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Aim: This study aims to develop a nomogram for predicting vision-threatening diabetic retinopathy (VTDR) in type 2 diabetes
mellitus (T2DM) with mild non-proliferative diabetic retinopathy (NPDR) patients.

Materials and Methods: In case—control analysis, 440 patients with mild NPDR or VTDR were enrolled to identify predictors and
develop a nomogram. In the prospective cohort, 120 T2DM patients with mild NPDR were enrolled for external validation. Sensitivity,
specificity, and area under the receiver operating characteristic (AUC) were calculated to evaluate the predictive performance of the
nomogram.

Results: In case—control analysis, 2-h C-peptide (OR = 0.85, 95% CI: 0.75 to 0.95, p = 0.006), sural nerve conduction impaired
(SNCI) (mildly: OR = 2.18, 95% CI: 1.10 to 4.33, p = 0.026; moderately/severely: 3.66, 95% CI: 1.74 to 7.70, p < 0.001) and UACR
(microalbuminuria: OR = 2.37, 95% CI: 1.25 to 4.48, p = 0.008; macroalbuminuria: 4.02, 95% CI: 1.61 to 10.06, p = 0.003) were
identified as independent predictors. The concordance index of the prediction nomogram was 0.76 in the training set. In the test set,
sensitivity, specificity, and AUC were 84.8%, 60.6%, and 0.73, respectively. In the prospective cohort, median follow-up period was
42 months, and 15 patients (12.5%) developed VTDR. Sensitivity, specificity, and AUC of prediction were 66.7%, 89.5%, and 0.75,
respectively.

Conclusion: Introducing 2-h C-peptide, UACR, and SNCI, the nomogram demonstrated a good discriminatory power for predicting
risk of VIDR in mild NPDR individuals.
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Introduction
With the increasing prevalence of diabetes mellitus, the prevalence of diabetic microvascular complications is likely to
increase in parallel.' Diabetic retinopathy (DR) remains a global threat to vision and the economy.>* Overall, DR affects
30% of diabetes patients, 11% of whom show some degree of vision loss (vision-threatening DR (VTDR)). A pooled
meta-analysis containing 59 population-based studies estimated the number of adults worldwide with vision-threatening
DR (VTDR) was 28.54 million in 2020; by 2045, the number will project to 44.82 million.” Early detection of VTDR at
a stage allowing timely intervention is universally recognized to be important in preventing visual impairment.®
Various studies on DR have been conducted to explore the risk factors, which are associated with the disease.
Potential predictors associated with diabetic retinopathy include age,’” obesity and tobacco use,® duration of diabetes,’

13,14

poorly controlled hemoglobin Alc (HbAlc),'®'! high blood pressure and dyslipidemia,'* genetic susceptibility, and

lack of nutrients (eg vitamins B, D, and E).'> Based on clinical characteristics that associated with DR, several prediction
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models have been developed.'"'*!” Although VTDR is one of the major causes of blindness, few predictive models have
been made for predicting VTDR.

This study aims to set up an interactive nomogram, and then to evaluate the performance of predicting VIDR in
a prospective cohort with mild non-proliferative diabetic retinopathy (NPDR).

Methods

Study Population

A total of 440 consecutive adult (>18 years) patients with type 2 diabetes mellitus (T2DM) treated at the Center for
Endocrine Metabolism and Immune Diseases of Beijing Luhe Hospital, Capital Medical University (Beijing, China)
between October 2017 and April 2018 were enrolled, forming a case—control set. Between May 2018 and May 2019, 120
T2DM patients with mild NPDR treatment and regular follow-up at our center comprised a prospective cohort for
external validation. In the prospective cohort, height, body weight, blood pressure, UACR, and HbAlc test were
measured at least twice a year, and two-field fundus photography was required at least once a year. The inclusion
criterion of the case—control set was T2DM patients with mild NPDR or VTDR. The exclusion criteria were as follows:
(1) type 1 diabetes mellitus or other types of diabetes mellitus (DM), (2) acute complications of diabetes, (3) history of
any previous intravitreal injection or any other treatment for DR, (4) severe infectious disease.

