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Abstract
Energy consumption accounts for most of global anthropogenic greenhouse gas emissions. Managing the growth in energy 
demand is therefore a key part of climate change mitigation. In the Gulf Cooperation Council (GCC) countries, energy 
consumption has been growing rapidly. Between 2004 and 2014, final energy consumption grew at an average annual rate 
of 6.8% compared to a global average of 1.8%. Energy efficiency can help GCC countries manage their energy demand 
growth, but it is difficult to measure energy efficiency, so analysts often rely on indirect indicators such as energy intensity. 
Frontier analysis can be used to measure energy efficiency, but is data intensive. To undertake frontier analysis for the GCC 
countries it was therefore necessary to construct a new dataset, which was used for corrected ordinary least squares to esti-
mate underlying energy efficiency between 2004 and 2014 for two key sectors in the GCC countries: residential electricity 
and road transport gasoline. The results suggest that underlying energy efficiency generally improved in the GCC region, 
in contrast to the trend of rising energy intensity that the region has been witnessing. The energy efficiency improvements 
may have been driven by global technical progress and tighter global fuel economy standards, of which the GCC countries 
were beneficiaries. With the provision of high quality, recent data with shorter lag times, frontier analysis could be used to 
provide prompt feedback on the impact of energy efficiency policies and programmes, leading to better outcomes.

Keywords Energy efficiency · Frontier analysis · Corrected ordinary least squares · Energy demand · Gulf Cooperation 
Council (GCC)

Introduction

Economic development, population growth, energy prices, 
and improvements in energy efficiency are key factors that 
affect the evolution of energy demand. The Gulf Coopera-
tion Council (GCC), an economic union that includes Bah-
rain, Kuwait, Oman, Qatar, Saudi Arabia, and the United 
Arab Emirates (UAE), has experienced rapid economic and 
population growth over the last several decades. Between 
2004 and 2014, real gross domestic product (GDP) in the 
GCC increased at an average annual rate of 5.3%, while the 
population grew at 4.2% [1]. As would be expected, energy 
consumption in the region also grew rapidly. According to 

the IEA [2], final energy consumption in the GCC coun-
tries grew at an average annual rate of 6.8% over the period, 
which is noticeably higher than the global average of 1.8% 
(see Table 1 for a summary of the growth rates for key vari-
ables in the GCC countries). The relatively faster growth 
rate of energy consumption implies that energy intensity has 
been rising in the GCC countries, unlike most other coun-
tries in which energy intensity has been falling [2]. This has 
led to concerns that GCC countries are not efficient in their 
use of energy.

With their abundant fossil fuel supplies, GCC countries 
have been providing domestic consumers with energy at low 
administered prices. These energy prices have typically been 
set at levels far below international market prices, which 
arguably led to both relatively higher levels of energy con-
sumption and lower levels of energy efficiency.

Several additional factors appear to contribute to their 
relatively higher levels of energy consumption. In the resi-
dential sector, electricity consumption is relatively higher 
because of the need for air conditioning in a region renowned 
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for its hot climate. In the road transport sector, urban sprawl 
and limited alternative transport options appear to have con-
tributed to the GCC countries sharing some of the highest 
levels of gasoline consumption per capita globally.

Many energy efficiency policies focus on buildings (many 
of which are residential) and transport [3]. The GCC coun-
tries, however, implemented very few energy efficiency poli-
cies in both sectors during the 1990s and 2000s [4], although 
they have shown greater interest in energy efficiency in 
recent years given the rapid growth in energy consump-
tion, a deeper awareness of the value and extent of wasted 
resources, and the pressures placed on government budgets 
in the face of low international oil prices.

Saudi Arabia, for example has recently invested in energy 
efficiency labelling and has been raising its minimum energy 
efficiency standards for appliances. For example, the mini-
mum energy efficiency ratio for air conditioners was raised 
to 8.5 in late 2013 and subsequently to 9.8 for certain types 
of air conditioners, with further increases expected over the 
coming years [5, 6]. Similar energy efficiency standards and 
regulations have been implemented in the GCC region or are 
currently being considered.

Measuring energy efficiency and tracking it can help 
analysts quantify the impact of policies such as energy effi-
ciency labelling and minimum standards for appliances. But 
energy efficiency is difficult to measure. Therefore, analysts 
tend to use simpler, indirect indicators to measure and track 
energy efficiency. For the residential sector, energy use 
per capita is often used. A fall in electricity consumption 
per capita, for example, is often believed to be associated 
with energy efficiency improvements in residential build-
ings. Davis [7], for example explored the fall in residential 
electricity consumption per capita in the US and suggested 
that the recent uptake of energy efficient lighting is likely 
responsible for the fall. Another common indirect indica-
tor is energy intensity. However, as Filippini and Hunt [8, 
9] argue, such indirect indicators of energy efficiency can 
increase or decrease because of many different factors that 
are unrelated to energy efficiency. Filippini and Hunt [8] 
therefore advocate for the need to control for such factors 
when estimating energy efficiency by using frontier analysis.

Frontier analysis relaxes the assumptions of pure cost 
minimization, production maximization, or profit maximi-
zation, allowing for the introduction of inefficiency into the 
behaviour of economic agents. As discussed by Coelli et al. 
[10] and Kumbhakar et al. [11], there appear to be four theo-
retical models or functions for conducting frontier analysis:

• A production frontier model or function depicts the maxi-
mum possible output achievable for a given set of inputs. 
If producers are optimizing successfully, then they lie on 
the production frontier. In frontier analysis, this assump-
tion about successful optimization is relaxed so that pro-
ducers may be operating below the production frontier. If 
a producer is below the production frontier, then they are 
technically inefficient and must increase their technical 
efficiency to reach the frontier.

