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Abstract

This paper examined demand for electricity in Ethiopia as a function of real gross
domestic product per capita, real price of electricity and population growth rate
between the period 1976 and 2010. Partial adjustment and ARIMA models were used to
provide electricity demand estimation and forecast, and results were compared with
government projections. In the partial adjustment model, we found that income and
population growth are the main determinants of electricity demand in Ethiopia, while
the effect of electricity price is insignificant. Moreover, elasticities of electricity demand
in Ethiopia are low (inelastic demand) meaning that, the responsiveness of consumers’
to price, income and population growth rate changes is limited. From the comparison of
ARIMA (1, 2, 1) model forecasts and government projection, except reference scenario,
we found that the government electricity demand projections are consistently higher for

moderate and targeted scenario than forecasted values of ARIMA (1, 2, 1) model.

Key words: Partial adjustment model, Elasticity, Co-integration Analysis, ARIMA



Introduction

1.1 Background of the Study

According to Accram (2005), about 928 million people live in slums all over the world
and most of these people are in developing nations. The challenges are copious, as the
slum world brings with it mass poverty, unemployment and degradation. The figures
according to him are expected to rise in the next few years. There is another problem
facing city managers in Africa, it is providing electricity to the poor in order to aid
development, but there seems to be no concrete arrangement in this direction.
Odumosu (2005) states that for a long time now most role-players in the power
industry have agreed that the best way to rapid development is through adequate
provision of electricity. However, across the African continent, there are differences in
levels of power provided such that classification on the basis of sufficiency is complex.
Hence the continent can be categorized into four on the basis of population and land
mass. There are small countries with sufficient power such as Lesotho, big countries
with sufficient power such as Ethiopia and South Africa, small countries with
insufficient power such as Benin Republic and big countries with insufficient power
such as Nigeria. It is therefore imperative for Africa to generate adequate power for

development to take place.

Ethiopia is a landlocked country situated in the Horn of Africa with a population

estimated at over 73 million and its annual population growth rate of 2.5% ranks it 28



fastest growing of 229 countries in the world. In terms of gross domestic product
(GDP) per capita Ethiopia is rated 174t of 179 and in terms of human development
index it is rated 169t of 177. These numbers indicate Ethiopia as one of the poorest

countries in the world (Census, 2007).

Electricity has become an essential commodity in a modern society. Our daily lives
depend on the use of electricity in various forms. Many countries in Africa are
endowed with hydropower resources. In the rural areas of least developed countries,
due to lack of adequate access to modern energy services, many social and
development programmers cannot be implemented. Most role-players in the power
industry have agreed that the best way to rapid development is through adequate
provision of electricity. Ethiopia is endowed with abundant water resources
distributed in many parts of the country. However, it has not made significant
progress in the field of water resources development during the past four decades. In
particular, the exploitation of hydropower potentials was not noticeably successful in
spite of being given priority as in the national development plan (Solomon, 1997). The
Ethiopian Electric Power Corporation (formerly Ethiopian Electric Light and Power
Authority established by charter in 1956) is a statutory corporation established by the
council of ministers Regulation No.118/97. It is mandated to engage in the business of
electricity generation, transmission and distribution in Ethiopia and is owned by the

government (Girma, 2000).

Ethiopian Electric Power Corporation (EEPCo) organizational reforms have been
transformed during the last eight years. The targets set by the government for the
organization in 1997 were simple; increase generating capacity, reach all regions of the
country, increase sells and improve collection. In order to promote the achievement of
these targets, the company was reorganized. The most significant measure was
decentralization of operations and management, with the division of the company in
to eight regions with 10-15 districts in each region. Each district is responsible for

supply, maintenance and commercial matters in the district, including new

2



connections, revenue collection and disconnection (Venkataravaman and

Krishnaswamy, 2007).

Ethiopia is one of the few African countries with the potential to produce hydroelectric
and geothermal power. As of mid-1991, however, no comprehensive assessment of
this potential was available, although some estimates indicated that the total potential
could be as much as 143 billion kilowatts. The main sources of this potential were
thought to be the Abay (Blue Nile; 79.9 billion kilowatts), the Shebele (21.6 billion
kilowatts), and the Omo (16.1 billion kilowatts). The remaining 25.9 billion kilowatts

would come from rivers such as the Tekeze, Awash, Baro, Genale, and Mereb.

Ethiopia's first large hydroelectric generating facilities were constructed in the Awash
river basin. The three plants-Awash I (Koka) with capacity, Awash II with 32,000
kilowatts capacity, and Awash III with 32,000 kilowatts capacity were finished
between 1960 and 1972. In 1974 the Fincha River facility in central Welega opened with
a generating capacity of 84,000 kilowatts. Other major power generating facilities
included those at Bahir Dar (7,680 kilowatts) and Aba Samuel (6,560 kilowatts). The
total installed capacity of thermal generating units amounted to 210,084 kilowatts in

1985/86.

Electric power production in 1985/86 totaled 998.7 million kilowatt, 83 percent of
which was produced by hydroelectric power installations. Thermal generating units
produced the remaining 17 percent. The thermal generating units in the public utility
system, many of which were comparatively small, had a generating capacity of 95,635
kilowatts in 1985. Major units were located close to Asmera (31,900 kilowatts), Dire
Dawa (4,500 kilowatts), Addis Ababa (3,100 kilowatts), and Aseb (3,100 kilowatts). In
1985/86 various business enterprises and local communities owned electrical

generators of unspecified capacity.



The regional electrical distribution system included an interconnected system and a
self-contained system. By 1988 most power generating sources, including all major
hydroelectric power plants, were interconnected in a power grid. The interconnected
system served more than 100 towns. Power from the Awash, Fincha, and Aba Samuel
stations ran the central system, the largest component of the interconnected system.
The Bahir Dar interconnected system, which served parts of Gojam and Gonder, and
the Eritrean Region Electricity Supply Agency (ERESA) were two of the other major
systems. A majority of the self-contained systems got their power from thermal power

plants, with the power often being used for domestic purposes and to run small mills.

The Ethiopian Electric Light and Power Authority (ELPA), a government corporation,
operated most of the country's power systems. Prior to the revolution, ELPA
incorporated more than forty electric power stations and generated about 80 percent
of the nation's total electrical output. Two Italian firms, Societa Elettrica dell Africa
Orientale and Compagnia Nazionale Impresse Elettriche, chiefly serving Eritrea,
produced another 16.5 percent of the country's electrical energy. Independent stations
generated the remaining 3 to 4 percent. In 1975 the government nationalized all
private utility companies and placed them under ELPA. Since then, utility services
have been reserved exclusively to the state. In 1987 ELPA served about 170 towns and
produced about 92 percent of the national electrical output. Mass organizations, sugar

factories, and the Aseb refinery administered the remaining 8 percent.

In 1985/86, of the total 847.7 million kilowatt of power sold by ELPA, 59 percent was
for industrial use, 29 percent for domestic use, 10 percent for commercial use, and the
remaining 2 percent for other uses such as street lighting and agriculture. By 1987

about 9 percent of the total population (4.3 million people) were using electricity.

The Ethiopian Electric Power Corporation (EEPCO) is currently responsible for almost

all of the electricity supply in Ethiopia. The organization has operating two systems:



the interconnected system (ICS) forming the national grid, and self contained system

(5CS) consisting of isolated, individual supply center.

Table-1: EEPCo Grid (ICS) Hydro Power Generating Capacity

Power plant Installed Average Percenta | Percentage
Year | capacity(M | energy ge of of average
Wh) capability installed | installed
(GWh/year) capacity | capacity
Koka 1960 | 43.2 110 A 1.5
Tis Abbay I 1964 | 11.4 85 0.6 1
Awash II 1966 | 32 182 1.6 2.4
Awash III 1971 |32 182 1.6 2.4
Finchaa 1973 | 100 660 5.2 8.8
Melka Wakena |1988 | 153 543 7.9 7.2
Tis Abbay II 2001 |73 359 3.8 4.8
Finchaa 4 unit | 2002 | 34 137 1.8 1.8
Gilgel Gibe | 2004 | 184 720 9.6 9.6
Tekeze 2009 | 300 1070 15.5 14.3
Gilgel Gibe II 2010 | 420 1886 21.7 25,2
Amerti Neshe 2010 97 198 5.0 2.6
Total 1939.6 7496

Source: EEPCo website

Ethiopia is already over-dependent on hydropower in its energy portfolio. Besides its

25-year master plan, EEPCo is also undertaking an aggressive five-year plan called the



Universal Electrification Access Program (UEAP) to expand the domestic grid. The
UEATF’s goal is to increase access to electricity to 50% of the population, by extending
the grid to a total of 6,000 rural towns and villages by 2010. At the beginning of the
program in 2005, EEPCo had 700,000 customers in 470towns. EEPCo reports it has
electrified an additional 758 towns and villages in 2007, and that access rates have

increased from 15% in 2005 to 22% in 2007. (Terri, 2008).

There is a clear commitment from the Government of Ethiopia to expand electricity
coverage in Ethiopia. Furthermore, the country has abundant, cheap, and
environmentally friendly hydro resources, whose potential has been estimated at more
than 30,000 MW. The government has emerged increasing electricity access (from
about 13% in 2006 to about 50% by 2012) as an integral part of its strategy for
promoting income generating activities and social services outside major urban

centers to improve living standards and reduce poverty (UNIDO, 2006).
1.2 Statement of the Problem

The power generation in Ethiopia and the projected energy requirements from the
year 1990 through 2040 indicate that the power generation needs to be increased by14
times by the year 2020 and about 25 times by 2040 (Solomon, 1997).

With only 6% of households connected to the national grid and 15% of the population
having access to electricity from Ethiopian Electric Power Corporation (EEPCo), access
to electricity in Ethiopia is one of the lowest by any standard. More importantly,
despite the fact that over 80% of Ethiopia's population live in rural areas and
agriculture is the prominent supporter of the economy, electricity supply from the
national utility is concentrated almost entirely in urban areas (GTZ, 2010). This
indicates that there is a high deficiency in electric power supply. In other words,
despite low income in Ethiopia, the desire to use electricity is very strong, that is there

is a wide gap between supply and demand for electricity in the country. Therefore,



this study examines demand and supply of electricity in Ethiopia and point out the
appropriate model for forecasting electricity demand by using Partial adjustment and

ARIMA modeling.

1.3 Objective of the Study

The general objective of this study is to develop a model of electricity demand in
Ethiopia with a view to obtaining a short-run and a long-run price, income and
population growth rate elasticities. Moreover, this study has the following specific
objectives,

¢ To compute price, income and population growth rate elasticities of electricity

demand.
e To forecast the demand for electricity in Ethiopia.
e To compare the discrepancy between the official projections of electricity

demand with ARIMA model forecasts.
1.4 Significance of the Study.

Electricity demand studies have important practical implications. A robust forecast of
electricity demand is very important as overestimation of demand could result in
unnecessary huge investments in electric generations and transmission assets. Such a
result would create more financial burdens in a country like Ethiopia that is already
struggling financially with one of the highest debt relative to its GDP. Alternatively,
underestimation of the demand for electricity would lead to further shortage of supply
of electricity, a situation from which the country has already been suffering. It is very
important, therefore, to select an appropriate demand estimation model that will

provide future demand of electricity in Ethiopia.



1.5 Limitation of the Study

There are some other variables that might affect electricity demand function, for
instance, data on construction, industry etc., but not included because of the

unavailability of data.
1.6 Organization of the Study

The organization of the rest of this paper is presented as follows. Chapter 2 deals with
the review of literature on electricity demand analysis and Chapter 3 specifies the data
and methodology. In Chapter 4 the analyses of data and interpretations are presented.

Chapter 5 presents conclusion.



Litrature Review

Engle and Granger (1987) have developed a technique, popularly known as “co-
integration and error correction method” (ECM), for analyzing time series properties
and estimating elasticities based on this analysis, which enables full analysis of the
properties of the relevant data before actual estimation. In their study, Engle and
Granger have formulated a model estimation procedure and recommended a number
of tests, among which the most notable and commonly used is the Augmented Dickey-
Fuller (ADF) test. Subsequent improvements related to this approach have been in the
form of inclusion of variables in the model and the development of new methods to

identify co-integrating relationships.

Since the late 1980s, especially co-integration analysis has become the standard
component of all studies of energy demand; and most scholars have done their data
analysis based on co-integration. Since economic theory indicates that the demand for
energy in general depends on price and income, most of the studies in this area have
been concentrated on these two variables as the major determinants of energy
demand. The popularity and widespread use of the co-integration originate from the
fact that it justifies the use of data on non-stationary variables to estimate coefficients
as long as the variables are co-integrated; that is, they have a long-run equilibrium
relationship. Actually, this is also the basic reason for the use of co-integration

technique in this study. The papers written in this area include that of Engle et al.



(1989); Hunt and Manning (1989), Hunt and Lynk (1992), Bentzen and Engsted (1994,
2001), Fouquet et al. (1993), Hunt and Witt (1995); and Beenstock and Goldin (1999).

