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Turning on the Lights: A Meta-Analysis of
Residential Electricity Demand Elasticities

James A. Espey and Molly Espey

Meta-analysis is used to quantitatively summarize previous studies of residential electricity
demand to determine if there are factors that systematically affect estimated elasticities. In
this study, price and income elasticities of residential demand for electricity from previous
studies are used as the dependent variables, with data characteristics, model structure, and
estimation technique as independent variables, using both least square estimation of a semi-
log model and maximum likelihood estimation of a gamma model. The findings of this
research can help better inform public policy makers, regulators, and utilities about the
responsiveness of residential electricity consumers to price and income changes.
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Many econometric studies of residential elec-
tricity demand have been conducted over the
years, particularly during the 1970s and early
1980s when energy prices were rising rapidly
and concerns about energy conservation in-
creased. Recently, deregulation, record cold
winter temperatures, unstable oil prices, and
continuing global warming concerns have re-
kindled interest in understanding the demand
for electricity, particularly in predicting the
impact of price changes on consumption. Giv-
en the variety of energy sources used to gen-
erate electricity, understanding consumers’ re-
sponsiveness to electricity price changes can
help municipalities, utility companies, and
policy makers predict future energy needs and
design pricing and taxation policies.
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Many models of electricity demand have
been estimated over the years in an effort to
better understand the market. These models
have varied in numerous ways, using different
functional forms and estimation techniques, as
well as covering different time periods and
different parts of the world. One goal of each
of these models was to estimate the residential
consumers’ price and income elasticities of
demand, but the broad spectrum of estimates
can create confusion without more detail about
the differences in data and analysis technigues
utilized. For example, price elasticities report-
ed in the literature range from 0.076 to —2.01
for the short run and —0.07 to —2.5 for the
long run.

A recent review by Stanley discusses the
process of meta-regression analysis and its
usefulness as an analytical tool for economic
evaluation in areas where there is wide study-
to-study variation in results such as is found
with residential electricity demand. Our study
utilizes meta-regression analysis to summarize
the electricity demand research and determine
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if there are factors that systematically influ-
ence estimates of price and income elasticities.
Short-run and long-run income and price elas-
ticity estimates reported in previously pub-
lished research are analyzed. Previous meta-
analyses of elasticities include Assmus, Farley,
and Lehmann and Tellis of sales marketing
elasticities; Espey of gasoline demand; and
Espey, Espey, and Shaw of residential water
demand analysis. Such studies use meta-anal-
ysis to analyze estimates of price and/or in-
come elasticities derived from previous studies
and explain differences as a function of cross-
study data and analysis differences. Elasticity
estimates, rather than the coefficient estimates
for price and income, are used as the depen-
dent variables in the meta-analysis because
elasticities are unit-free, easily interpreted, and
comparable across studies.

Taylor and Bohi also recognized the con-
fusing range of empirical estimates of price
and income elasticities of residential electric-
ity demand and sought to explain the variation
by categorizing and summarizing many of the
energy studies then available. This research,
however, differs significantly from theirs in
that the influence of study characteristics is es-
timated quantitatively using regression analy-
sis, rather than simply categorized and dis-
cussed qualitatively. Furthermore, the number
of studies of electricity demand has increased
greatly, with nearly half of the studies includ-
ed here, and well more than half of the total
elasticity estimates, published after Bohi’s re-
search. -

Data

This study analyzes peer-reviewed journal ar-
ticles of residential electricity demand. Be-
cause time-of-day (TOD) studies are not di-
rectly comparable with non-TOD studies, this
analysis does not include TOD studies. A
search of the literature revealed 36 studies
published between 1971 and 2000 covering
the time period from 1947 to 1997, providing
the basis for this meta-analysis. Many of these
studies estimated more than one model with
such things as the time period, functional
form, and estimation technique varying across

models. Among these estimates were five pos-
itive short-run price elasticities, four negative
short-run income elasticities, and two negative
long-run income elasticities—usually the re-
sult of small sample sizes and not statistically
significant—that were excluded from the
meta-analysis. Exclusion of these estimates
also aids in estimation of the gamma model as
explained in the next section. It is worth not-
ing, however, that comparison of the truncated
and untruncated ordinary least squares esti-
mates of the meta-analysis model indicates ex-
clusion does not significantly affect the results.
After excluding these estimates, these 36 stud-
ies yielded 123 estimates of short-run price
elasticity, 125 estimates of long-run price elas-
ticity, 96 estimates of short-run income elas-
ticity, and 126 estimates of long-run income
clasticity as shown in Table 1.

For the data set used in this analysis, short-
run price elasticity estimates range from
~2.01 to —0.004 with a mean of —0.35 and
median of —0.28. Long-run price elasticities
range from —2.25 to —0.04 with a mean of
—(.85 and median of —0.81. Short-run income
elasticity estimates range from 0.04 to 3.48
with a mean of 0.28 and median of 0.15.
Long-run income elasticities range from 0.02
to 5.74 with a mean of 0.97 and median of
0.92.