Ophthalmic Examination

Visual acuity and two-field fundus photography were taken for fundus examinations. Fundus photography was evaluated
by a well-trained retinal specialist, and DR severity was classified according to the International Clinical Diabetic
Retinopathy and Diabetic Macular Oedema Disease Severity Scales,'® five stages of DR were defined: (1) no DR, (2)
mild NPDR, (3) moderate NPDR, (4) severe NPDR, and (5) PDR. VTDR was defined as the presence of severe NPDR,
PDR, or clinically significant diabetic macular edema. The participant’s retinopathy status was determined by the
retinopathy severity of the worst affected eye.

Data Collection

Demographic and laboratory data was recorded, including age, gender, body mass index (BMI), duration of diabetes,
history of Hypertension, ankle-brachial index (ABI), sural nerve conduction impaired (SNCI), fasting C-peptide,
2-h C-peptide, HbAlc, triglyceride (TG), high-density lipoprotein (HDL), low-density lipoprotein (LDL), visceral fat
area, subcutaneous fat area, and urine albumin-to-creatinine ratio (UACR). Visceral fat area and subcutaneous fat were
determined by the bioelectrical impedance analysis method. Overnight fasting blood samples and urine samples were
collected before 08:00 hours.

Definition of the Stage of Sural Nerve Conduction and Stage of UACR
Sural nerve conduction was measured by nerve action potential amplitude (Amp) and conduction velocity (CV) using
NC-stat™/DPNCheck™ (Neurometrix Inc, Waltham, MA, USA). According to the program of the instrument, SNCI was
automatically defined as 4 stages: (1) no obviously impaired, (2) mildly impaired, (3) moderately impaired, and (4)
severely impaired. The participant’s SNCI status was determined by the worst affected lower limb.

UACR was defined as 3 stages: (1) normal: UACR < 30 mg/gm; (2) microalbuminuria: UACR 30-299 mg/gm; (3)
macroalbuminuria: UACR > 300 mg/gm.

Feature Selection and Model Development

The whole patients in the case—control set were randomly divided into training set and testing set using “caret” package,
which included 70% and 30% of the data set, respectively. The least absolute shrinkage and selection operator (LASSO)
method, which is suitable for the regression of high-dimensional data,'” was adopted to select the most effective
predictive features from the training set. The LASSO regression began with the following candidate predictors: age,
BMI, duration of diabetes, visceral fat area, subcutaneous fat area, fasting C-peptide, 2-h C-peptide, HbAlc, TG, LDL,
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HDL, uric acid, ABI, UACR, and SNCI. The remaining features in the LASSO regression were incorporated into logistic
regression.

Multivariable logistic regression was then performed for developing a predictive model. To construct a quantitative
tool, we developed a nomogram based on multivariable logistic analysis.

The discrimination performance was measured with the area under the receiver operating characteristic (AUC).
Calibration performance was assessed using calibration curves with 1000 bootstrap resamples, which described the
consistency between the predicted probability and the actual probability of VTDR.

Prospective Cohort Validation of a Nomogram

In the prospective cohort, nomogram was applied to predict VTDR. All patients underwent measurement of two-field
fundus photography at least once every 6 months. Sensitivity, specificity, and AUC were calculated to evaluate the
predictive performance of the nomogram.

Statistical Analysis

Continuous data were summarized as the median and interquartile range (IQR), and categorical data were in number and
percentage (%). Kruskal-Wallis test was used to compare distributed data, and chi-square test was performed for
categorical variables. R software version 3.6.3 (R foundation for Statistical Computing, Vienna, Austria) was used for
all analyses. In all cases, p values <0.05 were considered statistically significant.

Results

Clinical Characteristics
As shown in Supplement Figure 1, a total of 507 patients diagnosed as T2DM with mild NPDR or VTDR were initially
enrolled. Sixty-seven patients were excluded for the listed reason, and finally a total of 440 patients were enrolled, of

which 308 cases were randomly assigned to the training set and 132 cases were into the testing set. In the prospective
cohort, 120 T2DM patients with mild NPDR were enrolled to validate the performance of the nomogram. The median
follow-up was 42 months. Characteristics in the case—control set and prospective cohort are given in Table 1. The
prevalence of VIDR in both training and testing sets was 25%.

