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Abstract

Childhood diarrhea and Acute Respiratory Infection (ARI) are two diseases with similar risk

factors in tropical developing regions. The objective of this study was to employ a joint binary

response model and identify risk factors for childhood diarrhea and ARI in children under the

age of five. A joint binary response model that takes into account the interdependence of the

two diseases was used. Explanatory variables such as residence, vaccination, mother’s

education, and antenatal care visits during pregnancy were found to be statistically signifi-

cant risk factors for diarrhea in the joint model, whereas residence, the number of children

ever born, vaccination, mother’s education, and wealth index were found to be statistically

significant risk factors for childhood Acute Respiratory Infection. We discovered a common

odds ratio value (4.30) greater than one, indicating a positive relationship between the two

childhood diseases. As a result, using a joint model to assess the risk factors for diarrhea

and acute respiratory infection (ARI) was reasonable. Furthermore, the standard errors of

the parameter estimates in the joint response model were found to be smaller than the cor-

responding standard errors in the separate models. The risk factors such as residence, vac-

cination, and mother’s education all had a significant effect on the two correlated

dichotomous response variables, diarrhea and ARI.

Introduction

Childhood Morbidity in low-income countries is commonly characterized by more than one

health condition [1], and it is a challenge in many settings that can lead to death. On the other

hand, coinfection due to overlapping risk factors such as nutrition, sanitation, and overcrowd-

ing [2] is extremely common among children under the age of five seeking care [3]. Diarrhea

and ARI (Acute Respiratory Infection) are two diseases with common risk factors in tropical

developing countries [4].

Diarrhea is one of the leading causes of death among Ethiopian children under the age of

five. According to World Health Organization (WHO) estimates, diarrhea is responsible for

more than 13% (one out of every ten) child deaths in Ethiopia [5]. According to previous

research, the percentage of children under the age of five who had diarrhea decreased from 24
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percent in 2000 to 12 percent in 2016 [6]. Furthermore, acute respiratory infection (ARI), par-

ticularly pneumonia, is one of the leading causes of morbidity and mortality in Ethiopia,

accounting for 18% of all deaths [5]. The country has made a remarkable commitment to

reducing ARI morbidity and mortality in children [7]. Deaths can be reduced if health inter-

ventions target one or more concurrent diseases [1]. Usually, childcare programs addressed

single diseases such as diarrhea, acute respiratory infections, fever, and malaria infections [3].

Diarrhea and acute respiratory infections continue to be the leading causes of death in children

under the age of five [8]. The illness of the two health conditions could be due to shared risk

factors in childhood. For instance, diarrhea and acute respiratory diseases may share risk fac-

tors such as age as a child-dependent risk factor or poor sanitation and crowding as environ-

mental risk factors [9].

Walker et al. [10] discovered that diarrhea and ARI have overlapping epidemiology, which

is due in part to shared risk factors such as inadequate breastfeeding, malnutrition (which

includes undernutrition, which is classified as underweight, stunting, and wasting), and a lack

of zinc. According to Bbaale [4], breastfeeding for the first 6 months, socioeconomic status,

type of house the child lived in, maternal occupation, child’s age, and nutritional status were

all significant common factors associated with pneumonia and diarrhea.

Moreover, Leung et al. [11] found that younger age of child, male gender, undernutrition,

lower maternal education, low wealth quintile, and poor breastfeeding practices were associ-

ated with the concurrent occurrence of diarrhea and pneumonia in under-five children in

Dhaka. Hence, the majority of the risk factors for ARI and diarrhea are modifiable, since the

two outcomes share some major risk factors, they can be addressed through integrated inter-

ventions [12].

Takele et al. [13] proposed a spatial effect model to explain the risk of diarrhea, cough, and

fever comorbidity in Ethiopia and pointed out that childhood comorbidity is not distributed

evenly across the country, with significant comorbidity hotspots in Tigray and Oromia. The

findings suggest that using a combined morbidity management technique to reduce children’s

illnesses and deaths has a significant impact. Regions with high comorbidity rates in children

should be examined for healthcare interventions.

