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Abstract

Background: The proportion of patients with diabetic retinopathy (DR) has
grown with increasing number of diabetic mellitus patients in the world. It is
among the top risk factors of blindness worldwide, especially those living in
developing countries. The main objective of this study was to identify
contributing risk factors of diabetic retinopathy among type II diabetic patients.

Method: A sample of 191 type II diabetic patients was selected from the Black
Lion Specialized Hospital diabetic unit from 1 March 2018 to 1 April 2018. A
multivariate stochastic regression imputation technique was applied to impute the
missing values. The response variable, diabetic retinopathy is a categorical
variable with two outcomes. Based on the relationship derived from the
exploratory analysis, the odds of diabetic retinopathy were not necessarily linearly
related to the continuous predictors for this sample of patients. Therefore, a
semiparametric model was proposed to identify the contributing factors of
diabetic retinopathy.

Result: From the sample of 191 type II diabetic patients, 98(51.3%) of them
experienced diabetic retinopathy. The results of semiparametric regression model
revealed that gender, hypertension, insulin treatment, and frequency of clinical
visits had a significant linear relationships with the odds of diabetic retinopathy.
In addition, the log- odds of DR has a significant nonlinear relation with the
interaction of age by gender (for female patients), duration of diabetes,
interaction of cholesterol level by gender (for female patients), haemoglobin A1c,
and interaction of haemoglobin A1c by fasting blood glucose with degrees of
freedom 3.2, 2.7, 3.6, 2.3 and 3.7, respectively. The interaction of age by gender
and cholesterol level by gender appear non significant for male patients. The
result from the interaction of haemoglobin A1c (HbA1c) by fasting blood glucose
(FBG) showed that the risk of diabetic retinopathy is high when the level of
HbA1c and FBG were simultaneously high.

Conclusion: Clinical variables related to type II diabetic patients were strong
predictive factors of diabetic retinopathy. Hence, health professionals should be
cautious about the possible effects and complications of diabetic mellitus which
can be caused by the clinical variables. Furthermore, to improve intervention
strategies similar studies should be conducted across the country.

Keywords: Covariate by factor interaction; diabetes mellitus; diabetic
retinopathy; semiparametric model; tensor product interaction1
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Introduction3

Diabetes mellitus (DM) is one of the major noncontagious diseases that has a cu-4

mulative consequence on people in both developed and developing countries [1].5

International diabetic federation in 2019 has reported that the estimated number6

of diabetic patients was 463 million, of which 19 million were from Africa includ-7

ing 14.2 million in sub-Saharan Africa [2]. Diabetic retinopathy (DR) is one of8

the microvascular complications of diabetes mellitus which is characterized by the9

presence of microaneurysms, haemorrhages, exudation, cotton wool spot, and/or10

new vessels in the peripheral retina, macula, or both [3, 4, 5]. The progression of11

DR has four stages; mild non-proliferative diabetic retinopathy (NPDR), moderate12

(NPDR), severe (NPDR), and proliferative diabetic retinopathy (PDR). In the first13

three stages, the formulation of microaneurysms may leak fluid and block blood14

vessels in the retina. On the other hand, PDR is the advanced stage which is char-15

acterized by the formulation of new blood vessels that can cause more leakage and16

bleeding of the retina, and can lead to permanent vision loss [6].17

Among the total number of diabetic patients in the world about one third of them18

develop diabetic retinopathy. Furthermore, it has been the top cause of blindness19

in the middle age and elderly patients worldwide, of which more than 93 million20

patients suffer from DR [7]. Out of 10% adult patients worldwide, 7.5% are living in21

low- and medium-income countries, where healthcare resources are limited [7]. The22

estimated annual incidence and progression of diabetic-related eye disease ranged23

from 2.2% to 12.7% and 3.4-12.3%, respectively [5, 8]. Among 1.5 billion blind24

people in the world, 0.4 million were due to diabetic retinopathy [9]. There was25

a noticeable reduction in the number of blindness and vision loss in the world.26

However, the percentage of blindness and moderate to severe vision impairment27

due to DR increased by approximately 50% and 53%, respectively [9]. Further, the28

proportion of DR in Africa ranges from 7% to 62.4%, of which severe DR was29

observed in 15% of the patients. Ethiopia is one among the lower-income countries30

with a high percentage (3.8%) of adult diabetic community in sub-Saharan Africa31

[2, 10]. A study reveal that the prevalence of retinopathy among type II diabetic32

patients and in a group without diabetes was 34.6% and 8.8%, respectively [11].33

Studies across the world have shown that, the most predictive factors of diabetic34

retinopathy are socio-demographic and clinical variables such as age, diabetic du-35

ration, lipid profiles of a patient and microalbuminuria [5, 12, 13, 14, 15, 16, 17].36

