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Abstract – Communicable diseases are infectious diseases that can spread from person to person every year, 

causing the death of hundreds of thousands of people and significantly threatening public health. Disability-

adjusted life years (DALYs) is an important criterion measuring the years of life lost by a person due to a 

negative situation such as illness, injury or infectious diseases, and the quality of life. In this study, the 

relationships between DALYs from communicable diseases and countries’ income levels, urbanization, net 

immigration rate, median age, forest area, and human development index (HDI) for 187 countries from six 

continents in 2019. Four generalized linear models and twelve generalized linear mixed models (both 

GLMs and GLMMs) having binomial distribution with different random effects such as countries, 

continents, and both of them under “logit”, “probit”, “cloglog”, and “cauchit” link functions are used for 

modelling DALYs data in the global aspect of population and demographic change, and also economic, 

development, and environmental indicators. As a result of sixteen modelling, GLMM having binomial 

distribution with country and continent-random effects under “logit” link function is detected as the best 

fitted model according to information criteria as AIC with 100.766, AICc with 102.870, BIC with 142.770, 

and CAIC with 155.770. According to these statistical findings, it has been detected that increases in 

urbanization and net immigration rates have a positive effect on DALYs from communicable diseases, 

while increases in countries' income levels, median age, forest area, and HDI have a negative effect.  
 

Keywords – Generalized Linear Model, Generalized Linear Mixed Model, Random Effect, Logit, Probit, Cloglog, Cauchit Link 

Function, Communicable Disease, Disability-Adjusted Life Years. 

I. INTRODUCTION 

 

Communicable diseases are infectious diseases that can cause the death of hundreds of thousands of 

people every year and pose a significant threat to public health [1-5]. The “tree map” in terms of 

visualization of the percentages of causes of deaths worldwide in 2019 are given in Figure 1 [6]. 
 

 

https://as-proceeding.com/index.php/ijanser


International Journal of Advanced Natural Sciences and Engineering Researches 

 

97 
 

 
 

Figure 1. The treemap in terms of visualization of the percentages of causes of deaths worldwide in 2019 [6]. 

Source: https://ourworldindata.org/causes-of-death-treemap [6] 

 

 

 Approximately 7.7 million of the 55 million deaths in 2019 are caused by communicable diseases. As 

can be seen from Figure 1, deaths from communicable (infectious) diseases are accounted for 14% 

worldwide in 2019. These diseases come after non-communicable diseases among the causes of deaths 

ranking 2nd worldwide. From here it is understood how important these diseases are [6]. 

Disability-adjusted life years (DALYs) is an important criterion as the years of life lost by a person due 

to a negative situation such as illness, injury or infectious diseases, and the quality of life [7-11]. Since 

DALYs resulting from a particular disease or disability, this measurement is very important in determining 

the burden of that disease or disability [12-15]. 

Intercountry migration means people changing their place of residence from one country to another for 

any purpose, and urbanization means the mobility of a country's population from rural areas to cities, that 

is, migration within the country [16-20]. It is known that migration and urbanization as population and 

demographic changes indicators have a significant impact on the spread and treatment of communicable 

diseases as they will cause dense population [21-32]. Forest area is part of the ecosystem in a region or a 

country with its vegetation, trees and biodiversity [33-35]. Therefore, the decrease in the forest areas may 

lead to a decrease in access to clean water, which may significantly reduce the rate of decrease in the air 

pollution and may lead to an increase in the communicable diseases [36-39]. Human Development Index 

(HDI) is an index that measures a country's development with indicators such as life expectancy, income 

level and education level [40-42]. In countries with a high HDI, early diagnosis, treatment opportunities 

and prevention of infectious diseases will be more effective than in countries with low HDI [43-46]. 

In the literature, there are some studies investigating the relationships between communicable diseases 

and countries’ income levels, urbanization, immigration, median age, forest area, and HDI. Wood et al. 

[47] investigated the effects of environmental, demographic and economic factors on DALYs for 60 

countries using spatial analysis. Guégan et al. [48] examined the effect of clearing forest areas on the 

increased risk of infection. Napolioni and MacMurray [49] investigated the relationships between HDI and 

communicable (infectious) diseases with other indicators for 189 countries. Buheji et al. [50] used the 

Poisson regression model for modeling mortality rates and recovery from the COVID-19 pandemic with 

infection diseases data for 173 countries. Xu et al. [51] modelled global age-standardized DALYs data 

using the GLM approach. Gianino et al. [52] measured DALYs for sixteen Europe countries using clustered 
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analysis and Kolmogorov-Smirnov (KS) test. Montagu et al. [53], Forrester et al. [54], Sharma [55], 

Daroudi [56], Pattanayak [57], Sun et al. [58], and İyit et al. [59] investigated the relationships between 

DALYs from communicable diseases and the different indicators mentioned above.  

In this study, the relationships between DALYs from communicable diseases and countries’ income 

levels, urbanization, net immigration rate, median age, forest area, and HDI are investigated for 187 

countries from six continents in 2019. Four generalized linear models and twelve generalized linear mixed 

models (GLMs and GLMMs) having binomial distribution with different random effects such as countries, 

continents, and both of them under “logit”, “probit”, “cloglog”, and “cauchit” link functions are used for 

modelling DALYs data in the global aspect of population and demographic change, and also economic, 

development, and environmental indicators. 
 

II. MATERIALS AND METHOD 

 

In this study, DALYs from communicable diseases in 2019 per 100.000 person is taken as the binary 

response variable with cut-off value as its median value 2106.86 [60]. Income levels, urbanization, net 

migration rate, median age, forest area, and HDI are taken as the explanatory variables in this study. 

