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Abstract

The household expenditure patterns and the factors related to them caught the attention
of policymakers for social programs. Household consumption is the key component for living
standards and a good economy. The objective of this research is to estimate the factors influenc-
ing household expenditure patterns concerning household residence area for each household
on basis of the social-economic as well as demographic factors. The data was obtained from
the Fifth Integrated Household Living Conditions Survey (EICV 5) 2016/2017. The neural
network method has been used in the analysis of the data. The results on household character-
istics and component expenditure, independent variables play a crucial role in discriminating
the household expenditure categories i.e low and high expenditure in Rwanda. The compo-
nent expenditure analysis on rural and urban residence areas revealed that there is a disparity
between rural and urban residential areas. In rural residence area, the household expenditure
is significantly estimated by Household assets (durable goods), food and household size while
urban residence area, the household expenditure are significantly estimated by Household as-
sets (durable goods), non-food and education cost. When the residence area is taken as an ex-
planatory variable, the order of importance has been changed as follows the Household assets
(durable goods), non-food, education cost, food, household size, and Age. All independent
variables considered in this study are important in estimating household expenditure.

Keywords: Household, Expenditures,Neural network
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Chapter 1

Introduction

In 2018, the household expenditure in the world was 48,610.6 Bn USD. Over the 48 years, this
indicator’s value fluctuated between 48,610.6 Bn USD in 2018 and 1,739.55Bn USD in 1970
(World Bank,2018). In Africa, Household expenditure is changing over time. It grew at a 3.9
percent compound rate since 2010 and reached 1.4 trillion USD in 2015 (Signe, 2018).

For more than 10 years, Rwanda experienced positive economic growth and social perfor-
mance. The economic growth averaged 7.5 for the decade up to 2018 while the Gross Domestic
Product (GDP) per capita grew at 5 percent annually (World Bank, 2018).

Now, the ambition of the country is to be a middle-Income country and a High-income
country by 2035 and 2050 respectively. The way to achieve the above objectives is well de-
fined in the National Strategies for Transformation (NST1) under the seven-year government
program with a target to reinforce the sectoral strategies that are in line with Sustainable Devel-
opment Goals (SDGs). Before the NST1, there were two short-run programs called Economic
Development and Poverty Reduction Strategies EDPRS (2008-12) and EDPRS-2 (2013-18) re-
spectively (MINECOFIN, 2017).

The Rwanda government effort in line with the vision of the country is to eradicate extreme
poverty, malnutrition and promote socio-economic transformation by accelerating graduation
from extreme poverty to household resilience. Through the social protection policies, intensive
training on how to use the financial service as well as to provide the works for citizens. So that
the benefits of economic growth are also taking into consideration the reduction of all forms of
poverty (MINALOC, 2018).

In 2018, the household expenditure and NGOs were 6,347 billion Rwf, where the GDP is
valued at 8,189 billion Rwf at current market prices, up from 5,737 billion Rwf where the GDP
is valued at 7,600 billion Rwf in 2017 (NISR, 2018).

Commodities spending is a key component of economic prosperity and, as such, a primary
measure of living standards. Wealth and income are available to support consumption, now
and in the future (through the savings generated by earnings). The three dimensions of the
broader concept of economic well-being are described by Income, consumption, and wealth,
and understanding the relationship between them is crucial. Whatever else being equal, it is
assumed that a person with a lower consumption level is associated with the economic well-
being of a lower level rather than a person with a higher consumption level (Zivar, 2020).
Factors such as electricity, cooking materials, rural and urban area, transport services, and
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so on are important for Household consumption. The consumption needs can be matched
through income spending, through the spending of wealth, and via borrowing (OECD, 2013).

Household expenditure patterns are mainly determined by household income. The dispar-
ities between expenditure patterns are the implication of the disparities in income between the
group and individual households. The expenditure patterns are influenced by many factors
in respect of preference on one hand and income levels, on the other hand, the two compo-
nents are affecting the expenditure pattern. It is not principle that the expenditure pattern of
households differs prominently, especially in controlling income (Punt, et al., 2003).

The Rwandan government established many programs to support its citizens from extreme
poverty through household resilience such as the Vision 2020 sector Program (VUP), it was
established in 2008 under the Ministry of Local Government with Common Development
Fund (CDF). The VUP’s purpose is to make Rwanda a contribution effort to eradicate extreme
poverty and strengthen household resilience (LODA, 2017).

According to the National Institute of Statistics of Rwanda (NISR), from The Fifth Integrated
Household Living Conditions Survey (EICV 5) 2016/2017, the head poverty rate is obtained
by making a comparison about real consumption per adult; the poverty line and the extreme
poverty line were 159,375 RWF and 105,604 RWF per year respectively, this consumption per
adult is used as a welfare measure. The EICV 5 survey showed that poverty and extreme
poverty are 38.2% and 16 % respectively while the EICV 4 revealed that poverty and extreme
poverty were 39.1% and 16.3 % respectively. The median real consumption per adult for 2014
and 2017 are respectively 187 000 RWF and 191000 RWF (NISR, 2018).

In this research, generalized weights of the neural network alongside with neural network
will be applied for the estimation of significant factors influenced by household expenditure
patterns in Rwanda.

1.1 Problem statement

Consumption is a prominent topic in economic literature since it is one of the primary sources
of consumer welfare and value. In Rwanda, It accounts for around 78 % of Rwanda’s Gross
Domestic Product (NISR,2018).

The characteristics, quantities, acts, qualities, and tendencies that characterize a commu-
nity’s use of resources for survival, comfort, and enjoyment are represented by the household
consumption expenditure trends of a country. As a result, the need to research consumption
stems from the fact that consumption, along with other factors, has a significant impact on the
economy. Other determinants include equitable distribution of wealth and income, as well as
the availability of goods and services.

Therefore, The household expenditure offering a significant measure for cross-country com-
parisons, particularly in terms of well-being(OECD,2013).
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In this study, We will estimate household expenditures for each residence area based on
the factors examined and compare the effectiveness of the Neural Network model with the
Multiple Linear Regression model in terms of estimation. This study will give background in-
formation on the elements that influence household expenditure in Rwanda. The observable
demographic and socio-economic factors, which are linked with poverty alleviations. As a
result, while formulating household welfare programs, policymakers should consider an allo-
cation of resources behavior when designing household welfare programs.

The study’s goal was to find answers to the following research questions:

¢ What are the factors that are significantly influencing the household expenditure level?

¢ Which do the independent variables influence for each household residence area, in esti-
mating household expenditure patterns?

