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Abstract
This study aims to identify classes and patterns of household energy utiliza-
tion and the predictive factors that determine class membership. Energy is
an essential part of a household’s socio-economic status. By examining the
household’s energy utilization patterns, we can better understand how to
formulate and implement efficient strategies for adopting clean energy.
This study aims at identifying homogenous classes with respect to their
energy patterns in Uganda and examining predictive factors of household
class membership. The study uses data on 2,138 households from the
2019/2020 Uganda National Household Survey. Using latent class analysis
models, a data-driven method, the study identified four latent household
classes; ‘Solar-firewood’ (41%), ‘Electricity-charcoal’ (33%), ‘Moderate
energy-user’ (19%) and ‘Low energy-user’ (7%). Results from the study
show that the main drivers of household energy choice for cooking and light-
ing were age, education level, housing conditions and wealth status of the
household head. This study contributes to understanding the classes and
patterns of household energy utilization patterns in Uganda. These findings
may help policymakers predict which latent class a household falls into in
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order to guarantee efficient targeting of household energy utilization policies
and strategies seeking transition to cleaner energy sources.

Keywords
energy, tropical communities, quantitative analysis, families, environment

Introduction

Several energy sources have been used for various household uses such as
cooking and lighting (Avila et al., 2017; Kojima et al., 2016; Streatfeild,
2018). Over 2 billion people in developing countries rely on accessible
energy sources for their daily energy needs (Nzabona et al., 2021). In
Uganda, firewood and charcoal are the leading sources of energy for
cooking (UBOS, 2021). This trend raises environmental issues because of
greenhouse gasses and air pollution (Namaalwa et al., 2009), and more
people are likely to die annually due to respiratory infections (Lambe et al.,
2015; Ogundipe et al., 2018). Through its agencies, Electricity Regulatory
Authority and Rural Electrification Agency, the government of Uganda has
made efforts to increase the supply and access to electricity, particularly in
the rural areas of the country. However, the proportion of households using
grid electricity reduced from 22% in 2016/17 to 19% in 2019/20, while
solar PV increased from 18% to 38% (UBOS, 2021). This clearly indicates
that, in spite of government efforts, the majority of the households are still
not on grid electricity. In Uganda, like most African countries, most house-
holds find it expensive to connect to renewable sources such as grid electricity
(Aarakit et al., 2021; Blimpo & Cosgrove-Davies, 2019).

Energy is an essential part of household’s socio-economic welfare
(Wolde-Rufael, 2006). The benefits of households connecting to grid electric-
ity include improving household socio-economic welfare, preventing envi-
ronmental degradation and a country’s sustainable development. In
addition, access to affordable, reliable and sustainable energy is widely rec-
ognized as an essential input towards achieving Sustainable Development
Goal 7 in Africa (Chirambo, 2018). Previous household energy studies
report that most households in Uganda were heavily reliant on fuel wood
as the primary source of energy (Behera & Ali, 2017; Drazu et al., 2015;
Nzabona et al., 2021). Studies in Kenya have also shown that firewood and
charcoal utilization for cooking is on the rise (Lung & Espira, 2019).
These results underscore the need to identify distinct sub-groups of house-
holds who are distinguished by their choice and utilization of energy
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sources. It is, therefore, important to understand the classes and patterns of
household energy utilization and factors determining membership in order
to formulate strategies and policies that lead to households adopting clean
power and safer energy sources.

Latent class analysis (LCA) is a statistical technique that identifies categor-
ical latent variables on the basis of observed categorical variables (Muthén &
Muthén, 2000). The analysis identifies qualitatively different sub-groups
within populations that share certain outward characteristics (Weller et al.,
2020). LCA estimates conditional latent class membership probability (and
assigns individuals to their most likely class based on this conditional prob-
ability) and item response probability (Henry & Muthén, 2010). The condi-
tional membership probability represents the probability that an individual
belongs to a latent class, conditional on the answers to the indicators.
Therefore, LCA is a useful methodology for identifying potential households
for intervention rather than explicitly based on their socio-economic and
demographic characteristics such as income levels (Petersen et al., 2019).

This study aims to identify classes and patterns of household’s energy uti-
lization and predictive factors that determine class membership. The objec-
tives of this study are: (1) to use statistical methods to group households
into distinct sub-groups or classes based on their adopted energy utilization
choices; and (2) to identify predictors of these classes in the general popula-
tion. In particular, our research questions are: how are households distributed
in their choice and utilization of energy sources? What pattern explains
household choice of energy sources? What socio-economic and demographic
factors determine the choice of energy source preferred by the households?
To what extent do the factors determine the energy choice preference?

Theoretical background

This study is anchored on previous work on the energy ladder model
(Kowsari & Zerriffi, 2011; Van der Kroon et al., 2011). The model describes
a pattern of how households switch from biomass energy sources to modern
energy sources as their economic status improves (Waleed & Mirza, 2022).
The switch is influenced by socio-economic characteristics of the households,
supply, availability and accessibility of the energy sources and government
interventions that affect the price of energy options (Pachauri & Jiang,
2008). The model assumes that as the households’ socio-economic status
improves they switch from less efficient biomass fuels to modern fuels that
they consider more efficient (Nzabona et al., 2021). However, some studies
have established that as income increases, households use a mix of energy
sources, a norm referred to as the ‘energy stacking’ model (Katutsi et al.,
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2020; Mainimo et al., 2022; Medina et al., 2019). The energy stacking model
hypothesizes that households use a variety of energy sources regardless of
income level (Choumert-Nkolo et al., 2019; Nguyen et al., 2019). Both the
energy ladder and the energy staking models compliment each other in under-
standing households’ energy choices (Katutsi et al., 2020).

