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Semiparametric modelling of diabetic ey

retinopathy among people with type Il diabetes
mellitus

Bezalem Eshetu Yirdaw' and Legesse Kassa Debusho?

Abstract

Background The proportion of patients with diabetic retinopathy (DR) has grown with increasing number of dia-
betes mellitus patients in the world. It is among the major causes of blindness worldwide. The main objective of this
study was to identify contributing risk factors of DR among people with type Il diabetes mellitus.

Method A sample of 191 people with type Il diabetes mellitus was selected from the Black Lion Specialized Hospi-
tal 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, DR is a categorical variable with two outcomes. Based on
the relationship derived from the exploratory analysis, the odds of having DR were not necessarily linearly related to
the continuous predictors for this sample of patients. Therefore, a semiparametric model was proposed to identify the
risk factors of DR.

Result From the sample of 191 people with type Il diabetes mellitus, 98 (51.3%) of them had DR. The results of
semiparametric regression model revealed that being male, hypertension, insulin treatment, and frequency of clinical
visits had a significant linear relationships with the odds of having DR. In addition, the log- odds of having DR has a
significant nonlinear relation with the interaction of age by gender (for female patients), duration of diabetes, interac-
tion of cholesterol level by gender (for female patients), haemoglobin Alc, and interaction of haemoglobin Alc 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 haemoglo-
bin Alc (HbA1c) by fasting blood glucose (FBG) showed that the risk of DR is high when the level of HbATc and FBG
were simultaneously high.

Conclusion Clinical variables related to people with type Il diabetes mellitus were strong predictive factors of DR.
Hence, health professionals should be cautious about the possible nonlinear effects of clinical variables, interaction of
clinical variables, and interaction of clinical variables with sociodemographic variables on the log odds of having DR.
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 interaction
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Introduction

Diabetic retinopathy (DR) is one of the microvascular
complications of diabetes mellitus that occurs as a result
of long-term accumulated damage to the small blood
vessels in the retina [1-4]. It has been one of the major
cause of blindness in the world [1, 5, 6]. In 2018, around
1 million people were blind due to DR [1]. The estimated
annual incidence and progression of diabetic-related eye
disease ranged from 2.2% to 12.7% and 3.4% to 12.3%,
respectively [4, 7]. There was a noticeable reduction in the
number of blindness and vision loss in the world. How-
ever, the percentage of blindness and moderate to severe
vision impairment due to DR increased by approximately
50% and 53%, respectively [8]. Further, the proportion of
DR in Africa ranges from 7% to 62.4%, of which severe DR
was observed in 15% of the patients. Ethiopia is one of the
first four countries with a high percentage (3.8%) of adult
diabetic community in sub-Saharan Africa [9, 10]. A study
reveal that the prevalence of retinopathy among people
with type II diabetes mellitus and in a group without dia-
betes was 34.6% and 8.8%, respectively [11].

Studies across the world have shown that, the most pre-
dictive factors of diabetic retinopathy are socio-demo-
graphic and clinical variables such as age, diabetic duration,
lipid profiles, hyperglycaemia and microalbuminuria of a
patient [4, 12—19]. Hussain et al. [15] reported that, gender
and clinical variables have significant relationships with DR.
Furthermore, glycaemic control and body-mass index have
significant associations with DR [3, 4]. The landmark studies
show that high blood pressure and hyperglycaemia are asso-
ciated with development and progression of DR [18, 19].
A study from Ethiopia reported that, gender, haemoglobin
alc (HbA1lc) and hypertension are predictive risk factors of
DR [17]. Some studies have also revealed that the odds of
having DR is higher for a patient with higher HbAlc [3, 12,
15, 20], longer duration of diabetes [4, 12] and hypertensive
patients [3, 4, 17]. A study based on data from a meta-anal-
ysis of seven cohort studies reported that insulin treatment
has significant association with DR in patients with type II
diabetes mellitus [13]. Another study based on 5.2 years fol-
low up data indicates that variability of fasting plasma glu-
cose (FPQ) is a significant predictor of DR [21]. Ten years
follow up study also showed that, as compared to patients
without DR, patients with DR had a higher level of FPG and
HbAlc [22]. A study shows that there is a strong connection
between HbA1lc and FBG in a diabetic subject [23]

It was illustrated that exploratory data analysis is the ini-
tial step that must be done before undertaking any complex
statistical procedure [24, 25]. Further, it is the act of look-
ing into the data that helps to understand the variables in
the data and the relationship between them. It also helps to
determine if the statistical model that is going to be con-
sidered for data analysis is appropriate [26, 27]. However,
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most studies on DR [3, 12, 13, 15, 20-22] skip this essen-
tial step of data analysis. Moreover, studies in Ethiopia also
used a parametric model, e.g., generalized linear model
(GLM) which only identify the linear relationship between
the link function and covariates to determine predictive
factors of DR without exploring the data [4, 14, 17]. How-
ever, because of the incorrect functional form of the model,
some high risk covariates may be interpreted as having no
relationship with DR.

There are few studies that were conducted on DR at
Black Lion Hospital (BLH) [17, 28-30]. These stud-
ies identified some socio demographic and clinical
variables as predictors of DR. However, in these stud-
ies, almost all continuous predictors were catego-
rized and considered as factors, and linear association
between the response and predictors was considered
via the logit link. However, categorization of continu-
ous variables leads to loss of information and reduces
the statistical power to detect the relationship between
predictor and response [31]. Therefore, the main aim of
this research was to identify the contributing risk fac-
tors of DR among people with type II diabetes melli-
tus at BLH and to estimate the data driven relationship
between clinical variables, specifically continuous pre-
dictors and DR using semiparametric models. As there
is no reported result, at least in Ethiopian situation, on
the nonlinear interaction effects of clinical variables
and gender on DR, this study was also motivated to
assess the nonlinear interaction effects of clinical vari-
ables with gender on the log odds of having DR.