¢ Is there a comparison between neural network and regression models in terms of estima-
tion?

1.2 General objective of the study

Estimation of factors influencing household expenditure patterns concerning household resi-
dence area for each household on basis of the social-economic as well as demographic factors
considered.

1.3 Specific objectives of the study

* Analyze the influence of demographic and socio-economic factors on household expen-
diture levels.

¢ Investigate the influence of the independent variable’s effect for each household resi-
dence area, for estimating household expenditure patterns.

¢ Compare neural network model with regression model in terms of estimation.

1.4 Research Hypotheses

The thesis is to test the null hypothesis that, based on the following considerations on house-
hold expenditure in Rwanda :

* Hj: There is no significant influence of demographic and socio-economic factors on house-
hold expenditure level?

* Hj: There is no influence of the independent variable’s effect for each household resi-
dence area, for estimating household expenditure patterns?

* Hy: There is no difference between neural network and regression models in terms of
estimation?
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Literature Review

The expenditure in the household is influenced by the level of income in the household, which
is the main factor determining individual or household spending on consumption. But the
income is not the only factor regulating the expenditure; other factors such as loans and savings
have contributed to the expenditure behavior. Spending behavior is driven by the requirements
to meet the necessities of the individual or the household. In addition, economic uncertainty
and price changes that occur have undoubtedly influenced a household’s expendable income
(Nik et al., 2011).

The willingness to pay increases the elasticity demand, which is varying in respect of the
family size, income, loan ratio, and the residential area so the family size played the impor-
tant role in the estimation of elasticity of income and negatively down payments (Wilhelms
son,2002). However, the estimation of the income is still the major issue in researches over a
long period, the reason why numerous studies in underdeveloped countries used the expen-
diture as a proxy for annual income. Therefore, household consumption should be the better
approximation of the economic situation, particularly in underdeveloped countries where the
annual incomes are not consistent and steady (Azzarri et al., 2006). Further, the expenditure
data is a valuable tool for assessing welfare households in developing countries (Koenker and
Hallock,2001).

Household consumption is influenced by demographic and economic considerations. House-
hold size, number of children, age of the consumer, marital status, location of residence, edu-
cation level and occupation, population growth rate, and other demographic characteristics in
the country are the most important demographic determinants impacting consumption expen-
ditures(Zivar and Mubariz, 2020). The demand and desire for specific items are determined
by the consumer’s occupation and degree of education. Households with greater levels of
education are considered to consume more fruits and vegetables than others (Mancino et al.,
2004).

The household characteristic’s consumption is different by regions i.e. urban and rural
(Shamim and Ahmad,2007). The expenditure variations depend on socio-economic and demo-
graphic factors (Punt, et al.,2003). The household characteristics such as age and education of
the household head may have a closer relationship with household spending dispersal (Zehi-
wot and Senapathy,2019). But the household member characteristics are not much associated
with the status of the employment and its household head yields, so the household head was
assumed as the one with the highest yields in the household and pretend to be linked with
household expenditure (Fabrizio C. and Arthur S.,2013).
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The household expenditure determinant on education by the application of multiple lin-
ear regression model to establish the relationship between the determinants of household and
education expenditure and the research findings were the occupation of household head, ed-
ucation level of household head, the size of household and household income are playing the
important role on household expenditure. However, the household head with a higher educa-
tional level, their children are more likely to get the high levels of education (Edna M., 2017).

The household expenditure on education helps to monitor, design, and implement differ-
ent programs, and the education level of household heads matters the most for spending on
education and it is linked to the individual level (UN,2015). And the household heads with a
higher educational level, their children are more likely to get the high levels of education (Edna
M., 2017), as well as households with health insurance and the salaried, are positively related
to paying children education (Nkurunziza J et al.,2015).

Thus, the household education expenditure encompasses different spending, such as tu-
ition fees, different education, and other school expenses outside of school fees such as cost of
school uniforms and other school’s clothes where it is applicable, books, teaching materials,
transport fees, learning the software and computers. Of course, those costs are not incurred to
households without school-aged children and who are attending classes (World bank,2018).

On the Other, hand, the educational attainment of household heads contributes also to
household expenditure on food (Sekhampu et al.,2013). The trends of household spending on
food are rising as household income rises (Koenker and Hallock,2001). But the unusual points
arise while the high income related to the lower expenditure on food as they are inferior goods
(Obaidullah J, 2019). There is no equilibrium between non-food and food items on household
budget share. The decrease in food items, the non-food items increase, and observation made
is that household is wealthier (Obisesan O et al .,2016). Take into account the household size
into demographic categories by age and sex, food and non-food intake were greatly impacted
by changes in spending and household size (Shamim and Ahmad ,2007).

The expenditure accompanied with the state of being healthy, thus the health expenditure
i.e. out-of-pocket health care costs changing widely across countries, the affordability of health
services requiring the payment, the payment capacity which is low and not able to prepay-
ment or the health insurance in certain developing countries (WHO,2003). but in Rwanda,
there is CBHI which provides people with universal and fair access to quality health services
in a rural area and informal sector, where the vulnerable peoples are integrated with health
systems. it supplemented the other existing Health insurance (MoH,2010), this is complying
with Sustainable Development Goals (SDGs), one of the high priorities was to provide afford-
able health care coverage especially for the citizens of countries with low and middle incomes
(UHC, 2017).

The durable goods consumption matters, consumptions of household assets regard the
price and level of assets, influence positively on the household expenditure and the consump-
tion of assets is of great significance (Hongyun H and Fan 5,2020). In a rural economy, the most
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valuable asset is the land, with land, there is an opportunity for agriculture production for food
as well as generating income (Abeeda, 2013).

The multiple linear regression for modeling by explaining social economics factors to re-
sponses in monthly expenditure in Analysis of the Factors Influencing Household Expenditure.
They revealed that the social economics factors were strongly positive to household expendi-
ture while marital status of head of household contributed negatively to household expendi-
ture (Sekhampu et al. ,2013). The household spend more on food, next cloths and others and it
found that the household size is contribute at the greatest extend to household expenditure (Ze-
hiwot Senapathy ,2019). They worked on continuous variables while neural network performs
better either on continuous variables or categorical variables with the greater predictions.

The prediction of household expenditure based on household characteristics by application
of a neural network of multilayer perceptrons. Data is obtained from Household Integrated
Economic Survey (HIES) 2007-08 carried out by the Federal Bureau of Statistics (FBS), Pakistan
and they found that all the independent variables played an important role namely household
income, household assets, and several household earners per household, sex of household
head, region and literacy of household head (Ahmad Z. and Fatima A., 2011). However, this
study limited to household characteristics and the residence area did not take into considera-
tion, generalized NN.