Comparison of Clinical Characteristics in Case-Control Set
In the training and testing set, median 2-h C-peptide was 2.80ng/mL and 2.54ng/mL in VTDR, significantly lower than
that in mild NPDR (4.54ng/mL and 3.96ng/mL, respectively) (Figure 1A). Furthermore, the median duration of diabetes
in VTDR was longer than that in mild NPDR at the border of statistical significance (11.08 vs 8.42 years and 11.33 vs
7.00 years, respectively) (Figure 1B). For both UACR and SNCI (Figure 1C and D), as the severity increased, the
proportion of VTDR increased.

However, there was no significant difference in age, HbAlc, fasting C-peptide, TG, LDL, HDL, BMI, visceral fat
area, subcutaneous fat area, uric acid, and ABI between mild NPDR and VTDR in both training and testing set
(Supplement Figure 2).

Feature Selection for Logistic Regression

In all 15 associated characteristic variables, 3 potential predictors were selected based on the data from the training set
(Supplement Figure 3A). The nonzero coefficients of the features were SNCI, UACR, and 2-h C-peptide, and the
corresponding coefficients were 0.36, 0.35, and —0.02, respectively (Supplement Figure 3B).

Development and Internal Validation of the Predictive Model

Multivariate logistic regression identified 2-h C-peptide (OR = 0.85, 95% CI: 0.75 to 0.95, p = 0.006), SNCI (mildly: OR
= 2.18, 95% CI: 1.10 to 4.33, p = 0.026; moderately/severely: 3.66, 95% CI: 1.74 to 7.70, p < 0.001) and UACR
(microalbuminuria: OR = 2.37, 95% CI: 1.25 to 4.48, p = 0.008; macroalbuminuria: 4.02, 95% CI: 1.61 to 10.06, p =
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Table | Clinical Characteristics of the Study Participants at Baseline

Variables Case-Control Set Prospective Cohort P value
Training Set (n=308) Testing Set (n=132) Mild NPDR Cohort (n=120)

Age (years) 53.5 (17.25) 53.0 (18.25) 55.0 (14.75) 0.288
Body mass index (kg/m?) 26.0 (5.20) 25.9 (5.25) 26.1 (4.34) 0.351
Gender (male, %) 162 (52.6%) 70 (53.0%) 57 (47.5%) 0.595
Hypertension (%) 120 (39.0%) 52 (39.4%) 50 (41.7%) 0.874
Visceral fat area (cm?) 98.6 (53.25) 94.1 (47.30) 102.5 (50.58) 0.281
Subcutaneous fat area (cm?) 186.5 (88.53) 191.0 (74.70) 195.4 (81.93) 0.077
Duration of diabetes (years) 9.38 (11.75) 9.04 (12.31) 10.17 (12.23) 0.494
HbAlc (%) 9.40 (2.70) 9.15 (2.73) 9.20 (3.03) 0.632
0-h C-peptide (ng/mL) 1.75 (1.42) 1.43 (1.23) 1.66 (1.26) 0.204
2-h C-peptide (ng/mL) 4.15 (3.93) 3.51 (3.93) 4.19 (3.87) 0.287
TG (mmol/L) 1.68 (1.26) 1.51 (1.09) 1.61 (1.21) 0.150
HDL (mmol/L) I.11 (0.36) 1.08 (0.25) 1.05 (0.33) 0.388
LDL (mmol/L) 3.17 (1.14) 3.10 (1.30) 2.81 (1.32) 0.010
Uric acid (umol/L) 327.5 (119) 323.5 (103) 297 (115) 0.243
Ankle-brachial index 1.06 (0.11) 1.05 (0.11) 1.05 (0.10) 0.584
Antihyperglycemic agents

Insulin/sulfonylureas (%) 151 (49.0) 68 (51.5) 74 (61.7) 0.062

GLPI-RA/ SGLT2i (%) 101 (32.8) 38 (28.8) 41 (34.2) 0.617
SNCI (%) <0.001

No obviously I51 (49.0%) 58 (43.9%) 91 (75.8%)

Mildly 93 (30.2%) 41 (31.1%) 19 (15.8%)

