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Abstract

Childhood malnutrition is one of the most significant health problems affecting pub-
lic health departments, mainly in developing countries. The development of proper
assessment of malnutrition is one of the challenges faced by policy makers in many
countries across the globe. Therefore, the current study was undertaken with the pri-
mary objective of assessing and determining all possible determinants of malnutri-
tion in Malawi, using the Demographic and Health Survey (DHS) data 2015/16. Dif-
ferent types of statistical models were adopted to allow variety in methodology and
to find the most accurate results among the models used. As a point of departure,
the study utilized Generalized Linear Models (GLM) to account for the ordering of
the outcome variable (severe, moderate and nourished). Furthermore, we noticed
that it would be substantial to extend the ordinal logistic regression to include ran-
dom effects and therefore to consider the variability between the primary sampling
units or villages. Furthermore, we adopted a class of models that allows flexible
functional dependence of an outcome variable on covariates by using nonparamet-
ric regression. Hence, the use of the generalized additive mixed model (GAMM),
which relaxes the assumption of normality and linearity inherent in linear regres-

sions.

Analyses of childhood stunting have mainly used mean regression, yet modelling
using quantile regression is more appropriate than using mean regression in that
the former provides flexibility to study the impact of predictors on different desired
quantiles of the response distribution, whereas the latter allows only studying the
impact of predictors on the mean of the response variable. Therefore, quantile re-
gression models were adopted for the provision of a complete picture of the rela-
tionship between the outcome variable (stunting) and the predictor variables on dif-
ferent desired quantiles of the response distribution. This study fitted a Bayesian ad-
ditive quantile regression model with structural spatial effects for childhood stunt-
ing in Malawi, using 2015/16 DHS data. Inference was fully Bayesian, using the
new integrated nested Laplace approximation (INLA), purely because of its much
faster computation as compared to Markov chain Monte Carlo (MCMC). Further-
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Abstract

more, different types of quantile regression models were fitted and compared ac-
cording to each Deviance Information Criteria (DIC) for determination of the best

model among them.

Each of these models has inherent strengths and weaknesses. The choice of one de-
pends on what the research is trying to accomplish and the type of data one has. In
this study, we combined the results from different models, mainly from our quantile
regression models. The significant determinants of childhood stunting in Malawi
were found to be the age of the child, the education level of parents (mother and
father), the family’s place of residence, gender of the child, incidence of recent fever,
incidence of recent diarrhoea, multiple births, mother’s age at the birth, body mass
index of the mother, wealth index of the family, source of drinking water and dis-
tricts. Furthermore, from the spatial quantile regression model, a map was generated
showing the distribution of malnutrition in a district level of Malawi. This map gave
us an overview on how stunting is distributed in Malawi and from the map we were

able to visualize and assess affected districts.
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Background

Proper nutrition allows children to grow, develop, learn, play, participate and con-
tribute, while malnutrition robs children of their future and leaves young lives hang-
ing in the balance [1]. In 2017, the WHO, UNICEF and the World Bank group
reported that nearly half of all deaths in children under five years of age were at-
tributable to undernutrition, translating to a loss of about 3 million young lives per
year. Undernutrition puts children at greater risk of dying from common infections,
increases the frequency and severity of such infection, and contributes to delayed
recovery. It was also reported that undernutrition in the first 1,000 days of a child’s
life can lead to stunted growth, which is associated with impaired cognitive ability
and subsequent reduced school and work performance [1].

Though childhood malnutrition remains a global concern, it is observed to be more
dominant in developing countries. For example, in 2016, more than half of all
stunted children under five years old lived in Asia and more than one third lived
in Africa; almost half of all overweight children under five lived in Asia and one
quarter lived in Africa; and more than two thirds of all wasted children under five
lived in Asia with more than one quarter living in Africa. Basically, Africa and Asia

have the greatest share of all forms of malnutrition [2].

Undernutrition is commonly assessed through the measurement of a child’s anthro-
pometry (height, weight), as well as through screening for biochemical and clinical
markers [3]. Wasting, stunting and underweight are expressions of under nutrition
and the anthropometric indicators for the assessment of a child’s nutritional status.
Stunting is seen when a child is too short for his or her age. It is the failure to grow
both physically and cognitively and is the result of chronic or recurrent malnutri-
tion. The devastating effects of stunting can last a lifetime [2]. Overweight refers
to when a child is too heavy for his or her height. This form of malnutrition results
from expending too few calories for the amount consumed from food and drinks
and increases the risk of developing noncommunicable diseases later in life. Wast-

ing refers to a when a child is too thin for his or her height [2]. Also known as or



Background

acute malnutrition, it is the result of recent rapid weight loss or the failure to gain
weight. A child who is moderately or severely wasted has an increased risk of death,
but treatment is possible [3].

Although an increased risk of dying is the most serious and alarming consequence
of malnutrition, recent reports have revealed that malnutrition has other significant
health and economic effects that include increased risk of illness and limited cogni-
tive development, which result in lower levels of educational attainment [4]. These
are critical findings because of the serious implications as far as development of a
country. It follows that if a country has a high rate of malnutrition, the number of
educated people will decrease which will imply lack of knowledge and skills in that
country. Now when there is a lack of skills in the country, the production will also
decrease, and when there is insufficient production, the country’s GDP will be low,
with far reaching effects, like weakening the currency of the country when compared
to other countries. Therefore, it is clear that the effects of childhood malnutrition can
be regarded as long-term in nature, that will later on determine the state of a country

economically.



Chapter 1
Introduction

Sub-Saharan Africa has one of the highest levels of child malnutrition globally. There-
fore, a critical look at the distribution of malnutrition within its subregions is re-
quired to determine the factors that escalate the worst nutritional status in these ar-
eas. This study uses regression models to identify the determinants of childhood

(under-five years) malnutrition in Malawi.

Determinants of child malnutrition remain an interest of many researchers. In 2017,
according to the World Health Statistics data visualizations dashboard (2018), the
regional average of prevalence of stunting in the regions of Africa was found to be
33.6% above the global average, which is 22.2%. Moreover, in 2017, globally, there
were 151 million children under five years of age who were stunted, 51 million who
were wasted and 38 million overweight children [5]. Hence, we can observe that the
prevalence of stunting remains the most problematic form of malnutrition globally.

A number of studies, globally, have attempted to establish factors that determine
child malnutrition in order to directly improve the situation. For example, the World
Health Organization (WHO) has also implemented a plan of action: the United Na-
tions Decade of Action on Nutrition. In addition, the WHO’s member states have
endorsed global targets for improving maternal, infant and young child nutrition
and are committed to monitoring progress. These targets are vital for identifying
priority areas for action and for catalysing global change as stipulated in the global
nutrition targets 2025. For instance, increasing exclusive breastfeeding in the first six
months resulted in up to 50% and 40% reduction in the number of stunted under-five
children [6]. These are some areas, according to WHO, which need to be improved

in order to achieve the target.

In response to the call of the United Nations Decade of Action on Nutrition, there



is positive and impressive global implementation to fight the issue of malnutrition,
one of a number such cases is Norway becoming the first country to establish an
action network as part of the United Nations (UN). Decade of Action on Nutrition
2016-2025 on 6 June 2017. Another is tThe Global Action Network on Sustain- able
Food from the Ocean for Food Security and Nutrition callings for higher priority to
be given to fisheries and aquaculture in an efforts to improve global food security [7].
The Second International Conference on Nutrition (ICN2) adopted the ICN2 Rome
Declaration on Nutrition and its Framework for Action, and governments commit-
ted to eradicate hunger and prevent all forms of malnutrition worldwide. Among
other action, member states committed to enhance sustainable food systems by de-
veloping coherent public policies from production to consumption across relevant
sectors to provide year-round access to food that meets people’s nutrition needs,
promote safe and diversified healthy diets [8].

The governments of Italy, Japan, the Russian Federation and the United Kingdom
and Northern Ireland co-sponsored a special event on strengthening national com-
mitment to end malnutrition in all its forms. This event was supported by the Food
and Agriculture Organization of the United Nations and the World Health Orga-
nization, and took place on 20 September 2016 at the UN Headquarters [9]. Many
other reports presented by the WHO show how fighting malnutrition is being fought

around the world and researchers are also working to identify all the key factors.

The African region has the largest population (33.6%) of stunted children and a min-
imum of 20.0% prevalence of wasting in all the regions, according to the WHO'’s
(2018) latest report. As a result, a number of studies on the maturational status of
children under-five years have been carried out across the regions of Africa, using
different methods. The purpose of these studies is to determine the risk factors of
childhood malnutrition on the continent. One researcher, Habyarimana (2017), used
the proportional odds model with a complex sampling design to identify key de-
terminants of malnutrition in under-five children in Rwanda [10]. Another recent
study conducted by Taluder (2017) attempted to uncover the associated factors of
malnutrition among under-five Bangladeshi children by using BDHS data with an
application of the PO model [11]. A number of researchers have already revealed
that factors such as mother’s education level, father’s education level, wealth index,
mother’s BMI, place of residence, division, antenatal care service during pregnancy,
and birth interval are common causes of a poor nutritional status among children

under the age of five across the African continent [10, 11, 12, 13].

A descriptive and econometric analysis done by Kabubo-Mariara (2008) in Kenya,

augmented by policy simulations, was employed to investigate the impact of child,



parental, household and community characteristics on children’s height and on the
probability of stunting [14]. Key findings from this study were that boys suffer more
from malnutrition than girls, and children of multiple births are more likely to be
malnourished than singletons. Other studies have discovered that even the age of
the child and childhood illness are significant variables affecting child nutritional
status in Africa [12, 4].

The prevalence of stunting in under-five children is very high in Malawi (37.1% on
average), which is above the regional average in Africa (33.6%), according to the
joint child malnutrition estimates by the United Nations Children’s Fund, the World
Health Organization, and the World Bank Group [5]. According to the UNICEF
global site (2018), in Malawi, 4% of children, especially those below five years of
age, suffer from acute malnutrition, and more than half of Malawian children suf-
fer from chronic malnutrition, resulting in stunting (being too short for one’s age).
These figures therefore imply that Malawi is one of the countries with a high malnu-
trition incidence in eastern and southern Africa. There are several causes that have
been attributed to this such as national and household food insecurity, heavy work-
loads and poor nutrition of mothers, frequent infections, poor eating habits, and
HIV infections leading to repeated illness [4]. Malnutrition is devastating and the
single biggest contributor to child death. In Malawi, unfortunately there has been
only a small change in children’s nutritional status (stunting) since 1992 (48.7%) and

stunting rates remain unacceptably high thus far (37.1%), according to the WHO.

In Malawi, similar to what other countries are doing around the world, different
stakeholders are attempting to mitigate the impact of malnutrition. During the pe-
riod 2012-2018, UNICEF focused on prevention of faltering and stunting, both of
which are major stumbling blocks to children’s survival and development. Focus
was directed towards adequate nutrition for pregnant women and newborn babies
during their first 24 months of life. Some strategies to prevent stunting in the coun-
try include supporting the government to develop the Nutrition Act and supporting
partners in 15 districts to achieve household and behavioural change for maternal
nutrition, and infant and young child feeding practices [15].All these efforts seem to
be promising in making sure that the average level of stunting is decreasing in the

country.

In addition to these strategies aimed at preventing the disease, a significant approach
is to know the exact factors that are escalating the occurrence of the disease. A study
by Chirwa (2008) was conducted in Malawi, using a multivariate analysis to inves-

tigate factors that determine child malnutrition. Using the three anthropometric



measures of malnutrition, WAZ for underweight, HAZ for stunting and WHZ for
wasting, Chirwa (2008) discovered that stunting is the greater of the malnutrition
problems. The age of the child, sex of the child, regular sickness, source of water,
education level of household head, household land size and ability to produce own
food were all factors associated with child nutritional status derived from multivari-
ate analysis [4].

Many different statistical methods can be used to uncover the factors of malnutri-
tion. Some researchers have considered the response variable as a binary (nour-
ished and undernourished) variable, hence the binary logistic regression model was
applied. However, the child nutritional status is ordered in three main categories
(severely malnourished, moderately malnourished and nourished). In taking this
ordinal nature of childhood malnutrition status into consideration of this ordinal
nature of childhood malnutrition status, the use of ordinal logistic regression mod-
els are used to discover the factors that are associated with childhood mal- nutrition
is used. The use of Ordinal logistic regression is preferred because ordinary logistic
regression, unlike polytomous regression, takes into account any inherent ordering
of the levels in the disease or outcome variables, thus making fuller use of the ordi-
nal information [16]. Alternatively, a multinomial logistic regression can be imposed

by ignoring the order of information that is present in the response variable [12, 13].

The current study sets out to identify risk factors associated with the prevalence of
childhood malnutrition in Malawi by developing various statistical models namely;
proportional odds model (POM), mainly to deal with ordered categorical nature of
the data; generalized additive mixed models (GAMM), mainly to allow for flexible
functional dependence of an outcome variable on covariates by using nonparamet-
ric regression and to also account for variability between primary sampling units;
quantile regression models, this model provides the flexibility to analyse the impact
of predictor variables on the different quantiles of interest of childhood anthropo-
metric index (stunting) instead of the mean distribution. In addition, this model
allows the possible nonlinearity effects of continuous covariates to be accounted for,
the possible structured spatial effects on childhood stunting to be captured and pos-
sible heterogeneity among the variables to be incorporated. In addition, a spatial
quantile additive model is computed and produced a map, showing the distribution
of childhood stunting on districts level in Malawi, using the new integrated nested
Laplace approximations (R-INLA) approach to statistical inference for latent Gaus-
sian models.

In the beginning of every chapter, we begin by giving a brief introduction of the



model to be fitted and advantages thereof. We seek to test different statistical meth-
ods which in turn can help to propose suitable techniques and to appropriately fit
future work from the demographic and health survey data (DHS) and any other re-
lated data. This study will use only one anthropometric measure of malnutrition,
HAZ for stunting, all the factors considered in other studies are tested, then other
variables which have never been considered before are added. The prime objective
of this study is to use the results to recommend a need to re-examine and rewrite the

existing policies on child malnutrition in Malawi.



Chapter 2
Exploratory data analyses (EDA)

Exploratory data analysis (EDA) is used to understand the basic structure and statis-
tics of the data. It is where a bird’s eye view is taken of the data and an attempt is
made to gain some sense of it. For many researchers, it is often the first step in
data analysis implemented before any formal statistical techniques are applied, al-
though, in the current study, we have applied some specific statistical techniques
(Chi-Square test) to check the association of our response variables with the selected
predictor variables. EDA is a complement to inferential statistics, which tends to be
fairly rigid with rules and formulas. Alternatively, EDA involves the analyst trying
to ‘get a feel” for the dataset, often using their own judgment to determine what the
most important elements in the dataset are. This study has used EDA for the follow-
ing purposes: to check for missing data and the total number of observed variables,
to gain maximum insight into the dataset and its underlying structure and to check
assumptions associated with any model fitting or hypothesis test. This section will
provide a clear view with more details of the dataset worked with, before going

further to fit any model of interest.