The Changing mindset as well as social behavior to better understand household expendi-
ture patterns, especially the poor peoples would be beneficial so that they would be to manage
their spending at the household level, planning with complying the current situation as well
as to overcome the unwanted of any economic uncertainties in future.

AS the income in developing countries is not steady and consistent, through the expendi-
ture we should evaluate the consumption of goods and services, which is linked to the well-
being of the population’s countries. So, the research problem here is in line with the estimation
of the expenditure at the household level and the influence of factors affecting the trend of
households spending in Rwanda.

So far, many pieces of research on household expenditure have been carried out worldwide
by using different methods, but the research with the application of the neural networks is still
scanty. However, there is no research carried out in Rwanda on household expenditure. In this
research the neural network algorithms with the generalized weights neural network for the
Rwanda case study will be applied, this research aims to estimate significant factors associated
with household expenditure patterns in Rwanda.
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Conceptual Framework

The conceptual framework proposed by the study discussed here, the social-economic, and
Demographic factors encompass the independent variables. The Demographic factors are Age
of Household Head, Education Level, Residence area, and household size while the social-
economic factors are Main occupation, Health insurance, Education cost, Non-Food, Food,
and household Asset. Those factors are impacting the expenditure at the household level.
Alongside this conceptual framework, an attempt is made to investigate the estimation of the
above-mentioned influence.

Demographic factors
Age of Household head

Residence ar | .
Education Leve - Expenditure

Household size

Socio-economic factors

Main occupation
Health insurance
Education cost
Non-Food

Food

Household Asset

FIGURE 3.1: Conceptual framework
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Data and Methodology

4.1 Data Cycle

The secondary data used in this research are the ones from the Fifth Integrated Household
Living Conditions Survey (EICV 5) 2016/2017 collected by the national institute of Statistics of
Rwanda (NISR). The EICV covers poverty trends and wide scope of living conditions statistics.
The EICV5 which is carried out by the National Institute of Statistics of Rwanda (NISR) is
conducted every three years.

The data forms a key component for model creation and learning processes. The data has
to be gathered, cleaned, converted, and then fed to the learning model. The data were cleaned
up by removing the incomplete case (NA). The features of the data have different ranges that
why we normalized the data to change the numerical common values in the data frame to a
common scale.

4.2 Data cleaning

A good model and balanced data help the accuracy of the model and algorithms. Thus a data
scientist spent time mostly on cleaning up the data before creating the model (Giuseppe, 2017).
Checking for the total number of missing values in the entire data frame, we found that there
are missing errors in the dataset. Here the process of finding the complete rows of the data
frame, the complete. Cases function in R has been applied to identify the complete rows of the
entire dataset (original dataset). The original dataset was 14,580 rows of data equivalent to the
number of households and the 10,725 rows of data have been selected for household charac-
teristics and household expenditure components, those missing errors appeared in continuous
variables while there is no skip logic in the questionnaire.

4.3 Training and testing the model

Training and evaluating the models provide the basis for further use of predictive models in
predictive analytics, numerous studies and empirical researches on the best way to split the
data, 80/20 or 70/30 split are widely used (Giuseppe and Balaji, 2017). Provided a dataset of
10,725 rows of data, which include the predictive and response variables, the dataset was split
into a suitable ratio (70:30) and it was split as follows 70 percent for training and 30 percent for
testing.
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4.4 Variables

The variables for household characteristics have been composed of the independent variables
and dependent variables. The independent variables are the following: residence area which
is subdivided into 3 categories residence area, households from Kigali city, households from
other urban areas and households from the rural area, the health insurance and it is subdivided
into 2 categories such as household members possess health insurance and household without
health insurance.

The education level of the household head is made up of 4 categories, household head not
attended school, household head who attended from primary 1 to primary 5, household head
with primary completed, and household head with more than primary level. The fourth in-
dependent variable is the occupation status of the household head which is composed of two
categories namely household head with regular occupation and household head with elemen-
tary occupation and combined with expenditure components.

The dependent variable for Household characteristics and expenditure components has
been subdivided into 2 levels, depending on the median real consumption per adult for 2017,
which is 191000 RWF per adult. The dependent variables are categorized into Spending below
the median real consumption per adult for 2017 is Low Expenditure, the spending above the
median real consumption per adult for 2017 is High Expenditure.

The variables for component expenditure are residence area, Household size, the number
of household members in a household, The education cost expenditure which is the spending
associated with the education, Non-Food expenditure which is the spending on non-food items
such as clothes, shoes, etc., Food is spending related to food, Household assets(durable goods)
which are durable household’s goods and the dependent variable is household expenditure.

4.5 Neural Network

Machine learning is an Artificial Intelligent (AI) branch that helps computers program based
on input data themselves. Machine learning helps Al to do problem-solving based on data.
Neural Networks (NNs) are an example of algorithms used in machine learning.

Neural network (NN) training emerged from the idea of imitating the workings of the same
human brain that tried to solve the problem; the brain is a complex neuron network that pro-
cesses information through a multi-neuron system. Knowing the brain functions has always
been challenging; but, thanks to advances in computational science, we can now artificially
program neural networks (Bishop, 2006).The purpose of the whole neural network is simply to
measure the outputs of all the neurons, which is a totally deterministic calculation. Essentially,
NN is a set of approximations to mathematical functions.

The linear models for regression and classification are based on linear combinations of fixed
nonlinear basis functions ¢;(x) and take the form:

yW)=E(T wigi(x)) f (L4 wii (%)), (1)
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y= the dependent variable, which is expenditure x= the specific independent variables con-
sidered in this study, there are 10 independent variables grouped into demographic and socio-
economic factors: The Demographic factors are Age of Household Head, Education Level, Res-
idence area, and household size while the social-economic factors are Main occupation, Health
insurance, Education cost, Non-Food, Food, and household Asset.

w= weights parameters, each independent variable has its weight, the weights are multi-
plied with their respective layers and summed up for converting into output.

Where £ (.) is a nonlinear activation function in the case of classification and is the identity
in the case of regression. Our goal is to extend this model by making the basis on the functions
¢j(x)depend on parameters and then to allow these parameters to be adjusted, along with the
coefficients w;.