In order for childcare programs conducted by health institutions to be successful, statistical

methods are required to assess the features of diseases that coexist. A recent trend in discover-

ing similar patterns of variation has been signifying to employ a joint analysis that assesses risk

factors for such diseases [14]. The joint modelling addresses the correlation of the two

response variables with the same set of covariates. The two outcomes improve control over

type I error rates in multiple tests and increase efficiency in parameter estimates.

Most previous health research in Ethiopia has focused on studying a single disease at a

time. Separate analyses, however, may fail to provide a comprehensive picture of the epidemi-

ology of the diseases and the combined effects of childhood diseases on the population under

consideration due to common and overlapping risk factors [15]. A few studies on joint

response modeling of correlated outcomes have concentrated on continuous, discrete, or a

combination of discrete and continuous outcomes [16].

Epidemiological methodology and research have advanced over time, moving from study-

ing a single disease to studying several diseases concurrently. Thus, in this paper, we focused

on comorbidity in children under the age of five by employing a joint binary response model

that takes into account the interdependence of the two infections when assessing risk factors.

Hence, the Ethiopian government and other institutions involved in the health sector can use

the findings of this study to improve the design and implementation of interventions that

address the country’s exposure to multiple illnesses at an early age.
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Methodology

Data source

The empirical analysis in this paper was based on data from 2016 Ethiopian Demographic and

Health Survey (EDHS). The Demographic and Health Surveys (DHS) are a well-established

source of reliable population data, with a strong emphasis on childhood diseases [6]. This

study included 9917 under-five-year-old children, with each record containing information

on childhood diseases as well as a list of covariates that may have an impact on children’s

health.

A description of the study variables

Let Y be a vector consisting of two dichotomous dependent variables, Y1 (Diarrhea Status)

and Y2 (Acute Respiratory Infection Status). If the child had diarrhea and an acute respiratory

infection, the two binary response variables would be set to ‘1’ or ‘0.’ The probabilities of

occurrence of the possible joint outcomes of Y1 and Y2 for a set of m-paired observations can

be illustrated as in Table 1.

Similarly, we can represent the joint and separate probabilities of Y1 and Y2 indicated in the

Table 1 as, pij = P (y1 = i, y2 = j); i,j = 0,1 and pk = P(yk = 1), k = 1,2 respectively. Where:

P11 = the child has both diarrhea and ARI

P01 = the child has no diarrhea but has ARI

P10 = the child has diarrhea but not ARI

P00 = the child has neither diarrhea nor ARI

The following predictors were included in the final models: child’s age in months, child’s

sex, residence, antenatal care visit, vaccination, mother’s education, number of children, and

wealth index.

Separate and joint models

The primary goal of the standard binary regression model is to predict the response variable

categories as a function of the covariates in the model. However, in the bivariate logistic regres-

sion model, we attempt to investigate the relationship between two distinct dichotomous

response variables (Y1 and Y2) by modelling them jointly as a function of the explanatory vari-

ables under consideration. Each pair of dependent variables (Yi1, Yi2) has four possible out-

comes, as shown in Table 1. These are: (Yi1 = 1, Yi2 = 1), (Yi1 = 1, Yi2 = 0), (Yi1 = 0, Yi2 = 1),

and (Yi1 = 0, Yi2 = 0).

The joint probability of each of these four outcomes was modelled using three systematic

components, which are as follows:

■ The marginal (separate) distributions, that is P(Yi1 = 1) and P(Yi2 = 1)

■ The odds ratio, which is denoted by ψ describes the dependence of one marginal distribution

on the other.

Table 1. Combination of outcomes with corresponding probabilities of occurrence.

Acute Respiratory Infection (Y2) Total

Diarrhea (Y1) y1 = 0 y2 = 0 y2 = 1

p00 p01 1-p1

y1 = 1 p10 p11 p1

Total 1-p2 p2 1

https://doi.org/10.1371/journal.pone.0268040.t001
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Bivariate logistic regression model or bivariate logistic odds-ratio model proposed by [17–

19] is specified by modelling the marginal distribution of each of Yj, and the common odds

ratio. The common odds ratio or ψ is defined as the ratio of the odds of Y1 = 1 given that Y2 =

1 and the odds of Y1 = 1 given that Y2 = 0, that is ψ ¼ p11p00

p10p01
. The odds ratio is used to measure

the association between the two dichotomous response variables (Y1 and Y2); the value of ψ
equal to one indicates a lack of association between Y1 and Y2.