• A cost frontier model depicts the minimum possible cost 
given input prices and a certain level of output. If an 
economic agent is cost-minimizing, then they lie on the 
cost frontier. If their costs are higher than the minimum 
possible cost, then they lie above the frontier because of 
inefficiency. Unlike production frontier models, there are 
two sources of inefficiency in cost frontier models. First, 
an economic agent may have higher actual costs than 
the minimum possible because of technical inefficiency. 
Second, even if the production process is as technically 
efficient as possible, the agent may be able to reduce 
costs by choosing a ‘better’ combination of inputs. This 
is known as improving allocative inefficiency.

• Another important model that is used in frontier analy-
sis is the profit frontier model. With production frontier 
models, inputs are assumed exogenous. With cost frontier 
models, output is assumed exogenous. With profit fron-
tier models, both inputs and outputs are endogenous [11], 
which arguably results in a more realistic model for most 
producers.

• Distance frontier models are closely related to production 
frontier models and are particularly useful for dealing 
with multiple inputs and outputs. Distance frontier mod-
els allow users to describe production activities without 
specifying an objective such as profit maximization or 

Table 1  Average annual growth 
rates for real GDP, population, 
and energy consumption. 
Sources: World Bank and IEA

Country Real GDP (%) Population (%) Final energy 
consumption 
(%)

Residential electric-
ity consumption (%)

Gasoline 
consumption 
(%)

Bahrain 5.0 5.4 5.3 5.9 5.1
Kuwait 3.1 5.6 4.9 4.9 3.7
Oman 4.4 5.6 17.7 9.2 11.6
Qatar 12.6 11.5 8.8 20.4 10.3
Saudi Arabia 5.5 2.5 6.0 6.4 6.4
UAE 3.8 8.6 7.1 7.3 8.8
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cost minimization [10]. There are also two types of such 
models: input and output distance models.

Studies that attempt to measure efficiency through fron-
tier analysis, whether using production, profit, distance, 
or cost frontier models, will employ either parametric or 
non-parametric methods (see [12] for a comparison and 
a bibliometric analysis of both methods). An advantage 
of the non-parametric method is that it does not require a 
specific functional form [10]. Data envelopment analysis 
(DEA) appears to be the most widely used non-parametric 
method in the literature. Parametric methods on the other 
hand require a specific functional form, and can be either 
deterministic or stochastic [9–11, 13]. The most widely used 
parametric methods appear to be corrected ordinary least 
squares (COLS) and stochastic frontier analysis (SFA).

In the field of energy economics, Filippini and Hunt [9] 
demonstrated that there are three functional specifications 
that are becoming commonly used for measuring energy effi-
ciency: an energy requirement function (ERF), a Shephard 
energy distance function (SEDF), and the energy demand 
function (EDF). These functional specifications are derived 
from the theoretical models discussed previously. The ERF 
and SEDF are based on production and distance frontier 
models, respectively, and therefore only capture technical 
inefficiency. On the other hand, the EDF is analogous to a 
cost frontier model. As Filippini and Hunt [9] explained, 
the EDF depicts the minimum amount of energy needed to 
produce a certain level of output given energy prices and 
other factors. In the case of households, that output may 
be an energy service such as cooling or mobility. Since the 
EDF is analogous to a cost frontier model, it captures both 
technical and allocative inefficiency [9].

The number of studies attempting to measure energy 
efficiency across countries (or states) using such functional 
specifications has grown over the last few years, although 
they predominantly focus on developed countries. An early 
example is Boyd [14], who used an ERF to estimate the effi-
ciency of energy use for the US manufacturing sector using 
disaggregated data. Another example is Filippini and Hunt 
[8], who used an EDF with annual data from 1978 to 2006 
to estimate what they called underlying energy efficiency for 
a panel of 29 Organisation for Economic Co-operation and 
Development (OECD) countries. Moreover, they showed 
that energy intensity is generally a poor proxy for ‘true’ 
energy efficiency according to their measure of underlying 
energy efficiency.

Other studies that employed an EDF include Filippini 
and Hunt [15], Filippini et al. [16], Alberini and Filippini 
[17], Filippini and Hunt [18], Lundgren [19], and Otsuka 
[20] for the US residential sector, the European Union (EU) 
residential sector, the US residential sector using household-
level data, the whole economy of 49 US states, Swedish 

multi-sectors, and the Japanese residential electricity sec-
tor, respectively; whereas, Zhou et al. [21], Adetutu et al. 
[22], Otsuka and Goto [23], and Marin and Palma [24] are 
examples of studies that employed the SEDF for the whole 
economies of the OECD countries, whole economies of 
OECD and non-OECD countries, regional jurisdictions of 
Japan, and EU countries, respectively. Kipouros [25] also 
employed an EDF (and compared the results with an input 
distance function approach) to measure underlying energy 
efficiency for a panel of 39 developing countries.

There are also a few examples of studies that have 
attempted to measure energy efficiency for China. Lin and 
Wang [26] employed an ERF for multi-industries in China. 
Lin and Du [27], Lin and Long [28], and Shen and Lin [29] 
employed a SEDF for China’s different regions, chemical 
industry, and sub-industries, respectively; whereas, Broad-
stock et al. [30] and Filippini and Zhang [31] used an EDF 
for China’s households and sub-industries, respectively.

Therefore, there appears to have been very little previous 
work on developing countries (other than China), with Ade-
tutu et al. [22] and Kipouros [25] being the only exceptions. 
However, Adetutu et al. [22] used a SEDF benchmarking 
across both OECD and non-OECD countries and include 
only Kuwait, Saudi Arabia, and the UAE from the GCC, 
while Kipouros [25], who used an EDF, only included Saudi 
Arabia and Oman from the GCC. Furthermore, both studies 
focused on energy consumption at the whole economy level. 
Therefore, as far as we are aware, this is the first study to 
focus on measuring energy efficiency for all six GCC coun-
tries and for two key end-use sectors: residential electricity 
and road transport gasoline.