Methodology

Study area and data

For the current study, we used the same data from Shi-
bru, Aga and Boka [17]. The data is a secondary data
that was obtained from Black Lion Hospital (BLH). The
hospital is located in Addis Ababa, Ethiopia and it is the
largest teaching and referral hospital in Ethiopia. The
diabetic unit at BLH gives a service provision for more
than 200 individuals per week. For this study, a cross-sec-
tional study design was used. The data was collected from
March to April 2018 and all people with type II diabetes
mellitus who had a follow up at BLH diabetic unit within
the study period were eligible for this study. The study
excludes critically ill patients who were very weak to give
informed consent to participate in the study.

The sample size was determined using a simple ran-
dom sampling formula [32] based on a 5% level of signifi-
cance, 13% prevalence of DR which was obtained from
previous study done in the country [33] and 0.05 degree
of precision. Further, a 10% non-response rate was con-
sidered to get a final sample size of 191 patients for the
study. The response variable, DR is a categorical variable
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with two outcomes (patient with DR and patient without
DR) which is measured via direct retinal photographs
with Topcon camera [34]. The retinal photographs with
a Topcon camera were done by the nurses who had
training in DR screening. In the current study, patients
with mild non-proliferative DR (NPDR) with occa-
sional haemorrhages; moderate NPDR with moderate
intraretinal haemorrhages, soft exudates, and occasional
intraretinal microvascular anomalies; severe NPDR with
numerous peripheral retinal haemorrhages and/or mod-
erate intraretinal microvascular anomalies and/or defi-
nite venous bleedings; proliferative DR (PDR) with new
vessels on the disc or elsewhere on the retinal; and macu-
lar oedema diagnosed from the presence of hard exudates
within one disc diameter of the foveola were considered
as DR. Therefore, a patient with any type of DR or hav-
ing one of these characteristics in one of the two eyes or
both eyes was considered as DR. Socio-demographic and
treatment related variables were collected via face-to-face
individual interview, and clinical variables were extracted
from patient’s records. To sum up, this study includes
categorical and continuous variables as predictors of DR,
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where gender, hypertension, insulin treatment, and fre-
quency of clinical visits were considered as factors, and
age, duration of diabetes, total cholesterol level, HbAlc
and FBG were considered as covariates. In this study, a
patient is considered as hypertensive if two different days
measurements of systolic and/or diastolic blood pressure
are > 140 mmHg and > 90 mmHg, respectively [35].

Semiparametric model for binary response

Given the exploratory plots in Fig. 1, a semiparamet-
ric model is more reasonable for this data rather than
assumptions based restrictive parametric models. Let a
binary outcome variable y; denotes the DR status of the
i patient, where y; = 1 represents patient with DR and
y; = 0 represents patient without DR, let z,, denotes the
m'™ categorical variable, m = 1,--- , M and let x; denotes
j™ continuous variable, j = 1,- - -,/ then a semiparamet-
ric model for the outcome y; is given by:

glu) = ag + Zﬁzl 2;:1 i it + 13 + 1, 0) + fop (00 %),

(1)
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Fig. 1 A loess fit to the log odds of diabetic retinopathy and continuous predictors separately
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where ; = E(y;), apis the model constant, Z%Zl Uyl Ziml
is the parametric term of the model for the categorical varia-
bles (gender, hypertension, insulin treatment and frequency
of clinical visit), z;,; is the [ level of m™ categorical variable
measured on the i patient and a,,; is the corresponding
parameter, M is total number of categorical variables, L,, is
number of categories/level of the m® categorical variable,
l=1,---,Ly, eg, when the m" categorical variable has
two levels, we have one «,,,, i.e. L,,, = 1because the first cat-
egory is treated as a reference category. For example, in this
study frequency of clinical visit has three categories (every
1 month, every 3 month and every 6 month), where, every
1 month was treated as a reference category. Additionally,
hj(x;) is a smoothing function for the continuous clinical
predictors, f;;(x;) is a smoothing function for the covariate
by factor level interaction, x;; is the j™ continious predictor
measured on the i/ patient and £, (x,,%;) is a smoothing
function for the tensor product interaction of two continu-
ous clinical variables x, and x. In a semiparametric model,
for each level of a factor we have one curve representing a
covariate by factor interaction. For example, in the current
study we have age by gender interaction which have two
separate curves for male and female. To do this define:

z;€l{l,---,L,}and
o 1, ifz;=1
Zil = 0, else.

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

gu) = ag+ Z/\nle ZIL;”I Qi Zigy + Py + ﬁ2ixi21' 4ot ﬁp,x‘;
+ E L by — )y
+ 21 " Za(Yor +y1,]x,} +y2,/x + - +yp,1xp)
+ Zl 1%il Zk 1 k,(xll K1)+ + fap(Bar %)

(2)

)4 Sp S K
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the over all smooth term for the main effect,
Zf”’l zil{zlli 1 c,lq (xjj — Kxj)+} is the deviation from the
over all smooth term of the covariate by factor interaction
and Zf}l 1 Efj 1 bk, iakip — Kigk,)'t is the overall
smooth term for the tensor product smoothing function.
According to [36], a penalized cubic regression spline
allows to retain the good properties of splines and has
good computational efficiency. Therefore, we have consid-
ered a penalized cubic regression spline (p = 3) to model
nonlinearity of the covariates. The respective random effect
coefficients by;, ck and by, , were assumed to follow a gauss-
N(0,02) ¢, ~N(0,0) and
bk, ~ N(O, Obzab ), respectively.

