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Abstract 

Background  In sub-Saharan African countries, preventable and manageable diseases such as diarrhea and acute 
respiratory infections still claim the lives of children. Hence, this study aims to estimate the rate of change in the log 
expected number of days a child suffers from Diarrhea (NOD) and flu/common cold (NOF) among children aged 6 
to 11 months at the baseline of the study.

Methodology  This study used secondary data which exhibit a longitudinal and multilevel structure. Based 
on the results of exploratory analysis, a multilevel zero-inflated Poisson regression model with a rate of change 
in the log expected NOD and NOF described by a quadratic trend was proposed to efficiently analyze both outcomes 
accounting for correlation between observations and individuals through random effects. Furthermore, residual plots 
were used to assess the goodness of fit of the model.

Results  Considering subject and cluster-specific random effects, the results revealed a quadratic trend in the rate 
of change of the log expected NOD. Initially, low dose iron Micronutrient Powder (MNP) users exhibited a higher 
rate of change compared to non-users, but this trend reversed over time. Similarly, the log expected NOF decreased 
for children who used MNP and exclusively breastfed for six months, in comparison to their counterparts. In addition, 
the odds of not having flu decreased with each two-week increment for MNP users, as compared to non-MNP users. 
Furthermore, an increase in NOD resulted in an increase in the log expected NOF. Region and exclusive breastfeeding 
also have a significant relationships with both NOD and NOF.

Conclusion  The findings of this study underscore the importance of commencing analysis of data generated 
from a study with exploratory analysis. The study highlights the critical role of promoting EBF for the first six months 
and supporting children with additional food after six months to reduce the burden of infectious diseases.

Keywords  Infectious disease, Longitudinal analysis, Multilevel zero inflated Poisson regression, Quadratic trend, 
Infants

Introduction
Promoting well-being and ensuring healthy lives for chil-
dren lies at the heart of the United Nations Sustainable 
Development Goals (SDGs). While considerable pro-
gress has been made in several nations towards meet-
ing these SDGs by the year 2020, it is important to note 
that Ethiopia continues to rank among the top five coun-
tries responsible for nearly half of the world’s under-five 
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mortality rates [1]. Recent report from the World Health 
Organization (WHO) illustrate infectious diseases such 
as diarrhea and acute respiratory infections (ARIs) are 
among the leading causes of under-five mortality [1]. 
Approximately 9% of all deaths among children under 
the age of five are attributed to diarrhea. Notably, the 
prevalence of under-five years deaths due to diarrhea is 
particularly elevated in sub-Saharan African countries 
[2]. Furthermore, as reported by the WHO in 2019, ARI 
was one of the predominant childhood diseases, ranking 
among the top seven common causes of death in children 
and bearing a notably elevated morbidity rate [3]. The 
incidences of ARI and diarrheal diseases are high during 
the first two years of a child’s life, casting a shadow over 
their physical growth. This early-life challenge can poten-
tially lead to adverse health outcomes in adulthood [4, 5]. 
A recent study in 2021 shows that the prevalence of diar-
rhea in Ethiopia was 17%, indicating that this issue still 
requires attention and intervention [6].

Researchers worldwide have conducted extensive stud-
ies on the risk factors associated with diarrhea and ARI. 
A study from Ethiopia showed that child age, drinking 
water source, family size and exclusive breastfeeding 
(EBF) status of a child directly associated with child-
hood diarrhea [6]. In addition, respiratory infections in 
children under the age of five years are associated with 
a range of factors, including demographics (education 
and employment status of the mother), socioeconomic 
conditions, nutrition status, health-related aspects, and 
environmental influences [7]. Studies conducted across 
different regions have shown that childhood diarrhea is 
associated with various factors, including the socio-eco-
nomic status of a household [8, 9], EBF [10, 11], educa-
tion status of a caregiver [9, 10, 12] sanitation [13], age 
of a mother [12], sex of a child, age of a child [9], water 
source [14], family size [13] and nutrition status of a child 
[10]. On the other hand, a study from Pakistan reveals 
that diarrhea, EBF and gender are significantly associated 
with ARI [15]. A previous study shows the simultaneous 
occurrence of childhood diarrhea and ARI [16]. Further-
more, a study from Nepal revealed a causal relationship 
between diarrhea and ARI [17].

Although the Ethiopian Ministry of Health and 
regional health offices have prioritized the enhancement 
of a child health, a considerable number of children con-
tinue to lose their lives in Ethiopia due to preventable and 
manageable cases of diseases such as diarrhea and ARI. 
Hence, identifying the underlying factors behind diar-
rhea and ARI has a paramount importance in achieving 
the SDGs and advancing a nation’s development, because 
healthy children can subsequently play dynamic roles in 
their communities, contributing in various ways. Hence, 
the primary objective of this study is to estimate the rate 

of change in the expected log number of days a child suf-
fered from diarrhea (NOD) and number of days a child 
suffered from flu/common cold (NOF) and identify the 
associated risk factors among young children in Ethiopia.

A previous study investigated the longitudinal preva-
lence of diarrhea and flu/common cold and the impact 
of the intervention, low dose iron Micronutrient Pow-
der (MNP), on the prevalence rates [18]. The study used 
a generalized Poisson linear mixed effects model, and 
reached to the conclusion that MNP usage increased the 
longitudinal prevalence of both diarrhea and flu [18]. On 
the other hand, a previous study shows that MNP usage 
did not elevate the risk of infectious diseases like diarrhea 
and ARI [19]. Another study also suggested that supple-
menting children with micronutrient, including vitamin 
A and zinc, could reduce the severity of infectious dis-
eases [20]. These conflicting results have prompted our 
decision to start the analysis from exploratory analysis. 
Therefore, our study aims to investigate the impact of 
using exploratory analysis for model specification.