The choice of which functional specification to use (ERF, 
SEDF, or EDF) is often driven by data availability and the 
research questions being considered so, as shown above, 
various specifications have been applied in the literature 
to measure energy efficiency. This paper adopts the EDF 
because of its ability to capture both technical and allocative 
inefficiency.

It is also important to decide which frontier analysis 
method to use. Ideally, researchers should try different meth-
ods and compare the results, but the data do not always allow 
for this. As noted previously, COLS and SFA are arguably 
the most commonly employed parametric methods for fron-
tier analysis. With COLS, the frontier is deterministic such 
that any deviations from the frontier are attributed to inef-
ficiency. With SFA, as its name suggests, the frontier is sto-
chastic, which allows a distinction between inefficiency and 
statistical noise. SFA thus relies on a two-part error term, 
where one part captures the effects of statistical noise, meas-
urement error, and random shocks while the other part cap-
tures inefficiency [32]. Although SFA’s two-part error term 
likely results in more realistic estimates of inefficiency, this 
paper uses COLS, which is amenable to smaller datasets, 
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since the dataset for the GCC countries in this study is rela-
tively small.1 Nevertheless, as stated by Giraleas et al. [35] 
in a study that compared COLS, SFA, and DEA, “determin-
istic approaches [such as COLS] perform adequately even 
under conditions of (modest) measure error” (p. 673).

The remainder of this paper is organized as follows. 
“Methods” presents the estimation strategy for the econo-
metric models and the frontier approach used to estimate 
inefficiency. “Dataset construction” provides a comprehen-
sive description of the newly constructed dataset to facilitate 
this study. “Results” presents the energy efficiency results. 
Finally, “Discussion” discusses the implications of the 
results and concludes.

Methods

To measure energy efficiency, EDFs are first estimated 
econometrically for the residential electricity and road 
transport gasoline sectors using OLS. The residuals from 
the estimated models are then used in COLS to estimate a 
relative measure of energy efficiency, which we call relative 
underlying energy efficiency.

Ideally, we would like to capture all heterogeneity that 
is not related to energy efficiency in the EDFs, so that the 
error terms or residuals can accurately reflect energy effi-
ciency when used in COLS. We have therefore attempted to 
include as many relevant variables as possible. Of course, 
there will always be some heterogeneity left in the residuals 
that has not been controlled for, which will affect the esti-
mates of relative underlying energy efficiency. Nevertheless, 
by focusing on the six GCC countries, which share many 
cultural, demographic, climatic, and behavioural character-
istics, instead of expanding to the wider Middle East region, 
we should ensure that any ‘uncaptured’ heterogeneity is kept 
to a minimum.

Measuring energy efficiency using corrected 
ordinary least squares

The first step in COLS is to obtain estimates of the coeffi-
cients through OLS. The estimated function is then shifted 
downwards so that it reflects the minimum possible energy 
demand given a set of inputs.

The OLS residual is defined as follows:

(1)ûit = eit − êit,

where ûit is the OLS residual, eit is the natural logarithm of 
actual energy demand, and êit is the predicted natural loga-
rithm of energy demand, all for country i in year t.

To use COLS, the OLS intercept is adjusted downwards 
by the minimum OLS residual [11]. This shifts the esti-
mated EDF downwards so that it bounds all observations 
from below:

The term in parentheses on the right-hand side of Eq. (2) 
represents the estimated frontier function [11]. Thus, the 
expression eit −

(

êit +min
{

ûit
})

 reflects deviations above 
the frontier. As noted previously, this frontier describes the 
minimum possible energy demand given a set of inputs. The 
deviations from the frontier provide us with a measure of 
inefficiency, which we denote by ẑit . This measure of inef-
ficiency captures both technical and allocative inefficiency.

The underlying energy efficiency of each observation, 
denoted by ÛEEit , can then be calculated as follows:

The values of relative underlying energy efficiency there-
fore range from zero to one, with one representing the high-
est level of relative underlying energy efficiency.

Estimating the EDFs

Residential electricity demand ( eR
it
 ) was estimated using the 

following static specification:

where the superscript R denotes the residential electricity 
sector. The variables pR

it
 and yR

it
 denote the average real resi-

dential electricity price and income in country i in year t, 
respectively. The latter is measured using real GDP. The var-
iable popR

it
 denotes the total population for country i in year 

t, cddR
it
 denotes the total cooling degree days for country i in 

year t, and hsR
i
 denotes household size for country i, which 

was estimated in either 2010 or 2011 (depending on the 
GCC country) and held fixed for all other years in the study 
period. All lower-case variables are in natural logarithms.

Transport gasoline demand ( eT
it
 ) was estimated using the 

following static specification:

where the superscript T denotes the road transport gasoline 
sector. The variable pT

it
 denotes the average real gasoline 

price in country i in year t. The income ( yT
it
 ) and population 

(2)ûit −min
{

ûit
}

= eit −
(

êit +min
{

ûit
})

.

(3)ẑit = ûit −min
{

ûit
}

.

(4)ÛEEit = exp
(

−ẑit
)

.

(5)
eR
it
= �̂R

0
+ �̂R

1
pR
it
+ �̂R

2
yR
it
+ �̂R

3
popR

it
+ �̂R

4
cddR

it
+ �̂R

5
hsR

i
+ ûR

it
,

(6)
eT
it
= �̂T

0
+ �̂T

1
pT
it
+ �̂T

2
yT
it
+ �̂T

3
popT

it
+ �̂T

4
pcT

it
+ �̂T

5
rnT

it
+ ûT

it
,

1 See Richmond [33] for an early discussion of COLS in a production 
context and Pollitt [34] for a discussion of how COLS was used by 
the UK electricity regulator for benchmarking the efficiency of UK 
electricity networks.
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( popT
it
 ) variables are the same as those used in the residential 

sector ( yR
it
 and popR

it
 ) described above. It is worth noting that 

gasoline demand in the GCC is largely used by private light-
duty vehicles, while diesel is used by heavy-duty vehicles 
in the transport sector, which are largely owned by firms. 
The variables pcT

it
 and rnT

it
 denote the number of passenger 

cars and road network for country i in year t, respectively. 
As noted previously, all lower-case variables are in natural 
logarithms.

