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Background & aim: Diabetes mellitus is a common, chronic, metabolic syndrome characterized by hyperglycemia 
as a cardinal biochemical feature. Type-1 diabetes is a continuing hormonal deficiency disorder that has significant 
short-term impacts on health and lifestyle and is associated with major long-term complications like heart failure, 
kidney, hypertension, eye damage, etc. which reduced life expectancy. The main objective of this study was to 
assess the risk factor that increase prevalence of type-1 diabetes mellitus and to determine their relationship with 
outcome of type-1 diabetes mellitus over time. 
Methods & materials: To address this objective linear mixed effect model was applied using the random blood 
sugar of 970 diabetic patient children during treatment period of 3 years at Hiwot Fana hospital which have been 

implemented in statistical packages STATA, SAS and R.  
Result: This study found that the mean progression of random blood sugar level of diabetic children was 
decreased over time after they starts their follow up and medications. The linear distribution also accounts 92 % 
variability of the data was explained by the covariates which were included in the study. The variable age, 
residence, family history, nutrition status, early diet, body mass index, electrolytes and renal function test had 
significant effect on the change of sugar level (p < 0.05). 
Conclusion: The cumulative incidence of type-1 diabetes mellitus disease was increased due to presence of co-
infections and decreased with pharmacological diabetes treatment. The linear mixed effects model fitted was 

appropriate for the estimation of sugar levels based on the risk factor variables for type-1 diabetes mellitus patient 
children. 
Abbreviations: RBS = Random blood sugar; FH = Family history; UM = under malnutrition; OM = Over 
malnutrition; RFT= Renal function test; NS=Nutritional status 
 
 

Introduction 
Diabetes mellitus is a common, chronic, 

metabolic syndrome characterized by hyper-

glycemia as a cardinal biochemical feature. It is 
not a single entity rather a heterogeneous group 

of disorders in which there are distinct genetic 

patterns as well as other etiologic and patho-
physiologic mechanisms that lead to impairment 

of glucose tolerance. The classification of 

diabetes is based upon the pathophysiology of 

each form of the disease. Type-1 diabetes results 
from cellular mediated autoimmune destruction 

of pancreatic β-cells, usually leading to loss of 

insulin secretion (1). The incidence of childhood 
onset diabetes is increasing in many countries. 

There are clear indications of geographic 
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differences in trends but the overall annual 
increase is estimated at around 3% (2). 

Worldwide, the incidence of type-1 diabetes is 

increasing, with more children being obese on 
presentation as a result of the escalating 

prevalence of obesity in the youth (3) and 79,000 

children worldwide are estimated to develop 
type-1 diabetes annually and incidence is 

increasing more steeply in some of the low 

prevalence countries in Europe and that, in 

relative terms, increases in Europe are greatest in 
young children (4). Incidence and prevalence of 

type-1 diabetes in Africa increases from birth to 

12 years, reaching a peak at 10-14 years of age, 
before falling to a much lower rate (5).Study 

carried out among black South African type-1 

diabetics, and a second study on Sudanese 
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patients, found a slightly higher incidence of 
female to male patients, although this was not 

statistically significant (6). 

Several studies have highlighted the relevance 
of residual β-cell function as measured by fasting 

blood glucose (random blood glucose) in patients 

with type- 1 diabetes (7). In particular evidence 
the patients who maintain a stimulated C-peptide 

after diagnosis show improved metabolic control 

which evaluated by haemoglobinA1c (HbA1c) 

and reduced risk of developing long-term 
complications (8). In cross-sectional studies, 

youth with type-1 diabetes mellitus perform 

worse than no diabetic peers on tests of cognitive 
function across multiple do- mains (9). Past 

cross-sectional research has suggested that early 

age of diabetes onset has a negative effect on 
cognitive function in adults with T1DM 

(10).Type-1 diabetes is a continuing hormonal 

deficiency disorder that has significant short-

term impacts on health and lifestyle and is 
associated with major long-term complications 

and reduced life expectancy. Diabetes can lead to 

serious complications, like heart, kidney, eye 
damage, etc. 

