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Abstract While the use of fuelwood for cooking among households in the various states of Nigeria supersedes any other

cooking fuel type, the consumption pattern is spatially heterogeneous in the country. This paper uses Nigerian
socio-economic data and fossil fuel distribution data obtained from the National Population Commission and the Nigerian
Petroleum Corporation respectively to identify the diverse spatial pattern of fuelwood utilization in Nigeria, using
Geographically Weighted Regression (GWR) model (local regression). The results of the local regression model coefficients
highlights the relationships of fuelwood usage with its impact factors, as well as the spatial variations in the use of fuelwood
amongst the 36 states of Nigeria (and Abuja the capital city). The analysis of these results, supported by the existing literature,
leads to the conclusion that the northern part of the country uses more fuelwood than the south, which is closely related to the
region’s socio-economic activities. This method reveals the local aspects of the relationships which may be concealed when
qualitative analysis or global regression (which assumes that one model fits all) are used.
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1. Introduction
The report of the 2011 United Nations Development
Programme (UNDP) assessment of the Millennium
Development Goals (MDGs) included Nigeria among those
countries requiring further effort to improve their energy
situation [1]. This was earlier highlighted in the 2005 UNDP
MDGs report, which stressed the need to reduce the high
dependence on fuelwood. The report also indicates that the
majority of the countries participating in the MDGs project
(including Nigeria) take little notice of the energy
requirements of poor people, by only treating energy
development within the context of large-scale infrastructure
projects, without taking on board the traditional sources of
energy in their policy decisions. The continued lack of
commitment shown by most of the developing countries to
address the problem of energy deprivation is reflected in the
energy poverty seen today in many countries (see for
example, [2-4]). At present, more than 2.4 billion people
worldwide rely on traditional biomass as their primary
source of energy and more than 1.6 billion people have no
access to electricity [5-10]. Based on these figures, it can be
argued that a large segment of the world’s population is
deprived of improved energy services that can advance their
economic growth and social equality. For example, the
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electricity supply in Nigeria is erratic and of poor quality
[11-13], and is so unreliable that people now depend on their
own power generators in order to meet their demands. The
electricity generating figures suggest that Nigeria produces
less than half of the Ghanaian average, nine times less than
the African average, and 22 times less than the world average
[14] 1. Thus, the majority of the population have to depend on
traditional fuelwood for their cooking.
The National Energy policy plan of Nigeria emphasised
that the use of fuelwood should be discouraged by promoting
the use of alternative energy sources to fuelwood ([15], p.25).
However, this is hampered by the unreliability in the supply
of other energy options in the country (like oil, natural gas,
tar sands, coal, nuclear, hydropower, solar and wind).
Anozie et al. ([16], p. 1284) highlighted some of the
efforts of the Nigerian government through its Energy
Commission and the numerous other research contributions
in addressing the energy situation. They concluded that the
majority of the energy targets set by the government
remained unmet, due to lack of policy implementation,
general lack of awareness from consumers of the compelling
need to conserve energy and lack of logistics and proper
funding. All the four impediments to the improvement of the
energy situation in Nigeria described by Anozie et al. ([16])
focused on the laxity of the policy makers in either not
funding the sectors efficiently or not policing the laws that
would regulate the proper use of energy in the country. For
1 In 2012 Nigeria generated 5,000 megawatts (MW) of electricity for its
approximate 170 million population, as compared to at least 40,000 MW, which
is required to sustain the basic needs of such a population [13].
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example, the Nigerian government in its efforts to improve
access to energy has adopted the policy of subsidising fossil
fuels [17], in terms of distribution and pricing subsidies, in
order to achieve a uniform price throughout the country ([18],
p.236). However, no consistency in terms of sufficient fossil
fuel supply has ever been achieved [17-18]. In the light of
this, switching to the use of fossil fuels (gas and kerosene) in
Nigeria has proved to be very slow, hence another reason for
the dependence on the use of fuelwood by households in
most of the African countries ([19-20]. It is against this
background that it is appropriate to provide an academic
assessment of the salient issues in the Nigerian energy
situation with particular emphasis on the traditional energy
(fuelwood) situation, as wood is the major source of cooking
energy in the country [21-22].
The aim of this paper is to improve our understanding of
the underlying drivers of fuelwood dependency among
households in Nigeria, and to improve the literature on
fuelwood utilization drivers by unravelling mechanisms
which may have particular implications for the high use of
fuelwood in Nigeria. The study employs a spatially local
regression analysis using the socio-economic characteristics
of the population and fuel supply in the 36 states of Nigeria
and the capital city Abuja. It should be noted that this paper
does not address the complex pattern of fuelwood utilization
across the developing countries or the difficulty in analysing
such complexities using simple linear regression, as
highlighted by Mahiri ([23]). It is also beyond the remit of
this paper to evaluate comprehensively the socio-economic
impact of fuelwood demand and supply in Nigeria.
The paper begins with a brief review of the recent
fuelwood consumption debate in the developing countries
and Nigeria. Next, the methodological approach to the study
is given, and a description of Geographically Weighted
Regression (GWR) provides important background to the
subsequent sections. The results of the regression models
based on the Principal Component Analysis (PCA) outputs
are represented, followed by visual interpretation of the local
coefficients maps showing the spatial distribution of local
parameter estimates. The paper concludes with a discussion
of the policy implications of the results.
1.1. Fuelwood Versus Other Energy Types
Fuelwood is a renewable form of energy that has
continued to be the dominant energy option (especially for
cooking) for most people in the developing countries [24-29].
Results from recent studies of the Nigerian fuelwood
situation suggest that the population has been moving back
to the use of fuelwood in recent times. For example, a study
conducted in Kano city in Northern Nigeria by Maconachie
et al. ([29]), which investigated the consumption pattern of
fuelwood among households over at least two decades,
revealed that several families, despite using other cooking
fuels in the past, are now reverting to the use of fuelwood.
Even though there is now a general consensus about the large
scale dependence on fuelwood among households in the