The residuals from both regressions were then used to 
estimate relative underlying energy efficiency through 
COLS.

Dataset construction

Income, population, and energy consumption

Real GDP and population were obtained from the World 
Bank [1]. Residential electricity and gasoline consumption 
were from the IEA [2].

Energy prices

It proved impossible to find readily available data on energy 
prices in the GCC due to the absence of a single consist-
ent source of data and the region’s complex energy pricing 
frameworks. Although organizations such as the IEA pub-
lish consistent energy prices for most OECD economies, no 
organization yet publishes similar data for the GCC (and 
for many developing countries in general).2 We therefore 
constructed a new energy price dataset for each sector by 
combining numerous data sources.

Electricity prices

Electricity in the GCC is sold to consumers at low admin-
istered prices. These administered prices usually remain 
fixed until a government decree is issued to change them. We 
constructed a residential electricity price time series using 
reports by the Arab Union of Electricity [36–38] combined 
with numerous news articles and reports by various energy 
companies [39–44].

The presence of tiered prices and price differentiation 
made the process of estimating a single, average electricity 
price for each GCC country in each year difficult. Exclud-
ing Kuwait, countries in the GCC had tiered electricity 
prices throughout the study period (2004–2014). These 
tiered prices increased with higher levels of electricity 

consumption. Some GCC countries had three tiers, while 
others employed four. Furthermore, tier sizes differed 
between countries, although the first two tiers generally cov-
ered between zero and 4000 kw-h of electricity consumption 
per month. The average monthly electricity consumption of 
most households in the GCC is believed to lie within this 
range. Further complicating matters was the price differ-
entiation in Qatar and the UAE, where electricity was sup-
plied to citizens at relatively lower prices. In fact, electricity 
was provided free to Qatari citizens during the study period. 
Furthermore, in the UAE electricity was supplied at different 
prices across the different emirates.

We dealt with the issue of tiered prices by taking an aver-
age of the first two tiers to obtain a single price. In the case of 
Kuwait, estimating an average price was straightforward since 
there were no tiers. In the cases of Bahrain, Oman, and Saudi 
Arabia, the average price of electricity was defined to be an 
average of the prices at the first two tiers. In Qatar, the aver-
age price of electricity for citizens was zero, while expatriates 
faced multiple tiers. Therefore, we estimated a weighted aver-
age of the average prices for citizens and expatriates, where 
the weights depended on population shares. In the case of the 
UAE, an average price for Dubai and Abu Dhabi was esti-
mated using the same approach for Qatar because both emir-
ates had different prices for citizens and expatriates. These 
two averages were then averaged again using population 
shares to obtain a single electricity price for the whole of the 
UAE. (This approach overlooks the electricity prices in the 
other five emirates, however, due to a lack of data.)

Gasoline prices

Several grades of gasoline are sold at considerably different 
prices in the GCC region. For example, in 2014 Saudi Arabia 
sold 95-octane gasoline at 0.60 Saudi Riyals per litre, which 
was 33% more expensive than 91-octane gasoline. Similar 
price differences exist in the other GCC countries as well. 
The World Bank [1], however, only provides prices of super 
gasoline, which is usually the 95 octane gasoline in a country. 
Further complicating matters, the World Bank [1] reports 
gasoline prices in even years only (i.e. 2000, 2002, 2004, 
etc.). In many cases, the gasoline prices reported in consecu-
tive even years for a country in the GCC were equal, implying 
the same gasoline price during the odd year in between. In 
other cases, different gasoline prices were reported in con-
secutive even years due to a government decree that changed 
gasoline prices. In such cases, the gasoline prices in odd 
years were found through news articles that announced the 
changes [45, 46]. In a few cases, however, no data were found 
to fill the unreported odd years, resulting in an unbalanced 
panel, where the years of missing gasoline price data were 
eliminated from the model. The missing data points were 
for Qatar in 2005 and 2013 and the UAE in 2005 and 2009.

2 The IEA has recently started collecting and providing energy price 
data for the GCC countries, although the data remain relatively lim-
ited, particularly for time series or panel regression analysis.
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Additional sector‑specific variables

There are several sector-specific variables that can influence 
energy demand. By including as many of these variables as 
possible, the residuals from the econometrically estimated 
EDFs can provide better estimates of relative underlying 
energy efficiency when used in COLS.

For the residential sector, we included household size, 
obtained from Nakono [47] and NCSI [48]. We also included 
cooling degree days for each GCC country, which we calcu-
lated using average monthly temperature data obtained from 
the Climate Change Knowledge Portal [49]. To calculate the 
average monthly cooling degree days, we set 18 ℃ as the 
baseline temperature and calculated the difference between 
the average monthly temperature and the baseline:

where AMCDDimt denotes the average monthly cooling 
degree days and AMTimt the average monthly temperature, 
all for country i in month m and year t  . NDm denotes the 
number of days in each month m.

The average monthly cooling degree days were calcu-
lated for each GCC country in each month between 2004 
and 2014. They were then converted into annual cooling 
degree days, denoted by CDDit , by taking the sum across all 
12 months for each year:

For the transport sector, we included the number of pas-
senger cars, obtained from OICA [50], the WRS [51], and 
SESRIC [52]. We also included the total road network. 
However, the readily available road network data on GCC 
countries across a number of sources is of limited use in our 
models [1, 51, 53]. The reported data, which were more or 
less the same across the three sources, appear to have been 
estimated by a different method by each country. Accord-
ing to the reported data, the UAE for example, which has a 
land area of 83,600 km2, had a reported road network that is 
less than half of Qatar’s, a considerably smaller nation with 
a land area of 11,610 km2. This is highly unlikely. These 
figures likely stem from the UAE reporting the length of its 
motorway road network only, while Qatar may be reporting 
the total length of its road network, including motorways, 
streets, and service roads. In other words, the road network 
data appear to be ‘comparing apples to oranges’. The use 
of such data in our econometric models would likely yield 
misleading coefficients and is thus of limited use.

