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Abstract

Given a rational agent, demand for a habit-forming good is sensitive to uncer-

tainty in future prices. In particular, price uncertainty reduces both the level and

the price responsiveness of demand. These two effects, which may bear heavily on

the effi cacy of policies to discourage consumption of harmful addictive goods, can be

tested by augmenting a simple demand model with a measure of price uncertainty.

Modelling gasoline as a habit-forming good offers a succinct way to capture the

investment and behavioral decisions that determine gasoline usage. An uncertainty-

augmented model is therefore applied to gasoline demand across a panel of 29 coun-

tries, 1990-2011. Price uncertainty as proxied by a measure of forecast error does

in fact depress the level and the price responsiveness of demand. This suggests that

consumers care about the time-series process of gasoline prices, and that traditional

demand models will systematically mis-predict the consumer reaction to any policy

that tinkers with this process.
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1 Introduction

Concern about energy security and the environment has fostered widespread interest in

reducing gasoline consumption– and in the policies that might do so. The effectiveness

of those policies hinges on gasoline demand and the behaviors that drive it.

Gasoline’s entanglement in day-to-day routines, as well as its role as a substitute or

complement to a variety of investments, implies that its demand will be influenced by

price dynamics. Although consumers pay for fuel at the pump, their gasoline purchases

are determined largely outside the gas station– via nearly-continuous choices about al-

ternative transport, non-essential travel, and other aspects of daily life; and via discrete,

infrequent choices about what kind of vehicle to drive and where to live in relation to work.

The habitual nature of the former choices and the investment nature of the latter help

to explain consumers’sluggish response to price changes, and also suggest that forward-

looking consumers will be sensitive to the expected path of gasoline prices. Sluggishness

is usually incorporated into gasoline demand models. Price dynamics are not.

One way to incorporate habitual and investment behavior into demand is via a rational

habits model. ‘Habits’here means only that a consumer’s utility for a good is a function

of past consumption. Since past consumption was influenced by past investments, the

habit mechanism captures investment-driven behavior alongside any reluctance to adjust

routines. ‘Rational’, meanwhile, implies that the consumer is forward-looking and aware

of his utility function. When deciding his current gasoline consumption, the consumer

considers how this will affect his future utility. The burden of a gasoline habit depends

on future market conditions, and so demand in this model depends on the consumer’s

expectations of the future, particularly of future prices.

Demand models that ignore price dynamics have the potential to skew measurements

of price elasticity and provide misleading evaluations of policy options. If indeed rational

habits shape behavior, demand will be a function not only of the current price, but of the

process by which prices are generated: price uncertainty will reduce demand and dampen

the effect of price changes. Any policy that changes the gasoline price process will have
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an effect that is systematically mis-forecast by a traditional demand model.

2 Literature Review

Despite the potential importance of price dynamics and rational habits, they have received

relatively little attention in the gasoline demand literature. Scott (2012) applies rational

habits theory to US gasoline demand, showing that consumers react to future taxes and

that they respond more strongly to tax- than to market-driven price changes. The latter

effect is also demonstrated in Scott (2006) and Li, Linn, and Muehlegger (2012). An

analogous effect is apparent in Canada, where Rivers and Schaufele (2012) find British

Columbia’s carbon tax to provoke a greater reduction in gasoline use than a comparable

non-tax price increase.

Aside from this recent attention to gasoline price components, which are likely to

behave differently from one another over time, most work has considered prices only in

terms of their total contemporary values. Indeed, the predominant focus in the gasoline

demand literature has been on measuring simple income and price elasticities. Studies

that estimate these elasticities abound: in a 1998 meta-analysis, for instance, Espey

considers 363 short- or medium-run and 277 long-run price elasticities. These elasticities

run a wide gamut, with own-price elasticity estimates ranging from 0 to -1.36 in the short

run and 0 to -2.72 in the long run, and income elasticity estimates ranging from 0 to 2.91

in the short run and 0 to 2.73 in the long run. Across the major recent literature reviews,

average price elasticity lies around -0.25 to -0.3 in the short run and -0.6 to -0.8 in the

long run, while average income elasticity is about 0.4 in the short run and approximately

unit elastic in the long run. Results of these reviews are summarized in Table 1.