2.1 Data and Definition of Variables

The data used in this study are from the nationwide Malawi Demographic Health
survey 2015 (MWDHS-2015). It includes an anthropometric component where all
children aged under five listed in the Household Questionnaire were weighed and
measured. The study utilized 5 092 children, whose complete and plausible anthro-

pometric data were available.

The dependent variable in this study is the anthropometric measure of height-for-
age z-score as an indicator of chronic malnutrition known as stunting. Childhood
stunting is the best overall indicator of children’s well-being [17]. Moreover, stunt-



2.1. Data and Definition of Variables

ing is the most prevalent form of child malnutrition, with an estimated 161 million
children worldwide in 2013 falling below 2 SD from the height-for-age World Health
Organization Child Growth Standards median.

In the present study we considered only the height-for-age anthropometric index
instead of weight-for-height (wasting) and weight-for-age (underweight) to deter-
mine the child nutrition status. We calculated the Z-scores of height-for-age for each
child to access the association between nutritional status and other selected vari-
ables. The child nutrition status was considered as a category with three levels:
severely malnourished (Z-score < -3.0), moderate malnourished (-3.0 < Z-score <
2.0) and nourished (Z-score > -2.0). Hence we recognized that our nutritional status

is an ordinal response variable grouped from continuous variables.

The explanatory variables considered are child characteristics and recent child ill-
ness, household characteristics, and community characteristics. The child character-
istics include the age of the child, gender of the child, birth order and whether the
child is a twin or not. The sex of the child is recorded by a dummy variable equal
to 1 for a male and 2 for a female child. If there is gender inequality with respect
to the care of children, we expect female children to be better nourished than male
children, if female children are favoured and vice-versa. In other studies, female
children were found to have a better nutrition status as compared to male children
[4]. Then we also took into consideration the characteristic of whether a child is from
a multiple birth or not. It was recorded by a dummy variable equal to 1 for a child
from a multiple birth and zero for a single born child.

The age of the child has an upper boundary of five years, which was measured in
months, since stunting is the failure to grow optimally and is first detected in chil-
dren who are considered short for their age group when they are two years old [17].
Therefore, we expect the children who are two years or more to have worse nutri-
tion status compare to those who are younger than 2 years. The birth order of the
child and recent illness of the child child are also characteristics that we are to access
against the nutrition of status of the child. The child’s illness were the recent incident
of diarrhea and whether the child had fever in the last two weeks or not. both were
captured with dummy variable equal to zero for no incident of diarrhea or fever, and
dummy variable equal to 1 represent a yes there was incident of diarrhea or fever

recently.

The household characteristics include wealth status of the household, mother’s BMI,
mother’s age at birth of respective child, mother’s working status, mother’s highest

level of education ,father’s highest level of education and father’s main occupation



2.1. Data and Definition of Variables

grouped. The wealth index of household economic status was constructed in the
MWDHS-2015 report by using the information on household ownership of assets
and dwelling characteristics. The wealth index was recorded with dummies repre-
senting the three categories, of poor, middle and rich. Mother’s BMI was captured
in two categories, Thin (BMI<18.5) and Normal (BMI>18.5). The expectation was
that an underweight mother would result in a worse nutrition status for the child,

since she would lack the fat needed to produce adequate milk for her child.

The age of the female parent at the birth of the respective child was also categorized
in five different levels. There is evidence elsewhere that children born to mothers
below 18 and above 34 years of age are more likely to be malnourished when com-
pared with the children born to mothers aged 18 to 34 [18]. The current working
status of the mother was captured by a dummy variable equal to one for the cur-
rently working mother and 0 for a non-working mother. Also, the highest level of
education of a mother was measured with dummies representing four categories:
no education, primary, secondary and higher education. The highest level of edu-
cation for a father was captured in the same manner. Education affects care-giving
practices through the ability to process information, to acquire skills and to model
behaviour. It can be hypothesized, therefore, that educated parents are associated
with a high nutritional status of the child, as they are better able to use healthcare
facilities and ensure a high standard of environmental sanitation [4].

Five dummy variables of a father’s occupation measure different types of occupa-
tion. This independent variable is thus categorized as: not working, professional,
business, agriculture and other occupational sectors. The prevalence of stunting
was found to be significantly lowest among the children of fathers who were ser-
vice holders in a study of predictors of chronic child malnutrition in Bangladesh
by Das(2011). One would expect children of fathers who hold professional posi-
tions (such as managerial positions) to have better nutritional status, since in pro-
fessional occupations, parents usually get maternity leave to care for their newborn
baby, which may help them to ensure an early healthy lifestyle for the child.

The community variables that are used in this study include water sources and type
of residence of the household. Source of water is captured with dummy variables
for piped water, well water and other sources (such as rain, tank, etc.). The type
of residence household is captured by dummy variables equal to one for urban and
two for rural areas. The expectation is that children from urban areas would be asso-
ciated with better nutritional status, since the availability of health and educational
facilities is greater in urban areas compared with rural areas. The duration of breast-
feeding was also added to the independent variables to enable an assessment of the

10



2.1. Data and Definition of Variables

effect of breastfeeding. Breastfeeding is captured by dummies that are categorized in
three groups: ever breastfed, then stopped, never breastfed and still breastfeeding.
Table 2.1 below presents all the selected variables along with their levels of coding.

11



2.1. Data and Definition of Variables

Table 2.1: Variables and their level of coding from 2015-16 Malawi DHS-dataset

Variable Description level of coding Type
Nutrition status Level of stunting 1 = Severe Ordinal response
2 = Moderate variable
3 = Nourished
Child’s age Age of the child in 1=0-11 months Categorical
months 2 =7-11 months covariate
3 =24 -35 months
4 = 36 -47 months
6 = 48 -59 months
Sex Gender of the child 1 = female Categorical
2 = male covariates
Birth type Child is of 1 = singleton Categorical
single/multiple birth 2 = multiple covariates
Birth order The number of birth 1=1% born Categorical
line for child 2=2" _ 3" born covariates
3 =4 — 5" born
4 =67 born
Diarrhea Child suffered from 1="Yes Categorical
diarrhea in the last two 2=No covariate
weeks
Flue Child suffered from 1=Yes Categorical
flue in the last two 2=No covariate
weeks
Mother’s education Highest level of 1 =No education Categorical
education for mother 2 = Primary covariate
3 = Secondary
4 = Higher
Mother’s BMI Body mass index of 1 = Thin Continuous
mother 2 = Normal covariate
Mother’s age (years) Age of mother at birth 1=0-18yrs Categorical
of child 2=19-23yrs covariate
3=24-29yrs
4 =30-34yrs
5=35"%yrs
Father’s education Highest level of 1 = No education Categorical
education for father 2 = Primary covariate
3 = Secondary
4 = Higher

Continued on the next page
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2.2. Descriptive statistics

Table 2.1 — Continued from the previous page

Variable Description level of coding Type
Father’s occupation Type of work for the 1 = Not working Categorical
father 2 = Professional covariate
3 = Business
4 = Agriculture
5 = Other
Wealth index Household wealth 1 =Poor Categorical
index 2 = Middle covariate
3 =Rich
Type of residence Type of residence 1 =Rural Categorical
2 = Urban covariate
Source of water Source of water for 1 = Piped water Categorical

household 2 = Well water
3 = Rainwater,

tank and other

response variable

Duration of breastfeeding Consistency in 1 = Ever, then Categorical
breastfeeding of the stopped response variable
child 2 = Never
breastfed
3 = Still
breastfeeding

2.2 Descriptive statistics

The proportion of stunted children was 28.1% with 7.2% severely stunted in 2015.
The prevalence of stunting according to selected independent variables are shown
in Table 2.2. The proportion of severely stunted and moderately stunted children
is higher among the children aged 3647 months (10.8% and 23%). Moreover, the
level of stunting is also lowest for children aged less than, or equal to, 6 months.
According to the WHO, stunting is often picked up when children are two years
or older. Table 2.2 also reveals to us that the level of stunting is significantly associ-
ated with characteristic of multiple/twin born child (x? = 38.041 and p-value = 0.000).
The prevalence of stunting was higher for multiple/twin born children (48.4%) com-
pared to single born children (27.5%). This could be explained by low birth weight,
inadequate breastfeeding and competition for nutritional intake, which tends to af-
flict children of multiple births more than singletons.

The type of residence had a significant association with the level of stunting (x? =
37.05, p-value = 0.000). Prevalence of stunting was higher among rural (29.9%) than
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2.2. Descriptive statistics

among urban children (19.4%). As expected, living in an urban area has a signifi-
cantly positive effect on avoiding the worst nutritional status of children compared
to rural areas. This may be attributable to access to health facilities and information
from local doctors in urban areas. Moreover, the increased access to higher paying
jobs and opportunities to earn a higher income to support a family may be the rea-
son for this urban bias. The prevalence of malnutrition is also observed to decrease
with the increase in the level of education of parents. For mothers and fathers with
higher education levels the proportion of stunting was found to be lowest (8.8% and
10.5% respectively), while the proportion of stunting was highest for mothers and fa-
thers with no education at all (35.2% and 31.1% respectively). Mother’s and father’s
educational attainment has been shown elsewhere as evidence of a high inverse as-

sociation with the level of stunting [13].

There was no direct significant association between a mother’s current working sta-
tus and level of stunting (x? = 3.3, p-value = 0.193), however, the father’s occupation
has a significant association with the prevalence of childhood nutritional status (x2
= 25.0, p-value = 0.002) (Table 2.2). The prevalence of stunting was significantly low-
est among the children of fathers who hold professional occupations (20.4%). As
hypothesized, fathers who are working in professional occupations are expected to
be associated with good nutritional status in their children. This is because their
jobs are not as demanding as other occupations, so they have more time to ensure
the wellbeing of their families. Both severe and moderate stunting was higher for
children of fathers working in the agricultural sector and fathers not working (un-
employed).

Most studies on child health suggest that children born of young mothers, teenage
mothers more so, are more likely to suffer ill health than children born of adult
women [13, 14]. The results in Table 2.2 also confirm that children of mothers who
are less than 24 years of age are associated with a poor nutritional status. The preva-
lence of stunting is observed to be lower for children of mothers who are aged 24-29
and 30-34 (25.8% and 25.7% respectively) compared to those aged less than 18, 19-24
and 35+ (27.5%, 31.3% and 30.2% respectively). The results from Table 2.1 also show
that a mother’s BMI is associated with malnutrition. Well-nourished mothers with a
BMI of 18.5 or more were associated with a lower prevalence of stunting. The results
are consistent with the study from Bangladesh by Das [13].

The growth of infants and young children throughout the world is always related
to the socio-economic environment in which they live [13]. Likewise, the results of

this study in Malawi show that children from richer families were less likely to be
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2.3. Summary

malnourished compared with those from poorer families. The results also show a
significant association between the household source of drinking water and child
nutritional status (x? = 52.8, p-value = 0.000). The prevalence of stunting was very
low for children from households using piped water (20.1%) as their source of drink-
ing water compared with those using well water and water from other sources.

On the other hand, the prevalence of diarrhoea and fever showed no association
with the prevalence of stunting. However, the results from Table 2.2 show a strong
and significant association between the duration of breastfeeding and child nutri-
tional status (x? = 36.0, p-value = 0.000). The prevalence of stunting was found to be
higher for children who were first breastfed and had mothers who later decided to
stop breastfeeding. Low levels of stunting were found among children who got milk

from their mothers in a consistent manner, with 76.3% of them being nourished

2.3 Summary

In the current chapter (EDA) the study utilized a quantitative research method ap-
propriate for analyzing the relationship between two or more variables known as
cross-tabulation. The use of cross-tabulation enabled us to examine associations
within our selected independent variables and the ordered categorical response vari-
able (child nutrition status). The Pearson’s chi-square test, or the chi-square test of
association, was used to discover if there is a relationship between the level of stunt-
ing and each independent variable. We have an increased understanding of the data
as we were able to isolate the most important variables. To examine, these further
it is necessary that additional statistical methods be used. The results show that
some of our independent variables are highly significant with our response vari-
ables. Therefore, we will examine these variables more closely when fitting our

models in the subsequent chapters.
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2.3. Summary

Table 2.2: Children’s nutritional status according to selected independent variables

Level of Stunting (Height-for-Age)

Characteristics Severe Moderate No stunting Total C(Irl)i-:;ll:l;l)‘e
(z-score:< —3.00)  (z-score:—3.00 to (z-score:> 2.00) (x?)
—2.01)
Basic Predictors of Child Malnutrition
Child’s Age (in months)
<6 11 (1.9) 43 (7.5) 518 (90.6) 572
7-11 14 (3.2) 63 (14.4) 359 (82.3) 436
12-23 81 (7.7) 280 (26.6) 690 (65.7) 1051 175.8(0.000)
24-35 70 (6.9) 219 (21.5) 729 (71.6) 1018
36-47 114 (10.8) 243 (23.0) 701 (66.3) 1058
48-59 78 (8.2) 217 (22.7) 662 (69.2) 957
Sex
Male 190 (7.6) 526 (21.0) 1784 (71.4) 2500 115(0.562)
Female 178 (6.9) 539 (20.8) 1875 (72.3) 2592
Birth order
1 87 (6.9) 279 (22.0) 901 (71.1) 1267
2-3 134 (6.8) 394 (20.0) 1439 (73.2) 1967 75(0.279)
2-3 83 (7.2) 235 (20.5) 831 (72.3) 1149
6" 64 (9.0) 157 (22.1) 488 (68.8) 709
Residence
Rural 327 (7.7) 947 (22.2) 2996 (70.2) 4270 37.5(0.000)
Urban 41 (5.0) 118 (14.4) 663 (80.7) 822
Mother’s education level
No education 73 (11.6) 150 (23.8) 408 (64.7) 631
Primary 246 (7.4) 725 (21.8) 2355 (70.8) 3326 62.7(0.000)
Secondary 49 (4.6) 183 (17.3) 823 (78.0) 1055
Higher 0(0.0) 7 (8.8) 73 (91.3) 80
Father’s education level
No education 30 (7.6) 95 (23.9) 272 (68.5) 397
Primary 199 (8.4) 516 (21.7) 1658 (69.9) 2373 50.0(0.000)
Secondary 69 (5.2) 252 (19.2) 994 (75.6) 1315
Higher 5(2.6) 15 (7.9) 171 (89.5) 191