According to the World Data Bank’s income classifications in 2019, income levels of 187 countries from 

six continents consist of four income categories as “low-income”, “low-middle-income”, “upper-middle-

income”, and “high-income” [61]. Net migration rate is calculated by subtracting the number of people per 

1,000 people migrating from a given country from the number of people moving to that country in the same 

year [62]. Urbanization is the share of the population living in urban areas calculated as the percentage of 

urban population relative to the total population [63]. Median age is the value that divides the age 

distribution of people living in a country in a year into two in terms of probability distribution [64]. Forest 

area is the share of the forest area of at least five meters in length, excluding agricultural production, to the 

total area in that country [65]. Lastly, HDI is an indicator measuring given country's education, life 

expectancy and income level and takes values between 0 and 1 [66]. All data set of the response and 

explanatory variables included in this study belongs to 187 countries from six continents in 2019. All 

variables used in this study are given in Table 1. 

 
Table 1. Definitions of the response/explanatory variables taken in this study [60-66] 

Names of response/explanatory 

variables 
Description 

DALYs from communicable 

diseases 

Binary variable according to its median value at 2106.86 of DALYs from 

communicable diseases in 2019 per 100.000 person for 187 countries from 

six continents in 2019 [60] 

Income 
Income levels according to the World Data Bank’s classification of 187 

countries from six continents in 2019 [61] 

Urbanization 

The share of the population living in urban areas calculating as the percentage 

of urban population relative to the total population of 187 countries from 6 

continents in 2019 [62] 

Net migration 
Subtracting the number of people per 1,000 people migrating from a given 

country from the number of people moving to that country in 2019 [63] 

Median age 
The value that divides the age distribution of people living in 187 countries 

from 6 continents in 2019 into two in terms of probability distribution [64] 

Forest area 

The share of the forest area of at least five meters in length, excluding 

agricultural production, to the total area in 187 countries from six continents 

in 2019 [65] 

Human development index (HDI) 

An indicator measuring a given country's education, life expectancy and 

income level and taking values between 0 and 1 for 187 countries from six 

continents in 2019 [66] 
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Descriptive statistics such as minimum, mean, 1st quantile, 2nd quantile (median), 3rd quantile, maximum, 

and standard deviation values of the response and explanatory variables are given in Table 2. 
 
Table 2. Descriptive statistics such as minimum, mean, 1st quantile, 2nd quantile, 3rd quantile, and maximum values of response 

and explanatory variables 

Names of 

response/ 

explanatory 

variables 

Min. 1st quantile 
2nd quantile 

(median) 
Mean 

3rd 

quantile 
 Max. 

Standard 

deviation 

(s.d.) 

DALYs from 

communicable 

diseases 

415.7071 917.9943 2106.8596 5442.0608 6268.7229 39702.7906 7378.1840 

Urbanization 13.2500 41.1890 60.0370 59.2667 78.0205 100.0000 22.8959 

Net migration -41.6310 -2.3080 -0.4290 -0.6788 2.0955 25.2100 7.9113 

Median age 14.4000 21.0000 28.3000 28.8626 36.7500 47.6000 9.0817 

Forest area 0.0000 11.5112 31.1231 32.3991 49.5799 97.4831 23.8184 

HDI 0.3900 0.6080 0.7460 0.7460 0.8410 0.9610 0.1511 

 

On the other hand, descriptive statistics such as minimum, mean, 1st quantile, 2nd quantile (median), 3rd 

quantile, maximum, and standard deviation values of  DALYs from communicable diseases in 2019 per 

100.000 person for 187 countries according to their income levels as “low-income”, “low-middle-income”, 

“upper-middle-income”, and “high-income”, and also six continents as Europe, North America, Asia, South 

America, Africa, Oceania and Antarctica are given in Table 3, respectively. 
 

Table 3. Descriptive statistics of DALYs from communicable diseases in 2019 per 100.000 person for 187 countries according 

to their income levels, and also for six continents 

Income levels / 

Continents 

Number 

of 

countries 

Minimum 
1st 

quantile 

2nd quantile 

(median) 
Mean 

3rd 

quantile 
Maximum 

Standard 

deviation 

(s.d.) 

Low-income 27 882.2754 9317.7103 13553.1152 15370.9871 19908.0818 38072.8814 9220.9955 
Low-middle-

income 
47 911.7114 2430.3096 5400.0980 7975.2617 11113.9608 39702.7906 7600.0662 

Upper-middle-

income 
54 545.1941 1067.6574 2013.5665 3002.6990 2699.5184 18900.4823 3931.5094 

High-income 59 415.7071 644.7708 836.0992 1112.9777 1150.8612 4875.9924 910.4690 

Europe 42 415.7071 641.6667 733.7178 876.1479 971.7213 2247.9315 418.4459 
North America 23 691.6689 1513.6234 1909.3746 2433.7560 2481.3156 12139.2751 2319.6562 

Asia 45 435.8627 988.7096 1539.3566 2604.6223 3443.3476 8605.7535 2146.2253 
South America 12 891.4329 1515.0315 2065.3543 2172.0689 2588.6001 4111.2836 923.8290 

Africa 52 911.7114 8000.3846 13175.3572 13866.0718 18518.9646 39702.7906 9259.5041 
Oceania and 

Antarctica 13 447.4426 2722.1080 3643.3579 4660.1701 5412.2458 13160.7536 3448.2189 

 

According to the income levels, the top five countries with the highest DALYs from communicable 

disease per 100.000 person are Central African Republic with 38072.8814, Chad with 35389.1239, Niger 

with 28658.8973, Eritrea with 25857.5411, and Mozambique with 24379.3795 among “low-income”  

countries; Lesotho with 39702.7906, Eswatini with 25946.0406, Nigeria with 21631.7396, Cameroon with 

18553.3984, and Zimbabwe with 18507.4866 among “low-middle-income” countries; South Africa with 

18900.4823, Botswana with 18229.6411, Namibia with 14711.6622, Equatorial Guinea with 11732.7681, 

and Gabon with 6055.8858 among “upper-middle-income” countries; and finally Saint Kitts and Nevis with 

4875.9924, Palau with 4714.5883, Nauru with 3516.1237, Seychelles with 2862.9414, and Bahamas with 

2464.8324 among “high-income” countries, respectively. 
 