Various studies have highlighted the positive impacts 
of EBF in reducing the risk of infectious diseases [10, 11, 
15, 21, 22]. Another study provided evidence of a reduced 
risk of infectious diseases among infants who breastfed 
exclusively for six months [23]. Furthermore, a study 
indicated that the use of MNP, which contains vitamin 
A and zinc, could mitigate the severity of infectious dis-
eases [20]. Therefore, according to the findings of [20, 23] 
studying the interaction of EBF month×MNP usage on 
NOD and NOF can help policy makers in formulating 
guidelines and recommendations for infant feeding prac-
tices. Therefore, this study explore the effect of the inter-
action of EBF month×MNP usage on NOD and NOF.

Methodology
Study data
In this study, we used secondary data originally collected 
to evaluate the effectiveness of MNP in improving child 
morbidity and growth among young children in Ethio-
pia [18]. The data were collected from the Oromia and 
Southern Nations, Nationalities, and Peoples’ Region 
(SNNPR) of Ethiopia, spanning from March 2015 to May 
2016. The dataset displays a hierarchical structure, with 
observations taken from each individual at two-week 
intervals throughout the data collection period. Data 
were collected from 2356 children from 35 villages (clus-
ters) at baseline, and after excluding children with only 
one measurement, we analyzed data from 2283 children. 
The dataset comprises three main components: child 
morbidity, anthropometric measurements, and the iron 
status of the children. For this study, our focus is mainly 
on child morbidity.
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The outcome variables, diarrhea and flu, were assessed 
every two weeks and a total of 18 measurements for each 
individual were used for this study. Thus, the number of 
days a child suffered from diarrhea (NOD) and the num-
ber of days a child suffered from flu/commen cold (NOF) 
within the two weeks period was counted for each of 
the 18 observation times. Furthermore, the covariates 
included were MNP usage, EBF months, gender, baseline 
age of a child, region, wealth index, age of a mother (AOM) 
and educational status of a mother (ESM). According to 
WHO, a child should breastfed for the first six months of 
life and should continue breastfeeding along with nutri-
tionally adequate and safe complementary (solid/liquid) 
foods after six months [24]. Thus, EBF months were classi-
fied as "0" if a child’s EBF months were less than or greater 
than six months and "1" if a child’s EBF months were equal 
to six months. Further, wealth index were calculated using 
the principal component analysis using stata version 14 by 
considering family assets, number of domestic animals, 
family size, type of toilet and water source. Further insights 
into the sampling procedure can be found in Samuel et al.’s 
work [18]. In addition, it is important to note that the 
study specifically considered children aged 6 to 11 months 
at the baseline assessment.

Methods
A count outcome can be modeled using the generalised 
Poisson (GP), negative binomial (NB) or zero inflated Pois-
son (ZIP) regression models. The GP model mainly used 
under the assumption of mean equals to variance or when 
there is no overdispersion and underdispersion. The NB 
and the ZIP regression models can be used when the data 
exhibit overdispersion and excessive zeros that go beyond 
what is expected from the Poisson distribution, respec-
tively. However, it is always advisable to start from the 
simple GP model. The probability mass function for the 
Poisson random variable Yt with parameter �t is given by

Thus, the GP model with p covariates is given by

where β0,β1, . . . βp are regression coefficients. However, 
the data in the current study exhibit a hierarchical struc-
ture, with individuals nested within cluster measured 

(1)p(Yt = yt) =
�
yt
t e

−�t

yt !
, t = 0, 1, 2, . . .

(2)log(�t) = ηt = β0 + β1xt1 + . . .+ βpxtp,

multiple times. This structure may violate the assumption 
of independence in a GP model, as measurements within 
the same individual or cluster are likely to be correlated. 
The multilevel generalised Poisson (MGP) regression 
model is a model which account this correlation. Thus, 
a subject-level random effect was introduced first to 
capture the subject specific correlation. Subsequently, 
a cluster-level random effect was added to account 
cluster specific correlation. Let the count outcome 
Ytli(i = 1, 2, . . . ,m; l = 1, 2, . . . , ni; ti = 1, 2, . . . , nij) rep-
resents NOD or NOF of a child which represent the tth 
observation of lth individual in the ith cluster, the prob-
ability mass function for the random variable Ytli with 
parameter �tli is given by

where uli and vi represents the subject- and cluster-spe-
cific random effects. Thus, the MGP model for the out-
come Ytli with parameter �tli for p covariates is given by

where timetli is the time points in which individu-
als were measured and z′tli = [1, timetli] . In addition, 
uli ∼ N (0,�(θu)) and vi ∼ N (0,�(θv)) , where �(θu) and 
�(θv) represents a symmetric and positive semi-definite 
variance-covariance matrix of random effects uli and vi 
parameterised by vector of variance-covariance compo-
nents θu and θv , respectively. Furthermore, the outcomes 
NOD and NOF in the current study exhibit excess zeros 
(see Fig. 1 ). The Negative Binomial model is often a good 
starting point for modeling overdispersed count data, 
including datasets with more zeros than would be expected 
under a Poisson model. The probability mass function for 
the random variable Yt from NB distribution is given by

where φt and �t are dispersion parameter and average 
count of the outcome Yt , respectively. However, similar 
to the GP model in Expression 2, NB model may also fail 
to account the dependency within subject at the subject-
level and the dependency within cluster at the cluster-
level. Let Ytli|uli, vi ∼ NB(�tli,φtli) , the probability mass 
function of the random variable Ytli is given by

where φtli and �tli are dispersion parameter and average 
count of the outcome. Hence, the multilevel negative 
binomial model  for the outcome Ytli is given by