Longitudinal mixed study in San Diego, 

California, with the database contains 2000 to 

2002 found that the variable age, duration of 
disease, total cholesterol, BMI, dietary and 

malnutrition were significantly associated with 

glucose level and with the experience of 
longitudinal study on diabetes, many factors are 

associated with type-1 diabetes. Those are age, 

gender, treatment, diabetes duration, body mass 
index (BMI), exercise, insulin dose, family 

history, duration and others. There was a 

significant correlation between the total insulin 

secretory response and control of glucose, 
measured by HbA1c (P = 0.003) and insulin 

secretory response is an important determinant of 

the rate of metabolic decomposition from 
autoimmune destruction (11). The main objective 

of this study was to assess the risk factor for 

developing type-1 diabetes mellitus in pediatric 
patients over time using the random blood sugar 

in a follow up study at Hiwot Fana specialized 

hospital during treatment period of 3 years and to 

determine their relationship and also to determine 
outcome of type-1 diabetes mellitus in pediatric 

patients. Parts of the paper are organized as 

follows. Section 2 describes the materials and 
methods used in the study, section 3 presents the 

results and discussion and conclusions are 

provided in section. 

Materials and Methods 

Data Description and Study Design 

This study was a retrospective cohort study 

based on data from diabetic patients. The data 

used in this study were obtained from Haramaya 

University Specialized Hospital, Ethiopia. The 
data consists longitudinal measurement on type-

1 diabetes mellitus of each experimental unit 

(12), describe repeated measures as the situation 
in which measurements are made of the same 

characteristic on the same observational unit but 

on more than one occasion. This is what is meant 
by the term longitudinal data. 

The usual test of diabetes is a random fasting 

blood glucose test before eating and its cut- off 

value for fasting glucose is 126mg/dL ( >7.0 
mmol/dl) and random blood glucose level is 

>200mg/dl(11.1 mmol/l). The target populations 

of this study were all type-1 diabetic patients 
whose attend Hiwof fana specialized hospital and 

have been active in follow-up for their diabetes at 

least 2 times in four month interval in the hospital 

from September, 2016 to September, 2018 who 
has a minimum of two and a maximum of six 

repeated measurement values. The size of data 

may be different, because the duration of follow-
up were not the same. All patients for this study 

who were included are those whose age less than 

15 that have followed at least two times in three 
years were included in the study. In this study 970 

observations were considered to collect the 

random blood sugar which was evaluated at fixed 

time points and measurements of all the patients 
were taken at 4 ,8,12,16,20 and 24 months ,which 

had equal time intervals with 4 moths difference 

between all measurements. 
After selecting the proper covariance 

structure, evaluation of the final model is 

necessary. In the linear model, the co-linearity of 
predictors may affect the residual distribution, so 

the co-linearity among covariates needs to be 

checked (13). We need to check the distributional 

assumptions of the maximum likelihood 
estimation model with random effects and 

residual terms. To have an idea about the 

evolution of the data, mean profiles were plotted. 
The mean, the variance and the correlation 

structures were then also explored through 

graphical techniques. In parallel to defining the 

fixed effects model, a random effects model must 
be chosen to define a covariance model. 

The random blood sugars of the patients 

ranged from 164 to 600 mg/dl, with their mean 
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and standard deviation values of 364.62mg/dl 
and 100.13 mg/dl respectively. Individuals are 

not only said to be diabetic patients with large 

levels of RBS, but also for small levels. RBS 
level higher or lower than the standard value was 

considered as diabetic. Several potential 

explanatory variables were also considered in 
this study. Among the total study subjects of 970 

patients included in the study, 489 (50.41%) were 

female while 481(49.59%) were male which is in 

line with the result in the study (14). More than 
half of the study subjects 565 (58.25%) were feed 

milk while 405 (41.75%) were feed breast, which 

shows that breast feeding has less probability to 
exposed for type-1 diabetes mellitus. In the same 

case 642 (66.19%) and 328(33.8%) were live in 

urban and rural respectively, it coincide with the 

study result of (15). Regarding family history, 
715(77.42%) had family history while the 

remaining 219(22.58%) were had no family 

history, this value also indicates the prevalence is 
high among individuals with family his- tory had 

higher random blood sugar level than non-family 

history which has similar conclusion with the 
study (16). 