Empirical Model

Four medels are estimated with the following
dependent variables related to residential elec-
tricity demand: short-run price elasticity, long-
run price elasticity, short-ran income elastici-
ty, and long-run income elasticity. Elasticity
estimates are used for the dependent variables
rather than coefficient estimates for price and
income because eclasticities are unitless and
easy to interpret and compare across studies,
Since the variance of the elasticity estimates
is rarely reported in the studies reviewed, its
use in weighting the estimates in the meta-
analysis is precluded.

The short-run price elasticity data are
skewed with the greatest density between 0
and —1, the median at —0.28, few observa-
tions greater than Q, and the number of obser-
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Table 1. Useable Estimates

67

Year Short-run Long-run  Short-run  Long-run

Author(s) Published Price Price Income Income
Acton, Mitchell, and Mowill 1976 14 — 14 —
Anderson 1973 1 2 1 2
Archibald, Finifter, and Moody 1982 2 - 2 —
Barnes, Gillingham, and Hagemann 1981 2 — 2 —
Beenstock, Goldin, and Nabot 1999 — 3 — 3
Beierlein, Dunn, and McConnon 1981 3 3 2 2
Bernard, Bolduc, and Belanger 1996 2 — 2 —_
Berndt and Samaniego 1984 4 4 4 4
Branch 1993 1 — 1 —
Dubin and McFadden 1984 5 4 8 4
Garbacz 1984 10 — 10 —
Garcia-Cerrufti 2000 2 2 2 2
Gill and Maddala 1976 7 7 7 7
Halvorsen 1975 — 7 — 7
Halvorsen 1976 2 — —
Henson 1984 19 — —
Herriges and King 1994 3 -— — 5
Hewlett 1977 4 1 4 1
Houthakker, Verleger, and Shechan 1974 1 1 1 1
Houthakker 1980 14 15 13 14
Hsaio and Mountain 1985 — — 2 —
Hsing 1995 3 3 3 3
Kokkelenberg and Mount 1993 5 5 5 5
McFadden, Puig, and Kirshner 1978 2 2 1 1
Munley, Taylor, and Formby 1990 3 — 3 —
Murray et al. 1978 3 — — 3
Parti and Parti 1980 1 — — —
Rothman, Hong, and Mount 1994 — 3 — 3
Shin 1985 2 4 2 2
Silk and Joutz 1997 1 1. 1 1
Smith 1980 — 54 — 54
Terza 1986 4 — —_ —
Uri 1976 1 1 1 1
Walker 1979 1 — — —
Wilder and Willenborg 1975 1 1 1 1
Wilson 1971 — 1 — —
Total 123 125 96 126

vations tapering off beyond — 1. The long-run
price elasticity data are similarly skewed, with
the median -at —0.81 and the number of esti-
mates tapering off beyond —1.5. The income
elasticities are also skewed with the distribu-
tion on the opposite side of the origin. The
gamma distribution is useful for modeling
populations with skewed distributions such
as those that exist for these elasticity esti-
mates (Mendenhall, Wackerly, and Scheaf-

fer, p. 165). This study includes both gener-
alized least squares (GLS) estimation of a
semi-log model using White’s heteroscedastic
consistent covariance and maximum likeli-
hood estimation of the model assuming a gam-
ma distribution. In estimation of the gamma
model, an additional parameter (the shape pa-
rameter), is estimated that reflects the degree
of skewness.

The gamma distribution is a member of the
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linear exponential family. Gourieoux, Mon-
fort, and Trognon have shown that this kind
of family gives consistent and asymptotically
normal estimators of the parameters of the first
order moment of the true distribution. Termed
pseudo maximum likelihood, this approach in-
volves ‘‘maximizing a likelihood associated
with a family of probability distributions
which does not necessarily contain the true
distribution” (Gourieoux, Monfort, and Trog-
non, p. 681). The calculated standard errors
for the estimated parameters of the gamma
model are robust to distributional misspecifi-
cation. Since the gamma distribution is not de-
fined for values less than or equal to zero, ac-
tual estimation in this study requires
truncation at zero, meaning exclusion of the
positive price elasticity estimates and the neg-
ative income elasticity estimates, as well as the
use of absolute values for price elasticities.
The basic hypothesis of this analysis is that
the variation in elasticity estimates arises be-
cause of differences in (a) the specification of
electricity demand, (b) the nature of the data,
(c) the time and location of the study, and/or
(d) the econometric estimation technique.
These characteristics are described below,
with summary statistics presented in Table 2.