(3)p(Ytli = ytli|uli , vi) =
�
ytli
tli exp

−�tli

Ytil !
, ytli = 0, 1, 2, . . . ,

(4)log(�tli) = ηtli = β0 + β1timetli + x′tliβ + z′tliuli + z′tlivi ,

(5)p(Yt = yt) =
Ŵ(yt + φt)

Ŵ(φt)Ŵ(yt + 1)

φt

φt + �t

φt �t

φt + �t

yt

,

(6)p(Ytli = ytli|uli, vi) =
Ŵ(ytli + φtli)

Ŵ(φtli)Ŵ(ytli + 1)

(

φtli

φtli + �tli

)φtli
(

�tli

φtli + µtli

)ytli
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where the distributional assumption for the random 
effects uli and vi is similar to the assumption of MGP 
model in Expression 4. The NB regression model offer a 
better fit when there is overdispersion, however, it may 
fail to adequately address the substantial number of zero 
counts observed (see Fig.  1). The ZIP model is specifi-
cally designed to account for the overabundance of zeros 
possessed by a count outcome. The Zero-Inflated Pois-
son (ZIP) regression model was built under the assump-
tion that the data originates from two distinct processes. 
One process generates the zero counts, while the other 
process generates both the zero and non-zero counts. 
Consequently, the ZIP model combines logistic regres-
sion and Poisson regression to model the zero part based 
on the presence or absence of the outcome, and its count 
part, respectively. However, the ZIP model may still fail 
to account the correlation between measurements within 
the same individual or cluster. The multilevel zero inflated 
Poisson (MZIP) regression model is an extension of ZIP 
model which can be used in the case of correlated obser-
vations. According to [25] the probability mass function 
of an outcome Ytli from a ZIP distrbution with the average 
count �tli and probability of extra zeros φtli is given by

In the MZIP models, the fixed effect covariates for 
the zero and count part of the model are not necessar-
ily the same [26]. For this study, we have assumed a cor-
relation between random intercept and random slope at 
the Poisson component of the model. However, based on 
the parsimonious principle, we assumed no correlation 
between the random effects in the Poisson and logistic 
components of the model. Let the count outcome Ytli rep-
resents NOD or NOF of a child, where Ytli represent the 
tth observation of lth individual in the ith cluster, and m, ni 
and nij represent total number of clusters, total number 
of individuals in the ith cluster and total number of obser-
vations for the lth individual in the ith cluster, respectively. 
Hence, the linear predictors for the zero and non-zero 
part of the model which linked to the logit and log link 
functions are given by

(7)log(�tli) = ηtli = β0 + β1timetli + x′tliβ + z′tliuli + z′tlivi ,

(8)
p(Ytli = ytli|rli, si,uli, vi) =

{

φtli + (1− φtli)e
−�tli , if ytli = 0

(1− φtli)
�
ytli
tli e−�tli

Ytil !
, ytli = 1, 2, . . .

respectively, where α0 and β0 are the respective baseline 
log odds and log expected of the outcome at the logis-
tic and Poisson components of the model, after keeping 
the other covariates in the model constant. In addition, 
atli and xtli are a vector of fixed effect covariates present 
in the logistic and Poisson components of the model, 
accompanied by their respective regression coefficients 
α and β . Furthermore, rli and si are the subject and clus-
ter specific random effects at the logistic component 
of the model. Further, rli ∼ N (0, σr0) , si ∼ N (0, σs0) , 
uli ∼ N (0,�(θu)) , and vi ∼ N (0,�(θv)) , where σr0 
and σs0 are variances of subject specific and cluster 
specific random intercepts in the logistic part of the 
model. While �(θu) and �(θv) are symmetric and posi-
tive semi-definite variance-covariance matrix of random 
effects in the Poisson part of the model parameterised 
by vector of variance-covariance components θu and θv , 
respectively. For this study, the collection of parameters 
� = (αt ,βt , σr0 , σs0 , θu, θv) were estimated using the max-
imum likelihood estimation method, where αt and βt are 
vector of regression coefficients including the regression 
coefficient of timetli at the logistic and Poisson compo-
nents of the model, respectively.

Model selection
Let Y represents a vector of discrete count outcome. When 
modeling count data, one of the suitable methods to be 
employed is a Poisson regression. However, count data 
sometimes exhibit overdispersion and excessive zeros, that 
go beyond what is expected from the Poisson distribu-
tion. For instance, the response variables NOD and NOF 
in this study had many zeros (Fig. 1). In cases like this, a 
standard Poisson model may not be the most appropri-
ate choice for further analysis. Therefore, it is advisable to 
begin with a generalized Poisson (GP) regression model 
and assess whether this model can effectively handle the 
observed excess zeros. Following the approach outlined 
by [27, 28], we utilized quantile residuals rather than ordi-
nary residuals to select the correct family distribution. 
This was accomplished via simulation, similar to the prin-
ciples of Bayesian p-values and parametric bootstrapping, 

(9)and
log

(

φtli
1−φtli

)

= ξtli = α0 + α1timetli + a′tliα + rli + si

log(�tli) = ηtli = β0 + β1timetli + x′tliβ + z′tliuli + z′tlivi,
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which converts residuals to scaled residuals using the 
|DHARMa| package in |R| [28]. Thus, if the fitted model 
is accurate, the scaled/quantile residuals simulated from 
the fitted model should conform to a uniform [0,1] distri-
bution. In addition, it is advisable to perform a dispersion 
test to test overdispersion or underdispersion in the model 
[28]. Hence, we initially employed the GP model, tran-
sitioned to the negative binomial model, and ultimately 
arrived at a zero-inflated Poisson regression model (see 
Exploratory analysis  section for further detail). Further-
more, Akaike Information Criterion (AIC) and Bayesian 
Information Criterion (BIC) were considered to further 
validate the model selection. These provided additional 
evidence that supported the superiority of the selected 
model by balancing the model fit with complexity.