Bivariate logistic regression provides adjusted estimates of concordance by simultaneously

estimating covariate effects on the odds ratio, which describes the pair wise association struc-

ture. Furthermore, using bivariate logistic regression analysis may provide more precision

than unadjusted estimates from other possible categorical distributions. The logistic regression

models can be used to express the influence of the independent variables on the marginal

probabilities, that is, the marginal probability of diarrhea (Y1) and ARI (Y2), as well as the odds

ratio. Similarly, the relationship between covariates and each disease can be investigated using

separate logistic regression models for each outcome:

logit½EðY1jÞ� ¼ logit½PrðY1j ¼ 1jX1j; b1Þ� ¼ b
T
1
X1j ð1Þ

logit½EðY2jÞ� ¼ logit½PrðY2j ¼ 1jX2j; b2Þ� ¼ b
T
2
X2j ð2Þ

These standard logistic regression models, as shown in Eqs (1) and (2), do not take into

account the correlation between the two childhood diseases. However, we assume that the two

diseases of the same individual share a set of common unobservable features. Let uj denote the

random intercept shared by the two diseases of the jth (j = 1,2,. . ., m) individual. Let ϕ1i and ϕ2i

define dummy variables with ϕ1i =1 for i = 1 and ϕ2i =1 for i = 2. Then, the joint response

model for the bivariate logit is given by

logit½EðYijjujÞ ¼ logit½PrðYij ¼ 1jXij;
~b i; ujÞ�

¼ �1jð
~b1

T
X1j þ ujÞ þ �2jð

~b2

T
X2j þ ujÞ

ð3Þ

As a result, in this equation, all individuals’ bivariate responses (Y1j,Y2j) are stacked into a

single response vector. The random intercepts are assumed to differ from one individual to the

next. Furthermore, the random intercepts are assumed to be normally distributed with a mean

zero and variance s2
u. Let G denote the distribution of uj. Given the shared random intercept,

an individual’s joint response is assumed to be independent. Using conditional independence

from this assumption, we can write the joint response model’s likelihood function as follows:

Lð:Þ ¼
Qm

j¼1
PrðYij ¼ 1jXij;

~bI; ujÞ

¼
Qm

j¼1
f
R
PrðYij ¼ 1jXij;

~bI; ujÞ�GðujÞg

¼
Qm

j¼1
f
R Q2

i¼1
PrðYij ¼ 1jXij;

~bI; ujÞ�GðujÞg

¼
Qm

j¼1

R Q2

i¼1

eujþ~b1
TXij

1þ eujþ~b1
TXij
�GðujÞ

( )

ð4Þ

Following Ghebremichael [15], we used maximum likelihood estimation to obtain esti-

mates of the model parameters (~b1;
~b2; s

2
u). The estimation was based on maximizing the log-

likelihood function, which is maximizing the logarithm of the likelihood function. However,

because the integrals for Eq (4) do not have closed-form solutions, the parameters of the joint
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model were estimated simultaneously via maximum likelihood by evaluating the integrals

using Gaussian adaptive quadrature approximation [20].

Parameters in the joint and separate models

The parameters in the joint response model must be interpreted conditionally on the random

intercepts, in contrast to the unconditional interpretations of the parameters in the separate

models. The first set of parameters are conditional (subject-specific), while the second set of

parameters are population-averaged (marginal). As a result, it’s impossible to compare the two

sets of parameters directly. The marginal effects of the covariates in Eq (3) are required to com-

pare the parameters in the joint response model to those obtained from the separate models.

The subject-specific parameters of the joint model can be marginalised as described below.

From the separate models (1)–(2), we can write the marginal mean as:

E Yij

� �
¼

ebTi Xij

1þ ebTi Xij
; for i ¼ 1; 2: ð5Þ

Similarly, in the joint response model (3), the conditional mean for the ith response is given

by:

E Yijjbj

� �
¼

ebjþ~bTi Xij

1þ ebjþ~bTi Xij
ð6Þ

The marginal information from the joint response model can be obtained by taking the

expectation by the random intercept, as shown below:

EðYijÞ ¼ EðfEðYijjbjgÞ

¼ E
ebjþ~bTi Xij

1þ ebjþ~bTi Xij

( )

¼

Z 1

� 1

ebjþ~bTi Xij

1þ ebjþ~bTi Xij
dGðbjÞ

¼

Z 1

� 1

ebjþ~bTi Xij

1þ ebjþ~bTi Xij

1
ffiffiffiffiffiffi
2p
p

sb

e� b
2
j =2s2

bdbj ð7Þ

We used an approximation of the marginal mean as in [15] because there is no exact

closed-form solution for the marginal mean in the above equation. The magnitude of the

between-subjects variation determines the discrepancies between the two parameters. When

all individuals have the same random intercept value, the marginal parameters are roughly

equivalent to the conditional parameters.