Literature review

Several approaches have been used to study household’s energy choice and
utilization patterns, including structural equation models (Kimutai et al.,
2022; Soltani et al., 2020; Zhang et al., 2018), Multinomial logit/probit
models (Katutsi et al., 2020; Wassie et al., 2021) and cluster analysis
(Ofetotse et al., 2021; Rhodes et al., 2014; Yang et al., 2018). The findings
of these studies indicated that a household’s energy choice and utilization
were significantly influenced by several factors including occupation, age,
gender, income level and education level of household head, household
size, location and dwelling type. Most households in rural areas adopt solar
PV for lighting because of a lack of connection to the national grid.
Household heads with relatively high income and education who reside in
urban areas are more likely to use electricity for cooking and lighting,
while their counterparts in rural areas use firewood for cooking.

In his study, Lee (2013) established that household size, the share of adults
in the household and gender in combination explain the utilization of fire-
wood and electricity, while Drazu et al. (2015) studied household energy con-
sumption patterns in Uganda and established energy demand is dominated by
solid energy fuels.

Kowsari and Zerriffi (2011) stated that household energy choices depend
on household decisions emanating from a complex interaction between
household characteristics (economic, socio-demographic and behavioural)
and exogenous factors like physical environment as well as energy policies
and supply. In addition, Katutsi et al. (2020) investigated the drivers of
fuel choice for cooking amongst households and established that households’
energy choices differ due to differences in socio-economic settings, environ-
mental factors and cultural factors.

There is an information gap in the current evidence since policy-
intervention targets are based on ‘average’ households; not taking into
account households’ differences based on their energy utilization choices
and patterns. This research fills the gap by identifying classes and patterns
of households’ energy utilization and predictive factors that determine class
membership. Previous studies have used the LCA model to identify underly-
ing classes of households with multidimensional behaviours such as
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electricity usage (Song & Leng, 2020), agricultural technology adoption
(Bizimungu & Kabunga, 2018) and beverage purchases amongst British
households (Berger et al., 2020).

This study contributes to literature by adding the LCA approach of iden-
tifying classes of household energy utilization, as well as analyzing their
causes, outcomes and predictors. This analysis is very important to favour
the development of future efficient strategies and to induce households to
adopt clean power and safer energy resources. Therefore, for informed poli-
cymaking, it is also important to identify which category of households ought
to be targeted by what kind of policy interventions.

The remainder of this paper is structured as follows: The ’Materials and
methods’ section presents data sources, indicator variables, data analysis
and ethical considerations. The ’Results’ section settin out household
descriptive statistics, latent classes and covariates is followed by
’Discussion, Study limitations’ and ’Conclusions and policy implications’
sections, respectively.

Materials and methods

Data sources

This study uses secondary data collected in the 2019/2020 Uganda National
Household Survey (UBOS, 2021). The UNHS 2019/2020 is the seventh in
the series of household surveys conducted by UBOS aimed at collecting high
quality and timely data on socio, demographic and economic characteristics
of the household population. The survey provides representative estimates for
the 15 sub-regions and the country as a whole. The survey followed a two-stage
stratified sampling design where enumeration areas were drawn from each of the
sub-regions with probability proportional to size, followed by selection of
households using systematic random sampling. A total of 13,732 households
were interviewed. For this study, we extracted 2,138 households from the
national data set, representing those who responded to questions about energy
sources for lighting and cooking. This sub-sample was comparable by age,
sex and regional distribution to the national sample (UBOS, 2021). Hence,
this study is based on a nationally representative sample of households in
Uganda.

Indicator variables

The main indicator variables for this study are sources of energy for cooking
and lighting. The UNHS 2019/2020 collected information on sources of
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energy for cooking by asking respondents ‘What source of energy does this
household mainly use for cooking?’ The sources of energy for cooking cap-
tured during the survey were national grid electricity, solar power, generator
electricity, thermal plant electricity, gas, biogas, paraffin, charcoal, firewood,
cow dung, grass and others. For this study, the energy sources for cooking are
categorized as electricity, kerosene, charcoal, firewood and others.

The survey also collected information on sources of energy for lighting by
asking respondents ‘What source of energy does this household mainly use
for lighting?’ The sources of energy for lighting captured during the survey
were national grid electricity, solar power, generator electricity, thermal
plant electricity, gas, biogas, paraffin, candles, firewood, cow dung, grass,
dry cells and others. For this study, the energy sources for lighting are cate-
gorized as electricity, solar, paraffin, dry cells and others.

Also collected in the survey were households’ socio-economic and demo-
graphic characteristics, such as head of household’s age, sex, wealth status,
education level and marital status, type of dwelling, type of kitchen and
cooking stove used, source of firewood and occupancy tenure.

Analytical model

The mathematical LCA model is described below following the works by
Weller et al. (2020) and Dolšak et al. (2020).

Let the energy choices observed on the n households (Ϫi= xi1, xi2, …,
xi5)

T, i= 1, 2, 3, …, n, and j= 1, 2, …, J; where xij ɛ {1, 2, …, Cj} where
Cj is the number of categories that the response of household i to energy
source j can assume.

Assuming that there are K latent classes of the households, that is, each xi
comes from some unobserved class k ɛ {1, 2 … K}.

If Y is the latent variable indicating the class from which a household
belongs, then prior distribution shows that P(Y), is the probability that a ran-
domly selected household belongs to a particular class, k (i.e., class member-
ship probabilities). Let P(Y= k)= ɳk. The class membership probability is the
likelihood that a household is properly classified, enabling each household to
be categorized into the best-fitting class.