ian distribution, ie. by ~

Proposed semiparametric models

In this study, we used exploratory data analysis, such
as loess plot and box plot to understand the character-
istics of variables and explore the relationship between
variables in the data. The locally estimated scatter-
plots smoothing presented in Fig. 1 suggest that the
relationship between the log odds of having DR and
each of the continuous clinical variables is nonlinear.
Hence, logistic regression model may be too restrictive
to analyse this data. Therefore, semiparametric model
is a reasonable choice for this sets of data. Moreover,
according to [37], the functional form of a covari-
ate in additive model varies across groups defined by
levels of categorical variables. Further, the interaction
between age and gender of a diabetic patient is epide-
miologically plausible for consideration [38]. Therefore,
this study consider the nonlinear interaction of age
by gender. A study using a logit link reported that the
interaction between mean HbAlc and FBG variability
has no significant association with the odds of hav-

L bii, G, = ki Vo

wy = max{0, w}, B1j, Baj,- - , Bpj are fixed effect parame-
ters for the main effect smoothing functions,
(Yo, V1yj» -+ » vpyy) are fixed effect parameters for the
smoothing function of an interaction of x; by L, levels of
a factor z;, x;; and x;;, are two continuous predictors meas-
ured on the i/ patient which are considered to have a ten-
sor product interaction effect on the response,
Zsl -0 Zfz _o 055, are fixed effect parameters for the ten-
sor product smoothing interaction x,; © x;. Finally, iy; are
knots where the p*” degree spline evaluated at a covariate
x; and covariate by factor interaction of the smoothing
term, and ky, x, are knots where the pth degree spline eval-
uated at the tensor product x,; © x;, for the tensor product
interaction of the smoothing term, Zle by (xij — Kkl‘)li is

ing DR [21]. However, since both HbAlc and FBG has
a nonlinear relationship with the log odds of DR, the
interaction of HbAlc and FBG may have a significant
nonlinear effect on the log odds of having DR. More-
over, Fig. 2 revealed that there is a variation between
the total cholesterol levels of male and female. There-
fore, it is worthy to investigate the interactions of age
by gender, cholesterol level by gender and HbAlc by
FBG (HbAlc x FBG). Thus, we proposed five different
semiparametric models. We start with a more general
model (M;) which includes gender, hypertension, fre-
quency of clinical visit (FCV) and insulin treatment
(IT) as a linear term and interactions of age by gender,
HbAlc x FBG, total cholesterol level (CL) by gender,
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and duration of diabetes (DD) as nonlinear terms and
M; therefore defined as:

g(uy) = Py + P, gender + P, hypertension + f5 IT
+ B FCV + fonaer(age) + f(DD) + f (HbAc) (3)
+ f(FBG) +f(HbALc, FBG) + fygger (CL)

where, using Expression (2) presentation, for example
f(DD;) = By + 1 (DD,) + o(DD,)* + ... + (DD,
+ Y5 b(DD) ~ K,
and

f(HbAlc, FBG,) = 2’:120 2@’2:0 8,5, (HbA1c))* (FBG,)*
k1 Ty i, (HPALC)(FBG) = iy, )
The second model M, was proposed to test the nonlin-
earity of HbAlc x FBG and it is given by

gy = Py + P, gender + P, hypertension + p5 IT
+ PLFCV + ps HbAlc + P FBG + B, HbAlc X FBG
+ Jfeonder(age) + f (DD) + fypnqer (CL)
(4)
The third model M3 was proposed to test the nonlinearity
of age by gender interaction and it is given by

Page 5 of 13

.
male

gender

g(y;) = Py + P, gender + f, age + f; age X gender
+ P, hypertension + B IT + g FCV (5)
+ f(DD)+ f(HbAlc, FBG) + foger (CL)

The fourth model M, was proposed to test the nonlinear-
ity of total cholesterol level by gender interaction and it is
given by

g(ni) = Po+ Birgender + Bo CL + B3 CL x gender
+  Ba hypertension + Bs IT + B FCV
+ feender(age) + f (DD) + f (HbAlc, FBG)
(6)
The fifth model M5 was proposed to test the nonlinearity
of duration of diabetes and it is given by

g(ni) = Po + B1gender + By hypertension
+ B3IT + B4 FCV + B5s DD +]fgenderage (7)
+ f(HbAlc,FBG) + fyender(CL)

Estimation of parameters

Estimation of both penalized and unpenalized coef-
ficients in the above models was done using penalized
iterative reweighted least squares (PIRLS). We have
used evenly spaced knots with k = 10 in the ranges of
the covariate x; for main effect and for covariate by fac-
tor interaction of the smoothing functions, and k =8
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for the tensor product interaction [36]. Since under
finite sample size, prediction error criteria, such as gen-
eralized cross validation (GCV) (for the known scale
parameter) and unbiased risk estimator (UBRE) (for
the unknown scale parameter), is more likely to develop
multiple minima which undersmooth the function f;
relative to restricted maximum likelihood (REML),
therefore the smoothing parameter selection in the
analyses was done using REML and data analysis was
done using |gam| function from |mgcv| package in
R statistical software. For the detailed information on
parametric estimation and modeling of semiparametric
model see [36] and for covariate by factor interaction of
a smoothing function see [37].