Results and discussion

The analyses of this study were based on 9917 valid observations of children under the age of

five in Ethiopia. As shown in Table 2, 5.9% and 8.2% of male child diarrhea and ARI cases, as

well as 5.1% and 7.8% of female child diarrhea and ARI cases respectively, were reported in the

previous fifteen days. Geographically, 4.6% of children with diarrhea and ARI lived in urban,

compared to 22.1% who lived in rural areas. In terms of vaccination, 63.3% of children in Ethi-

opia were reported to have received various types of vaccination. The covariates residence, vac-

cination, antenatal visit, wealth index, and mother’s education were found to be significantly

associated with diarrhea and ARI (P<0.05).
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Table 3 shows that in the 2016 DHS, Ethiopia had a prevalence of 4.3% of children with

diarrhea and ARI. On the other hand, 11.7% of the children only had ARI, and 6.7% of the

children only had diarrhea morbidity.

As shown in Table 4, a common odds ratio (4.30) greater than one indicates a positive rela-

tionship between the two childhood diseases. As a result, the bivariate logistic regression

model was deemed appropriate for investigating the risk factors associated with diarrhea and

ARI diseases. This method provides estimates with vibrant concurrency properties by simulta-

neously estimating the effects of risk factors on the odds ratio. Furthermore, the model may

provide better precision than unadjusted estimates obtained by considering a multinomial dis-

tribution. Regression equations are used to describe the effects of risk factors on the marginal

probability of the two diseases and the odds ratio [21]. If Y1 and Y2 share some or all

Table 2. Distribution of risk factors for childhood comorbidity in Ethiopia.

Diarrhea N (%) ARI N (%)

Yes No Sig. Yes No Sig.

Sex of child

Male 587 (5.9) 4476 (45.1) 0.05 811(8.2) 4252 (42.9) 0.855

Female 503 (5.1) 4352 (43.9) 771 (7.8) 4083 (41.2)

Place of residence

Urban 186(1.9) 1689 (16.9) 0.001 275 (2.7) 1601 (16.0) 0.001

Rural 904(9.0) 7137 (71.3) 1311 (13.1) 6736 (67.3)

Vaccination

Yes 2472 (9.1%) 2118 (54.2%) 0.001 2472(12.3%) 1993(51.0%) 0.002

No 1407(3.7%) 1264 (32.3%) 1407(5.4%) 1194(30.5%)

Antenatal visit

No 261 (3.8) 2054 (29.7) 0.001 384(5.6) 1933 (28.0) 0.029

Less 5 visits 445 (6.4) 2668 (38.6) 584 (8.4) 2531(36.6)

More 5 211(3.1) 1227(17.7) 282 (4.1) 1156 (16.7)

Wealth index

Poorest 365 (3.6) 3311 (33.1) 0.001 514(5.1) 3163(31.6) 0.001

Porrer 192 (1.9) 1469 (14.7) 305 (3.0) 1359 (13.6)

Middle 172 (1.7) 1206 (12.1) 228 (2.3) 1152 (11.5)

Richer 159 (1.6) 1055 (10.5) 225 (2.2) 990(9.9)

Richest 202 (2.0) 1785 (17.8) 314(3.1) 1673(16.7)

Mother’s Education

No 664 (6.6) 5679 (56.8) 0.001 982(9.8) 5366(53.6) 0.001

Primary 315 (3.1) 2188 (21.9) 456 (4.6) 2049 (20.5)

Secondary 74(0.7) 613 (6.1) 101(1.0) 586(5.9)

Higher 37(0.4) 346 (3.5) 47(0.5) 336(3.4)

https://doi.org/10.1371/journal.pone.0268040.t002

Table 3. Cross-classification of children by diarrhea and ARI diseases in Ethiopia.