Hussain et al. [15] reported that, gender and clinical variables have significant re-37

lationships with DR. Furthermore, glycaemic control and body-mass index have38

significant associations with diabetic retinopathy [4, 5]. A study from Ethiopia re-39

ported that, gender, haemoglobin a1c (HbA1c) and hypertension are predictive risk40

factors of diabetic retinopathy [17]. Some studies have also revealed that the odds41

of diabetic retinopathy is higher for a patient with higher HbA1c [4, 12, 15, 18],42

longer duration of diabetes [5, 12] and hypertensive patients [4, 5, 17]. A study43

based on data from a meta-analysis of seven cohort studies reported that insulin44

treatment has significant association with diabetic retinopathy in patients with type45
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II diabetes mellitus [13]. Another study based on 5.2 years follow up data indicates46

that variability of fasting plasma glucose (FPG) is a significant predictor of dia-47

betic retinopathy [19]. Ten years follow up study also showed that, as compared to48

patients who did not experience DR, patients who experienced DR had a higher49

level of FPG and HbA1c [20].50

At Black Lion Hospital (BLH), Addis Ababa, Ethiopia, health professionals at the51

diabetic unit are well trained in screening DR. Depending upon the stage of DR52

that a patient experiences, a clinician also provides appropriate treatment to pre-53

vent vision loss and blindness. Studies in Ethiopia used a parametric model, e.g.,54

GLM which only identify the linear relationship between the link function and co-55

variates to determine predictive factors of DR [5, 14, 17]. However, because of the56

incorrect functional form of the model some high risk covariates may be interpreted57

as no relationship with the response. In 2018, a study at BLH used binary logistic58

regression and identified gender, duration of diabetes, HbA1c, hypertension and59

frequency of clinical visit as predictors of diabetic retinopathy [17]. However, in this60

study all continuous predictors except duration of diabetes were categorized and61

considered as factors, and linear association between the response and predictors62

were considered via the logit link. For the current study, we used the same data63

from Shibru, Aga and Boka [17]. However, plots of continuous predictors from ex-64

ploratory analysis (see Figure 1) shows nonlinearity and a logistic regression model65

may be too restrictive to analyse this data. Therefore, to develop effective strate-66

gies for the prevention of diabetic retinopathy, estimating the correct functional67

form of the model is important. Accordingly, the main aim of this research was to68

identify the contributing risk factors of diabetic retinopathy among type II diabetic69

patients at Black Lion Hospital and to estimate the data driven relationship be-70

tween clinical variables, specifically continuous predictors and diabetic retinopathy71

using semiparametric models. According to [21], the functional form of a covariate72

in additive model varies across groups defined by levels of categorical variables.73

Further, the interaction between age and gender of a diabetic patient is epidemio-74

logically plausible for consideration [22]. Therefore, this study was also motivated75

to estimate the functional form of the interaction effect of a covariate by the levels76

of categorical variables.77

A study shows that there is a strong connection between HbA1c and FBG in a dia-78

betic subject [23]. In a different study, it was reported that the interaction between79

mean HbA1c and FPG variability has no significant association with the odds of80

diabetic retinopathy [19]. However, Figure 1, which was generated from the current81

study data reveals each of the potential covariates HbA1c and FBG has a nonlinear82

relationship with the odds of diabetic retinopathy. This brings a question of what83

if the interaction of HbA1c and FBG has a significant nonlinear effect on being84

diabetic retinopathy. Therefore, we have also considered the interaction of HbA1c85

and FBG.86

The remaining section of the paper is organized as follows. First, a description of the87

study data and semiparametric models for a binary response are discussed in the88
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methodology section. In the result section, the findings from applying these models89

on the study data are illustrated. Finally, discussion and conclusion with recom-90

mendation and pointers for future study are given in the discussion and conclusion91

sections, respectively.92

Methodology93

Study area and data94

The data for this study was a secondary data obtained from BLH and the details95

on the data are available in [17]. BLH hospital is located at Addis Ababa, Ethiopia96

and it is the largest teaching hospital in Ethiopia. The diabetic unit at BLH gives97

a service provision for more than 200 individuals per week. For this study, a cross-98

sectional study design was used. The data was collected from March to April 201899

and all type II diabetic patients who had a follow up at BLH diabetic unit within100

the study period were eligible for this study. The study excludes critically ill pa-101

tients who were very weak to give informed consent to participate in the study.102

A total of 191 patients were used for the analysis. The response variable, diabetic103

retinopathy is a categorical variable with two outcomes which is measured via di-104

rect eye examination using Topcon Camera [24]. Socio-demographic and treatment105

related variables were collected via face-to-face individual interview, and clinical106

variables, such as duration of diabetes since a patient confirmed to type II diabetes,107

frequency of clinical visits, fasting blood glucose, cholesterol level, Haemoglobin108