Test of nonlinearity and model evaluation

The hypothesis test for a statistically significance of a
nonlinear effect of a continuous covariate x; was done
using the likelihood ratio test by fitting two models,
that is, we fit first a model where x; has a linear relation-
ship and then a second model with a nonlinear rela-
tionship. Then the hypothesis to be tested is, there is
a linear relationship between the covariate x; and the
response against there is no linear relationship between
the covariate x; and the response. Following [39], model
diagnostic or model evaluation was done using plots
of smoothes and their standard errors. In addition, the
normality assumption was tested using quantile quantile
plot (Q-Q plot) and histogram.
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Results

Missing data imputation

The presence of missing observations in some of the
variables in a data has an effect on statistical inference,
such as poor precision on confidence intervals and
biased on parameter estimates, which may result poor
statistical power [40]. Therefore, we imputed the miss-
ing values of variables with more than 5% missing val-
ues using multivariate stochastic regression imputation
technique [41]. Furthermore, the missing observations
in two variables, cholesterol level and HbA1c which had
9% and 50% missing values, respectively were imputed
using the above technique. According to [42], under
missing at random and missing completely at random,
multivariate imputations produce unbiased estimates
at a high amount of missing. Furthermore, the author
also shows the bias of multivariate imputation is con-
sistent regardless of increasing imputation from 10% to
50%. As it can be seen in Fig. 3, the distribution for the
imputed values and observed values are similar.

Test of multicollinearity and nonlinearity

The covariates were checked for multicollinearity
using the variance inflation factor (VIF) before adding
them to the model. None of these VIFs (the values are
between 1.08 and 1.21) were greater than 5 suggest-
ing the collinearity is not strong to affect the statisti-
cal inference in the analysis. Next, the five proposed
models in the methodology section were fitted and a
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likelihood ratio test was used to test the nonlinearity of
continuous covariates. As it can be seen from Table 1,
the deviance for testing the nonlinearity of the interac-
tion of age by gender is 11.98 with p — value = 0.0461,
indicating that there was a significant nonlinear rela-
tionship between the odds of DR and the interaction
of age by gender. Similarly, the deviance for the non-
linearity test of cholesterol level by gender is 37.20
with p — value = 0.0012. Thus, there was a significant
nonlinear relationship between the odds of DR and the
interaction of cholesterol level by gender. The likeli-
hood ratio test for the relationship between the odds of
diabetic retinopathy and duration of diabetes has devi-
ance equals to 13.02 with p — value = 0.0228 (Table 1),
therefore, the relationship was significantly nonlinear.
The nonlinearity test for the interaction of HbAlc and
FBG was also significant (p — value = 0.0157) support-
ing the nonlinear relationship.

Model selection and evaluation

In this section, we are focusing in selecting the best
model which fits the data very well using Akaike’s
Information Criterion (AIC). As it can be seen from
Table 2, M; is a model with the smallest AIC value
(163.64) which supports the nonlinearity test in
Table 1. Therefore, the final model which best explains
the DR data for a patient at Black Lion Hospital during
the study period was M;j. Furthermore, The model cho-
sen (M;) was evaluated using different residual plots.
For instance, the residuals in the plots of smoothes and
their standard errors in Fig. 4 follow the fitted func-
tions, indicating that the estimate of the smooth is not
underestimated or overestimated. Furthermore, the
Q-Q plot and the histogram in Fig. 5 show that the
residuals are normally distributed. Therefore, the result
in the next section is based on M;.

Semiparametric multivariable analysis

The results from fitting M; are displayed in Table 3,
Figs. 6 and 7. There were a total of 191 people with type

Table 1 Test of nonlinearity for the continuous covariates
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Table 2 Model comparison using AIC
Models M1 M2 M3 M4 M5
AlC 163.64 169.44 166.52 176.32 168.61

II diabetes mellitus in the study, of which 98 (51.3%) had
DR (Table S1). Keeping the effects of being hypertensive,
insulin treatment, frequency of clinical visit, interaction
of age by gender, duration of diabetes, HbAlc x FBG and
interaction of total cholesterol level by gender constant,
the odds of having DR for a male patient was 3.5 (95%
CI:1.14-11.09) times higher than that of female patients.
Keeping the effect of other covariates constant, the odds
of having DR was significantly higher for the hyperten-
sive patient (adjusted odds ratio (AOR)=38.9, 95% CI:
9.85-153.23). The odds of having DR for a patient who
used insulin treatment was 6.2 (95% CI: 1.81-13.84) times
higher than the odds of having DR for a patient who did
not use insulin treatment to control their blood glucose
level keeping the effect of other covariates constant.
Keeping the effect of other covariates constant, the odds
of having DR for a patient whose clinical visit was every
3 months was 8.7 (95% CI: 2.13-35.9) times higher than
the odds of having retinopathy for a patient whose clini-
cal visit was every 1 month. Similarly, the odds of having
DR was higher for a patient who had follow-up every 6
months (AOR=6.7, 95% CI: 1.63-27.41) as compared to a
patient who had follow-up every one month keeping the
effect of other covariates constant.

The result in Table 3 illustrates that holding the effects
of other covariates constant, there was a significant
nonlinear relationship between the log odds of having
DR and age of female patients (p — value = 0.0357)
with estimated degrees of freedom 3.2. Furthermore,
visual inspection of Fig. 6(a) shows that the log odds
of having DR for female patients increase slightly with
age at the begning, but it shows a gradual decline after
the age of 65 years: the confidence band is very wide in
this age range, it could be because of a few number of

Nonlinearity test Models Resid.Df Resid.Dev Df Deviance pr(> chi)
HbA1c x FBG M> 158.20 113.21