Continued on the next page
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Table 2.2 — Continued from the previous page

Wealth status

Poor 214 (9.5) 552 (24.6) 1480 (65.9) 2246

Middle 61 (6.1) 223 (22.2) 721 (71.7) 1005 93.9(0.000)
Rich 93 (5.1) 290 (15.8) 1458 (79.2) 1841

Mother’s BMI

Thin (BMI < 18.5) 24 (9.3) 66 (25.6) 168 (65.1) 258 6.1(0.047)
Normal (BMI > 18.5) 342 (7.1) 998 (20.7) 3477 (72.2) 4817

Mother’s age at birth of respective child

<18 17 (8.8) 36 (18.7) 140 (72.5) 193

19-23 109 (8.0) 319 (23.3) 941 (68.7) 1369

24-29 96 (6.0) 315 (19.8) 1177 (74.1) 1588 19.4(0.013)
30-34 64 (6.5) 190 (19.2) 738 (74.4) 992

35+ 82 (8.6) 205 (21.6) 663 (69.8) 950

Mother’s working status

Currently working 248 (7.4) 727 (21.6) 2393 (71.1) 3368 3.3(0.193)
Not working 120 (7.0) 338 (19.6) 1266 (73.4) 1724

Father’s occupation

Not working 31 (8.6) 72 (19.9) 258 (71.5) 361

Professional 17 (5.0) 52 (15.4) 269 (79.6) 338

Business 18 (6.4) 47 (16.7) 216 (76.9) 281 25.0(0.002)
Agriculture 127 (7.5) 399 (23.6) 1168 (68.9) 1694

Other™ 113 (6.9) 316 (19.4) 1199 (73.6) 1628

Birth type

Singleton 342 (6.9) 1015 (20.6) 3578 (72.5) 4935 38.0(0.000)
Multiple birth 26 (16.6) 50 (31.8) 81 (51.6) 157

Duration of breastfeeding

Ever, then stopped 262 (8.5) 691 (22.4) 2127 (69.1) 3080

Never breastfed 4 (4.9) 19 (23.5) 58 (71.6) 81 36.0(0.000)
Still breastfeeding 102 (5.3) 355 (18.4) 1474 (76.3) 1931

Source of water

Piped water 48 (4.3) 175 (15.8) 887 (79.9) 1110

Well water 284 (7.8) 821 (22.4) 2558 (69.8) 3663 52.8(0.000)
Rainwater, tank, other 36 (11.3) 69 (21.6) 214 (67.1) 319

Continued on the next page
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Table 2.2 — Continued from the previous page

Had diarrhea in last two weeks

No 258 (7.3) 730 (20.6) 2558 (72.1) 3546 0.8(0.663)
Yes 109 (7.1) 334 (21.7) 1096 (71.2) 1539

Had fever in last two weeks

No 289 (7.2) 823 (20.5) 2903 (72.3) 4015 1.8(0.402)
Yes 77 (7.3) 236 (22.3) 743 (70.4) 1056

18



Chapter 3

Generalized linear models (GLM)

3.1 Introduction

Nelder and Wedderburn (1972) pioneered the theory of generalized linear models
(GLMs). This class of models is an extension of classical linear models that allows the
mean of a population to depend on a linear predictor through a non-linear link func-
tion where the response probability distribution is a member of an exponential fam-
ily of distributions. Generalized linear models were formulated by John Nelder and
Robert Wedderburn as a way of unifying various other statistical models, including
linear regression, logistic regression and poisson regression [19]. Many other books
and journal articles followed the seminal work by Nelder andWedderburn (1972).
McCullagh and Nelder (1989) (the original text was published in 1983) provided a
detailed introduction to GLMs. The books by Aitkin et al. (1989) and Dobson (1990)
are also excellent references with many examples of applications of GLMs.

GLMs are quickly becoming the premier statistical analysis method for different
types of data from many sources. In the current study we consider the special case
of a GLM model that deals with ordinal scales in which the categories are ordered
much like the ordinal numbers, ‘first’, ‘second’, and so on. Agresti (1990) provides
an excellent simple outline for dealing with categorical data using ordinary logistic
regression models, which are special cases of GLMs. In this chapter we study the
origin of the GLM and the special case of one that is imposed when we are dealing

with categorical ordered data.

3.2 Model fitting

We now consider fitting a GLM to the data. The GLMs have been considered for

a very long time by many researchers and are considered to be a family of flexible
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3.3. Component of generalized linear models

statistical models. The model-fitting process that we use in this study involves four
steps [20]:

1. Model specification — A model is specified in two parts: an equation linking
the response and explanatory variables through the probability distribution of the
response variable.

2. Estimation of the parameters of the model.

3. Checking the adequacy of the model — How well it fits or summarizes the data.
4. Inference — Calculating confidence intervals and testing hypotheses about the pa-

rameters in the model and interpreting the results.

In the subsequent section we briefly discuss the theory of GLMs and their exten-
sions. From the exploratory data analysis we learnt that our response variable is
both categorical with 3 categories and ordinal. Hence, We focus more on GLMs
which are more appropriate for categorical data, especially when there is a natural

order on the categorical response variable.

3.3 Component of generalized linear models

Generalized linear models are an extension of classical linear models, so that the lat-
ter form a suitable starting point for discussion. A vector of observations y having
n components is assumed to be a realization of a random variable Y whose compo-
nents are independently distributed with means . The systematic part of the model
is a specification for the vector p in terms of a small number of unknown parameters
B1,- -+, Bp. In the case of ordinary linear models, this specification takes the form

p
p=> z;f (3.1)
1

where the f8s are parameters whose values are usually unknown and have to be
estimated from the data. If we let i index the observations then the systematic part

of the model may be written as

p
B(Y:) = pi =Y ®iBji=1,2-,n (3.2)
1

where x;; is the value of the jth covariate for observation i. In matrix notation (where

pisnx1, Xisn x pand Bisp x 1) we may write

r=Xpg
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where X is the model matrix and 3 is the vector of parameters. This completes the
specification of the systematic part of the model.

For the random part we assume independence and constant variance of errors. These
assumptions are strong and need checking, as far as is possible, from the data them-
selves. Nelder and Wedderburn (1972) outline different types of excellent model
checking techniques which are not included in this study.

A further specialization of the model involves the stronger assumption that the er-
rors follow a Gaussian or Normal distribution with constant variance 2. We may
thus summarize the classical linear model in the form:

The components of X are independent Normal variables with constant variance o2

and

E(Y) = p,where up = X3 (3.3)

3.3.1 The generalization

To simplify the transition to generalized linear models, we shall rearrange equation
slightly to produce the following three-part specification:

1. The random component: the components of Y have independent Normal distri-

butions with E(X) = 4 and constant variance o2;
2. The systematic component: covariates x1,x2,--- ,x, produce a linear predictor n
given by

P
n=>_ x;8;
1
3. The link between the random and systematic components:
p=mn

This generalization introduces a new symbol 7 for the linear predictor and the third

component then specifies that ;s and 7 are in fact identical. If we write

ni = g(pi),

then g(-) will be called the link function. In this formulation, classical linear models
have a Normal (or Gaussian) distribution in component 1 and the identity function
for the link in component 3. Generalized linear models allow two extensions;

First the distribution in component 1 may come from an exponential family other
than the Normal, and

Secondly the link function in component 3 may be any monotonic differentiable

21



3.3. Component of generalized linear models

function.

Now in simple terms we can see that GLMs are a natural generalization of classical
linear models that allow the mean of a population to depend on a linear predictor
through a (possibly nonlinear) link function. This allows the response probability

distribution to be any member of the exponential family of distributions.

3.3.2 Likelihood functions for GLMs

We assume that each component of Y has a distribution in the exponential family,

taking the form
y0 — b(0)

a(¢)

for some specific functions a(-), b(-) and ¢(-). If ¢ is known, this is an exponential-

fﬂ%&¢%=wp{ +d%@} (3.4

family model with canonical parameter §. It may or may not be a two-parameter

exponential family if ¢ is unknown.

We write [(6, ¢;y) = log fy (y; 0, ¢) for the log-likelihood function considered as a
function of § and ¢, y being given. The mean and variance of Y can be derived

easily from the well known relations

ol

E<%>:O (3.5)

and , )
0°1 ol
We have from (3.5) that )
. yo—0(0 .
hence e b (o)
_Y¥-

% a0 G7)
and 9%l b"(6)

0 (o) (3.8)

so that
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Similarly from (3.6), (3.7) and (3.8) we have

_ =U'(0) | wvar(Y)
" e

so that
var(Y) = b"(0)a(¢)

Thus the variance of Y is the product of two functions; one, b”(6), depends on the
canonical parameter (and hence on the mean) only and will be called the variance function,
while the other is independent of # and depends only on ¢. The variance function
considered as a function of ; will be written V().

The function a(¢) is commonly of the form

a(¢) = ¢/w

where ¢, also denoted by o and called the dispersion parameter, is constant over
observations, and w is a known prior weight that varies from observation to obser-
vation.

Table 3.1 below gives the different model components of the GLMs that are com-

monly used.
Table 3.1: Examples of GLMs

Y Normal(y, 0%) Gammal(a, 3) Poisson()\) Bin((m, q)/m)

Link(g) identity reciprocal log logit

E(Y) = () 0= —07' =5 e’ =\ e =4

V(Y)=V(pa o> P = e = A al-q)

V() 1 62 e =\ q(1 —q)

1) o? a! 1 1/m

(9,6) “L[Z +(2m0%)]  aln(ay) +Iny+ nl(a)  —In(y)) In ( " )
my
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3.4 Estimation methods using GLM

When the response variable is categorical, with more than two categories, then there
are two options from GLMs. One relies on generalizations of logistic regression
from dichotomous responses to nominal or ordinal responses with more than two
categories. The current study will use this approach to create a model for under-five-
year-old child malnutrition. The other option is to model the frequencies or counts
for the covariate patterns as the response variables with Poisson distributions. The
second approach, called log-linear modelling, is covered in this study.

For nominal or ordinal logistic regression, one of the measured or observed cate-
gorical variables is regarded as the response, and all other variables are explanatory
variables. For log-linear models, all the variables are treated alike. The choice of
which approach to use in a particular situation depends on whether one variable is
clearly a ‘response’ (for example, the outcome of a prospective study) or whether
several variables have the same status (as may be the situation in a cross-sectional
study). Additionally, the choice may depend on how the results are to be presented
and interpreted. Nominal and ordinal logistic regression yields odds ratio estimates,
which are relatively easy to interpret if there are no interactions (or only fairly sim-
ple interactions). Log-linear models are good for testing hypotheses about complex

interactions, but the parameter estimates are less easily interpreted [20].

In the next section we begin with a short summary of multinomial distribution,
which provides the basis for modelling categorical data with more than two cate-
gories. Then the various formulations of ordinal logistic regression models are dis-
cussed, including the interpretation of parameter estimates and methods for check-
ing the adequacy of a model.

3.4.1 Multinomial distribution

Consider a random variable Y with J categories. Let 7,9, - ,7; denote the re-
spective probabilities, with 7y + w3 + - - - + 7y = 1. If there are n independent obser-
vations of Y which result in y; outcomes in category 1, y» outcomes in category 2,

and so on then let

Y1
J
Y2
y= |, with Zyj:n.
. j=1
YJ
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The multinomial distribution is

n!
yrlya! -y

LSt SRR (3.9)

flyln) =
If J =2,thenmy =1—m,y2 = n — y; and (3.9) is the binomial distribution.
Agresti (1990) states that for multinomial distribution (3.9),
E(Y;) = nmj,var(Y;) = nm;j(1 — ), and cov(Y}, Yy) = —nmjm, [21].

We also have Nominal logistic regression models as an option to deal with categori-
cal data. However, nominal logistic regression can be only be used when there is no
natural order of the response categories. Hence, the current study do not consider
nominal logistic regression models because there is an obvious natural order among
the response categories (nutrition status), so we sought models where the ordinal
nature can be taken into account in the model specification.

The current study has a situation where the response variable is a continuous vari-
able z which measures the severity of disease (stunting). Under-five children with
small values of z are classified as having ’severe disease’ or ‘'moderate disease’ and
those with large values of z are classified as having 'no disease’. The cut-points
say C1,---,Cj_1 define J categories with associated probabilities 1, --- , 7y (with
ijl nj = 1). For ordinal categories, there are several different commonly used
models and some of them are described in the next section.

3.4.2 Ordinal logistic regression models

Ordinal regression models are closely related to logistic models for dichotomous
outcomes. With only two categories for an outcome variable, logistic regression is
used to model the likelihood of one of the outcomes, usually termed the success, as
a function of a set of independent variables [22]. When the possible responses for an
outcome variable consist of more than two categories and are ordinal in nature, the
notion of “success” can be conceived of in many different ways. Regression models
for ordinal response variables are designed for just this situation and are extensions
of the logistic regression model for dichotomous data. The complexity in fitting ordi-
nal regression models arises in part because there are so many different possibilities
for how “success,” and the consequent probability of “success,” might be modelled
[21, 23]. Moreover, when there is a need to take several split into consideration, spe-
cial multivariate analysis for ordinal data is the natural alternative. There are many
approaches, such as the use of mixed models or another class of models, for exam-
ple, the probit link model, but the ordinal logistic regression model has been widely
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used in most of the previous research works [10, 11, 12].

The analysis that imitate this method of dichotomizing the outcome, in which the
successive dichotomizations form cumulative “splits” to the data, is referred to as
proportional or cumulative odds (CO) [21]. It is one way to conceptualize how the
data might be sequentially partitioned into dichotomous groups, while still taking
advantage of the order of the response categories [22]. The ordinal nature of this
approach is so appealing because of its similarity to logistic regression [24]. The goal
of the cumulative odds model is to simultaneously consider the effects of a set of in-
dependent variables across these possible consecutive cumulative splits to the data.

A simplifying assumption is made of the data when applying ordinal regression
models, and that is the assumption of proportional, or parallel odds. This assump-
tion implies that the explanatory variables have the same effect on the odds, regard-
less of the different consecutive splits to the data[16]. Both SAS and SPSS provide
a score test for the proportional odds assumption within their ordinal regression
procedures, but this omnibus test for proportionality is not a powerful test and is
anticonservative[25]; the test nearly always results in very small p values, partic-
ularly when the number of explanatory variables is large [26], the sample size is
large, or continuous explanatory variables are included in the model [27]. By de-
fault, PROC LOGISTIC fits the proportional odds model combined with the cumu-
lative logit link when the researcher has more than two response levels.