A1c and status of hypertension were extracted from patients record. To sum up,109

this study includes categorical and continuous variables as predictors of diabetic110

retinopathy, where gender, hypertension, insulin treatment, and frequency of clini-111

cal visits were considered as factors and age, duration of diabetes, total cholesterol112

level, haemoglobin A1c and fasting blood glucose were considered as covariates.113

Semiparametric model for binary response114

Given the exploratory plots in Figure 1, a semiparametric model is more reasonable115

for this data rather than assumptions based restrictive parametric models. Let a116

binary outcome variable yi denotes the diabetic retinopathy status of the ith patient,117

where yi = 1 represents patient with diabetic retinopathy and yi = 0 represents118

patient without diabetic retinopathy, let zm denotes the mth categorical variable,119

m = 1, · · · ,M and let xj denotes jth continuous variable, j = 1, · · · , J then a120

semiparametric model for the outcome yi is given by:121

g(µi) = α0 +
∑M

m=1

∑Lm

l=1
αmlziml + hj(xij) + fzi(xij) + fab(xa, xb), (1)

where µi = E(yi), α0 is the model constant,
∑M

m=1
αmlziml is the parametric term of122

the model for the categorical variables (gender, hypertension, insulin treatment and123

frequency of clinical visit), ziml is the l
th level of mth categorical variable measured124

on the ith type II diabetic patients and αml is the corresponding parameter, M125

is total number of categorical variables, Lm is number of categories/level of the126

mth categorical variable, l = 1, · · · , Lm, e.g., when the mth categorical variable127

has two levels, we have one αml, i.e. Lm = 1 because the first category is treated128
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as a reference category. For example, in this study frequency of clinical visit has129

three categories (every 1 month, every 3 month and every 6 month), where, every130

1 month was treated as a reference category. Additionally, hj(xij) is a smoothing131

function for the continuous clinical predictors, fzi(xij) is a smoothing function for132

the covariate by factor level interaction, xij is the j
th continious predictor measured133

on the ith type II diabetic patients and fab(xa, xb) is a smoothing function for134

the tensor product interaction of two continuous clinical variables xa and xb. In a135

semiparametric model, for each level of a factor we have one curve representing a136

covariate by factor interaction. For example, in the current study we have age by137

gender interaction which have two separate curves for male and female. To do this138

define:139

zi ∈ {1, · · · , Lm} and

zil =







1, if zi = l

0, else,

Thus, the model in Expression (1) can be written as:140

g(µi) = α0 +
∑M

m=1

∑Lm

l=1
αmlziml + β1jxij + β2jx

2
ij + · · ·+ βpjx

p
ij

+
∑K

k=1
bkj(xij − κkj)

p
+

+
∑Lm

l=2
zil(γ0l + γ1ljxij + γ2ljx

2
ij + · · ·+ γpljx

p
ij)

+
∑Lm

l=1
zil{

∑K

k=1
clkj(xij − κkj)+ + fab(xa, xb, )

(2)

fab(xa, xb) =
∑p

s1=0

∑p

s2=0
δs1s2x

s1
iax

s2
ib +

∑K1

k1=1

∑K2

k2=1
bk1k2

(xiaxib − κk1k2
)p+,

w+ = max{0, w}, β1j , β2j , · · · , βpj are fixed effect parameters for the main ef-141

fect smoothing functions, (γ0l, γ1lj , · · · , γplj) are fixed effect parameters for the142

smoothing function of an interaction of xj by Lm levels of a factor zi, xia and143

xib are two continuous predictors measured on the ith type II diabetic patients144

which are considered to have a tensor product interaction effect on the response,145
∑p

s1=0

∑p

s2=0
δs1s2 are fixed effect parameters for the tensor product smoothing146

interaction xa ⊙ xb. Finally, κkj are knots where the pth degree spline evaluated147

at a covariate xj and covariate by factor interaction of the smoothing term, and148

κk1k2
are knots where the pth degree spline evaluated at the tensor product xa ⊙xb149

for the tensor product interaction of the smoothing term,
∑K

k=1
bkj(xij − κkj)

p
+ is150

the over all smooth term for the main effect,
∑Lm

l=1
zil{

∑k

k=1
clkj(xij − κkj)+} is151

the deviation from the over all smooth term of the covariate by factor interaction152

and
∑K1

k1=1

∑K2

k2=1
bk1k2

(xiaxib − κk1k2
)p+ is the overall smooth term for the tensor153

product smoothing function. According to [25], a Penalized cubic regression spline154

allows to retain the good properties of splines and has good computational effi-155

ciency. Therefore, we have considered a penalized cubic regression spline (p = 3) to156

model nonlinearity of the covariates. The respective random effect coefficients bkj ,157

clkj and bk1k2
were assumed to follow a gaussian distribution, i.e. bkj ∼ N(0, σ2

bj),158

clk ∼ N(0, σ2
cl) and bk1k2

∼ N(0, σ2
bab

), respectively.159
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Proposed semiparametric models160