Demand Specification

This category covers structural versus re-
duced-form demand, lag structure, the inclu-
sion or exclusion of potentially significant ex-
planatory variables, and functional form.
Most commonly, electricity demand has
been estimated using a reduced-form, double-
log static model. However, numerous re-
searchers have estimated a structural model of
electricity demand using simultaneous egua-

tions to jointly estimate appliance stock de-

mand and electricity use, for example, It has
also been common to postulate some lag struc-
ture in electricity demand estimation to reflect
the fact that some adjustments in usage take
time, such as the acquisition of new applianc-
es. The most common lag structure is the use
of a lagged dependent variable. Other lag
structures have been estimated, but due to the
infrequency of these observations, they are

grouped together into an “other lags’ cate-
gory for the meta-regression analysis.

Variables commonly included in electricity
demand include some measure of appliance
stock; the price of substitute fuels; and some
measure of temperature, usually heating and
cooling degree days. Other variables consid-
ered in this analysis were inclusion or exclu-
sion of house size (e.g., square footage) and
education level and age of household mem-
bers, none of which were found to be statis-
tically significant, and therefore are not in-
cluded in the final model. Household size
(number of people) was only found to be sig-
nificant for long-run income elasticity.

Researchers have also modeled electricity
demand using a variety of functional forms in-
cluding linear, semi-log, and logistic forms.
Since no functional form other than double-
log and linear was used more than three times,
functional form was divided into double-log
and non—double-log for estimation of the
meta-analysis model.

Data Characteristics

This category includes the measurement of the
dependent variable, electricity consumption,
as either an aggregate measure or a per house-
hold measure, whether cross-sectional, time
series, or cross-sectional-time series data were
used, and the time interval of the data (either
monthly or annual).

The price specification and rate structure
are also included. Although most studies use
the marginal price of electricity, many use the
average price. Other price specifications, such
as the Shin price perception model, appeared
in the literature, but due to the limited number
of observations, only marginal and average
price were used in the final meta-analysis. Flat
rates, decreasing block rates, and increasing
block rates all appeared in the literature, with
studies encompassing a variety of these most
COImnmon.

Time and Location

This category includes information about the
setting of each study and the data years ana-
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Table 2, Variable Means

Short-run Long-run Short-run Long-run
Variable Price Price Income Income
Elasticity -0.35 -0.85 0.28 0.97
Demand specification
Reduced form 0.77 0.85 0.74 0.86
Structural 0.23 0.16 0.26 0.14
Static 0.60 0.56 0.55 0.56
Dynamic 0.40 — 0.45 0.44
Lag dependent variable — 0.34 — —
Other lag — 0.10 —_ —
Stock included 0.61 0.13 0.55 0.12
Substitutes included 0.54 0.46 0.68 0.44
Temperature included — — 0.76 —
Household size — — — 0.17
Double log model 0.53 0.92 0.58 0.92
Non-double log model 047 0.08 0.42 0.08
Data characteristics
Household level 0.49 — — e
Time series 011 0.56 0.14 0.56
Cross sectional 0.30 0.11 0.21 0.14
Cross sectional time series 0.59 0.33 0.65 0.30
Monthly 041 0.08 0.44 0.06
Annual 0.59 092 0.56 0.94
Average 0.36 0.7 0.39 0.71
Marginal 0.64 0.27 0.61 0.29
Increasing block 0.07 — — —
Decreasing block 0.39 0.60 0.42 0.58
Time and location
Aggregate 0.36 0.26 0.50 0.25
Regional 0.64 0.74 0.50 0.75
United States 0.95 0.92 0.92 0.94
Non—United States 0.05 0.08 0.08 0.06
Pre-1972 0.34 0.82 0.40 0.81
1972-1981 0.85 0.82 0.81 0.79
Post-1981 0.11 0.11 0.11 0.15
Publication year 1983 1982 1982 1982
Estimation technique :
Ordinary least squares 0.37 0.08 0.32 0.09
Non—ordinary least squares 0.63 0.92 0.68 0.91

lyzed. Of the electricity demand models ana-
lyzed, about one third are estimated using
aggregate data encompassing the entire contig-
uous 48 states. Several analyze regions of the
United States such as the Pacific Northwest,
whereas others analyze demand in a particular
city such as Los Angeles or use data obtained
from specific utility companies or service ar-

eas such as the Tennessee Valley Authority.
All nonaggregate studies are categorized as
“regional” studies. Several of the studies in-
cluded in this analysis modeled the demand
for electricity in other countries including
Mexico, Costa Rica, Canada, and Israel. The
influence of these studies is estimated by in-
cluding a “non-U.S.” dummy variable.
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The data years are classified as pre-1972,
1972-1981, and post-1981. These categories
are nonexclusive. That is, if the electricity de-
mand study included data from more than one
of these time periods, the dummy variable for
each included time period would take on a val-
ue of one. These time periods are chosen as
significant periods of change in energy mar
kets, with OPEC asserting its strength around
1972 and a steady decline of the influence of
OPEC and fuel prices after 1981. Publication
year was also included to determine if there
have been systematic changes in elasticity es-
timates over time.

