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One of the most frequently examined statistical relationships in energy economics has been the price elastic-
ity of gasoline demand. We conduct a quantitative survey of the estimates of elasticity reported for various
countries around the world. Our meta-analysis indicates that the literature suffers from publication selection
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1. Introduction

For the purposes of government policy concerning energy securi-
ty, optimal taxation, and climate change, precise estimates of the
price elasticity of gasoline demand are of principal importance. For
example, if gasoline demand is highly price-inelastic, taxes will be in-
effective in reducing gasoline consumption and the corresponding
emissions of greenhouse gases. During the last 30 years the topic
has attracted a lot of attention of economists who produced a pletho-
ra of empirical estimates of both short- and long-run price elasticities.
Yet the estimates vary broadly.

A systematic method how to make use of all this work is to collect
these numerous estimates and summarize them quantitatively. The
method is called meta-analysis (Stanley, 2001) and has long been
used in economics following the seminal contribution by Stanley
and Jarrell (1989). Recent applications of meta-analysis in economics
include, among others, Card et al. (2010) on the evaluation of active
labor market policy, Havranek (2010) on the trade effect of currency
unions, and Horvathova (2010) on the impact of environmental per-
formance on corporate financial performance.

Two international meta-analyses of the elasticity of gasoline de-
mand have been conducted (Brons et al., 2008; Espey, 1998). These
meta-analyses study carefully the causes of heterogeneity observed in
the literature. The average short- and long-run elasticities found by
these meta-analyses were −0.26 and −0.58 (Espey, 1998) and
−0.34 and−0.84 (Brons et al., 2008). None of themeta-analyses, how-
ever, corrected the estimates for publication bias. It is well-known that
publication selection can seriously bias the estimates of price elasticities
because positive estimates are usually inconsistent with theory: for in-
stance, Stanley (2005) documents how the price elasticity of water de-
mand is exaggerated fourfold because of publication bias.

Publication selection bias, long recognized as a serious issue in
empirical economics research (Ashenfelter and Greenstone, 2004;
Card and Krueger, 1995; Delong and Lang, 1992), arises when statis-
tically significant estimates or estimates with a particular sign are
preferentially selected for publication. The bias stems from the pref-
erence of authors, editors, or reviewers for results that tell a story
and are theory-consistent. Publication bias has been found in many
areas of empirical economics (Doucouliagos and Stanley, 2008).

The effects of publication selection differ at the study and litera-
ture levels. At the study level it is reasonable not to base discussion
on the estimates of the price elasticity of gasoline demand that are
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Table 1
List of primary studies used.

Abdel-khalek (1988) Drollas (1984) Pock (2010)
Akinboade et al. (2008) Eltony (1993) Ramanathan (1999)
Alves and Bueno (2003) Eltony and Al-Mutairi

(1995)
Ramsey et al. (1975)

Archibald and Gillingham
(1980)

Gallini (1983) Reza and Spiro (1979)

Archibald and Gillingham
(1981)

Houthakker et al.
(1974)

Sipes and Mendelsohn
(2001)

Baltagi and Griffin (1983) Iwayemi et al. (2010) Sterner (1991)
Baltagi and Griffin (1997) Kennedy (1974) Storchmann (2005)
Bentzen (1994) Kim et al. (2011) Tishler (1983)
Berndt and Botero (1985) Kraft and Rodekohr

(1978)
Uri and Hassanein
(1985)

Berzeg (1982) Kwast (1980) Wadud et al. (2009)
Crôtte et al. (2010) Lin et al. (1985) West and Williams

(2007)
Dahl (1978) Manzan and Zerom

(2010)
Wheaton (1982)

Dahl (1979) Mehta et al. (1978) Wirl (1991)
Dahl (1982) Nicol (2003)
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positive—few would consider gasoline to be a Giffen good, and posi-
tive estimates are thus most likely due to misspecifications. On the
other hand, it is far more difficult to identify large negative estimates
that are also due to misspecifications. If all researchers discard posi-
tive estimates of the price elasticity but keep large negative estimates,
the average impression derived from the literature will be biased to-
ward stronger elasticity. Thus, at the literature level the mean esti-
mate must be corrected for publication bias.