The locally estimated scatter-plots smoothing presented in Figure 1 suggest that161

the relationship between the log odds of being DR and each of the continuous162

clinical variables is nonlinear. Moreover, Figure 3 revealed that there is a variation163

between the total cholesterol levels of male and female. Therefore, it is worthy to164

investigate the interactions of age by gender and HbA1c by FBG (HbA1c× FBG.165

Thus, we proposed five different semiparametric models. We start with a more166

general model (M1) which includes gender, hypertension, frequency of clinical visit167

(FCV) and insulin treatment (IT) as a linear term and interactions of age by gender,168

HbA1c×FBG, total cholesterol level (CL) by gender, and duration of diabetes (DD)169

as nonlinear terms and M1 therefore defined as170

g(µi) = β0 + β1 gender + β2 hypertension+ β3 IT

+ β4 FCV + fgender(age) + f(DD) + f(HbA1c)

+ f(FBG) + f(HbA1c, FBG) + fgender(CL)

(3)

where, using Expression (2) presentation, for example171

f(DDi) = β0 + β1(DDi) + β2(DDi)
2 + ...+ βp(DDi)

p +
∑K

k=1
bk((DDi)− κk)

p
+

and172

f(HbA1ci, FBGi) =
∑p

s1=0

∑p

s2=0
δs1s2(HbA1ci)

s1(FBGi)
s2

+
∑K1

k1=1

∑K2

k2=1
bk1k2

((HbA1ci)(FBGi)− κk1k2
)p+.

The second model M2 was proposed to test the nonlinearity of HbA1c×FBG and173

it is given by174

g(µi) = β0 + β1 gender + β2 hypertension+ β3 IT

+ β4 FCV + β5 HbA1c+ β6 FBG+ β7 HbA1c× FBG

+ fgender(age) + f(DD) + fgender(CL)

(4)

The third model M3 was proposed to test the nonlinearity of age by gender inter-

action and it is given by

g(µi) = β0 + β1 gender + β2 age+ β3 age× gender

+ β4 hypertension+ β5 IT + β6 FCV

+ f(DD) + f(HbA1c, FBG) + fgender(CL)

(5)

The fourth model M4 was proposed to test the nonlinearity of total cholesterol level175

by gender interaction and it is given by176
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g(µi) = β0 + β1 gender + β2 CL+ β3 CL× gender

+ β4 hypertension+ β5 IT + β6 FCV

+ fgender(age) + f(DD) + f(HbA1c, FBG)

(6)

The fifth model M5 was proposed to test the nonlinearity of duration of diabetes

and it is given by

g(µi) = β0 + β1 gender + β2 hypertension

+ β3 IT + β4 FCV + β5 DD + fgenderage

+ f(HbA1c, FBG) + fgender(CL)

(7)

Estimation of parameters177

Estimation of both penalized and unpenalized coefficients in the above models was178

done using penalized iterative reweighted least squares (PIRLS). We have used179

evenly spaced knots with k = 10 in the ranges of the covariate xj for main effect180

and for covariate by factor interaction of the smoothing functions, and k = 8 for181

the tensor product interaction [25]. Since under finite sample size, prediction error182

criteria, such as generalized cross validation (GCV) (for the known scale parameter)183

and unbiased risk estimator (UBRE) (for the unknown scale parameter), is more184

likely to develop multiple minima which undersmooth the function fj relative to185

restricted maximum likelihood (REML), therefore the smoothing parameter selec-186

tion in the analyses was done using REML and data analysis was done using gam187

function from mgcv package in R statistical software. For the detailed information188

on parametric estimation and modeling of semiparametric model see [25] and for189

covariate by factor interaction of a smoothing function see [21].190

Test of nonlinearity191

The hypothesis test for a statistically significance of a nonlinear effect of a continu-192

ous covariate xj was done using the likelihood ratio test by fitting two models, that193

is, we fit first a model where xj has a linear relationship and then a second model194

with a nonlinear relationship. Then the hypothesis is, there is a linear relationship195

between the covariate xj and the response against there is no linear relationship196

between the covariate xj and the response.197

Results198

Missing data imputation199

The presence of missing observations in some of the variables in a data has an effect200

on statistical inference, such as poor precision on confidence intervals and biased201

on parameter estimates, which may result poor statistical power [26]. Therefore, we202

imputed the missing values of variables with more than 5% missing values using203

multivariate stochastic regression imputation technique [27]. Furthermore, missing204

observations in two variables, cholesterol level and HbA1c which had 9% and 50%205

missing values, respectively were imputed using the above technique. As it can be206

seen in Figure 2, the distribution for the imputed values and observed values are207

similar.208
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Descriptive statistics209