Box and Jenkins (1970) there emerged an increased interest in analyzing time series
data and using rather simple models for out-of sample forecasting. Indeed, the
proposed ARIMA models turned out to deliver high quality forecasts, and in fact, in
those days these time series forecasts were observed to be much better than those from
large-scale macro-econometric models containing hundreds of equations and equally
sized numbers of unknown parameters. Even though it can be argued that large-scale
simultaneous equations models can be written as VAR models, which in turn can be
written as ARIMA type models (Sims, 1980 and Zellner and Palm, 1974), the sheer
infinite distance between large models and ARIMA forecast schemes created a need
for “models in between”. Possible candidates for this were the single-equation error
correction models such as the well-known Davidson et al. (1978) consumption
function. In fact, as discussed by Granger (2009), it was exactly the confrontation of
such models with unit-root processes that led to the notion of co-integration. Second,
initiated by Dickey and Fuller (1979, 1981)’s innovative work on testing for unit-roots
in time series data and the application of their tools to US macroeconomic data in
Nelson and Plosser (1982), there seemed to be an acute problem with analyzing such
data. Before then, all economic time series data were supposed to be governed by
deterministic trends, while suddenly the word was that they all had stochastic trends,
also known as unit- roots. If that were true, then all previously constructed models
were created using the wrong statistical tools, as Phillips (1986) showed that statistical
theory for regressions with unit-root time series is markedly different than standard

theory.

Most of the studies on determinants of electricity demand functions have focused on
developed countries. There are studies for Canada, Bernard et al. (1996) developed

unit-root and co-integration techniques to estimate the long-run and short-run income

10



and price elasticities of electricity demand. The results indicate that in the long-run

demand for electricity is price elastic and income inelastic.

In the United States; Houthakker et al. (1974) and Houthakker (1980) estimate
electricity demand functions with particular attention paid to the demand stickiness
that is imposed by the capital-intensive nature of electricity consumption and to
regional, seasonal, and sectoral variation. The analysis uses a partial adjustment model
of electricity demand that is estimated in a fixed-effects OLS framework. This model
formulation allows for the price elasticity to be expressed in both its short-run and
long-run forms and also Hsing (1994) estimated electricity demand elasticities in the
United States using partial adjustment model approach for six southern states,

correcting for cross-sectional heteroskedasticity and autocorrelation.

For Asia-Pacific countries, such as Taiwan Holtedahl and Joutz (2004) analyzed
electricity demand. The main variables of the study were income, population growth,
electricity price, urbanization and weather. The Error Correction Model was applied to
separate both the short and long-run effects of these variables on demand for
electricity. The study concluded that in the long-run demand for electricity increased
with increase in income where the price effect was negative and inelastic. However,
the effects of price and income were smaller in short-run as compared to long-run.
Furthermore, weather and urbanization also influenced demand for electricity in both
short and long-run and Filippini and Pachauri (2004) estimates electricity demand in
urban Indian households. Three electricity demand functions have been
econometrically estimated using monthly data for the winter, monsoon and summer
season in order to understand the extent to which factors like income, prices,
household size and other household specific characteristics, influence variations
observed in individual households’ electricity demand. The results show electricity
demand is income and price inelastic in all three seasons, and that household,
demographic and geographical variables are significant in determining electricity

demand.
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European countries, such as Greece, Hondroyiannis (2004) examined the factors which
brought changes in aggregate demand for electricity for both short and long-run
periods. The study concluded that in the long-run real income, price level and weather
played an important role in the demand for electricity. However, in the short-run
changes in demand for electricity was affected only by weather condition and Filippini
(1999) investigates demand for electricity for Switzerland using data of 48 cities form
1987-1990. Using the variables consumption of electricity per city in Kwh, electricity
price index, personal income, household size, number of households in city, heating
degree days and dummy for all households who face two part time tariffs, the OLS

model estimates income and price elasticities as 0.391 and -0.595 respectively.

However, there is a scarcity of research on energy demand in developing countries
and only a few of the studies accounted for the time-series properties of the response
of energy consumption to changes in income and relevant prices. Amusa et al. (2009)
analyzed the determinants of aggregate demand for electricity in South Africa by
using bounds testing approach in an autoregressive distributed lag framework during
the period 1960 to 2007. The results showed that demand for electricity was greatly
affected by changes in income. However, the study found that changes in price of

electricity had no effect on the demand for electricity.

In a recent study, a diversity of approaches to the estimation of electricity demand can
be found in the literature ranging from aggregative analysis of the relationship
between electricity demand, income and prices (Narayan et al., 2007; Lin, 2003,
Holtedahl and Joutz, 2004), to more detailed disaggregated analysis (Bose and Shukla,
1999;) based on simultaneous model structure. In the most basic model, the demand
for electricity, has been modeled as a function of a single variable, such as real income
(Dincer and Dost, 1997) or temperature (Al-Zayer and Al-Ibrahim, 1996); real income
and prices (Houthakker, et al.,, 1974; Zachariadis and Pashourtidou, 2006, Ziramba
2008) real income, real electricity price and price of natural gas (Narayan et al., 2007);

real income, electricity prices, population growth, structural changes in the economy
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and efficiency improvement (Lin, 2003); real income, price of electricity and diesel
(used in for captive power generation to meet the shortages), and reliability of power
supply from utilities (Bose and Shukla 1999); real income, the real price of electricity,
and the variable that captures the seasonal component of the demand for electricity

(Chang and Martinez-Combo, 1997).

Using the partial adjustment model approach and simultaneous equation approach
Kamerschena, and Porter (2004), investigate the electricity demand for period 1973-
1998 for U.S. Estimates of price elasticities vary from -0.85 to -0.94 in 3SLS. However,
estimates of price elasticities by partial-adjustment model shows biased results since
the problem of endogeneity is not taken into consideration. Narayan and Smyth (2005)
uses two models to estimate electricity demand in Australia. In model 1 the natural
logs of levels of the variables are taken, whereas in model 2 the natural log of the ratio
of the real price of electricity to the real price of natural gas, per capita electricity
consumption, real per capita income, and temperature are used. In model 1 income
and own price elasticities in short-run are 0.0121 and -0.263 respectively where as for
long-run they are 0.323 and -0.541 respectively. In model 2 income elasticities in short-
run and long-run are 0.0415 and 0.408 respectively. The relative price variable, in both-
short and long-run, is significant at 1 percent. Erdogdu (2007) can also be separated
into two parts. In the first part, the Partial adjustment model is employed with
quarterly data including real GDP per capita, real price of electricity and net total
electricity consumption per capita between 1984 and 2004. Erdogdu found that the
price elasticity is not significantly different from zero and that the short and long- run
income elasticities are 0.01 and 1.09 respectively. In the second part, Erdogdu
undertook ARIMA modelling with a simple regression model for his forecast and
annual data for electricity consumption data for the period 1923 to 2004. He concluded
that there will be an annual 3.3% percent increase until 2014 with electricity
consumption gradually increasing to about 156 thousand GWh in 2010 and about 160
thousand GWh in 2014.
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Data and Methodology

3.1 Data and Variables of the Study

Data for the study were obtained from Ethiopian Electric Power Corporation (EEPCo),
Ministry of Finance & Economic Development (MOFED), Central Statistical Agency
(CSA) and World Development Indicator. The annual time series data on real
electricity price, real GDP per capita, population growth rate and net electricity
consumption per capita for the period 1976-2010 (a total of 34 observations on each

variable) were used for estimation process.

The annual net electricity consumption and real price of electricity are obtained from
EEPCo. The Annual electricity consumption is divided by population figures to get net
electricity consumption per capita. The annual population and population growth rate
are obtained from CSA and World development indicators. The annual time series
data on Ethiopia real Gross Domestic Product (GDP) per capita at current prices is

obtained from MOFED and World development indicators.

The variables of interest in this study are net electricity consumption per capita (E) as
dependant variable and real GDP per capita (Y:), real electricity price (P) and

population growth rate (PGi) as independent variables.
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3.2 Methodology

The methodology adopted in this study follows the co-integration approach. A
preliminary step in testing co-integration is to incorporate the unit root tests such as
the Augmented Dickey-Fuller (ADF) (Dickey and Fuller, 1981) and Phillips-Perron
(1988) tests to determine the degree of integration of the relevant variables and Co-
integration Regression Durbin-Watson test to establish variables that have long-run
relationship, followed by Partial adjustment model to obtaining the short and long-run
behavior of electricity demand in Ethiopia. Finally, electricity demand forecast can be

conducted by using autoregressive integrated moving average (ARIMA) model.

3.2.1 Co-integration Analysis

3.2.1.1 Stationarity

A stochastic process is said to be stationary if its mean and variance are constant over
time and the value of the covariance between the two time periods depends only on
the distance or gap between the two time periods and not the actual time at which the
covariance is computed. Stationarity may be strong (i.e. the whole distribution of the
variable does not depend on time) or weak stationary. A time series is said to be weak
stationary if, E(X;) is constant and independent of time, Var(X,) is a finite, positive
constant and independent of time and Cov(X;, X)) is a finite function of t — k but not

of tork.

In practical terms, it is difficult to test strong stationarity, especially with the short-
runs of data. A more useful concept is that of weak stationary. This only requires that

the mean, variance and covariances are independent of time.
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3.2.1.2 Unit-Root Problem

The assumption of stationarity is somewhat unrealistic situation in most
macroeconomic variables. Trivially, a non-stationary process arises when one of the
conditions for stationarity does not hold. Why do we care for non-stationarity? With
non- stationary series the effect of a shock never dies away and it leads to spurious
regressions; that is one can regress completely unrelated series and find high R* and

the standard tests are not valid.

The first step for an appropriate analysis is to determine if the data series are
stationary or not. Time series data generally tend to be non-stationary. Due to the non-
stationarity, regressions with time series data are very likely to result in spurious
results. The problem stemming from spurious regression has been described by
Granger and Newbold (1974). In order to ensure the condition of stationarity, a series

ought to be integrated to the order of 0 (/(0)).

A series which is stationary without making any difference is said to be integrated of
order 0 and is denoted I(0) and a series which is stationary after being differenced
once is said to be integrated of order 1 and is denoted I(1). In general, a series which is
stationary after being differenced d times is said to be integrated of order d and is
denoted I(d). A series which is I(1) is also said to have a unit-root whereas I(d) has d

roots.

Unit-root problem can be solved or stationarity can be achieved. Differencing
techniques are normally used to transform a time series from a non-stationary to
stationary by subtracting each datum in a series from its predecessor. As such the set
of observations that correspond to the initial time period (t) when the measurement
was taken is described as the series level. Differencing a series using differencing
operations produces other sets of observations such as the first-differenced values, the

second-differenced values and so on.
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There are a number of unit root tests, but the most notable and commonly used are
Augmented Dickey-Fuller and Phillips-Perron unit-root tests which are discussed in

the following sections.
3.2.1.2.1 The Augmented Dickey-Fuller (ADF) Unit-Root Test

Generally, many time series data have a more complicated dynamic structure than is
captured by a simple AR (1) model. Said and Dickey (1984) augment the basic
autoregressive unit-root test to accommodate general ARMA (p,q) models with
unknown orders and their test is referred to as the Augmented Dickey- Fuller (ADF)
test. In such tests the null hypothesis states that a time series isI(1) while the
alternative is I(0), assuming that the dynamics in the data have an ARMA structure.

The ADF test is based on estimating the test regression

p
Xt = ao + azt""‘ d)xt_l +ZI.!J)A Xt—j + Et (1)

=1
where a, is constant, a,t is a trend, p is a lagged difference terms, AX;_; are used to
approximate the ARMA structure of the errors, and the value of p is set so that the
error g is serially uncorrelated. The error term is also assumed to be homoskedastic.
Under the null hypothesis, X, is I(1) which implies that ¢ = 1. The ADF t-statistic and

normalized bias statistic are based on the least squares estimates of (1) and are given

by

An alternative formulation of the ADF test regression is
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Axt = aU + azt -+ T[Xt—l + LIJ]A xt_.j + Et (2)

=1
where m= ¢ — 1, the data needs to be differenced to make it stationary (unit-root
problem/ non- stationary). The ADF test statistic is then the usual t-statistic for testing

m = 0 and the ADF normalized bias statistics is

ADE, = i
L B A

The test regression (2) is often used in practice because the ADF t-statistic is the usual
t-statistic reported for testing the significance of the coefficientX, ;. ADF, and
ADF, have the same asymptotic distribution as t;-, and T# under white noise errors

provided p is selected approximately.
3.2.1.2.2 Phillips-Perron (PP) Unit-Root Test

Phillips and Perron (1988) developed a number of unit-root tests that have become
popular in the analysis of financial time series. The Phillips-Perron (PP) unit-root tests
differ from the ADF tests mainly in how they deal with serial correlation and
heteroskedasticity in the errors. In particular, where the ADF tests use a parametric
autoregression to approximate the ARMA structure of the errors in the test regression,
the PP tests ignore any serial correlation in the test regression. The test regression for

the PP tests is
AXt=a0+a2t+Tth_1+Et (3)

Where ¢, is 1(0) and may be heteroskedastic. The PP tests correct for any serial
correlation and heteroskedasticity in the errors & of the test regression by directly
modifying the test statistics t;, =0 and T#. These modified statistics, denoted Z,

and Z, are given by
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Where Sy = Y.1_; &. The sample variance of the least square residual & is a consistent
estimate of ¢?, and the Newey-West long-run variance estimate of & usingé, is a

consistent estimate of A%.

Under the null hypothesis thatm =0, the PP Z, and Z, statistics have the same
asymptotic distributions as the ADF t-statistic and normalized bias statistics. One
advantage of the PP tests over the ADF tests is that the PP tests are robust to general
forms of heteroskedasticity in the error term &,. Another advantage is that the user

does not have to specify a lag length for the test regression.
3.2.1.3 Co-integration

Two or more variables are said to be co-integrated if they share common trends i.e.
they have long-run equilibrium relationships. The technique of co-integration involves
three steps. The first step requires a determination of the order of integration of the
variables of interest using Augmented Dickey-Fuller and Phillips-Perron tests. In the
second step, the co-integration regression using variables having the same order of

integration is estimated. In the third step, residuals from the co-integration are
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subjected to test. The presence of co-integration is an evidence of a long-run
equilibrium relationship between the variables. In this study, Co-integration-
Regression Durbin-Watson test is applied to check the presence or absence of long-run

relationship between the variables.