My vs My My 15343 99.62 4.77 13.59 0.0157*
Age by gender Mz 158.99 111.61

Mz vs My My 15343 99.62 553 11.98 0.0461*
CL by gender My 168.56 136.83

Mg vs M, M 15343 99.62 15.13 37.20 0.0012*
DD Ms 15841 112.64

Ms vs My My 15343 99.62 4.97 13.02 0.0228*
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Fig. 4 Plots of estimate of smoothes and their standard errors to check if the smoothing estimate is good

patients older than 65 years who had DR. Table 3 also
reveals that, duration of diabetes had a significant non-
linear relationship (p — value = 0.0059) with the log
odds of having DR. Moreover, according to Fig. 6(b),
the functional relationship between duration of diabe-
tes and log odds of having DR looks inverted U-shape
with estimated degrees of freedom 2.7. However, the

confidence band after 30 years of duration of diabetes
becomes notably wider, indicating greater variability
which may be due to a small number of observations in
that interval. As it can be seen in Fig. 6(c), the finding
of this study also indicates that the relationship between
the log odds of having DR and female cholesterol level
was initially flat, but a moderate increment in the log
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Fig. 5 Residual plots to check the assumption of normality
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Table 3 Semi parametric estimate of socio-demographic and clinical variables that have a significant effect on DR

Predictors Levels Df B (se) p — value AOR 95%Cl

Intercept 1 -4.30 (0.83) < 0.0001

Gender Male 1 1.27 (0.58) 0.0280* 35 [1.14,11.09]

Hypertension yes 1 3.66 (0.70) < 0.0001 389 [9.85, 153.23]

T 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* 87 [2.13,359]
every 6 month 1 91 (0.72) 0.0080* 6.7 [1.63,27.41]

Nonlinear Terms

fgender (@ge) Female 32 0.0357*

Tgender (age) Male 1.0 0.2386

f(DD) 2.7 0.0059*

Tgender (CL) Female 36 0.0166*

faender (CL) Male 37 0.1321

flHbA1C) 23 0.0020*

f(FBG) 1.0 0.2784

f(HbAlc, FBG) 3.7 0.0500*

odds of having DR for a female patient was observed
for a total cholesterol level > 250mg/dL. Table 3 also
shows that there was a significant nonlinear relationship
between the log odds of having DR and female choles-
terol level (p — value = 0.0166) with degrees of freedom
3.6. Similarly, there was a significant nonlinear relation-
ship between the log odds of having DR and HbAlc
(p — value = 0.0020) with estimated degrees of freedom
2.3. As it can be seen in Fig. 6(d), the log odds of having
DR has an increasing pattern when the patient HbAlc
is between 6% — 11% and flat pattern was observed for
HbA1lc greater than 11%. However, the confidence band
at the initial (for HbAlc between (0-4)%) and at the
end (for HbAlc > 11%) was wide, which may be due to
greater variability at these intervals.

There was a significant nonlinear relationship
between the log odds of having DR and HbAlc x FBG
(p — value = 0.0500) with degrees of freedom 3.7
(Table 3). The 3D contour plot in Fig. 7 indicates that, the
risk of DR increases with increasing HbAlc slowly for
the patient with low FBG and the risk was higher for high
FBG-HbA1c combinations. Furthermore, the 2D contour
plot also shows that the risk of DR was higher when both
FBG and HbA1lc were simultaneously high. The darker red
region indicates that the risk of being DR was minimum for
the low percentage of HbAlc. Moreover, the combination
of HbAlc > 6% and FBG > 150mg/dL shows a relatively
high risk of DR. Generally, the distribution of numerical
values (value of linear predictor) on the contour lines in the
three regions; dark red (low risk), light red (intermediate
risk), and yellow (high risk) of the plots tell the nonlinear

relationship between the linear predictor measuring the
risk of DR and HbA1lc¢ x FBG.

Discussion

This study was aimed to identify the risk factors of DR
using data collected from Black Lion Hospital at Addis
Ababa, Ethiopia. In the current study, rather than using
statistical methods which impose some parametric
assumptions, we focused on the data-driven relationship.
The results from applying semiparametric regression anal-
ysis on the data showed that the odds of having DR had
a significant linear association with gender, hypertension,
insulin treatment and frequency of clinical visit. In addi-
tion, the log odds of having DR had a significant nonlin-
ear association with the interaction of age by gender (for
female patients), duration of diabetes, interaction of cho-
lesterol level by gender (for female patients) and the inter-
action of HbA1lc by FBG. Since several studies [3, 4, 13, 43,
44] discussed the linear effects of gender, hypertension,
insulin treatment and frequency of clinical visit on the
odds of having DR, in this section we focused on the non-
linear terms of the findings.

In a nonlinear terms of a semiparametric analysis,
some interaction terms were incorporated based on
scientific literature and exploratory analysis, i.e., age by
gender, cholesterol level by gender, and the tensor prod-
uct or interaction of HbAlc and FBG. As it was dis-
cussed in the Result section, almost half of the study
participants had DR. Therefore, understanding both
additive and interaction effects of those socio-demo-
graphic and clinical variables is crucial to prevent the
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progression of DR. The result of this study show that trend for women as compared to men [45]. Despite this,
the log odds of having DR have a significant nonlinear  several studies reported the marginal effect of age and
relationship with the age of female patients. However, gender on being DR [15, 20, 46]. However, these litera-
sex and age based stratified analysis showed that the tures show linear relationship between the odds of hav-
incidence rate of sight-threatening DR had a decreasing ing DR with age and gender.

linear predictor
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Fig. 7 Estimated effects for the tensor product smooth interaction HbATc x FBG in a semiparametric model
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In the current study, the duration of diabetes since a
patient confirmed type II diabetes was appeared as one
of the risk factors of DR. We identified a nonlinear rela-
tionship between duration of diabetes and the log odds
of having DR. This result agrees with previous studies [3,
12, 14, 15, 17]. However, these studies used a generalized
linear model which can only identify a linear association
between duration of diabetes and linear predictor rather
than using a data-driven relationship like a semiparametric
model. Furthermore, the interaction between total choles-
terol level and gender had a significant nonlinear associa-
tion with the log odds of having DR. Though, Hanai et al.
[47] investigated the progression of diabetic kidney disease
and found that those lipid profile parameters are corre-
lated with gender as a predictor of kidney disease progres-
sion. Further, Kaewput et al. [48], conducted a nationwide
cross-sectional study in Thailand showing that DR had a
significant association with renal function. Therefore,
these two studies indirectly revealed that the interaction
between the lipid profile of a patient and gender had a sig-
nificant effect on being DR. However, the results of these
studies did not show the level of cholesterol that a patient
(he/she) could be at high risk of DR.