Having the zero-inflated Poisson regression model 
in mind, it is essential to recognize that the data in this 
study exhibits a longitudinal and hierarchical structure. 
Furthermore, the individual and cluster profile plots in 
Fig. 4 show variations in both intercepts and slopes. We 
employed a likelihood ratio test to examine zero vari-
ance components. This test is based on the hypothesis 
H0 : σ

2 = 0 versus H1 : σ
2 > 0 and follows an asymp-

totic mixture distribution of 0.5χ2
0 + 0.5χ2

1  , where σ 2 is 
a variance of subject specific random intercept or slope, a 
covariance between random intercept and random slope 
at individual level or variance of cluster specific random 
intercept or slope and covariance between random inter-
cept and random slope at cluster level [29].

Result
Exploratory analysis
This study considered two outcomes, namely NOD and 
NOF. According to Walker et  al. (2013), the joint mod-
elling of diarrhea and ARI would sound appropriate. 
However, upon reviewing the data, we found that the 

correlation between the two outcomes is relatively low 
( < 0.2 ). In addition, the number of times that a child was 
suffering from flu and diarrhea at the same time were lim-
ited. This sparse nature of the data makes fitting the joint 
modelling of the two outcomes difficult. Given the hierar-
chical nature of the data, the estimation of random effects 
at the individual and cluster levels for the joint modeling of 
the two outcomes becomes problematic due to the insuffi-
cient number of observations in these cases. Furthermore, 
given the low correlation between the two outcomes, a 
joint model may not capture meaningful associations and 
could lead to unstable estimates. On the other hand, New-
man et al., (2020), revealed a causal relationship between 
diarrhea and ARI among infants. Hence, including this 
relationship in a joint model could complicate the analysis 
without providing additional insight. Therefore, this study 
considered a separate analysis of NOD and NOF.

The outcomes in this study exhibit a count nature, and 
as demonstrated by the histogram in Fig.  1, both out-
comes namely NOD and NOF, exhibit numerous zero. 
Various studies have indicated that a generalized Pois-
son linear mixed effects model may not be suitable for 
such data types [26, 30]. However, the presence of many 
zeros does not necessarily indicate zero-inflation, it 
could be explained by the inclusion of explanatory vari-
ables. Therefore, it is advisable to begin with a general-
ized Poisson (GP) regression model that incorporates 
all fixed-effect covariates and investigate whether the 
model can account for the observed excess zeros in the 
data. Furthermore, the plots in Fig. 2 show that the rate 
of change for both outcomes follows a half-inverted U 
shape emphasizing the importance of considering quad-
ratic time effect. Furthermore, the plot for NOD shows 
that the two lines intersected at the end of the study 
(Fig.  2a). Hence, it is crucial to account for interactions 
time×MNP usage and time2 ×MNP usage to assess 

Fig. 1  A histogram showing the observed frequency distribution for the number of days a child suffered from diarrhea and flu/common cold
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the rate of change in the log expected NOD and NOF for 
children who used MNP compared to those who did not.

Thus, the GP model for NOD ( MD1 ) is given by

where ηd represents the linear predictor, time is the 
time points in which the observations were recorded, 
MNP usage represents whether or not a child used MNP, 
EBF months is exclusive breastfeeding months of a child, 
Age is age of a child, AOM is age of a mother and ESM 
is educational status of a mother. However, the model 
validation test for the GP model for NOD does not indi-
cate a good fit (see Table 1 and Fig. 3a). Specifically, the 

(10)

ηd = β0 + β1 time + β2 time2 + β3MNP usage

+ β4MNP usage × time + β5MNP usage × time2

+ β6EBF months + β7EBF months ×MNP usage

+ β8 Age + β9 gender + β10 region+ β11 AOM

+ β12 ESM + β13 wealth index

= Xβ ,

zero inflation test appeared significant suggesting that 
the model failed to account for the observed excess zeros 
in the data ( p− value < 0.001 ). Furthermore, the over-
dispersion parameter is far greater than one and highly 
significant. Moreover, the QQ-plot in Fig. 3a reveals sub-
stantial deviations from the expected distribution.

On the other hand, the Negative Binomial (NB) regres-
sion model is a well-suited model for count data that exhibit 
overdispersion compared to what would be expected from 
the GP model. Therefore, we considered a NB regression 
model (MD2) with the same mean structure as in Expres-
sion 10. While this model effectively handles the exces-
sive zeros in the observed data, a dispersion test indicates 
a highly significant underdispersion problem (see Table 1). 
In addition, the QQ plot in Fig.  3b confirms deviations 
from the expected distribution. Another viable option that 
can effectively capture the characteristics of the data is a 
Zero-Inflated Poisson (ZIP) Regression model (MD3) . Even 
though the dispersion test remains significant, the disper-
sion parameter is very close to one. Furthermore, the QQ 
plot in Fig. 3c shows no deviations from the expected dis-
tribution, indicating a good fit compared to MD1 and MD2 . 
Moreover, the values of AIC and BIC for MD3 are signifi-
cantly smaller than those for MD1 and MD2.

Similarly, for the outcome NOF we started from the GP 
model ( MF1 ) (see Expression 11) and followed the same 
procedure as we did for NOD. However, the zero-inflation 
and overdispersion tests were significant for the GP model 
(Table 1). In addition, the QQ plot in Fig. 3d shows deviation 
from the expected distribution. Furthermore, the NB regres-
sion model MF2 did not fit the data very well (see Table 1 & 
Fig.  3e). Conversely, the ZIP model ( MF3 ) demonstrates a 
good fit as compared to MF1 and MF2 (Table 1 & Fig. 3f).