We employ recently developed meta-analysis methods to test
for publication bias and estimate the corrected elasticity beyond. The
mixed-effects multilevel meta-regression takes into account hetero-
scedasticity, which is inevitable in meta-analysis, and between-study
heterogeneity, which is likely to occur in most areas of empirical eco-
nomics. We do not, however, investigate heterogeneity explicitly, as
this issue was thoroughly examined by the two previous meta-
analyses.

The paper is structured as follows. Section 2 discusses the process
of selecting studies to be included in the meta-analysis and the prop-
erties of the data. Section 3 describes the meta-analysis methods used
to detect and correct for publication bias. Section 4 discusses the re-
sults of the meta-regression. Section 5 concludes.
2. The elasticity estimates data set

The first step of meta-analysis is the collection of primary studies.
We examined all studies used by the most recent meta-analysis
(Brons et al., 2008), but because the sample used by Brons et al.
(2008) ends in 1999, we additionally searched the EconLit and Scopus
databases for new studies published between 2000 and 2011. To be
able to use modern meta-analysis methods and correct for publica-
tion bias, we need the standard error of each estimate of elasticity;
therefore we have to exclude studies that do not report standard er-
rors (or any other statistics fromwhich standard errors could be com-
puted). Concerning the definition of short- and long-term elasticity
estimates, we follow the approach described in the first meta-analysis
on this topic, Espey (1998).

Some meta-analysts argue for using estimates from all available
studies in hope that the inclusion of unpublished studies will alleviate
publication bias. Nevertheless, rational authors of primary studies are
likely to polish even early drafts of their papers as they prepare for
journal submission, or may use the intuitive sign of the estimate as
a specification check. In a large survey of economics meta-analyses,
Doucouliagos and Stanley (2008) document that the inclusion of
working papers does not help mitigate publication bias. Hence we fol-
low, among others, Abreu et al. (2005) and collect estimates only
from studies published in peer-reviewed journals—as a simple criteri-
on of quality.1 In sum, our sample consists of 202 estimates of the
price elasticity of gasoline demand taken from 41 journal articles.

All studies included in our meta-analysis are listed in Table 1. The
oldest study in our sample was published in 1974 and the most recent
in 2011. Energy Economics appears to be the primary outlet for this
literature—13 studies, one third of the entire usable literature, were
published in Energy Economics, as well as both previous meta-
analyses of the elasticity of gasoline demand.

Out of the 202 estimates we collected, 110 are short-run elastici-
ties and 92 long-run ones. Summary statistics for these estimates of
elasticities are reported in Table 2: the estimates of the short-run
elasticity range from −0.96 to 0.08 with the mean estimate −0.23;
the estimates of long-run elasticity range from −1.59 to −0.10
with the mean estimate reaching −0.69. Thus the simple averages
1 It should be noted, however, that some meta-analyses find a significant difference
in the magnitude of publication bias between published and unpublished studies (for
example, Havranek and Irsova, forthcoming). Fortunately, provided with a sufficient
number of estimates, modern meta-analysis methods allow us to filter out publication
bias regardless of its magnitude.
of the estimates of both the short- and long-run elasticity in our sam-
ple are close to those reported by the earlier meta-analyses (Brons et
al., 2008; Espey, 1998). If there is publication selection bias against
positive (or insignificant negative) estimates of elasticities, however,
these simple averages will overstate the true elasticity.