Therefore, conclusions about rejecting the null hypothesis of proportionality of the
odds, based solely on the score test, should be made cautiously. Rejection of the as-
sumption of parallelism (proportional odds) for the particular ordinal model being
investigated implies that at least one of the explanatory variables may have a differ-
ential effect across the outcome levels, that is, there is an interaction between one or
more of the independent variables and the derived splits to the data [28, 27]. The
vital point is to be able to discover which variable(s) may result for the rejection of
this overall test.

Now should the assumption of proportionality be violated, that is when we have
a situation whereby one set of effects X has p; parameters that satisfy the parallel
lines assumption (that is, they have equal slopes), but the remaining set Z has p»
parameters that do not and instead require the general model (that is, they have un-
equal slop), hence a valid solution is to fit a partial proportional model (PPOM) [12].
There are two types of partial proportional model (PPOM), one without restriction
(PPOM-UR) and another with restriction (PPOM-R). This approach relaxes the pro-
portional odds assumption for some explanatory variables [29]. The interpretation
of the proportional odds parameters is independent of the response function; inter-
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pretation of the general parameters depends on the response function. When you fit
the partial proportional odds model, you must be especially careful to ensure that
the cumulative logits remain ordered for the data being modeled [30]. The func-
tional form of POM and PPOM (Restricted and Unrestricted) has the form described
below [12].

Proportional Odds Model (POM)

A(@) = ln{ Pr(Y =1|7) 4+ --- + Pr(Y = j|7) } ) S Pr(Y = j|7)
Pr(Y =j+1Z) + -+ Pr(Y = k| Sk Pr(Y = j|7)
M) = o + (Brxy + Baaa + -+ Bpap),j = 1,2, b — 1 (3.10)

Unrestricted Partial Proportional Odds Model (PPOM-UR)

2 g P =1E) 4+ Pr(Y =ji7) | S Pr(Y = j|z)
R e e e R {Z;’?HPT(Y:]‘W)}

A&E) = aj+[(Bi+y1) 1+ + By +7ig)Tg+ (Bgr1)Tgr1+- -+ Bpapl, i =1, (k=1
(3.17)
Restricted Partial Proportional Odds Model (PPOM-R)

W):m{ Pr(Y =1|) + -+ Pr(Y = j|) }:m{ 4 Pr(Y = jl) }

Pr(Y =j+ 1&) + -+ Pr(Y = k) i Pr(Y = j|7)

A("1_.’:) = a]+[(/61+’7]1)$1+ ' '+(Bq+VjQ)xq+(ﬁq+l)xq+l+' : '+6pmp]7j = 17 e 7k_1

(3.12)
Where Y is response variable, Z is the vector of explanatory variables = (x1, z2, - - - , xp),
o are intercepts and (81, B2, - - , Bp) are logit coefficients. Equation (3.10) is valid

when originally a continuous response variable was subsequently grouped and the
proportional odds assumption is satisfied, Equation (3.11) is valid when the pro-
portional odds assumption is not valid and equation (3.12) is used when the pro-
portional odds assumption is not satisfied and linear relationship for odds ratio be-
tween covariate and the response variable are not valid [10]. One can also consider
another simple and valid approach to analyze the data by dichotomizing the ordinal
response variable by means of several cut-off points and use separate binary logistic
regression models for each dichotomous response variable [31]. However, Gameroff
(2005) suggested that this second procedure should be avoided if possible because
of the loss in statistical power and the reduced generality of the analytical solution.
[32, 12].
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3.5 Application of proportional odds model to determine risk

factors for stunting in under-five children in Malawi

The fitted response variable (nutritional status) is ordinal in nature (derived from
continuous variable height-for-age anthropometric index); hence, the PO model was
formed. The chi-square score test for the proportional odds assumption was used
to see whether the main model assumption was violated or not. As the score test
is often anti-conservative (i.e the resulting p-value are far too small) [12], we used
another technique to investigate the proportional odds assumption. The single score
tests for each covariates was calculated as an alternative method of testing whether
the proportional odds assumption is violated [33]. The estimated effects are dis-
played in Table 3.2.

Firstly, from Table 3.2, the score test of the proportional odds assumption is found to
be insignificant at 5% level of significance (x?= 36.94, p — value = 0.3347) indicating
that the data satisfy the proportional odds assumption. In addition, this indicates
that for each of the chosen covariates a single parameter can be used to model the
effect of a covariate to the separate logits of cumulative probabilities. However, the
p-value of the score test is small (0.3347). To confirm the conclusion regarding the
proportional odds assumption, single score tests for each covariate were conducted.
The p-values of the single score tests are shown in the last column of Table 3.2. The
results indicate that all the covariates were found to be insignificant (p-value < 0.005)
and hence, they satisfy the odds assumption. From the latter results, we were able
to make a final decision that our dataset satisfies the proportional odds assumption
for POM.

The column labeled odds ratio in Table 3.2 displays the values of the estimated ad-
justed odds ratios. Therefore, the interpretation of our results is based on adjusted
odd ratios. From the results of POM in Table (3.2), is evidence that the risk of having
worse nutrition status were 3.62, 4.19 and 3.91 higher among children belonging to
the age group 12-23, 36-47 and 48" months respectively, when compared with the
infants. This results supports our earlier hypothesis; that stunting can be clearly
identified when the child is two years old. Moreover, this result supports earlier
evidence from a study on stunting that was done by Das (2008) in Bangladesh. It
can be surmised that when a child is growing, the mother’s milk alone becomes in-
sufficient for feeding and as a result, we can confidently state that the reason for
increased stunting by 12 months of age may be due to deficiency of supplemen-
tary foods when the breastmilk alone is no longer adequate. The risk of stunting in
under-five children can worsen with age, but that occurs only up to a critical age (47
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months), beyond which a child’s stunting status improves.

Children of multiple births are likely to be more malnourished than singletons (Table
3.2), the multiple births had 3.66 times greater risk of having poor nutrition status
when compared with children of single births (p-value = <.0001). This could be
explained by low birth weight, inadequate breastfeeding and competition for nutri-
tional intake, which tend to afflict children of multiple births more than singletons.
In addition, parents can take better care of fewer children, which can be added as a
justification for the high risk of stunting in multiple birth children. We also applaud
the Human Fertilization and Embryology Authority in its efforts to reduce multiple
births, the study suggest that it is time for African nations to follow other nations in
imposing a single embryo transfer policy — this alone will play a significant role in

decreasing the risk of childhood malnutrition, hence the prevalence of stunting.

Our results from Table (3.2) reveal that the difference in the level of a mother’s ed-
ucation plays a significant role in the risk of poor nutritional status of a child. The
children of illiterate mothers (no education) have a high likelihood of having a poor
nutritional status (about 2.0 times) when compared with mothers with higher ed-
ucational qualifications. Compared with children of fathers with higher levels of
education, the risk of stunting was found to double (2.144) for children of fathers
with only primary school as their highest level of education. These results highlight
the importance of education as an important determinant of child malnutrition in
Malawi. This finding is common and a number of studies have attempted to ex-
plain this difference in malnutrition in relation to education levels of parents (e.g.
Das and Rahman, 2011; Chirwa and Ngalawa 2008). There is a belief that educated
mothers may be more conscious about the health of their children. As a result of
their educated status, they are easily able to research, identify and adopt new feed-
ing practices, which may help to significantly improve the nutritional status of their
children.

Household factors make a strong contribution to nutritional status of under-five
children. Usually children in households with the lowest income have the worst
nutritional status and this improves with the increased wealth status of the house-
hold [13, 12]. In the current study, the results indicate that children from households
with a poor wealth index status are 1.55 times more at risk of a poor nutrition status
as compared with children from households classified under the rich wealth index
status (Table 3.2). However, there was no significant difference in the likelihood of
a poor nutrition status between children from households with either moderate or
rich wealth index status. The results support the statement that the growth of infants
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and younger children throughout the world is related to the socioeconomic environ-
ment in which they live [13].

The odds of having poor nutritional condition was found to be significantly different
between children of mothers with normal (BMI > 18.5) and thin (BMI < 18.5) body
mass index (BMI). Children of mothers with a BMI indicating underweight, com-
pared with those with a normal body mass index, are about 1.5 times more likely
to be severely stunted. The odds of having malnutrition are lower for children born
to mothers over 18 years of age birth when compared with mothers who gave birth
when under 18 (teenaged). Results in Table(3.2) reveal that children born to mothers
aged 19-23, 24-29 and 30-34 were 0.89, 0.577 and 0.57 less likely to have chronic mal-
nutrition (stunting) when compared with children of mothers who gave birth when
they were below the age of 18 years. The results support the inherent results that
generally, the children born to mothers below 18 and above 34 are more susceptible

to malnourishment than children born to mothers aged 18-34 [12, 18].

Children who suffered from diarrhoea within the two weeks prior to the survey
were found to be at 1.2 times higher risk of being malnourished when compared
with children who did not suffer from diarrhoea during the same time period (Ta-
ble 3.2). This suggests that the illness history of the child can serve as one of the

determinants of malnutrition.

3.6 Summary

In summary of the current chapter and results from the proportional odds model,
we got an evidence that the age of the child, birth type (single or multiple birth),
education level of mother and father, type of residence, mother’s BMI, mother’s
age at birth of the respective child and a child’s experience of diarrhea in the last
two weeks before the survey were found to be independent predictors of under-five

child nutrition status.
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Table 3.2: Results of the multiple POM for nutrition status

Covariate Regression Standard p-value Odds Single

coefficient error ratios score test
(p-value)

Intercepty -2.1226 0.2037 <.0001 - -

Intercepts -0.4293 0.1993 0.0313 - -

Child’s age (in months) [0-11 months as reference]

12-23 0.2632 0.0894 0.0032 3.620

24-35 0.0074 0.0776 0.9236 2.803 0.056

36-47 0.4106 0.0818 <.0001 4.195

48-59 0.3420 0.0877 <.0001 3.917

Sex of child [male as reference]

Female -0.0241 0.0351 0.4932 0.953 0.382

Birth order [first as reference]

2-3 -0.0227 0.0685 0.7397 1.087

4-5 0.0248 0.0758 0.7433 1.140 0.673

6+ 0.1043 0.1089 0.3381 1.235

Type of birth [singleton as reference]

Multiple 0.6485 0.0901 <.0001 3.658 0.718

Type of residence [rural as reference]

Urban -0.0143 0.0656 0.8279 0.972 0.446

Mother’s education level [higher as reference]

No education 0.3083 0.1437 0.0319 1.735

Primary -0.0188 0.1247 0.8804 1.251 0.130

Secondary -0.0471 0.1298 0.7168 1.216

Father’s education level [higher as reference]

No education 0.1389 0.1197 0.2458 1.921

Primary 0.2488 0.0879 0.0047 2.144 0.358

Secondary 0.1263 0.0896 0.1585 1.897

Household wealth index [rich as reference]

Poor 0.2279 0.0516 <.0001 1.551 0.274

Middle -0.0173 0.0591 0.7698 1.213

Mother’s BMI [normal as reference]

Thinness ( BMI < 18.5) 0.1867 0.0775 0.0160 1.453 0.862

Continued on the next page
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Table 3.2 — Continued from the previous page

Mother’s age at birth [ <18 as reference]

19-23 0.2347 0.0895 0.0087 0.894

24-29 -0.2028 0.0820 0.0134 0.577 0.565
30-34 -0.2150 0.0991 0.0301 0.570

35+ -0.1638 0.1211 0.1762 0.600

Mother’s working status [not working as reference]

Currently working 0.0343 0.0407 0.3992 1.071 0.575
Mother’s age at birth [professional as reference]

Not working -0.0136 0.1135 0.9049 0.921

Business -0.0855 0.1259 0.4972 0.857 0.530
Agriculture 0.0401 0.0711 0.5731 0.972

Other -0.0093 0.0679 0.8910 0.925

Source of water [piped water as reference]

Well water -0.0002 0.0620 0.9975 1.141 0.161
Other, rainwater, tank, etc. 0.1327 0.0970 0.1711 1.304

Duration of breastfeeding [still breastfeeding as reference]

Ever, then stopped 0.0581 0.1081 0.5908 0.966 0.291
Never breastfed -0.1510 0.1916 0.4306 0.784

Had diarrhea recently [no as reference]

Yes 0.0898 0.0453 0.0472 1.197 0.503
Had fever in last two weeks [no as reference]

Yes 0.0105 0.0392 0.7883 1.021 0.489

Score test for the Proportional Odds Assumption: Chi-Square (x?) = 36.94, df = 34, p-value = 0.3347
Goodness-of-fit of overall model (Likelihood Ratio): Chi-Square (x?) = 330.60, df = 34, p-value = <.0001

Sample size: 4244
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Chapter 4

Generalized additive mixed
Models (GAMMSs)

4.1 Introduction

The generalized linear model (GLM) (McCullagh and Nelder 1989) neatly synthe-
sizes likelihood-based approaches to regression analysis for a variety of outcome
measures. In Chapter 3 we analyzed the malnutrition data using the generalized lin-
ear model through the use of a proportional odds model (POM). GLMs, as paramet-
ric models, offer a strong tool for modelling the relationship between the response
variable and predictor variables when their assumptions meet [34]. However, these
models may suffer from inflexibility in modelling complex relationship between the
response variable and the predictor variables in some applications. The parametric
mean assumption may not always be desirable, as suitable functional forms of the
predictor variables may not be known in advance and the response variable may
depend on the covariates in a complicated manner [35].

Generalized additive mixed models (GAMMSs) are proposed for over dispersed and
correlated data, which arise frequently in studies involving clustered, hierarchical
and spatial designs. GAMMs are extension of GAMs that include random effects
when fitted. This class of models allows flexible functional dependence of an out-
come variable on covariates by the use of nonparametric regression, while account-
ing for correlation between observations by using random effects. The interesting
aspect is that the GAMM relaxes the assumption of normality and linearity inherent
in linear regression. The flexibility of nonparametric regression for continuous pre-
dictor variables, coupled with linear models for predictor variables, offers ways to
reveal structure within the data that may miss linear assumptions [34].

By imposing the flexibility of GAMM, in the current Chapter we use semi-parametric
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logistic mixed model to assess the risk factors associated to under-five years children
malnutrition. There exists many nonparametric regression models and a number
of techniques of smoothing for independent data on which we are going to utilize
herein.