To overcome this issue, the total road network in each 
GCC country was estimated using geographic information 
system (GIS) analysis. Our approach rested on linking the 

(7)
AMCDDimt = NDm ×

(

AMTimt − 18
)

, for AMTimt ≥ 18,

(8)CDDit =

m=12
∑

m=1

AMCDDimt.

size of urbanized areas in each country to its road network. 
Two primary datasets were used in the road network estima-
tion process, namely:

• Open street map (OSM) A crowdsourced spatial database 
providing free global road data with a completeness rate 
reaching 89% [54]. A data dump for the roads in GCC 
countries was acquired from the OSM database [55]. 
These data effectively form a snapshot that includes all 
the roads in each GCC country as of October 2017.

• Global human settlement (GHS) A dataset that includes 
two GIS layers representing built-up (i.e. urban) areas as 
derived from Landsat image collections [56]. The dataset 
covers the years 2000 and 2014.

Given the datasets identified above, ArcGIS was used to 
estimate the total road network in each GCC country for the 
years 2000 and 2014. The missing data in between were then 
generated using linear extrapolation. The growth in the road 
network over this period was approximated by the growth in 
the urban areas as identified by GIS. We effectively assumed 
that the growth in the total road network was driven by the 
expansion of cities through new urban areas, while the roads 
that connected cities were fixed. Given the assumptions, it is 
likely that the total road network estimates for the year 2000 
were overestimated using our approach. However, the over-
estimates would be consistent across the six countries. Thus, 
the approach that was used, although not perfect, provides 
a consistent ‘apples-to-apples’ comparison of the total road 
network in GCC countries. The data are shown in Table 2. 
More details on the construction of the road network dataset 
can be found in Appendix A.

Results

Residential electricity sector

Estimated residential energy demand model

The estimated residential electricity demand models are 
shown in Table 3. The estimated OLS coefficients for both 
Specification 1 and Specification 2 for the price, income, 
population, climate, and household size variables are all 
statistically significant at least at the 1% level.3,4 All the 

3 Given this is a benchmarking exercise and that the time series spans 
a relatively short period, testing for unit roots is not undertaken in this 
type of analysis.
4 Dummy variables were included when there were sharp unex-
plained changes in the dependent variable, most likely the result of 
issues in the underlying data. This appeared to be the case for resi-
dential electricity consumption in Qatar in 2008.
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coefficients have the expected signs, except for the house-
hold size variable. For this reason, two models are presented: 
one with and one without the household size variable. Addi-
tional robustness regressions that incorporated time trends 
and time dummy variables, shown in Appendix B, confirm 
the robustness of these models.

For many countries, one would expect smaller household 
sizes to lead to higher energy consumption. For example, 
when a married couple sharing a single house separate and 
move into two houses, average household size decreases 
while energy consumption usually increases. Therefore, 

coefficients for household size are generally expected to be 
negative. However, the estimated positive coefficient may 
be capturing differences between the ratio of expatriate and 
citizen households in GCC countries. Regional surveys 
often reveal considerable differences between citizen and 
expatriate households. NCSI [48], for example showed that 
the average household size in Oman for citizens only was 
8.1 individuals per household in 2010. When expatriates 
were included in the calculation, average household size fell 
to 6.1. Therefore, assuming that citizens in GCC countries 
share similarly large household sizes, and that expatriates, 
many of whom fall in the lower-income category, live in 
smaller houses that consume less electricity, then a larger 
household size may point to a smaller share of expatriate 
households, which appear to consume less electricity.

Given that all variables are entered in logarithmic form, 
the estimated coefficients are long-run elasticities. The esti-
mation results reveal that residential electricity demand in 
the GCC region is somewhat price inelastic, with estimated 
elasticities between − 0.46 and − 0.54. They also reveal that 
demand is income inelastic, with estimated elasticities rang-
ing from 0.16 to 0.32. The population elasticity is relatively 
more elastic, with estimated values between 0.75 and 0.92. 
Finally, the cooling degree days elasticity was found to range 
from 0.88 (somewhat inelastic) to 1.20 (elastic).

As shown by Atalla and Hunt [57], earlier econometric 
studies of residential electricity demand in the GCC gener-
ated small income and price elasticities, while more recent 
studies revealed relatively larger elasticities. Using structural 
time series models, Atalla and Hunt [56] found that the long-
run income elasticity ranged from 0.43 to 0.71 across the six 
GCC countries, suggesting that electricity demand in the 
GCC was income inelastic. These estimates are relatively 
more elastic than the coefficients estimated in this paper. 

Table 2  Total road network 
in each GCC country between 
2000 and 2014 (units: km). 
Sources: OSM, GHS, and 
KAPSARC analysis

Year Bahrain Qatar Kuwait Oman UAE Saudi Arabia

2000 5287.07 12,138.69 16,887.58 36,738.25 50,634.91 178,736.60
2001 5300.33 12,205.90 16,967.61 36,889.72 50,941.02 180,286.59
2002 5313.59 12,273.10 17,047.64 37,041.18 51,247.13 181,836.58
2003 5326.85 12,340.31 17,127.68 37,192.65 51,553.23 183,386.56
2004 5340.11 12,407.52 17,207.71 37,344.11 51,859.34 184,936.55
2005 5353.37 12,474.73 17,287.74 37,495.58 52,165.45 186,486.54
2006 5366.63 12,541.94 17,367.77 37,647.04 52,471.55 188,036.53
2007 5379.89 12,609.15 17,447.80 37,798.51 52,777.66 189,586.51
2008 5393.15 12,676.36 17,527.83 37,949.97 53,083.77 191,136.50
2009 5406.41 12,743.57 17,607.87 38,101.44 53,389.87 192,686.49
2010 5419.67 12,810.78 17,687.90 38,252.90 53,695.98 194,236.48
2011 5432.93 12,877.99 17,767.93 38,404.37 54,002.09 195,786.47
2012 5446.19 12,945.20 17,847.96 38,555.83 54,308.19 197,336.45
2013 5459.45 13,012.41 17,927.99 38,707.30 54,614.30 198,886.44
2014 5472.71 13,079.62 18,008.02 38,858.76 54,920.40 200,436.43

Table 3  Estimated residential electricity demand models

The *, **, and *** denote statistical significance at the 10%, 5%, and 
1% level

Dependent variable: residential electricity consumption

Independent variables Specification 1 Specification 2 
(preferred)

Coeff. Std. err. Coeff. Std. err.