There were a total of 191 type II diabetic patients in the study, of which 98 (51.3%)210

experienced diabetic retinopathy. Among the total sample, 114 (59.7%) were fe-211

male, of which 51 (26.7%) of them experienced diabetic retinopathy. More than half212

(54.8%) of the total patients in the study were hypertensive, of which 76 (39.8%)213

of them experienced diabetic retinopathy. Out of patients who used insulin treat-214

ment, 40 (20.9%) of them experienced diabetic retinopathy. The total number of215

patients whose clinical visit was within 1 month interval was 43 (22.6%), of which216

7.4% of them experienced diabetic retinopathy. Moreover, of those patients whose217

clinical visit were within 3 and 6 months interval, 38 (20%) and 46 (24.2%) of them218

experienced diabetic retinopathy, respectively. The mean age of patients who expe-219

rienced diabetic retinopathy was 58.5 years with a standard deviation of 10.1 years220

(Table 1). The average diabetic duration since a patient was confirmed to type II221

diabetes mellitus till the patient experienced diabetic retinopathy was 15.2 years222

with a standard deviation of 10.9 years. In this study, HbA1c is measured in per-223

centage form known as Diabetes Control and Complications Trial (DCCT) units.224

The mean HbA1c for a patient with diabetic retinopathy was 9.3% with a standard225

deviation of 2.8%. In addition, the average total cholesterol level for a patient who226

experienced diabetic retinopathy was 187.6 mg/dL. The mean FBG for a patient227

who experience diabetic retinopathy was 170.9 mg/dL with a standard deviation of228

66 mg/dL (Table 1).229

As it can be seen from the box plot in Figure 3, the median total cholesterol level for230

female was around 186 mmol/L and the median cholesterol level for male patient231

was around 171 mmol/L.232

Test of multicollinearity and nonlinearity233

The covariates were checked for multicollinearity using the variance inflation factor234

(VIF) before adding them to the model. None of these VIFs (the values are be-235

tween 1.08 and 1.21) were greater than 5 suggesting the collinearity is not strong236

to affect the statistical inference in the analysis. Next, the five proposed models237

in the methodology section were fitted and a likelihood ratio test was used to test238

the nonlinearity of continuous covariates. As it can be seen from Table 2, the de-239

viance for testing the nonlinearity of the interaction of age by gender is 11.98 with240

p − value = 0.0461, indicating that there was a significant nonlinear relationship241

between the odds of diabetic retinopathy and the interaction of age by gender. Sim-242

ilarly, the deviance for the nonlinearity test of cholesterol level by gender is 37.20243

with p−value = 0.0012. Thus, there was a significant nonlinear relationship between244

the odds of diabetic retinopathy and the interaction of cholesterol level by gender.245

The likelihood ratio test for the relationship between the odds of diabetic retinopa-246

thy and duration of diabetes has deviance equals to 13.02 with p− value = 0.0228247

(Table 2), therefore, the relationship was significantly nonlinear. The nonlinearity248

test for the interaction of HbA1c and FBG was also significant (p−value = 0.0157)249

supporting the nonlinear relationship.250
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Model selection251

In this section, we are focusing in selecting the best model which fits the data very252

well using Akaike’s Information Criterion (AIC). As it can be seen from Table 3, M1253

is a model with the smallest AIC value (163.64) which supports the nonlinearity test254

in Table 2. Therefore, the final model which best explains the diabetic retinopathy255

data for a patient at Black Lion Hospital during the study period was M1 which256

includes gender, hypertension, insulin treatment and frequency of clinical visit as257

a linear term and the interaction of age by gender, duration of diabetes, tensor258

product or interaction of HbA1c and FBG, and cholesterol level by gender as smooth259

functions with the cubic spline bases. Therefore, the result in the next section is260

based on M1.261

Semiparametric multivariable analysis262

The results from fitting M1 are displayed in Table 4, Figure 4 and Figure 5. Keep-263

ing the effects of being hypertensive, insulin treatment, frequency of clinical visit,264

interaction of age by gender, duration of diabetes, HbA1c × FBG and interaction265

of total cholesterol level by gender constant, the odds of diabetic retinopathy for a266

male patient was 3.5 (95% CI:1.14-11.09) times higher than that of female patients.267

Keeping the effect of other covariates constant, the odds of diabetic retinopathy was268

significantly higher for the hypertensive patient (adjusted odds ratio (AOR)=38.9,269