developing countries, some of the early fuelwood
investigators were of the opinion that unless there was a
change in the situation, the future demand for fuelwood
would be unsustainable. There are various reasons for this,
including among others, population increase, poverty and
inconsistency in the supply of fossil fuels in the region (see
for example, [29-30]). Increasing poverty has frequently
been reported in both the developed and the developing
countries as a driving factor in the use of fuelwood. For
example, Arabatzis et al. ([31], p. 6495) reported that
because of the economic crisis in Greece, there is an
increased consumption of fuelwood, especially in rural areas.
Nigeria has estimated forest and woodland reserves of 11
million hectares and produces about 110,000 tonnes of
fuelwood per day [32]. While Nigeria’s forest area as a
percentage of its total land mass is less than 10% [7], the
fuelwood utilization in the country (120,000 tonnes/day)
surpasses its production, making it the only energy source in
the country where utilization surpasses production. This is
potentially catastrophic given that the country has been
experiencing problems with its forest management [33], and
most areas in the north have been declared unsustainable in
terms of fuelwood production [34]. Sambo ([35]) maintained
that several factors ranging from population growth to the
low technical efficiency of the traditional cooking style are
responsible for Nigeria’s high dependence on fuelwood.
However, one other key factor that is lacking from Sambo’s
observation is the unreliability in the supply of alternatives to
fuelwood in the country, which is linked to major allegations
of corruption and irregularities from both the government
and the marketers of fossil fuels ([29-30]). These factors are
also assumed to be the potential cause of the high demand for
fuelwood in Nigeria where more than 70% of households use
it for their cooking, making it the most used form of cooking
energy in the country [35]. Therefore the over-dependence
on fuelwood in Nigeria can be attributed to its availability
and affordability compared to the other sources of energy
(like cooking gas and electricity), which Odihi ([36]),
Maconachie et al. ([29]) and Naibbi and Healey ([30]) have
described as a sign of fuel poverty. For example, Unwah
(2007) in Maconachie et al. ([29] p.1096), noted that while
Nigeria as an oil producing nation sells a 12.5kg cylinder of
cooking gas for N3000, the same quantity retails for N1200
in its neighbouring Benin republic (which does not produce
oil). It is therefore not surprising that Nigeria now imports
cooking gas from Benin and the Niger Republic, which
Maconachie et al. ([29]) attributed to the wide scale
problems surrounding the petroleum sector.

2. Materials and Methods
2.1. Study Area
Nigeria’s population is estimated at about 170 million
with an annual growth rate of 2.8% [37]. Even though
Nigeria is a wealthy country in terms of human and natural
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resources, its social and economic development is quite slow,
mainly due to the country’s high level of poverty, lack of
basic social infrastructure and above all, the high level of
corruption [38]. For example, about 65% of the people are
living on less than US$1.25 a day ([13], p. 16 & [37], p.63).
Table 1 shows some socio-economic indices of the country,
while Figure 1 shows a map of Nigeria. From Table 1, the
Human Poverty Index (HPI) data reveal that poverty is
prevalent in the northern part of the country (with the
exception of Abuja, which is the seat of power in the
country). Comparatively, all the southern states have a
higher Human Development Index (HDI) with lower HPI
values than the northern states.
The states with the most pronounced poverty in order of
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intensity are Yobe, Borno, Kebbi, Katsina, Bauchi, Jigawa,
Gombe, Taraba, Kano, and Niger, which are all in the north.
With the exception of Abuja, all the states with the lowest
HPI values are located in the southern part of the country
([37], p. 91-94). This could be another reason why more
than 80% of the households in the Northern part of Nigeria
depend on fuelwood, compared to the less than 50% of
households in the majority of the southern states [30]. A
selected number of human development benchmarks that
are reported in Table 1 further reveal that the life
expectancy for all the zones are similar: 51 years for South
West; 48 years for North Central, North West and South
East; and 47 years for North East and South South [37].