Fig. 2  An interaction plot showing the relationship between MNP usage and  outcomes over time: (a) NOD,  (b) NOF 

Table 1  Model validation tests for the outcomes NOD and NOF

** p− value < 0.001 ; * p− value < 0.05

Models Zero-
inflation 
test

Dispersion test AIC BIC

MD1
1.34** 5.00** 85017.1 85179.6

MD2
1.00 0.47** 41136.3 41307.3

MD3
1.00 1.05* 38127.1 38298.0

MF1 1.52** 5.31** 109738.5 109900.9

MF2 1.01* 0.43** 51778.6 51738.6

MF3 1.00 1.04* 47520.1 47691.1
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Moreover, the significant overdispersion problem 
observed in both NOD and NOF may be attributed to the 
variation due to subject specific and cluster specific ran-
dom effects. For instance, the individual and cluster pro-
file plots for NOD in Fig. 4a and b show the existence of 
substantial variations in both intercept and rate of change 
in NOD across time among the observed individuals and 
clusters, respectively. Similarly, the individual and cluster 
profile plots for NOF in Fig.  4c and d also demonstrate 

(11)

ηf = β0 + β1 time + β2 time2 + β3MNP usage

+ β4MNP usage × time + β5MNP usage × time2

+ β6EBF months + β7EBF months ×MNP usage

+ β8 Age + β9 sex + β10 region+ β11MOA

+ β12MES + β13 wealth index + β14 NOD

= Xβ ,

variations in both intercept and slope across time among 
the observed individuals and clusters, respectively. To 
adequately address these variations, it is important to 
consider random intercepts and slopes at both the indi-
vidual and cluster levels.

Selection of variance‑covariance structure for random 
effects
In this section we conducted a mixture chi-square test to 
select a variance-covariance structure at both subject and 
cluster levels (Tables 2 & 3). Starting from a ZIP regres-
sion model with no random effects, eight models were 
fitted to test the variances of random effects and the 
covariance between the random intercept and random 
slope at each level of the hierarchy.

For the outcome NOD, the test for the subject specific ran-
dom intercept ( H0 : σu0 = 0 against H1 : σu0 > 0 ) yielded a 

Fig. 3  Residual plots of: (a) GP model for NOD, (b) NB model for NOD, (c) ZIP model for NOD, (d) GP model for NOF (e), NB model for NOF, (f) ZIP 
model for NOF 
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Fig. 4  Individual and cluster profile plots for NOD and NOF

Table 2  Longitudinal multilevel zero inflated Poisson regression models for selection of variance-covariance structure for NOD

Models Poisson Part Logistic part –2log (Lik) AIC BIC p–value

M1 η = Xβ ξ = Aα 37327.7 37599.3

M2 η = Xβ + u0 ξ = Aα 44.6 37283.1 37575.2 < 0.001

M3 η = Xβ + u0 + v0 ξ = Aα 16.3 37268.8 37559.5 < 0.001

M4, σ̂u01 = 0 η = Xβ + u0 + u1 time + v0 ξ = Aα -31.3 37302.10 37601.3 1.00

M5, σ̂v01 = 0 η = Xβ + u0 + v0 + v1 time ξ = Aα 13.4 37257.4 37556.7 < 0.001

M6, σ̂v01 �= 0 η = Xβ + u0 + v0 + v1 time ξ = Aα 2.1 37257.3 37565.1 0.250

M7, σ̂v01 = 0 η = Xβ + u0 + v0 + v1 time ξ = Aα + r0 254.1 37005.3 37313.1 < 0.001

M8, σ̂v01 = 0 η = Xβ + u0 + v0 + v1 time ξ = Aα + r0 + s0 341.3 36666.0 36982.3 < 0.001

Table 3  Longitudinal multilevel zero inflated Poisson regression models for selection of variance-covariance structure for NOF

Models Poisson Part Logistic part –2log (Lik) AIC BIC p–value

M1 η = Xβ ξ = Aα 45698.0 45954.5

M2 η = Xβ + u0 ξ = Aα 26.6 45673.4 45938.4 < 0.001

M3 η = Xβ + u0 + v0 ξ = Aα 45.8 45629.6 45903.2 < 0.001

M4, σ̂u01 = 0 η = Xβ + u0 + u0 time + v0 ξ = Aα 0.00 45631.6 45913.8 1.000

M5, σ̂v01 = 0 η = Xβ + u0 + v0 + v1 time ξ = Aα 27.3 45604.3 45886.4 < 0.001

M6, σ̂v01 �= 0 η = Xβ + u0 + v0 + v1 time ξ = Aα 30.7 45575.6 45866.3 < 0.001

M7, σ̂v01 �= 0 η = Xβ + u0 + v0 + v1 time ξ = Aα + r0 299.1 45278.5 45577.7 < 0.001

M8, σ̂v01 �= 0 η = Xβ + u0 + v0 + v1 time ξ = Aα + r0 + s0 434.1 44846.5 45154.2 < 0.001
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significant result ( −2log(Lik) = 44.62, p− value < 0.001 ), 
suggesting that subject specific random intercept should 
be included in the Poisson part of the model. Furthermore, 
the test also verified the significance of the variances of 
cluster-specific random intercept ( σv0 ) in the Poisson part 
of the model (−2log(Lik) = 16.27, p− value < 0.001) . 
However, including the subject-specific random slope 
was unnecessary, as the test ( H0 : σu1 = 0 against 
H1 : σu1 > 0 ) did not appear significant (Table 2). To test 
cluster specific random slope, two models one with sub-
ject specific random intercept and cluster specific ran-
dom intercept ( M3 ), and the other with subject specific 
random intercept, cluster specific random intercept and 
cluster specific random slope ( M5 ) were fitted and the 
test ( H0 : σv1 = 0 against H1 : σv1 > 0 ) ensured that 
the inclusion of cluster specific random slope was crucial 
(−2log(Lik) = 13.37, p− value < 0.001) . However, the 
non-rejection of the null hypothesis H0 : σv01 = 0 with 
−2log(Lik) = 2.09 and p− value = 0.250 suggests that 
considering the covariance between the random intercept 
and slope at the cluster level of the model ( M6 ) was not nec-
essary. Furthermore, the result from testing the hypothesis 
H0 : σr0 = 0 against H1 : σr0 > 0 and H0 : σs0 = 0 against 
H1 : σs0 > 0 in models M7 and M8 , respectively, confirmed 
that the inclusion of subject and cluster specific random 
intercepts at the logistic part of the model was important. 
Moreover, the model with the smaller AIC and BIC was M8 , 
which support the LRT (Table 2).