Had ARI Total

No Yes

Had diarrhea No 7671(77.4%) 1156(11.7%) 8827(89.0%)

Yes 664(6.7%) 426(4.3%) 1090(11.0%)

Total 8335(84.0%) 1582(16.0%) 9917(100.0%)

χ2 = 488.65, df = 1, P<0.001.

https://doi.org/10.1371/journal.pone.0268040.t003
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explanatory variables, and the effects of the shared explanatory variables are estimated jointly,

the bivariate model is parametrically dependent. Covariates were screened before building the

models because they showed a significant association with diarrhea and ARI in the chi-square

and descriptive analyses.

Maximum likelihood estimator of model parameters obtained in R using the VGAM and

Zeligchoice packages from [22, 23]. As shown in Table 3, in the separate model, we found that

covariates such as vaccination, mother’s education, and mother’s antenatal care were signifi-

cantly associated with child diarrhea status, whereas residence, number of children, vaccina-

tion, mother’s education, and wealth index were significantly associated with childhood acute

respiratory disease status. Standard models that ignore interdependence between two or more

responses typically produce relatively biased estimates [15]. Thus, in assessing the potential

risk factors for diarrhea and acute respiratory infection (ARI), we used a joint model that cap-

tures the dependence between childhood comorbidity.

Covariates such as vaccination, mother’s education, and antenatal care were found to be

significant factors for childhood diarrhea in the joint response model. Similarly, among chil-

dren under the age of five, residence, the number of children, vaccination, mother’s education,

and wealth index were significant risk factors for acute respiratory infection (ARI). We noticed

that children who did not receive vaccinations were 1.4 times more likely to develop diarrhea

and ARI. In terms of parent education level, children from mothers with secondary and higher

education were 0.60 and 0.39 times less likely to be affected by diarrhea, respectively, than chil-

dren from mothers with no education. These findings are consistent with those of an Egyptian

study [24]. Furthermore, children born to mothers who visited fewer antenatal care centers

during their pregnancy were 1.61 times more likely to suffer from childhood diarrhea than

children born to mothers who had regular antenatal care visits.

Table 4. Results for risk factors of childhood diarrhea and ARI in separate and joint models.

Variable Marginal Model Joint Model

Diarrhea ARI Diarrhea ARI

OR SE Sig. OR SE Sig. OR SE Sig. OR SE Sig.

Constants 0.079 0.322 0.001 0.118 0.281 0.001 0.077 0.321 0.001 0.119 0.280 0.001

Resid1

Resid2 1.287 0.246 0.307 1.730 0.218 0.012 1.287 0.247 0.307 1.724 0.217 0.013

Childsize 0.943 0.066 0.373 0.879 0.059 0.027 0.946 0.066 0.401 1.008 0.058 0.027

Vaccin1 1.391 0.117 0.005 1.306 0.101 0.008 1.410 0.116 0.003 1.303 0.100 0.008

Vaccin2

Educ0

Educ1 1.162 0.120 0.210 1.059 0.107 0.591 1.160 0.119 0.216 1.061 0.106 0.582

Educ2 0.611 0.285 0.014 0.601 0.244 0.037 0.604 0.284 0.027 0.600 0.243 0.036

Educ3 0.393 0.541 0.054 0.608 0.385 0.196 0.392 0.540 0.043 0.613 0.383 0.202

Wealth1

Wealth2 1.066 0.142 0.653 1.208 0.124 0.126 1.084 0.141 0.568 1.207 0.123 0.128

Wealth3 1.163 0.152 0.319 1.082 0.138 0.567 1.163 0.151 0.320 1.082 0.138 0.570

Wealth4 .245 0.165 0.186 1.434 0.145 0.013 1.247 0.165 0.182 .432 0.145 0.013

Wealth5 .036 0.246 0.885 1.604 0.208 0.023 1.039 0.245 0.878 .599 0.207 0.024

Antenatal1 1.104 0.116 0.395 1.148 0.101 0.169 1.109 0.116 0.373 1.145 0.100 0.179

Antenatal2 1.585 0.156 0.003 1.200 0.145 0.207 1.611 0.156 0.002 1.194 0.144 0.221