The class conditional distribution describes the distribution of energy
choices given that a household in class k answers item j in category c, that
is, xj= c given Y= k,

fk(x) = P(xj = c|Y = k)

The assumption (or axiom) of conditional independence says that the joint
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distribution of x’s under independence is the product of the marginal. It implies
that within a class all the x’s will be uncorrelated. Given membership in class k,
responses to the individual households are independent of each other, then,

fk (x) =
∏J
j=1

P(xj = c|Y = k)

Let πjk be the probability that a household in class k has a positive response to
item j (item-response probabilities), then the class conditional distribution is:

fk(x) =
∏J
j=1

π
xj
jk(1 − π jk)

1 − xj

Therefore, the unconditional distribution of x is obtained by weighting the con-
ditional distribution by ɳk and add them up:

f (x) =
∑K
k=1

ηk
∏J
j=1

π
xj
jk(1 − π jk )

1 − xj

The posterior distribution, P(Y= k|x), gives the probability of belonging to
group k given a set of items; that is, using Bayes’ theorem

P(Y = k|x) = fk (x)ηk
f (x)

This is a probabilistic model with JK latent class parameters πjk and ɳk for k=
1, 2 … K; j= 1, 2 … J. This helps to assign households to classes given their
responses to a set of items.

The latent class parameters are estimated by a maximum likelihood model
estimation approach using a log-likelihood function given by:

L(π, η) =
∑n
i=1

log
∑K
k=1

ηk
∏J
j=1

π
xj
jk(1 − π jk)

1 − xj

[ ]

Subject to constraints

∑K
k=1

ηk = 1;
∑Cj

c=1

πcjk = 1

Latent class models are estimated by iteratively adding potential classes to
determine which model is the best fit to the data. The number of latent
classes depends on a combination of factors including model fit, class size
and interpretability (Weller et al., 2020). To assess the model fit and
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determine the appropriate number of latent classes, a combination of some
model fit indicators and statistical tests were used. These include the
Bayesian information criterion (BIC), the Akaike information criterion
(AIC), Lo–Mendell–Rubin likelihood ratio (LMR) and the bootstrapped para-
metric likelihood ratio test (BLRT) (Dolšak et al., 2020; Killian et al., 2019;
Nylund et al., 2007). According to Weller et al. (2020), good fit models are
indicated by the lowest absolute values of AIC and BIC. The significance
probabilities of the class models were established using the LMR and the
BLRT at a 5% level. The null hypothesis is that the latent class model
would be accepted when the p-value is greater than 0.05.

The data were analyzed using the Latent Gold 5.0 statistical package
(Vermunt & Magidson, 2013) and STATA software version 15
(StataCorp, 2007). First, households’ general characteristics were ana-
lyzed in terms of frequencies, percentages, means and standard deviation.
Second, a series of LCA models were fitted for five binary indicators
namely: energy source for lighting, energy source for cooking, type of
kitchen, primary cooking stove and source of firewood. Thirdly, multino-
mial logistic regression analysis was used to predict the household’s latent
class membership against the different covariates. This aimed at establish-
ing which household factors were key drivers of switching from reference
energy utilization latent class to other classes. The regression model
assumes that the household’s probability varies depending upon their
observed covariates (Dolšak et al., 2020). The logistic regression function
produces relative risk ratios (RRRs), at a 95% confidence interval, which
indicates that the covariate is significantly associated with an increase (or
decrease) in the risk of membership in a specified latent class relative to a
reference latent class corresponding to a different level on the covariate
(Lanza & Rhoades, 2013).

Results

Household characteristics by energy sources for lighting and cooking

This section presents the household characteristics. Table 1 shows that most
household heads were male (68%), with an average age of 37 years (SD=
15), married (69%) and having attained primary education (44%). In terms
of geographical coverage, the majority of households were in the central
region of Uganda (32%) and living in rural areas (58%). In addition, they
lived in their own dwelling units (69%), comprising 1–3 sleeping rooms
(90%), with an average household size of four people (SD= 2.4) and 60%
of the households were classified as ‘poor’.
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With regards to energy utilization patterns, Figure 1(a) shows that the majority
of the households were using solar (32%) followed by electricity (28%) for light-
ing, while Figure 1(b) shows that firewood (59%) and charcoal (33%) were the
predominant sources of energy for cooking. In terms of cooking, most households
were using a three-stone (53%) as their primary cooking stove, with outside-built
kitchen (47%) and the bush/forest (71%) was their source of firewood.

Table 1 further shows that all the household characteristics were statisti-
cally significantly associated with energy sources used for lighting and
cooking (p < 0.05).

Latent classes

Table 2 presents the model fit statistics derived from the LCA. After assessing
one to five-class solutions, a four-class model was identified as the optimal

Figure 1. (a) Main source of energy for lighting (%). (b) Main source of energy for
cooking (%).
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solution that best fits the data by its lowest BIC value, fewer parameters and a
smaller log-likelihood ratio. The five-class model also showed adequate
goodness-of-fit statistics; however, the BIC value was slightly higher than for
the four-class model. Therefore, the result implies that four groups of households
have been identified in the data based on their energy utilization heterogeneity.

Results indicate that of the 2,138 households assessed, most of them fall in
latent class 1 comprising 878 households (41%), while the least number is in
class 4 with only 139 households (7%), as shown in Table 3. Since each indi-
vidual household must belong to one and only one class, then the sum of indi-
vidual class sizes (class 1–4) must be equal to the total households assessed.
For each class, we estimated the conditional probability of energy sources for
lighting and for cooking, primary cooking stove, type of kitchen and source
of firewood. The higher the conditional probability, the more that item is con-
sidered sufficient to influence classification labelling.

Class 1 members are characterized by the highest probability of using solar
(0.69) for lighting, firewood (0.68) for cooking, a three-stone stove (0.65),
their source of firewood is their own plantation (0.92) and they have an
outside built kitchen (0.72). This class is labelled as ‘Solar-firewood’ house-
holds. These probabilities suggest that members in this class use traditional
energy sources for cooking and have their own dwellings with an outside-
built kitchen. The significantly high probability of using solar for lighting
suggests that these households have limited or no access to grid electricity.