Table 1. Some Socio-Economic Indicators of Deprivation in Nigeria
Nigerian Geo-Political
Zones

North Central
States

Distribution of States
in each Zone

FCT Abuja, Benue,
Kogi, Kwara,
Nasarawa, Niger
and Plateau

North East
States

North West States

Adamawa,
Bauchi, Borno,
Gombe, Taraba
and Yobe

South East States

Jigawa, Kaduna,
Kano, Katsina,
Kebbi, Sokoto and
Zamfara

South- South States

Abia , Anambra ,
Ebonyi, Enugu
and Imo

South West States

Akwa Ibom ,
Bayelsa, Cross
River, Delta, Edo
and Rivers

Ekiti, Lagos,
Ogun, Ondo,
Osun and Oyo

21,044,081

27,722,432

Population Size
Population Distribution

20,369,956

18,984,299

35,915,467

16,395,555

Total number of Households
3,892,927

3,480,963

6,439,578

3,501,533

Human Development summary statistics

4,570,095

6,311,989

1

Human Poverty Index
(HPI) (% of total
population)

34.65

48.90

44.15

26.07

26.61

21.50

Nigeria: Core Welfare Indicators 2
Household Infrastructure (% of total households)
Access to Water

80.5

89.4

92.6

63.6

78.5

93.6

Access to Electricity

43.9

29.5

36.9

63.9

61.2

78.1

Education (% of total population)
Adult Literacy
Rate-Any

57.9

40.7

51.9

74.7

76.3

78.5

Access to Primary
School

78.8

70.2

74.7

59.8

70.3

87.5

Access to Secondary
School

46.8

35.3

42.5

31.9

47.1

68.6

36.4

44.6

72.3

58.3

46.7

65

Language (15-24)

Medical Services (% of total population)
Access to Health
Services:

60.1

47.3

54.2
Credit Facility

Access to credit facility
1

14.5
2

1.7

2

Figure from NHDR Team 2008-2009. Figures from NBS, (2006); Core Welfare Indicators Questionnaire Survey Report 2006. Source: Adapted from UNDP ([37],
p. 71 & p.93).
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Figure 1. Map of Nigeria showing its Geo-Political Zones

2.2. An Overview of Spatial Interaction Studies Using
Geographically Weighted Regression (GWR)
Human activities have a strong spatial component and
because they vary from place to place, spatial heterogeneity
is usually present in socio-economic relationships. It is
possible to capture this spatial heterogeneity when modelling
the structure of these relationships. Regression analysis is
one of the traditional methods that are used in explaining
these variations because it allows one to model, explore and
examine spatial relationships and to be able to predict their
outcome based on a series of observations [39]. However,
there are many types of regression models available that are
used in modelling both global and local relationships. The
term global relationship is applied when the relationship
between the dependent variable and the independent variable
(explanatory variable) is assumed to be constant across the
study area at every possible location. This is one of the
disadvantages of a global regression model when applied to
spatial data [40]. In this technique, the dependent variable, is
modelled as a linear function of a set of independent or
predictor variables. The regression equation is expressed as
follows:
(1)

Where yi is the ith observation of the dependent variable,
Xik is the ith observation of the kth independent variable, the
εis are independent normally distributed error terms with
zero means, and each ak must be determined from a sample
of n observations ([41], p.282-283).
On the other hand, GWR is a local regression method
which generates spatially varying parameters that express the
variation in the relationships among variables [41]. GWR is a
relatively simple technique that extends the traditional
regression framework of equation (1) by allowing local
variations in rates of change so that the coefficients in the
model rather than being global estimates are specific to a
location i ([42], p. 284). The regression equation is expressed
as follows:
(2)
Where aik is the value of the kit parameter at the location i.
The weight assigned to each neighbouring observation in
equation (2) is based on a distance decay function centred on
observation i. This function is adjusted by a bandwidth
setting at which distance the weight rapidly approaches zero.
The bandwidth is either adjusted manually or using an
algorithm that seeks to minimise a cross-validation score or
the Akaike's Information Criterion (AIC) score, which
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pro-vides a measure of the difference between the observed
value and the predicted value [40].
Charlton et al. ([43]) employed Analysis of Variance
(ANOVA) to compare the improvements of a global
regression model with a GWR model (a local regression
model) using educational attainment in the counties of the
state of Georgia, USA, data as a case study. They found that
among the two models, the GWR model provided an
improvement in terms of explaining the data. Bitter et al.
([44]) also compared GWR and a global regression method
to examine spatial heterogeneity in housing attribute prices
in the Arizona housing market. Their result also confirmed
that GWR has more explanatory power and predictive
accuracy than the standard global regression model.
Even though GWR is widely used among researchers to
explore spatial relationships, especially in studies of health,
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crime, housing, and recently in the study of drivers of
afforestation [45] and deforestation [46]; it has not
previously been employed in the analysis of fuelwood
consumption patterns. One popular model used in the study
of fuelwood is the Woodfuel Integrated Supply/Demand
Overview Mapping (WISDOM) model ([27] & [47]).
Although both the WISDOM and GWR models provide
results that show spatial heterogeneity, the two differ in their
approach to data analysis. While WISDOM is confined to
mapping hot spots of fuelwood deficit, GWR is a universal
modelling technique that has been used in different fields, as
indicated earlier. Hence the GWR approach has been
adopted here to explore the spatial heterogeneity of fuelwood
usage in Nigeria using socio-economic indicators as the
explanatory variables.