One method of finding out whether the variables are co-integrated or not is the Co-
integration Regression Durbin-Watson (CRDW) test, whose critical values were first
provided by Sargan and Bhargava (1983). In CRDW we use the Durbin-Watson d
obtained from the co-integrating regression. Here, the null hypothesis is that d = 0
rather than the standard d = 2. This is because we know that d = 2(1 — p), so if there
is to be a unit root, the estimated p will be about 1, which implies that d will be about
zero. Gujarati (1995) notes that the 1, 5 and 10 percent critical values to test the
hypothesis that the true d = 0 are 0.511, 0.386 and 0.322, respectively. Thus, if the
computed d value is smaller than, say, 0.511, we reject the null hypothesis of co-
integration at the one percent level. Otherwise, do not reject the null, meaning that the
variables in the model are co-integrated and there is a long term or equilibrium

relationship between the variables.
3.2.2 Partial Adjustment Model

Partial adjustment model is a dynamic model that the variable of interest may be
influenced by the value of the same variable in the previous time period. In these cases
the explanatory variable determines the dependant variable with a lag. It is used in
models where adjustment does not occur immediately, but takes a number of time
periods to fully adjust (Houthakker et al. 1974). According to Narayan and Smyth
(2005) and others specify, the derivation of partial adjustment electricity demand

begins with the static representation. The simplest model can be written as

lOgEt = a+61£0gpt+ﬁzlong+B3logPGt+£t (4)
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Where logE, is the natural logarithm of electricity consumption per capita, logP, is the
natural logarithm of real electricity price, logY, is the natural logarithm of real income
per capita, logPG, is the natural logarithm of population growth rate, & is the

random error, @ is intercept term, and _, S, and f; are parameters to be estimated.

Income is considered to be the most important determinant for electricity consumption
in the literature. Economic growth and its impact on living standards is the main
driving force of electricity consumption growth. Therefore, higher real per capita
income will increase purchases of electrical equipment and hence increase electricity
demand. Therefore, income variables are expected to have positive sign. Nevertheless,
an increase in the price of electricity will cause the electricity demand to decrease. That
is price variables are expected to have negative sign. Population is another important
factor to determine electricity demand in Ethiopia. Higher population level is expected
to increase electricity consumption. A positive correlation between population growth

and electricity demand is therefore expected.

In order to capture short and long-run elasticities of electricity demand separately a
dynamic version of reduced form model, called “partial adjustment model”, is used.
Suppose that “desired” (or targeted) electricity demand E; is determined by the

model.
logE{ = a + B1logP;: + PlogY; + B3logPG, + & (5)
And the actual electricity consumption is subjected to adjustment process
logE; — logE;_, = 9(logE! — logE;_1) (6)

Where logE, is the natural logarithm of electricity consumption per capita in period t,
logE,_, is the natural logarithm of electricity consumption per capita in period t-1,
logE{ is the natural logarithm of targeted(desired) level of electricity consumption per
capita and ¢ is the speed of adjustment coefficient (0 < ¥ < 1). If ¥ is 0, it means there

is no adjustment from one time period to the next and if ¢ is 1, it means adjustment

21



from one time period to the next is instantaneous. The smaller the value of ¢ the
greater the adjustment lags. The left side of equation (6) is the actual change and also
the right side is the desired change. Equation (6) postulates that the current level,
logE, will move only partially from the previous position, logE,_; to the desired level,

logE!. The amount of the adjustment between time t and t-1 is equal to 9(logE; —

logE;_,).
Substituting (5) in (6) to yield our partial adjustment model
logE, — logE;_, = 9(logE} — logE;_,)
logE, = Ja + 9B, logP,; + 9B,logY, + IB3logPG, + e, — OlogE,_4 + logE,_,4
logE, = 9a + 9B, logP, + 9B,logY, + 9B5logPG, + (1 —9)logE,_, + ¢, (7)

Where 9f,, 9, and 9f; are the short-run price, income and population growth rate
elasticities of electricity demand respectively. The parameters f3;, f, and f; are long-
run price, income and population elasticities of electricity demand. J¢; is random error

@, By, B2 P and 9 can be estimated by using ordinary least squares (OLS) method.

3.2.3 Autoregressive Integrated Moving Average (ARIMA)
Modeling

ARIMA stands for autoregressive-integrated-moving average model. In statistics,
ARIMA models are typically applied to time series data for forecasting. An
autoregressive integrated moving average (ARIMA) model is a univariate time series
model. Univariate means that the model involves only one variable. Different ARIMA
models are identified by the number of autoregressive parameters (p), the degree of
differencing (d) and the number of moving average parameters (g). In short form, we
write as ARIMA(p, d, q). If there is no differencing term, i.e d = 0, we call it ARMA
(p, q). The ARMA (p, q) process is a combination of the pth order autoregressive and

gh order moving average processes. An ARMA (p,q) process can often describe
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stationary time series with fewer parameters than either a MA or AR process by itself.

The ARMA (p, q) is given by

Xe =01 Xeq + 02X o+ +0pXep+ 6 — 0181 — Oy ——0geq  (8)
Or equivalently by
@(B)X; = 0(B)e, 9
Where (B) =1 — @B — @,B* — -+ — @¢,BP and 8(B) = 1 — 6,8 — 0,B% — - — 6, B1

and B is the backward shift operator.

The general forms of the ARIMA (p,d, q) can be written as described by Judge et al.
(1988).

We = OWe_q + QoW o+ BpWep + & — 018 1—... —04€ ¢ (10)
That is
AYX, = By AKX,y + B0,y + o +B,AYK, & — Oigy — = OgEq  (11)
equivalently,
o(B) W, = 8(B)e, (12)

where X, = the actual values of the series at time t
X,_;=the value of the series at time t-i
&, =the error term at time t
£,_; =the error term at time t-i
@; = the Autoregressive parameter

8; =The moving average parameter
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w,= A%X,, the X, series differenced d times
Where &, &_4, &5 ... are uncorrelated each other and

There are some basic steps to construct ARIMA model. These are: identification of the

model, estimation of the unknown parameters, diagnostic checking and forecasting.
3.2.3.1 Identification of the model

The first step in ARIMA modelling is identification of the appropriate model. ARIMA
procedures are mainly based on the analysis of the autocorrelation function (ACF) and
the partial autocorrelation function (PACF), which are essential diagnostic instruments
to identify the dependence structure of the series. Autocorrelation is the correlation of
a series with itself, lagged by a particular number of observations. The partial
autocorrelation is the partial correlation of a series with itself, lagged by a particular

number of observations and controlling for all correlations for lags of lower order.

The autocorrelation of a series X at lag k is estimated by

. cov{X¢, Xe—x} - ?=k+1(Xt - X)(Xt—k — X)

= = — 13
o= var(x,) S (X — X)? -
The estimates of partial autocorrelation at lag k by
P1 fork =1
oy = Pk_z:f;ll‘pk—l,j Pk-j fork > 1 (14)

1-2}‘;11 Pr-1,j Pk—j
Where py is the estimated autocorrelation at lag k and where,

brj = br-1j — PrPr—-1.k-j

The first step in determining the AR and MA is to ensure that the series is stationary.
Mathematically, the stationarity of a time series refers to the time invariance of the
data generating process, revealed by the stability over time of mean and variance.
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Stationarity with respect to the mean implies that time series fluctuate around a
constant value over time. Thus, the autocorrelation plot of a stationary variable will
usually decay into noise and/or hit negative values within three or four lags. The
general shape of a non-stationary series presents a trend over time. The presence of
positive and persistent autocorrelations implies the need to introduce at least one
difference term into the model. The differencing operation is realized by subtracting

the previous value to the current one.

Taking difference may eliminate the trend and make the series stationery. To
determine whether stationarity has been achieved, one may examine the ACF of the
differenced series that should converge quite rapidly to zero as the value of the lag
increases. Moreover, to determine whether taking difference is appropriate, one may
refer to the examination of the Box-Ljung statistics (Q-statistics). Ljung-Box Q-statistics

can be computed as

=

~n 2

n—
= Al

Qg =n(n+2)

Where p; is the j** autocorrelation and n is is the number of observation. If the series is
not based upon the results of ARIMA estimation, then under the null hypothesis Q is
asymptotically distributed as a X* with degrees of freedom equal to the number of
autocorrelations. If the series is represents the residuals from ARIMA estimation, the
appropriate degrees of freedom should be adjusted to represent the number of
autocorrelations less the number of AR and MA terms previously estimated. The Q-
statistic at lag k is a test statistic for the null hypothesis that there is no autocorrelation

up to order k.
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3.2.3.2 Estimation of ARIMA model

Having identified the appropriate p and q values, the next stage is to estimate the
parameters of the autoregressive and moving average terms included in the model.
We can estimate the unknown parameters by ordinary least squares or by maximum

likelihood methods.
3.2.3.3 Diagnostic checking

Having chosen a particular ARIMA model, and having estimated its parameters, we
next see whether the chosen model fits the data reasonably well, for it is possible that
another ARIMA model might do the job as well. One simple test of the chosen model
is to see if the residuals estimated from this model are white noise; if they are, we can
accept the particular fit; if not, we must start over or check whether any of the
autocorrelations and partial correlations of the residuals is individually significant or
not. If they are not statistically significant, then it means that the residuals are purely

random and there is no need to respecify of ARIMA model.
3.2.3.4 Forecasting

The last step in ARIMA modeling is forecasting. One of the reasons for the popularity

of the ARIMA modeling is its success in forecasting.
3.2.3.4.1 Minimum mean square error forecasts

The general ARIMA(p, d, q) model can be written as
o(B)X, = 6(B)e, (16)

Where ¢ (B)=@(B)A%. Forecasting a value X,,,, | = 1, when we are currently standing

at time t is said to be made at origin t for lead time . The three explicit forms of the
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model that an observation X,,, generated by the process (16) may be expressed as

follows (Box and Jenkins, 1976)

(1) Directly in terms of the difference equation by

Xert = O1X w11 + P2 Xeyi2 + 0+ OpraXiri-p-a — 01841-1 — = — Og€eri—g

tEr41

(2) Infinite weighted sum of current and previous shocks ¢;

t+1

[e.0]
Xey = Z Yeyi-j& = Yi€rri—j
j=e j=o

Under stability condition and X7,y 2 < oo

Where ¥, = 1 and 1 weight may be obtained by equating coefficient in
@B+ 1B +,B? + ) = 6(B)

(3) Infinite weighted sum of previous observations, plus a random shock

oo
Xerr = Z MiXev1-j + el

j=1

721 Iml = 1, m weights may be obtained from

@(B) = (1 - mB —m,B* —--)6(B)

(17)

(18)

(19)

Standing at origin t, we are to take a forecast X,(l) of X,,, which is to be a linear

function of current and previous observations of X;, X;_4, .... then it will also be a linear

function of current and previous shocks &, &;_, ....

The minimum mean square error forecast X,(I) for lead time I is the conditional

expectation of E[ X..], of X4, at the origin t. For simplicity in notation the square

brackets imply that the conditional expectation is taken at time t. Thus,
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lecs1] = Elesi]), [Xewi] = E[Xi4q], for I> 0,the three different ways of expressing the

forecasts are:

Forecasts from difference equation form: taking conditional expectations at time t in

(17), we obtain

[Xest] = }?t(l) = 01 [Xesi—1] + Do[Xesi—2] + +®p+d[Xt+[—p—d] = O1[&41-1] —
o —Og[Er41-q] + [Ee41] (20)

Forecast from integrated form: using (18) we get
Kewl = 2D = ) Wy lecnry] (21)
j=0

Forecasts as a weighted average of previous observations and forecasts made at
previous lead times from the same origin: taking conditional expectation in (19) we

obtain

0]

Kerdd = 2 = D my[Xewr ] + (2] (22)

=1

To calculate the conditional expectations we have to use the following expressions:
[Xt_j] =E[X,-;]=X.; J=0,1,2..which have already happened at the origin t, are
left unchanged.

[XHJ-] =E[Xesj] = X j =1,2,.. which have not yet happened, are replaced by
their forecast.

lec—;] = Elec-j] = &—;  j =10,1,2,.. which have happened, are available from the
actual vales minus the fitted. Thatis &_; = X,_; — ft_j

lecs;] = Elees;1=0  j=1, 2, 3... which have not yet happened, are replaced by

Zeros.
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3.2.3.4.2 Forecasting accuracy measures

Once forecasts are made they can be evaluated if the actual values of the series to be
forecasted are observed. There are some measurements of the accuracy of forecasts.
The criteria used are standard measures which summarise the errors generated by a
particular forecasting technique. These are root mean square error (RMSE), mean
absolute error (MAE), mean absolute percentage error (MAPE) and Theil’s inequality
coefficient (Theil-U).

The first two forecast error statistics depend on the scale of the dependent variable.
These should be used as relative measures to compare forecasts for the same series
across different models; the smaller the error, the better the forecasting ability of that
model according to that criterion. The remaining two statistics are scale invariant.
Therefore, this study used mean absolute percentage error and Theil’s inequality

coefficient.
3.2.3.4.2.1 Mean Absolute Percentage Errors (MAPE)

The mean absolute percentage error is the mean or average of the sum of all of the
percentage errors for a given data set taken without regard to sign so as to avoid the
problem of positive and negative values cancelling one another (Makridakis and

Wheelwright 1998). MAPE can be calculated as

Xt s Ft
PE, = ( )* 100
t
1 n
MAPE = HZIPEtI (23)
t=1

Where PE is percentage error, X, is actual observation for time period t, F; is forecast
for the same period and MAPE is mean absolute percentage error. MAPE less than 4%

indicates good forecasting ability.
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3.2.3.4.2.2 Theil’s inequality coefficient (U-Statistics)

Theil’'s U statistic according to Greene (2000) is related to the coefficient of
determination (R?) but it isn’t bounded between 0 and 1. Like MAPE statistics, high
values suggest poor performance in the forecast; however, and unlike MAPE, the

Theil-U corrected the performance scale that MAPE had. Theil’s U can be estimated as

. RS0t - F?