Fig. 1 depicts the kernel density of the estimates of short- and
long-run elasticities; we use the Epanechnikov kernel in the estima-
tion. It is apparent that both distributions are strongly skewed. Posi-
tive estimates of the price elasticity of gasoline demand are rarely
published, so that the negative (that is, left-hand-side) tails of the dis-
tributions get much heavier. This suggests that something more than
pure sampling error is driving the distribution of the results: by no
means are they distributed normally around a hypothetical true effect,
which is also confirmed by goodness-of-fit tests. Normal distribution
of the estimated elasticities in the absence of publication bias is a stan-
dard assumption in meta-analysis (Stanley, 2005, 2008), which stems
from the fact that individual researchers estimate elasticities as re-
gression parameters (assuming t-distribution, which is close to nor-
mal in large samples). Nevertheless, more specialized methods are
needed to establish evidence for the presence of publication bias.

3. Meta-analysis methodology

A commonmethod of assessing publication bias is an examination of
the so-called funnel plot (Stanley and Doucouliagos, 2010; Sutton et al.,
2000). The funnel plot depicts the estimated elasticity on the horizontal
axis against the precision of the estimate of elasticity (the inverse of the
standard error) on the vertical axis. The most precise estimates will be
close to the true effect, but the less precise ones will be more dispersed;
in consequence the cloud of estimates should resemble an inverted fun-
nel.When the literature is free of publication bias the funnelwill be sym-
metrical around the values with the highest precision since all imprecise
estimates of elasticitywill have the same chanceof being reported.While
the funnel plot is a useful device, formal econometric methods are need-
ed to estimate precisely the true elasticity beyond publication bias.

In the absence of publication bias the estimates of elasticities
are randomly distributed around the true mean elasticity, e0.
Table 2
Summary statistics.

Variable Observations Mean Median Std. dev. Min Max

Short-run elasticity 110 −0.227 −0.190 0.158 −0.960 0.080
Long-run elasticity 92 −0.691 −0.632 0.332 −1.590 −0.102
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Fig. 1. Kernel density of the estimated elasticities.
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Nevertheless, if some estimates end in the “file drawer” (Rosenthal,
1979) because they are insignificant or have a positive sign, the
reported estimates will be correlated with their standard errors
(Ashenfelter et al., 1999; Card and Krueger, 1995):

ei ¼ e0 þ β0·Se eið Þ þ ui; uijSe eið Þ∼N 0; δ2
� �

; ð1Þ

where ei denotes the estimate of elasticity, e0 is the average underly-
ing elasticity, Se(ei) is the standard error of ei · β0 measures the mag-
nitude of publication bias, and ui is a disturbance term. For example, if
a statistically significant effect is required, an author who has few ob-
servations may run a specification search until the estimate becomes
large enough to offset the high standard errors. Specification (1) can
also be interpreted as a test of the asymmetry of the funnel plot; it fol-
lows from rotating the axes of the plot and inverting the values on the
new horizontal axis. A significant estimate of β0 then provides formal
evidence for funnel asymmetry. Because specification (1) is likely
heteroscedastic (the explanatory variable is a sample estimate of
the standard deviation of the response variable), in practice it is usu-
ally estimated by weighted least squares (Stanley, 2005, 2008):

ei=Se eið Þ ¼ ti ¼ e0·1=Se eið Þ þ β0 þ ξi; ξijSe eið Þ ∼N 0;σ2
� �

: ð2Þ

Monte Carlo simulations and many recent meta-analyses suggest
that this parsimonious specification is also effective in testing the sig-
nificance of the true elasticity beyond publication bias, coefficient e0
(Stanley, 2008).

In meta-analysis we have to take into consideration that estimates
coming from one study are likely to be dependent. A common way
how to cope with this problem is to employ the mixed-effects multi-
level model (Doucouliagos and Stanley, 2009), which allows for
unobserved between-study heterogeneity. Between-study heteroge-
neity is likely to be substantial since in our case the primary studies
use data from different countries. We specify the model following
Havranek and Irsova (forthcoming):

tij ¼ e0·1=Se eij
� �

þ β0 þ ζj

þ �ij ; ζjjSe eij
� �

∼N 0;ψð Þ; �ij jSe eij
� �

; ζj ∼N 0; θð Þ; ð3Þ

where i and j denote estimate and study subscripts. The overall error
term (ξij) now breaks down into study-level random effects (ζj) and
estimate-level disturbances (ξij). The variance of these error terms is
additive because both components are assumed to be independent:
Var(ξij)=ψ+θ, where ψ denotes between-study variance (that is,
between-study heterogeneity) and θ within-study variance. When ψ
approaches zero the benefit of using the mixed-effect multilevel
estimator instead of simple ordinary least squares (OLS) becomes
negligible; we will use likelihood-ratio tests to examine this
condition.