95% CI: 9.85-153.23). The odds of diabetic retinopathy for a patient who used in-270

sulin treatment was 6.2 (95% CI: 1.81-13.84) times higher than the odds of diabetic271

retinopathy for a patient who did not use insulin treatment to control their blood272

glucose level keeping the effect of other covariates constant. Keeping the effect of273

other covariates constant, the odds of diabetic retinopathy for a patient whose clin-274

ical visit was every 3 months was 8.7 (95% CI: 2.13-35.9) times higher than the275

odds of retinopathy for a patient whose clinical visit was every 1 month. Similarly,276

the odds of diabetic retinopathy was higher for a patient who had follow-up every 6277

months (AOR=6.7, 95% CI: 1.63-27.41) as compared to a patient who had follow-up278

every one month keeping the effect of other covariates constant.279

The result in Table 4 illustrates that holding the effects of other covariates con-280

stant, there was a significant nonlinear relationship between the log odds of diabetic281

retinopathy and age of female patients (p− value = 0.0357) with estimated degrees282

of freedom 3.2. Furthermore, visual inspection of Figure 4(a) shows that the log odds283

of diabetic retinopathy for female patients increase slightly with age at the begning,284

but it shows a gradual decline after the age of 65 years: the confidence band is very285

wide in this age range, it could be because of a few number of patients older than286

65 years who experienced diabetic retinopathy. Table 4 also reveals that, duration287

of diabetes had a significant nonlinear relationship (p − value = 0.0059) with the288

log odds of diabetic retinopathy. Moreover, according to Figure 4(b), the functional289

relationship between duration of diabetes and log odds of diabetic retinopathy looks290

inverted U-shape with estimated degrees of freedom 2.7. However, the confidence291

band after 30 years of duration of diabetes becomes notably wider, indicating greater292

variability which may be due to a small number of observations in that interval.293

As it can be seen in Figure 4(c), the finding of this study also indicates that the294
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relationship between the log odds of diabetic retinopathy and female cholesterol295

level was initially flat, but a moderate increment in the log odds of DR for a fe-296

male patient was observed for a total cholesterol level > 250mg/dL. Table 4 also297

shows that there was a significant nonlinear relationship between the log odds of298

diabetic retinopathy and female cholesterol level (p− value = 0.0166) with degrees299

of freedom 3.6. Similarly, there was a significant nonlinear relationship between the300

log odds of diabetic retinopathy and HbA1c (p − value = 0.0020) with estimated301

degrees of freedom 2.3. As it can be seen in Figure 4(d), the log odds of diabetic302

retinopathy has an increasing pattern when the patient HbA1c is between 6%−11%303

and flat pattern was observed for HbA1c greater than 11%. However, the confidence304

band at the initial (for HbA1c between (0-4)%) and at the end (for HbA1c > 11%)305

was wide, which may be due to greater variability at these intervals.306

There was a significant nonlinear relationship between the log odds of diabetic307

retinopathy and HbA1c × FBG (p − value = 0.0500) with degrees of freedom 3.7308

(Table 4). The 3D contour plot in Figure 5 indicates that, the risk of diabetic309

retinopathy increases with increasing HbA1c slowly for the patient with low FBG310

and the risk was higher for high FBG-HbA1c combinations. Furthermore, the 2D311

contour plot also shows that the risk of diabetic retinopathy was higher when both312

FBG and HbA1c were simultaneously high. The darker red region indicates that the313

risk of being diabetic retinopathy was minimum for the low percentage of HbA1c.314

Moreover, the combination of HbA1c ≥ 6% and FBG ≥ 150mg/dL shows a rel-315

atively high risk of diabetic retinopathy. Generally, the distribution of numerical316

values (value of linear predictor) on the contour lines in the three regions; dark red317

(low risk), light red (intermediate risk), and yellow (high risk) of the plots tell the318

nonlinear relationship between the linear predictor measuring the risk of diabetic319

retinopathy and HbA1c× FBG.320

Discussion321

This study was aimed to identify the contributing factors of diabetic retinopa-322

thy using data collected from Black Lion Hospital at Addis Ababa, Ethiopia. In323

the current study, rather than using statistical methods which impose some para-324

metric assumptions, we focused on the data-driven relationship. The results from325

applying semiparametric regression analysis on the data showed that the odds of326

diabetic retinopathy had a significant linear association with gender, hypertension,327

insulin treatment and frequency of clinical visit. In addition, the log odds of diabetic328

retinopathy had a significant nonlinear association with the interaction of age by329

gender (for female patients), duration of diabetes, interaction of cholesterol level by330

gender (for female patients) and the interaction of HbA1c by FBG.331

It was observed that being hypertensive was a strong predictive factor of DR. This332

finding agrees with previous studies. For example, a cross-sectional study conducted333

by [28] showed that systolic blood pressure was significantly associated with DR.334

The result of a case-control study [29] in 1000 patients in two groups, patients with335

retinopathy and patients without retinopathy revealed that those with DR had high336
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systolic blood pressure than patients without DR indicating that systolic blood337

pressure was one of the contributing factors of DR. Another cross-sectional study338