= (24)
121’! F, 2 p | n 2
n&t=175t " 52c=1 Xt

The scaling of U is such that it will always lie between O and 1. If U =0, X, = F, for all
forecasts and there is a perfect fit; if U = 1 the predictive performance is as bad as it

possibly could be.

The Theil’s inequality coefficient can be decomposed in to bias, variance and

covariance proportions.

(F-X)*

Bias Proportion = 25
P ?:1(Xr = Fr)z/n e8)
(SF . Sx)z
Variance Proportion = 26
P VAT AT W)
2(1 —r)S8,:S5;
Covariance Proportion = ( )SxSr (27)

?:1(Xt - Ft;)z/

n
Where F, X, Sr and Sy are means and standard deviations of F and X respectively, and
r is the correlation between F and X.

The bias and the variance proportions show how far the mean of the forecast series is
from the mean of the actual series and how far the variation of the forecast is from the

variation of the actual series, respectively. The covariance proportion measures the
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remaining asymmetric forecast errors. The sum of these three measures would be one.

If the forecast is good, the bias and the variance proportions should be small.
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Data Analysis

4.1 Descriptive Analysis

EViews 5.0 the windows-based forecasting and econometric analysis package was
used to estimate the demand for electricity in Ethiopia. The analysis used time series

yearly data.

Before going to present inferential statistics it is better to start with descriptive
analysis. In our study, the data consist of yearly net electricity consumption per capita,
real price of electricity, gross domestic product per capita and population growth rate
from the period 1976-2010. From Appendix 1, the time series plots of net electricity
consumption per capita, real price of electricity and gross domestic product per capita
show an increasing trend but population growth rate increased from 1979- 1992, after
that to some extent decreased. As shown in table 9, the average electricity
consumption per capita in Ethiopia is 21.03 KW, the average real electricity price is
0.27 birr/KW, the average population growth rate is 2.80 and the average real income
per capita is 985.22 birr in the last three decades. As can be seen in the same table,
there is the highest variability in real price of electricity as compared to the other
which is about 54.52% and also smallest variability in the population growth rate

which is 7.95%.
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4.2 Integration and Co-integration Analysis

In this section we discuss first, unit-root tests and the order of integration of variables
by using Augmented Dickey- Fuller and Phillips-Perron tests. Then, test for co-
integration of the variables were conducted by using Co-integration Regression

Durbin-Watson test with a view to identify the existence of a long-run relationship.

4.2.1 Tests for Unit-Root

The time series plots of real electricity prices (P), real GDP per capita (Y), net
electricity consumption per capita (E) and population growth rate (PG) at level form
reveal that there is a trend in all variables. The plots also indicate that real electricity
prices, real GDP per capita, net electricity consumption per capita and population
growth rate have non-constant means and non-constant variances; that is, they seem fto
be non-stationary. But they seem to be stationary at the first difference (Appendix 1).
The formal tests of unit-root have also been used to check whether the variables are

stationary at level or after differencing, and for identifying the order of integration.
4.2.1.1 Augmented Dickey-Fuller Test (ADF)

The estimated standard procedure for co-integration analysis is to start with unit-root
tests on the time series data that are being analyzed. The null hypothesis of the test is
that there is a unit-root problem in the variables. Since equation (7) implies that the
electricity demand in time t is affected by the first lags of the variables; one lags have

been used in ADF unit root tests.

Table-2 below summarizes the results of ADF unit-root test for the variables at level

form (without differencing).
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Table-2: Summary of ADF unit-roots test in the variables (in level form with a trend

and intercept)

Variable | ADF test 1% crit. 5% crit. 10% crit. Results
statistic (t- Value Value Value
statistic)
LogE -2.175469 -4.252879 -3.548490 -3.207094 do not reject
LogP -3.017138 -4.262735 -3.552973 -3.209642 do not reject
LogY -1.287734 -4.252879 -3.548490 -3.207094 do not reject
LogPG | 0.055646 -4.296729 -3.568379 -3.218382 do not reject

Since the computed ADF test statistics (t-statistic) for the natural logarithms of net
electricity consumption per capita, real electricity prices, income per capita and
population growth rate are greater than the critical values-“ tau statistic” at 1%
significance level, we cannot reject the null hypothesis. That means there is a unit-root
problem in the variables. Based on ADF test, the variables are non-stationary at level
form (Appendix 2-A to Appendix 2-D). However, we can transform the time series
data from non-stationary to stationary by taking difference of the variables. Table 3

below summarizes the result of ADF unit-root test for the first differenced variables.

Table-3: Summary of ADF tests for unit-roots in the variables (after first difference

with a trend and intercept)

Variable ADF test 1% crit. 5% crit. 10% crit. Results
statistic (t- Value Value Value
statistic)
ALogE -5.831010 -4.262735 -3.552973 -3.209642 reject the
null
ALogP -4.407153 -4.262735 -3.552973 -3.209642 reject the
null
ALogY -5.441581 -4.252879 -3.548490 -3.209642 reject the
null
ALogPG 9.957219 -4.296729 -3.568379 -3.218382 reject the
null

34




The computed ADF test statistics (t-statistic) for the natural logarithm of all first
differenced variables are smaller than the critical value-“tau statistics” at 1%
significance level, which leads to the rejection of the null hypothesis that there is a
unit-root problem in the variables. This means that the variables do not have a unit-
root problem and all variables are stationary at first difference (Appendix 2- E to

Appendix 2-H).
4.2.1.2 Phillips-Perron Test (PP)

To make sure that the result of ADF test for unit-root is viable, we need also see other
unit-root test namely Phillips-Perron unit-root test. The null hypothesis of the test
again states that there is a unit-root problem in the variables. Table 4 below
summarizes the results of Phillips-Perron unit-root test at level form (without

differencing).

Table-4: Summary of Phillips-Perron tests for unit-roots in the variables (in level form

with a trend and intercept)

Variable PP test 1% crit. 5% crit. 10% crit. Results
statistic Value Value Value
(Adj. t-Stat)
LogE -2.175469 -4.252879 -3.548490 -3.207094 do not reject
LogP -2.206202 -4.252879 -3.548490 -3.207094 do not reject
LogY -1.353747 -4,252879 -3.548490 -3.207090 do not reject
LogPG -1.705377 -4.273277 -3.557759 -3.212361 do not reject

The Phillips-Perron statistics (Adj. t-Stat) are all insignificant at 1% level of
significance, which leads to the non-rejection of the null hypothesis that there is a unit-
root problem in the variables. Based on the PP test it is obvious that the variables are

non-stationary at level form (Appendix 2-I to Appendix 2-L). Here also, differencing
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has the effect of making non-stationary variables stationary. Table 5 below

summarizes the results of Phillips-Perron unit-root test for the first differenced

variables.

Table-5: Summary of Phillips-Perron tests for unit-roots in the variables (after first

difference with a trend and intercept)

Variable PP test 1% crit. 5% crit. 10% crit. Results
statistic Value Value Value
(Adj. t-Stat)
ALogE -5.991758 -4.262735 -3.552973 -3.209642 reject the
null
ALogP -4.428630 -4.262735 -3.552973 -3.209642 reject the
null
ALogY -5.212105 -4.262735 -3.552973 -3.209642 reject the
null
ALogPG -9.709399 -4.296729 -3.568379 -3.218382 reject the
null

Since the computed PP statistics for the natural logarithms of all first differences of net
electricity consumption per capita, real electricity prices, income per capita and
population growth rate are smaller than the critical value- “tau statistics” at 1%
significance level, we reject the null hypothesis that there is a unit-root problem in the
variables. This means that unit-root does not exist in the first differenced variables, i.e.

the variables are stationary at first difference (Appendix 2-M to Appendix 2-P).

Therefore, based on the ADF and PP unit-root test results which indicates that first
differenced variables are stationary, it can be stated that all variables are integrated of

order one, I(1).
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4.2.2 Test for Co-integration

If an OLS regression is estimated with non-stationary data, then there is a possibility
that the regression is spurious (nonsense), meaning that one can regress completely
unrelated series and find high R?, the standard tests are not valid (t-ratios does not
have t distribution, F- statistics doesn’t have an F distribution). In general, standard
statistical inference does not make any sense. But still the regression is meaningful
when the variables are co-integrated. Therefore, Co-integration Regression Durbin-

Watson test is carried out to make sure whether the variables are co integrated or not.

From the partial adjustment model, equation (7) the calculated Durbin-Watson
statistics is 1.646202, which is above the 1% critical value of 0.511. Therefore, do not
reject the null hypothesis of co-integration at 1% level of significance. Based on the
CRDW test, the variables of logE,logP,logY and logPG are co-integrated, that is there
exists a stable long-run relationship between them (Appendix 2-R).

4.3 Partial Adjustment Model

The fitted model for equation (4) is given by (Appendix 2-Q):
logE, = —1.5924 + 0.2780logP, + 0.7082logY; + 0.0744logPG, (28)

The last column of estimation output gives the probability of drawing a t-statistic. It is
also known as the “p-value”. The estimated coefficients of constant term and
population growth rate are not significant (the p-value of constant term is 0.1938 and
the p-value of population growth rate is 0.6838) but the coefficients of price and
income are significant. Price has a positive sign which is not supported by the demand
theory, but income has the correct sign. The economic theory states that there is a
positive relationship between demand and income and an inverse relationship

between demand and price.
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“R-squared” measures the success of the regression in predicting the values of the
dependant variable within the sample. “R-squared” equals one if the regression fits
perfectly. In our model, it is 0.92 and therefore it can be concluded that the model fits
the data well. Since “R-squared” never decreases as more regressors are added;
“Adjusted R-squared”, which penalizes for addition of irrelevant regressors, is a better
measure of “goodness-of-fit”. In our model, “Adjusted R-squared” is almost 0.917 and,

therefore, it is also above the expected value, which is above around 0.80.

Durbin-Watson statistic measures the serial correlation (or, autocorrelation), AR (1), in
the residuals. As a rule, if it is less than 2, there is an evidence of positive serial
correlation. Durbin-Watson statistic in our estimation output is about 0.747036. The
low values of the Durbin-Watson statistic is indicative of the presence of serial
correlation left in the residuals of the estimated equation. If uncorrected, serial
correlation in the residuals will lead to incorrect estimates of standard errors and
invalid statistical inference for the coefficients of the equation. F-statistic and its p-
values, Prob(F-statistic), come from a joint test of the null hypothesis that all slope

coefficients in the regression are zero, we can reject the null hypothesis (Appendix 2-

Q).

The above model does not show short and long-run parameters separately. In order to
capture short and long-run elasticities of electricity demand separately a dynamic
version of reduced form model, called “partial adjustment model” are used. The fitted

model for equation (7) is given by (Appendix 2-R)

logE; = —0.6513 + 0.0857logP; + 0.2517logY; + 0.1724logPG, +
0.6724logE, 4 (29)

The demand model estimated noticeably shows that the price variable still has not
expected sign and also its coefficient are not significant even at 10% level of
significance (the p-value of price is 0.1199) and also the constant term are not

significant (the p-value of the constant term is 0.4800) but expectedly the income
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variable has a positive sign and the coefficient of income is significant at 10% level of
significance, population growth rate is significant at 10% level of significance and
previous period electricity consumption is significant at 1% level of significance. With
regard to the fit, the regression as measured by R?and adjusted R?, which are 0.96 and

0.95 respectively, a very good fit is attained.
4.3.1 Short and Long-Run Elasticity

Based on the estimated coefficients of the explanatory variables, we can measure the
elasticity of the dependent variables. The consumption of electricity is used as a
dependent variable. The estimated short-run and long-run elasticties of electricity

demand are as follow

From equation (7) we can have the speed of adjustment (¢), short-run parameters (94,
Up;, and9f3) and long-run parameters (f,,f,andf;) of electricity demand in

Ethiopia.

Ja= —0.6513, 9p;=0.0857 IfF, = 0.2517, 9B = 0.1724, (1 —9) = 0.6724. From
this 9 = 0.3276 and f; =0.2616, S, =0.7683 and §;=0.5263

The coefficient of lagged electricity consumption (1-9) which reflects as an
adjustment parameter is equal to 0.6724. That is the speed of adjustment to the long-
run equilibrium demand level equal to 0.3276, which is considerable high. This means
that demand takes less time to reach long-run equilibrium. In other words, if any
exogenous or external shock to the demand is going to happen, it gets adjusted fairly

quickly towards the long-run equilibrium values.
4.3.1.1 Income Elasticity of Demand

Income variable is significant at 10% level of significance. The long-run elasticity is

0.7683 in the partial adjustment model while it is 0.2517 in the short-run. As expected,
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the long-run income elasticity is greater than the short-run one. The result indicates

that electricity consumption is a normal good as it increases with income.