Class 2 members mostly use electricity (0.78) for lighting; charcoal (0.98) for
cooking, use improved cooking stoves (0.81) and have their kitchen inside dwell-
ings (0.58). Accordingly, this class can be labelled as ‘Electricity-charcoal’
households.

Class 3 shows similar patterns with class 1 concerning using firewood (0.32)
for cooking and a three-stone stove (0.34), except that they have bush/forest as
their source of firewood and utilize makeshift kitchens. In addition, they use
other sources of energy (e.g., torch and dry cells) for lighting (0.64).
Therefore, these members are labelled ‘Moderate energy-use’ households.

Class 4 members exhibited significantly lower probabilities of using elec-
tricity (0.11) for lighting and are more likely (0.96) to use other energy
sources, for example, gas for cooking, or not cooking at all (0.91). This class
shows the lowest probabilities of using traditional energy sources for lighting
and cooking. Accordingly, we label this class as ‘Low energy-use’ households.

Predictors of latent class membership

After identifying the latent classes in the data, household socio-economic and
demographic characteristics were included in the multinomial logistic
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regression model to explore the effect of covariates on latent class member-
ship. The latent classes were the dependent variable for the model to assess
the predictors of latent class membership and the covariates were as follows:

• Age of household head: 15–24 years, 25–34 years, 35–44 years, 45–54
years and 55+ years

• Marital status of household head: Never married, Married, Divorced or
Widow

• Education level of household head: None, Primary, Secondary and
Post-secondary

• Number of sleeping rooms: 1 room, 2–3 rooms and 4+ rooms

Table 3. Description of latent class membership.

Class 1 Class 2 Class 3 Class 4
Cluster size 41.1% (878) 33.7% (721) 18.7% (400) 6.5% (139)

Energy source for lighting
Dry cells 0.1762 0.0370 0.1981 0.0510
Electricity 0.0719 0.6526 0.0005 0.5044
Others 0.0510 0.0756 0.5909 0.2319
Paraffin lantern 0.1673 0.0392 0.0915 0.0727
Solar 0.5336 0.1955 0.1190 0.1400
Energy source for cooking
Charcoal 0.0180 0.9465 0.0004 0.0017
Electricity 0.0000 0.0438 0.0074 0.0253
Firewood 0.9779 0.0040 0.9889 0.0011
Kerosene 0.0000 0.0057 0.0000 0.0575
Other 0.0041 0.0000 0.0033 0.9144
Primary cooking stove
3-stone 0.8347 0.0111 0.9433 0.0031
Improved 0.0605 0.5418 0.0086 0.0005
No cooking 0.0012 0.0159 0.0000 0.9960
Traditional 0.1036 0.4312 0.0480 0.0004
Source of firewood
Bush/Forest 0.6186 0.1173 0.9233 0.7125
Market 0.1325 0.8002 0.0345 0.1015
Own Plantation 0.2489 0.0825 0.0422 0.1860
Type of kitchen
Inside 0.0708 0.2856 0.1577 0.2038
Makeshift 0.1135 0.4854 0.5832 0.7610
Outside Built 0.8157 0.2290 0.2591 0.0352
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• Occupancy tenure: Free dwelling, Owner occupancy and Rented
dwelling

• Self-reported wealth status: Poor, Middle and Rich

A multinomial logistic regression analysis was performed to estimate the
RRR of covariates on latent class membership in each class relative to the ref-
erence class (Class 1). The estimates measure the percentage change in the
probability of class membership when the value of the covariate changes
by 1 category and all other variables are kept constant at their means. The
results are presented in Table 4.

Based on the likelihood ratio chi-square test [LR χ²(45)= 1137.97, p= 0.00],
the model containing the full set of predictors represents a significant
improvement in fit relative to a null model (no predictors). Therefore, we
can infer that at least one population slope is non-zero. The McFadden’s
pseudo R-square (Pituch & Stevens, 2016) indicates that the model represents
a 31.5% improvement in fit relative to the null model.

Class 2 vs class 1. When Class 2 was compared with Class 1 as a reference
group, marital status-married (RRR= 0.32, p= 0.000); number of sleeping
rooms – 2–3 rooms (RRR= 0.62, p= 0.018); education level – secondary
(RRR= 5.27, p= 0.000) and postsecondary (RRR= 9.50, p= 0.000); occu-
pancy tenure – owner occupancy (RRR= 0.34, p= 0.001), rented dwelling
(RRR= 7.21, p= 0.000) and wealth status-middle (RRR= 1.43, p= 0.035)
were significant predictors of household latent class membership. The RRR
for the ‘married’ dummy variable indicates that the risk of falling in Class
2 for married household heads is 0.32 times that of never-married household
heads. This means that married household heads are at less risk of falling into
Class 2 and at a greater risk of falling into Class 1 than the never married
household heads. With regards to the number of sleeping rooms in the dwell-
ing, the RRR of the ‘2–3 room’ category indicates that the risk of falling in
Class 2 for household heads in 2–3 rooms’ dwellings is 0.62 times that of
household heads in 1-room dwellings. This means that with an increasing
number of sleeping rooms in a dwelling, the risk that a household head
falls in Class 2 decreases, whereas the risk of falling in Class 1 increases.
The RRR of the ‘secondary’ category of variable indicating education level
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(RRR= 5.27, p= 0.000) and ‘post-secondary’ category (RRR= 9.50, p=
0.000) means that with increasing education of the household head, the
risk of falling into Class 2 increases whereas the risk of falling into Class 1
decreases. The RRR for the ‘rented dwelling’ category (RRR= 7.21, p=
0.000) indicates that the risk of falling in Class 2 for household heads occu-
pying rented dwellings is 7.21 times of that those who are in a free dwelling.
This means that household heads who occupy rented dwellings were at a
higher risk of falling into Class 2 than those in free dwellings, and at a
decreased risk of falling into Class 1. The RRR for the ‘middle’ category
(RRR= 1.43, p= 0.035) indicates that the risk of a household head in the
middle wealth status falling into Class 2 is 1.43 times that of a household
head in the poor wealth status. It also indicates that with each one-unit
increase in wealth status, the relative risk of falling into Class 2 is multiplied

Table 4. Multinomial logistic regression of covariates on latent class membership.