Antenatal3

Odds ratio 4.30

https://doi.org/10.1371/journal.pone.0268040.t004
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Children living in rural areas, on the other hand, were 1.72 times more likely than their

counterparts to be infected with ARI disease. This could be due to a lack of healthcare and a

poor way of life in rural areas. In terms of the number of children ever born, we concluded

that as the number of children increases, so does the likelihood of ARI infection i.e. a child

from a family with more children is more vulnerable to acute respiratory disease. Furthermore,

children born to mothers with a secondary school education were 0.60 less likely to be infected

with ARI than children born to mothers with no education. In terms of wealth quantile, we

found that a child from a wealthy family was less likely to be infected by ARI, i.e. children from

wealthier families were less likely to be infected by acute respiratory disease than children

from poorer families. Being in a higher wealth status, as compared to the lowest (poorest), was

found to reduce the likelihood of diarrhea and ARI, which is consistent with what was found

in Uganda [4].

More specifically, we found that the standard errors of the parameter estimates in the joint

response model were lower than the corresponding standard errors in the marginal models.

This indicates that the joint model outperforms the marginal models in terms of efficiency. As

a result of these findings, the need for jointly modeling two correlated responses was validated.

Simulation result

Simulation can assist researchers in understanding the entire statistical model, making full use

of parameter estimates, and communicating findings in a reader-friendly manner [25]. The

means of the predicted probabilities of an event were calculated for each of the two categories

of the dependent variable, as shown in S1–S5 Tables in S1 File. The absolute value of the differ-

ence between those two means was then calculated. If a model predicts well, cases with events

should have high predicted values and cases without events should have low predicted values

[26]. Along with the tables and graphs of the quantities of interest in S1 Fig in S1 File, the built

joint model demonstrated its ability to make good predictions. The mean estimate for Y, the

standard deviation, the median, and the 95% confidence interval measures of uncertainty

around the average are all included in each row of statistics for expected and predicted values.

Conclusion

In this paper, we focused on childhood comorbidity by employing a joint response model that

takes into account the interdependence of the two diseases, diarrhea and ARI. Different socio-

demographic and biological risk factors for diarrhea and ARI were considered. There was a 4.3

percent childhood comorbidity of diarrhea and ARI among 9917 under-five children from

DHS (2016) in Ethiopia. There was a positive correlation between the two infections, which

was taken into account in this study to obtain unbiased estimates. Previous research on diar-

rhea and ARI comorbidity modeled each disease separately, ignoring the possibility of a link

between the two. The findings of this study contributed to the appreciation of joint models

that deflate parameters that would otherwise be overestimated in separate models. Residence,

vaccination, mother’s education, and antenatal care visits during pregnancy were found to be

significant risk factors for diarrhea in the joint model, whereas residence, the number of chil-

dren ever born, vaccination, mother’s education, and wealth index were statistically significant

risk factors for ARI in childhood. The risk factors such as residence, vaccination, and mother’s

education all had a significant impact on the two correlated binary response variables, diarrhea

and ARI.
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Limitations

We did not take into account the spatial driving factors that contribute to geographic varia-

tions. Hence, future research should look into joint models for more than two diseases includ-

ing spatial variation effect as well as other social and macroeconomic factors, in order to better

explain variation in childhood multiple illnesses. Besides that, this study is limited to Ethiopia,

limiting its applicability or generalizability to other countries. Furthermore, since cases were

self-reported by family/caretakers and not subjected to clinical diagnosis, there might have

been some recall bias and misclassification of diseases.

Supporting information

S1 File.

(DOCX)

Acknowledgments

The authors would like to acknowledge the Demographic and Health Survey (DHS) database

team for providing the data for this study. We thank the reviewers and editors their valuable

comments.

Author Contributions

Conceptualization: Tesfaye Abera Bokoro, Habtamu Kiros Gebresilassie, Melkamu A. Zeru.

Data curation: Tesfaye Abera Bokoro.

Formal analysis: Tesfaye Abera Bokoro, Habtamu Kiros Gebresilassie.

Methodology: Tesfaye Abera Bokoro, Habtamu Kiros Gebresilassie, Melkamu A. Zeru.

Supervision: Tesfaye Abera Bokoro.

Visualization: Tesfaye Abera Bokoro.