In keeping with the model, if real income increases by 100%, electricity demand

increases by 25.17% and 76.83% in the short-run and long-run, respectively,
4.3.1.2 Price Elasticity of Demand

Against the priori expectation, price elasticity is positive and is not significant even at
10% level of significance. The long-run price elasticity is 0.2616, while the short-run
value is 0.0857. According to the theory regarding price elasticity of electricity
demand, an increasing price of electricity should lead to the reduction of the rate of
utilization in the short-run. In the long-run people are expected to changes the
composition of electricity appliance in such a way that demand for electricity further
reduces. But our results do not support this expectation. This could be simply because
the price of electricity is usually fixed by the government and reviewed infrequently

and also the inadequate supply of electricity in Ethiopia.
4.3.1.3 Population Growth Rate Elasticity of Demand

The population variable is significant at 10% significance level. The long-run
population growth rate elasticity is 0.5263 while the short-run population growth rate
elasticity is 0.1724.

In keeping with the model, if population growth rate increases by 100%, electricity
demand increases by 17.24% and 52.63% in the short-run and long-run, respectively, in

Ethiopia.

In general, the effects of price, income and population growth rate are smaller in the
short-run compared to the long-run. Elasticities of electricity demand in Ethiopia are
relatively low meaning that the reaction or sensitivity of consumers’ to price, income

and population growth rate changes is low.
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4.3.2 Diagnostic Checking

4.3.2.1 Test for Heteroskedasticity in the Error Term

Heteroskedasticity is violations of the assumption of the Classical Linear Regression
Model (CLRM) that the error term has constant variance. In this study, White
heteroskedasticity test (without cross terms) are carried out (Appendix 2-S). The top
part of the output displays F-statistic and Obs" R-squared statistic. Obs” R-squared
statistic is a White's test statistic. It is computed as the number of observations times
R? from the test regression. White’s test statistic is asymptotically distributed as a
X? with degrees of freedom equal to the number of slop coefficients, excluding the
constant. Under the null there is no heteroskedasticity in the error term since the
probability value of 0.314398 is greater than 1% significance level. Therefore, we do

not reject the null hypothesis of no heteroskedasticity in the error term.
4.3.2.2 Test for Serial Correlation

The Durbin-Watson statistic is not appropriate as a test for serial correlation; in this
case, since there is a lagged dependant variable on the right hand side of the equation
(7). Therefore, another test, namely Bruesch-Godfrey Serial correlation LM was
applied (Appendix 2-T). The top part of the output represents the test statistics and
associated probability values. The statistic labeled “Obs*R-squared” is the LM test
statistic for the null hypothesis of no serial correlation up to lag p. The LM statistics is
computed as the number of observation times the R? from the test regression. The LM
test statistic is asymptotically distributed as X2 with p degrees of freedom (p is the
number of lags, in our case p = 1). The probability value of 0.456720 indicates that we

cannot reject the null hypothesis of no serial correlation.
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4.3.2.3 Specification and Stability test

4.3.2.3.1 Ramsey’s RESET Test

We carried out Ramsey RESET test. RESET stands for Regression Specification Error
Test proposed by Ramsey (1969). Further assumption that we make about the model is
that the functional form is correct. It is important to include all the relevant variables
in the model, if we exclude an important explanatory variable; the regression has
omitted variable bias. This means the estimates are unreliable and the t and F statistics
cannot be relied on. Equally there can be a problem if we include variables that are not
relevant, as this can reduce the efficiency of the regression; however, this is not as
serious as the omitted variable bias. Therefore, Ramsey’s RESET test is carried out to
make sure that our functional form of the model is acceptable or not. This test does not
indicate any specification problem in our model since the probability value of 0.981692
is so high. These means that there is no important variable excluded from the model

and also there is no irrelevant variable included in the model (Appendix 2-U).
4.3.2.3.2 Chow breakpoint test

Chow test is a parameter stability test. A series of data can often contain a structural
break, due to a change in policy or sudden shock to the economy. In order to test for a
structural break, we often use the Chow test. The model in effect uses an F-test to
determine whether a single regression is more efficient than two separate regressions
involving splitting the data into two sub-samples. The Chow test basically tests

whether the single regression line or the two separate regression lines fit the data best.

From Appendix 2-V, represents the F-statistic and Log likelihood ratio statistic and
associated probability values. The F-statistic is based on the comparison of the
restricted and unrestricted sum of squared residuals. The F statistic has an exact finite

sample F- distribution if the errors are independent and identically distributed normal
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random variables. The log likelihood ratio statistic is based on the comparison of the
restricted and unrestricted maximum of the log likelihood function. The LR test
statistic has an asymptotic x2 distribution with degrees of freedom equal to (m-1)k
under the null hypothesis of no structural change, where m is the number of
subsamples and k is the number of estimated coefficients. The p-value of F statistic is
high which 0.739247 is, therefore, we do not reject the null hypothesis of no structural

change in the electricity consumption function before and after 1999.

In summary, our variables are non-stationary, integrated of order one (I(1)), and there
exists a long-run relationship between them. Therefore, the results obtained from
partial adjustment model are meaningful. In addition, there is no serial correlation and
heteroskedasticity in the error term. There is no important variable excluded from the
model and also there is no irrelevant variable included in the model that means there

is no specification problem in our model.

Thus, we do not need to look another adjusted partial adjustment model by fitting a
certain functional form. In the partial adjustment model, price can be used as an
explanatory variable. Therefore, based on those results, we may conclude that
equation (7) is the appropriate model for electricity demand in Ethiopia excluding

price variable.
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4.4 Electricity Demand Forecast for Ethiopia: 2011-2015

Electricity supply planning requires efficient management of existing power systems
and optimization of the decisions concerning additional capacity. Demand prediction
is an important aspect in the development of any model for electricity planning. The
form of the demand depends on the type of planning and accuracy that is required.
There are various methods used for forecasts. An ARIMA model predicts a value in a
response time series as a linear combination of its own past values or past errors

(shocks) or the combination of the two.

ARIMA models are well known for being simple, robust, and parsimonious, and for
providing good results. On the other hand, Vector Autoregressive (VAR) models are
used to build multivariate models in which the independent variables are taken into

account in the forecast.

The absolute value of elasticity measures the relative change in the electricity
consumption due to a relative change in the price, income and population growth rate;
inelastic demand implies that the reaction or responsiveness of consumers’ to price,
income and population growth rate changes is limited. As a result, forecasting
electricity demand linking with the independent variables may not produce good
results. In this study, therefore, ARIMA model is used to forecast electricity demand in
Ethiopia. Unlike previous section, the data here is not converted into natural

logarithms and, therefore, the unit is GWh.
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4.4.1 Building ARIMA Model.

In order to create ARIMA models, the steps of the Box and Jenkins’ method are
followed: that is, identifying the dependence order of the model; p, q and d, parameter

estimation, diagnostic checking and forecasting.

The first step in the analysis using ARIMA model is to identify the model.
Identification consists of specifying the appropriate structure of AR, MA or ARMA
and order of integration of the model to be constructed. Autocorrelation function
(ACF) and partial autocorrelation function (PACF) of the series together are the most
powerful tool usually applied to reveal the correct values of the parameter. Appendix
3-A shows the sample autocorrelation function (ACF) and partial autocorrelation
function (PACF) of the annual electricity consumption data. The last two columns
reported in the correlogram are the Ljung-Box Q- statistics and their p-values. The null

hypothesis is that there is no autocorrelation in all lags.

Inspecting the sample ACF and PACF we might feel that, the autocorrelation function
dies off after lag three and the partial autocorrelation functions cut at the first lag. All
p-values of Q-statistics have zero values indicates that there should be autocorrelation
left in all residuals. The ACF indicates the existence of a trend, which implies that
electricity consumption data is non-stationary. Since the data is non-stationary, we

have to make it stationary before making further analysis.

The correlogram of the first difference (Appendix 3-B) still indicates trend, and also
the presence of persistent autocorrelation in the residuals implies the need to
introduce the second difference. The correlogram presented in Appendix 3-C shows
that there is no trend after second difference. The autocorrelation and partial
autocorrelation functions except the first lag are zero and also the Q-statistics are
insignificant with large p-values that there is no autocorrelation except the first lag.

These observed facts suggest that ARMA (1, 2, 1) model can be fitted. The second step
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in the analysis of ARIMA model is estimation of parameter. Once the model is
identified, then the unknown parameters can be estimated by ordinary least squares
methods as follows. Let E;" be the second difference electricity consumption data.

Then, the model can be expressed as
EI* - 6+®1E*t—1+£t_ 91{:}_1 (30)

From appendix 3-D, we have

E =684+ 0244E",_, — 4396¢,_, + &, (31)

The third step is diagnostic checking (white noise test). In order to ensure that the best
forecasting model has been built, diagnostic checking must be performed. If our model
is correctly specified, the residual from the model should be nearly white noise. This
means that there should be no serial correlation left in the residuals. In other words,
none of the autocorrelations and partial autocorrelations of the series are significantly

different from zero. This is true for all lags.

The correlogram for equation (31) has not significant spike at all lags and all
subsequent Q-statistics are not significant. From the normality assumption of
correlogram of residual square given in Appendix 3-H indicates that there is no
autocorrelation left in the residuals. This result clearly indicates that there is no need

for respecification of the model (Appendix3-E).

The last step is forecasting. To produce the forecast of electricity consumption, we
have to start from the general forms of ARIMA (p,d,q) model. As before, E; is
electricity consumption data and [ =1, 2, 3,... is a lead time forecast. Then, we have

Evri = O1Eerio1 + - +0praBesip-a — 160011 — =041 + Etpl (32)

Taking a conditional expectation of the above equation at a time t, we obtain

[Ecsr] = Ec(1) = 01 [Eppyq] + - +®p+d[Et+l-p—d] — 0y [gr44-1] — =8, [EHH;] +
lees]
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As pointed out in the methodology part there are three ways of expressing forecasts.
These are, forecast from difference equation form, forecasts in integrated form and
forecasts as a weighted average of previous observations plus a random shock. In line

with these, we can write the model in the difference equation form
D(B)AZE, ., = 6 + 0(B) ey (33)
Since our model is ARIMA (1, 2, 1). Now the model becomes
(1—0,B)(1 —B)2E,,, = & + (1 — 6,B)e,4,
& (1—0,B)(1—2B +B?)E,,; =6+ (1 - 0,B)e4;
© (1-2B+B*—¢,B+20,B>—0,B¥E.,,;, =8+ (1—6,B)eyy
©(1-2+06)B+(1+20,)B*— 0;B3)E;; =6+ (1 —8,B)éryy
S E— Q+ 0)E1+ (14 20)E 1 = D13 = 6 + &40 — 0180411
SEy=6+Q4+0)E ;1 — (1 +20)E 12 + OBy 3 — 018411 + &4

We have the values of § , @; and 8, from equation (31). Therefore, the final model used

for forecast is

E,yp =684+ (2+0.244)E,,;y — (1 + 2+ 0.244)E, 1 + 0.244EF,,,_5 — 43968041,

+ &4y
Eiy; =684+ 2.244F,,, | — 1488E;,, 5 + 0.244E;,;,_ 3 —4.396&,,;_1 + &1 (34)

Forecasts are to be made at the origin t = 2010 for lead times [ = 1,2,3,4,5 for the
electricity consumption data series in the coming five years. Therefore, the forecast

equations at the origin 2010 for equation (34) are given by
EZD].O(]') = E2011 = 6.84 + 2.244E2010 = 1.4’8852009 o 0'24452008 = 4.39682010

Er010(2) = Eypyp = 6.84 + 2.244F,,,,(1) — 1.488E,0,0 + 0.244E,09
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E2010(3) = E2013 = 6.84 + 2.244’@2010(2) - 1.48832010(1) + 0.244E2010
For general case

Eyo10(D) = 6.84 + 2.244F,0,0(1 — 1) — 1.488E,9,o(1 — 2) + 0.244E,,,,(l = 3), |
=4,4,5, ... (35)

In general the moving average operator 8(B), the forecast equation will depend
directly on the &'s but forecast at a longer lead times will not. In our forecast model
only E5910(1) which depend on &40, the others become zero. Because, the conditional

expectation of [e50194;] where j = 1,2 ... is zero.

The residual can be obtained as the actual minus the fitted values of electricity
consumption data. From appendix 3-F, we have the values of the residual. So, we can

calculate the forecast values by using the above formula.

ARIMA models are developed basically to forecast the corresponding variable. There
are two kinds of forecasts: sample period forecasts and post-sample period forecasts.
The former are used to develop confidence in the model and the latter to generate

genuine desired forecasts.
4.4.2 Sample Period Forecasts

The sample period forecasts are obtained simply by plugging the actual values of the
variables in the estimated equation (34). We obtained values for E, together with the
actual values of E;. To judge the forecasting ability of the fitted ARIMA model,
important measures of the sample period forecasts accuracy were computed. The
Mean Absolute Percentage Error (MAPE) turn out to be 2.80% which is less than 4%
and Theil’s inequality coefficient (U-statistic) turn out to be 0.015 which is close to
zero. Besides that the bias and the variance proportion are also very small which are

0.037 and 0.001 respectively. There is no significant difference between actual versus
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fitted graph. Thus, those measures indicate that the forecasting inaccuracy is low

(Appendix 3-G).
4.4.3 Post Sample Forecasts

Once a satisfactory model is obtained, generation of forecasts is an easy process. The
principal objective of developing an ARIMA model for a variable is to generate post
sample period forecasts for that variable. This is done through using equation (34).
The forecasted values for electricity consumption data by considering 2010 as origin

and lead time [ = 1,2,3,4,5 are given below.

Table-6: Electricity demand forecasts (origin 2010, lead time ! =1, 2,3,4,5).