Estimation Method

Finally, the estimation technique of each of the
studies is considered. Ordinary least squares is
the most common technique employed. Other
techniques include instrumental variables,
two- and three-stage least squares, and error
components models. Since none of these tech-
niques was used very frequently, they were all
grouped into a non—ordinary least squares
(OLS) category.

Other

To determine the influence of individual stud-
ies from which multiple elasticity estimates
were included, dummy variables were created
for each study from which more than 10% of
the observations for the meta-analysis were
derived. Only Acton, Mitchell, and Mowill (in
short-run price and income), Garbacz (short-
run income), and Houthakker (long-run price
and income) were statistically significant,

In addition to inclusion of study dummy
variables as a means of assessing the influence
of individual studies, Chow predictive tests
and estimation of intrastudy error correlations
were also conducted. Similar to the estimation
of study dummy variables, the Chow predic-
tive test is estimated for each study from
which more than 10% of the observations for
the meta-analysis were derived. Since for most
studies there are not enough degrees of free-
dom to run the regression for just that study,
the Chow F-test statistics were computed us-

ing the full data set and the subset of data with
a given study excluded (Greene). The only
significant results were for Smith in the long-
run price elasticity equation and for Houthak-
ker in the long-run income elasticity equation.
Results are therefore presented for both the
full data set and these significantly different
subsets.

Intrastudy error correlations are also esti-
mated for all studies from which more than
10% of the cbservations for the meta-analysis
were derived. Similar to autocorrelation or
cross-sectional correlation, OLS would pro-
duce unbiased but inefficient estimates in the
presence of intrastudy error correlation. For
the short-run price elasticity model, intrastudy
error correlation estimates were significant for
both Acton, Mitchell, and Mowill and Hou-
thakker. For the short-run income elasticity
model, correlation estimates were only signif-
icant for Acton, Mitchell, and Mowill. Neither
long-run model displayed significant intra-
study error correlation. Since standard error
correlation corrections depend on normally
distributed errors and the skewness of the data
in this study suggests nonnormality of errors,
rather than attempting to correct for the cor-
relation, regression results for both the full
data set and the subset of data omitting the
relevant studies are presented.

Results

All of the models were estimated using both
the gamma and the GLS specification with
White's heteroscedastic consistent covariance
and the dependent variable in semi-log form.
Results are presented in Tables 3—6. Since sev-
eral sets of mutually exclusive dummy vari-
ables are used, one characteristic from each set
of mutually exclusive characteristics is exclud-
ed, thus serving as a *‘base” for comparison.
Hence the coefficient estimates shown in Ta-
bles 3—6 should be interpreted as deviations
from the base model comprised of the omitted
variables. This base model used for compari-
son is a double-log, static, reduced-form OLS
model using annual cross-sectional-time se-
ries data for the aggregate United States and
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a marginal price for electricity. All tests of sig-
nificance are two-sided.

Price Elasticity

Results from the estimation of the gamma and
semi-log meta-analysis models for short-run
price elasticity are presented in Table 3 and
long-run price ¢lasticity in Table 4. Coefficient
estimates for short-run price elasticity for the
GLS and gamma models are shown both with
and without the only significant study dummy
variable (Acton, Mitchell, and Mowill) and
without the data from Acton, Mitchell, and
Mowill and Houthakker, the two studies with
significant intrastudy correlation. Coefficient
estimates for long-run price elasticity for the
GLS and gamma models are shown both with
and without the only significant study dummy
variable (Houthakker), as well as without the
data from Smith, the only study for which the
Chow test was significant. There were no sig-
nificant Chow tests of individual studies for
the short-run data, and no studies with signif-
icant intrastudy correlation for the long-run
data.

In general, the sign and significance of co-
efficients are consistent across these meta-
analysis models for both short-run and long-
run price elasticity. However, the gamma
model resulted in a significantly higher log-
likelihood value than GLS for all but the long-
run price elasticity model estimated for the
subset of data without Smith. Further, the
pseudo R2, or the squared correlation coeffi-
cient between the observed and predicted val-
ues, for the gamma models were greater than
the adjusted R? for the GLS in all cases. Note
that in interpreting the coefficients, price elas-
ticity is specified in absolute value; thus a pos-
itive coefficient implies a more elastic de-
mand, whereas a negative coefficient implies
a less elastic demand.

Demand specification. Although reduced-
form models are less cumbersome and easier
to estimate, structural equation models are
considered to be more accurate as they sepa-
rate the dynamic features of demand and allow
for the identification of the sources of con-
sumption behavior (Bohi). The meta-analysis

indicates that there is a statistically significant
difference between reduced-form models and
structural models in terms of the short-run es-
timates of the price elasticity, but no signifi-
cant difference for the long-run estimates.