In the GLM, the response variable belongs to the exponential distribution family, the systematic 

component consists of linear combinations of explanatory variables with their parameters, and the link 

function connects these two parts as follows [59,68-70];  
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( ) 0

p

ij ij j ijj
g E y x 

=
 = =                                                                                                                                             (1) 

 

where ijE y   , ijx , j , and g  are expected value of the response variable, explanatory variables,  parameters 

to be estimated, and the link function, respectively [71-73]. 

The GLMM as an extended version of the GLM is formed by adding random effect(s) to the systematic 

part of the GLM as follows [74-77]; 
 

( ) 0 1

p q

ij ij j ij k ikj k
g E y x u z 

= =
 = = +                                                                                                                         (2) 

 

where ku and ikz  are random effects and their coefficients, respectively [78-80]. 

The logit, probit, cloglog, and cauchit link functions generally used for the GLM and GLMM having 

binomial distribution are given as follows, respectively [68,71,81-84]; 
 

( ) ( )logit log
1

i
i i

i

p
g p p

p

 
= =  

− 
                                                                                                                                   (3) 

 

( ) ( )1

i ig p p−=                                                                                                                                                           (4) 

 

( )   1 exp 1 expi ig p p= − −                                                                                                                                        (5) 

 

( ) ( )( )tan 0.5i ig p p= −                                                                                                                                              (6) 

 

The formulas of information criteria (IC) as AIC, AICc, BIC, and CAIC used to statistically compare 

the performances of the GLMs and GLMMs are 2 2l k− + , ( ) ( )2 2 1l kN N k− + − − , ( )2 lnl k N− + , and 

( ) 2 ln 1l k N− + + , respectively  where l  is the value of the log-likelihood function, k  is number of 

parameters to be estimated, and finally N  is the number of observations taken into the model [85-88]. 

In this study, iteratively reweighted least squares (IRLS) algorithm as a special case of Fisher-Scoring 

(FS) method and Laplace approximation method are used as the parameter estimation method for fitting 

the GLMs and GLMMs, respectively [75,77,88,90-94]. 
 

III. RESULTS AND DISCUSSION 

 

In this study, four GLMs and twelve GLMMs having binomial distribution with different random effects 

such as countries (id), continents (cn), and both of them under the “logit”, “probit”, “cloglog”, and “cauchit” 

link functions are used for modelling the DALYs data in the global aspect of urbanization, net migration 

rate, and median age as the population and demographic change indicators, income levels and HDIs of these 

countries as the economic and development indicators, and also forest area as the environmental indicator. 

Net migration rate belonging to 187 countries is taken as the categorical variable according to its quantiles. 

IRLS algorithm as special cases of the FS method and the Laplace approximation method are used as the 

parameter estimation method for fitting the GLMs and GLMMs having binomial distribution under “logit”, 

“probit”, “cloglog”, and “cauchit” link functions, respectively. RStudio program is utilized in all statistical 

iterative approaches used in this study [95-97]. 

The results of the GLM having binomial distribution under “logit” link function using the IRLS algorithm 

for modelling DALYs data from 187 countries’ communicable (infectious) diseases are given in Table 4. 
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Table 4. The results of the GLM having binomial distribution under “logit” link function using IRLS algorithm for modelling 

DALYs data from communicable (infectious) diseases  

Variables ̂  ( )ˆ. .s e   p− values 
 

( )ˆexp   
Lower and upper bounds for 

( )exp   

Intercept -15.58534 4.53533 0.00059*  0.00000 (0.00000, 0.00124) 

Income [1st level] -1.80183 1.89581 0.341897  0.16500 (0.00402, 6.77941) 

Income [2nd level] 0.35619 1.10631 0.747483  1.42788 (0.16330, 12.48487) 

Income [3rd level] 0.67658 0.79169 0.392773  1.96714 (0.41682, 9.28373) 

Urbanization 0.03197 0.01504 0.03353*  1.03249 (1.00250, 1.06338) 

Net migration [2nd level] -0.10390 0.75790 0.89096  0.90132 (0.20406, 3.98109) 

Net migration [3rd level] 1.57912 0.77652 0.04199*  4.85069 (1.05883, 22.22174) 

Net migration [4th level] -0.29748 0.81525 0.71519  0.74269 (0.15027, 3.67069) 

Median age -0.25959 0.09031 0.00405*  0.77137 (0.64623, 0.92073) 

Forest area -0.03917 0.01303 0.00265*  0.96159 (0.93734, 0.98646) 

HDI -10.17223 7.01565 0.14708  0.00004 (0.00000, 35.80872) 
*0.05 significance level 

 

The results of the GLM having binomial distribution under “probit” link function using IRLS algorithm 

for modelling DALYs data from 187 countries’ communicable (infectious) diseases are given in Table 5. 
 

Table 5. The results of the GLM having binomial distribution under “probit” link function using IRLS algorithm for modelling 

DALYs data from communicable (infectious) diseases  

Variables ̂  ( )ˆ. .s e   p− values ( )ˆexp   
Lower and upper 

bounds for ( )exp   

Intercept -8.74638 2.44078 0.00034* 0.00016 (0.00000, 0.01901) 

Income [1st level] -0.95786 1.05939 0.36591 0.38371 (0.04811, 3.06028) 

Income [2nd level] 0.15201 0.62940 0.80915 1.16418 (0.33906, 3.99725) 

Income [3rd level] 0.34991 0.45050 0.43733 1.41894 (0.58681, 3.43109) 

Urbanization 0.01806 0.00850 0.03364* 1.01822 (1.00140, 1.03533) 

Net migration [2nd level] 0.02506 0.42579 0.95307 1.02537 (0.44509, 2.36221) 

Net migration [3rd level] 0.90581 0.43168 0.03588* 2.47394 (1.06155, 5.76551) 

Net migration [4th level] -0.15775 0.46737 0.73572 0.85406 (0.34171, 2.13461) 

Median age -0.13905 0.04692 0.00304* 0.87018 (0.79373, 0.95400) 

Forest area -0.02122 0.00723 0.00331* 0.97900 (0.96523, 0.99296) 

HDI -5.94869 3.80309 0.11778 0.00261 (0.00000, 4.50522) 
   *0.05 significance level 

 

The results of the GLM having binomial distribution under “cloglog” link function using IRLS algorithm 

for modelling DALYs data from 187 countries’ communicable (infectious) diseases are given in Table 6. 
 