Covariates

Comparison group (Ref=Class 1)

Class 2 Class 3 Class 4

RRR p-value RRR p-value RRR p-value

Age – 15–24 years (Ref)
25–34 years 1.32 0.262 0.70 0.119 1.28 0.413
35–44 years 1.42 0.303 0.34* 0.002 0.71 0.978
45–54 years 1.11 0.775 0.25* 0.000 0.13 0.059
55+ years 1.06 0.867 0.25* 0.000 0.09* 0.030

Marital status – Never married (Ref)
Married 0.32* 0.000 0.58 0.133 0.03* 0.000

Divorced or widow 0.89 0.749 0.57 0.178 0.28* 0.002
Number of rooms – 1 room (Ref)

2–3 rooms 0.62* 0.018 0.87 0.468 0.17* 0.000
4+ rooms 0.39* 0.006 0.67 0.295 0.30 0.145

Education level – None (Ref)
Primary 1.74 0.104 0.23* 0.000 0.66 0.447
Secondary 5.27* 0.000 0.15* 0.000 1.32 0.616
Postsecondary 9.50* 0.000 0.12* 0.000 3.76* 0.030

Occupancy – Free dwelling (Ref)
Owner occupancy 0.34* 0.001 0.88 0.729 0.51 0.109
Rented dwelling 7.21* 0.000 0.87 0.772 4.11* 0.001

Wealth status – Poor (Ref)
Middle 1.43* 0.035 0.32* 0.000 1.01 0.965
Rich 0.97 0.968 0.04 0.988 0.58 0.677

*Significant coefficient at 5% level.
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by a factor of 1.43. This means that household heads with an increasing
wealth status were at a greater risk of falling into Class 2 than those with
decreasing wealth status, and at a decreasing risk of falling into Class 1.

Class 3 vs class 1. Results from comparing Class 3 with Class 1 as a reference
group showed that age – 45–54 years (RRR= 0.25, p= 0.000) and 55+ years
(RRR= 0.25, p= 0.000); education level – primary (RRR= 0.23, p= 0.000),
secondary (RRR= 0.15, p= 0.000) and postsecondary (RRR= 0.12, p=
0.000); and wealth status – middle (RRR= 0.32, p= 0.000) were significant
predictors of household latent class membership. The RRR for the ‘45–54
years’ and ‘55+ years’ categories indicate that the risk of falling into Class
3 for a household head aged 45 years and above is 0.25 times that aged
15–24 years, and at a greater risk of falling into Class 1. The RRR of the
‘Primary’ dummy variable (RRR= 0.23, p= 0.000), ‘Secondary’ dummy
variable (RRR= 0.15, p= 0.000) and ‘Postsecondary’ dummy variable
(RRR= 0.12, p= 0.000) mean that, with increasing education of the house-
hold head, the risk of falling into Class 3 decreases whereas the risk of
falling into Class 1 increases. The RRR for the ‘middle’ category (RRR=
0.32, p= 0.000) indicates that the risk of a household head in the middle
wealth status falling into Class 3 is 0.32 times that of a household head in
the poor wealth status. This means that household heads in the middle
wealth status were at less risk of falling into Class 3 than those in the poor
wealth status, and at an increased risk of falling into Class 1.

Class 4 vs class 1. When Class 4 was compared with Class 1 as a reference
group, age – 55+ years (RRR= 0.09, p= 0.030); marital status – married
(RRR= 0.03, p= 0.000) and divorced or widow (RRR= 0.28, p= 0.002);
number of rooms – 2–3 (RRR= 0.17, p= 0.000); education level – postsec-
ondary (RRR= 3.76, p= 0.030); and occupancy tenure – rented dwelling
(RRR= 4.11, p= 0.001) were significant predictors of household latent
class membership. The RRR for the ‘55+ years’ dummy variable indicates
that the risk of falling into Class 4 ‘Low energy-use households’ for a house-
hold head aged 55 years and above is 0.09 times that aged 15–24 years and at
a greater risk of falling into Class 1. The RRR for the ‘married’ category indi-
cates that the risk of falling in Class 4 for married household heads is 0.03
times that of never-married household heads. This means that married house-
hold heads are at almost zero risk of falling into Class 4 and at a greater risk of
falling into Class 1 than the never married household heads. With regards to
the number of sleeping rooms in the dwelling, the RRR of the ‘2–3 rooms’
category indicates that the risk of falling in Class 4 for household heads in
2–3 rooms’ dwellings is 0.17 times that of household heads in 1-room
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dwellings. This means that with an increasing number of sleeping rooms in a
dwelling, the risk that a household falls in Class 4 decreases, whereas the risk
of falling in Class 1 increases. The RRR of the ‘postsecondary’ category
(RRR= 3.76, p= 0.030) indicates that the risk of a household head who
attained post-secondary education falling into Class 4 is 3.76 times that of
a household head with no education. This means that with increasing educa-
tion of the household head, the risk of falling into Class 4 increases whereas
the risk of falling into Class 1 decreases. In addition, The RRR for the ‘rented
dwelling’ category (RRR= 4.11, p= 0.001) indicates that the risk of falling in
Class 4 for household heads occupying rented dwellings is 4.11 times of that
those who are in a free dwelling. This means that household heads who
occupy rented dwellings were at a higher risk of falling into Class 4 ‘Low
energy-use households’ than those in free dwellings, and at a decreased
risk of falling into Class 1.