Taylor pointed out that models that include
a lagged dependent variable to capture long-
run adjustments impose a fixed relationship
between short-run and long-run elasticities,
whereas other lag specifications do not nec-
essarily do so. He did not suggest, however,
that such models would bias estimates. This
meta-analysis finds no significant difference
among short-run estimates across various dy-
namic models, but dynamic models in general
are found to produce significantly smaller
short-run price elasticity estimates than static
models. For the long run, models using a
lagged dependent variable produce smaller es-
timates, but other lag structures do not consis-
tently result in significantly different estimates
from static models. This suggests care should
be taken in estimating demand uwsing dynamic
models to avoid biasing estimates via specifi-
cation of the lag structure.

Alternatively, one might separately esti-
mate the components that comprise the long-
run adjustments to price changes, such as
changes in the stock of electricity-using ap-
pliances. Since the demand for electricity is a
derived demand, it is a function of the demand
for services provided by electricity-using ap-
pliances. In general, the appliance stock is as-
sumed to be fixed in the short run and variable
in the long run. Omission of stock in a long-
run model would be expected to result in more
elastic estimates of price elasticity, as all of
the impact of a change in price would be pick-
ed up as a change in consumption, without
differentiation between direct changes in con-
sumption and indirect changes due to a change
in stock (Anderson). As expected, this meta-
analysis did find significantly smaller long-run
price elasticity estimates derived from models
that included stock. However, short-run mod-
els that included stock resulted in significantly
larger estimates of price clasticity.

Basic demand theory indicates that there
would be a positive cross-price elasticity be-
tween electricity consumption and the price of



W «£5°0 er'o G0 050 90 (5 Al ¥ parsnlpy
S Tris- 90°56— 1501 — 86T~ 1E611— Ly ETT - pootfayy Soy
AWM. *#%SP'E — *xxx V'€ waxC0'E — — Iajeurered adeyg
o - — +2xx9L T — —_ #2408 T— — MO pue TRYIITN U0y
£ B2yo
m *£€°0 *xxSP 0 #x0F'0 #xxP9) #5150 #xxEL 0 sazenbs jses| LIeurpio—uoN
& anbruys9) wonenmsg
M *CH0'0— *6£0°0— *9€0°0— te00— *PE00— LTO0~ mok uonednqnd
& PT0— 9CE0— 0£0- «x 80— Iy 0-— *xxk0OL0— €IEp 1861-150d
< *kx [Q°0— *¥x$9°0— *ax (90— **xxF80— x990 — *5xBL0— elRp 1861-7.61
.m *P90— €9'0— o 0— 8¢0— 050~ e0— $eIRIg pAM—TON
3 *+x6F°0 *%x99°0 k2P () €T0 #42£9°0 *xS¥°0 feuorday
3 UOIEd0] pue awiiy,
Hm” =0 *L¥0 #xLV'0 *x£C) 2x£6°0 *xC9'0 el R0 Bursesiosg
Y 70°0— 00— 00— 61'0— +10— £T0~- ajer yoo1q Susearou]
“..,.J *xx9F°0 *x£ 55 #xxSC0 *x%19°0 *x%£9°0 %890 aoud oeroay
M 1o 00— LO0 *LE0— €0'0— or'0— vondumswoo AYIuo
rm. +xx80"1— +xxS0' 1 — #2399 00— oL 0— #4090~ #%£9°0— [BUONIAS SSOIT)
3 +x[8°0 *%26°0 *0L°0 +=F80 #2580 #4960 $ILI9S JWIL],
= *0L0— L90— #x180— 2T0 1L°0- 9Z0 pProyasnoy
SDISLINORIRIY BIR(]
daxk£L°0 *x£9°0 wxkELQ 1£0 *x09°0 6C0 do1 arqnop—uoN
£T0 LTO =670 810 10 +1°0 sansqng
*%x80°1 w4 L0 T #2xP0 1 #xx560"0 *%xE£0°T =xx08°0 s
skl [— #4x9F [— #ak [£1— #4CO'0— #xxBHE T — #AaP6'0— sTureuA(q
*8€0— *6L0— ce0— 4%k 0L°0— *BE'0— *%£59'0— [e11onng
uonesyoads puswacy
*LL°08 20092 6689 0°sy x08°69 80°'1¢ wdsorug
geuInne) £8TD Jemrmien; Teunuery [4°g (9] 1S71D
(ET1 = u) 198 ve Ming

BIR(] PaIR[aLIo)) JOLIg
Apmisenuf oy

72

SINSY ANOUSE[ 9011 UNyY-Uoys °¢ IqEL



Espey and Espey: Meta-Analysis of Residential Electricity Demand 73

substitute fuels. To the extent that the price of
substitute fuels is correlated with the price of
electricity, the omission of the price of substi-
tutes would bias the estimates of the price
elasticity of electricity demand. This analysis
indicates the omission of substitutes does not
significantly influence short-run price elastic-
ity estimates, but results in significantly lower
long-run estimates.