Table 6. The results of the GLM having binomial distribution under “cloglog” link function using IRLS algorithm for 

modelling DALYs data from communicable (infectious) diseases  

Variables ̂  ( )ˆ. .s e   p− values 
 

( )ˆexp   
Lower and upper 

bounds for ( )exp   

Intercept -11.36556 3.25749 0.00049*  0.00001 (0.00000, 0.00687) 

Income [1st level] -0.83291 1.48086 0.57381  0.43478 (0.02387, 7.92096) 

Income [2nd level] -0.07403 0.71558 0.91760  0.92865 (0.22843, 3.77530) 

Income [3rd level] 0.50210 0.50144 0.31668  1.65218 (0.61835, 4.41452) 

Urbanization 0.01971 0.01025 0.05448  1.01990 (0.99962, 1.04059) 

Net migration [2nd level] 0.04690 0.52007 0.92815  1.04801 (0.37816, 2.90439) 

Net migration [3rd level] 1.11993 0.51648 0.03013*  3.06464 (1.11366, 8.43348) 

Net migration [4th level] -0.25560 0.54688 0.64023  0.77445 (0.26515, 2.26204) 
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Median age -0.13350 0.05270 0.01130*  0.87503 (0.78916, 0.97024) 

Forest area -0.02723 0.00883 0.00205*  0.97314 (0.95643, 0.99013) 

HDI -9.13696 5.03915 0.06980  0.00011 (0.00000, 2.09505) 
    *0.05 significance level 

 

The results of the GLM having binomial distribution under “cauchit” link function using IRLS algorithm 

for modelling DALYs data from 187 countries’ communicable (infectious) diseases are given in Table 7. 
 

Table 7. The results of the GLM having binomial distribution under “cauchit” link function using IRLS algorithm for 

modelling DALYs data from communicable (infectious) diseases  

Variables ̂  ( )ˆ. .s e   
p−

values 

 
( )ˆexp   

Lower and upper bounds for 

( )exp   

Intercept -25.0068 10.10181 0.01331*  0.00000 (0.00000, 0.00547) 

Income [1st level] -2.35282 4.91571 0.6322  0.09510 (0.00001,  >1000) 

Income [2nd level] 0.37474 1.84269 0.83885  1.45461 (0.03929, 53.85774) 

Income [3rd level] 1.7369 1.38435 0.2096  5.67971 (0.37667, 85.64203) 

Urbanization 0.04546 0.02555 0.0752  1.04651 (0.99539, 1.10025) 

Net migration [2nd level] -0.28915 1.17812 0.80612  0.74890 (0.07441, 7.53774) 

Net migration [3rd level] 2.30643 1.25676 0.06647  10.03852 (0.85490, 117.87613) 

Net migration [4th level] -1.10893 1.21505 0.36142  0.32991 (0.03049, 3.56985) 

Median age -0.64754 0.25022 0.00966*  0.52333 (0.32047, 0.85460) 

Forest area -0.06881 0.02709 0.01108*  0.93350 (0.88523, 0.98441) 

HDI -8.02403 12.59788 0.52417  0.00033 (0.00000,  >1000) 
*0.05 significance level 

 

The results of the GLMM having binomial distribution under “logit” link function using Laplace 

approximation method with “id” random effect for modelling DALYs data from 187 countries’ 

communicable (infectious) diseases are given in Table 8. 

Table 8. The results of the GLMM having binomial distribution under “logit” link function using Laplace approximation with 

“id” random effect for modelling DALYs data from communicable (infectious) diseases  

Variables ̂  ( )ˆ. .s e   p− values ( )ˆexp   
Lower and upper bounds for 

( )exp   

Intercept -15.97061 6.97307 0.0220* 0.00000 (0.00000, 0.09989) 

Income [1st level] -1.65786 2.05802 0.42050 0.19055 (0.00337, 10.75946) 

Income [2nd level] 0.21969 1.19666 0.85430 1.24569 (0.11935, 13.00197) 

Income [3rd level] 0.64450 0.86888 0.45820 1.90503 (0.34699, 10.45911) 

Urbanization 0.03450 0.02020 0.08760 1.03510 (0.99492, 1.07691) 

Net migration [2nd level] -0.07558 0.82400 0.92690 0.92721 (0.18441, 4.66193) 

Net migration [3rd level] 1.69487 1.02698 0.09890 5.44594 (0.72762, 40.76051) 

Net migration [4th level] -0.28203 0.88240 0.74930 0.75425 (0.13379, 4.25222) 

Median age -0.28289 0.13012 0.0297* 0.75360 (0.58396, 0.97253) 

Forest area -0.04250 0.01981 0.0319* 0.95839 (0.92189, 0.99633) 

HDI -9.84772 8.11164 0.22470 0.00005 (0.00000, 424.45347) 
*0.05 significance level 

 

The results of the GLMM having binomial distribution under “probit” link function using Laplace 

approximation method with “id” random effect for modelling DALYs data from 187 countries’ 

communicable (infectious) diseases are given in Table 9. 
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Table 9. The results of the GLMM having binomial distribution under “probit” link function using Laplace approximation with 

“id” random effect for modelling DALYs data from communicable (infectious) diseases  