The majority of the studies included in these reviews are based on partial adjustment

models. In recent years, increasing attention has been diverted towards error-correction

models and questions of cointegration. Table 2, therefore, summarizes the estimates of

studies based on such gasoline demand models.
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Table 1: Average elasticities in gasoline demand literature reviews
Average price elasticity Average income elasticity

Study Short run Long run Short run Long run
Dahl and Sterner (1991)a -0.24 -0.80 0.45 1.31

Goodwin (1992)b -0.27 -0.71
Espey (1998) -0.26 -0.58 0.42 0.88

Goodwin, Dargay and Hanly (2004)c -0.25 -0.64 0.39 1.08
Brons et al. (2008) -0.34 -0.84

aLagged endogenous models, annual. bTime series models
cPrice: time series models; income: dynamic models

Table 2: Gasoline demand studies based on cointegration and error-correction models
Price elasticity Income elasticity

Study Country Short run Long run Short run Long run
Akinboade, Ziramba and Kumo (2008) South Africa -0.47 0.36
Alves and Bueno (2003) Brazil -0.0919 -0.465 0.122g 0.122g

Bentzen (1994)a Denmark -0.32 -0.41 0.89 1.04
Cheung and Thomson (2004) China -0.19 -0.56 1.64 0.97
De Vita, Endresen, and Hunt (2006)b Namibia -0.794 0.957
Eltony and Mutairi (1995) Kuwait -0.37 -0.46 -0.47 0.92
Liddle (2012) 14 OECD countries -0.155 -0.429 0.283 0.344
Krichene (2002)c World -0.02 -0.005 1.54 1.2
Nadaud (2004)d France -0.06 -0.09 0.27 0.28
Polemis (2006) Greece -0.10 -0.38 0.36 0.79
Ramanathan (1999) India -0.209 -0.319 1.178 2.682
Ramanathan and Subramanian (2003)d Oman -0.05 -0.52 0.35 0.96
Rao and Rao (2009) Figi -0.159 0.427

to -0.244 to 0.462
Samimi (1995)e Australia -0.2 -0.12 0.25 0.52
Wadud, Graham, and Noland (2009)f US -0.085 -0.116 0.520 0.592
aElasticities with respect to vehicles per capita substituted for income elasticities.
b1990q1-2002q4
cEstimates elasticity of demand for crude oil, not gasoline. Results for 1973-1999.
dAs reported in Wadud, Graham, and Noland (2009).
eEnergy for transport, not just gasoline.
fSingle-step nonlinear least squares, post-1978.
gReported short- and long-run elasticities in fact the same.
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There is a large variation in elasticity estimates across studies. One source of this

variation is methodological. Studies based on a panel of countries, for instance, tend to

yield elasticities that are similar to single-country studies’ elasticities in the short run

but of higher magnitude in the long run (Espey 1998). Elasticities are also affected by

the inclusion of controls for vehicle ownership and/or characteristics of the vehicle stock

(Dahl and Sterner 1991, Espey 1998).

Another source of variation in the estimates is variation in true underlying elasticities

across both place and time. Variation across place is noted by Espey (1998), who ob-

serves short-run price responsiveness to be relatively low in the US and relatively high in

Europe. Variation over time is demonstrated by Hughes et al. (2006), who find that US

short-run price elasticities have shifted since the 1970s; and by Neto (2012), who finds

that price elasticity has fluctuated over time in Switzerland. There are many potential

sources of elasticity variation across place and time, but rational habits imply one further

explanation: variation in price uncertainty implies variation in price responsiveness.

3 Models

Testing for rational habits requires a model appropriate for the context of international

gasoline demand. Unfortunately, many of the existing models are inappropriate for this

application.

The empirical approach pioneered in earlier literature such as Becker, Grossman, and

Murphy (1994), for example, channels the effect of non-contemporary prices through past

and future consumption. This approach therefore obscures the price-process effects of

interest here.

The approach used to examine US gasoline demand in Scott (2012), meanwhile, relies

on market characteristics that do not hold internationally. In the US, nearly all gasoline

taxes are specific, so their behavior over time is very different from that of before-tax

prices. In the US situation, it is therefore sensible to test not only whether consumers

5



respond to anticipated future prices, but also whether they respond differently to (future)

tax and before-tax price components. Scott (2012) thus estimates models of the forms

Lead price model: git = λgi,t−1 + β1yit + β2pit + β3pi,t+1 + β4t+ µi + εit (1)

Lead price components model: git = λgi,t−1 + β1yit + β2pit (2)

+β5 ln (1 + τ i,t+1) + β6 lnBeforeTaxi,t+1 + β4t+ µi + εit

Price components model: git = λgi,t−1 + β1yit (3)

+β2pit + β7 ln (1 + τ it) + β8 lnBeforeTaxit + β4t+ µi + εit

where g is log per-capita gasoline consumption in state i, y is log real per-capita income,

p is the log real gasoline price, BeforeTax is the real price before taxes, and τ is the

ratio of the tax to the before-tax price. In both the US and the international case, the

lead price model is relatively uninformative, as anticipated lead prices are diffi cult to

identify. In the international case, the price components models are also uninformative,

as a major component of the gasoline tax in most OECD countries is a VAT of 10 to

25%,1 levied alongside a specific tax. The VAT moves in lock-step with the pretax price,

driving taxes to mimic the behavior of pretax prices. Figure 1 illustrates this mimicry

by plotting world-average taxes and prices over time: the contrast to the US’s stable

taxes is clear. With little difference in the behavior of taxes and pretax prices, there is

little reason for consumers to respond to them differently. A price components model is

therefore incapable of capturing rational habits effects in the international context, even

if such effects exist. (For completeness, estimates of models (1) - (3), which indeed fail to

provide evidence of rational habits, are provided in Appendix A.)