A smoother is a tool for summarizing the trend of a response measurement Y as a
function of one or more predictor measurements X1, - - - , X,. It produces an estimate
of the trend that is less variable than Y itself; hence the name smoother. An important
property of a smoother is its nonparametric nature: it does not assume a rigid linear
form for the independence of Y on X3, -, X,,. For this reason, a smoother is often
referred to as a tool for nonparametric regressions [36]. The most commonly used are
splines smoothers, kernel smoothers, locally-weighted running-line smoothers and
running-mean smoothers. These methods are well detailed in Hastie and Tibshirani
(1990); Hardle (1999) and Green and Silverman (1993) [36, 37, 38].

4.2 Generalized additive mixed model (GAMM)

GAMs are extensions of GLMs in which a link function describing the total explained
variance is modeled as a sum of the covariates. The terms of the model can in this
case be local smoothers or simple transformations with fixed degrees of freedom
(e.g. Maunder and Punt 2004) . In general the model has a structure of:

g(ps) = Xi + fi(wa) + fa(xie) + fa(xs) + -

Where 1; = E(Y;) and X; has an exponential family distribution. Y; is a response
variable, X; is a row for the model matrix for any strictly parametric model compo-
nent, 6 is the corresponding parameter vector, and the are smooth functions of the
covariates, xj.

In regression studies, the coefficients tend to be considered fixed. However, there
are cases in which it makes sense to assume some random coefficients. These cases
typically occur in situations where the main interest is to make inferences on the
entire population, from which some levels are randomly sampled. Consequently, a
model with both fixed and random effects (so called mixed effects models) would be
more appropriate. In the present study we utilize GAMM to investigate the effects
of covariates on childhood malnutrition.

A fundamental feature of GAMM (8.1) over GAM is that the additive nonparametric
functions are used to model covariate effects and random effects are used to model
the correlation between observations [35]. The GAMM used in this study was first
formulated by Zin and Zhang (1999). Suppose that the j!* observation of k" units
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consists of an outcome variable y; and p covariates ; = (1,z;1, - , ;)] associated
with fixed effects and ¢ x 1 of covariates z; associated with random effects. GAMM
is formulated as [35]:

g(pg) = Bo + filwjn) + -+ fplaip) + 2;b (4.1)

where g(-) is a monotonic differentiable link function, p; = E(y;|b), f;(-) is a cen-
tered twice-differentiable smooth function, the random effect b is assumed to be dis-
tributed as N{0, K ()} and 6 is ¢ x 1 vector of variance components. If f;(-) is a lin-
ear function, then GAMM (4.1) reduces to generalized linear mixed model (GLMM)
of Breslow and Clayton (1993).

For a given variance component 6, the integrated log-quasi-likelihood function of
(Bo, fi,0,i=1,2,--- k) is given by [35];

1 1 n 1
exp[{y; o, [1(1), -+, fp(1), O3] !D\_2/exp _%Zdj(yj;uj) = 50" Db o db,
j=1

4.2)
Where Yy = (y17 e 7yn)T and
ilussnt) o =2 [ miys — ) fo(w)d(w)
defines the conditional deviance function of {3y, f1(-), -, fp(-)} given b. For sim-

plicity, D can be assumed to be a full rank matrix, otherwise Moore-Penrose gener-
alized inverse may be used.

Statistical inference in the GAMM (4.1) involves inference on the nonparametric
functions f(-), which often require the estimation of smoothing parameters, say A,
and inference on the variance component 6.

4.3 Inference on the nonparametric functions

4.3.1 Natural cubic smoothing spline estimation

A smoothing spline estimates the non-parametric regression function f;(-) using a
piecewise polynomial function with all the observed covariate values {X;} used as
knots, where smoothness constraints are assumed at the knots [38, 39]. The most
commonly used smoothing spline is the natural cubic smoothing spline, which as-
sumes f;(-) is piecewise cubic function, continuous and twice differentiable with
step function third derivative at the knots X;. Given the values of A and 6 and not-
ing that f;(-) are infinite dimension unknown parameters and that equation (4.1) is
continuous linear functional of the f;(-), the results of O’Sullivan etal. (1986). The
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natural cubic smoothing spline estimator of the f;(-) maximize the penalized log-
quasi-likelihood given by;

p t; p
i o Fi ) 500005 SN [ B @Pde = s o e 05 S NATE B
=1 j j=1

(4.3)

T is a vector

where (s, t;) defines the range of the jth covariate and A = (A4, -+ )
of smoothing parameters and K; is the smoothing spline penalty matrix [35], f} ()
denotes the second derivative of f;(z). f; is an r; x 1 unknown vector of the values

of f;(-) evaluated at the r; ordered distinct values of the z;;(i = 1,--- ,n).

In matrix notation, with pi* = (19, -, )", g(1*) = {g(1}), -, 9(pi)}" and Z = (21, - -+ , 2,

GAMM (Equation 4.1) can be written as
g() =180 + Nifi + -+ Npfy + Zb, (4.4)

where 1is a an n x 1 vector of 1s and NN; is an n x 1 incidence matrix defined in
a way similar to that given in Green and Silverman (1994) [38], such that the ith
component of N; f; is f;j(x;;). It is often difficult to determine the full natural cubic
smoothing spline estimator of f; by directly maximizing expression (4.3). However,
an approximating is therefore proposed in the next section by using Monte Carlo

simulation.

4.3.2 Double penalized quasi-likelihood (DPQL)

Laplace approximation [40], some calculation shows that approximate natural cu-
bic smoothing spline estimators (Bo, fl, S fp) can be obtained by maximizing the
following DPQL with respect to (8o, fi,- - , fp) and b:

1 - .,b 1 T -1 1 ¢ T
—w;dj@i,ui)—g D b—2;Ajfj K;fj. (45)

We want to show that the DPQL (4.5) estimator fj can be easily obtained by fitting
a GLMM using existing statistical softwares. Following Green (1987), Equation (4.2)
and Zhang (1998), Equation (10) and also noting that f; is a centered parameter
vector, therefore we can parametrise f; in terms of 3y and a;((r; — 2) x 1) via a one-
to-one transformation as

fj = X;Bj + Bja,, (4.6)

where X is an r; x 1 vector containing the r; centered ordered distinct values of the
zij (i=1,---,n),and B; = L;j(LT Lj)~" and L; is an r; x (r; — 2) full rank matrix
satisfying Kj = L;L} and L; X = 0. Using the identity f/ K} f; = a] a;, DPQL (4.5)
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becomes (compare Breslow and Clayton (1993)) [40], Equation (6)

1 < 1 1
_ d;(y: b — Ty — ZqTAT 47
2¢; (y; 13) = 5 50 A, (4.7)
where a = (af, - - ,ag) and A=diag(mI,---,7pI) with 7; = 1/A;. A small value of
7= (71, , )T corresponds to over-smoothing.

Plugging Equation (4.6) into Equation (4.4), Equation (4.7) suggest that, given ¢ and
7, the DPQL estimators fj can be obtained by fitting the following GLMM by using
Breslow and Clayton’s (1993) [40] penalized quasi-likelihood approach:

g(p®) = XB + Ba + Zb, (4.8)

where X = (1, N1 Xy,--+ ,NyX,,), B= (N1B1,-++ ,NpyX,,), 8= (Bo, - ,Bp)  isa
(p+ 1) x 1 vector of regression coefficients and a and b are independent random ef-
fects with distribution a ~ N(0,A) and b ~ N(0, D).

The DPQL estimator fj is calculated as fj =X; Bj + Bj a;, which is a linear combina-
tion of Breslow and Clayton (1993) [40] penalized quasi-likelihood estimators of the
fixed effect Bj and the random effects d; in the working GLMM (4.8) and be obtained
by fitting the working GLMM (4.8) by using existing statistical software, such as the
SAS macro GLIMMIX [35].

The maximization of expression (4.7) with respect to (3, a,b) can proceed by using
the Fisher scoring algorithm to solve

XTwx XTwB XT™wz B XTwy
BTWX BTWB4+ A1 BTWZ a | = | BTwWy 4.9)
ZTwXx ZT'WB Z"WZ + D1 b ZTwy

Where Y = 5yl + 25:1 N;fj + Zb+ Ay — p°) is a modified generalized additive
model working vector, A=diag{¢(u;)} and W=diag[{¢m; 'v(u?)g' (u?)?} 1] is a mod-
ified generalized additive model working weight matrix.
An examination of equation (4.9) shows that it corresponds to the normal equation
of the best linear unbiased predictors (BLUPs) of 5 and (a, b) under the linear mixed
model

Y=XpB+Ba+Zb+e¢ (4.10)

where a and b are independent random effects with a ~ N(0,A) and b ~ N(0, D)
and e ~ N (0, W~'). This suggests that the DPQL estimators f; and the random effect
estimators b can be easily obtained using the BLUPs by iteratively fitting model (4.10)
to the working vector Y [35, 34].

37



4.4. Inference on the smoothing parameters and the variance components

To compute the covariance matrix of f;, it is more convenient to compute 3 and a by

XTR7'X  X'R'B 8\ _( X"RY (4.11)

BTR™'X BTR'B+4+A~! a ) \ BTR 'Y |’ '
where R =W~ 4+ ZDZ™. Denoting by H the coefficient matrix on the left-hand
side of equation (4.11) and Hy = (X, B)T R7!(X, B), the approximate covariance ma-

using

trix of B and a is
cov(B,a) = H Y HoH ™!, (4.12)

It follows that the approximate covariance matrix of f; is (X, B;)cov(8;,d;)(X;, B;)T,
where cov( Bj, dj) can be easily obtained from the corresponding blocks of H~'HoH ~*.
We assume that the f;(-) are fixed smooth functions in calculating the covariance of
the fj-

4.4 Inference on the smoothing parameters and the variance

components

In the previous section (4.3), the smoothing parameters A and the variance com-
ponents 6 were assumed to be known for making inferences on the nonparametric
functions f;. In the current section we discus one way to estimate A and ¢ jointly
by using a marginal quasi-likelihood by extending the REML approach of Wahba
(1985), Kohn et al. (1991) and Zhang et al. (1998) [39, 41, 42]. The AQ key feature of
this approach is that A and ¢ can be easily obtained by fitting the working GLMM
(4.8) via iteratively fitting the working linear mixed model (4.10) using REML with
7= (1/A1, -+ ,1/),)T treated as extra variance component in addition to 6 [35].

Under the classical nonparametric regression model
y = [flxi) + € (4.13)

where the ¢; are independent random errors following N (0, 0?). Wahba (1985) and
Kohn et al. (1991) [39, 41] proposed to estimate the smoothing parameter A by maxi-
mizing a marginal likelihood. The marginal likelihood of 7 = 1/ is constructed by
assuming that f(z) is estimated using a cubic smoothing spline in the form of equa-
tion (4.7) with a a ~ N(0,7]) and a flat prior for § and integrating out a and 3 as
follows:

exp{la(y; 7, 0%)} o 7'1/2/exp {l(y;ﬂ, a,0%) — ;aTa} dadp (4.14)
T
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where [(y; 8, a,0?) is the log-likelihood (normal) of f under model (4.13). Wehba
(1985) [39] called the maximum marginal likelihood estimator of 7 the generalized

maximum likelihood estimator. Thompson (1985) pointed out that this marginal
likelihood (4.14) of 7 is in fact the REML under the linear mixed model

y=168+ X3 + Ba + ¢, (4.15)

where a ~ N(0,71) and € ~ N(0,02I), and B is the same as defined in Section (4.3);
7 is regarded as a variance component. Hence the maximum marginal likelihood
estimator of 7 is an REML estimator. The extensive simulation study of Kohn et al.
(1991) [41] showed that the maximum marginal likelihood estimator of 7 has similar
and often better performance compared with the generalized cross-validation (GCV)
estimator in estimating the nonparametric function.

Zhang et al. (1998) [42] extended these researchers’ results to estimate the smoothing
parameter A\ and the variance component ¢ jointly by using REML for longitudinal
data with normally distributed outcomes and a nonparametric mean function. A

representative special case of their model can be written as
y=f(X)+Zb+e, (4.16)

where f(X) denotes the values of nonparametric function f(-) evaluated at the de-
sign points of X(n x 1),b ~ N{0,D(6)} and € ~ N{0,G(0)}. If f(-) is estimated by
using a natural cubic smoothing spline, using equation (4.7), Zhang et al. (1998) [42]

rewrote model (18) as a linear mixed model
y=180+ Xp1 + Ba+ Zb+ ¢ 4.17)

where a ~ N(0,71) and the distribution of b and ¢ are the same as those in model
(4.16). They therefore proposed to treat 7 as an extra variance component in addition
to 6 in model (4.17) and to estimate 7 and 6 by using REML. Using the results of
Harville (1974) [43], this REML equations corresponds to the marginal likelihood of
(7, 6) constructed by assuming that f takes the form (4.7) with a ~ N(0,7/) and a
flat prior for § and integrating out a and /3 as follows:

exp{ly(y;7,0)} ’D‘—1/27—1/2 /exp {l(y; B,a,b) — %bTD_lb — ;TaTa} dbdads
(4.18)
where [(y; 8,a,b) = l(y; f, ) is the conditional log-likelihood (normal) of f given the
random effect b under model (4.16). The marginal log-likelihood {/(y; 7, 6) in ex-
pression (4.18) has a closed form expression.
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4.4.1 The marginal quasi-likelihood

Lin and Zhang (2002) [35] proposed to extend the marginal likelihood approach of
Wahba (1985), Kohn et al. (1991) and Zhang et al (1998) [39, 41, 42] to GAMM (4.1)
and to estimate 7 and 6 jointly by maximizing a marginal quasi-likelihood. They
noted that the GLMM representation (4.8) suggests that 7 can be treated as an extra
variance components in addition to ¢. Similarly to the REML (4.18), marginal quasi-
likelihood of (7, 0) under GAMM (4.1) can be constructed by assuming that f; takes
the form (4.7) with a; ~ N(0,7;1)(j = 1,--- ,p) and a flat prior for § and integrating
the a; and 3 out as follows:

exp{lar(y;T,0)} o IAI_I/Q/eXp {l(y;ﬁ,a, 0) — ;aTA_la} dbds3

x |D|_1/2|A|_1/2/exp {Zl —21¢di(y;uf) - %bTD_lb - éaTA_la dbdadp

- (4.19)
where (y; 8,a,0) = I(y; f1,-- -, fp)-
Since the evaluation of the marginal quasi-likelihood I/ (y; 7, ) in expression (4.19)
often involves high dimensional integration [35], [5/(y; 7, 0) is approximated using
Laplace method. Specifically, taking a quadratic expansion of the exponent of the
integrand of expression (4.19) about its mode before integration and approximating
the deviance statistic d;(y; 11?) by the Pearson y?-statistic (Breslow and Clayton, 1993)
[40], the derivation by Lin and Zhang (2002) [35] give the marginal quasi-likelihood
as

1 1 1 N R
ba(y;7,0) = =5 log [V] = S log [ XTVTIX[ = S(Y = XB)TVH(Y - XB),  (4.20)
where V = BABT + ZDZT + W~1. An examination of Equation (4.20) shows that
it corresponds to the REML log log-likelihood of the working vector Y under the
linear mixed model (4.10) with both a and b as random effects and 7 and 6 as variance

components. It follows that that we can easily estimate 7 and 6 by iteratively fitting
model (4.10) using REML.