The mixed-effects multilevel model is analogous to the random-
effects model commonly used in panel-data econometrics. The termi-
nology, however, follows hierarchical data modeling: the model is
called “mixed-effects” since it contains a fixed (e0) as well as a ran-
dom part (ζj). For the purposes of meta-analysis the multilevel frame-
work is more suitable because it takes into account the
unbalancedness of the data (the maximum likelihood estimator is
used instead of generalized least squares) and allows for nesting mul-
tiple random effects (author-, study-, or country-level), and is thus
more flexible.

The high degree of unbalancedness of the data in meta-analysis
makes a reliable testing of the exogeneity assumptions behind the
mixed-effects model difficult; fixed effects in the panel-data sense
are generally inappropriate for meta-analysis since some studies re-
port only one usable estimate. We follow the recommendation of an
authoritative survey of meta-analyses in environmental and resource
economics (Nelson and Kennedy, 2009, p. 358): “The advantages of
random-effects estimation [in meta-analysis] are so strong that this
estimation procedure should be employed unless a very strong case
can be made for its inappropriateness.” As a robustness check, how-
ever, we also employ OLS with clustered standard errors. Large differ-
ences between the estimates based on OLS and on mixed effects may
signal a violation of the exogeneity assumptions.

Specification (3) enables us to examine the significance and mag-
nitude of publication bias (β0) and the significance of the true elastic-
ity beyond publication bias (e0). To examine themagnitude of the true
elasticity, Stanley and Doucouliagos (2007, 2011) recommend an
augmented version of (3); this specification is also supported as the
best method to correct for publication bias by a survey of meta-
analysis methods published in the British Medical Journal (Moreno
et al., 2009). The specification is based on the assumption that the
relation between standard errors and publication bias in (1) is qua-
dratic; the model is called the Heckman meta-regression (see Stanley
and Doucouliagos, 2007, for details). When heteroscedasticity and
between-study heterogeneity are taken into account, the specifica-
tion assumes the following form:

tij ¼ e0·1=Se eij
� �

þ β0SE þ ζj

þ �ij ; ζjjSe eij
� �

∼N 0;ψð Þ; �ij jSe eij
� �

; ζj ∼N 0; θð Þ; ð4Þ

where e0 measures the magnitude of the average elasticity corrected
for publication bias.

In this paper we concentrate on the average estimate of elasticity
and do not investigate the sources of heterogeneity in the estimates



3 If the true elasticity was zero and there was no preference for negative estimates,
the funnel asymmetry test could not detect type II publication bias. But then the selec-
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since heterogeneity was carefully examined by the previous meta-
analyses. Also the measure of publication selection bias estimated in
specification (3) is mean across all countries andmethods used for es-
timation in primary studies. Nevertheless, it would be useful to find
out whether some aspects of primary studies are associated with
more publication bias than others. For this exercise we select three
aspects identified as important for the differences in reported esti-
mates by the previous meta-analyses: the use of US against non-US
data, the use of time-series against cross-sectional data, and study
publication date. We employ the methodology of Stanley et al.
(2008), who interact publication bias and study aspects in meta-
regression (1). After weighting by the standard error and adding
study-level random effects the specification becomes

tij ¼ e0·1=Se eij
� �

þα1usdataij þα2csectionij þα3pubdatej þ β0

þ ζj þ �ij ; ð5Þ

where usdata is a dummy variable that equals one if the primary
study uses data for the US to estimate the particular elasticity and
zero otherwise, csection is a dummy variable that equals one if the
primary study uses data with a cross-sectional dimension (including
panel data) and zero otherwise, pubdate denotes the year of publica-
tion of the primary study, and other variables have the same proper-
ties as in specification (3).