Variables ̂  ( )ˆ. .s e   p− values ( )ˆexp   
Lower and upper 

bounds for ( )exp   

Intercept -8.87570 3.88638 0.0224* 0.00014 (0.00000, 0.28407) 

Income [1st level] -0.97160 1.13578 0.39230 0.37848 (0.04086, 3.50604) 

Income [2nd level] 0.15389 0.63202 0.80760 1.16636 (0.33795, 4.02541) 

Income [3rd level] 0.35486 0.47850 0.45830 1.42598 (0.55823, 3.64262) 

Urbanization 0.01833 0.01264 0.14710 1.01850 (0.99358, 1.04405) 

Net migration [2nd level] 0.02620 0.43052 0.95150 1.02655 (0.44149, 2.38692) 

Net migration [3rd level] -0.91932 0.55857 0.09980 0.39879 (0.13344, 1.19179) 

Net migration [4th level] -0.16003 0.48173 0.73970 0.85212 (0.33147, 2.19053) 

Median age 0.14107 0.07216 0.05060 1.15151 (0.99964, 1.32644) 

Forest area -0.02153 0.01049 0.0402* 0.97870 (0.95878, 0.99903) 

HDI -6.03813 4.37961 0.16800 0.00239 (0.00000, 12.75276) 
         *0.05 significance level 

 

The results of the GLMM having binomial distribution under “cloglog” link function using Laplace 

approximation method with “id” random effect for modelling DALYs data from 187 countries’ 

communicable (infectious) diseases are given in Table 10. 
 

Table 10. The results of the GLMM having binomial distribution under “cloglog” link function using Laplace approximation 

with “id” random effect for modelling DALYs data from communicable (infectious) diseases  

Variables ̂  ( )ˆ. .s e   

 

p− values ( )ˆexp   
Lower and upper 

bounds for ( )exp   

Intercept -11.36623 3.30925  0.000593* 0.00001 (0.00000, 0.00760) 

Income [1st level] -0.83334 1.46132  0.56850 0.43459 (0.02479, 7.62019) 

Income [2nd level] -0.07336 0.69908  0.91643 0.92927 (0.23609, 3.65761) 

Income [3rd level] 0.50217 0.50135  0.31652 1.65230 (0.61850, 4.41405) 

Urbanization 0.01971 0.01053  0.06123 1.01991 (0.99907, 1.04118) 

Net migration [2nd level] 0.04692 0.54623 
 

0.93155 1.04804 (0.35927, 3.05724) 

Net migration [3rd level] 1.11958 0.54133  0.038623* 3.06355 (1.06033, 8.85133) 

Net migration [4th level] -0.25529 0.54914  0.64201 0.77469 (0.26406, 2.27278) 

Median age -0.13354 0.05321  0.012090* 0.87499 (0.78833, 0.97118) 

Forest area -0.02723 0.00939  0.003720* 0.97314 (0.95541, 0.99121) 

HDI -9.13482 5.11526  0.07413 0.00011 (0.00000, 2.43733) 
        *0.05 significance level 

 

The results of the GLMM having binomial distribution under “cauchit” link function using Laplace 

approximation method with “id” random effect for modelling DALYs data from 187 countries’ 

communicable (infectious) diseases are given in Table 11. 
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Table 11. The results of the GLMM having binomial distribution under “cauchit” link function using Laplace approximation 

with “id” random effect for modelling DALYs data from communicable (infectious) diseases  

Variables ̂  ( )ˆ. .s e   
 

p− values ( )ˆexp   
Lower and upper 

bounds for ( )exp   

Intercept -25.00409 9.74996  0.0103* 0.00000 (0.00000, 0.00275) 

iIncome [1st level] -2.35044 4.64216  0.61260 0.09533 (0.00001, 852.37492) 

Income [2nd level] 0.37344 2.14806  0.86200 1.45272 (0.02157, 97.86219) 

Income [3rd level] 1.73413 1.87287  0.35450 5.66400 (0.14419, 222.49125) 

Urbanization 0.04544 0.02578  0.07800 1.04649 (0.99493, 1.10072) 

Net migration [2nd level] -0.29154 1.63871  0.85880 0.74711 (0.03010, 18.54634) 

Net migration [3rd level] 2.30798 1.45786  0.11340 10.05409 (0.57731, 175.09578) 

Net migration [4th level] -1.11004 1.44707  0.44300 0.32955 (0.01933, 5.61906) 

Median age -0.64716 0.29753  0.0296* 0.52353 (0.29220, 0.93799) 

Forest area -0.06879 0.02869  0.0165* 0.93352 (0.88248, 0.98752) 

HDI -8.03992 12.91671  0.53370 0.00032 (0.00000, >1000) 
   *0.05 significance level 

 

The results of the GLMM having binomial distribution under “logit” link function using Laplace 

approximation method with “cn” random effect for modelling DALYs data from 187 countries’ 

communicable (infectious) diseases are given in Table 12. 
 

Table 12. The results of the GLMM having binomial distribution under “logit” link function using Laplace approximation with 

“cn” random effect for modelling DALYs data from communicable (infectious) diseases  

Variables ̂  ( )ˆ. .s e   

 

p− values ( )ˆexp   
Lower and upper 

bounds for ( )exp   

Intercept -15.59486 4.74118  0.00100* 0.00000 (0.00000, 0.00183) 

Income [1st level] -1.64440 1.98339  0.40705 0.19313 (0.00396, 9.42130) 

Income [2nd level] 0.38239 1.15294  0.74014 1.46578 (0.15300, 14.04282) 

Income [3rd level] 0.66395 0.83843  0.42842 1.94245 (0.37556, 10.04668) 

Urbanization 0.03602 0.01661  0.03016* 1.03668 (1.00347, 1.07098) 

Net migration [2nd level] 0.02556 0.80057  0.97453 1.02589 (0.21363, 4.92660) 