Regarding to the continuous factors of Table 

1, the means of the baseline age and body mass 

index are 8.55 years and 21.89 kilograms/m2 
with standard deviations of 2.85 years and 3.19 

kilogram/m2 respectively. These variables are 

standardized to have a mean 0 and variance of 1 
for facilitating parameter convergence. As such, 

their coefficients in the mixed model represent 

the effect for a unit standard deviation change. 
  

Table 1: Covariates used in the Linear mixed effect model analysis for T1DM data 

No. Variables Description 

1. gender 0=Female, 1= Male 

2. Age Year 

3. Family history 0 = No family history, 1= has family history 

4. Place of residence 0 = rural, 1 = urban 

5. RFT(renal function test) 0 = Normal, 1=deranged 

6. Nutrition status  0 = good ,1 =over malnutrition,2= under malnutrition  

 
 

 

 
 

 

 
 

 

 

 
 

 

 
 

malnutrition 

7. Early Dietary 0 =Milk, 1= Breast feeding 

8. Body mass index Kilogram per meter square 

9. Electrolytes 0 = Normal, 1=deranged 

 

Longitudinal Data Analysis 

The linear mixed effect model is an 
appropriate statistical model for continuous 

response data, given that they duly acknowledge 

dependence between observations within 
subjects, through the use of random effects. 

Assume that there are i = 1, 2, . . . , N subjects 

and j = 1, 2, . . . , ni follow- up continuous 

measurements Yij taken for each subject. 
The linear mixed effect model is specified as: 

 

    (1) 
 

This model involves two set of covariates Xij 

and Zij . The ni × p covariates Xij are associated 
with a p-dimensional vector of fixed-effects 

parameters β and the ni × q set of covariates Zij 

are associated with the random effects  

bi ∼ N (0, D). In addition, ij ∼ N (0, Ri ) 

represents the residual of the jth observation on 

the ith subject. Given the random effects bi , the 

residuals are often but not always assumed 
independent. The variance–covariance matrix D 

indicates the degree of heterogeneity of subjects. 

When all dependent residuals are considered, a 
variety of covariance structures are then possible 

for both D and Ri, such as unstructured, 

compound symmetry, and first-order 

autoregressive matrices.  
E(Yij ) = E[E(Yij|bi)] = Xijβ and hence 

marginal and conditional parameters are equal.  

Alternatively, the marginal model is: 
 

ijXY ijij 
*

*
          (2) 

with correlated residuals  

ij
*

∼
)

*,0(
i

N v
 

The marginal distribution of the response is 

then, Yij ∼ N (Xijβ, Vi ). In this case, correlation 

is taken into account through covariance 

parameters. Again, different specifications of the 

ijiijijij bZXY  
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covariance structure can be imposed for the 
covariance as shown above for D and Ri . It is 

well known that the marginal model resulting 

from equation (1) is a special case of equation (2). 
The hierarchical linear mixed effect model 

therefore implies a specific marginal model with 

ij
* ∼ N (0, Vi *) where i

t
i RDZZiV  .  

A very important fact is that the implied 
marginal model removes the positive definiteness 

restrictions on the D and Ri matrices, merely 

requiring that Vi be positive definite, thus weaker 
restrictions on the covariance parameters apply. 

Maximum likelihood and restricted maximum 

likelihood are popular estimation methods for the 
mixed model parameters (17). But from these 

two methods, restricted maximum likelihood is 

used to obtain best less biased estimates of the 

covariance parameters (18).The empirical 
maximization algorithm and Newton–Rap son 

based procedures (19) are common updating 

methods. These have been implemented in 
statistical packages STATA, SAS and R. 