Data characteristics. Use of time series
data is generally considered to be a useful
means of capturing long-run adjustments, and
this study found estimates from time series
studies to be significantly more elastic for both
the short and the long run. On the other hand,
models using cross-sectional data are consid-
ered to capture long-run effects if there is sig-
nificant variation in prices and income. This
study finds that cross-sectional studies pro-
duced smaller estimates than cross-sectional—
time series or time series studies, suggesting
that these cross-sectional studies may not have
enough variation in price to capture long-run
adjustments.

One of the most hotly debated questions in
the literature is that of the appropriate price
specification. Marginal price is by far the most
common choice of researchers, and this price
specification is a part of the base model for
comparison in each of the meta-analysis mod-
cls. Economic theory would dictate use of
marginal price, but average price is often the
only price measure available. Bohi suggests
that ‘“‘elasticity estimates related to marginal
price tend to be smaller than those related to
average prices.” This corresponds to the find-
ings of this meta-analysis for the short run, but
there was no significant difference between

(—.

Table 3. (Continued)

Notes: All /-tests are two-tailed.

2 Adjusted R? is reported for generalized least
squares (GLS) models, and the correlation be-
tween the observed and predicted values is re-
ported for all gamma models.

* Significant at the .10 level.

** Significant at the .05 level.

**% Significant at the .01 level.

studies using marginal and average price for
the long-run estimates.

Although studies using monthly data are
not found to produce significantly different
short-run elasticity estimates, they are esti-
mated to produce significantly more elastic
long-run estimates than studies using annual
data. Monthly data may allow more precise
measurement of consumption responses to
price changes that are obscured and averaged
out through the use of annual data.

Time and location. Bohi suggests that ag-
gregated data tend to produce larger long-run
price elasticities, whereas disaggregated data
tend to produce slightly larger short-run price
elasticities. This study also finds short-run es-
timates derived from regional-level data to be
smaller than those derived from national-level
aggregate data, but no significant difference
for long-run estimates.

Studies using non-U.S. data estimate the
demand for electricity to be less elastic in the
short run than those focusing on the U.S., but
more elastic in the long run. This suggests that
U.S. consumers may be quicker to respond to
price changes, but less price sensitive overall
in the long run than electricity consumers in
other countries.

Results with respect to data years suggest
that residential electricity demand was more
inelastic in the short run during the energy cri-
ses of the 1970s, but not significantly different
in the long run compared with either before or
after that time. A priori one might expect that
the price elasticity prior to 1972 was larger as
electricity was arguably less of a necessity
then. Rural customers, in particular, relied less
on electricity than they do today. In addition,
electric appliances such as air conditioners
were less common. Over time, more and more
appliances that consume electricity became a
part of daily life, and consumers increasingly
rely on appliances, reducing short-run price
elasticity. On the other hand, dramatic im-
provements in the efficiency of many electric
appliances has increased the options for con-
sumers in the long run, perhaps offsetting this
effect for long-run estimates.

Other. Finally, the shape parameters are atl
statistically significant and reflect the skew-
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ness of the distributions of short- and long-run
elasticities. The mean of the short-run elastic-
ities was much closer to zero with a longer
tail, so one would expect to find a smaller
shape parameter when compared with the
long-run model that had a more normal distri-
bution and a larger shape parameter for com-
parable models.

Income Elasticity

Results from the estimation of the gamma and
GLS meta-analysis models for short-run and
long-run income elasticities are presented in
Tables 5 and 6. Coefficient estimates for short-
run income elasticity for the GLS and gamma
models are shown both with and without the
only significant study dummy variables (Ac-
ton, Mitchell, and Mowill and Garbacz) and
without the data from Acton, Mitchell, and
Mowill, the only study with significant intra-
study correlation.

Coefficient estimates for long-run income
elasticity for the GLS and gamma models are
shown both with and without the only signif-
icant study dummy variable (Houthakker), as
well as without the data from Smith, the only
study for which the Chow test was significant.
There were no significant Chow tests of indi-
vidual studies for the short-run data, and no
studies with significant intrastudy correlation
for the long-run data.

In general, the sign and significance of co-
efficients are consistent across these meta-
analysis models for both short- and long-run
income elasticity. However, the gamma model

6_

Table 4. (Continued)

Notes: All r-tests are two-tailed.

* Smith is omitted based on a statistically sig-
nificant Chow test.

* Adjusted R? is reported for generalized least
squares (GLS) models, and the correlation be-
tween the observed and predicted values is re-
ported for all gamma models.

* Significant at the .10 level.