Table 2. Dependent Variable Descriptions and Summary of National Statistics
Variable Names
Population

Variables Description

Mean

Std. Deviation

Sum

This is the total number of people (male and female)

3,795,454

1723526

140,431,790

These are the people without jobs

772904

558329

28597464

>Three Rooms

These are rooms under exclusive use for sleeping by all the
members of the households during the census. A room used for
purposes other than sleeping (that is used for sleeping purposes and
as parlour or kitchen or shop or office or garage etc) was not
considered as a sleeping room

276775

111868

10240677

Detached house

This refers to the type of residential households that are built on a
separate stand or yard. This type of household is common in both
urban and rural areas.

385796

146439

14274444

Huts

This refers to the type of residential households that are made of
traditional materials (mud, farm residuals and forest resources).
These types of properties are found in rural settlements.

106597

96332

3944091

Flats in block of flats

This refers to a type of residential household associated with urban
settlements.

74675

75182

2762955

Rented

This is the form of ownership or tenancy under which the household
occupies the building/compound. These types of households are
more common in urban than rural settlements. In some ways, it is
a measure of living standard (development).

173169

276320

6407257

No. of people over 15
years who are educated
(Educated> 15yrs)

Literacy was defined in the 2006 Census as the ability to ‘both read
and write with understanding in any language’. An educated person
is therefore, one who can read and write with understanding of a
short and simple statement about his daily life in any language
(local or foreign).

1549970

978961

57348892

Unemployed

No. of children who are
under 15 years
(Children<15yrs)

This is the population of children aged less than 15 years. This age
group constitute the highest number of most developing countries
demographic structures.

FFuel Distribution

This refers to the annual distribution of fossil fuel, i.e. petroleum,
kerosene and gas products to the various states of Nigeria in
thousands of metric tons, obtained from NNPC’s Corporate
Planning and Strategy Division (CP&S) in its 2010 Annual
Statistical Bulletin.

98657

116642

3650324

This is the main source of fuel for the preparation of meals by the
households. (The number of households using fuelwood)

434150

172481

16063532

Fuelwood (Dependent
variable)

1582166

751654

58540141
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2.3. Data Sources, Organization and Interpretation

ArcMap 10.1 software were used in analysing the data.

Data for this study were obtained from National
Population Commission of Nigeria (NPC), the Nigerian
National Petroleum Corporation (NNPC) and the National
Bureau of Statistics (NBS). It should be noted that all the
data used here are official figures. The relevant organisations
have explained in great detail on their various websites how
such data were generated and disseminated. The data used
for the study are briefly described in Table 2. The
socio-economic data provided counts of population (which
were converted to population density), houses with more
than three rooms (for sleeping), detached houses, huts, flats
in blocks of flats, rented accommodation, educated adults
(number of people over 15 years who are educated) and
details of fuelwood usage. They were obtained from the 2006
Nigerian national census [48]. Unemployment data were
obtained from NBS. The data on the distribution of fossil
fuel, i.e. petroleum, kerosene and gas products were obtained
from NNPC’s Corporate Planning and Strategy Division
(CP&S) in its 2010 Annual Statistical Bulletin.
Despite no previous studies of the fuelwood situation
using GWR, many global regression models have been
developed that show the direct relationships between
socio-economic activities and energy use. Legros et al. ([49]),
for example, used multiple regression techniques to show
that access to modern energy (electricity and all liquid and
gaseous fuels used for cooking) and human development
measures are significantly related. The development
measures considered by Legros et al. [49] in their model to
explain the relationships included education and poverty.
In a different study, Lenzen et al. ([50]) analysed the
energy requirements of households in Sydney using multiple
regression. Their model showed that education, house type,
age groups and employment were significant in explaining
the energy requirements of households in Sydney. Therefore,
this study considered the combined socio-economic
variables used by Legros et al. ([49]) and Lenzen et al. (50])
that have indicated significant relationships with energy
access and requirements in their respective studies. This
study used population (population density), education
(educated adults >15yrs), house ownership (rented houses),
housing type (detached house, flats in block of flats and huts),
house size (>three rooms), age (children who are <15years
old), unemployment status and fossil fuel distribution in
Nigeria to explain the variation in the use of fuelwood among
households in the various states of Nigeria (see Table 2).
The variables in Table 2 (data sets) were standardised by
converting each of the variables to a percentage before the
analysis. A Microsoft Office Excel spreadsheet was used in
organising the data while SPSS statistical software and