Similar tests were conducted to evaluate the ran-
dom effects for the outcome NOF. The test H0 : σu0 = 0 
against H1 : σu0 > 0 in M1 (no random intercept) yielded 
a test statistic value of 26.63 with a p− value < 0.001 . 

This provides compelling evidence against the null 
hypothesis H0 , indicating significant subject-specific 
variability in the Poisson part of the model. Further-
more, the test H0 : σv0 = 0 against H0 : σv0 > 0 also 
confirmed a statistically significant difference among 
clusters (−2log(Lik) = 45.77, p− value < 0.001) . How-
ever, the subject-specific random slope was not statisti-
cally significant. To test the cluster-specific random slope, 
we considered models M3 and M5 with the hypothesis 
H0 : σv1 = 0 against H1 : σv1 > 0 , and the test was highly 
significant (−2log(Lik) = 27.33, p− value < 0.001) , sug-
gesting the inclusion of cluster-specific random slope. 
The test (H0 : σv01 = 0 against H1 : σv01 > 0) with 
−2log(Lik) = 30.66 and p− value < 0.001 indicates 
a substantial improvement in the fit of M6 compared to 
M5 , favoring the model with an unstructured covariance 
structure at the cluster level over the model with a diago-
nal covariance structure. Similarly, the LRT, the AIC and 
BIC values supported the inclusion of both subject-spe-
cific and cluster-specific random intercepts in the logistic 
part of the model (Table 3). This leads to the conclusion 
that the next section will be based on model M8.

Multilevel zero inflated Poisson regression analysis
In this section, the results from the multivariable MZIP 
regression model are presented for both NOD and 
NOF (Tables  4 & 5). For the outcome NOD, consider-
ing subject and cluster specific variations, the covari-
ates significant at a 5% level, including region, EBF 
month, time, MNP usage, time2 , time×MNP usage and 
time2 ×MNP usage in the Poisson part of the model, and 
gender, region, MNP usage, time and time×MNP usage 

Table 4  Parameter estimates (standard errors, s.e) of multilevel zero inflated Poisson regression model for NOD

Poisson part Logistic part

Estimate (s.e) p-value Estimate (s.e) p-value

Fixed Effects
     Intercept 1.530 (0.052) < 0.001 2.456(0.172) < 0.001

     Gender, Female – – 0.084(0.042) 0.045

     Region, SNNPR 0.060 (0.031) 0.054 -0.512(0.177) 0.004

     EBF month, = 6 -0.138(0.029) < 0.001 0.106(0.069) 0.124

     MNP usage, Yes 0.026(0.053) 0.619 -0.765(0.185) < 0.001

     Time -0.025(0.011) 0.027 0.059 (0.006) < 0.001

     Time2 0.002(6× 10−4) 0.006 – –

     Time×MNP usage, Yes 0.035(0.014) 0.013 0.020(0.007) 0.012

     Time2 ×MNP usage, Yes -0.002 ( 8× 10−4) 0.004 – –

Variance components
     σ0(subject) σu0 = 0.130 σr0 = 0.432

     σ0(cluster) σv0 = 0.052 σs0 = 0.502

     σ1(cluster) σv1 = 0.007 –
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in the logistic part of the model, were retained for fur-
ther analysis. Keeping the effects of other covari-
ates constant, the odds of not having diarrhea for girls 
were higher than that of boys ( α = 0.084 , s.e. = 0.042 , 
p− value = 0.004 ). In addition, the odds of not hav-
ing diarrhea for children in the SNNPR region was 
lower than those from the Oromia region ( α = −0.512 , 
s.e. = 0.177 , p− value = 0.004 ). Furthermore, the log 
of  expected NOD was 0.138 unit  lower for children 
whose EBF months were six months compared to those 
with less than or greater than six months ( β = −0.138 , 
s.e. = 0.029 , p− value < 0.001).

The interaction terms, Time×MNP usage and Time
2×

MNP usage , reveal non-monotonic changes in log expected 
NOD among children who used MNP as time pro-
gresses. The positive coefficient for Time×MNP usage 
( β = 0.035 , s.e. = 0.014 , p− value = 0.013 ) and the 
negative coefficient for Time2 ×MNP usage suggest 
an inverted U-shaped relationship between NOD and 
time, confirming the pattern seen in Fig.  2a in explora-
tory analysis. This indicates that the log of expected NOD 
increases by 0.035 for every two-week increment in time 
among MNP users compared to non-users which could 
be an initial adverse reaction to the MNP at the begin-
ning of the study. However, as time progresses, the log of 
expected NOD decelerates for each two-week increment 
among MNP users compared to non-users. The interac-
tion term Time×MNP usage in the logistic part of the 
model revealed that the odds of not having diarrhea for 
children who used MNP increased for two weeks incre-
ment in time ( α = 0.020 , s.e. = 0.007 , p− value = 0.012)
(Table 4). These findings suggest that, even if the difference 

is minimum due to various nuisance factors, the use of 
MNP contributed to the well-being of the children.