Year Forecasted electricity Annual % change
consumption(GWh)

E2010(1)=E2011 3319.488 12.21

Bousnl2)= By 3761.446 13.31

s 8= Eages 4229.976 12.46

Ez010(4)= Exp14 4711.828 11.39

E;010(5)= Ez015 5203.772 10.44

The average annual percentage change for the electricity consumption data is 11.92%.
Based on our model the forecasted result of net electricity consumption in Ethiopia

will increase an average 11.92% during the coming five years.

444 Government Projections of Net Electricity Consumption

Data in Ethiopia from 2011-2015

The government of Ethiopia gave more emphasis to the power generation and has

planned to increase it from about 2000MW in 2010 to 10,000MW in 2015, end of the
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growth and transformation plan of the country. The following table shows the

government projection of electricity consumption in three scenarios.

Table-7: Government projections of electricity demand in Ethiopia (2011-2015)

Year Government Projections for Annual % Change
Electricity
Consumption (GWh)

Reference | Moderate | Targeted | Reference Moderate Targeted

Scenario Scenario | scenario Scenario Scenario Scenario
2011 | 3572.16 4184.79 5101.07 44 11.9 54
2012 | 3931.27 4634.37 5844.40 10.1 10.7 14.6
2013 | 4308.37 5104.38 6663.17 9.6 10.1 14.0
2014 | 4703.55 5594.39 7563.63 9.2 9.6 13.5
2015 | 5117.13 6104.38 8553.16 8.8 91 131

Source: Ethiopian Electric Power Corporation (EEPCo).

The average annual percentage change for the government projection of electricity
consumption is 8.1% for reference scenario, 10.2% for moderate scenario and 11.4% for

targeted scenario.

44.5 Comparison of ARIMA (1, 2, 1) Model Forecast Result

with the Government Projection.
From table (6) we have seen that ARIMA (1, 2, 1) model forecasted results gives as
indication that there exists increasing electricity consumption in Ethiopia in the

coming five years an average 11.92%. Table 8 below shows the comparison of

government projection with ARIMA (1, 2, 1) model forecasts.
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Table-8: Comparisons of government projection with ARIMA (1, 2, 1) model

Government projection ARIMA Difference between Difference between
Year (GWh) (1,2,1) government projection and government projection
model ARIMA(1,2,1) model and ARIMA(1,2,1) model
forecast forecast forecast as % of ARIMA
model forecast
Referen | Moder | Targete Referen | Moder | Targete | Refere | Mode | Targete
ce ate d ce ate d nce rate d
scenari Scenari Scenari | Scenari | scenario | Scenar | scenar | scenari
o scenari | o 0 0 io io o
0
2011 | 357216 | 4184.79 | 5101.07 | 3319.488 | 252.672 | 865.302 | 1781.582 | 7.6 26.1 53.7
2012 | 3931.27 | 4634.37 | 5844.40 | 3761.446 | 169.824 | 872.924 | 2082.954 | 4.5 282 55.4
2013 | 4308.37 | 5104.38 | 6663.17 | 4229.976 | 78.394 | 874.404 | 2433.194 | 1.9 20.7 57.5
2014 | 4703.55 | 5594.39 | 7563.63 | 4711.828 | -8.278 | 882.562 | 2851.802 | -0.2 18.7 60.5
2015 | 5117.13 | 6104.38 | 8553.16 | 5203.772 | -86.642 | 900.608 | 3349.388 | -1.7 17.3 64.4

The results show relatively small differences between forecasted values and reference

scenario projection, large differences among moderate scenario, targeted scenario and

ARIMA forecasts in actual term.
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5 Conclusion

The paper examined demand for electricity in Ethiopia employing annual data over the
period 1976-2010. Partial adjustment and ARIMA modeling were applied to estimate

and forecast electricity demand in Ethiopia.

In this study, short-run and long-run elasticities of electricity demand are obtained. The
income elasticity, as expected has a positive sign and is significant. This result indicates
that electricity consumption is a normal good as it increases with income. The short-run
and long-run income elasticities were found to be 0.2517 and 0.7683 respectively. The
population growth rate was found to be an important determinant of electricity
consumption in Ethiopia. Its elasficities are 0.1724 and 0.5263 in the short and long-run
respectively. ARIMA model offers a good technique for predicting the magnitude of
any variable. In our study the developed model for electricity demand was found to be
ARIMA (1, 2, 1). The forecasted results obtained indicate that electricity demand
increases at an average rate of 11.92% during the coming five years. The comparison of
government projected and forecasted results of this study shows that the government
projected values, except reference scenario, are consistently higher than the forecasted

values of this study.
Future Direction of the Study

Due to the nature of ARIMA models and low elasticities obtained from the partial
adjustment model, the present study has only employed net total consumption data for
forecasting. There is an apparent need for further work with more variables that will
examine the demand for electricity in Ethiopia taking in to account exogenous variables.
In this regard Autoregressive Moving Average with eXogenous (ARMAX) models and
transfer function model may have merits in allowing a more detailed and accurate
understanding of the trend of electricity in Ethiopia. See Shumwy and Stoffer (2006) and
references therein for more on these two models.
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Appendix I Descriptive Analysis

Table-9: Summary statistics for the variables

PG E P Y
Mean 2.875106 2105125 0.268500 1078.006
Median 2.801700 18.18094 0.205300 985.2223
Maximum 3.320800 35.67290 0.514800 1909.900
Minimum 2.430000 12.48744 0.102800 720.5400
Std.Dev. 0.228694 6.814168 0.146389 281.6196
Ccv 7.9543% 32.4002% 54.5221% 26.1241%
Skewness 0.093093 0.926222 0.440899 1.471613
Kurtosis 2.152022 2.886259 1.588254 4.503705

58




Appendix 1: Time Series Plots of Net Electricity Consumption Per capita, Real

Price of Electricity, Real Income Per capita and population growth rate.

Figure-1: Net electricity consumption per capita at level form
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Figure-2: Net electricity consumption per capita at first difference
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Figure-3: Real price of electricity at level form
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Figure-4: Real price of electricity at first difference
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Figure-5: Real income per capita at level form
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Figure-6: Real income per capita at first difference
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Figure-7: Population growth rate at level form
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Figure-8: Population growth rate at first difference
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Appendix 2: Estimation Outputs.

Appendix 2-A: ADF test output for variable logE

Null Hypothesis: LOG(E) has a unit root
Exogenous: Constant, Linear Trend
Lag Length: 0 (Automatic based on SIC, MAXLAG=1)

t-Statistic Prob.*

Augmented Dickey-Fuller test statistic -2.175469 0.4874
Test critical values: 1% level -4.252879

5% level -3.548490

10% level -3.207094
*MacKinnon (1996) one-sided p-values.
Augmented Dickey-Fuller Test Equation
Dependent Variable: D(LOG(E))
Method: Least Squares
Date: 12/21/10 Time: 03:34
Sample (adjusted): 1977 2010
Included observations: 34 after adjustments
Variable Coefficient Std. Error t-Statistic Prob.
LOG(E(-1)) -0.272710  0.125357 -2.175469 0.0373
i 0.699351 0.311815 2.242836 0.0322
@TREND(1976) 0.008349  0.003806 2193607 0.0359
R-squared 0.136194 Mean dependent var 0.030678
Adjusted R-squared ~ 0.080465 S.D. dependent var 0.067945
S.E. of regression 0.065154 Akaike info criterion -2.540022
Sum squared resid 0.131597 Schwarz criterion -2.405343
Log likelihood 46.18037 F-statistic 2.443846
Durbin-Watson stat ~ 1.866944 Prob(F-statistic) 0.103383
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Appendix 2-B: ADF test output for variable logP

Null Hypothesis: LOG(P) has a unit root
Exogenous: Constant, Linear Trend
Lag Length: 1 (Automatic based on SIC, MAXLAG=1)

t-Statistic Prob.*

Augmented Dickey-Fuller test statistic -3.017138 0.1429
Test critical values: 1% level -4.252879

5% level -3.552973

10% level -3.209642
*MacKinnon (1996) one-sided p-values.
Augmented Dickey-Fuller Test Equation
Dependent Variable: D(LOG(P))
Method: Least Squares
Date: 12/21/10 Time: 03:38
Sample (adjusted): 1978 2010
Included observations: 33 after adjustments
Variable Coefficient Std. Error t-Statistic Prob.
LOG(P(-1)) -0.388220 0.128672 -3.017138 0.0053
D(LOG(P(-1))) 0.410758  0.170071 2.415218 0.0223
(8 -0.919801  0.321445 -2.861455 0.0077
@TREND(1976) 0.021069  0.007286 2.891869 0.0072
R-squared 0.276073 Mean dependent var 0.048463
Adjusted R-squared 0.201185 S.D. dependent var 0.098613
S.E. of regression 0.088137 Akaike info criterion -1.906639
Sum squared resid 0.225275 Schwarz criterion -1.725244
Log likelihood 35.45954 F-statistic 3.686438
Durbin-Watson stat 2.030662 Prob(F-statistic) 0.023079
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Appendix 2-C: ADF test output for variable logY

Null Hypothesis: LOG(Y) has a unit root
Exogenous: Constant, Linear Trend
Lag Length: 0 (Automatic based on SIC, MAXLAG=1)

t-Statistic Prob.*

Augmented Dickey-Fuller test statistic -1.287734 0.8741
Test critical values: 1% level -4.252879

5% level -3.548490

10% level -3.207094
*MacKinnon (1996) one-sided p-values.
Augmented Dickey-Fuller Test Equation
Dependent Variable: D{LOG(Y))
Method: Least Squares
Date: 12/21/10 Time: 03:43
Sample (adjusted): 1977 2010
Included observations: 34 after adjustments
Variable Coefficient Std. Error  t-Statistic Prob.
LOG(Y(-1)) -0.142938  0.111000 -1.287734 0.2074
C 0.928115  0.736805 1.259647 0.2172
@TREND(1976) 0.004886  0.002344 2.084592 0.0454
R-squared 0.136470 Mean dependent var 0.022061
Adjusted R-squared  0.080758 5.D. dependent var 0.079782
S.E. of regression 0.076493 Akaike info criterion -2.219146
Sum squared resid 0.181385 Schwarz criterion -2.084468
Log likelihood 40.72549 F-statistic 2.449576
Durbin-Watson stat 1.581447 Prob(F-statistic) 0.102873
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Appendix 2-D: ADF test output for variable LogPG

Null Hypothesis: LOG(PG) has a unit root

Exogenous: Constant, Linear Trend

Lag Length: 1 (Automatic based on SIC, MAXLAG=1)

t-Statistic Prob.*
Augmented Dickey-Fuller test statistic 0.055046 0.9952
Test critical values: 1% level -4.296729
5% level -3.568379
10% level -3.218382
*MacKinnon (1996) one-sided p-values.
Augmented Dickey-Fuller Test Equation
Dependent Variable: D(LOG(PG))
Method: Least Squares
Date: 04/12/11 Time: 15:46
Sample (adjusted): 1978 2010
Included observations: 30 after adjustments
Variable Coefficient Std. Error t-Statistic Prob.
LOG(PG(-1)) 0.006933 0.125943 0.055046 0.9565
D(LOG(PG(-1))) -0.870221 0.226086 -3.849069 0.0007
C 0.045330 0.137971 0.328548 0.7451
@TREND(1976) -0.002952 0.001249 -2.362871 0.0259
R-squared 0.448768 Mean dependent var 0.002869
Adjusted R-squared 0.385164 S.D. dependent var 0.080209
S.E. of regression 0.062893  Akaike info criterion -2.571193
Sum squared resid 0.102844  Schwarz criterion -2.384367
Log likelihood 42.56790  F-statistic 7.055687
Durbin-Watson stat 1.708838  Prob(F-statistic) 0.001268
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Appendix 2-E: ADF test output for variable AlogE

Null Hypothesis: D(LOG(E)) has a unit root
Exogenous: Constant, Linear Trend
Lag Length: 0 (Automatic based on SIC, MAXLAG=0)

t-Statistic Prob.*

Augmented Dickey-Fuller test statistic -5.831060 0.0002
Test critical values: 1% level -4.262735

5% level -3.552973

10% level -3.209642
*MacKinnon (1996) one-sided p-values.
Augmented Dickey-Fuller Test Equation
Dependent Variable: D(LOG(E),2)
Method: Least Squares
Date: 12/21/10 Time: 03:49
Sample (adjusted): 1978 2010
Included observations: 33 after adjustments
Variable Coefficient Std. Error t-Statistic Prob.
D(LOG(E(-1))) -1.069325 0.183384 -5.831060 0.0000
(& 0.022540  0.026628 0.846479 0.4040
@TREND(1976) 0.000566  0.001303 0.434878 0.6668
R-squared 0.531404 Mean dependent var -0.001266
Adjusted R-squared  0.500165 5.D. dependent var 0.100283
S.E. of regression 0.070899 Akaike info criterion -2.368605
Sum squared resid 0.150801 Schwarz criterion -2.232559
Log likelihood 42.08199 F-statistic 17.01055
Durbin-Watson stat 1973772 Prob(F-statistic) 0.000012
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Appendix 2-F: ADF test output for variable AlogP

Null Hypothesis: D(LOG(P)) has a unit root
Exogenous: Constant, Linear Trend
Lag Length: 0 (Automatic based on SIC, MAXLAG=1)

t-Statistic Prob.*

Augmented Dickey-Fuller test statistic -4.407153 0.0070
Test critical values: 1% level -4.262735