Discussion

The main aim of the study was to identify groups of households as a function
of their energy utilization patterns in Uganda, while the specific objective was
to analyze the predictive factors of belonging to these groups in the general
population. By applying LCA, this study identified segments of Ugandan
households that are similar in energy utilization choices, namely
‘Solar-firewood’ households (Class 1), ‘Electricity-charcoal’ households
(Class 2), ‘Moderate energy-users’ households (Class 3) and ‘Low
energy-users’ households (Class 4).

This study has identified a number of socio-economic and demographic
factors that influence household membership to the latent classes. The esti-
mated parameters show significant effects of age and education level of the
household head, as well as the number of sleeping rooms in the dwelling,
occupancy and self-reported wealth status. This item-response analysis sug-
gests that household energy utilization in Uganda can be broadly grouped
as a pattern of energy sources for lighting and cooking, namely solar-
firewood and electricity-charcoal. This finding is in line with a previous
study done by Ling et al. (2020); however, other studies have grouped house-
hold energy utilization patterns by single energy sources (Aarakit et al., 2021;
Lee, 2013; Lusambo, 2016). Our study provided a point of view from which
to group household energy utilization in Uganda through identifying different
patterns of energy for lighting and cooking.

Amongst the four latent classes, the ‘Solar-firewood’ households’ class
was the largest, accounting for 41% of the total sample. These households
are characterized by high probabilities of using solar for lighting and firewood
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for cooking. UBOS (2021) data indicates that 27% of Ugandan households
used solar for lighting, while 73% used firewood for cooking. The likelihood
of a household falling into this class increases with the age of the household
head. Specifically, it has been established that an increase in the age group of
the household head increases the probability of being in this class, adding
substantially to previous studies by Kazoora et al. (2015), Lusambo
(2016) and Nzabona et al. (2021). The use of solar for lighting and firewood
for cooking by older household heads is likely to be associated with their
relatively lower financial position as they get older. Because of complex
financial needs, older household heads tend to focus on affordable and
easily accessed sources of energy compared to other sources such as elec-
tricity. This class is also associated with households based in rural areas
of Uganda that have limited or no access to grid electricity. Solar energy
has significant potential in Uganda since the majority of households live
in rural areas with limited access to grid electricity. In addition, the contin-
ued use of firewood leads to environmental degradation, reduction of soil
fertility and climate change. The declining soil fertility will negatively
affect households’ agricultural productivity and livelihood.

The ‘Electricity-charcoal’ households’ class had high probability of using
electricity for lighting and charcoal for cooking. This class constituted about
33% of the total sample. UBOS (2021) indicates that 21% of Ugandan house-
holds used charcoal for cooking, while 19% used grid electricity for lighting
and 1% for cooking. This clearly shows that access to national grid electricity
is still relatively low.

Consistent with existing literature in the field, our results show that with
increasing education level of the household head, the risk of falling into
‘Electricity-charcoal’ households class increases whereas the risk of falling
into ‘Solar-firewood’ households class decreases. For instance, a household
head with secondary education is 5.3 times more likely to fall in
the ‘Electricity-charcoal’ households’ class than one with no education at
all, and a massive 9.5 times if that head has been exposed to postsecondary
education. A plausible explanation is that education increases the chances
of accessing income-generating opportunities, thus enabling such household
heads to afford buying electricity and charcoal for their energy needs.
Conversely, household heads with no formal education are more likely to
fall into ‘Solar-firewood’ households’ class probably because they cannot
afford to buy electricity or charcoal. This implies that the higher the education
level of household heads, the more likely they are to choose
Electricity-charcoal over the Solar-firewood energy. In accordance with pre-
vious studies, education is a significant predictor of household energy con-
sumption in Uganda (Kyasimire, 2019; Lee, 2013; Namaalwa et al., 2009).
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The education level of the household head plays an important role in predict-
ing household latent class membership (Gould et al., 2020).

The occupancy tenure of dwelling and number of sleeping rooms used by the
household are also important factors in predicting household latent class mem-
bership. Specifically, we find that with an increasing number of sleeping rooms
in a dwelling, the risk that a household head falls in ‘Electricity-charcoal’ class
decreases, whereas the risk of falling in ‘Solar-firewood’ class increases. The
increase in the number of sleeping rooms increases the energy demand for
household occupants. This should not be a surprise considering that large
housing spaces are more energy intensive. It becomes economical to use the rel-
atively cheaper forms of energy (solar and firewood) than using electricity or
charcoal. The findings of this study are comparable to the results of Mainimo
et al. (2022) and Crentsil et al. (2019), who reported that household size was
amajor hindrance to the utilization of clean andmodern energy sources. In addi-
tion, household heads who occupy rented dwellings were at a higher risk of
falling into the ‘Low energy-users’ class than those in free dwellings.
Different from the members in the other three classes, households in the ‘Low
energy-users’ class are characterized by relatively low probabilities of using
electricity for lighting but a high probability of using gas for cooking or not
cooking at all. Most times, property owners have full control of the energy deci-
sions on behalf of the tenants. The energy utilization of tenants is subject to
tenants’ agreements, which may affect their rights to decide on household
energy requirements. Studies elsewhere have similarly indicated that housing
conditions are associated with household energy utilization (Kazoora et al.,
2015; Kojima et al., 2016; Nzabona et al., 2021).