The other interesting finding of our study was the
significant nonlinear relationship between interaction
HbA1c x FBG and the log odds of having DR. Despite the
nonlinear relationship, a semiparametric model based on
the tensor product of HbAlc and FBG suggested that the
combination of a high level of HbAlc and a high level
of FBG resulted in a higher risk of being DR. Our study
finding agrees with a study that used 10-year follow-up
data [22]. Their finding suggested that patients with DR at
the baseline had a high level of FBG and a high level of
HbAlc. However, our finding contradicts some of the
previous studies. For example, Gimeno-Orna et al. [21]
conducted a cohort study with a mean follow-up period
of 5.2 years to examine whether FBG variability deter-
mines the onset of DR irrespective of HbAlc. Their find-
ing from univariate logistic regression analysis showed
that the interaction of mean HbAlc and FBG variabil-
ity was not a significant risk factor of DR. However, this
result may be due to the nonlinear relationship between
linear predictor for the interaction HbAlc x FBG and
DR. Besides, several studies showed the marginal effects
of FBG and HbAlc on DR [12, 14, 20].

Conclusion

This study identified the possible risk factors of DR
based on data obtained from BLH using a semiparamet-
ric model. The results from this study indicate that clini-
cal variables related to patient characteristics were strong
predictors of DR. The results of the semiparametric
analysis reveal evidence that being hypertensive, insulin
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treatment, 3 and 6-months clinical visits were strong pre-
dictive factors of DR. Moreover, duration of diabetes,
interaction of age by gender, and cholesterol level by
gender had significant nonlinear relationships with DR.
Additionally, the nonlinear relationship between the
interaction HbAlc x FBG and the linear predictor sug-
gested that the risk of DR was higher when the value of
both HbAlc and FBG high. The nonlinear relationship
between DR and continuous clinical predictor can help
health professionals to understand about the nature of the
predictor and it’s relation with the outcome. This will help
them to identify if a given patient is at high risk of DR or
not.

Based on the findings we recommend that health care
professionals should give more attention to the pos-
sible effect of clinical variables which can lead people
with a type II diabetes mellitus to DR. Furthermore,
the researchers should assess the type of relationship
between DR and continuous clinical variables using
exploratory analysis before introducing them to a sta-
tistical model as this may affect results of their analysis
and hence a conclusion of their findings. Finally, since
our study was based on one hospital, we recommend
that a similar study should be conducted across the
country to get more information to improve interven-
tion strategies.

Abbreviations

AIC Akaike information criteria

BLH Black lion hospital

CL Cholesterol level

DD Duration of diabetes

DM Diabetes Mellitus

DR Diabetic retinopathy

FBG Fasting blood Glucose

FPG Fasting plasma glucose

FCv Frequency of clinical visits

GCV Generalized cross validation

HbATc Hemoglobin Alc

IDF International diabetes federation

IT Insulin treatment

NPDR Non-proliferative diabetic retinopathy
PDR Proliferative diabetic retinopathy
PIRLS Penalized iterative reweighted least squares

REML Restricted maximum likelihood
VIF Variance inflation factor
UBRE Unbiased risk estimator

Supplementary Information

The online version contains supplementary material available at https://doi.
org/10.1186/512874-022-01794-4.

[ Additional file 1: Table S1. }

Acknowledgements

We thank Shibru T, Aga & Boka for providing the data which was originally collected
from the Diabetic clinic of Black Lion Hospital, Addis Ababa, Ethiopia for another
study [17]. The first author also thanks the National Research Foundation (NRF) of


https://doi.org/10.1186/s12874-022-01794-4
https://doi.org/10.1186/s12874-022-01794-4

Yirdaw and Debusho BMC Medical Research Methodology (2023) 23:7

South Africa for the partial scholarship and the University of South Africa (UNISA) for
the M & Dbursary to top-up the NRF partial scholarship of the first author.

Authors’ contributions

BEY reviewed literature, performed the statistical analyses and drafted the
manuscript. LKD supervised and reviewed the findings of data analyses and
compilation of the manuscript. The author(s) read and approved the final
manuscript.

Funding
There was no funding to conduct this research.

Availability of data and materials
The data sets used and/or analysed during the current study are available
from the corresponding author on reasonable request.

Declarations

Ethics approval and consent to participate

Ethical clearance and approval was obtained from the Institutional Review
Board (IRB) of the College of Health Sciences of Addis Ababa University by
the data providers [17]. After explaining the purpose and possible benefit of
the study, oral and written informed consent was obtained from each patient
before starting the procedure. All methods were carried out in accordance
with relevant guidelines and regulations/Declaration of Helsinki.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Received: 7 April 2022 Accepted: 16 November 2022
Published online: 09 January 2023

References

1. World Health Organization. World health organization diabetes fact sheet.
2018. [Updated October 30, 2018].

2. Alam S, Hasan M, Neaz S, Hussain N, Hossain M, Rahman T, et al. Diabetes
Mellitus: insights from epidemiology, biochemistry, risk factors, diag-
nosis, complications and comprehensive management. Diabetology.
2021;2(2):36-50.