5% level -3.552973

10% level -3.209642
*MacKinnon (1996) one-sided p-values.
Augmented Dickey-Fuller Test Equation
Dependent Variable: D{(LOG(P),2)
Method: Least Squares
Date: 12/21/10 Time: 03:54
Sample (adjusted): 1978 2010
Included observations: 33 after adjustments
Variable Coefficient Std. Error t-Statistic Prob.
D(LOG(P(-1))) -0.782506  0.177554 -4.407153 0.0001
2 0.044717  0.037914 1.179432 0.2475
@TREND(1976) -0.000368  0.001816 -0.202827 0.8406
R-squared 0.393567 Mean dependent var 0.000760
Adjusted R-squared  0.353138 S.D. dependent var 0.123501
S.E. of regression 0.099329 Akaike info criterion -1.694244
Sum squared resid 0.295989 Schwarz criterion -1.558198
Log likelihood 30.95503 F-statistic 9.734805
Durbin-Watson stat 1.921693 Prob(F-statistic) 0.000552
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Appendix 2-G: ADF test output for variable AlogY

Null Hypothesis: D(LOG(Y)) has a unit root
Exogenous: Constant, Linear Trend
Lag Length: 1 (Automatic based on SIC, MAXLAG=1)

t-Statistic Prob.*

Augmented Dickey-Fuller test statistic -5.441581 0.0005
Test critical values: 1% level -4.262735

5% level -3.557759

10% level -3.209642
*MacKinnon (1996) one-sided p-values.
Augmented Dickey-Fuller Test Equation
Dependent Variable: D(LOG(Y),2)
Method: Least Squares
Date: 12/21/10 Time: 04:07
Sample (adjusted): 1979 2010
Included observations: 32 after adjustments
Variable Coefficient Std. Error t-Statistic Prob.
D(LOG(Y(-1))) -1.232605 0.226516 -5.441581 0.0000
D(LOG(Y(-1)).2) 0.317907  0.167589 1.896944 0.0682
& 0.001246  0.029071 0.042876 0.9661
@TREND(1976) 0.001796  0.001467 1.224028 0.2311
R-squared 0.553113 Mean dependent var 0.006096
Adjusted R-squared  0.505233 S.D. dependent var 0.103409
S.E. of regression 0.072738 Akaike info criterion -2.287449
Sum squared resid 0.148141 Schwarz criterion -2.104232
Log likelihood 40.59918 F-statistic 11.55190
Durbin-Watson stat 1.960743 Prob(F-statistic) 0.000042
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Appendix 2-H: ADF test for variable ALogPG

Null Hypothesis: D(LOG(PG)) has a unit root

Exogenous: Constant, Linear Trend

Lag Length: 0 (Automatic based on SIC, MAXLAG=1)

t-Statistic Prob.*
Augmented Dickey-Fuller test statistic -9.957219 0.0000
Test critical values: 1% level -4.296729
5% level -3.568379
10% level -3.218382
*MacKinnon (1996) one-sided p-values.
Augmented Dickey-Fuller Test Equation
Dependent Variable: D(LOG(PG),2)
Method: Least Squares
Date: 04/12/11 Time: 15:50
Sample (adjusted): 1978 2010
Included observations: 30 after adjustments
Variable Coefficient Std. Error t-Statistic Prob.
D(LOG(PG(-1))) -1.863537 0.187154 -9.957219 0.0000
C 0.052801 0.024316 2.171493 0.0389
@TREND(1976) -0.002963 0.001211 -2.446056 0.0212
R-squared 0.788590 Mean dependent var 0.006806
Adjusted R-squared 0.772930  S.D. dependent var 0.129525
S.E. of regression 0.061721  Akaike info criterion -2.637743
Sum squared resid 0.102856  Schwarz criterion -2.497624
Log likelihood 4256615  F-statistic 50.35707
Durbin-Watson stat 1.708814 Prob(F-statistic) 0.000000
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Appendix 2-I: PP test output for variable logE

Null Hypothesis: LOG(E) has a unit root
Exogenous: Constant, Linear Trend
Bandwidth: 0 (Newey-West using Bartlett kernel)

Adj. t-Stat Prob.*

Phillips-Perron test statistic -2.175469 0.4874
Test critical values: 1% level -4.252879

5% level -3.548490

10% level -3.207094
*MacKinnon (1996) one-sided p-values.
Residual variance (no correction) 0.003871
HAC corrected variance (Bartlett kernel) 0.003871
Phillips-Perron Test Equation
Dependent Variable: D(LOG(E))
Method: Least Squares
Date: 12/21/10 Time: 04:14
Sample (adjusted): 1977 2010
Included observations: 34 after adjustments
Variable Cocfficient Std. Error t-Statistic Prob.
LOG(E(-1)) -0.272710  0.125357 -2.175469 0.0373
C 0.699351  0.311815 2.242836 0.0322
@TREND(1976) 0.008349  0.003806 2.193607 0.0359
R-squared 0.136194 Mean dependent var 0.030678
Adjusted R-squared  0.080465 5.D. dependent var 0.067945
S.E. of regression 0.065154 Akaike info criterion -2.540022
Sum squared resid 0.131597 Schwarz criterion -2.405343
Log likelihood 46.18037 F-statistic 2.443846
Durbin-Watson stat 1.866944 Prob(F-statistic) 0.103383
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Appendix 2-]: PP test output for variable logP

Null Hypothesis: LOG(P) has a unit root
Exogenous: Constant, Linear Trend

Bandwidth: 0 (Newey-West using Bartlett kernel)

Adj. t-Stat Prob.*

Phillips-Perron test statistic -2.206202 0.4712
Test critical values: 1% level -4.252879

5% level -3.548490

10% level -3.207094
*MacKinnon (1996) cne-sided p-values.
Residual variance (no correction) 0.007968
HAC corrected variance (Bartlett kernel) 0.007968
Phillips-Perron Test Equation
Dependent Variable: D(LOG(P))
Method: Least Squares
Date: 12/21/10 Time: 04:21
Sample (adjusted): 1977 2010
Included observations: 34 after adjustments
Variable Cocfficient Std. Error t-Statistic Prob.
LOG(P(-1)) -0.275126  0.124706 -2.206202  0.0349
C -0.624300 0.306738 -2.035290  0.0504
@TREND(1976) 0.014929  0.006999 2.132890 0.0410
R-squared 0.135771 Mean dependent var 0.047037
Adjusted R-squared  0.080014 S.D. dependent var 0.097462
S.E. of regression 0.093482 Akaike info criterion -1.817999
Sum squared resid 0.270905 Schwarz criterion -1.683320
Log likelihood 33.90598 F-statistic 2.435061
Durbin-Watson stat 1.391755 Prob(F-statistic) 0.104171
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Appendix 2-K: PP test output for variable log¥

Null Hypothesis: LOG(Y) has a unit root
Exogenous: Constant, Linear Trend

Bandwidth: 3 (Newey-West using Bartlett kernel)

Adj. t-Stat Prob.*

Phillips-Perron test statistic -1.353747 0.8564
Test critical values: 1% level -4.252879

5% level -3.548490

10% level -3.207094
*MacKinnon (1996) one-sided p-values.
Residual variance (no correction) 0.005335
HAC corrected variance (Bartlett kernel) 0.005645
Phillips-Perron Test Equation
Dependent Variable: D(LOG(Y))
Method: Least Squares
Date: 12/21/10 Time: 04:23
Sample (adjusted): 1977 2010
Included observations: 34 after adjustments
Variable Coefficient Std. Error t-Statistic Prob.
LOG(Y(-1)) -0.142938  0.111000 -1.287734 0.2074
C 0.928115  0.736805 1.259647 0.2172
@TREND(1976) 0.004886  0.002344 2.084592 0.0454
R-squared 0.136470 Mean dependent var 0.022061
Adjusted R-squared  0.080758 S5.D. dependent var 0.079782
S.E. of regression 0.076493 Akaike info criterion -2.219146
Sum squared resid 0.181385 Schwarz criterion -2.084468
Log likelihood 40.72549 F-statistic 2.449576
Durbin-Watson stat 1.581447 Prob(F-statistic) 0.102873

73



Appendix 2-L: PP test output for variable logPG

Null Hypothesis: LOG(PG) has a unit root

Exogenous: Constant, Linear Trend

Bandwidth: 3 (Newey-West using Bartlett kernel)

Adj. t-Stat Prob.*
Phillips-Perron test statistic -1.705377 0.7255
Test critical values: 1% level -4.273277
5% level -3.557759
10% level -3.212361
*MacKinnon (1996) one-sided p-values.
Residual variance (no correction) 0.005161
HAC corrected variance (Bartlett kernel) 0.004250
Phillips-Perron Test Equation
Dependent Variable: D(LOG(PG))
Method: Least Squares
Date: 04/12/11 Time: 15:57
Sample (adjusted): 1977 2010
Included observations: 32 after adjustments
Variable Coefficient Std. Error t-Statistic Prob.
LOG(PG(-1)) -0.234124 0.124401 -1.882003 0.0699
C 0.276720 0.139357 1.985694 0.0566
@TREND(1976) -0.001594 0.001375 -1.159723 0.2556
R-squared 0.120494 Mean dependent var 0.004137
Adjusted R-squared 0.059838 S.D. dependent var 0.077829
S.E. of regression 0.075465  Akaike info criterion -2.241244
Sum squared resid 0.165153  Schwarz criterion -2.103832
Log likelihood 38.85991  F-statistic 1.986522
Durbin-Watson stat 2472123  Prob(F-statistic) 0.155405
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Appendix 2-M: PP test output for variable AlogE

Null Hypothesis: D(LOG(E)) has a unit root
Exogenous: Constant, Linear Trend

Bandwidth: 5 (Newey-West using Bartlett kernel)

Adj. t-Stat Prob.*

Phillips-Perron test statistic -5.991758 0.0001
Test critical values: 1% level -4.262735

5% level -3.552973

10% level -3.209642
*MacKinnon (1996) one-sided p-values.
Residual variance (no correction) 0.004570
HAC corrected variance (Bartlett kernel) 0.002920
Phillips-Perron Test Equation
Dependent Variable: D(LOG(E),2)
Method: Least Squares
Date: 12/24/10 Time: 01:11
Sample (adjusted): 1978 2010
Included observations: 33 after adjustments
Variable Coefficient Std. Error t-Statistic Prob.
D(LOG(E(-1))) -1.069325 0.183384 -5.831060 0.0000
c 0.022540  0.026628 0.846479 0.4040
@TREND(1976) 0.000566  0.001303 0.434878 0.6668
R-squared 0.531404 Mean dependent var -0.001266
Adjusted R-squared  0.500165 S.D. dependent var 0.100283
S.E. of regression 0.070899 Akaike info criterion -2.368605
Sum squared resid 0.150801 Schwarz criterion -2.232559
Log likelihood 42.08199 F-statistic 17.01055
Durbin-Watson stat 1.973772 Prob(F-statistic) 0.000012
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Appendix 2-N: PP test output for variable AlogP

Null Hypothesis: D(LOG(P)) has a unit root
Exogenous: Constant, Linear Trend

Bandwidth: 1 (Newey-West using Bartlett kernel)

Adj. t-Stat Prob.*

Phillips-Perron test statistic -4.428630 0.0067
Test critical values: 1% level -4.262735

5% level -3.552973

10% level -3.209642
*MacKinnon (1996) one-sided p-values.
Residual variance (no correction) 0.008969
HAC corrected variance (Bartlett kernel) 0.009291
Phillips-Perron Test Equation
Dependent Variable: D(LOG(P),2)
Method: Least Squares
Date: 12/21/10 Time: 04:30
Sample (adjusted): 1978 2010
Included observations: 33 after adjustments
Variable Coefficient Std. Error t-Statistic Prob.
D(LOG(P(-1))) -0.782506 0.177554 -4.407153 0.0001
(2 0.044717  0.037914 1.179432 0.2475
@TREND(1976) -0.000368 0.001816 -0.202827 0.8406
R-squared 0.393567 Mean dependent var 0.000760
Adjusted R-squared ~ 0.353138 S.D. dependent var 0.123501
S.E. of regression 0.099329 Akaike info criterion -1.694244
Sum squared resid 0.295989 Schwarz criterion -1.558198
Log likelihood 30.95503 F-statistic 9.734805
Durbin-Watson stat 1.921693 Prob(F-statistic) 0.000552
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Appendix 2-O: PP test output for variable AlogY

Null Hypothesis: D(LOG(Y)) has a unit root
Exogenous: Constant, Linear Trend
Bandwidth: 6 (Newey-West using Bartlett kernel)

Adj. t-Stat Prob.*

Phillips-Perron test statistic -5.212105 0.0009
Test critical values: 1% level -4.262735

5% level -3.552973

10% level -3.209642
*MacKinnon (1996) one-sided p-values.
Residual variance (no correction) 0.005434
HAC corrected variance (Bartlett kernel) 0.002499
Phillips-Perron Test Equation
Dependent Variable: D(LOG(Y),2)
Method: Least Squares
Date: 12/21/10 Time: 04:33
Sample (adjusted): 1978 2010
Included observations: 33 after adjustments
Variable Coefficient Std. Error L-Statistic Prob.
D(LOG(Y(-1))) -0.892076  0.177041 -5.038810 0.0000
C -0.005585 0.029026 -0.192424 0.8487
@TREND(1976) 0.001636  0.001471 1.111985 0.2750
R-squared 0.459241 Mean dependent var 0.005747
Adjusted R-squared ~ 0.423190 S.D. dependent var 0.101800
S.E. of regression 0.077315 Akaike info criterion -2.195344
Sum squared resid 0.179329 Schwarz criterion -2.059298
Log likelihood 39.22318 F-statistic 12.73878
Durbin-Watson stat 1.983225 Prob(F-statistic) 0.000099
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Appendix 2-P: PP test output for variable AlogPG

Null Hypothesis: D(LOG(PG)) has a unit root

Exogenous: Constant, Linear Trend

Bandwidth: 1 (Newey-West using Bartlett kernel)