2.4. Pre-Analysis Phase
Although the use of GWR has been found to be successful
in explaining local spatial heterogeneity, it also has its
shortcomings. One of the problems has been that the model
can only explain the spatial variation of the explanatory
variables specified in the model. Bitter et al. ([44]) have
highlighted the possibility of omitted variables being
responsible for explaining much of the variation in the data.
Fotheringham et al. ([51]) have suggested that the best way
to circumvent this kind of problem is to explore the spatial
variation of each of the explanatory variables with the
dependent variable separately (visual mapping) in order to
observe if there is a relationship, before deciding which
variables are to be included in the model.
Another issue with the GWR model is that spatial
variations in a relationship may simply be caused by random
sampling variations in the study area. And because the GWR
model is only interested in the relatively large variations in
the parameter estimates that are not likely to be caused by
sampling variation alone, the random sampling variation
effects, if not spotted and addressed prior to model building,
may affect the final result. For this reason therefore, a simple
correlation and scatter plot were used to diagnose the
variables proposed in the model (note that all the variables
were standardised prior to the commencement of the
analyses).

3. Results
3.1. Correlation Analysis
The results of the correlation analysis (see Table 3) reveal
some initial associations. As anticipated, the use of fuelwood
will increase as a result of the following situations; when
there is high unemployment (a sign of poverty); when there
are numerous households with many rooms (indication of
overcrowding); and when the area is rural (huts). It is also
expected that the use of fuelwood will decrease in urban
areas, where houses are rented and living space is mostly
restricted to block of flats (all these are further investigated
using OLS regression).
While most of the variable associations are in the expected
directions with fuelwood usage, some exhibit
multicollinearity. For example, results from Table 3 reveal
that multicollinearity exists between detached house
and >three rooms variables (0.71), rented accommodation
and flats in block of flats (0.84), educated>15yrs and flats in
block of flats (0.83) and educated>15yrs and rented
accommodation (0.67).
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Table 3. Correlation Coefficients
Dependent Variables
%Three Rooms
Above
% Unemployed

% Total
Population

% Three
Rooms
Above

%
Un-employed

%
Detached
House

% Huts

% Flats in
Block of
Flats

%
Rented

%
Educated
>15yrs

-.229
.121

.101

% Detached House

-.417*

.713**

-.271

% Huts
% Flats in Block of
Flats
% Rented

-.021

.017

.428**

-.348*

.021

-.179

-.092

.044

-.842**

.187

-.507**

-.282

-.279

-.733**

.836**

.187

**

.832**

.672**

**

**

-.750**

-.939**

.518**

.538**

.194

% Educated >15yrs

% Children
<15yrs

.111

-.064

-.138

-.868

% Children <15yrs

-.019

.188

.175

-.106

.828

% Ffuel Distribution

-.092

-.467**

-.033

-.201

-.291

-.838

-.217

*. Correlation is significant at the 0.05 level (2-tailed).
**. Correlation is significant at the 0.01 level (2-tailed).

Given these findings of multicollinearity among the model
variables, there is the need to explore them further in order to
exclude some of them from the model or simplify them.
Through this procedure, a better model can be achieved
while avoiding the complexities of including two or more
variables that are explaining similar effects. However,
because of the difficulty of determining which variables
should be excluded from the model due to multicollinearity,
a Principal Component Analysis (PCA) was used to simplify
the variables into a smaller number of independent
dimensions of variation (see for example, [41]). PCA
attempts to explain a set of data in terms of a smaller number
of dimensions by selecting those components that may
explain as much of the variance in the sample as possible
[39]. The PCA was undertaken in SPSS using the following
equations [39]:
Factori =b1Var1 +b2Var2 +…+bnVarn + εi

(3)

Where the bs in the equation represent the factor loadings.
The new variables (var) in the equation contain all the
information in the original measured variables (Table 3).
Using the PCA equations above, the data variables are
grouped into three principal components (interpreted as
Industrial States, Less Industrial States and Deprived States),
which are fed into the GWR model. Note that the names
(industrial, less industrial and deprived states) are somewhat
arbitrary and given for the convenience of relating the effects
of the variables on fuelwood use, because there are no
supporting arguments from the literature that specifically
justified the choice of these names.
3.2. PCA and OLS Regression Diagnostic Model
Three orthogonal components were identified from the
PCA results accounting for a cumulative variance of 86% in
original variables using a cut-off point value (Eigenvalue) of
1. The first PCA contributed 50.9% of the total variance
while the second and third contributed 23.6% and 11.6%
respectively. The three PCA components are named based

on their loadings in relation to the original variables. From
Table 4, the first component had positive loadings on flats in
block of flats, rented houses, educated adults, and the supply
of fossil fuel, while the rest of the variables had loadings that
were either negative or close to zero. This mixture of
characteristics describes those states that are actively
engaged in industrial activities (concentration of industries
or commercial activities), so these are therefore referred to
here as “INDUSTRIAL STATES”.
Table 4. Principal Component Matrix Extraction (3 Components
Loadings)
Variables