Writing – original draft: Tesfaye Abera Bokoro, Habtamu Kiros Gebresilassie, Melkamu A.

Zeru.

Writing – review & editing: Tesfaye Abera Bokoro, Habtamu Kiros Gebresilassie, Melkamu

A. Zeru.

References

1. Fenn B., Morris S., and Black R.E., Comorbidity in childhood in Ghana: Magnitude, associated factors

and impact on mortality. Int. J. Epidemiol. 2005, 34, 368–375. https://doi.org/10.1093/ije/dyh335 PMID:

15764695

2. Kazembe L.N., Muula A.S., Appleton C.C., Kleinschmidt I., Modelling the effect of malaria endemicity

on spatial variations in childhood fever, diarrhea and pneumonia in Malawi. Int. J. Health Geogr. 2007,

6, 33–43. https://doi.org/10.1186/1476-072X-6-33 PMID: 17651488

3. Victora C.G., Adam T., Bryce J., and Evans D.B., Integrated Management of the Sick; Child Disease

Control Priorities Project: Washington, DC, USA, 2006. Available Online: http://www.dcp2.org/pubs/

DCP/63/Section/9372 (accessed on 15 July 2019).

4. Bbaale E., Determinants of diarrhea and acute respiratory infection among under-fives in Uganda. AMJ

2011, 4, 7, 400–409. https://doi.org/10.4066/AMJ.2011.723

5. World Health Organization (WHO) and UNICEF. Ending Preventable Child Deaths from Pneumonia

and Diarrhea by 2025: The Integrated Global Action Plan for Pneumonia and Diarrhea (GAPPD).

Geneva, Switzerland:2013; WHO and UNICEF.

PLOS ONE Joint Binary response modelling for childhood comorbidity in Ethiopia

PLOS ONE | https://doi.org/10.1371/journal.pone.0268040 May 18, 2022 9 / 10

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0268040.s001
https://doi.org/10.1093/ije/dyh335
http://www.ncbi.nlm.nih.gov/pubmed/15764695
https://doi.org/10.1186/1476-072X-6-33
http://www.ncbi.nlm.nih.gov/pubmed/17651488
http://www.dcp2.org/pubs/DCP/63/Section/9372
http://www.dcp2.org/pubs/DCP/63/Section/9372
https://doi.org/10.4066/AMJ.2011.723
https://doi.org/10.1371/journal.pone.0268040


6. Central Statistical Agency [Ethiopia] and ICF International. Ethiopia Demographic and Health Survey

2011; Addis Ababa, Ethiopia and Calverton, Maryland, USA: 2012; Central Statistical Agency and ICF

International.

7. Miller, Nathan P., Amouzou A., Tafesse M., Hazel E., Legesse H., et al, Integrated Community Case

Management of Childhood Illness in Ethiopia: Implementation Strength and Quality of Care. The Ameri-

can Journal of Tropical Medicine and Hygiene. 2014; 13:751. https://doi.org/10.4269/ajtmh.13-0751

PMID: 24799369

8. Black R.E., Morris S.S., and Bryce J., Where and why are 10 million children dying every year? Lancet,

2003; 361(9376), 2226–2234, https://doi.org/10.1016/S0140-6736(03)13779-8 PMID: 12842379

9. Kosek M., Bern C., and Guerrant R.L., The global burden of diarrhoeal disease, as estimated from stud-

ies published between 1992 and 2000. Bull. World Health Organ, 2003; 81(3), 197–204. PMID:

12764516

10. Walker CLF, Rudan I, Liu L. Global burden of childhood pneumonia and diarrhoea. Lancet. 2013;

381:1405–1416. https://doi.org/10.1016/S0140-6736(13)60222-6 PMID: 23582727

11. Leung DT, Das SK, Malek M. Concurrent pneumonia in children under 5 years of age presenting to a

diarrheal hospital in Dhaka, Bangladesh. Am J Tro Med Hyg. 2015; 93:831–835. https://doi.org/10.

4269/ajtmh.15-0074 PMID: 26149863

12. Savitha AK, Gopalakrishnan S. Determinants of acute resiparitory infections among under five children

in a rural area of Tamil Nadu, India. J Fam Med Primary Care. 2018; 7:1268.