The study results provide empirical evidence that a household head’s
wealth status influenced the class membership, with the ‘poor’ having more
chances of falling into the ‘Solar-firewood’ class. Conversely, household
heads in the middle class had reduced chances of falling into the
‘Solar-firewood’ class. Wealthy households can afford to use electricity or
charcoal compared to their ‘poor’ counterparts. This finding is consistent
with the energy ladder concept which stipulates that economic growth
shifts households towards cleaner and modern energy sources (Kowsari &
Zerriffi, 2011). Wealth status has been reported to influence household’s
energy utilization choices in sub-Saharan Africa (Baek et al., 2020;
Chirambo, 2018).

Study limitations

The limitations of this study include the cross-sectional design of the 2019/
2020 UNHS, thus caution should be used when interpreting the results in
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terms of causal inferences. In addition, since the information is recorded ret-
rospectively, it might be prone to recall bias, with reporting becoming less
accurate over time. The availability of only quantitative data limited analysis
of other pertinent energy-related issues such as the reason for, attitudes
towards and implications of households; energy choices. Therefore, further
research is needed to include the outlined variables. A similar study could
be conducted on panel UNHS data of previous periods.

Conclusions and policy implications

This study has confirmed latent classes of households based on their energy
utilization patterns and assessed their predictors. In Uganda, the majority of
households use solar followed by electricity for lighting, while firewood
and charcoal were the main sources of energy for cooking (UBOS, 2021).
Using LCA, a data-driven method, we identified four household latent
classes, namely, ‘Solar-firewood’, ‘Electricity-charcoal’, ‘Moderate
energy-use’ and ‘Low energy-use’ households. This approach enabled us
to perform model-based data clustering to identify households with similar
patterns of energy choice and provide important insights to this field. The
results show that the most important drivers of household energy choice
for cooking and lighting were age, education level, housing conditions and
wealth status of the household head. This information can help policymakers
predict which latent class a household falls into, which allows better targeting
of energy policy interventions.

The higher percentage of households falling into the ‘Solar-firewood’
class presents an environmental challenge resulting from deforestation.
Nevertheless, household energy utilization policies and strategies seeking
the transition to cleaner energy sources can be based on these findings. For
instance, to mitigate the effects of relying on firewood, government needs
to sensitize households on conserving the environment and the dangers of
degrading it. Furthermore, government should promote utilization of
cleaner energy sources by supporting households to access affordable elec-
tricity. Government providing incentives to the private sector to invest in
energy-efficient technologies such as cook-stoves, liquefied petroleum gas,
biogas and solar systems could also assist the transition to cleaner energy
sources.
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Dolšak J, Hrovatin N and Zorić J (2020) Analysing consumer preferences, characteristics,
and behaviour to identify energy-efficient consumers. Sustainability 12(23): 9870.

Drazu C, Olweny MR and Kazoora G (2015) Household energy use in Uganda.
Gould CF, Urpelainen J and Sais JH (2020) The role of education and attitudes in

cooking fuel choice: Evidence from two states in India. Energy for Sustainable
Development 54: 36–50.

Henry KL and Muthén B (2010) Multilevel latent class analysis: An application of
adolescent smoking typologies with individual and contextual predictors.
Structural Equation Modeling 17(2): 193–215.

Katutsi V, Dickson T and Migisha AG (2020) Drivers of fuel choice for cooking
among Uganda’s households. Open Journal of Energy Efficiency 9(3): 111–129.

Kazoora G, Olweny M, Aste N, et al. (2015) Energy consumption trends of residential
buildings in Uganda: Case study and evaluation of energy savings potential. In:
2015 International Conference on Clean Electrical Power (ICCEP), pp.695–700.

Killian MO, Cimino AN, Weller BE, et al. (2019) A systematic review of latent var-
iable mixture modeling research in social work journals. Journal of
Evidence-Based Social Work 16(2): 192–210.

Kimutai SK, Siagi ZO and Wambua PM (2022) Determinants of household energy
utilization and changing behaviour in Kenya: Structural equation modelling
approach. European Journal of Energy Research 2(4): 1–9.

Kojima M, Zhou X, Han J, et al. (2016) Who uses electricity in Sub-Saharan Africa?
Findings from household surveys. Findings from Household Surveys (August 9,
2016). World Bank Policy Research Working Paper, 7789.

Kowsari R and Zerriffi H (2011) Three-dimensional energy profile: A conceptual
framework for assessing household energy use. Energy Policy 39(12): 7505–7517.

Kyasimire A, 2019.Determinants of Household Energy Use in Uganda: A Case Study
of Entebbe Municipality. PhD Thesis.

Lambe F, Jürisoo M, Wanjiru H, et al. (2015) Bringing clean, safe, affordable cooking
energy to households across Africa: An agenda for action. Prepared by the
Stockholm Environment Institute, Stockholm and Nairobi, for the New Climate
Economy.

24 Journal of Tropical Futures 0(0)



Lanza ST and Rhoades BL (2013) Latent class analysis: An alternative perspective on sub-
group analysis in prevention and treatment. Prevention Science 14(2): 157–168.

Lee LY-T (2013) Household energy mix in Uganda. Energy Economics 39: 252–261.
Ling Y, Shu G, Wenchang L, et al. (2020) Rural household energy consumption

investigation and structural pattern analysis of Xuanwei study area in Central
Yunnan. IOP Conference Series: Earth and Environmental Science 565(1):
012017.

Lung MA and Espira A (2019) A large-scale, village-level test of wood consumption
patterns in a modified traditional cook stove in Kenya. Energy for Sustainable
Development 49: 11–20.

Lusambo LP (2016) Household energy consumption patterns in Tanzania. Journal of
Ecosystem and Ecography 5: 2.

Mainimo EN, Okello DM, Mambo W, et al. (2022) Drivers of household demand for
cooking energy: A case of central Uganda. Heliyon 8(3): e09118.

Medina P, Berrueta V, Cinco L, et al. (2019) Understanding household energy transi-
tions: From evaluating single cookstoves to “clean stacking” alternatives.
Atmosphere 10(11): 693.