Component
1

2

3

% Total Population

.085

-.471

.670

% Three Rooms Above

-.315

.818

.259

% Unemployed

-.295

-.263

.491

% Detached House

.025

.939

-.101

% Huts

-.910

-.331

-.024

% Flats in Block of Flats

.939

.031

.041

% Rented

.905

-.299

-.069

% Educated>15yrs

.893

.220

.295

% Children<15yrs

-.913

-.143

-.185

% Ffuel Distribution

.488

-.390

-.527

The second component had positive loadings on
households with more than three rooms, detached houses and
educated adults, while the remaining variables had loadings
that were either negative or zero. This component describes
states where the main activities are either agriculture for
subsistence or commercial activities. So these states are
categorised as “LESS INDUSTRIAL STATES”. The third
component had positive loadings on unemployment,
households with more than three rooms, and educated adults.
The last of these is perhaps strange, given that all the other
variables positively associated with the third component are
indicating some level of deprivation. However, the
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component is retained at this stage and describes
“DEPRIVED STATES”. The third component was retained
because all the three components were subsequently
examined using OLS regression for purposes of statistical
validation before using them in further analysis. Therefore
the new model variables to explain the situation of fuelwood
use in Nigeria are the three resulting components of the PCA,
named to identify the groups of states with which they are
most closely associated (industrial states, less industrial
states and deprived states). The use of an OLS regression
model is regarded as good practice for model fitting ([40] &
[50]). So this approach was used to examine the relationships
between the dependent variable (fuelwood use among
households in Nigeria) and the independent principal
components (industrial states, less industrial states and
deprived states) (Table 5).
From the results of the OLS test (Table 5), the deprived
states component is negatively correlated with fuelwood use.
This is unanticipated because the use of fuelwood would be
expected to increase as the level of deprivation increases.
One possibility is that the model might be lacking some key
explanatory variable elements, but no guidance is available
from the literature. However, given that the deprived states
coefficient is reported as being insignificant, this indicates
there is no justification for including the deprived states
component in the overall model. For that reason, the OLS
model was re-run with only industrial states and less
industrial states components (OLS_ND). The results are
presented in Table 6.
From Table 6, both industrial and less industrial states
retained their coefficients in the expected direction with
fuelwood use, and were all statistically significant (robust
probability; 0.00 & 0.00 respectively). Also, given that the
variance inflation factor values (VIF) for the industrial states
and less industrial states components are only just above one,
there is no redundancy among the two explanatory variables
(i.e. the two variables are capturing dimensions of variation).
This suggests that the choice of the explanatory variables in
the model is justified. Further checks on the choice of the two
variables were conducted and are presented as the OLS
Diagnostics test results in Table 7.
Several test results from this table can be highlighted.
Firstly, the significance of the model coefficients is
confirmed by the Koenker (BP) statistic. However, this
statistic indicates that the relationships between the
explanatory variables and the dependent variable are

non-stationary. This means, for example, that the industrial
and less industrial states components are important
predictors of fuelwood usage in some states of Nigeria, but
perhaps weak predictors in other states. Looking at the
performance of the model (Adjusted R-Squared from Table
7), the model explains about 73.9 % of the total variation in
the use of fuelwood in Nigeria. The Jarque-Bera test is not
statistically significant and therefore the model is said to be
unbiased, which means that the model is not missing key
explanatory variables. This is helpful in addressing concerns
raised in relation to the eliminated third component.
Finally, the significance of the model residuals are tested
to make sure that they are free from spatial autocorrelation
(spatial clustering of over and under predictions). The results
of the Spatial Autocorrelation test on the model’s regression
standardised residuals (Spatial Autocorrelation (Moran’s I),
indicates a random distribution. The z-score of the Moran’s I
is not statistically significant (1.52), so the null hypothesis of
complete spatial randomness of the residuals is accepted.
3.3. GWR Model
Since the test results (OLS and Moran’s I) have all
confirmed the significance of the model choice in explaining
the variation in the use of fuelwood in Nigeria, and the
Koenker (BP) statistic (Table 7) is also statistically
significant, the model results are likely to be improved by
using GWR.
The result of the GWR model is presented in Table 8.
From Table 8, there is some improvement in the model
compared to the OLS model discussed above. Using 37
neighbours to calibrate the local regression equation, the
GWR yields more optimal results than the OLS regression
based on the Akaike’s Information Criterion (AICc) method.
For example, the Adjusted R2 value is higher for GWR than
it was in the OLS model (OLS was 73.9%; GWR is 80.1%).
The AICc value is also lower for the GWR model (252.6)
compared with the OLS (267.2). This decrease indicates a
small improvement in the model performance when GWR is
used.
The Spatial Autocorrelation result also confirmed that the
z-score for the standard residuals of the GWR model is
statistically insignificant, therefore the null hypothesis of
complete spatial randomness in model residuals is accepted
and the results of the coefficients were accepted as
significantly describing the spatial variation of fuelwood use
between the 36 states in Nigeria (and FCT).