Net migration [3rd level] -1.54214 0.80594  0.05569 0.21392 (0.04408, 1.03818) 

Net migration [4th level] -0.26558 0.84448  0.75315 0.76676 (0.14650, 4.01313) 

Median age -0.26240 0.09292  0.00474* 0.76920 (0.64113, 0.92286) 

Forest area -0.04311 0.01486  0.00371* 0.95781 (0.93031, 0.98611) 

HDI -9.75022 7.31677  0.18267 0.00006 (0.00000, 98.53244) 

  *0.05 significance level 

 

The results of the GLMM having binomial distribution under “probit” link function using Laplace 

approximation method with “cn” random effect for modelling DALYs data from 187 countries’ 

communicable (infectious) diseases are given in Table 13. 
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Table 13. The results of the GLMM having binomial distribution under “probit” link function using Laplace approximation 

with “cn” random effect for modelling DALYs data from communicable (infectious) diseases  

Variables ̂  ( )ˆ. .s e   
 

p− values ( )ˆexp   
Lower and upper 

bounds for ( )exp   

Intercept -8.73529 2.55198  0.000619* 0.00016 (0.00000, 0.02391) 

Income [1st level] -0.91667 1.09203  0.40124 0.39985 (0.04703, 3.39964) 

Income [2nd level] 0.15233 0.64722  0.81393 1.16454 (0.32752, 4.14065) 

Income [3rd level] 0.35901 0.46700  0.44204 1.43191 (0.57333, 3.57625) 

Urbanization 0.01991 0.00887  0.024845* 1.02011 (1.00252, 1.03801) 

Net migration [2nd level] 0.07342 0.44193  0.86805 1.07618 (0.45260, 2.55894) 

Net migration [3rd level] 0.88546 0.44422  0.046230* 2.42410 (1.01491, 5.78991) 

Net migration [4th level] -0.14699 0.47673  0.75783 0.86330 (0.33913, 2.19763) 

Median age -0.14117 0.04900  0.003962* 0.86834 (0.78884, 0.95587) 

Forest area -0.02392 0.00777  0.002084* 0.97637 (0.96161, 0.99135) 

HDI 5.71739 3.93752  0.14649 304.11016 (0.13533, >1000) 
    *0.05 significance level 

 

The results of the GLMM having binomial distribution under “cloglog” link function using Laplace 

approximation method with “cn” random effect for modelling DALYs data from 187 countries’ 

communicable (infectious) diseases are given in Table 14. 

 

Table 14. The results of the GLMM having binomial distribution under “cloglog” link function using Laplace approximation 

with “cn” random effect for modelling DALYs data from communicable (infectious) diseases  

Variables ̂  ( )ˆ. .s e   
 

p− values ( )ˆexp   
Lower and upper 

bounds for ( )exp   

Intercept -11.36526 3.30878  0.000593* 0.00001 (0.00000, 0.00760) 

Income [1st level] -0.83270 1.46106  0.56872 0.43487 (0.02481, 7.62108) 

Income [2nd level] 0.07418 0.69905  0.91549 1.07700 (0.27364, 4.23881) 

Income [3rd level] 0.50206 0.50131  0.31659 1.65213 (0.61848, 4.41329) 

Urbanization 0.01970 0.01053  0.06136 1.01990 (0.99906, 1.04116) 

Net migration [2nd level] 0.04689 0.54619  0.93159 1.04800 (0.35929, 3.05687) 

Net migration [3rd level] 1.12007 0.54135  0.038542* 3.06506 (1.06083, 8.85589) 

Net migration [4th level] -0.25575 0.54913  0.64140 0.77433 (0.26394, 2.27167) 

Median age -0.13348 0.05321  0.012130* 0.87505 (0.78838, 0.97124) 

Forest area -0.02723 0.00939  0.003713* 0.97314 (0.95540, 0.99120) 

HDI -9.13809 5.11461  0.07399 0.00011 (0.00000, 2.42626) 
      *0.05 significance level 

 

The results of the GLMM having binomial distribution under “cauchit” link function using Laplace 

approximation method with “cn” random effect for modelling DALYs data from 187 countries’ 

communicable (infectious) diseases are given in Table 15. 
 

Table 15. The results of the GLMM having binomial distribution under “cauchit” link function using Laplace approximation 

with “cn” random effect for modelling DALYs data from communicable (infectious) diseases  

Variables ̂  ( )ˆ. .s e   p− values ( )ˆexp   
Lower and upper 

bounds for ( )exp   

Intercept -24.19312 0.00778 <2e-16* 0.00000 - 

Income [1st level] -0.61724 0.00795 0.87200 0.53943 (0.53109, 0.54790) 

Income [2nd level] -0.26184 0.00795 <2e-16* 0.76964 (0.75773, 0.78173) 

Income [3rd level] -0.59940 0.00754 <2e-16* 0.54914 (0.54109, 0.55732) 

Urbanization 0.05385 0.00522 <2e-16* 1.05533 (1.04459, 1.06617) 

Net migration [2nd level] 1.07864 0.00822 <2e-16* 2.94067 (2.89365, 2.98844) 
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Net migration [3rd level] 2.93802 0.00781 <2e-16* 18.87839 (18.59158, 19.16963) 

Net migration [4th level] 1.77148 0.00778 <2e-16* 5.87954 (5.79054, 5.96990) 

Median age -0.49792 0.00719 <2e-16* 0.60779 (0.59929, 0.61642) 

Forest area -0.06393 0.00620 <2e-16* 0.93807 (0.92675, 0.94953) 

HDI -13.39818 0.00778 <2e-16* 0.00000 - 
   *0.05 significance level 

 

The results of the GLMM having binomial distribution under “logit” link function using Laplace 

approximation method with “id” and “cn” random effects for modelling DALYs data from 187 countries’ 

communicable (infectious) diseases are given in Table 16. 
 