On the other hand, there is the nonlinear combination in machine learning techniques;
known as neural networks, can be described as a series of function’s transformation. linear
combinations of the input variables Residence area, Education Level, main occupation, health
insurance, Household size, Education cost, Non-Food, Food and Household Asset (x1, ..., Xp)
in the form.

aj = X2, W xia=y 2, Wilxi + WOW )

Where aj=activation,j=1,...,D, indicates that the corresponding parameters are in the
tirst ‘layer” of the network. We shall refer to the parameters as weights and the parameters
W]10 W]-lo as biases.

The activation function for hidden layers will be applied, and take the form of hyperbolic
tangent activation: f(x) = £=4=(3)

e~ X—p—X

Abstracting neural network computation is done primarily through the activation func-
tions. The activation function is a mathematical function that transforms the input into output
and brings the magic of processing the neural network. Without activation function, the neural
network will be like a linear function (Giuseppe C, 2017).

A neuron’s output is a function of the weighted input sum plus the bias. Every neuron
conducts a very simple operation involving activation if the total amount of signal obtained
exceeds a threshold for activation, as shown in the following figure:



Chapter 4. Data and Methodology 11

FIGURE 4.1: Neutral network architecture

Input Hidden Output
la%er layer layer

X1

X2 hgl)

X3 n

X4 ) h

X5 hf)

X6 nY

X7

X8

(Brendan Tierney,2020)

A node layer is a line of those neuron-like switches that turn on or off as the input is fed
over the NN. The output of each layer is the input of the subsequent layer at the same time
starting from an initial input layer that receives the data. The hidden layer has the magic to
turn the input into the desired output (Chris Nicholson, 2015).

Input layers considered for this study are 10, which are 10 independent variables grouped
into demographic and socio-economic factors: The Demographic factors are Age of Household
Head, Education Level, Residence area, and household size while the social-economic factors
are Main occupation, Health insurance, Education cost, Non-Food, Food, and household Asset.
They have the function of moving input data to hidden layers, as this layer has no activation
function.

The hidden layers are 5 for household characteristics, we use one among the rules of thumb
for deciding hidden layers which is the size of the number of hidden layers should be of input
layers and output layers size (Heaton J.,2017). The process input layers into output layers and
they build a structure multilayered the number of nodes in the hidden layer are connected
by the weights, which control the strengths between neurons and determine how many input
layers can affect output layers. Hidden layers are normally optimized for on interval (training
set), which is approximate and are used for prediction of data set of test data with regarding
the architecture chosen.
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The output layer is representing a set that collects the identified features and provides the
predictable output (Expenditure). According to the investigators, a multi-output neural net-
work yields the results, which is inferior compared to a single output network (Maciel Ballini,
2008).

4.6 Generalized Weights

The Generalized Weights, a method for objects of class NN, generated typically by neural net-
work Plots the generalized weights for one particular covariate and one response variable (In-
trator and Intrator, 1993).

0(x)
1-0(x)
w; = dlo 4
1 g 5xi ( )
Where i is the index for each covariate, 0(x) is the predicted outcome of the covariate vector.
Log-odds is the connecting function of the logistic regression model. The coefficient for that
covariate is the partial derivative of the log-odds function to the covariate of concern.

To train a neural network, a supervised learning method was applied and the model was
verified based on root-mean-square error (RMSE) and coefficient of determination(R?).Although
NN has proven to have strong predictive power in comparison with traditional models, we ap-
ply it in the component of household expenditure with regard to the independent effect of its
input variables, which are socio economic and demographic factors i.e Residence area, House-
hold size, education cost, food , non food and Household assets.

NN has the potential to learn and model non-linear and complex interactions, which is very
important since many of the relationships between inputs and outputs are both non-linear and
complex in actual situations, NN can generalize after learning from initial inputs and their
interactions, unseen relationships can also be derived from unseen data, allowing the model
more general and predictive of unseen data. Unlike several other prediction methods, NN
does not place any constraints on input variables (such as how they should be distributed).
In addition, several experiments have shown that NN can better model heteroskedasticity, i.e.
data with high uncertainty and non-constant variation, provided their capacity to learn hidden
relationships in the data without enforcing any fixed relationships in the data.

4.7 Multiple linear regression (MLR)

To build a model for overall performance changes during preservation, multiple linear regres-
sion (MLR) was applied. The generic multiple linear regression model makes use of the fol-
lowing equations : y=o + B1x1 + B2x2 + ... + Bnxn + €(5)

Where y is the dependent variable, Bo, B1, B2, ..., Bn are the regression coefficients, x1, x2, x3,..., X
are the independent variables and € is error term.



Chapter 4. Data and Methodology 13

R program and python will be used in data analysis and SPSS 25 for displaying some
graphs.
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Chapter 5

Results and Discussion

There is a difference in real consumption in rural and urban areas, and because disparity per-
sists in the urban and rural areas based on household consumption (NISR,2018). The socio-
economic factors and demographic characteristics are quite different, hence the analysis of
household expenditure patterns in rural residence and urban residence areas separately and
combined. The four neural network models have been run as follows rural, urban, rural-urban
areas along with household characteristics.

The households in rural areas, are engaged in agriculture as the main economic activity
of rural households in general, and the dominant vision of rural development has centered
on encouraging smallholder agriculture (Ellis and Biggs, 2001, Haggblade, 2007), even if the
majority of rural households are engaged in several economic activities but the agricultural
still the main activities. Thus, the land is the most valuable asset in rural residential areas
and an opportunity for food as well generating income (Abeeda, 2013). Most families in the
rural area spend the portion of their income on food, clothes, and also family characteristics i.e.
family size and age of household have relationships in rural household consumption behavior
patterns (Belete et al., 1999).

In line with this research, the household expenditure in rural residential areas is estimated
by household assets which are durable goods, household size, and foods, those variables are on
top for estimating expenditure in the rural residential area. On the other hand, changes in fam-
ily expenditure patterns will inevitably impact lifestyle disparities. Household spending and
income inequality can contribute to substantial differences in their expenditure on basic needs
in rural and urban areas. Depending on the degree and increase of their income, urban house-
holds prefer to increase their consumption to boost their lifestyle (Farkhanda Eatzaz, 2007).
the research findings revealed that urban residential areas are estimated by the predominant
variables as household assets, Education, and non-food items.