Real price of electricity − 0.457*** (0.032) − 0.544*** (0.024)
Income 0.161*** (0.047) 0.315*** (0.037)
Population 0.917*** (0.054) 0.754*** (0.042)
Cooling degree days 1.206*** (0.267) 0.879*** (0.186)
Household size – – 1.931*** (0.231)
Constant 15.737*** (1.312) 19.366*** (0.994)
Dummy Qatar08 − 0.546*** (0.157) − 0.373*** (0.109)
R-squared 0.98170 0.99160
Adjusted R-squared 0.98020 0.99080
Standard error of 

regression
0.15343 0.10467

Akaike information 
criterion

− 54.42780 − 104.0134
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Furthermore, they found that the price elasticity ranged from 
− 0.10 to − 0.16, revealing demand to be strongly price ine-
lastic. Although this paper also finds residential electricity 
demand to be price inelastic, the estimated coefficients by 
Atalla and Hunt [57] are relatively more inelastic. They also 
found that demand is population inelastic (except for Qatar), 
with estimates ranging from 0.68 to 1.00. These estimates 
are in line with the findings from our panel model.

Residential electricity sector efficiencies

Using the outlined COLS procedure, relative underlying 
energy efficiency was estimated for each GCC country in 
each year based on the preferred specification in Table 3 
(although the results did not vary considerably between 
specifications). The estimated energy efficiencies are shown 
in Fig. 1.

The analysis reveals the UAE in 2011 to be the most 
energy efficient in residential electricity consumption. It 
also reveals Bahrain in 2006 to be the least energy efficient. 
The trends also show that Kuwait, Bahrain, and the UAE 
witnessed improvements of 33.0, 17.0, and 10.0 percent-
age points in their underlying energy efficiencies between 
2004 and 2014. In contrast, Qatar and Oman witnessed 
deteriorations of 29.8 and 12.7 percentage points over the 
same period. In Saudi Arabia, underlying energy efficiency 
remained largely flat, with a change of only − 0.8 percentage 
points over the 11-year period.

It appears that none of the countries that experienced 
improving energy efficiency implemented significant energy 
efficiency programmes during the study period. This sug-
gests that some GCC countries may have been beneficiaries 
of global improvements in appliance technology. By 2014, 

Kuwait appeared to be the most efficient in residential elec-
tricity consumption. While it may be difficult to attribute 
a single cause to this result, it is worth noting that Kuwait 
was the first GCC country to implement thermal insulation 
regulations (in 1983), which were later revised in 2010 [4]. 
Nevertheless, because of the lags between the implementa-
tion of a policy and its impact on energy efficiency, it can be 
difficult to attribute a change in the trend to a single energy 
efficiency policy.

Road transport gasoline sector

Estimated gasoline demand model

The preferred estimated gasoline demand model is shown 
in Table 4. The estimated OLS coefficients for the price, 
income, population, passenger cars, and road network vari-
ables are all statistically significant at least at the 5% level 
and with the expected signs. Additional regressions incor-
porating time trends and time dummy variables are shown 
in Appendix B, providing evidence on the robustness of this 
model.

The estimation results reveal that gasoline demand in the 
GCC region is price inelastic, with an estimated elasticity 
of − 0.14. Compared to our estimated residential electricity 
demand models, gasoline demand appears to be consider-
ably more price inelastic. The estimation results also reveal 
gasoline demand to be income inelastic, with an estimated 
elasticity of 0.19. This is in line with the income elasticity 
estimated for the residential electricity demand model. The 
population elasticity was found to be relatively more elastic 
than the income elasticity, with a value of 0.57. This is again 
similar to what was observed with the estimation results 

Fig. 1  Relative underlying 
energy efficiency of residential 
electricity consumption for the 
six GCC countries
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from the residential electricity demand model. Gasoline 
demand was also found to be inelastic with respect to the 
number of passenger cars, with an estimated elasticity of 
0.29, and the length of the road network, with an estimated 
elasticity of 0.09.

Atalla et al. [58] showed that gasoline demand in Saudi 
Arabia was price and income inelastic, with long-run price 
and income elasticities of − 0.09 to − 0.15 and 0.15 to 
0.61, respectively. In their review of past econometric 
studies of gasoline demand, for both Saudi Arabia indi-
vidually and the GCC countries, they found that in general 
the estimated elasticities were relatively small in almost all 
of the studies. These results are in line with the gasoline 
demand elasticities estimated in this paper.

Transport sector efficiencies

Using COLS, relative underlying energy efficiency was 
estimated for each GCC country in each year based on the 
model from Table 4. The estimated energy efficiencies are 
shown in Fig. 2.

The results in Fig. 2 reveal Bahrain in 2011 to be the 
most energy efficient in gasoline consumption and Oman 
in 2012 to be the least efficient. The trends also show 
that Bahrain, Kuwait, Qatar, and Saudi Arabia witnessed 
improvements of 26.0, 20.5, 8.1, and 7.4 percentage points 
in their underlying energy efficiencies. In contrast, Oman 
and the UAE witnessed deteriorations of 32.0 and 25.1 
percentage points.