Table 16. The results of the GLMM having binomial distribution under “logit” link function using Laplace approximation with 

“id” and “cn” random effects for modelling DALYs data from communicable (infectious) diseases  

Variables ̂  ( )ˆ. .s e   p− values ( )ˆexp   
Lower and upper 

bounds for ( )exp   

Intercept -15.84617 0.00778 <2e-16* 0.00000 - 

Income [1st level] -1.67807 0.00795 <2e-16* 0.18673 (0.18385, 0.18967) 

Income [2nd level] -0.37173 0.00795 <2e-16* 0.68954 (0.67888, 0.70037) 

Income [3rd level] -0.67647 0.00754 <2e-16* 0.50841 (0.50095, 0.51598) 

Urbanization 0.03618 0.00522 4.03e-12* 1.03684 (1.02629, 1.04749) 

Net migration [2nd level] 0.02277 0.00822 0.00563* 1.02303 (1.00667, 1.03965) 

Net migration [3rd level] 1.58073 0.00781 <2e-16* 4.85851 (4.78469, 4.93346) 

Net migration [4th level] 0.24757 0.00778 <2e-16* 1.28090 (1.26152, 1.30059) 

Median age -0.26576 0.00719 <2e-16* 0.76662 (0.75589, 0.77750) 

Forest area -0.04393 0.00620 1.34e-12* 0.95702 (0.94547, 0.96871) 

HDI -9.99171 0.00778 <2e-16* 0.00005 (0.00005, 0.00005) 
     *0.05 significance level 

 

The results of the GLMM having binomial distribution under “probit” link function using Laplace 

approximation method with “id” and “cn” random effects for modelling DALYs data from 187 countries’ 

communicable (infectious) diseases are given in Table 17. 
 

Table 17. The results of GLMM having binomial distribution under “probit” link function using Laplace approximation with 

“id” and “cn” random effects for modelling DALYs data from communicable (infectious) diseases  

Variables ̂  ( )ˆ. .s e   p− values ( )ˆexp   
Lower and upper 

bounds for ( )exp   

Intercept -8.80462 2.57141 0.00062* 0.00015 (0.00000, 0.02317) 

Income [1st level] 0.91181 1.09877 0.40662 2.48883 (0.28888, 21.44203) 

Income [2nd level] -0.15362 0.65028 0.81324 0.85760 (0.23975, 3.06760) 

Income [3rd level] -0.36150 0.46934 0.44116 0.69663 (0.27765, 1.74784) 

Urbanization 0.02031 0.00894 0.02230* 1.02052 (1.00281, 1.03855) 

Net migration [2nd level] -0.08317 0.44466 0.85163 0.92020 (0.38493, 2.19977) 

Net migration [3rd level] 0.89774 0.44705 0.04463* 2.45405 (1.02177, 5.89405) 

Net migration [4th level] 0.14268 0.47896 0.76579 1.15336 (0.45110, 2.94888) 

Median age -0.14394 0.04951 0.00365* 0.86594 (0.78586, 0.95418) 

Forest area -0.02407 0.00783 0.00210* 0.97621 (0.96135, 0.99131) 

HDI -5.67037 3.96359 0.15254 0.00345 (0.00000, 8.15093) 
            *0.05 significance level 

 

The results of the GLMM having binomial distribution under “cloglog” link function using Laplace 

approximation method with “id” and “cn” random effects for modelling DALYs data from 187 countries’ 

communicable (infectious) diseases are given in Table 18. 
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Table 18. The results of the GLMM having binomial distribution under “cloglog” link function using Laplace approximation 

with “id” and “cn” random effects for modelling DALYs data from communicable (infectious) diseases  

Variables ̂  ( )ˆ. .s e   p− values ( )ˆexp   
Lower and upper 

bounds for ( )exp   

Intercept -11.36619 3.30911 0.00059* 0.00001 (0.00000, 0.00759) 

Income [1st level] 0.83300 1.46118 0.56862 2.30022 (0.13122, 40.32087) 

Income [2nd level] -0.07386 0.69906 0.91585 0.92880 (0.23598, 3.65561) 

Income [3rd level] -0.50207 0.50133 0.31660 0.60528 (0.22658, 1.61691) 

Urbanization 0.01971 0.01053 0.06128 1.01990 (0.99907, 1.04117) 

Net migration [2nd level] -0.04698 0.54620 0.93145 0.95410 (0.32709, 2.78308) 

Net migration [3rd level] 1.11978 0.54133 0.03859* 3.06417 (1.06054, 8.85314) 

Net migration [4th level] 0.25557 0.54913 0.64164 1.29120 (0.44012, 3.78805) 

Median age -0.13349 0.05321 0.01212* 0.87504 (0.78837, 0.97123) 

Forest area -0.02723 0.00939 0.00372* 0.97314 (0.95540, 0.99121) 

HDI -9.13766 5.11511 0.07403 0.00011 (0.00000, 2.42973) 
           *0.05 significance level 

 

The results of the GLMM having binomial distribution under “cauchit” link function using Laplace 

approximation method with “id” and “cn” random effects for modelling DALYs data from 187 countries’ 

communicable (infectious) diseases are given in Table 19. 
 