4. Results

Fig. 2 depicts funnel plots for the estimates of short- and long-run
price elasticities of gasoline demand. The funnels are heavily asym-
metrical: the right-hand part of the funnels is almost completely
missing, hence we have a good reason to believe that publication se-
lection bias in this literature is strong. The estimates with the highest
precision are negative but small in magnitude, positive estimates are
almost never published, while imprecise negative estimates are pub-
lished regularly—therefore the average reported estimate is likely to
be biased downwards.

The formal test of publication bias, described by regression (1),
follows directly from the funnel plot—hence, it is often called the fun-
nel asymmetry test. We illustrate the transition from the funnel plot
to the funnel asymmetry test in Fig. 3. In this scatter plot the size of
the estimates of elasticities is depicted on the vertical axis; the hori-
zontal axis measures the standard errors of the estimates. (Compared
with the funnel plot, the axes are switched and the values on the new
horizontal axis are inverted.) For the short-run elasticities, a few esti-
mates with extremely large standard errors are cut from the figure so
that the overall pattern can be seen. Now, if we interpret Fig. 3 as a
regression relationship, we get Eq. (1).

Nevertheless, in regression (1) publication bias is only related to
the standard error and, thus, seemingly only to statistical significance.
It remains to be shown that this test captures both sources of publica-
tion bias: the one stemming from the selection of the significant esti-
mates (type II bias in the terminology of Stanley, 2005) and the one
stemming from the selection of the estimates with an intuitive sign
(type I bias). The suitability of the funnel asymmetry test to filter
out both sources of publication bias is often stated in the meta-
analysis literature (for instance, Doucouliagos and Paldam, 2009),
but rarely discussed in detail.2

If no publication bias was present, the observations in Fig. 3 would
form an isosceles triangle with the tip pointing to the most precise
estimate of the elasticity; regressing the estimates on their standard
errors would yield no statistically significant slope coefficient. First,
let us suppose that only negative estimates, irrespective of their sta-
tistical significance, were reported. In such a case the triangle would
2 We thank an anonymous reviewer for pointing out this problem.
lose its upper part. Regression (1) would yield a negative slope co-
efficient, evidence of publication bias. Second, let us assume that re-
searchers suppress estimates insignificant at the 5% level,
irrespective of the sign. In Fig. 3 we depict the boundary of signifi-
cance at the 5% level: the solid lines show the combinations of the
magnitudes of estimates and their standard errors for which the cor-
responding t-statistic equals two in the absolute value. In the case of
type II publication bias the triangle would lose its middle part (no
estimates with |t|b2 would be reported). Because the true elasticity
is most likely negative, few positively significant estimates would ap-
pear, and regression (1) would again yield a negative slope coeffi-
cient, a sign of publication bias.3

Fig. 3, especially the left panel depicting short-run elasticities, sug-
gests that both sources of publication bias play a role in the empirical
literature on gasoline demand. Statistical significance is important;
insignificant negative estimates of price elasticities seem to be much
less likely to get published than the significant negative estimates.
In the absence of type II publication bias, the negative estimates
should be approximately symmetrical with respect to the t=−2
line, but in this case the insignificant estimates are apparently
underrepresented.

The sign of the estimate is important as well. In the absence of
type I publication bias, all estimates should be symmetrical with re-
spect to the e=e0 line, where e0 denotes the true elasticity (approx-
imately −0.09 for the short run, as will be shown later). In such a
case, we should observe more positive estimates, including a few sig-
nificant ones due to the laws of chance. There are, however, unlikely
to be any positive but precise estimates of price elasticities. In fact, if
the true elasticity was large enough and the estimation methods were
precise enough, we would only observe negative estimates of price
elasticities even in the absence of publication bias. But then the funnel
plot would be symmetrical, although all observed estimates would
have the same sign, as noted by Doucouliagos and Stanley (2009);
this is not the case of Fig. 2.