In four of the GCC countries, energy efficiency in pas-
senger cars appears to have improved. This may have been 
driven by tighter global fuel economy standards and/or a 
shift in preferences towards smaller cars, which tend to be 
relatively more fuel efficient. Although Oman and the UAE 
may have been beneficiaries of tighter global fuel economy 
standards as well, their underlying energy efficiencies appear 
to have deteriorated, possibly due to a growing preference 
for larger cars with lower fuel economies.

Benchmarking countries using different indicators

Following Filippini and Hunt [8, 15], we rank the GCC 
countries in terms of energy efficiency using both indirect 
indicators and our estimated measures of underlying energy 
efficiency. The comparisons are shown in Table 5. If the 
country that had the lowest energy use per capita was the 
most efficient and vice versa, then the rankings would be 
the same for both indicators of energy efficiency. However, 

Table 4  Estimated gasoline demand models

The *, **, and *** denote statistical significance at the 10%, 5%, and 
1% level

Dependent variable: gasoline consumption

Independent variables Preferred specification

Coeff. Std. err.

Real price of gasoline − 0.137** (0.059)
Income 0.195*** (0.042)
Population 0.572*** (0.058)
Passenger cars 0.293*** (0.064)
Road network 0.087*** (0.032)
Constant − 10.851*** (0.580)
R-squared 0.98500
Adjusted R-squared 0.98370
Standard error of regression 0.14519
Akaike information criterion − 57.64543

Fig. 2  Relative underlying 
energy efficiency of gasoline 
consumption for the six GCC 
countries
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Table 5 reveals that the rankings differ depending on which 
indicator is used to measure energy efficiency. These differ-
ences hold true for both the rankings calculated using the 
latest available year of data (2014, as shown in the table) 
and the rankings calculated using averages for different peri-
ods. This suggests that indirect indicators such as energy use 
per capita and energy intensity are not very useful at rank-
ing countries in terms of energy efficiency relative to one 
another, which is consistent with what Filippini and Hunt 
[8, 15] observed. The weak correlation coefficients between 
both indicators of energy efficiency also provide further evi-
dence, particularly for the residential electricity sector. If 
energy use per capita and energy efficiency were perfectly 
correlated, the coefficient would have been − 1.

Discussion

Energy consumption in the GCC region has grown rap-
idly over the last several decades. With low administered 
energy prices, rapid population growth, and extensive eco-
nomic development, final energy consumption across the 
GCC countries increased by an average of 6.8% per annum 
between 2004 and 2014—almost four times faster than 
the global average. Carbon dioxide emissions in the GCC 
countries, driven by energy consumption, grew at a similarly 
rapid pace.

Energy efficiency carries the potential to mitigate such 
growth in energy demand and carbon dioxide emissions, 
putting the GCC countries on a more sustainable path-
way. There is huge potential for energy efficiency, and 
policymakers in GCC countries have recently been study-
ing and implementing a wide range of energy efficiency 
programmes, such as minimum energy efficiency stand-
ards, thermal insulation regulations, and energy efficiency 
labelling.

To measure the impact of such programmes, it is impor-
tant to be able to measure energy efficiency accurately for a 
country or one of its sectors, and to benchmark with other 
similar countries. This is where frontier analysis can play a 
key role.

This study constructed an energy-related dataset for the 
period 2004–2014, which was then used to measure energy 
efficiency in the residential electricity and road transport 
gasoline sectors in the GCC countries. The results revealed 
that Kuwait, Bahrain, and the UAE improved their energy 
efficiency in their residential electricity sectors between 
2004 and 2014, while it remained largely flat in Saudi 
Arabia. In contrast, Qatar and Oman saw deteriorations in 
energy efficiency over the same period. In the gasoline sec-
tor, Bahrain, Kuwait, Qatar, and Saudi Arabia improved their 
energy efficiency, while Oman and the UAE saw deterio-
rations. Nevertheless, these results suggest that underlying 
energy efficiency in general improved in the GCC region in 
those two sectors, in contrast to the trend of rising energy 
intensity that the region has been witnessing.

Although there were few energy efficiency policies imple-
mented in the GCC countries over the study period, energy 
efficiency improvements were observed in the estimated 
underlying energy efficiency trends. These improvements 
may have been driven by global improvements in appliance 
technology and tighter global fuel economy standards, of 
which the GCC countries were beneficiaries. Nevertheless, 
there may be huge potential for greater energy efficiency 
improvements in the GCC countries through the implemen-
tation of domestic energy efficiency programmes. Frontier 
analysis could be used to track the impact of such pro-
grammes on energy efficiency, both on its evolution and its 
relative level with respect to other countries.

Future work on measuring energy efficiency in the 
GCC through frontier analysis could be accelerated and 
improved through the provision of higher quality, more 
recent data with shorter lag times. As shown in this paper, 

Table 5  The rankings of 
countries in 2014 according 
to both energy use per capita 
and relative underlying energy 
efficiency

Rankings Residential electricity Road transport gasoline

Underly-
ing energy 
efficiency

Electricity use per capita Underly-
ing energy 
efficiency

Gasoline use per capita

1st (most efficient) Kuwait Oman Bahrain Bahrain
2nd Oman UAE Saudi Arabia Oman
3rd UAE Saudi Arabia Kuwait Saudi Arabia
4th Bahrain Bahrain Qatar Kuwait
5th Saudi Arabia Qatar UAE Qatar
6th (least efficient) Qatar Kuwait Oman UAE
Correlation coefficient 0.136 − 0.540
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energy-related data for many of the GCC countries were 
missing, and some of the available data were not compara-
ble, as in the case of the road network. Greater investment in 
the provision of consistent, high-quality data combined with 
short lag times could allow analysts to quickly measure and 
track energy efficiency through frontier analysis, providing 
policymakers with prompt feedback on the impact of energy 
efficiency policies and programmes and helping them adjust 
those programmes effectively to achieve optimal outcomes.
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Appendix A: Constructing the total road 
network data

Estimation of the road network for each of the six GCC 
countries was completed via the following steps:

Initially, the OSM GIS layer was filtered to include only 
the roads that are relevant to this study, that is, those con-
structed to be used by motor vehicles. The roads were then 
classified into two categories: urban or interurban. Urban 
roads were defined to be located completely within urban-
ized areas, while interurban roads were defined to be the 
highways that extended beyond urban areas to connect cities 
and towns.