Adj. t-Stat Prob.*
Phillips-Perron test statistic -9.709399 0.0000
Test critical values: 1% level -4.296729
5% level -3.568379
10% level -3.218382
*MacKinnon (1996) one-sided p-values.
Residual variance (no correction) 0.003429
HAC corrected variance (Bartlett kernel) 0.003842
Phillips-Perron Test Equation
Dependent Variable: D(LOG(PG),2)
Method: Least Squares
Date: 04/12/11 Time: 16:03
Sample (adjusted): 1978 2010
Included observations: 30 after adjustments
Variable Coefficient Std. Error t-Statistic Prob.
D(LOG(PG(-1))) -1.863537 0.187154 -9.957219 0.0000
€ 0.052801 0.024316 2.171493 0.0389
@TREND(1976) -0.002963 0.001211 -2.446056 0.0212
R-squared 0.788590 Mean dependent var 0.006806
Adjusted R-squared 0.772930  S.D. dependent var 0.129525
S.E. of regression 0.061721  Akaike info criterion -2.637743
Sum squared resid 0.102856  Schwarz criterion -2.497624
Log likelihood 4256615  F-statistic 50.35707
Durbin-Watson stat 1.708814  Prob(F-statistic) 0.000000
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Appendix 2-Q: OLS Output for equation 4

Dependent Variable: LOG(E)
Method: Least Squares

Date: 04/12/11 Time: 17:51
Sample: 1976 2010

Included observations: 34

Variable Coefficient Std. Error t-Statistic Prob.
C -1.592372 1.197861 -1.329346 0.1938
LOG(P) 0.278013 0.050565 5.498141 0.0000
LOG(Y) 0.708186 0.145404 4.870467 0.0000
LOG(PG) 0.074359 0.180826 0.411220 0.6838
R-squared 0.924862 Mean dependent var 3.007369
Adjusted R-squared 0.917349  S.D. dependent var 0.317789
S.E. of regression 0.091362  Akaike info criterion -1.837851
Sum squared resid 0.250409  Schwarz criterion -1.658279
Log likelihood 35.24346  F-statistic 123.0892
Durbin-Watson stat 0.747036  Prob(F-statistic) 0.000000
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Appendix 2-R: OLS Output for equation 7 (Partial adjustment model)

Dependent Variable: LOG(E)
Method: Least Squares

Date: 04/12/11 Time: 17:54
Sample (adjusted): 1977 2010

Included observations: 33 after adjustments

Variable Coefficient ~ Std. Error t-Statistic Prob.
C -0.651265 0.909706 -0.715907 0.4800
LOG(P) 0.085656 0.053399 1.604080 0.1199
LOG(Y) 0.251695 0.146449 1.718656 0.0967
LOG(PG) 0.172430 0.134610 1.700516 0.0793
LOG(E(-1)) 0.672429  0.143535  4.684778  0.0001
R-squared 0.958782 Mean dependent var 3.021995
Adjusted R-squared 0.952894  S.D. dependent var 0.310879
S.E. of regression 0.067473  Akaike info criterion -2.415451
Sum squared resid 0127473  Schwarz criterion -2.188707
Log likelihood 44.85494  F-statistic 162.8292
Durbin-Watson stat 1.646204  Prob(F-statistic) 0.000000
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Appendix 2-S: White heteroskedasticity test output for equation 7 (Partial adjustment
model)

White Heteroskedasticity Test:

F-statistic 1.184349  Probability 0.348629
Obs*R-squared 9.340408  Probability 0.314398

Test Equation:

Dependent Variable: RESID”2
Method: Least Squares

Date: 04/12/11 Time: 17:57
Sample: 1977 2010

Included observations: 33

Variable Coefficient Std. Error t-Statistic Prob.
& -0.881380 1.763915 -0.499673 0.6219
LOG(P) 0.030933 0.032522 0.951133 0.3510
(LOG(P))"2 0.016091 0.011882 1.354211 0.1883
LOG(Y) 0.161450 0.562678 0.286931 0.7766
(LOG(Y))"2 -0.012214 0.040583 -0.300969 0.7660
LOG(PG) -0.019477 0.155549 -0.125216 0.9014
(LOG(PG))"2 0.011135 0.072650 0.153274 0.8795
LOG(E(-1)) 0.204752 0.212636 0.962921 0.3452
(LOG(E(-1)))"2 -0.027029 0.035586 -0.759549 0.4549
R-squared 0.283043 Mean dependent var 0.003863
Adjusted R-squared 0.044057 S.D.dependent var 0.006666
S.E. of regression 0.006517  Akaike info criterion -7.001775
Sum squared resid 0.001019  Schwarz criterion -6.593636
Log likelihood 1245293  F-statistic 1.184349
Durbin-Watson stat 1.740729  Prob(F-statistic) 0.348629
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Appendix 2-T: Breusch-Godfrey serial correlation test output for equation 7 (Partial
adjustment model)

Breusch-Godfrey Serial Correlation LM Test:

F-statistic 0.460946  Probability 0.502961
Obs*R-squared 0.553922  Probability 0.456720

Test Equation:

Dependent Variable: RESID

Method: Least Squares

Date: 04/12/11 Time: 17:58

Presample and interior missing value lagged residuals set to zero.

Variable Coefficient ~ Std. Error t-Statistic Prob.
C -0.056178 0.922311 -0.060910 0.9519
LOG(P) 0.018639 0.060507 0.308052 0.7604
LOG(Y) 0.037013 0.157608 0.234844 0.8161
LOG(PG) 0.014406 0.137571 0.104714 0.9174
LOG(E(-1})) -0.063600 0.172575 -0.368535 0.7153
RESID(-1) 0.160978 0.237106 0.678930 0.5030
R-squared 0.016786 Mean dependent var 1.05E-16
Adjusted R-squared -0.165291 S.D. dependent var 0.063115
S.E. of regression 0.068132  Akaike info criterion -2.371773
Sum squared resid 0.125333  Schwarz criterion -2.099681
Log likelihood 4513425  F-statistic 0.092189
Durbin-Watson stat 1.881991  Prob(F-statistic) 0.992771
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Appendix 2-U: Ramsey RESET test output for equation 7 (Partial adjustment model)

Ramsey RESET Test:

F-statistic 0.000536  Probability 0.981692
Log likelihood ratio 0.000656  Probability 0.979572
Test Equation:

Dependent Variable: LOG(E)
Method: Least Squares

Date: 04/12/11 Time: 18:00
Sample: 1977 2010

Included observations: 33

Variable Coefficient Std. Error t-Statistic Prob.
C -0.591401 2.745684 -0.215393 0.8311
LOG(P) 0.084189 0.083486 1.008420 0.3222
LOG(Y) 0.244775 0.333938 0.732995 0.4699
LOG(PG) 0.031901 0.142152 0.224417 0.8241
LOG(E(-1)) 0.654981 0.767377 0.853533 0.4009
FITTED"2 0.004065 0.175496 0.023161 0.9817
R-squared 0.958783 Mean dependent var 3.021995
Adjusted R-squared 0.951150 S.D. dependent var 0.310879
S.E. of regression 0.068710  Akaike info criterion -2.354865
Sum squared resid 0.127470  Schwarz criterion -2.082772
Log likelihood 4485527  P-statistic 125.6137
Durbin-Watson stat 1.642538  Prob(F-statistic) 0.000000

Appendix 2-V : Chow breakpoint test

Chow Breakpoint Test: 1999

F-statistic 0.546516  Probability 0.739247
Log likelihood ratio 3.704705  Probability 0.592664
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APPENDIX 3: Electricity Demand Forecast in Ethiopia for 2011-2015

Appendix 3-A: The correlogram of Ethiopian electricity consumption data up to 16 Lags

Correlogram of E

Date: 04/10/11 Time: 04:52
Sample: 1976 2010
Included observations: 35

Autocorrelation Partial Correlation AC PAC Q-Stat Prob

'

0.745 0.745 21.124 0.000
0.524 -0.069 31.884 0.000
0.376 0.025 37.612 0.000
0.291 0.043 41.152 0.000
0.240 0.030 43.644 0.000
0.207 0.025 45.560 0.000
0.177 0.007 47.009 0.000
0.152 0.011 48,115 0.000
0.129 0.005 48.948 0.000
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Appendix 3-B: The correlogram of the first-differenced data up to 16 Lags

Correlogram of D(E)

Date: 04/10/11 Time: 04:56
Sample: 1976 2010
Included observations: 34

Autocorrelation Partial Correlation AC PAC Q-Stat Preb

0.576 0.576 12.321 0.000
0.385 0.079 17.984 0.000
0.194 -0.083 19476 0.000
0.173 0.106 20.703 0.000
-0.005 -0.196 20.704 0.001
0.099 0.227 21.135 0.002
0.088 0.001 21.490 0.003
0.115 -0.002 22,111 0.005
0.102 0.088 22624 0.007
10 0.079 -0.121 22.941 0.011
11 0.083 0.140 23.309 0.016
12 0.055 -0.063 23.480 0.024
13 0.037 -0.016 23.558 0.035
14 0.034 0.079 23.630 0.051
15 0.024 -0.114 23.667 0.071
16 0.002 0.071 23.668 0.097
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Correlogram of D(E,2)

Date: 04/10/11 Time: 04:58

Sample: 1876 2010

Included observations: 33

Appendix 3-C: The Correlogram of the second-differenced data up to 16 Lags

Autocorrelation

Partial Correlation

AC  PAC

Q-Stat

Prob

-
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1
1
1
I

1 -0.338 -0.338
2 0.006 -0.122
3 -0.108 -0.169
4 0.143 0.052
5 -0.047 0.010
6 0068 0.074
7 -0.071 -0.001
8 0.053 0.029
9 0.019 0.061
10 -0.027 -0.015
11 0.026 0.036
12 0.017 0.035
13 -0.035 -0.024
14 0.018 0.005
15 0.016 0.015
16 -0.003 0.005
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4.1281
4.1296
4.5821
5.3978
5.4873
5.6858
5.9073
6.0359
6.0534
6.0903
6.1265
6.1415
6.2108
6.2295
6.2450
6.2455

0.042
0.127
0.205
0.249
0.359
0.459
0.551
0.643
0.735
0.808
0.865
0.909
0.938
0.960
0975
0.985



Appendix 3-D: Estimation output of OLS for equation (30)

Dependent Variable: D(D(E))
Method: Least Squares

Date; 04/10/11 Time: 12:56

Sample (adjusted): 1979 2010

Included observations; 32 after adjustments
Convergence achieved after 52 iterations
Backcast: OFF (Roots of MA process too large)

Variable Coefficient Std. Error t-Statistic Prob.
C 6.840329 2.683642 2.548897 0.0164
D(D(E(-1)) 0.244187 0.203965 1.197204 0.2409
MA(1) 4.396069 0.217449  -6.420225 0.0000
R-squared 0.575517 Mean dependent var 1.333378

Adjusted R-squared 0.546242 S.D. dependent var 71.98854
S.E. of regression 48.49260 Akaike info criterion 10.68876

Sum squared resid 68194.42 Schwarz criterion 10.82717
Log likelihood -168.0361 F-statistic 19.65920
Durbin-Waltson stat 2.045465 Prob(F-statistic) 0.000004
Inverted MA Roots 1.40

Estimated MA process is noninvertible
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Appendix 3-E: The correlogram of the residual from equation (31)
Correlogram of Residuals

Date: 04/12/11 Time: 02:38

Sample: 1979 2010

Included observations: 32

Q-statistic probabilities adjusted for 1 ARMA term(s)

Autocorrelation Partial Correlation AC PAC Q-Stat Prob
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Appendix 3-F: Actual, fitted and residual table

obs Actual Fitted  Residual

1979 32,5632 6.94122 25.6220
1980 -12.0959 -26.1214 14.0256
1981 -15.4355 -12.8673 -2.56817
1982 644225 0.96930 54.4532
1983 -59.4310 -64.1341 4.70311
1984 -29.1787 -2.94291 -26.2358
1985 75.0865 419672 33.1193
1986 -4.36649 -33.8181 29.4516
1887 104103 -33.8013 44.2117
1988 -454905 -53.3598 7.86931
1989  7.05100 -6.450086 13.5011
1990 -0.98370 -10.9150 993131
1991 -6.84340 -6.46086 -0.37354
1992  13.4213 7.46990 595140
1993 -1.00364 -0.02080 -0.98284
1994 56,2907 8.68050 47.6012
1995 -55.0352 -55.1359 0.10076
1896 45.0735 3.73107 41.3424
1997 -34.7332 -47.1588 12.4256
1998 -18.8631 -12.0916 -6.77152
1999 -62.0632 15.58%0 -77.8522
2000 695875 111.287 -41.6995
2001 -7.03870 69.7597 -76.7984
2002 172929 113.818 59.3110
2003 -124.003 -63.9473 -60.0560
2004 547504 82,8857 -28.1353
2005 824127 49.9698 32.4429
2006 695512 -32.4102 101.961
2007 -16.4212 -129.799 113.378
2008 -194.619 -151.152 -43.4660
2009 101.846 55.3290 46.5174
2010 -125.122 -50.7189 -74.4034
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Appendix 3-G: Sample period forecasts and their evaluation.

electricity consumption (GWn)
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Date: 06/29/11

Correlogram of Residuals Squared

Time: 08:45

Sample: 1979 2010
Included observations: 32
Q-statistic probabilities adjusted for 1 ARMA term(s)
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0.024
0.031
0.006
0.037
0.015
0.016
0.006
0.004

2.1471
2.1594
2.2312
2.3068
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2.4150
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