3. Amer J, Suboh R, Abualrob M, Shaheen A, Abu Shanab A. Risk Factors
Associated With Diabetic Retinopathy: A Cross-Sectional Study Within
Palestinian Patients in Northern West Bank. Front Clin Diabetes Healthc.
2021;2:736715. https://doi.org/10.3389/fcdhc.

4. Tilahun M, GobenaT, Dereje D, Welde M, Yideg G. Prevalence of diabetic
retinopathy and its associated factors among diabetic patients at
Debre Markos referral hospital, Northwest Ethiopia, 2019: Hospital-
Based Cross-Sectional Study. Diabetes Metab Syndr Obes Targets Ther.
2020;13:2179-87.

5. Viswanath K, McGavin DM. Diabetic retinopathy: clinical findings and
management. Community Eye Health. 2003;16(46):21.

6. Giloyan A, Harutyunyan T, Petrosyan V. The prevalence of and major risk
factors associated with diabetic retinopathy in Gegharkunik province of
Armenia: cross-sectional study. BMC Ophthalmol. 2015;15(1):1-7.

7. Sabanayagam C, Banu R, Chee ML, Lee R, Wang YX, Tan G, et al. Incidence
and progression of diabetic retinopathy: a systematic review. Lancet
Diabetes Endocrinol. 2019;7(2):140-9.

8. Flaxman SR, Bourne RR, Resnikoff S, Ackland P, Braithwaite T, Cicinelli MV, et al.
Global causes of blindness and distance vision impairment 1990-2020: a sys-
tematic review and meta-analysis. Lancet Glob Health. 2017;5(12):.e1221-34.

9. International Diabetes Federation. 9th ed. 2019. Retrieved February 20,
2022, from http://www.diabetesatlas.org.

10. Abebe N, Kebede T, Addise D. Diabetes in Ethiopia 2000-2016 prevalence
and related acute and chronic complications; a systematic review. Afr J
Diabetes Med. 2017;25(2):7-12.

20.

21

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.
33.

34.

Page 12 of 13

. Olafsdottir E, Andersson DK, Dedorsson |, Stefénsson E. The prevalence of

retinopathy in subjects with and without type 2 diabetes mellitus. Acta
Ophthalmol. 2014;92(2):133-7.

Ferm ML, DeSalvo DJ, Prichett LM, Sickler JK, Wolf RM, Channa R. Clinical
and Demographic Factors Associated With Diabetic Retinopathy Among
Young Patients With Diabetes. JAMA Netw Open. 2021;4(9): €2126126.
Zhao C,Wang W, Xu D, Li H, Li M, Wang F. Insulin and risk of diabetic
retinopathy in patients with type 2 diabetes mellitus: data from a meta-
analysis of seven cohort studies. Diagn Pathol. 2014;9(1):1-7.

Tsegaw A, Alemu S, Dessie A, Patterson CC, Parry EH, Phillips DI, et al.
Diabetic retinopathy in type 2 diabetes mellitus patients attending the
diabetic clinic of the University of Gondar Hospital, Northwest Ethiopia. J
Ophthalmol. 2021;2021:6696548. https://doi.org/10.1155/2021/6696548.
Hussain S, Qamar MR, Igbal MA, Ahmad A, Ullah E. Risk factors of retin-
opathy in type 2 diabetes mellitus at a tertiary care hospital, Bahawalpur
Pakistan. Pak J Med Sci. 2013;29(2):536.

Atkin SL, Butler AE, Hunt SC, Kilpatrick ES. The retinopathy-derived HbA1c
threshold of 6.5% for type 2 diabetes also captures the risk of diabetic
nephropathy in NHANES. Diabetes Obes Metab. 2021;23(9):2109-15.
ShibruT, Aga F, Boka A. Prevalence of diabetic retinopathy and associated
factors among type 2 diabetes patients at Tikur Anbessa Hospital, Ethiopia.
J Diabet Metab. 2019;10(2):1-6.

Group UPDSU, et al. Risks of progression of retinopathy and vision loss
related to tightblood pressure control in type 2 diabetes mellitus: UKPDS
69. Arch Ophthalmol. 2004;122(11):1631-40.

Stratton |, Kohner E, Aldington S, Turner R, Holman R, Manley S,

et al. UKPDS 50: risk factors for incidence and progression of retin-
opathy in Type Il diabetes over 6 years from diagnosis. Diabetologia.
2001;44(2):156-63.

Tan F, Chen Q, Zhuang X, Wu C, Qian Y, Wang Y, et al. Associated risk fac-
tors in the early stage of diabetic retinopathy. Eye Vision. 2019;6(1):1-10.
Gimeno-Orna JA, Castro-Alonso FJ, Boned-Juliani B, Lou-Arnal LM. Fasting
plasma glucose variability as a risk factor of retinopathy in Type 2 diabetic
patients. J Diabetes Complicat. 2003;17(2):78-81.

Massin P, Lange C, Tichet J, Erginay A, Cailleau M, Eschwege E, et al.
Hemoglobin Alc and fasting plasma glucose levels as predictors of
retinopathy at 10 years: the French DESIR study. Arch Ophthalmol.
2011;129(2):188-95.

Ghazanfari Z, Haghdoost AA, Alizadeh SM, Atapour J, Zolala F. A compari-
son of HbATc and fasting blood sugar tests in general population. Int J
Prev Med. 2010;1(3):187-94.

Jeffers J. The importance of exploratory data analysis before the use of
sophisticated procedures. Biometrics. 1994;50:881-3.