Table 5. Summary of OLS_All Results
Variable

Coefficient

StdError

t-Statistic

Probability

Robust_Pr

VIF [1]

Intercept

59.73

1.39

43.12

0.00*

0.00*

-----

INDUST_S_1

-14.00

1.46

-9.58

0.00*

0.00*

1.06

LESS_IND_1

10.05

1.90

5.30

0.00*

0.00*

1.06

DEPRIVED_1

-0.58

1.38

-0.42

0.66

0.51

1.00

*Significant= P<.05
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Table 6. Summary of OLS_ND Results
Variable

Coefficient

StdError

t-Statistic

Probability

Robust_Pr

VIF [1]

Intercept

59.74

1.377

43.66

0.00*

0.00*

------

INDUST_S_1

-13.99

1.44

9.69

0.00*

0.00*

1.06

LESS_IND_1

10.052

1.88

5.36

0.00*

0.00*

1.06

*Significant= P<. 05

Table 7. OLS Diagnostics Test Results
OLS Diagnostics
Number of Observations

37

Akaike's Information Criterion (AICc) [2]

267.23

Multiple R-Squared [2]

0.75

Adjusted R-Squared [2]

0.74

Joint F-Statistic [3]

52.06

Prob(>F) (2, 34) degrees of freedom

0.00*

Joint Wald Statistic [4]

73.67

Prob(>chi-squared), (2) degrees of freedom

0.00*

Koenker (BP) Statistic [5]

11.08

Prob(>chi-squared), (2) degrees of freedom

0.00*

Jarque-Bera Statistic [6]

3.05

Prob(>chi-squared), (2) degrees of freedom

0.22

*Significant= P<.05

Table 8. GWR Model Results
Neighbors

37

AICc

252.58

Adjusted R2

0.801

3.4. Local Regression Parameter Estimates from the
GWR
One of the primary advantages of GWR is the ability to
visualize the local regression coefficient estimates in order to
identify local model heterogeneities. However, visualization
of GWR results has remained a focus of debate. While some
authors noted that presenting local test results from a GWR
raises the problem of running multiple significance tests,
Mennis ([52]) and Tsai ([53]) recommend that mapping of
local parameters should include both the coefficient and the
t-value side by side on the same map. When this is done, the
reader can effectively visualize where the coefficient results
are significant or not. The maps in Figure 2 are therefore
provided in accordance with the recommendations of Mennis
([52]) and Tsai ([53]).
Figure 2a, classifies individual states based on their
component scores (PCA loadings). Only the North-East
states of Nigeria (NEN) are fully in the less industrial
category, while Lagos and Delta states in the south and the
FCT tend towards the industrial category. The remainder of
the states load equally on both PCA components- either
belong to the less industrial (all from the northern part), or
have the attributes of both industrial and less industrial states
(Kano, Kaduna, Nasarawa, Kogi and Kwara in the north and
all the southern states with the exception of Lagos and Delta
states). The standardised residuals indicate where the
unusually high and low residuals are located. Surprisingly,
the majority of the states that consume a high percentage of
fuelwood (see for example, [30], p. 162-164 and Figure 3)
have positive residuals (Std Res >0.5). However, some states

in the south that use less fuelwood have positive residuals,
while a few from the north that use large amounts of
fuelwood have negative residuals. The model, therefore,
highlights possibilities of over or under-prediction of the
fuelwood use in those states. Evidence from the spatial
autocorrelation tests on the GWR residuals, shows that p=
0.30, which indicates minimal autocorrelation in the results.
This implies the observed residual values do not indicate
statistical problems with the model. So it is appropriate to
report the final coefficients from the model as they stand,
taking aboard the likelihood of over or under estimation of
parameters in some states.
The sign of the coefficients for the industrial states
component with fuelwood use (Figure 2 b) indicate a
negative relationship. This is in the expected direction,
because, where there are a large number of flats in a block of
flats, rented accommodation, educated adults, and an ample
supply of fossil fuel, fuelwood use will tend to decrease.
However, the range of the coefficient values is only between
-11.34 in the north and -15.14 in the southern states. These
small variations in the negative coefficients indicate that
there is little variation in the nature of fuelwood use among
the industrial states. The t-test values (Figure 2 c) confirm
the significance of these coefficients. This may be because
the lifestyles of the people in the industrial states are more
homogeneous, in terms of competitive urban/ industrial
employment, than in the less industrial states. Also, family
settings are more of a nuclear type, which will increase the
chance of using fossil fuels rather than fuelwood, due to
space restrictions. Another factor that may affect the use of
fuelwood in the industrial states is the long hours most
people spend away from home in the office or workplace.
This contrasts with the lifestyle of traditional agricultural
families in the less industrial states whose work
commitments vary with the passage of the seasons (rainfed
agriculture).
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a) Result of PCA (the mapping was based on the two Principal Component Analysis loadings); b) and c) are the GWR parameter estimates and t-values for
Industrial states; d) and e) are the GWR parameter estimates and t-values for Less Industrial states; f) spatial distribution of local R2 values.
Figure 2. Spatial Distribution of the Parameter Estimates of Fuelwood Consumption in Nigeria