Result  

On this section, statistical results were 
presented with the combination of descriptive 

and inferential analysis. 1456 case were 

considered in this study to collect random blood 
sugar which was evaluated at fixed time. The 

ranges for RBS level of those patients were from 

264 mg/dl to 584 mg/dl with the corresponding 

mean and standard deviation of 364.6 mg/dl and 
100.2 mg/dl respectively. From these study 

patients, 512 (52.7 %) were females that shows a 

greater incidence of the disease which is in line 
with the study result of (9). In the same fashion, 

751 (77.4 %) were had family history with related 

to type-1 DM; and patients who live in rural were 

more exposed and 642(66.2%) were live in rural; 
who were also affect by Type 1DM, which are 

similar to the study of (9). regarding the 

nutritional status, 473(48.76%), 176(18.14%) 
and 321(33.1 %) were under, normal and over 

malnutrition. Similarly, there were also 

565(58.24 %) patients who starts milk in their 
early age, particularly before six months after 

birth, such that children who had breast feeding 

at early age had less probability for exposed to 

DM as compared with milk. 
To understand the possible relationships 

among the RBS level of means over time, the plot 

of the mean structure is shown in Figure 1. The 
circled points in the plot show the mean RBS 

level at each observation time. , the variability of 

patients were observed and at the initial time the 
mean RBS of patients was higher and the mean 

of the RBS level was decreased over time since 

the follow up starts, this is due to the effect of 

medication and related measurements taken by 
the physician as well as the patient itself. This 

was very essential to determine the type and the 

rate of progression for T1DM disease in the form 
of RBS over the linear effect of time. 

The variance function were shown in Figure 

2, which was clearly shows the non- stationary of 

the RBS level among the patients which 
variability varies over time .This also implies the 

existence of some systematic structure between 

subjects. The variance function graph also to 
determine both random intercept and slope were 

included in the model as a preliminary random 

effect structure. From Table 2, the estimated 
subject specific variance is 0.65 with 95% 

credible interval (0.52, 0.79). Hence, it also 

supports the assumption of heterogeneous 

variance for the repeated RBS level.  
 

 

Figure 1: Mean profile 

 

Figure 2: Variance Function of the residuals 
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Table 2: Parameter estimates for the linear mixed effect model of RBS change for T1DM patients 

Effect Estimate St. Error t P values Wald 95% CI 

Constant 663.07 51.64 12.84 0.000 (561 , 764) 

Time -74.85 17.84 -4.19 0.000 (-109 , -39) 

Age 7.68 2.23 3.44 0.001 (3.31 , 12.06) 

BMI 7.43 1.68 4.42 0.000 4.14 , 10.72 

Male 58.10 9.95 5.84 < 0.081 (77.61 , 38.59) 

Urban -46.32 10.56 -4.39 < 0.001 (-67.02, -25.62) 

Milk 16.40 8.12 2.01 0.022 (0.48 , 32.31) 

Has no FH -27.79 12.42 -2.24 0.025 (-52.14 , -3.45) 

UM 13.13 4.31 3.04 0.043 (5.16 , 21.22) 

OM 14.43 2.23 4.67 0.036 (10.05 , 18.81) 
Normal RFT -60.75 10.32 -5.88 <0.001 (-80.99 , -40.51) 

Age*Time 15 .64 3.74 1.51 0.041 (7.66 , 22.33) 

Urban *Time 1.45 0.681 2.14 0.032 (0.12 ,2.79) 

Has no FH*Time 9.72 4.01 2.42 0.015 (1.86 , 17.57) 

Random Effect      

Var(εi j) 0.65 0.06 - - (0.52 , 0.79) 

Var(b0 ) 10.09 9.66 - - (8.84 , 11.42) 

Var(b1 ) 18.69 1.06 - - (16.72 , 20.90) 

 

 

The two plots of Figure 3, the first-stage 

models for linear and quadratic; the overall 

coefficient m etaR2
 of multiple determinations 

indicates what proportion of the total within-

subject variability can be explained by the first-
stage linear model (17).

 

 
Figure 3. R2

i of multiple determinations and the overall coefficient R2
meta of multiple determinations for Subject-

specific coefficients which are shown by dashed line. 
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From the result of this figure, the m etaR2
 

values for both linear and quadratic first-stage 

models were 0.92 and 0.68 respectively. From 
those the linear had highest proportion to explain 

the variability of the random sugar level 

accounted by the covariates. Even though, in both 
models most of the proportion of the total within-

subject variability were explained, but to identify 

whether the linear or the quadratic time effect 

model was essential to fit linear mixed model 
with the same covariance structure the value of 