[4] using univariate logistic regression analysis reported hypertension as a major339

risk factor of DR. Tilahun et al. [5], identified hypertension as one of the predictors340

of diabetic retinopathy. In their study, the odds of being diabetic retinopathy for341

hypertensive patients appeared 3.39 times higher than that of non-hypertensive342

patients.343

According to the current study, insulin treatment was one of the contributing factors344

of DR. Further, patients who used insulin treatment were more likely at risk than345

patients who did not use insulin treatment. This result is similar to a study that346

was based on data from a meta-analysis of seven cohort studies [13]. Their pooled347

result of the seven-cohort studies showed that insulin use increases the risk of being348

diabetic retinopathy, where the estimated relative risk was equal to 2.3. One of the349

other findings of this study was the odds of DR significantly differ for a patient with350

their number of clinical visits, i.e., patients who visited the diabetic clinic every 3351

months and 6 months had a higher risk of being diabetic retinopathy than patients352

who visited the diabetic clinic every one month.353

In a nonlinear terms of a semiparametric analysis, some interaction terms were354

incorporated based on scientific literature and exploratory analysis, i.e., age by355

gender, cholesterol level by gender, and the tensor product or interaction of HbA1c356

and FBG. As it was discussed in the descriptive statistics section, almost half of the357

study participants experienced diabetic retinopathy. Therefore, understanding both358

additive and interaction effects of those socio-demographic and clinical variables is359

crucial to prevent the progression of DR. The result of this study show that the360

interaction of age by gender had a significant nonlinear association with being DR,361

i.e., the log odds of diabetic retinopathy have a significant nonlinear relationship362

with age of female patients. However, sex and age based stratified analysis showed363

that the incidence rate of sight-threatening diabetic retinopathy had a decreasing364

trend for women as compared to men [30]. Despite this, several studies reported365

the marginal effect of age and gender on being diabetic retinopathy. For example,366

Hussain et al.[15] show that the risk of diabetic retinopathy was higher for a male367

patient and a patient with age ≥ 49 years. Tan et al. [18] showed that for a patient368

with mild DR, older age was associated with lower retinal capillary density, while369

the result in [31] reveal that sex is not a risk factor for being diabetic retinopathy,370

but they identified age as a strong predictor of diabetic retinopathy.371

In the current study, the duration of diabetes since a patient confirmed type II dia-372

betes was appeared as one of the risk factors of diabetic retinopathy. We identified373

a nonlinear relationship between duration of diabetes and the log odds of diabetic374

retinopathy. This result agrees with previous studies [4, 12, 14, 15, 17]. However,375

these studies used a generalized linear model which can only identify a linear as-376

sociation between duration of diabetes and linear predictor rather than using a377
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data-driven relationship like a semiparametric model. Furthermore, the interaction378

between total cholesterol level and gender had a significant nonlinear association379

with the log odds of diabetic retinopathy. Though, Hanai et al. [32] investigated380

the progression of diabetic kidney disease and found that those lipid profile pa-381

rameters are correlated with gender as a predictor of kidney disease progression.382

Further, Kaewput et al. [33], conducted a nationwide cross-sectional study in Thai-383

land showing that DR had a significant association with renal function. Therefore,384

these two studies indirectly revealed that the interaction between the lipid profile385

of a patient and gender had a significant effect on being diabetic retinopathy.386

The other interesting finding of our study was the significant nonlinear relationship387

between interactionHbA1c×FBG and the log odds of diabetic retinopathy. Despite388

the nonlinear relationship, a semiparametric model based on the tensor product of389

HbA1c and FBG suggested that the combination of a high level of HbA1c and a390

high level of FBG resulted in a higher risk of being diabetic retinopathy. Our study391

finding agrees with a study that used 10-year follow-up data [20]. Their finding392

suggested that patients with diabetic retinopathy at the baseline had a high level393

of FBG and a high level of HbA1c. However, our finding contradicts some of the394

previous studies. For example, Gimeno-Orna et al. [19] conducted a cohort study395

with a mean follow-up period of 5.2 years to examine whether FBG variability396

determines the onset of DR irrespective of HbA1c. Their finding from univariate397

logistic regression analysis showed that the interaction of mean HbA1c and FBG398

variability was not a significant risk factor of DR, however, they concluded that399

FBG variability can determine the onset of diabetic retinopathy. However, several400

studies showed the marginal effects of FBG and HbA1c on diabetic retinopathy401

[12, 14, 18].402

Conclusion403

This study identified the possible risk factors of diabetic retinopathy based on data404

obtained from BLH using a semiparametric model. The results from this study indi-405

cate that clinical variables related to patient characteristics were strong predictors406

of diabetic retinopathy. Therefore, the results of a semiparametric analysis reveal407

evidence that being hypertensive, insulin treatment, 3 and 6-months clinical visits408

were strong predictive factors of diabetic retinopathy. Moreover, duration of dia-409

betes, interaction of age by gender, and cholesterol level by gender had significant410

nonlinear relationships with diabetic retinopathy. Additionally, the nonlinear rela-411

tionship between the interaction HbA1c×FBG and the linear predictor suggested412

that the risk of diabetic retinopathy was higher when the value of both HbA1c and413