** Significant at the .05 level.

*%%* Significant at the .01 level.

resulted in a significantly higher log-likelihood
value than GLS for all meta-analysis model
specifications. Further, the pseudo R?, or the
squared correlation coefficient between the ob-
served and predicted values, for the gamma
models were greater than the adjusted R? for
the GLS in all cases.

Demand specification. Structural models
do not generally appear to produce different
income elasticity estimates for residential elec-
tricity demand than reduced-form models.
Structural models are often used to obtain con-
sistent estimates when there is correlation be-
tween one of the explanatory variables and the
error term. Simultaneity bias caused by cor-
relation between income and the error term
would tend to bias the estimate of the coeffi-
cient on income toward zero. Hence correction
for simultaneity bias through use of a struc-
tural model would result in a more elastic es-
timate, as implied by the meta-analysis for the
long-run elasticity for the first two gamma
models.

Similar to the price models, the short-run
estimates of income elasticity from dynamic
models were found to be significantly smaller
than from static models. There was no signif-
icant difference in the long-run estimates,
however.

In the estimation of the income elasticity
of demand for residential electricity, the inclu-
sion of a measure of appliance stock signifi-
cantly influences the results. Those models
that include some measure of appliance stock
estimate the income elasticity of the demand
for residential electricity to be significantly
lower, in both the short and long run, than
those models that exclude stock as a variable.
This could be due to the fact that models that
include stock do not capture the full long-run
influence of income changes on electricity de-
mand, as income influences the level of ap-
pliance ownership, which in turn influences
electricity consumption. Models that exclude
stock, however, exclude a significant explan-
atory variable in the demand for residential
electricity. Rather than excluding stock, long-
run elasticity could be calculated by combin-
ing the impact of income changes on appliance
ownership and direct and indirect changes in
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electricity consumption in a simultaneous
equations model.

Inclusion of the price of substitute fuels
leads to significantly lower estimates of short-
run income elasticity, but does not have a sig-
nificant impact on long-run estimates. Since
one would expect a posilive cross-price elas-
ticity between electricity demand and the price
of substitutes, this result implies that there
may be a positive correlation between income
and substitute fuel prices in the short run, but
no significant relationship in the long run.

In his electricity demand review, Taylor
concluded that temperature was a significant
variable in the demand for electricity, yet its
exclusion would not be expected to bias price
or income elasticity estimates. This study es-
timates that inclusion of some measure of tem-
perature only influences estimates of short-run
income elasticity, resulting in more elastic es-
timates. Similarly, Taylor determined house-
hold size to be a significant variable in esti-
mation of electricity demand. If household
size is positively correlated with both con-
sumption and income, its exclusion would
positively bias income elasticity estimates.
Conversely, its inclusion would result in less
elastic estimates, which this study found to be
the case for the long run, but not the short run.

Data characteristics. In contrast to the
price elasticity estimates, time series data did
not produce significantly different long-run in-
come elasticity estimates, but cross-sectional
data is estimated to produce significantly more
elastic estimates than cross-sectional—time se-
ries data in the gamma model. This implies
that although cross-sectional data may not
have enough price variation to produce long-

(_

Table 5. (Continued)

Notes: All ¢-tests are two-tailed.

2 Adjusted R? is reported for generalized least
squares (GLS) models, and the correlation be-
tween the observed and predicted is reported
for all gamma models.

* Significant at the .10 level.

** Significant at the .05 level.

*** Significant at the .01 level.

run price elasticity estimates, there may be
enough income variation to produce long-run
income elasticity estimates.

Although this meta-analysis estimates that
studies uwsing monthly data did not produce
significantly different estimates of long-run in-
come elasticity, the short-run model results are
inconsistent. The variable indicating use of
monthly data in the short-run income elasticity
meta-analysis model is the only variable in all
models presented in this study that is signifi-
cant but of opposite sign in different models.
In three of the models it is statistically insig-
nificant, whereas in the second gamma model
with Acton, Mitchell, and Mowill and Garbacz
dummy variables it is positive and significant,
and in both models that exclude the Acton,
Mitchell, and Mowill data it is negative and
significant. Both Garbacz and Acton, Mitchell,
and Mowill use monthly data, with the Acton,
Mitchell, and Mowill estimates somewhat
above the overall mean and Garbacz signifi-
cantly smaller. Hence it is likely that the sep-
aration of Garbacz through the use of a study
dummy variable and the heavier weight given
to Garbacz in influencing the monthly variable
when Acton is omitted biases the meta-anal-
ysis results, and that when special treatment or
weight is not allotted to Garbacz, estimates
from monthly data are probably not signifi-
cantly different from those using annual data.