Moderately/severely 64 (20.8%) 33 (25.0%) 10 (8.3%)
UACR (%) 0.437

Normal 197 (64.0%) 82 (62.1%) 86 (71.7%)

Microalbuminuria 80 (26.0%) 39 (29.5%) 24 (20.0%)

Macroalbuminuria 31 (10.1%) Il (8.3%) 10 (8.3%)
Diabetic retinopathy (%) 1.000*

Mild NPDR 231 (75.0%) 99 (75.0%) 120 (100%)

VTDR 77 (25.0%) 33 (25.0%) 0 (0%)

Notes: Quantitative variables are shown as median (IQR), and qualitative parameters are presented as numbers with the percentage. *p value for training set
vs testing set.

Abbreviations: TG, triglyceride; HDL, high-density lipoprotein; LDL, low-density lipoprotein; SGLT2i, sodium-glucose cotransporter 2 inhibitors; GLPI-RA,
glucagon-like peptide-| receptor agonists; SNCI, sural nerve conduction impaired; UACR, urine albumin-to-creatinine ratio; NPDR, non-proliferative diabetic
retinopathy; VTDR, vision-threatening diabetic retinopathy.

0.003) as predictors (Figure 2A). Logistic regression model performed well in the training set, with an AUC of 0.76
(Figure 2B). Using the testing set as the internal validation data, the sensitivity was 84.8%, specificity was 60.6%, and
AUC was 0.73 (Figure 2C).

Development of a Nomogram in the Training Set
Based upon the above predictors, a nomogram was configured (Figure 3A). The concordance index for the prediction
nomogram was 0.76, which suggested acceptable discrimination by our model. A calibration curve with 1000 bootstraps
showed that the predicted risk agreed well with the actual probabilities in the training set (Figure 3B), which suggested
that our model was well calibrated with no obvious departure from perfect fitting.

The decision curve for the nomogram is presented in Supplement Figure 4. It showed that using the nomogram to

predict VTDR adds more net benefit than either the treat-all-patients scheme or the treat-none scheme when the threshold
probability between 25% and 80%. Within this range, the net benefit of training and testing set was comparable, with

several overlaps.
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Figure | Comparison of clinical characteristics between mild NPDR and VTDR in the training and testing sets. Comparing with mild NPDR, 2-h C-peptide was significantly
lower (A) and the median duration of diabetes was longer at the border of statistical significance (B) in the VTDR patients. As the severity of UACR and SNCl increased, the
proportion of VTDR increased (C and D).

Prospective Validation of the Nomogram

A prospective cohort containing 120 patients was established for validation. Based on the nomogram, the risk of each patient
was calculated. The median follow-up was 42 months. A total of 15 patients were detected with VTDR. As illustrated in
Figure 4A, as the grade of UACR and SNCI increased, the proportion of VIDR increased during the follow-up. Besides, the
cohort was divided into upper-median and lower-median groups based on median value of 2-h C-peptide. As expected, more
VTDR occurred in the lower-median 2-h C-peptide group when compared with the upper-median 2-h C-peptide group.
Specificity (89.5%) was high, and sensitivity (66.7%) was acceptable when predicting VTDR. As illustrated in Figure 4B, the
AUC of nomogram in prospectively predicting was 0.75, indicating a good discriminatory power.
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Figure 2 Forest plot and receiver operating characteristic curve for logistic regression analysis. 2-h C-peptide, SNCI, and UACR were included in the logistic regression (A).
The area under the receiver operating characteristic curve of the training set (B) and the test set (C) were 0.76 and 0.73, respectively.
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bootstraps (B). The model was well calibrated when the predicted risk agreed well with the actual probabilities.
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Figure 4 Proportion of VTDR and predicting AUC in the prospective cohort. As the grade of UACR and SNClI increased, the proportion of VTDR increased. Besides, more
VTDR occurred in the lower-median 2-h C-peptide group than that in the upper median 2-h C-peptide group (A). AUC of prediction was excellent (B).

Discussion
With a rapid increase in the number of T2DM, VTDR has been one of the most frequent causes of blindness in adults.
Thus, research on predicting the risk of VTDR in high-risk population is needed. To our knowledge, this is the first study
that used a nomogram to prospectively predict VIDR in mild NPDR patients. There were 15 out of 120 mild NPDR
patients developed VTDR during a median follow-up of 42 months. The prospective cohort confirmed that the nomogram
had acceptable predictive discrimination.