5.1 Household characteristic and expenditures components

Household characteristics are essential factors in deciding household expenditure patterns.
household vary in age of Household head, Residence area, Education Level, Main occupation,
Health insurance, Household size, Education cost, Non-Food, Food, and Household Assets
(durable goods). Households with different characteristics are expected to have different levels
of household expenditure.
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Figure 5.1 showed that the receiver operating curve (ROC) of two expenditure levels namely
low and high expenditure, all of these curves are in the middle to be close to the left corner.
This reveals that the model is fit for the given data and the area under the curve for the high
expenditure level is 0.858, the area under the curve for the low expenditure level is 0.858.

=== Low Expenditure
=== High Expenditurs

Sensitivity

| 2 4 B 8 10

1 - Specificity

Dependent Variable: Expenditures

FIGURE 5.1: ROC curve
Source: An analysis based on the EICV5 dataset.

Table 5.1 showed that the most area covered is over 0.8 which indicate that the model is fit,
reference made on the rule of thumb is that the accuracy of tests with Area Under the Curve
between 0.50 and 0.70 is low, between 0.70 and 0.90, the accuracy is moderate and it is high for
Area Under the Curve over 0.90 (Fisher, Bachmann, and Jaeschke, 2003).
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Area Under Curve

Area
Expenditure Low Expenditure 0.858
High Expenditure 0.858

TABLE 5.1: Area under the Curve
Source: An analysis based on the EICV5 dataset

5.2 Component expenditures

5.2.1 Rural area model

In Figures 5.2, 5.4, and 5.6, the grey lines show positive weights while the blues lines show
weights, which are negative. In other words, the grey lines indicate the increase in Expen-
diture while the blue lines indicate the decrease in Expenditure. The thickness of the line is
commensurate with the associated magnitude of each weight. The input variables are received
by the first layer (input layer), and each is connected to all the hidden layer nodes (H1 to H5).
The output layers (Expenditure) are connected by all nodes of the hidden layer. Bias nodes are
constant and additional into the next layer, the same as weights and each layer has a bias and
they play the role of increasing the flexibility of the model to fit within the given data.
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Synaptic Weight = 0
e Synaptic Weight < 0

Ezpenditures

Hidden layer activation function: Hyperbolic tangent

Cutput layer activation function: Identity

FIGURE 5.2: Neural network model for the rural area
Source: An analysis based on the EICV5 dataset.

In Tables 5.2, 5.3.and 5.4, the sign of weight shows how the weight of the input layer will
affect directly the hidden layer and indirectly the expenditure of rural households. Positive
weights of input layers will correlate directly to greater values of the hidden layer and vice
versa for negative weights and indirectly to the output value.

From Table 5.2. the input layers of Household assets (durable goods) are associated with
the positive weights while Household size, Age, Non-Food, Non-Food, and education cost
associated with the negative weights to hidden layer node 1. The input layers of Household
assets, Non-Food, Food, Age, and education cost are positively related to the hidden layer
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Parameter Estimates

Predictor Predicted
Hidden layer Output Layer
H; H» H; Hy Hs Expenditure
Input Layer (Bias) 0.089 -2.337 -0.553 -0.008 1.044
Age -0.249  0.021 0.280 0.139 -0.044
Household size  -0.341 -1.312 -0.472 -0.188 0.359
Education cost ~ -0.2541 0.108 0.329 0.072  0.127
Non Food -0.347  0.057 0.656 0.154 0.282
Food -0.250 0.448 0.163 0.341 0.291
Household Assets  0.236  0.097 0.441 0.288 0.481
Hidden Layer (Bias) 1.472
H; 0.6252
H, 2457
H; 0.387
Hy 1.007
Hs 1.326

TABLE 5.2: neural network weight output for rural area model
Source: An analysis based on the EICV5 dataset

nodes 2, 3, and 4, while the input layer of Household size is negatively related to the hidden
layer nodes 2, 3, and 4. The input layer of Food, Household assets (durable goods), Education
cost, non-Food, and Household size are positively contributing to Hidden layer node 5 while

Age is negatively contributing to Hidden layer node 5.

Table 5.2 revealed that the expenditure has a positive relationship with all the hidden layer
nodes i.e 1, 2, 3, 4, and 5. Now, we presume that the order of importance of hidden layers
is as follows H, > Hs > Hy > H; > Hj. Thus, the second, Fifth, and fourth nodes of the
hidden layer are the main contributor to expenditure, where the weights of Household Assets
(Durable goods) and food are 0.441,0.481, 0.288, 0.236, 0.097 and 0.448, 0.291, 0.341, -0.250, 0.163
respectively, based on those variables’” weights, they are the highest contributor to these hidden

layers, in line with the order of hidden layers.
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FIGURE 5.3: The relative importance of each predictor in the rural area
Source: An analysis based on the EICV5 dataset.

The above output shown in figure 5.3 is the relative importance of each predictor (com-
ponents of household expenditure) of household expenditure outcomes. It reveals that the
most important predictor is household assets (durable goods) (0.301), followed by food (0.27.8),
household size (0.151), Education cost (0.135), non Food (0.121), and lastly Age (0.014). With
the above output, we can conclude that household assets (durable goods), food, and household
size have the highest importance in estimating household expenditure in rural areas.

Training Sum Square of Error  77.427

Relative Error 0.109
Testing Sum Square of Error 148.298

Relative Error 0.017

TABLE 5.3: Model Summary for Rural residence area
Source: An analysis based on the EICV5 dataset
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5.2.2 Urban Area model

Synaptic Weight = 0
e Synaptic Weight < 0

Expenditures

Hidden layer activation function: Hyperbalic tangent

Cutput layer activation function: ldentity

FIGURE 5.4: neural network for urban area model
Source: An analysis based on EICV5 dataset.
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Parameter Estimates

Predictor Predicted
Hidden layer Output Layer
H; H, H; Hy Hs Expenditure
Input Layer (Bias) -0.455 -0.490 -0.774 0.575 -0.109
Age 0.033 0.426 -0.143 -0.295 -0.238
Household size  -0.924 0.021 -0.615 0.331 -0.510
Education cost ~ 0.739  0.386 0.128 0.360 -0.015
Non Food 1.148 -0.224 0.599 -0.163  0.186
Food 0.859 0.442 -0.085 -0.776  0.0461
Household Assets 0.687  0.355 0.712 -0.153 0.163
Hidden Layer (Bias) 0.835
H; 0.325
H, 0.209
Hj; 0.905
Hy -0.209
Hs 0.149

TABLE 5.4: neural network weight output for an urban area model
Source: An analysis based on the EICV5 dataset

From table 5.4 the input layers of Household assets, Non-Food, Food, education cost, and
Age are on the top for their contribution to the hidden layer node 1 with respective own
weights and are associated with the positive weights while Household size is negative to hid-
den layer node 1 in respect of its weight. The input layers of Household asset, Household size,
Age, education cost, and Food are positively related to the hidden layer node 2, while the input
layer of Non-Food is negatively related to the hidden layer node 2.