13. Takele K, Zewotir T, Ndanguza D. Examining the spatial variation of comorbidity among young children

in Ethiopia. BMC Paediatrics. (2020) 20:300. https://doi.org/10.1186/s12887-020-02198-3 PMID:

32560679

14. Downing A., Forman D., Gilthorpe M.S., Edwards K.L., and Manda S.O., Joint disease mapping using

six cancers in the Yorkshire region of England. Int. J. Health Geogr. 2008; 7:41–55. https://doi.org/10.

1186/1476-072X-7-41 PMID: 18662387

15. Ghebremichael M., Joint modeling of correlated binary out comes: HIV-1and HSV-2 co-infection. Jour-

nal of Applied Statistics 2015, 42:2180. https://doi.org/10.1080/02664763.2015.1022138

16. McCulloch C., Joint modelling of mixed outcome types using latent variables. Statistical Methods in

Medical Research. 2008; 17:53–73. https://doi.org/10.1177/0962280207081240 PMID: 17855745

17. McCullagh P. and Nelder J A., Generalized Linear Models ( second edition). London, United Kingdom:

Chapman & Hall; 1989.

18. Palmgren J., Regression Models for Bivariate Binary Responses. Technical Report no. 101, Depart-

ment of Biostatistics, University of Washington, Seattle.1989.

19. Cessie S., and Houwelingen J. C., Logistic regression for correlated binary data. Applied Statistics,

1994; 43, 95–108.

20. Skrondal and S. Rabe-Hesketh, Generalized Latent Variable Modeling, Chapman & Hall, New York,

2004.

21. Abud Darda Ghazanfar Ali. Modelling of African Farm Dynamics Using Bivariate Binary Logistic Regres-

sion in WinBUGS. Mater Thesis. 2009; Lund Univesity.

22. Kosuke Imai, Gary King, and Olivia Lau. \Zelig: Everyone’s Statistical. Software 2007; http://GKing.

harvard.edu/zelig

23. W Yee T., and Dirnbock T., Models for analysing species’ presence/absence data at two time points.

Journal of Theoretical Biology 2009; 259, 684–694. https://doi.org/10.1016/j.jtbi.2009.05.004 PMID:

19454290

24. El-Gilany AH. and Hammad S., Epidemiology of diarrheal diseases among children under age 5 years

in Dakahlia, Egypt. Eastern Mediterranean Health Journal. 2000; 11(4): 762–775.

25. Fair, Ray C, Estimating the Expected Predictive Accuracy of Econometric Models. International Eco-

nomic Review 1980; 21:355–378.

26. Tjur T., Coefficients of determination in logistic regression models—A new proposal: The coefficient of

discrimination. The American Statistician 63: 2009; 366–372.

PLOS ONE Joint Binary response modelling for childhood comorbidity in Ethiopia

PLOS ONE | https://doi.org/10.1371/journal.pone.0268040 May 18, 2022 10 / 10

https://doi.org/10.4269/ajtmh.13-0751
http://www.ncbi.nlm.nih.gov/pubmed/24799369
https://doi.org/10.1016/S0140-6736%2803%2913779-8
http://www.ncbi.nlm.nih.gov/pubmed/12842379
http://www.ncbi.nlm.nih.gov/pubmed/12764516
https://doi.org/10.1016/S0140-6736%2813%2960222-6
http://www.ncbi.nlm.nih.gov/pubmed/23582727
https://doi.org/10.4269/ajtmh.15-0074
https://doi.org/10.4269/ajtmh.15-0074
http://www.ncbi.nlm.nih.gov/pubmed/26149863
https://doi.org/10.1186/s12887-020-02198-3
http://www.ncbi.nlm.nih.gov/pubmed/32560679
https://doi.org/10.1186/1476-072X-7-41
https://doi.org/10.1186/1476-072X-7-41
http://www.ncbi.nlm.nih.gov/pubmed/18662387
https://doi.org/10.1080/02664763.2015.1022138
https://doi.org/10.1177/0962280207081240
http://www.ncbi.nlm.nih.gov/pubmed/17855745
http://GKing.harvard.edu/zelig
http://GKing.harvard.edu/zelig
https://doi.org/10.1016/j.jtbi.2009.05.004
http://www.ncbi.nlm.nih.gov/pubmed/19454290
https://doi.org/10.1371/journal.pone.0268040