The results from MZIP regression model for the out-
come NOF is presented in Table 5. The covariates signifi-
cant at 5% level of significance were region, NOD, EBF 
month, MNP usage, time and EBF months×MNP usage 
in the Poisson part of the model, and region, EBF month, 
MNP usage, time and time×MNP usage at the logistic 
part of the model. After adjusting the effects of other 
covariates, subject specific and cluster specific random 
effects, we observed that the log of expected NOF was 
0.116 unit higher for children living in the SNNPR region 
compared to children in the Oromia region ( β = 0.116 , 
s.e. = 0.026 , p− value < 0.001 ). Furthermore, in the 
logistic part of the model, it was revealed that the odds 
of not having the flu were lower for children living in the 
SNNPR region as compared to children from Oromia 
region ( α = −1.193 , s.e. = 0.215 , p− value < 0.001).

The log expected NOF was expected to increase by 
0.017 for a unit increase in NOD ( β = 0.017 , s.e. = 0.003 , 
p− value < 0.001 ). Notably, the interaction term 
EBF month×MNP usage indicated that the log expected 
NOF was expected to decrease by 0.106 units for chil-
dren who exclusively breastfed for six months and used 
MNP ( β = −0.106 , s.e. = 0.045 , p− value = 0.019 ) as 
compared to children who did not used MNP and whose 
EBF months less or greater than six months. In addi-
tion, the odds of not having flu/common cold was higher 
for children who exclusively breastfed for six months as 
compared to the counterparts ( α = 0.141 , s.e. = 0.062 , 
p− value = 0.009 ). Moreover, the logistic part of the 
model in Table 5 reveals that the odds of not having the 

Table 5  Parameter estimates (standard errors, s.e) of multilevel zero inflated Poisson regression model for NOF

Poisson part Logistic part

Estimate (s.e) p-value Estimate (s.e) p-value

Fixed Effects
     Intercept 1.421 (0.048) < 0.001 2.903(0.197) < 0.001

     Region, SNNPR 0.116 (0.026) < 0.001 -1.193(0.215) < 0.001

     NOD 0.017 (0.003) < 0.001 – –

     EBF month, = 6 0.034 (0.034) 0.315 0.141(0.062) 0.009

     MNP usage, Yes 0.163 (0.048) < 0.001 -1.068(0.220) < 0.001

     Time 0.003 (0.004) 0.429 0.043 (0.003) < 0.001

     EBF month, = 6×MNP usage, Yes -0.106(0.045) 0.019 – –

     Time×MNP usage, Yes – – 0.023(0.007) < 0.001

Variance components
     σ0(subject) σu0 = 0.087 σr0 = 0.409

     σ0(cluster) σv0 = 0.132 σs0 = 0.615

     σ1(cluster) σv1 = 0.021 –

     σ01(cluster) ρv01 = −0.940 –
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flu/common cold increased as time increased by two 
weeks for children who used MNP as compared to those 
who did not ( α = 0.023 , s.e. = 0.007 , p− value < 0.001 ). 
These interpretations hold after adjusting subject and 
cluster specific random effects.

Model diagnostic
To assess the goodness of fit of the model  for both 
NOD and NOF, we employed scaled/quantile residu-
als generated from the fitted models. As depicted in 
Fig. 5a and b, the QQ plots for NOD and NOF, respec-
tively, show that the residuals align the straight line. 
This indicates that the residuals for both models fol-
low a uniform distribution over the range [0, 1]. In 
addition, the dispersion and KS test appeared non sig-
nificant revealing a good fit.

Discussion
This study primarily focused on the longitudinal analysis 
of NOD and NOF among young children drawn from 35 
clusters within the SNNPR and Oromia regions, Ethio-
pia. The study employed exploratory analysis, i.e., data 
driven approach to identify the suitable family distribu-
tion for modeling the two outcomes and emphasized 
the importance of such analysis in achieving appropriate 
model specification.

The results obtained from the longitudinal MZIP model 
reveal that, after adjusting for subject and cluster-specific 

random effects, several covariates are associated with both 
the log of the expected value of NOD and the log odds of 
not having diarrhea. The covariates region, EBF months, 
and gender were found to have significant associations 
with the log of the expected value of NOD. In addition, 
significant associations were observed for the interactions 
between linear time and MNP usage, as well as between the 
quadratic time and MNP usage in relation to the log of the 
expected value of NOD. Furthermore, gender, region, and 
the interaction of time by MNP usage showed significant 
relationship with the log odds of not having diarrhea. The 
study shows that region has a significant association with 
log of the expected value of NOD and odds of not having 
diarrhea. This observation is consistent with the findings 
of a systematic review research that highlighted regional 
disparities in the prevalence of diarrhea among under five 
children in Ethiopia [31]. Furthermore, our study reveals 
that EBF months are significantly associated with the 
expected log of NOD, aligning with the results of several 
previous studies [10, 11, 21, 22, 32, 33]. It was observed that 
the log odds of not having diarrhea were higher for female 
children compared to their male counterparts. This finding 
is consistent with prior research conducted in Ethiopia that 
reported a significant association between a child’s sex and 
the odds of experiencing diarrhea [34].

One of the interesting findings of this study under-
scores the importance of starting with exploratory 
analysis and the impact of selecting an appropriate 

Fig. 5  Residual plots of MZIP models for: (a) NOD,  (b) NOF 
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model specification on study outcomes i.e., a prior study 
employing the same dataset as the current study con-
cluded that longitudinal diarrhea prevalence was higher 
among children who used MNP [18]. However, the 
results of the current study contradict these findings by 
revealing an inverted U-shaped trend in the log-expected 
NOD as time increases for children who used MNP. This 
indicates that the log-expected NOD for children who 
used MNP increases in comparison to those who did not 
as time increases until a turning point is reached. After 
this turning point, the negative coefficient in the quad-
ratic term of the interaction implies that the log-expected 
NOD decreases as time increases for children who used 
MNP, compared to those who did not. In addition, the 
odds of not having diarrhea was initially very low for 
children who used MNP at the start of the study. The 
exploratory plot also reveals a high prevalence of diar-
rhea among children who used MNP at the beginning of 
the study, which may explain the inverted U-shaped rate 
of change in the expected log of NOD.