AIC and BIC were also considered. The AIC and 

BIC for linear model and quadratic model (864 & 
923 vs. 876 & 1024) respectively. Hence linear 

mixed model gives a relatively good fit to the 

data than the non-linear (quadratic) mixed model. 
As shown in the result of Table 2, the variable 

age, BMI, residence, early diet, malnutrition 

status and RFT significantly affected RBS level 

child patients in T1DM(p < 0.05). Hence, as age 
of a patient increased by 1 year, change of RBS 

level also increased by 7.68mg/dl keeping the 

other variables constant (p = 0.001) and also for 
a unit change in BMI, there was also 7.68mg/dl 

change in RBS(p = 0.000). From these there 

associated of RBS with age and BMI which is 
also supported by the study of (20). As the follow 

up times increased by one unit, the change of 

RBS level of the patients was decreased by 

74.85mg/dl (p < 0.000). The analysis revealed 
that the rate of change in RBS for patients who 

has no family history is 0.85 times less likely than 

patients who has family history (p = 0.025) and 
similarly patient Child who live in rural are 1.3 

times more likely exposed to T1DM than that of 
who lives in urban (p = 0.001), these result is also 

in line with the study of (21). In the same fashion, 

the composition of diet is one of the best known 
dietary patterns which affect child health 

including the development of T1DM. In this 

study also children who had normal malnutrition 
status has lowest RBS values that shows there 

exist statistical significance difference in the rate 

as well as in the prevalence of T1DM in children 

who had over malnutrition(p = 0.036) and under 
malnutrition(p = 0.043). Similarly, child’s who 

does not get enough breast feeding at their earlier 

age (mostly who feed milk) had greater glucose 
level (16.4) times to the child who had breast 

feeding at early ages, particularly up to six 

months after birth(p=0.022). Hence early diet and 
malnutrition status have positive significant 

effect on the development of T1DM which 

parallel with the study of a longitudinal study 

conducted by Mohan et al., 2009. Therefore, the 
parents and the child themselves must restrict the 

types and amounts of foods they eat to monitor 

their blood glucose levels at specific times. The 
renal function test (RFT) is one the indicator 

factor for the development of T1DM in children. 

Based on the values of RFT, this study also 

confirms that the deranged RFT values has higher 
probability to develop T1DM in Child, 

numerically the RBS level of children with 

normal RFT was decreased by 60mg/dl as 
compared with deranged RFT values(p <= 

0.001). 

The interaction effect of residence and family 
history with time is given below as:

 

       (3) 

 
 

       (4) 

 
 

 

Based on these two line equations (3), the rate 
of change should determine based on the 

difference of the slopes, and hence as the follow 

up time increased by one unit, the average rate of 

RBS for T1DM child patients who lives in urban 
was decreased by the amount of 1.45mg/dl as 

compared to that of patients who lives in 

rural(p<=0.001) and in same way figures from 
equation(4), states that the for a unit increment in 

follow up time, the rate of change in RBS level 

child whose family has DM history was increased 

by 9.72mg/dl as child patients whose family has 
no disease history(p=0.015). 

Discussion and Conclusion  

The cumulative incidence of T1DM disease 
was increased due to presence of confections and 

decreased with pharmacological diabetes 

treatment. The linear mixed effects model fitted 
was appropriate for the estimation of sugar levels 

in T1DM patient children based on the risk factor 

variables. The pattern in mean change of sugar 










    urban     in  lives  whopatients       Time, *   73.4 616.75

rurarin  live  whopatients       Time,*85.7407.663
RBS










historyfamily  no has  whopatients    Time, *65.13635.28

history  family  has  whopatients    Time,*74.85663.07
RBS
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levels revealed a linear distribution that 
decreased over time staring from follow up which 

also showed estimate of time was negative in the 

model. The estimated subject specific profile also 
supports the heterogeneous variability of RBS 

level within measurements of patient child’s. 

About 92% variation of the random blood sugar 
was explained by the covariates which were 

included in the model. Among the risk factor of 

T1DM, age, BMI, residence, family history, early 

diet nutritional status and renal function test had 
statistically significance effect on the value of 

RBS level which is an indicators of the 

disease(p<0.05) while there were no significant 
difference of RBS between male and female. The 

increasing prevalence and incidence of type-1 

diabetes and its long-term complications in 
Ethiopia could have devastating human and 

economic toll if the trends remain unabated in the 

future. 
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