FBG high.414

Based on the findings we recommend that health care professionals should give415

more attention to the possible effect of clinical variables which can lead a type II416

diabetic patient to diabetic retinopathy. Since our study was based on one hospital,417

we recommend that a similar study should be conducted across the country to get418

more information to improve intervention strategies.419
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Figures540

Figure 1 A loess fit to the log odds of diabetic retinopathy and continuous predictors separately

Figure 2 Goodness of fit of the imputed observation relative to the observed data for HbA1c and
total cholesterol level

Tables541
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Figure 3 A Boxplot for cholesterol level by gender

Figure 4 Estimate of smooths in a semiparametric model.

Figure 5 Estimated effects for the tensor product smooth interaction HbA1c× FBG in a
semiparametric model.

Table 1 Summary statistics of diabetic retinopathy status of type II diabetic patients vs
socio-demographic and clinical variables

Diabetic Retinophaty(DR)
Characteristics Levels Patient Patient

with DR,N(%) without DR, N(%) Total
Gender M 47 (24.6) 30 (15.9) 77 (40.5)

F 51 (26.7) 63 (32.8) 114 (59.5)
Hypertension No 22 (11.5) 63 (32.9) 85 (44.4)

Yes 76 (39.8) 30 (15.8) 106 (54,8)
IT No 58 (30.4) 79 (41.4) 137 (71.7)

Yes 40 (20.9) 14 (7.3) 54 (28.3)
FCV every 1 month 14 (7.4) 29 (15.2) 43 (22.6)

every 3 month 38 (20.0) 34 (17.9) 72 (37.9)
every 6 month 46 (24.2) 29 (15.3) 75 (39.5)

mean(sd) mean(sd) n = 191
Age 58.5(10.1) 56 (10.4)
DD 15.2(10.9) 9.2 (8.8)
HbA1c 9.3 (2.8) 7.09 (2.3)
CL 187.6(56.2) 179.3(41.5)
FBG 170.9 (66.0) 160.7 (60.6)

Table 2 Test of nonlinearity for the continuous covariates

nonlinearity test Models Resid.Df resid.Dev Df Deviance pr(> chi)
HbA1c× FBG M2 158.20 113.21

M2vsM1 M1 153.43 99.62 4.77 13.59 0.0157∗

Age by gender M3 158.99 111.61
M3vsM1 M1 153.43 99.62 5.53 11.98 0.0461∗

CL by gender M4 168.56 136.83
M4vsM1 M1 153.43 99.62 15.13 37.20 0.0012∗

DD M5 158.41 112.64
M5vsM1 M1 153.43 99.62 4.97 13.02 0.0228∗

Table 3 Model comparison using AIC

Models M1 M2 M3 M4 M5

AIC 163.64 169.44 166.52 176.32 168.61

Table 4 Semi parametric estimate of socio-demographic and clinical variables that have a significant
effect on DR

predictors levels df β̂ (se) p− value AOR 95%CI

Intercept 1 -4.30 (0.83) < 0.0001
Gender Male 1 1.27 (0.58) 0.0280∗ 3.5 [1.14, 11.09]
Hypertension yes 1 3.66 (0.70) < 0.0001 38.9 [9.85, 153.23]
IT yes 1 1.84 (0.63) 0.0040∗ 6.2 [1.81, 13.84]
FCV every 3 month 1 2.17 (0.73) 0.0020∗ 8.7 [2.13, 35.9]

every 6 month 1 1.91 (0.72) 0.0080∗ 6.7 [1.63, 27.41]
nonlinear Terms
fgender(age) Female 3.2 0.0357∗

fgender(age) Male 1.0 0.2386
f(DD) 2.7 0.0059∗

fgender(CL) Female 3.6 0.0166∗

fgender(CL) Male 3.7 0.1321
f(HbA1c) 2.3 0.0020∗

f(FBG) 1.0 0.2784
f(HbA1c, FBG) 3.7 0.0500∗
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Figure 1

A loess �t to the log odds of diabetic retinopathy and continuous predictors separately



Figure 2

Goodness of �t of the imputed observation relative to the observed data for HbA1c and total cholesterol
level



Figure 3

A Boxplot for cholesterol level by gender



Figure 4

Estimate of smooths in a semiparametric model.



Figure 5

Estimated effects for the tensor product smooth interaction HbA1c × FBG in a semiparametric model.