4.5 Application of GAMM to the determinants of risk factors
of stunting in under-five children from Malawi
In the previous Chapter (4) we studied the risk factors of stunting (height-for-age)

through the use of a generalized linear model, the proportional odds model (POM).
Proportional odds models, discussed in Chapter 4 assume all independent variables
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are fixed effects, hence they exclude the possibility of modeling a model with ran-
dom effects. Another major limitation of these ordinal logistic models (Chapter 4)
is that they are parametric. In these methods (logistic regression models) the rela-
tionship of the mean of a response to covariates is always assumed fully parametric.
Although such parametric mean models may enjoy simplicity, hence, as result, the
parametric models have suffered from inflexibility in modeling complicated rela-
tionships between the response and covariates in various longitudinal studies.

The latter deficiency in logistic regression models has motivated the current study
to use alternative models to improve the results from the previous chapter (4). We
had the option of trying to improve our logistic regression model (GLM) using a
model that accommodates the random effect factor (GLMM).However, after consid-
ering the small difference between the two models, and since we will still be working
with parametric models, we decided on other options.

In this chapter we have applied some data exploration by accessing the relation-
ship between stunting (response) and the continuous covariates following Zuur et
al.(2010) [44, 45]. Our main objective was to apply a nonparametric model if a non-
linear relationship between response and covariates was observed, using a general-
ized additive mixed model (GAMM). The use of this model is motivated by its ability
to accommodate both fixed and random effects on its formulation and the ability to
model the covariates, which show a non-linear relationship with the response non-
parametrically, while keeping other covariates parametric. Table 4.1 below present

the relevant variables to be used in fitting the model.

4.5.1 Relationships

Figure 4.1 shows the relationship between stunting (nutrition status) and the se-
lected continuous variables of child’s age in months, mother’s age and mother’s
body mass index. In the previous chapter (4) we only fitted a linear model (POM)
to these data, and therefore the relationships between the responses and covariates
were assumed to be linear. However, if we look at the scatter plots (figure 4.1) be-
tween stunting and the three independent variables (child’s age, mother’s age and
mother’s BMI), we can clearly see a pattern that does not appear linear. For this rea-
son, if we want to obtain the best possible results in terms of modelling stunting, we
may need to employ models for a non-linear relationship. As a result, we attempted
to model the relation between stunting and these covariates with a nonparametric

smoother.
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Table 4.1: Relevant variables from Malawi DHS-dataset

Variable Description Type
Child’s age Age of the child in months Continuous covariate
Birth type Child is of single/multiple Categorical covariates

birth

Child suffered from diarrhea

Child suffered from diarrhea
in the last two weeks

Categorical covariate

Mother’s education

Highest level of education of
mother

Categorical covariate

Mother’s BMI

Body mass index of mother

Continuous covariate

Mother’s age Age of mother at birth of Continuous covariate
child

Father’s education Highest level of education of Categorical covariate
father

wealth index

Household wealth index

Categorical covariate

Type of residence

Type of residence

Categorical covariate

Nutrition status

Stunting

Binary response variable

4,5.2 Model formulation

In formulating the model to use, we first took into account that the data exploration
done above (section 4.5.1) indicated a potential non-linear relationship be- tween
stunting and child’s age, mother’s age and mother’s BMI. These covariates enter the
model as nonparametric effects. Summary statistics for these covariates appear in
Table (2.2). The remaining discrete covariates in Table (4.1) enter the model as para-
metric effects, they are also summarized in Table (2.2).

Secondly, because the data were collected using multi-stage sampling, where the
primary sampling units or villages were selected at random, this may result in some
variability among these primary sampling units. Therefore, in order to account
for the possible variability between the primary sampling units, GLMM can be im-

posed. If this is indeed the case, then we can consider models of the form:

g(ui) = PBo+ P x Birth type, 4 2 x Mother’s education; (4.21)
+ B3 x Father’s education; + 4 x Type of Residence,;
+ 5 x Child suffered from diarrhea; + 55 x wealth index;
+ fi1(Child’s age;) + f2(Mother’s age,) + f3(Mother’s BMI;) + bo;

where g¢(-) is the logit link function, 5’s are parametric regression coefficients, f;’s are
centered smooth functions and by; is the random effect distributed as N (0, K (6)). In
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coming up with the final model (4.21), we have considered a possible interaction
effects, one way to compare these models is via the Akaike Information Criterion
(AIC), thus AIC for each model was examined and also the inference of smooth
function along with the p-value of the individual term was examined. Hence the
final model (4.21) was selected accordingly following Zuur et al.(2013) [46].

R software was used to fit the model. nlme, mgcv and gamm4 are the libraries
that can call GAMM models in R. In the terminology of R categorical variables are
entered as factors, so a variable like mother’s education that has four distinct levels

accounts for 4 model parameters.

4.5.3 Interpretation of the results from GAMM

When fitting the model of this chapter, we had the problem of choosing whether we
should fit a GLMM or a GAMM. One of the considerations discussed in Zuur et al.
(2014) is to start with GAMM and if cross-validation gives one degree for a smoother,
then this covariate is fitted as a parametric term. If all terms are parametric, then the
model is a GLMM. The results from our GAMM (4.21) are presented in Table 4.2,
Table 4.3 and Figure 4.2.

The results in Table 4.2 reveals that birth type (singleton/multiple) of a child is a
highly significant effect to nutrition status of under-five years children in Malawi
(p-value = 6.19x10712). A child born from multiple births is found to be 3.9 (e!-36%)
times more likely to suffer from stunting when compared to a child born from single
birth. This results are consistent from what was observed in chapter 4 on POM.

We also can discern that a mother’s level of education significantly affects nutrition
status (stunting) of children in Malawi. The extent of the risk for a child to suffer
from malnutrition (stunting) decreases with the increase in a mother’s educational
attainment. Numerically, the findings tell us that children born to mothers with pri-
mary or secondary education as their highest level of training are 0.7219 or 0.6890
(e70-3258 or ¢70-3725) times less likely to be at risk of producing a stunted child when
compared to children born to mothers with no education at all and the effect was
found significant a p-value = 0.0051 and p-value = 0.0147, respectively. Further-
more, the level of education of the father was also found to have a significant effect
on the nutritional status of the child. Children born to fathers with higher or tertiary
level education are 0.5403 (e =156 & p-value = 0.0477) times less likely to report bad
nutrition status when compared to children born to fathers with no education.

The household wealth index status significantly affects the height-for-age (stunting)
of a child in Malawi. From Table 4.2 we observe that children born from households
with a middle wealth index status are 0.7787 times less at risk of being stunted than
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children born to poor families and the effect is significant (p-value = 0.0024). Like-
wise, children from rich families are 0.6258 less likely to be stunted when compared
to children from poor families (p-value = 2.41 x 107°).

Table 4.3 presents the results of fitted continuous covariates, which were fitted non-
parametrically. To be more precise, the table is giving the approximate significance
of smooth terms. The smoother for child’s age is reported as more than six estimated
degrees of freedom and is highly significant (p-value = < 2 x 107! ) in opposition
to the assumption of a linear relationship between stunting and child’s age. Like-
wise, mother’s age and BMI also appeared to be significant against the assumption
of a linear relationship with stunting. Mother’s age reported test statistics of 136.49
with six estimated degrees of freedom and BMI reported test statistics of 15.03 with
almost three estimated degrees of freedom. Furthermore, all of the smooth terms in
Table 4.3 reported degrees of freedom that are greater than one; hence the signifi-
cance of the smoothers is supported.

The estimated smoothers of the covariates; child,s age, mother’s age and mother’s
BMI are presented in Figure 4.2. The shape of each smoother indicates a non-linear
effect on stunting, which justifies the application of a GAMM instead of a GLMM.
The shape of the child’s age smoother shows a sharp linear increase in stunting up to
18 months and from 19-23 (months) the risk of stunting is observed to be at peak for
under-five children in Malawi. A slight decrease in the risk of stunting is observed
in children from 23-29 months old. Thereafter, a slight increase is observed up to
40 months. The smoother support observations of medical institutions that children
aged 12-24 months face a high risk of stunting [17].

Figure 4.2 also presents a smoother for mother’s age effect on stunting. We observe
a high level of stunting corresponding to mothers less than 20 years of age and the
stunting level declines with an increase of a mother’s age up to age 30 years. There-
after, a slightly linear effect of a mother’s age is observed. As expected, children
born to teenagers face a high-risk negative, or bad nutrition status. Moreover, the
smoother curve of a mother’s BMI indicates a decrease in stunting with increasing
BMI. The effect of a mother’s BMI is almost linear when seen visually, but statisti-
cally, it was found to be a non-linear effect. Hence, the results from this smoother
are almost similar to what we observed in parametric regression models.
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4.6 Summary

The main objective of the current chapter was to improve the model (GLM) used in
the previous one. We improved the model by using a model that accommodates both
fixed and random effects (GLMM). Moreover, we noticed that GLM and GLMM are
both parametric, and they may also suffer from inflexibility to model complicated
relationships between the outcome variable and predictor variables in some appli-
cation. After assessing the relation between the outcome variable and the covari-
ates we noticed some non-linear trends and were concerned about the application
of GLMM. Therefore, we opted to improve our model even further to a model that
is suitable for modelling any relationship between outcome variable and covariates:
the generalized additive mixed model (GAMM).

For the parametric part of the model, some of the results from the GAMM were con-
sistent with the findings of the previous chapter, but some were not. The effect of
type of residence was found insignificant at 5% level of significance in GAMM and
the effect of history of diarrhoea for a child was also found insignificant. All other
covariates were significant and the trends were almost consistent with the results
from the previous chapter (4).

The results from the nonparametric part model also validated the findings on child’s

age, mother’s age and mother’s BMIL.
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Figure 4.1: Scatter plots of the response variable (stunting; nutrition status of a child) versus
selected covariates (child’s age, mother’s age and mother’s BMI).
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Table 4.2: The parameter estimates of the fixed effects of GAMM on malnutrition (stunting)
for children under-five in Malawi

Co-variates Regression Standard error z-value p-value
coefficient

Intercept -0.771739 0.186704 -4.133 3.57x 107 2%

Type of birth [Singleton as reference]

Multiple 1.369344 0.199168 6.875 6.19x 10 124

Mother’s education level [No education as reference]

Primary -0.325879 0.116355 -2.801 0.00510 **

Secondary -0.372460 0.152634 -2.440 0.01468 *

Higher -0.582283 0.475074 -1.226 0.22032

Father’s education level [No education as reference]

Primary 0.091030 0.130989 0.695 0.48709

Secondary -0.008557 0.149923 -0.057 0.95449

Higher -0.615618 0.310911 -1.980 0.04770 *

Type of residence [Urban as reference]

Rural 0.083898 0.128048 0.655 0.51234

Had diarrhea [No as reference]

Yes 0.175684 0.093363 1.882 0.05987

Household wealth index [Poor as reference]

Middle -0.250120 0.096692 -2.587 0.00969 **

Rich -0.468785 0.099406 -4.716 2.41 x 10~ 6x=

Table 4.3: Approximate significance of smooth terms

Co-variate edf Chi.sq p-value

s(Child’s age) 6.296 136.49 < 2 x 10716 %

s(Mother’s age) 2.627 15.03 0.00235 **

s(Mother’s BMI) 6.296 136.49 5.36x 10716 =
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Chapter 5

Quantile regression models

5.1 Introduction

In the preceding chapters, we discussed generalized linear models (GLM) and gen-
eralized additive mixed models (GAMM) to assess the risk factors of malnutrition in
under-five children in Malawi. However, we realize that all these techniques sum-
marize the average relationship between a set of regressors and the outcome variable
based on the conditional mean function E(y|z). This provides only a partial view
of the relationship, especially when we are interested in reporting the relationship
at different points in the conditional distribution of y. Analogous to the conditional
mean function of linear regression, we consider the relationship between the regres-
sors and outcome, using the conditional median function, where the median is the
50" percentile, or quantile ¢, of the empirical distribution. Quantile regression pro-
vides that capability.

In this chapter, we discuss quantile regression that allows for studying the impact
of predictors on different desired quantiles of the response distribution, and thus it
provides a complete picture of the relationship between the response and predictor
variables. Quantile regression is desired if conditional quantile functions are of in-
terest. One advantage of quantile regression, relative to the ordinary least squares
regression, is that the quantile regression estimates are more robust against outliers
in the response measurements. In addition, the main attraction of quantile regres-
sion is the flexibility of the model, in the sense that it does not involve a link function
that the variance and the mean of the response variable. It is also a robust method
in the sense that it makes no assumption about the distribution of the error terms in
the model.

The current study uses quantile regression models to characterize the impact of se-
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lected independent variables on the whole distribution of the nutritional status of
under-five children in Malawi. We fit structured additive quantile regression model
and we use the geographical data from Malawi DHS data to draw a map using the
spatial effects via integrated nested Laplace approximation (INLA).

5.2 Model formulation

The quantile regression model is defined in Koenker and Basett (1978) [47] as

Y; = x;ﬁo + Ug, (5.1)

with
Qq(yilz:) = 2380 (5.2)

and
Qq(ug|zi) = F, (glzi) = 0 (5.3)

where y; is the i** observation of the outcome variable, X; is a vector of predictor
variables, 3y is a vector of unknown regression parameters and u,, are indepen-
dent identically distributed error terms with unspecified distribution; the quantile
Qq(yi|z:) and Q,(ug,|z;) mean the ¢** conditional quantile (percentile) of y; and uy,,
given x;, respectively.