The total length of urban and interurban roads in each 
GCC country in 2017 was calculated using OSM GIS. Fur-
thermore, the size of the urban areas in each GCC country 
for the years 2000 and 2014 was calculated using the GHS 
dataset.

The total road network in 2017 was assumed to be equal 
to the total road network in 2014. It is almost certain that 

the road network grew between 2014 and 2017, but given 
the fall in international oil prices that started in 2014, the 
relationship between public spending and oil revenues in 
GCC economies, and the vast road infrastructure that had 
already been developed over the past several decades, it 
is likely that the growth was limited. Thus, the total road 
network in 2014 for each GCC country was assumed to be 
equal to that of 2017, as shown in the following equation:

where TRit denotes the total road network for country i in 
year t, URit the urban road network for country i in year 
t  , and IURi , the interurban road network for each country 
i , which is assumed to be fixed over the study period. In 
other words, any growth in the total road network during the 
period 2000–2014 is assumed to be driven entirely by the 
growth of urban areas, as cities expanded and grew larger 
while the roads that connect cities remained fixed. As noted 
previously, we assumed no growth in the urban road network 
between 2014 and 2017 because of data limitations, but this 
is not likely to be a major issue given the fall in interna-
tional oil prices and limited government spending during 
these 3 years.

An urban road density factor was estimated for each 
GCC country by dividing the 2014 urban road network by 
the 2014 urban area, as follows:

where DFi denotes the road density factor for country i and 
UAit the urban area for country i in year t . The density fac-
tor is assumed constant over time, allowing the urban road 
network in the year 2000 to be estimated as follows:

With a fixed interurban road network, the total road 
network in 2000 can be calculated as follows:

The total road network between the years 2000 and 
2014 was then obtained using linear extrapolation.

Appendix B: Robustness check regressions 
with time trends and time dummy variables

Time trends and time dummy variables can be added to 
energy demand models to capture changes in technical 
progress and other unobserved factors. However, the inclu-
sion of time dummies in a COLS regression would prevent 

(9)
TRi2014 = TRi2017 = URi2017 + IURi = URi2014 + IURi,

(10)DFi =
URi2014

UAi2014

,

(11)URi2000 = DFi × UAi2000.

(12)TRi2000 = URi2000 + IURi.

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
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us from observing the changes in estimated underlying 
energy efficiency over time relative to the benchmark. 
Nevertheless, as a robustness check, we ran regressions 
for both residential electricity and gasoline that included 
time trends and time dummy variables.

Table 6 shows that the specifications for residential elec-
tricity that included a time trend or time dummies yielded 
similar estimated coefficients for the variables included in 
the preferred models in the paper, all of which remained 
statistically significant. This robustness is also illustrated in 
Fig. 3. Furthermore, the time trend was not found to be sta-
tistically significant, while in the case of the time dummies, 
only two of them were found to be statistically significant 
(for the years 2010 and 2011). Since neither the time trend 
nor the time dummies were generally statistically significant, 
they were not included in the preferred specification. 

Table 7 shows the impact of adding a time trend or 
time dummies to the preferred estimated transport gaso-
line specification. As with residential electricity, the time 
trend and time dummies were generally not statistically sig-
nificant and did not alter the estimated coefficients for the 
variables included in the preferred models in any consider-
able way as illustrated in Fig. 4. Therefore, also similar to 

Table 6  Estimated residential 
electricity demand models

The table shows the estimated coefficients and their standard errors
The *, **, and *** denote statistical significance at the 10%, 5%, and 1% level

Dependent variable: residential electricity consumption

Independent variables Preferred specification With a time trend With time dummies

Coeff. Std. err Coeff. Std. err. Coeff. Std. err.

Income 0.315*** (0.037) 0.308*** (0.037) 0.273*** (0.037)
Real price of electricity − 0.544*** (0.024) − 0.553*** (0.025) − 0.555*** (0.024)
Population 0.754*** (0.042) 0.768*** (0.042) 0.818*** (0.044)
Cooling degree days 0.879*** (0.186) 0.946*** (0.190) 1.237*** (0.207)
Household size 1.931*** (0.231) 1.934*** (0.229) 1.857*** (0.222)
DummyQatar08 − 0.373*** (0.109) − 0.376*** (0.108) − 0.398*** (0.114)
Constant 19.366*** (0.994) 19.723*** (1.014) − 20.829*** (1.041)
Time trend – – − 0.006 (0.004) – –
DummyTime05 – – – – 0.056 (0.057)
DummyTime06 – – – – 0.014 (0.058)
DummyTime07 – – – – − 0.064 (0.058)
DummyTime08 – – – – − 0.017 (0.061)
DummyTime09 – – – – − 0.075 (0.059)
DummyTime10 – – – – − 0.127** (0.063)
DummyTime11 – – – – − 0.116* (0.059)
DummyTime12 – – – – − 0.096 (0.060)
DummyTime13 – – – – 0.010 (0.058)
DummyTime14 – – – – − 0.035 (0.060)
R-squared 0.99160 0.99190 0.99570
Adjusted R-squared 0.99080 0.99090 0.99490
Standard error of regression 0.10467 0.10365 0.07807
Akaike information criterion − 104.0134 − 104.433 − 103.29910
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Fig. 3  Estimated coefficients for three specifications of the residential 
electricity demand model
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residential electricity, neither the time trend nor the time 
dummies were included in the preferred specification. 
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