Interestingly, decreasing block studies re-
sulted in higher estimates for the long-run in-
come elasticity. This may be because increases
in consumption could put households into the
next block with a lower price, further increas-
ing consumption, but these results also appear
sensitive to how the Houthakker data is treated
(whether or not the data is included or a study
dummy is included). Unfortunately, there were
not enough studies to determine the impact of
increasing block rates, although this may
change over time as more utilities utilize in-
creasing block rates than in the past.

Time and location. Use of regional as op-
posed to aggregate U.S. data appears to bias
income elasticity estimates downward for the
long-run estimates, whereas the short-run es-
timates appear sensitive to the treatment of the
Acton, Mitchell, and Mowill data (inclusion of
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the data or a study dummy). The estimated
income elasticity for both the short and the
long run was found to be significantly higher
in studies using data from countries other than
the United States, however. Given that these
other countries (Mexico, Costa Rica, Israel,
Canada) have lower average per capita income
than the U.S,, this finding contrasts with Ly-
man’s estimate that income elasticity increases
as income increases (Taylor). As incomes in-
crease in developing countries, electrification,
appliance ownership, and the demand for elec-
tricity would increase at a relatively rapid rate.
But as electrification approaches 100% and
appliance ownership reaches saturation, in-
creases in income may have a smaller impact
on total electricity consumption.

On the other hand, differences in income
elasticity over time were statistically signifi-
cant in the long-run meta-analysis model, sur-
prisingly suggesting residential electricity con-
sumers are growing more sensitive to changes
" in income over time. This may be the result
of increased availability of electricity-using
appliances and that with generally rising in-
come over time such appliances are being
bought at an increasing rate, leading to an
even greater increase in electricity use. Pub-
lication year was found to be negative and sig-
nificant, suggesting that over time, income
elasticity estimates have become smaller.

Other. Finally, as with the price elasticity
models, the shape parameters for the gamma
model are all significant and reflect the skewed
distribution of the published estimates of
income elasticity of residential electricity

(_

Table 6. (Continued)

Notes: All -tests are two-tailed.

® Houthakker is omitted based on statistically
significant Chow test.

b Adjusted R? is reported for generalized least
squares (GLS) models, and the correlation be-
tween observed and predicted values is re-
ported for all gamma models.

* Significant at the .10 level.

** Significant at the .05 level.

*%*k Significant at the .01 level.

demand, with the shape parameter in the
short-run model indicating a more skewed dis-
tribution than for the long-run model.

Conclusions

The results of this meta-analysis could be of
potential benefit to anyone interested in mod-
eling the demand for residential electricity.
First, it provides a qualitative summary of rel-
evant published work in the area. Yet, it goes
beyond the casual categorization of electricity
demand estimates by Bohi or the review of
Taylor, and formally models the likely effects
of different data and methods on empirical re-
sults. In addition to noting differences in re-
sults across time and approach, some general
“rules of thumb” can be inferred about the
magnitude of elasticities and systematic fac-
tors that influence such estimates, facilitating
cross-study comparisons.

Second, the results could be of interest to
public utility commissions as a means of un-
derstanding the confusing and often contradic-
tory results of previous studies. At present,
such commissions, as well as utilities, tend to
use a “ballpark” figure of short-run price elas-
ticity in the range of —0.2 to —0.4 (Ruelle). It
may not be appropriate to assume that these
elasticities are the same for every geographic
region. The meta-analysis has revealed subtle
differences in elasticities as a function of spe-
cific characteristics of previous attempts to
model electricity demand. If attempting an
original econometric analysis of electricity de-
mand, the modeler should be sensitive to lag
structure, data years utilized in the estimation,
area of analysis, and rate structure, for exam-
ple. Extrapolation of results from one place or
time period to another may not provide accu-
rate estimates. On the other hand, different
variables are more or less important, depend-
ing on whether one is interested in long-run
or short-run effects.

In the face of a multitude of questions
about deregulation, it is important for officials
to understand price and income elasticities.
Accurately forecasting a change in the quan-
tity demanded that results from a change in
price will necessarily require an assumption of
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the relevant elasticities. This analysis might be
used to guide such analysis of electricity de-
mand by policy makers. It could also be used
to provide confidence bounds or an adjustment
to estimates for researchers faced with less
than ideal data—for example, aggregated data
Or average prices.

As urban expansion continues throughout
the United States, it will be increasingly im-
portant to know just how much energy will be
required to meet the rising demand. Decisions
about new sources of electric power, the con-
struction of new power plants, or the creation
of new interstate power lines would also need
to be based on an accurate understanding of
the consumers’ responsiveness to price and in-
come changes. The results of this analysis can
help analysts understand the implications of
different modeling assumptions and data con-
straints in relation to their estimates of elastic-
ity. If the U.S. is forced to reduce energy use
to meet the goals and timetables of the Kyoto
or other agreements on global warming, this
work may also serve to clarify the effects of
a tax increase aimed at lowering consumption
of electricity.

[Received July 2003; Accepted October 2003.]
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