The dotted line in Fig. 3 shows a linear fit based on regression (1):
its negative slope indicates publication bias. In the end the regression
computes the average estimate of elasticity conditional on the stan-
dard error being close to zero. In other words, it looks for a hypothet-
ical estimate with infinite precision, and in Fig. 3 the infinitely precise
estimate would be represented by the intercept of the dotted line
with the vertical axis. Nevertheless, as discussed in Section 3, because
of heteroscedasticity and between-study heterogeneity regression
(1) is rarely estimated itself.

Table 3 summarizes the results of a regression based on specifica-
tion (3) [the mixed-effects weighted-least-squares version of (1)].
The regression is estimated separately for the short- and long-run
elasticity to obtain precise estimates of these individual elasticities
in the later stage of our analysis. Likelihood-ratio tests reject the
null hypothesis, which suggests that between-study heterogeneity
is substantial, the OLS is misspecified, and the mixed-effects model
is thus more reliable. Moreover the differences between the OLS
and the mixed-effects model are small, indicating that the exogeneity
assumptions behind the mixed-effects model are not seriously violat-
ed. We also estimated several nested models with additional author-
and country-level random effects, but according to likelihood-ratio
tests these models do not significantly differ from the baseline
model that only accounts for between-study heterogeneity.

As expected after examining the funnel plots, the meta-regression
identifies downward publication bias, significant at the 1% level for all
specifications. In all cases the intensity of publication bias, β0, is also
larger than two in the absolute value. According to Doucouliagos
tion would be symmetrical and would not bias the arithmetic average of elasticities
taken from the literature.
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Fig. 2. Funnel plot of the estimated elasticities. Notes: In the absence of publication bias the funnel should be symmetrical around the most precise estimates of elasticities. This
funnel is asymmetrical, which suggests that positive estimates are not reported, even though we should observe a few of them in the literature due to the laws of chance.
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and Stanley (2008), such magnitude of publication bias is considered
“severe” and signals serious selection efforts: if the true elasticity was
zero and only significantly negative estimates were reported, the es-
timated coefficient for publication bias would approach two, the
most commonly used critical value of the t-statistic. Publication bias
in this literature is hence strong enough to produce a significant aver-
age estimate of the effect even if there was none in reality.

Nevertheless, Table 3 also shows that the estimate of the true ef-
fect (the coefficient for 1/SE) is significant at least at the 10% level
for all specifications; it is significant even at the 1% level in our pre-
ferred mixed-effects model. Thus, on average, both the short- and
long-run price elasticity of gasoline demand is statistically different
Table 3
Test of publication bias.

Mixed-effects multilevel Clustered OLS

Response variable:
t-statistic

Short run Long run Short run Long run

Constant (publication bias) −2.587⁎⁎⁎ −2.491⁎⁎⁎ −2.890⁎⁎⁎ −3.570⁎⁎⁎

(0.465) (0.707) (0.595) (0.808)
1/SE −0.0611⁎⁎⁎ −0.237⁎⁎⁎ −0.0651⁎⁎⁎ −0.189⁎

(0.0111) (0.0393) (0.0152) (0.111)
Observations 110 92 110 92
Likelihood-ratio test (χ2) 21.78⁎⁎⁎ 19.71⁎⁎⁎

Notes: Standard errors, clustered at the study level for OLS, in parentheses. Null
hypothesis for the likelihood-ratio test: no between-study heterogeneity (that is, the
mixed-effects multilevel model has no benefit over OLS). ⁎⁎⁎, ⁎⁎, and ⁎ denote
significance at the 1%, 5%, and 10% levels.
from zero even after correcting for publication bias. To estimate the
true average elasticity precisely, we need to employ the Heckman
meta-regression proposed by Stanley and Doucouliagos (2007) and
corroborated by Moreno et al. (2009). This is achieved by estimating
regression (4); the results are reported in Table 4. Similarly to the
previous case, likelihood-ratio tests suggest that the OLS is misspeci-
fied, and we therefore only discuss the results of the mixed-effects
model.