The input layer of Non-Food, education cost, and Household assets(durable goods) are
the most contributors to hidden layer node 3 with its positive weight, while Food, Age, and
Household size are negatively contributing to the hidden layer node 3. The input layer of Ed-
ucation cost and Household size are the main contributors with their respective weights while
the input layers of household assets(durable goods), age, Non-Food, and Food are also pos-
itively contributing to Hidden and lastly the input layer of household assets(durable goods),
food and non-food are positively contributing to hidden layer node 5 while age, household
size, and education cost are negatively contributing to hidden 5. Now, we presume that the
order of importance of hidden layers is as follows H3 > H1 > H2 > H4 > H5. The third and
first nodes of the hidden layer are the main contributor to expenditure, where the weights of
Household Assets (Durable goods) are 0.712, 0.355, 0.288, -0.153, 0.163, and 0.599, 1.148, -0.224,



Chapter 5. Results and Discussion 22

-0.163, 0.186 respectively. based on those variables” weights, they are Leading contributors to
these hidden layers, in line with the order of hidden layers.
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FIGURE 5.5: The relative importance of each predictor in the urban area model
Source: An analysis based on the EICV5 dataset.

The above output shown in figure 5.5 is the relative importance of each predictor (compo-
nents of household expenditure) of household expenditure outcomes. It reveals that the most
important predictor is household assets (durable goods) (0.281), followed by non-food (0.246),
Education cost (0.174), household size (0.15), food (0.119), and lastly Age (0.03). With the above
output, we can conclude that household assets(durable goods), non-food, and education costs
have the highest importance in estimating household expenditure in the urban area.

Training Sum Square of Error 104.472

Relative Error 0.022
Testing  Sum Square of Error  14.172
Relative Error 0.016

TABLE 5.5: Model Summary for the Urban residence area
Source: An analysis based on the EICV5 dataset
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5.2.3 Single model

After running the models of rural and urban residential areas respectively, there is a difference
between rural and urban residential areas in terms of household consumption as shown by
table 5.2 and table 5.4. In this model, the residential area has been added as an explanatory
variable as revealed by table 5.6 so that we can able to combine rural and urban residential
areas. Thus, the impact of the residence variable will be analyzed on household expenditure.
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Synaptic Weight = 0
== Synaptic Weight = 0

Expenditures

Mon_Food

Hidden layer activation function: Hyperbolic tangent

Cutput layer activation function: Identity

FIGURE 5.6: neural network for single model
Source: An analysis based on EICV5 dataset.



Chapter 5. Results and Discussion 25

Parameter Estimates

Predictor Predicted
Hidden layer Output Layer
H; H, Hj Hy Hs Expenditures
Input Layer (Bias) 1.186 -1.611 -1.022 0.169 -1.396
Age 0.025 0.064 -0.076 -0.099 -0.016
Residence Area  0.038 -0.068 0.091 0.010 -0.050
Household size  0.639 -0.738 -0.462 -0.117 -0.647
Education cost  0.143 0.043 0.070 -0.271  0.005
Non Food 0.335 0.234 -0.159 -0.108 0.165
Food 0.421 0.054 -0.007 -0.410 0.009
Household Assets 0.140 0.413 0.364 -0.392 0.222
Hidden Layer (Bias) 3.138
H, 1.562
H, 1.849
H; 1.679
Hy -0.532
Hs 1.566

TABLE 5.6: neural network weight output for single model
Source: An analysis based on the EICV5 dataset

Table 5.6 The input layers of Household assets (durable goods), Non-Food, Food, education
cost, residence area, Age, and Household size are all positively associated with hidden layer
node 1 with respective their positive weights. The input layers of Household assets, Age,
education cost, Non-Food, and Food are positively related to the hidden layer node 2, while
the input layer of Household size and residence area are negatively related to the hidden layer
node 2.

The input layer of Residence area, education cost, and Household assets(durable goods)
are the most contributors to hidden layer node 3 with its positive weight, while Food, Age,
Non-Food, and Household size are negatively contributing to hidden layer node 3. The input
layer of residential area is contributing positively to hidden layer node 4 while the input layers
of household assets(durable goods), age, Non-Food, Food Education cost, and Household size
are negatively contributing to hidden layer node 4. Lastly, the input layer of household assets
(durable goods), food, non-food, and education cost is positively contributing to hidden layer
node 5 with the positives weights while age, household size, and residence area are negatively
contributing to hidden layer node 5. Therefore, the importance of hidden layer is ordered as
follows H2 > H3 > H5 > H1 > H4. The first and third nodes of the hidden layer are the



Chapter 5. Results and Discussion 26

main contributor to expenditure, where the weights of Household Assets (Durable goods) and
Nonproodare0.413,0.222,0.364, 0.140, —0.392and0.234, —0.159, 0.165, 0.335, —0.108res pectively.basedonthe
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FIGURE 5.7: The relative importance of each predictor in a single model
Source: An analysis based on the EICV5 dataset.

The above output shown in figure 5.6 is the relative importance of each predictor (compo-
nents of household expenditure) of household expenditure outcomes. It reveals that the most
important predictor is household assets(durable goods) (0.39), followed non food (0.266), Ed-
ucation cost (0.193), food (0.077), household size (0.064), Age (0.006) and lastly Residence area
(0.005). With the above output, we can conclude that Household assets (durable goods), non-
food, education cost, food, and household size have considerable importance in estimating
household expenditure in Rwanda.

The tables 5.3, 5.5 and 5.7 the relative errors for training and relative errors for testing are
0.109, 0.022, 0.108 and 0.017, 0.016, 0.026 respectively. those errors are very small; therefore,
they are all very good for the prediction.
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Training Sum Square of Error 991.809

Relative Error 0.108
Testing  Sum Square of Error 211.325
Relative Error 0.026

TABLE 5.7: Model Summary for a single
Source: An analysis based on the EICV5 dataset
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FIGURE 5.8: generalized weights for each covariate on component of household
expenditure
Source: An analysis based on the EICV5 dataset.
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Response: Expenditures Response: Expenditures

12

10

Gy

I | | | I | | | | |
00 02 04 06 00 02 04 06 08 10

Food Household _Assets

Source: An analysis based on the EICV5 dataset.