The ¢'"* sample quantile is given by Qy (¢) = &,,0 < ¢ < 1, of a random variable Y is

the inverse of the cumulative distribution function written as Fy (y) = ¢ defined as

Qv(q) = Fy'' (@) = inf{y: Fy(y) > q}. (5.4)

5.3 Structured Additive Quantile Regression

Structured additive regression models are a flexible and extensive used class of mod-
els, see for example Fahrmeir and Tutz (2001) [48] for a detailed account. In these
models, the observation (or response) variable y; is assumed to belong to an ex-
ponential family, where the mean y; is linked to a structured additive predictor 7;
through a link-function g(-), so that g(u;) = 7;, The structured additive predictor 7;

accounts for effects of various covariates in an additive way:

Yy = Ny +€j, €j ~ F(ﬁj‘@), j eJ (55)
ny
k=
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where y; denotes the ;' observation and #; is its predictor; J is its predictor of
{1,---,n}, that is, not necessarily all latent 7); are observed through the data y;; F' is
an unknown distribution function of error ¢; and may depend on some additional
parameters 6;x; is a vector of ng covariates with a linear effect and 3 is the cor-
responding unknown vector; b; are unstructured random effects; gi,k = 0,--- ,ng,
comprise usual nonlinear effect of continuous covariates. This is a structured addic-
tive regression model (STAR) In some application we might have a situation where
upper or other quantiles of y; may depend on the covariates quite differently from
the center. Hence, inference on conditional quantiles can provide a more complete
description of functional changes than focusing sorely on the mean.The STAR mod-
els, unfortunately, only estimate conditional mean. However, to overcome this limi-

tation, we extend the STAR models to quantile regression context [49].

Quantile regression, a completely distribution free approach, has emerged as a use-
ful supplement to ordinary mean regression [49]. Given a fixed and known quantile
q € (0,1), assuming that the gt quantile of the error distribution in (5.5) is zero, i.e.,
F~1(q|8) = 0. Then the corresponding quantile function of the continuous response

variable Y] is
g

Qv (ql@i, wi) = ngi = ] Bg + Y _ Gak (i) + by (5.6)
k=1

where predictor 7, is composed of linear effect 3,, a sum of nonlinear effects g, for
both univariate and bivariate covariates, and an unstructured random effect b,.

An alternative representation of model (5.6) can be achieved via the minimization
problem:

, (5.7)

n
. ng n>0
arg min ; — Ngi), wWhere u) =
gmi ;pq(yz Tgi) pg(u) { wg—1) u<0

this equation (5.7) is called, 'check function” [47] and 7, has the same structure as
(5.6). Thus the check function is the appropriate loss function for quantile regres-
sion problems regarded from a decision theoretical point of view [49]. In the case
of simple linear quantile regression, Equation (5.7) can be estimated using a lin-
earization problem [50] , but in the case of the non-linear case such as the structured
additive quantile model, the estimation requires the Bayesian inferential approach.
The method is based on assuming Y; have iid (identically independent distributed)
asymmetric Laplace distributions and taking appropriate Gaussian type priors on
the additive components in the predictor. Markov chain Monte Carlo (MCMC) and
integrated nested Laplace approximation (INLA) are two different tools proposed
for such Bayesian quantile inference. This study will use the INLA method because
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of the quicker convergence on its solutions when compared to MCMC in case of
quantile regression models [51].

In the Bayesian analysis framework, the unknown functions for the metric, the spa-
tial effects, regression coefficients for categorical covariates and all variance param-
eters have to be assigned suitable prior distributions [52]. The next sections are ar-
ranged in the following order. In Section 5.4 we discuss necessary information about
asymmetric Laplace distribution on which we would be used as likelihood in our
Bayesian quantile regression models; Section 5.5 specifies all the priors assigned for
the latent parameters in model (5.5); Then we discuss the INLA inference approach
in Section 5.6. Application of structured quantile regression models are presented in
Section 5.7.

5.4 Asymmetric Laplace distribution

Bayesian inference requires likelihood. We need an assumption on data distribution
for Bayesian quantile inference because the classical quantile regression has no such
restriction. A possible parametric link between the minimization problem (5.7) and
the maximum likelihood theory is the asymmetric Laplace density. We say that a
random variable Y has asymmetric Laplace distribution with parameters 7.5 and ¢,
and write itas Y ~ ALD(n, do, q), if the corresponding density function is given by
[49]

[y|n, 0, q] = q(1 — q)do exp{—dopy(y — )}, (5.8)

where n € R is the location parameter, §y € R is the scale parameter, and 0 < ¢ < 1
is the skewness parameter. When assuming that y; ~ iddALD(n;,do, q), then the

likelihood for n independent observation is proportional to

L(n,00;y, q) o 0/ exp {—50 > palyi — m)} (5.9)
=1

now we see that the maximization of the likelihood in (5.9) with respect to n given d
is equivalent to the minimization of the loss function in (5.7). Thus, the asymmetric
Laplace distribution is useful in terms of unifying the likelihood and the inference

for quantile regression estimation.
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5.5 Prior distributions

5.5.1 Smoothness priors for functions

Let g = (g(u1), -+, g(un))?, a random vector of the response at u;,i = 1,--- ,n. g
is said to be a Gaussian Markov random fields (GMRF) with mean p and precision
(the inverse covariance) matrix § R if and only if it has density of form

7(g18) oc 6™ exp (—g<g — u/'R(g — u)) , (5.10)

where R is a semidefinite matrix of constants with rank n — m(m > 0). The prop-
erties of a particular GMRF are all reflected through matrix R. For instance, the
Markov properties of GMRFs totally depend on the various sparse structure that the
matrix R may have. The current study will use two kinds of GMRFs: continuous
random walk (CRW) models (detailed in Wecker and Ansley, 1983 [53]) for metri-
cal covariates and intrinsic autoregressive models (see Besag and Kooperberg, 1995
[54]) for spatial covariates. The two GMRFs share the form (5.10) but with different
structures of R.

Metrical covariates

Let u1 < ug < --- < wuy, be the set of continuous locations and z; = g(u;) be the
function evolutions at u; for i = 1,--- ,n. The construction of CRW model is based
on a discretely observed continuous time process z(u) that is a realization of an m —1

fold integrated Wiener process given by

u (u o h)m—l
— _ A1
) = [ Baw . (.11)
where W(h) is a standard Wiener process. One can show that density of z(u) is
Gaussian with zero mean and completely dense matrix R. Since factorizing an n x n
dense matrix is at cost O(n?), such matrix R would make Bayesian computation

cumbersome with a huge dataset [49].

Spartial covariates

We now look at the spatial covariate u, where the values of u represent the location
or site in connected geographical region. A common way to deal with special co-
variates is based on a set of predefined neighbors for each u;. For geographical data
as considered in the current study we assume that two sites u; and u; are neigh-

bors if they share common boundary. Letting n; denote number of neighbors of
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site u;, we assume the following spatial smoothness prior for function evaluations

g(ul))Z: 17 , 1Y,

o) {g(ws)i # 1h6 ~ N 3 gl). 2 612

7 . ..
J:g~t

where j ~ 7 denotes that site u; and u; are neighbors. Thus the conditional mean of
g(u;) is unweighted average of evaluations of neighbors sites. The joint density of g
in (5.12) has the same expression as in (5.10) with mean zero and matrix R such that

R;; = —1 1~ 7, (5.13)

0 otherwise.

It is easy to see that the sparse matrix R has rank n — 1.
Let gy, k = 1,--- ,ny, be a vector of kth function component in (5.5). Since they are
of the same form, we assume the priors on functions gy, are

mlanla) o exp (- gl Quan ). 619

where Qy, has rank n — my, and its structure depends on the type of covariates.

5.6 Posterior inference by integrated nested Laplace approx-
imations (INLA)

The current section present the INLA approach for approximating the posterior
marginals of the latent Gaussian field 7(z;|y),i = 1, - - - , n. Integrated nested Laplace
approximations (INLA) is a new approach to statistical inference for latent Gaussian
models introduced by Rue and Martino (2007) and Rue et al. (2009) [51, 55]. The
main advantage of the INLA approach over MCMC is that it is much faster to com-
pute; it gives answers in minutes and seconds where MCMC requires hours and
days [49]. The approximation is computed in the three following steps:

5.6.1 Exploring 7(0|y)

The first step of the INLA approach is to compute our approximation to the posterior
marginal of 6:
m(z,0,y)

7(0|y) o
( I ) TrG(w|97y) :1:::1:*(9)

(5.15)
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where 7(z, 0, y) is the Gaussian approximation to the full conditional of x, and
x*(0) is the mode of the full conditional for x, for a given 8. The main use of 7(0|y)
is to integrate out the uncertainty with respect to & when approximating the poste-
rior marginal of z; (see equation (5) of Rue and Martino, 2009). For this task, there is
no need to represent 7(6|y) parametrically, but rather to explore it sufficiently well
to be able to select good evaluation points for the numerical integration.

Step 2 Locate the mode of 7(8|y), by optimizing log 7 (6|y) with respect to §. This can
be achieved using quasi-Newton method which builds up an approximation to the
second derivative of log 7(8|y) using the difference successive gradient vectors. The
gradient is approximated using finite differences. Let 8* be a modal configuration.

Step 3 At the mode configuration §* compute the negative Hessian matrix H > 0,
using finite differences. Let ¥ = H1, which would be the covariance matrix for
0 if the density were Gaussian. To aid the exploration, use standardized variable z
instead of 8. Let ¥ = VAVT be the eigen-decomposition of 3, and define 6 via z,
as follows

0(z) = 0* + VAY?2

If 7(0|y) is a Gaussian density, then z is R(0, I'). This parametrization corrects for
scale and rotation, and simplifies numerical integration [55].

5.6.2 Approximating 7(x;|0,y)
Using Gaussian Approximations

The simplest (and cheapest) approximation to 7(z;|0,y) is the Gaussian approxi-
mation 7 (x;|6,y), where the mean 1;(6) are derived using the recursions (7), and
possibly correcting for linear constraints. During the exploration of 7(#|y) in Section
(5.6.1), we already compute 7(x|6,y), so only marginal variances need to be addi-
tionally computed. The Gaussian approximation gives often reasonable results, but
there can be errors in the location and or errors due to the lack of skewness [55].

Using Laplace approximations

The natural way to improve the Gaussian approximation is to compute the Laplace
approximation [55]

7(37,0, y)
Taa(T—ilTi0,Y) | o —ar (20)

i

Tra(zi0,y) < (5.16)
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where 7 is the Gaussian approximation to z;|z_;, 0, y and x_;(x;, 0) is the model
configuration. Moreover, we note that 7 is different from the conditional density
corresponding to 7 (x|, y).

Sadly, (5.16) implies that 7¢e must be recomputed for each value of z; and 0, since
its precision matrix depends on x; and 6. This is far too costly, as it requires n fac-
torization of the full precision matrix. Rue and Martino, (2009) [55] proposed two
modifications to (5.16) to make it computationally feasible.

The first modification consists of avoiding the optimization step in computing 7¢c(x—;|xi, 6, y)

by approximating the model configuration,
7 (24,0) ~ Erg(24|2:). (5.17)

The right-hand side is evaluated under the conditional density derived from the
Gaussian approximation 7 (|6, y). The computational benefits is immediate. First,
the conditional mean can be computed by rank-one update from the unconditional
mean, (using Equation (8) of Rue and Martino, 2009). This rank-one update is com-
puted only once for each i, as it is linear in z;. Although their settings are slightly
different, Hsiao et al. (2004) [56] show that deviating from the conditional mode
does not necessarily degrade the approximation error.

The next modification materializes the following intuition: only those z; that are
"close’ to x; should have an impact on the marginal of z;. If the dependency between
x; and decays as the distance between nodes i and j increases, only those z;’s in a
‘region of interest’ around i, R;(0), determine the marginal of x;, The conditional
expectation in (5.17) implies that

Ezg(xjlzi) — p1s(0)
0;(6)

for some a;;(#) when j # i. Hence, a simple rule for constructing the set R;(8) is

T; — Mi(e)
;(6)

= a;(0) (5.18)

Ri(8) = {j : lai;(8)| > 0.001}, (5.19)

The most important computational saving using R;(6) comes from the calculation
of the denominator of (5.16), where we now only need to factorize a | R;(6)| x |R;(0)|

spare matrix.
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5.7. Application of quantile regression models to risk factors of malnutrition

5.7 Application of quantile regression models to risk factors

of malnutrition

To investigate risk factors of childhood malnutrition we consider determinants of
children’s heights in Malawi. The data comes originally from the Demographic and
Health Surveys (DHS) conducted regularly in more than 75 countries. We use the
dataset for children in Malawi from our sample size of 4 244. All children in the
sample are between the ages of 0 and 5 years (0-59 months). We consider three co-
variates entering as additive nonparametric effects in addition to the response vari-
able height-for-age: age of a child, mother’s BMI and her age. Summary statistics
for these variables are presented in Table (2.2). There are also a number of discrete
variables that enter the model as parametric effects: gender, birth type, child having
suffered from diarrhoea, mother’s education level, father’s education level, house-
hold wealth index and type of residence. These variables are also summarized in
Table (2.2). Lastly, we also have one spatial covariates which we use for mapping
the effect of malnutrition in the districts of Malawi.

5.7.1 Model fit

In order to identify the factors associated with childhood malnutrition in Malawi,

the current study attempted to do so by fitting the following models;
Model 1 : ngy = 2,

Model 1 is known as a linear quantile regression model, where x; present all cate-

gorical variables and their effects is summarized in /3.

Model 2 : ng; = B4 + gq1(Child’s age;) + gq2(Mother’s age,)
+ g43(Mother’s BMI;)

We note that Model 2 combines the fixed effects and non-linear effects, 2; and /3, are

the same as in Model 1. Now Model 2 is known as additive quantile regression.
Model 3 : ng; = x;fq + gq(Districty), d =1,2,--- ,28

Model 3 combines the fixed effects and spatial effects. Districts considered as a spa-

tial covariate and this model is known as spatial quantile regression.

Model 4 : ng; = ;84 + gq1(Child’s age;) + gg2(Mother’s age,)
+  gg3(Mother’s BMI;) + gqq(Districty), d =1,2,---,28
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5.7. Application of quantile regression models to risk factors of malnutrition

Model 4 upgrades Model 2 to include structured spatial effects, and therefore, Model

4 is known as a structured spatial additive quantile regression.

R (version 3.5.1) statistical software packages were used to fit all the above quantile
regression models. The statistical inference was fully Bayesian using the "INLA”
approach for quantile regression in R. For brevity, only three quantiles (¢ = 0.20, 0.40
and 0.50 ) were assessed. The choice of the quantiles to assess was motivated by the
cut-points of childhood stunting (severe, moderate and nourished) based on WHO
standards such that ¢ = 0.2 is equivalent to severe (haz < —3), ¢ = 0.4 is equivalent
to moderate (-3 < haz < —2) and ¢ = 0.5 quantile is equivalent to haz = -1.88 which
is within the range of normal adjusted childhood height-for-age, according to the
WHO standards.