Table 19. The results of the GLMM having binomial distribution under “cauchit” link function using Laplace approximation 

with “id” and “cn” random effects for modelling DALYs data from communicable (infectious) diseases  

Variables ̂  ( )ˆ. .s e   p− values ( )ˆexp   
Lower and upper 

bounds for ( )exp   

Intercept -25.89646 12.18007 0.0335* 0.00000 (0.00000, 0.13213) 

Income [1st level] -0.94812 6.77910 0.88880 0.38747 (0.00000, >1000) 

Income [2nd level] 0.17000 2.12836 0.93630 1.18530  (0.01829, 76.82338) 

Income [3rd level] -0.65227 1.80098 0.71720 0.52086 (0.01527, 17.77132) 

Urbanization 0.06098 0.03141 0.05220 1.06288 (0.99942, 1.13037) 

Net migration [2nd level] -1.22425 1.48509 0.40970 0.29398 (0.01600, 5.40040) 

Net migration [3rd level] 3.08029 1.87492 0.10040 21.76471 (0.55185, 858.39615) 

Net migration [4th level] -1.83127 1.53029 0.23140 0.16021 (0.00798, 3.21569) 

Median age -0.59394 0.27510 0.0308* 0.55215 (0.32203, 0.94672) 

Forest area -0.07210 0.03125 0.0210* 0.93044 (0.87516, 0.98921) 

HDI -11.93799 18.15342 0.51080 0.00001 (0.00000, >1000) 
        *0.05 significance level 

 

To statistically compare the performances of four GLMs and twelve GLMMs having binomial 

distribution with different random effects such as countries, continents, and both of them under “logit”, 

“probit”, “cloglog”, and “cauchit” link functions, IC values as AIC, AICc, BIC, and CAIC of these GLMs 

and GLMMs are given in Table 20. 
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Table 20. IC values of the GLMs and GLMMs having binomial distribution with different random effects such as countries, 

continents, and both of them under “logit”, “probit”, “cloglog”, and “cauchit” link functions 

Models Link Functions Log-likelihood AIC AICc BIC CAIC 
G

L
M

s 
logit -45.260 114.520 116.028 150.062 161.062 

probit -45.885 113.770 115.279 149.313 160.313 

cloglog -47.328 116.656 118.154 152.198 163.198 

cauchit -49.088 120.175 121.684 155.717 166.717 

G
L

M
M

s 
w

it
h

 i
d

-

ra
n

d
o
m

 e
ff

ec
t logit -45.112 114.223 116.016 152.997 164.996 

probit -45.884 115.768 117.561 154.541 166.541 

cloglog -45.589 115.178 116.971 153.951 165.951 

cauchit -49.088 122.175 123.968 160.949 172.949 

G
L

M
M

s 
w

it
h

 c
n

-

ra
n
d
o
m

 e
ff

ec
t logit -45.998 115.996 117.789 154.769 166.769 

probit -45.594 115.188 116.981 153.961 165.961 

cloglog -45.589 115.178 116.971 153.951 165.951 

cauchit -48.367 120.733 122.526 159.506 171.506 

G
L

M
M

s 
w

it
h
 i

d
 

an
d
 c

n
-r

an
d
o
m

 

ef
fe

ct
s 

logit -38.036* 102.073* 104.177* 144.077* 157.077* 

probit -45.590 117.180 119.284 159.184 172.184 

cloglog -45.589 117.178 119.282 159.183 172.183 

cauchit -48.256 122.513 124.617 164.517 177.517 

 

IV. CONCLUSION 

 

In this study, as a final summary, four GLMs and twelve GLMMs having binomial distribution with 

different random effects such “id”, “cn”, and also both “id” and “cn” under “logit”, “probit”, “cloglog”, 

and “cauchit” link functions are used for modelling DALYs data from 187 countries’ communicable 

(infectious) diseases in the global aspect of urbanization, net migration rate, median age, income level, 

HDI, and forest area. As statistical conclusions from these GLMs and GLMMs with multi-random effects, 

the GLMM having binomial distribution under “logit” link function using Laplace approximation with “id” 

and “cn” random effects is statistically determined as the best fitted model according to the largest value of 

the log-likelihood with -38.036 and the smallest IC values as AIC with 102.073, AICc with 104.177, BIC 

with 144.077, and CAIC with 157.077. 

The model equation of the GLMM having binomial distribution under “logit” link function using Laplace 

approximation with “id” and “cn” random effects as statistically the best fitted model according to Table 

16 is given as follows; 
 

     

     

-15.84617 -1.67807* 1 - 0.37173* 2 - 0.67647* 3

ˆ = log +0.03618* 0.02277* . 2 1.58073* . 3 0.24757* . 4
1

0.26576* . 0.04393* . 9.99171*

i
i

i

Income Income Income
p

Urban Net Mig Net Mig Net Mig
p

Med Age Forest Area HDI



 
  

= + + +  
−   

− − − 

1,2,...,187i =

     (7) 
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As the main important statistical inferences and conclusions from this study, according to Table 16 and 

Eq.(7); 

 

When 4th level (“high-income”) is taken as the reference category, for the 1st level (“low-income”), 2nd 

level (“low-middle-income”), and 3rd level (“upper-middle-income”) of  187 world countries, the odds of 

being above rather than being below of the median value (2106.86) of DALYs from communicable diseases 

in 2019 per 100.000 person decrease by a factor level of  1.67807 0.18673e− = , 0.37173 0.68954e− = , and 
0.67647 0.50841e− = , respectively. 

One percentage increase in the share of the population living in urban areas calculated as the percentage 

of urban population increases the odds of being above rather than being below of median value (2106.86) 

of DALYs from communicable diseases in 2019 per 100.000 person for 187 countries from six continents 
0.03618 1.03684e =  times. 

When 1st level is taken as the reference category, for 2nd level, 3rd level, and 4th level of  net migration, 

the odds of  being above rather than being below of median value (2106.86) of DALYs from communicable 

diseases in 2019 per 100.000 person for 187 countries from six continents increase by a factor level of  
0.02277 1.02303e = , 0.58073 4.85851e = , and 0.24757 1.28090e = , respectively. 

One year increase in the median age of 187 countries from six continents decreases the odds of being 

above rather than being below of median value (2106.86) of DALYs from communicable diseases in 2019 

per 100.000 person 0.26576 0.76662e− = times. 

0.1 unit increase in the HDI decreases the odds of being above rather than being below of median value 

(2106.86) of DALYs from communicable diseases in 2019 per 100.000 person for 187 countries from six 

continents 9.99171*0.1 0.36819e− =  times. 
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