After correcting for publication bias, our best estimate indicates
that the mean short-run elasticity reaches −0.09 with a 95% confi-
dence interval (−0.12, −0.07). The corrected estimate of the long-
run elasticity reaches −0.31 with a 95% confidence interval (−0.38,
Table 4
Test of the true elasticity beyond publication bias.

Mixed-effects multilevel Clustered OLS

Response variable:
t-statistic

Short run Long run Short run Long run

1/SE (true elasticity) −0.0913⁎⁎⁎ −0.314⁎⁎⁎ −0.120⁎⁎⁎ −0.307⁎⁎

(0.0120) (0.0334) (0.0145) (0.115)
SE −0.975 −2.396 −4.960⁎ −9.343⁎⁎⁎

(2.094) (2.668) (2.558) (3.054)
Observations 110 92 110 92
Likelihood-ratio test (χ2) 37.28⁎⁎⁎ 34.45⁎⁎⁎

Notes: Standard errors, clustered at the study level for OLS, in parentheses. Null
hypothesis for the likelihood-ratio test: no between-study heterogeneity (that is, the
mixed-effects multilevel model has no benefit over OLS). ⁎⁎⁎, ⁎⁎, and ⁎ denote
significance at the 1%, 5%, and 10% levels.



Table 5
Multivariate meta-regression.

Mixed-effects multilevel Clustered OLS

Response variable:
t-statistic

Short run Long run Short run Long run

1/SE −0.0547⁎⁎⁎ −0.228⁎⁎⁎ −0.0709⁎⁎⁎ −0.231⁎⁎⁎

(0.0124) (0.0318) (0.0155) (0.0770)
US data 0.375 1.964⁎⁎ 1.090 2.697⁎⁎

(0.756) (0.942) (0.654) (1.089)
Cross-sectional dimension −1.270⁎ −2.142⁎⁎⁎ 0.170 −1.958⁎⁎⁎

(0.769) (0.795) (1.217) (0.645)
Year of publication 0.0130 0.0796⁎⁎ 0.0366 0.104⁎⁎

(0.0370) (0.0393) (0.0487) (0.0475)
Constant −27.99 −160.7⁎⁎ −75.95 −210.5⁎⁎

(73.80) (78.42) (97.30) (94.37)
Observations 110 92 110 92
Test of joint significance 3.47 18.26⁎⁎⁎ 0.94 3.70⁎⁎

Notes: Standard errors, clustered at the study level for OLS, in parentheses. Null
hypothesis for the test of joint significance: α1=α2=α3=0 [see regression (5)];
Wald test is used for the mixed-effects model, F-test for OLS. ⁎⁎⁎, ⁎⁎, and ⁎ denote
significance at the 1%, 5%, and 10% levels.
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−0.25). This sharply contrasts to the simple uncorrected averages
amounting to−0.23 and−0.69: publication bias exaggerates the av-
erage reported elasticity more than twofold. For instance, concerning
the short-run elasticity, only 18 out of the 110 estimates we collected
are smaller in the absolute value than the true average effect
(−0.09). Therefore as much as 74 positive (or negative but insignifi-
cant) estimates of the short-run price elasticity of gasoline were likely
not reported because of publication selection. In other words, about
40% of all estimated elasticities may be put into the “file drawer.”