In Figure 5.8, the variances of generalized weights for covariates Household size and Res-
idence area appear large, indicating non-linearity of its effects, while Food, non-food, and
Household asset indicating linearity of their effects. When generalized covariate weights gather
about zero, the covariate does not affect the status of the outcome.
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5.3 Model verification

The determination coefficient (R?) was used to verify neural networks and regression mod-
els. The root-mean-square error (RMSE), which indicates what variation is represented by
the model, was also utilized to validate the model’s capacity to match. The neural network
was characterized by the higher (R?) and lower RMSE values and vice versa to the regression
model. The (R?) were 0.84 and 0.79 for the Neural network and regression respectively while
RMSE were 19514 and 21720 for the Neural network and regression respectively.
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Chapter 6

Conclusion and Recommendation

In this study the variables considered, are grouped into socio-economic and demographic fac-
tors namely the age of household head, residence area, Household size, education level of
household head, the main occupation of the Household head, food, nonfood, household assets
(durable goods) and education cost. The residence area affects household expenditure patterns
in Rwanda as long as there is a discrepancy of lifestyles between rural and urban residential
areas as shown by table 5.2 and table 5.4.

Neural network method was applied, the first specific objective was to analyze the influence
of demographic and socio-economic factors on household expenditure levels. The results from
the neural network model in figure 5.1, are discriminating the household expenditure levels.

The second specific objective of the study was to investigate the influence of the indepen-
dent variable’s effect for each household residence area, for estimating household expenditure
patterns. The results from the neural network model in table 5.6, give the importance of house-
hold assets (durable goods). They have significantly estimated the household expenditure
patterns in Rwanda, either in rural residential areas or urban residential areas so household
assets(durable goods) are on top in contributing household expenditure. Moreover, analyzing
the rural and urban residence area model separately as shown by tables 5.2 and 5.4, in rural
residential areas the household expenditure is significantly estimated by food and household
size while in the urban residence area, the household expenditure is significantly estimated by
non-food and education cost.

The analysis of component expenditure revealed the order of importance of variables as it
is the Household assets(durable goods), the non-food, the Household size, the education cost,
the food, and the Age. while the variances of generalized weights as shown by figure 5.8 of
NN for covariates Household size appear large, indicating non-linearity of its effects, while
Age, Food, non-food, and Household asset indicating linearity of their independent effects
on expenditure. All these component expenditures are significant factors for estimating the
household expenditure in Rwanda.

So, the efficiency of neural networks models over regression models for household expen-
diture. Since they produced the root mean square errors and coefficient of determination which
are 19514 and 0.84 respectively, while regression produced the root mean square errors and co-
efficient of determination which are 21720 and 0.79 respectively. This powered neural network
for being the best model for estimating household expenditures.
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There is limitation that should be pointed out for future researchers, this study considered
rural and urban areas household expenditure. But it did not take into account the spacial
analysis for better visualization region by region. Unfortunately, The spacial data was not
available so the NISR should be expected to collect more information including the spacial data
for further studies.The study results should be considered userful for policymakers and also
the study makes contribution on methodoly for estimating household expenditure patterns.
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Chapter 8

Appendices

8.1 Codes

# Installing pPackages

install.packages("NeuralNetTools")
install.packages("'neuralnet™)
install. packages("ppcor™)

install. packages("corpcor™)
install.packages("dplyr™)
install.packages("haven™)
install.packages("ggplotz2™)
install.packages("crayon™)

#Reguired libraries
Tibrary(dplyr)
Tibrary(NeuralNetTools)
Tibrary(neuralnet)
Tibrary(ggplot2)
library(ppcor)|
library(corpcor)
Tibrary(haven)

# Personal_data

Person=- read_dta(file.choose())

# viewing number of columns and rows
ncol (Person)

nrow{Person)

# Names of columns

names{Person)

#Retrieving the columns by slicing
Person_Data<=-Person[c(1,7,12,13,15,38,49)]
colnames (Person_Data)
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# filtering the value with household head

Person_DatA<=-Person_Data &=%
dplyr::select(hhid,region,slg2,slg3y,s1gd,s3q2,54a02) %=% filter(slg2==1)

nrow(Person_Data)

#0ccupation
oCcupation<-read_dta(file.choose())
OCCupation<-0Ccupation[c(l,12)]
colnames (OCCupation)

# Merging Personal, oOccupation and vUP_ubudehe categories
Persons_Occupation<-merge(Person_pata,0CCupation,by="hhid")
nrow(Persons_occupation)

#Remove duplicate row

Person_occupation<-Persons_oOccupation®=% distinct(hhid, .keep_all= TRUE)
colnames (Persons_occupation)

nrow( Persons_occupation)

# Ubudehe category
HHs_category<-read_dta(file. choose())
colnames (HHs_category’)
nrow(HHs_category)

#Retrieving the categories by slicing
Hhsubudehe_cat<-HHs_category[c(1,11,23)]
colnames (Hhsubudehe_cat)

# Merging Personal, oOccupation and vUP_ubudehe categories
Persons_Occupation_cat<-merge(Persons_oOccupation,tHhsubudehe_cat,by="hhid")
colnames (Persons_Occupation_Cat)

nrow( Persons_occupation_cat)

Fl

Source: An analysis based on the EICV5 dataset.
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# EICV_Poverty

EICVPoverty_Data<-read_dta(file.choose())

colnames (EICVPoverty_Data)

#Combining water and Electricity expenses
Elect_wWater<=-EICVPoverty_Datafexpi+EICVPoverty_Datatexpd
View(EICVWPoverty_Data)

#Columns Einding
EICVPoverty_Data<-chind(EICvPoverty_Data,Elect_wWater)
colnames (EICVPoverty_DATA)
EICVPOverty_DATa<-EICVPoOverty_Data[c(l,7,10,1%9,22,25,29,38)]

nrow(EICVPovVerty_DaTa)

# Merging Personal, Occupation ,VUP_ubudehe categories and EICV_Poverty_Data
HHsExpenditure_Data<-merge(Persons_Occupation_cat,EICVPoverty_DaTa,by="hhid")

HHsExpenditurebata<-HHsExpenditure_Data #=% distinct(hhid, .keep_all= TRUE)
colnames (HHsExpenditure_pata)
nrow(HHsExpenditure_pata)

#51icing columns

HHsExpenditurebAta<-HHsExpenditure_patalcl(4,8:14)]
colnames (HHsExpenditureData)
nrow(HHsExpenditureData)

head (HHsExpenditureData)

str(HHsExpenditureData)

Source: An analysis based on the EICV5 dataset.