Juggins S, Telford RJ. Exploratory data analysis and data display. In:
Tracking environmental change using lake sediments. Springer; 2012. p.
123-141.

Leinhardt S, Wasserman SS. Exploratory data analysis: An introduction to
selected methods. Sociol Methodol. 1979;10:311-65.

Morgenthaler S. Exploratory data analysis. Wiley Interdiscip Rev Comput
Stat. 2009;1(1):33-44.

Azeze TK, Sisay MM, Zeleke EG. Incidence of diabetes retinopathy and
determinants of time to diabetes retinopathy among diabetes patients at
Tikur Anbessa Hospital, Ethiopia: a retrospective follow up study. BMC Res
Notes. 2018;11(1):1-6.

Seid K, Tesfaye T, Belay A, Mohammed H. Determinants of diabetic
retinopathy in Tikur Anbessa Hospital, Ethiopia: a case-control study. Clin
Diabetes Endocrinol. 2021;7(1):1-9.

Seyoum B, Mengistu Z, Berhanu P, Abdulkadir J, Feleke Y, Worku Y, et al.
Retinopathy in patients of Tikur Anbessa Hospital diabetic clinic. Ethiop
Med J. 2001,39(2):123-31.

Altman DG, Royston P. The cost of dichotomising continuous variables.
BMJ. 2006;332(7549):1080.

Cochran WG. Sampling Technique. New York: John Wiley and Son; 1977.
Chisha Y, Terefe W, Assefa H, Lakew S. Prevalence and factors associ-
ated with diabetic retinopathy among diabetic patients at Arba-

minch General Hospital, Ethiopia: Cross sectional study. PloS ONE.
2017;12(3):e0171987.

Davila JR, Sengupta SS, Niziol LM, Sindal MD, Besirli CG, Upadhyaya S,

et al. Predictors of photographic quality with a handheld nonmydriatic
fundus camera used for screening of vision-threatening diabetic retin-
opathy. Ophthalmologica. 2017;238(1-2):89-99.


https://doi.org/10.3389/fcdhc
http://www.diabetesatlas.org
https://doi.org/10.1155/2021/6696548

Yirdaw and Debusho BMC Medical Research Methodology

35.
36.
37.

38.

39.
40.
41.

42.

43.

44,

45.

46.

47.

48.

(2023) 23:7

World Health Organization. World health organization hypertension fact
sheet. [Hypertension (who. int)]. 2021.

Wood NS. Generalized additive models. Boca Raton: University of
Bristol; 2017.

Coull BA, Ruppert D, Wand M. Simple incorporation of interactions into
additive models. Biometrics. 2001;57(2):539-45.

Chen HF, Ho CA, Li CY. Age and sex may significantly interact with
diabetes on the risks of lower-extremity amputation and peripheral
revascularization procedures: evidence from a cohort of a half-million
diabetic patients. Diabetes Care. 2006;29(11):2409-14.

Jones K, Wrigley N. Generalized additive models, graphical diagnostics,
and logistic regression. Geogr Anal. 1995;27(1):1-18.

Soley-Bori M. Dealing with missing data: Key assumptions and methods
for applied analysis. Boston Univ. 2013;23:20.

Allison PD. Multiple imputation for missing data: A cautionary tale. Sociol
Methods Res. 2000;28(3):301-9.

Lee JH, Huber Jr J, et al. Multiple imputation with large proportions of
missing data: How much is too much? In: United Kingdom Stata Users’
Group Meetings 2011. 23. Stata Users Group; 2011.

Meng X, Zhang Y, Kong Q, LvY, Hu H, Chen T, et al. Interaction analysis of
systolic blood pressure and glycosylated hemoglobin in diabetic retin-
opathy: A Chinese sample. Tradit Med Mod Med. 2019;2(03):119-25.
Goyal M, Kamboj P, Behgal J, Rathee S, Lather T. Risk factors of diabetic
retinopathy in patients with type 2 diabetes mellitus. Diabetes Manage.
2017;7(6):408-11.

Lin JC, Shau WY, Lai MS. Sex-and age-specific prevalence and incidence
rates of sight-threatening diabetic retinopathy in Taiwan. JAMA Ophthal-
mol. 2014;132(8):922-8.

Magliah SF, Bardisi W, Al Attah M, Khorsheed MM. The prevalence and risk
factors of diabetic retinopathy in selected primary care centers during
the 3-year screening intervals. J Fam Med Prim Care. 2018;7(5):975-81.
Hanai K, Babazono T, Yoshida N, Nyumura |, Toya K, Hayashi T, et al.
Gender differences in the association between HDL cholesterol and the
progression of diabetic kidney disease in type 2 diabetic patients. Neph-
rol Dial Transplant. 2012,27(3):1070-5.

Kaewput W, Thongprayoon C, Rangsin R, Ruangkanchanasetr P, Mao
MA, Cheungpasitporn W. Associations of renal function with diabetic
retinopathy and visual impairment in type 2 diabetes: A multicenter
nationwide cross-sectional study. World J Nephrol. 2019;8(2):33-43.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 13 of 13

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions




	Semiparametric modelling of diabetic retinopathy among people with type II diabetes mellitus
	Abstract 
	Background 
	Method 
	Result 
	Conclusion 

	Introduction
	Methodology
	Study area and data
	Semiparametric model for binary response
	Proposed semiparametric models
	Estimation of parameters
	Test of nonlinearity and model evaluation

	Results
	Missing data imputation
	Test of multicollinearity and nonlinearity
	Model selection and evaluation
	Semiparametric multivariable analysis

	Discussion
	Conclusion

	Acknowledgements
	References