In this study, we confirmed the importance of the three major predictive factors of VTDR: UACR,** 2 2-h C-peptide,
and SNCI. DR and nephropathy seem to progress in a parallel manner. This may be because DR shares similar
pathophysiologic features with diabetic nephropathy.”® Previous studies***> have revealed that both fasting and post-
prandial C-peptide levels are negatively correlated with DR, indicating a potential predictive ability of C-peptide on DR.
Consistent with previous conclusions, the current study demonstrated that the lower 2-h C-peptide, the higher risk of
VTDR progression.

Although there are numerous clinical trials and observational studies, knowledge about association between SNCI and
VTDR is unclear. Directly comparable studies with the same predictors on the progression of VIDR are lacking.
H Kimura et al*® reported that reductions of sensory potential amplitude were obvious in the sural nerve, although no
relation was found between sensory amplitude and retinal diabetic changes. Saini DC et al*’ found that the association of
severity of DR with diabetic neuropathy was inconclusive. In the current study, we combined Amp and CV and graded
severity of SNCI, and the new finding indicated SNCI could be a strong predictor of VTDR. The roles of nerve damage
in the pathophysiology of DR are worthy of further study.

HbAlc and Lipid metabolism are well-known risk factors for incidence of DR.***’ Not only that, HbAlc is
considered as the dominant factor impacting DR progression.’**! In our study, however, no obvious correlation was
found between these risk factors and progression of VTDR. Several reasons may help to explain this conflicting finding:
First, blood glucose fluctuation persisted throughout the whole course of diabetes, and glycemic variability is also
relevant to diabetic complications. It is reported that high HbA1c variability was associated with the progression of DR
among individuals with T2DM.*? In this study, a single HbAlc at baseline could not represent glycemic fluctuation
during the follow-up, which may explain the failure of predicting progression of DR. Second, SNCI, UACR, and
2-h C-peptide are more effective predictors of progression than HbAlc and duration of diabetes. Third, we focused on
a specific progression, that is, from mild NPDR to VTDR. Differences in the study population may partially explain the
inconsistent results.

Lipids and lipoproteins have been proposed to contribute to the pathogenesis of DR. Studies have demonstrated
a positive association between plasma lipoproteins and DR.**** LDL has been proven to be predictors for developing DR
135

in a prediction model.*>> However, the associations of individual lipid with DR are weak overall.***® LDL was not

considered as a risk factor of progression of VTDR in the present study. Lipid-lowering medication may explain this
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conflicting finding. As a standard treatment, lipid-lowering therapy would be administered to participants with elevated
LDL, and the use of lipid-lowering drugs would reduce plasma lipid levels during the follow-up.

Based on these predictors, it is possible to calculate the individual risk for the progression of VTDR. Depending on
the user-friendly nomogram, the risk is more easily understood to aid better clinical decision-making. A pooled meta-
analysis®’ enrolled eight predicting models of DR to validate their predictive accuracy in the large Hoorn Diabetes Care
System cohort in the Netherlands. For predicting VTDR, C indices range from 0.51 to 0.83. The predictive performance
is comparable between the current study and the previous research. Furthermore, the prospective design of our study
effectively reduces bias, resulting in a reliable conclusion.

Strengthenings of our study were as follows: Firstly, this research focused on predicting VIDR in their high-risk population.
It is greatly important to early detect VTDR at a stage allowing timely intervention; Secondly, a prospective cohort was enrolled
for external validation; at present, few studies prospectively validate the predictive performance of VTDR.

However, we also acknowledged some limitations: Firstly, although we performed a prospective validation to prove
the predictability of our model, a large data set is truly needed to further validate the model. Secondly, this study was
carried out in only one center. More centers are needed to enlarge the range of population for external validation.

In conclusion, 2-h C-peptide, SNCI, and UACR were confined as independent predictors, and the predictive model
incorporating these three predictors demonstrated a good discriminatory power for predicting VTDR. It needs to be
further confirmed by large-scale populations.
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