# Renaming columns

HHs_Expenditures<-HHsExpenditureDAta®=%rename(age=s1qg3y,Education_cost = expl,
HHs_Asset=expl7,HHs_s1ze=member,Non_Food=explZ2,
Food=expl5_2,Expenditures =consl_ae)

colnames (HHs_Expenditures)

dim(HHs_Expenditures)

#Data Cleaning
#Data Cleaning by removing the missing variables
HH_Expenditures<-complete. cases(HHs_Expenditures)

Hhs_Expenditures<-HHs_Expenditures [HH_Expenditures, ]

head(Hhs_Expenditures)
nrow(Hhs_Expenditures)

# Initial exporatory analysis
summary (Hhs_Expenditures)

#rartial colleration coeffiecients
pcor (Hhs_Expenditures, method = "pearson”)

Source: An analysis based on the EICV5 dataset.
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set.seed(123) T
n. epoch=100

data = Hhs_Expenditures

max_data <- apply(data, 2, max)

min_data =- apply(data, 2, min)

data_scaled <- scale(data,center = min_data, scale = max_data - min_data)

# splitting the data into Training and Test Data

index = sample(l:nrow(data),round(0.7*nrow(data)))
Data_train <- as.data.frame(data_scaled[index,])
Data_test <- as.data.frame(data_scaled[-index,])

head(Data_train)

#Neural Metwork

nnetw <- neuralnet(Expenditures-~Age+HHs_size+Education_cost+Non_Food+food+HHs_Asset]
data=Data_train, hidden=c(5),act.fct = "logistic”, Tinear.output=T, threshold=0.

nnetwiresult.matrix
nnetwinet.result
nnetwiweights

plot (nnetw)

Source: An analysis based on the EICV5 dataset.

predict_test =- compute(nnetw,Data_test[,1:6])

predict_start «- predict_testinet.result*(max(dataiExpenditures)- min{datafeExpenditures))
test_start <- as.data.frame((Data_testiexpenditures)*(max(datalexpenditures)-min(dataiexpenditures
MSE. net_data <- sum((predict_start - test_start) 2)/nrow(test_start)

rRegression_Model =- Tm(Expenditures-., data=data)

summary (Regression_Model)

test <- datal-index,]

predict_Tm <- predict(Regression_Model,test)

MSE. Im <- sum((predict_Tm - testiexpenditures) 2)/nrow(test)

MSE. net_data
MSE. Tm

# General weights for each covariate

par (mfrow=c(2,2))

gwplot (nnetw,selected. covariate="Residence_area”)
gwplot (nnetw,selected. covariate="age")
gwplot(nnetw,selected. covariate="HHs_size")
gwplot (nnetw,selected. covariate="Non_rFood")
gwplot (nnetw,selected. covariate="Food")

gwplot(nnetw,selected. covariate="HHs_Asset”)

Source: An analysis based on the EICV5 dataset.
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#variable importance using Garson's algorithm

round(garson(nnetw,bar_plot = FALSE),3)
garson{nnetw)

#Relative importance using Garson's algorithm

cols <- rainbow(8)
garson{nnetw) +
scale_y_continuous ("Rel. Importance’,
Timits = (0, 0.7)) +scale_fill_gradientn(colours = cols) +
scale_colour_gradientn(colours = cols)

Source: An analysis based on the EICV5 dataset.

#Categorize some variables

HHsExpenditurepaTaieEducation_level<-cut (HHsExpenditureDaTAaSEducation_level,
breaks=c(1, 10, 15, 16,47),
labels=c(1,2,3,4))
HHsExpenditureDATAfResidence_Area<-cut (HHsExpenditureDATASResidence_Area,
breaks=c(0,1,2,6),
Tlabels=c("kigali city","other Cities"”,"Rural™))
HHsExpenditureDATASExpenditures<-cut (HHsExpenditureDATASExpenditures,
breaks=c(0,159375,1Inf),
Tlabels=c("Low Expenditure”,"High Expenditure™))
HHsExpenditureDATASMain_Occupation<-cut (HHsExpenditureDATAIMain_Occupation,
breaks=c(0,8 ,9),
labels=c(1,2))
HHsExpenditureDaTAa$Health_Insurance<-cut (HHsExpenditureDaTAfHealth_Insurance,
breaks=c(1,5,6),
labels=c(1,2))

head (HHsExpenditureDaTa)
dim(HHsExpenditureDATA)

# convert factors to numbers
HHsExpenditureDaTAal,5] <- sapply(HHsExpenditureDaTal,5],switch,"Kigali city"=1,"other Cities"=2,"Rural”=3)
HHsExpenditureDaTa[,9] <- sapply(HHsExpenditurepaTal,9],switch, "Low Expenditure”=1,"Medium Expenditures”=2,"High Expenditure”=3)

HHsExpenditureDaTaieEducation_level<-as.numeric(HHsExpenditureDaTASEducation_level)
HHsExpenditureDATA$Main_Occupation<-as.numeric(HHsExpenditureDATASMain_Occupation)
HHsExpenditureDaTA$Health_Insurance<-as.numeric(HHsExpenditureDaTASHealth_Insurance)
head (HHsExpenditureDaTa)

colnames (HHsExpenditureDATA)

str(HHsExpenditureDATA)

Source: An analysis based on the EICV5 dataset.
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|> summary(Regression )

Call:
Im(formula = Expenditures ~ Age + HHs size + Education_cost +
Mon Food + Food + HHs_Asset, data = Data_train)

Residuals:
Min 10 Median 30 Max
-8.15458 -9.80459 -8.80178 0.88214 0.42441

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) 8.8143373 ©.8883922 36.552 <2e-1b ***
Age 0.0002180 ©.00838544 0.246 g.806
HHs size -8.8785854 ©.08l15688 -508.297 <2e-1b ***
Education cost ©.68717236 @.ege8le2 11.934 <2e-1b ***
Non Food 8.2376983 8.9181351 23.453 <2e-1b ***
Food 8.1379156 ©.e826718 51.634 <2e-1b ***
HHs Asset g8.4842674 8.8884721 57.168 <2e-1b ***

Signif. codes: @ "***! g @@l ==’ @.81 *** 8.5 . @.1 ** 1
Residual standard error: 8.81243 on 7580 degrees of freedom

Multiple R-squared: @./7966, Adjusted R-squared: 8.73864
F-statistic: 2391 on & and 7508 DF, p-value: < 2.2e-16

Source: An analysis based on the EICV5 dataset.
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