Muthén B and Muthén LK (2000) Integrating person-centered and variable-centered
analyses: Growth mixture modeling with latent trajectory classes. Alcoholism:
Clinical and Experimental Research 24(6): 882–891.

Namaalwa J, Hofstad O and Sankhayan PL (2009) Achieving sustainable charcoal
supply from woodlands to urban consumers in Kampala, Uganda. International
Forestry Review 11(1): 64–78.

Nguyen TT, Nguyen T-T, Hoang V-N, et al. (2019) Energy transition, poverty and
inequality in Vietnam. Energy Policy 132: 536–548.

Nylund KL, Asparouhov T and Muthén BO (2007) Deciding on the number of classes
in latent class analysis and growth mixture modeling: A Monte Carlo simulation
study. Structural Equation Modeling: A Multidisciplinary Journal 14(4): 535–569.

Nzabona A, Tuyiragize R, Asiimwe JB, et al. (2021) Urban household energy use:
Analyzing correlates of charcoal and firewood consumption in Kampala City,
Uganda. Journal of Environmental and Public Health 2021.

Ofetotse EL, Essah EA and Yao R (2021) Evaluating the determinants of household elec-
tricity consumption using cluster analysis. Journal of Building Engineering 43: 102487.

Ogundipe AA, Akinyemi O and Ogundipe O (2018) Energy access: Pathway to attain-
ing sustainable development in Africa. International Journal of Energy Economics
and Policy 8(6): 371–381.

Pachauri S and Jiang L (2008) The household energy transition in India and China.
Energy Policy 36(11): 4022–4035.

Petersen KJ, Qualter P and Humphrey N (2019) The application of latent class analysis
for investigating population child mental health: A systematic review. Front
Psychol 10: 1214.

Pituch KA and Stevens JP (2016) Applied Multivariate Statistics for the Social
Sciences, 6th ed. New York and London: Routledge/Taylor & Francis Group.

Tuyiragize and Bassi 25



Rhodes JD, Cole WJ, Upshaw CR, et al. (2014) Clustering analysis of residential elec-
tricity demand profiles. Applied Energy 135: 461–471.

Soltani M, Rahmani O, Ghasimi DS, et al. (2020) Impact of household demographic
characteristics on energy conservation and carbon dioxide emission: Case from
Mahabad city, Iran. Energy 194: 116916.

Song S-Y and Leng H (2020) Modeling the household electricity usage behavior and
energy-saving management in severely cold regions. Energies 13(21): 5581.

StataCorp, L. P. (2007) Stata Multivariate Statistics: Reference Manual. Stata Press
Publication.

Streatfeild JE (2018) Low electricity supply in sub-Saharan Africa: Causes, implica-
tions, and remedies. Journal of International Commerce and Economics. 1.

UBOS (2021) Uganda National Household Survey 2019/2020. Kampala Uganda.
Van der Kroon B, Brouwer R and Van Beukering P (2011) The Energy Ladder:

Theoretical Myth or Emperical Truth. Amsterdam: VU University, IVM
Institute for Environmental Studies.

Vermunt JK and Magidson J (2013) Technical Guide for Latent GOLD 5.0: Basic,
Advanced, and Syntax. Belmont, MA: Statistical Innovations Inc.

Waleed K and Mirza FM (2022) Examining fuel choice patterns through household
energy transition index: An alternative to traditional energy ladder and stacking
models. Environment, Development and Sustainability: 1–53.

Wassie YT, Rannestad MM and Adaramola MS (2021) Determinants of household
energy choices in rural sub-Saharan Africa: An example from southern Ethiopia.
Energy 221: 119785.

Weller BE, Bowen NK and Faubert SJ (2020) Latent class analysis: A guide to best
practice. Journal of Black Psychology 46(4): 287–311.

Wolde-Rufael Y (2006) Electricity consumption and economic growth: A time series
experience for 17 African countries. Energy Policy 34(10): 1106–1114.

Yang T, RenM and Zhou K (2018) Identifying household electricity consumption pat-
terns: A case study of Kunshan, China. Renewable and Sustainable Energy
Reviews 91: 861–868.

Zhang C-Y, Yu B, Wang J-W, et al. (2018) Impact factors of household energy-saving
behavior: An empirical study of Shandong Province in China. Journal of Cleaner
Production 185: 285–298.

Author Biographies

Richard Tuyiragize holds a PhD degree in Statistical Sciences from University of
Cape Town, South Africa, Master, Postgraduate diploma and Bachelor of Statistics
from Makerere University, Uganda. He also holds a postgraduate diploma in monitor-
ing and evaluation from Uganda Management Institute. He is a lecturer of applied sta-
tistics at School of Statistics and Planning, Makerere University. His research interests
include applications of statistical techniques and quantitative analytics in public and

26 Journal of Tropical Futures 0(0)



private sector planning in health, water, energy, agriculture, finance, etc. He has
authored and co-authored several journal publications in Statistics and its applications.

Francesca Bassi is Associate Professor of Economic Statistics, PhD in Statistics. She
works in the area of measuring circular economy and sustainability.

Tuyiragize and Bassi 27


	 Introduction
	 Theoretical background
	 Literature review
	 Materials and methods
	 Data sources
	 Indicator variables
	 Analytical model

	 Results
	 Household characteristics by energy sources for lighting and cooking
	 Latent classes
	 Predictors of latent class membership
	 Class 2 vs class 1
	 Class 3 vs class 1
	 Class 4 vs class 1


	 Discussion
	 Study limitations
	 Conclusions and policy implications
	 Acknowledgements
	 References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile ()
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 5
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    33.84000
    33.84000
    33.84000
    33.84000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    9.00000
    9.00000
    9.00000
    9.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