The variances of the individual and cluster level ran-
dom effects for the outcome NOD indicate that there is 
more variability between individuals than between clus-
ters. This may be due to individual-level factors such as 
poor hygiene, poor sanitation, or poor nutrition practices 
[14]. Therefore, since these variables were not included in 
the model, the variation due to these factors can be con-
trolled by the subject specific random effects which may 
increase the variance of subject specific random effects. 
In addition, the individual reaction to the low-dose iron 
micronutrient powder may be different at the beginning 
of the study. A previous study shows that micronutrient 
with iron supplies can increase the incidence of diarrhea 
[35]. Therefore, some children may experience a sensitive 
reaction to the micronutrient powder, which may con-
tribute to high variability between individuals within the 
same cluster.

Moreover, the study demonstrates that the odds of not 
having diarrhea for children who used MNP increase as 
time progresses compared to those who did not use MNP. 
Thus, we can assert that the use of MNP do not increase 
the longitudinal prevalence of diarrhea. Our findings 
align with another study that demonstrated providing 
children with MNP did not increase the risk of childhood 
infectious diseases such as diarrhea and lower respiratory 
infections [19]. Furthermore, a different study indicated 
that supplementing children with micronutrient, includ-
ing vitamin A and zinc, can reduce the severity of diar-
rhea [20]. Based on this finding, we can say that selecting 
a data driven model plays a pivotal role in drawing reli-
able conclusion.

The finding of this study for the outcome NOF 
reveal that after adjusting for the subject and cluster 

specific random effects, region, NOD and the interac-
tion MNP usage× EBF months had a significant associ-
ation with the expected log of NOF. In addition, region, 
EBF months and the interaction MNP usage× time had 
a significant association with the odds of having flu/
common cold. A significant relationship between NOF 
and region was identified in both part of the model. 
This finding is consistent with the results reported in a 
prior investigation [7]. Furthermore, the current study 
supported the causal relationship between diarrhea 
and ARI which aligned with earlier findings [17]. It was 
observed that the log expected NOF increases with 
NOD. This result was supported by previous findings 
which shows diarrhea as risk factor of ARI [7, 15, 15]. 
Various studies also show the simultaneous occurrence 
of ARI and diarrhea [16, 17].

Moreover, this study indicates a significant associa-
tion between the interaction of EBF month and MNP 
usage with the log expected NOF. While there are no 
studies specifically addressing the effects of the interac-
tion between EBF month and MNP usage, various stud-
ies have highlighted the benefits of EBF for the first six 
months of a child’s life [15, 21, 23]. In addition, a study 
has demonstrated that providing children with MNP 
support can reduce the risk of infectious diseases [20]. 
Furthermore, this study indicates that the odds of not 
having flu/common cold increased with each two-week 
increment in time for children who used MNP, compared 
to children who did not. This finding aligns with earlier 
studies [19, 20]. However, it contradicts a previous study 
that demonstrated a higher longitudinal prevalence of 
flu/common cold among children who used MNP com-
pared to those who did not [18]. The variances of the 
individual and cluster level random effects for the out-
come NOF indicate that most of the variability in NOF 
is occurring at the cluster level rather than the individual 
level, which indicates that the occurrence of flu/common 
cold is mostly influenced by cluster-level factors such as 
environmental conditions of the villages as it is an eas-
ily transmittable disease . In addition, flu/common cold 
is associated with seasonal changes that can affect the 
entire cluster [36]. These factors may increase the vari-
ance of the cluster specific random effects. The current 
study could not control seasonal effects because of the 
limitation of the data. Thus, We recommend that future 
studies control for seasonal effects, as this may provide 
significant additional insights.

Conclusion
In this paper, we conducted a multilevel zero-inflated Pois-
son regression analysis on longitudinal data focusing on 
infectious diseases such as diarrhea and flu among chil-
dren aged 6 to 11 months. Our study underscores the vital 
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role of commencing with exploratory analysis to select the 
appropriate statistical model for the data. After adjusting 
for random effects, we observed that children who used 
MNP exhibited an initially higher rate of change in the 
expected log of NOD compared to those who did not use 
MNP. However, over time, this rate declined. In addition, 
region, EBF month, and gender demonstrated significant 
associations with NOD. Similarly, children who used MNP 
and were EBF for six months shows a decrease in the log-
expected NOF compared to their counterparts. Further-
more, the odds of not having flu/common cold were higher 
for children who used MNP for two weeks increment in 
time. Region and NOD were also found to have signifi-
cant associations with NOF. In light of these findings, we 
emphasize the importance of starting from exploratory 
analysis as a fundamental step in statistical modeling. In 
addition, we recommend raising awareness about the criti-
cal importance of EBF for the first six months to mitigate 
the impact of infectious diseases. Policymakers and health 
practitioners should encourage MNP usage, with regular 
monitoring and adaptation programs over time for the 
better outcome. Further, developing comprehensive strat-
egies considering the joint influence of MNP usage and 
exclusive breastfeeding along with interventions for child-
hood diarrhea may assist in reducing morbidity and mor-
tality associated with comorbidity of diarrhea and flu. It is 
important to consider studying the dependency between 
infectious disease with malnutrition indicators over time 
in future studies as malnourished children are more vul-
nerable to these diseases.
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