Since our preferred mixed-effects estimator not only corrects for
publication bias, but also involves several other adjustments (for ex-
ample, weighted least squares specification or study-specific random
effects), the comparison with a simple average may not be straight-
forward, however. As a robustness check, using the mixed-effects
model we also estimate average elasticities not corrected for publica-
tion bias. The uncorrected averages reported by mixed effects are
−0.23 and −0.63 for short- and long-run elasticities; that is, very
close to the simple averages (−0.23 and −0.69). Given these results,
we argue that the difference between corrected estimates and simple
averages is due to publication bias and not specification characteris-
tics of the meta-regression.4

To test whether the degree of publication selection depends on
study aspects, we estimate specification (5) and report the results
in Table 5. In this case publication bias is no more represented by
the constant only; the bias is captured by all variables with the excep-
tion of 1/SE. The coefficient for 1/SE still represents the true effect cor-
rected for publication bias, and the results suggest that corrected
estimates in Table 5 are very similar to those in Table 3 even though
we now control for several study aspects. For the short-run estimates
of elasticity the test of joint significance does not reject the hypothe-
sis that the pattern of publication is the same for various study as-
pects. For the long-run estimates, however, the differences are
statistically significant. The use of US data is associated with less pub-
lication bias,5 while the use of data with a cross-sectional dimension
is associated with more bias. Finally, the magnitude of publication
bias decreases in time, which is consistent with the economics-
research-cycle hypothesis (Goldfarb, 1995; Stanley et al., 2008).

5. Conclusion

We conduct a quantitative survey of journal articles estimating the
price elasticity of gasoline demand. In contrast to previous meta-
analyses on this topic, we take into account publication selection
bias using the mixed-effects multilevel meta-regression. Publication
bias in this area is strong; when we correct for the bias, we obtain es-
timates of short- and long-run elasticities that are approximately half,
compared to the results of the previously published meta-analyses
and also to the simple mean of all estimates in our sample of litera-
ture. If the simple mean reflects our profession's impression about
the magnitude of the price elasticity of gasoline demand, the impres-
sion exaggerates the true elasticity twofold.

This paper complements the previously published meta-analyses
on the price elasticity of gasoline demand (Brons et al., 2008; Espey,
1998). These meta-analyses focus on the reasons why estimates of
elasticities differ for different regions and different methods used
and provide mean estimates of short- and long-run price elasticities
as a bonus. It is important to bear in mind the differences between
the methods used in this paper to deliver the average estimates of
elasticity and the methods used in Espey (1998) and Brons et al.
(2008). First, the estimates of Brons et al. (2008) are based on a seem-
ingly unrelated regression model with cross-equation restrictions.
4 We thank Martijn Brons for pointing out this problem.
5 Publication selection creates a downward bias among the estimates of price elas-

ticities, so a positive estimated coefficient on the interaction between the use of US da-
ta and standard error means less downward bias when US data we used.
Second, neither Espey (1998) nor Brons et al. (2008) use a multilevel
approach to distinguish between study-level and estimate-level vari-
ation. Third, the sets of studies differ among the three meta-analyses.
Although the estimates of average elasticity are therefore not directly
comparable, we argue that there is a strong case for the presence of
publication bias in favor of larger negative estimates of elasticities
in the literature.

The estimated elasticities corrected for publication bias,−0.09 for
the short run and −0.31 for the long run, are average across many
countries, methods, and time periods; we report them as reference
values. A similar pattern of publication bias, however, is likely to ap-
pear in any subset of the literature. Thus large negative estimates of
price elasticities should be taken with a grain of salt.

Concerning future research, authors interested in figures for indi-
vidual countries may collect more estimates from working papers,
dissertations, and other mimeographs, which should provide enough
degrees of freedom to estimate the price elasticity of gasoline demand
for each country using the methodology described in this paper. Next,
since previous meta-analyses suggest that study design may affect re-
sults in a systematic way, researchers could define best-practice
methodology and estimate price elasticities conditional on such best
practice to filter out the effects of misspecifications. Finally, given
the number of studies conducted on this topic each year, in the
meta-analysis framework it is also possible to test whether the price
elasticity of gasoline demand changed during the last decade when
the prices of petroleum products surged.
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