5.7.2 Model Selection

In order to select the best model fit, the method Deviance Information Criterion
(DIC) for comparing models was imposed, which is related to other information cri-
teria and has an approximate decision theoretic justification. The summary of DICs
for all models that were fitted in this study is presented in Table 5.1. From Table 5.1,
D stands for “Deviance evaluated at the posterior mean”, pD stands for “Effective
number of parameters”, and DIC stands for “Deviance Information Criterion”. The
mathematical relationship used to compute DIC is given by DIC = D + 2p, where D
is minus twice the log likelihood (-2LL). The rule of thumb is that the smaller DIC
values correspond to better model fit, that is, the model with a smaller DIC is better
than a model with a larger DIC [57].

In a comparison of the DICs from Table (5.1), we observe that Model 4 corresponds
to the smallest DIC. This observation implies that the final model to be considered
in the analysis of this study is going to be Model 4, the called structured additive
quantile regression model.

Table 5.1: Model comparison based on Deviance Information Criteria (DIC).

Statistics Model 1 Model 2 Model 3 Model 4
D 36515.96 36119.26 36507.35 36101.08
pD 13.02 49.87 17.60 57.96

DIC 36542.54 36219.78 36542.55 36217.69

Using the best fitting Model 4, we analyzed and assessed the fixed effects, non-linear

effects, and structured spatial effects.s.
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5.7. Application of quantile regression models to risk factors of malnutrition

5.7.3 Fixed effects

The summary of fixed effects on children stunting is displayed in Table 5.2. Stunt-
ing and adjusted height-for-age are negatively associated variables; hence, care was
taken in interpreting the effects on childhood stunting. From the results presented
in Table 5.2, children from multiple births showed a significant negative effect on
height-for-age at all observed quantile levels, implying that this had a significant
positive effect on severe, moderate and median childhood stunting. In simple words,
stunting among children in Malawi is more attributable to children of multiple births
than to singletons. The observations are consistent with what was observed in the
previous chapters of this study when mean models were fitted, that multiples births

are at higher risk of stunting when compared to singletons.

Table 5.2: Summary of the fixed effects on childhood stunting in Malawi

Co-variates  Posterior Mean Standard 0.2 quant 0.4 quant 0.5 quant
Deviation

Intercept 44186 1.3888 3.2500 4.0675 4.4195

Type of birth [Singleton as reference]

Multiple -2.1723 1.3696 -3.3261 -2.5199 -2.1724

Mother’s education level [No education as reference]

Primary -0.6440 0.7788 -1.3001 -0.8417 0.6441

Secondary 0.8609 0.9812 0.8609 1.1098 1.6875

Higher 0.4181 2.2178 0.4181 0.9808 2.2864

Father’s education level [No education as reference]

Primary -0.8811 0.8626 -1.6078 -1.1000 0.8811

Secondary 1.7649 0.9698 1.7649 2.0109 2.5818

Higher 2.7187 1.6160 2.7188 3.1288 4.0800

Type of residence [Urban as reference]

Rural -0.9259 0.7309 -1.5416 -1.1114 -0.9259

Had diarrhea [No as reference]

Yes -0.1157 0.6074 -0.6275 -0.2699 -0.1158

Household wealth index [Poor as reference]

Middle 0.6689 0.6327 0.6690 0.8295 1.2019

Rich 0.8423 0.6238 0.8423 1.0005 1.3678

The household wealth index of the family is observed to have a significant positive
effect on adjusted height-for-age for children in Malawi. In general, the adjusted
height-for-age of under-five children in Malawi increases with the betterment of the

wealth index of the family. Furthermore, the effect (coefficients) increases with in-
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5.7. Application of quantile regression models to risk factors of malnutrition

creasing the quantile level. This result implies that a child born to a family with a
rich and middle wealth index is less likely to be stunted compared with a child born
to a poor family.

Diarrhoea is found to be a significant predictor of child stunting. The results in
Table 5.2 show that a recent incidence of diarrhoea has a significant negative ef-
fect on adjusted height-for-age in all quintiles. In essence, the results show that the
incidence of a fever in the two weeks prior to the survey has a negative effect on
adjusted height-for-age across all the observed quantiles, where negative effect de-
creases with increasing the quantile. From this observation, we conclude therefore
that a child who had diarrhoea in the two weeks prior to the survey is more likely
to be stunted when compared with a child who did not have fever in the same time
period.

The results of Table 5.2 show that the type of residence has a significant effect on
childhood stunting. It was noted from the results that child adjusted height-for-age
is negatively affected among those born to households in rural areas compared with
adjusted height-for-age of those living in urban areas. This implies that children liv-
ing in rural areas possess a higher risk of being stunted than children living in urban
areas.

The results of Table 5.2 also reveal that the mother’s and father’s education level has
a significant effect on childhood adjusted height-for-age. Moreover, we observe that
child adjusted height-for-age increases with the increase in the level of education
in both the mother and father of the child. Another notable observation is that the
effect increases with increasing the quantile in both mother and father’s education
level variables. In addition, we note that children born to educated parents are less
likely to be stunted than children born to uneducated parents.

5.7.4 Nonlinear Effects

Figure 5.1 shows the summary of observed nonlinear effects. The summary of non-
linear effects of child’s age in months on childhood stunting was displayed on the
top left corner in Figure 5.1. We observe that the adjusted height-for-age remained
high, which implies low childhood stunting for about the first four months, af-
ter which it deteriorated, implying increasing childhood stunting until about 20
months. The adjusted height-for-age remained constantly low, implying a high risk
of stunting from 20 months upward.

The summary of nonlinear effects of mother’s age in years on children stunting is
displayed along the top right of figure 5.1. We found that the general relationship
of the effects of a mother’s age with adjusted height-for-age followed a bell shape.
Young mothers (below 18 years) and very old mothers (above 40 years) are associ-
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ated with a lower height-for-age, implying an increase of childhood stunting. More-
over, mothers between 18 and 40 years are associated with high child height-for-age,
implying children born of mothers between 18 and 40 are less likely to be stunted.
Body mass index continued increasing the adjusted height-for-age (reducing the risk
of stunting) beyond 40 kg/m?. The results reveal that thin mothers are associated
with low height-for-age, implying that their children are more likely to be stunted
than those of normal weight mothers.

5.7.5 Spatial Effects

The spatial variation of childhood malnutrition (stunting) was examined. Figure 5.2
(map) presents the posterior means of structured spatial effects on average adjusted
childhood height-for-age. Looking at the map, dark blue corresponds to the districts
where there is a positive effect on adjusted height-for-age for children under the age
of five and thus a low risk of childhood stunting. The light blue on the map corre-
sponds to the districts where location of the child has a negative effect on adjusted
height-for-age; hence, a high risk of childhood stunting.

The map shows that most districts in Malawi possess a higher risk of childhood
stunting, except for 9 out of 28 districts that show a positive effect on child height-
for-age, implying less likelihood of stunting. The findings derived from this map
seem to be consistent with the fact that Malawi is one of the African regions with a
high rate of malnutrition. This high rate of prevalence of childhood malnutrition in

some districts of Malawi may be due to the poverty of household members.

5.8 Summary

Using the fitted quantile regression models, we concluded as follows: The fixed ef-
fects of multiple births, household wealth index, recent history of diarrhoea and par-
ent’s education level had significant effects on childhood stunting. The general rela-
tionship of the effects of a child’s age with adjusted height-for-age showed that risk
of stunting increases with the increase of the age of a child. The general relationship
of the effects of a mother’s age with adjusted height-for-age followed an inverse U-
shape, while a mother’s age and adjusted height-for-age showed a U-shape. In gen-
eral, of the districts, only Chikwawa, Thyol, Mulanje, Chiradzulu, Blantyi, Mwanza,
Zombi, Phalombe and Nkhotakota districts depicted positive structured spatial ef-
fects on adjusted height-for-age. Finally, the current chapter provided evidence that
structured spatial additive quantile regression is more appropriate (smallest DIC).
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Figure 5.1: Nonlinear effects on height-for-age for under-five children in Malawi
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Figure 5.2: Structured spatial effects on childhood height-for-age where regions with dark
blue colour depicts lower risk and light blue depicts higher risk of stunting
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Chapter 6

Discusion and Conclusion

The study provides a broad overview on unfolding key determinants of childhood
malnutrition by making use of different types of statistical models. The use of these
models was to assess how each, from basic models like ordinary logistic regression
models to more complex models, allows for more information to be considered, dif-
fers in their results and thereby examine the various statistical methods which are
suitable to identify the risk factors associated with the prevalence of malnutrition in
under-five children.

To achieve our objective, in Chapter 3, we fitted generalized linear models to get an
overview of how the predictors are related to the mean value of the outcome vari-
able. A cumulative odds model was utilized to simultaneously consider the effects
of a set of independent variables across the possible consecutive cumulative splits
on the data while still taking advantage of the order of our response categories.

The generalized linear models (GLMs) are parametric models, offering a strong tool
for modelling the relationship between the response variable and predictors when
their assumptions meet. However, these models may suffer from inflexibility in
modelling complex relationships between the response and predictor variables in
some applications. In order to relax the assumption of normality and linearity inher-
ent in linear regression models, a generalized additive mixed model (GAMM) (semi
parametric) was utilized, where the categorical covariates were modelled paramet-
rically, while the continuous non parametrically after assessing the relationship with
the response variable. In our case, it was also a vital addition, as it also came with
an opportunity to add the random effects in the model. The use of GAMM revealed

certain information that may have been hidden by the use of parametric models.

Most studies in literature used a binary response variable among others or a cate-

gorical ordered response variable; some of them were ordinary logistic regression or

64



Discusion and Conclusion

spatial analysis [10-13]. All these studies have considered the mean average of the
response variable or Gaussian distribution but it might be possible that the upper or
lower quantiles of the outcome variables depend on the covariates differently from
the mean. In addition, there may be a need to analyse it as a quantile of interest
and this is not possible in all above mentioned models. An inference on conditional
quantiles can allow the influence of explanatory variables to be assessed and give
detailed information on quantiles of interests of the response variable rather than
focusing solely on the mean.

Therefore, the current study used structured additive quantile regression that pro-
vides the flexibility to analyse the impact of predictor variables on the different
quantiles of interest of childhood anthropometric index (stunting) instead of the
mean distribution. In addition, this model allows the possible nonlinearity effects
of continuous covariates to be accounted for, the possible structured spatial effects
on childhood stunting to be captured and possible heterogeneity among the vari-

ables to be incorporated.

Upon the utilization of the above mentioned variety of statistical models, the current
study revealed that the key determinants of malnutrition of children under five years
of age in Malawi are a child’s age in months, birth weight, recent incidence of fever
and diarrhoea, a mother’s education level, a father’s education level, a mother’s age
at the birth, a mother’s body mass index, districts, source of drinking water, multi-
ple births and wealth index of the household. In addition, a spatial quantile additive
model was fitted and produced a map of Malawi, using an R-INLA package show-
ing the prevalence of stunting in the districts of Malawi.

These results are almost consistent with results from a study done by Chirwa (2008)
which was also conducted in Malawi, using a multivariate analysis to investigate
factors that determine child malnutrition. Three anthropometric measures of mal-
nutrition, WAZ for underweight, HAZ for stunting and WHZ for wasting were used.
Chirwa (2008) discovered that stunting is the greater of the malnutrition problems.
The age of the child, sex of the child, regular sickness, source of water, education
level of household head, household land size and ability to produce own food were
all factors associated with child nutritional status derived from multivariate analysis
[4].

Number of stakeholders in Malawi are attempting to come up with effective dif-
ferent strategies to be put in place in a hopes of achieving low level of childhood
malnutrition. However, the general theme of the strategies put in place seem to
be promising in making sure that the average level of stunting is decreasing in the
country and these strategies aimed at preventing the disease (malnutrition), How-
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ever, in my opinion, significant approach is to know the underlying factors that are
escalating the occurrence of the childhood malnutrition. It is therefore hoped that
the results from this study will help to emphasize the need for policy makers and
other public health related institutions to properly understand the determinants of
childhood stunting in Malawi and visualize the spatial components of childhood
malnutrition at a district level. Upon understanding all the significant underlying
factors of stunting, they will be in a good position to improve the current strategies

to reduce its prevalence.

The prevalence of stunting in under-five children is very high in Malawi (37.1% on
average), which is above the regional average in Africa (33.6%), according to the
joint child malnutrition estimates by the United Nations Children’s Fund, the World
Health Organization, and the World Bank Group [5]. According to the UNICEF
global site (2018), in Malawi, 4% of children, especially those below five years of
age, suffer from acute malnutrition, and more than half of Malawian children suf-
fer from chronic malnutrition, resulting in stunting (being too short for one’s age).
These figures therefore imply that Malawi is one of the countries with a high malnu-
trition incidence in eastern and southern Africa. There are several causes that have
been attributed to this such as national and household food insecurity, heavy work-
loads and poor nutrition of mothers, frequent infections, poor eating habits, and
HIV infections leading to repeated illness [4]. Malnutrition is devastating and the
single biggest contributor to child death. In Malawi, unfortunately there has been
only a small change in children’s nutritional status (stunting) since 1992 (48.7%) and
stunting rates remain unacceptably high thus far (37.1%), according to the WHO.

In light of the articulation of the above statistics, it is enough to call for serious
structural solutions from the health authorities in Malawi, i.e. put more empha-
sis on projects that will come up with robust and reliable solutions to reduce and
prevent the prevalence of childhood malnutrition. This may include but not limited
to improving the education level of women with respect to the manner at which
they should raise their children and improving their healthy life style during preg-
nancy. All possible initiatives should be considered in very extensive and enthusias-
tic manner that will drive the success with respect to the children’s wellness. Over
and above everything, it is very imperative that these solutions are implemented in
a collaborative regime between the public and private stakeholders to ensure effi-

ciency and availability of the resources.
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Study limitations

First and foremost, the sample size of the study was limited to the variable with no
missing information, the variables with missing data were ignored in the context of
the current study, hence relatively small sample size was generated. Moreover, we
also remain cognisant of the fact that in order to precisely measure the change of
stunting in under-five children ,it is imperative that a longitudinal studies be done
over a period of five years, this may help to precisely study the trends in time and
track whether there’s any improvement from the implementation of any interven-
tion strategies put in place by the government and any other authorities in Malawi.
However, due to relatively inevitable circumstances, the study used a cross-sectional
date. In addition, the use of cross-sectional data appeared as a limitation considering
the fact that this data cannot determine the causality, therefore a longitudinal study

appear as better alternative that can relatively address this problem.

Future studies

One of the avenues for future research, would be to use quasi likelihood matching
or a Mata-analysis from data collected in Malawi over a period of time but using
different subject and different households. Given that the current study neglected
the missing values, another method may be on how to improve the missing values
by incorporating missing values analysis, one may choose to perform imputations
based on multiple imputation via chained equations. The latter method may lead

into a great precision on the parameter estimates.
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