Conversely, the strong positive relationship shown by the
coefficients for less industrial states (7 to 11.09) (Figure 2d),
is also in the expected direction. This is because, when there
are numerous households with extended family systems,
rural detached houses and compounds, it is likely that in
these rural settings, the vast majority of the population will
practice subsistence farming (rain fed agriculture), and rely
on locally available resources, especially from their farms.
This situation reflects the nature of Nigerian society, where
the majority of the population still depend on subsistence
agriculture [54]. The t-test value of the coefficients (Figure
2e) confirmed the significance of the direction of association
between the less industrial components and fuelwood use.

4. General Discussion
Figure 3 is an overview of the various cooking energy
used among households in Nigeria. The figure revealed that
more fuelwood is being used for cooking than any other fuel
type. Also, only Lagos state uses less fuelwood than other
fuel types, while between 30% to 70% of households in each
of the remaining 36 states including Abuja primarily use
fuelwood for their cooking. It is noticeable that the north has
the highest level of fuelwood usage compared with other
sources of cooking fuel.
The coefficient parameter results from Figure 2 are in
agreement with the results shown in Figure 3, which further
revealed that the majority of the less industrial states
(northern states) of Nigeria predominantly use fuelwood for

their cooking, while their southern counterparts use modern
fuels. However, it should be noted that the north has the
highest level of unemployment [55] and poverty, as well as
the lowest level of education in the country since the 1980s
([37], p. 63). The level of poverty, education and
unemployment are attributable factors for the dependence on
fuelwood in northern Nigeria [30].
Conversely, the findings of this paper also reveal that the
relationships involved in fuelwood usage do not vary as
much among the majority of the states in the country as
might be anticipated. However, while there is a limited
supply of modern cooking fuel in the country [30], the use of
fuelwood in the majority of the northern states is related to
the low supply of fossil fuel in the region [29-30]. In an
attempt to answer the question, ‘why are there differences in
the fossil fuel supply among the various states?’ Naibbi and
Healey ([30], p.167) reported that “there is no clear answer
as to why there are substantial differences in modern fuel
supply in Nigeria, which favour a few states in the country”.
It was concluded that population size and industrial activities
do not explain the high or low supply of modern fuels in the
country. Also, family size (extended family) and cultural
values in the north are among the other factors noted for the
use of fuelwood in the north (see for example, [29] & [36]).
The results here also reveal that those states with a large
supply of fossil fuels (industrial states, Figure 2b) are less
likely to be using fuelwood. Similarly, attainment of high
average levels of education does not necessarily result in a
reduction in fuelwood use (see Figure 2 b).
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Figure 3. Different cooking fuel types used among households (Source: [30])

5. Conclusions
The scale (state level) at which the investigation was
necessarily conducted may have concealed localised but
important differences, which have therefore not been
identified and reported. However, the use of the state
boundaries rather than Local Government Area (LGA)
boundaries (which were provided by the census data) was a
result of the unavailability of fossil fuel distribution
information at a similar scale to the census data.
GWR has not previously been used in this kind of study;
however, it has demonstrated its relevance as an exploratory
tool here. The GWR has proven useful in explaining the
spatial variation of fuelwood usage in Nigeria. The method
can be particularly effective in this kind of study, because of
its ability to identify regional variations in the operation of
more general processes. The national situation of fuelwood
utilization is now clear. The south region (industrial states),
where extensive forest vegetation exists [7], used less
fuelwood while the less industrial states (northern region,
with its savanna vegetation) uses more fuelwood than the
south.
Even though improved supply of modern fuel has
frequently been emphasised as a possible option to reduce
fuelwood utilization in Nigeria, in the medium/long-term, as

things stand, fuelwood will remain the preferred cooking
fuel option for the majority of the families, for a very long
time to come. Also, as accessible areas of forest continue to
decline, especially in northern states ([22] & [56], it is
inevitable that fuelwood collection will progressively extend
beyond local borders in the near future.
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