may decrease the risk of severe blindness by 47 percent when
compared to the regular group after approximately 20 years of follow-up, according to some
researchers[18]. Not only that but "lipotoxicity," or the damage to the retinal barrier caused by excessive
blood lipids, exceptionally high triglycerides, is also a vital part of DR[19]. Controlling dyslipidemia, in
addition to glycemic management, is critical for preventing and treating DR[20]. HbA1c and lipids could be
risk factors for DR, according to the independent variables assessed in our prediction model. Lower blood
glucose and controlling lipids are two of the most critical preventive and therapy methods for DR.

A search of relevant databases showed that the nomogram model had been used to predict the risk of
diabetic retinopathy[9]. Still, this model yielded a higher C-index value, indicating a higher accuracy. The
indicators included in this model are more comprehensive than the previous model, making it a more
accurate predictor of risk.

Our research includes popular VD from recent years that other researchers have not used.Low VD levels
are a speci�c and sensitive sign of proliferative disease. They are adversely connected with the intensity
of DR. In DR situations, AUC recommends VD as a straightforward, sensitive, and speci�c laboratory
test[21]. According to a foreign cross-sectional investigation, patients with VD insu�ciency were more
likely than those with su�cient VD to acquire DR. Multidisciplinary ordinal regression analysis revealed a
link between VD shortage and DR severity[22]. This study also found that VD rates can be seen as a
predictor of DR, and the incidence of DR increases with decreased VD levels, which is in line with the
researchers' earlier �ndings. Because NO acts as a vascular and reduces vasoactivity, VD shields against
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the production of DR, which may be associated with NO modulation [23]. However, while VD de�cit directly
linked all-cause survival, it did not predict the development of microvascular complications, according to
a prospective observational study[24].

However, there are certain �aws in this research. This study had a tiny sample, but it was a long-term
assessment to evaluate the risk of DR that didn't account for the bias caused by patients' medications as
DR progressed. Furthermore, because lighting affects VitD-T3, our work could not collect data from
patients during a continuous daytime period. As previously said, the risk or the occurrence of DR is not
uniform, so we will conduct a study of type 2 diabetes patients and incorporate more indicators to derive
more preventive methods for DR prevention.

Conclusion
By gathering clinical data widely obtainable in the �eld and creating a Nomograms model, this study
assessed the risk to DR in Type 2 Diabetic patients. Colman's plot calculated the chances of developing
DR in Patients with type 2 diabetes based on clinical indicators. It steered doctors and patients in
developing personalized treatment plans based on these risk factors to eliminate the hazard of DR and
avoid the onset and development of DR.
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Figures

Figure 1

LASSO logistic regression was used to assess the relationship across populations and clinical features.

Notes: (a)The optimum parameter in the Lasso Regression model is chosen using a threshold of sixteen
cross-validations. The partial probability variance curves and the logarithm turn are shown. To get the
best estimate, use a 1-SE technique with minimum and minimum standards. (b)For each of the 16
characteristics, the LASSO logistic regression coe�cients were calculated. The logarithmic of lambda is
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used to determine the pro�le. The ideal lambda is tested using a cross-validation technique, with the
optimal lambda producing eight coe�cients.

Figure 2

It created the DR nomogram. The graph is created using data from the following sources: illness duration,
BMI, FPG, Hb1AcHOMA-IR, TG, TC, and vitd-t3.
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Figure 3

The issue is DR nomogram prediction calibration curves in the cohort.

Notes: On the x-axis, the possibility for hyperhidrosis is calculated. The diagnostics of High-Z-Diagnosis
are represented on the x-axis. A perfect prediction model describes an ideal forecast. The graph depicts
the �tness of the nomogram for forecasting outcomes, with a producing speci�c to a dotted line
indicating a more reliable prediction.
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Figure 4

The DR nomogram was subjected to a decision curve analysis. Note that the y-axis represents the net
bene�t. The dotted line represents a DR risk nomogram. The narrow solid line indicates that over patients
are presumed to be DR. This hypothesis how no patients are non-DR is characterized more by a thin, thick
solid line. The decision curve revealed that if a patient's and a doctor's threshold probabilities are 2% and
85%, respectively, utilizing this DR nomogram to estimate diabetic retinopathy risk in the current study
gives higher utility than involvement design or even the intervention-none scheme.  