1IEA (2012), Country Notes.
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Figure 1: US vs. world-average gasoline prices and taxes

Testing for rational habits effects in international gasoline demand therefore requires

a new empirical model. A natural approach exploits two simple implications of rational

habits models: if consumers are forward-looking,

1. demand for a habit-forming good will decline with the uncertainty in its (future)

price, and

2. responsiveness to price changes will be dampened by price uncertainty and the

expectation that price changes will be short-lived.

The first of these implications is proved by Coppejans et al. (2007), who consider

a mean-preserving spread in the distribution of future prices and find that this reduces

consumption of the habit-forming good. This first implication is also demonstrated in

Scott (2010), where demand is shown to decline with the variance of future prices (Figure

2.10). The second implication is demonstrated in Scott (2010), where the magnitude

of price elasticity is shown to be negatively related to the variance of the future price

distribution and positively related to the expected duration of price changes.
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These two implications can be tested by augmenting a traditional demand model

with 1. a measure of price uncertainty and 2. the interaction between price uncertainty

and price.2 Traditionally, gasoline demand is often modelled using a partial adjustment,

or autoregressive distributed lag (ADL) model, in order to capture the sluggish adjust-

ment associated with any habit/investment behavior, rational or myopic. With a partial-

adjustment model serving as the base, the augmented rational-habits version takes the

form

git = λgi,t−1 + δ1yit + δ2pit + δ3σ̂it + δ4σ̂itpit + δ5it+ µi + εit (4)

where g, y, and p are defined as before and σ̂ is a measure of price uncertainty or forecasta-

bility. If consumers’behavior is shaped by rational habits, then δ3 should be negative,

with price uncertainty discouraging gasoline consumption; and δ4 should be positive, with

uncertainty dampening the negative effect of prices.

Model (4) assumes that all coeffi cients except the trend are homogenous across coun-

tries. If, however, coeffi cients vary by country, then autocorrelation of the regressors may

lead to biases and inconsistencies in estimators that assume homogeneity (Pesaran and

Smith 1995). These biases are a concern in this application, as coeffi cient homogeneity is

less plausible across a sample of countries with different infrastructure, terrain, and so-

cioeconomics foundations than it might be across individuals or regions within a particular

country. Strategies to mitigate the problem are discussed further in Section 6. To relax

the coeffi cient homogeneity assumption, it will be convenient to transform the ADL(1,0)

specification of (4) into an error-correction model (ECM), equivalent to an ADL(1,1).

This transformation is accomplished by rewriting (4) with individual-specific coeffi cients,

subtracting gi,t−1 from each side, then adding and subtracting δ1iyi,t−1, δ2ipi,t−1, δ3iσ̂i,t−1,

and δ4iσ̂i,t−1pi,t−1 from the right-hand side:

2Coppejans et al. (2007) test for the first implication in smoking behavior using a similar approach,
augmenting a static demand model with an estimate of the expected one-period-ahead standard deviation
of price.
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∆git=− (1− λi)︸ ︷︷ ︸
φi

gi,t−1−
δi1

1− λi︸ ︷︷ ︸
θ1i

yi,t−1−
δi2

1− λi︸ ︷︷ ︸
θ2i

pi,t−1−
δi3

1− λi︸ ︷︷ ︸
θ3i

σ̂i,t−1−
δi4

1− λi︸ ︷︷ ︸
θ4i

σ̂i,t−1pi,t−1


(5)

+δi1∆yit + δi2∆pit + δi3∆σ̂it + δi4∆σ̂itpit + δ5it+ µi + εit

The new parameter φi is the error-correction term; its magnitude is the speed of ad-

justment, or the portion of long-run adjustment that takes place during the first period

after a change in one of the regressors. The new coeffi cients θ1i through θ4i are long-run

elasticities, and as before the coeffi cients δi1 through δ4i are short-run elasticities. The

separation of short- and long-run elasticities makes it possible to impose varying degrees

of coeffi cient homogeneity. In particular, it allows homogeneity of long-run coeffi cients

to be imposed while short-run coeffi cients remain country-specific. The appeal of this

specification is addressed in Section 6.

Issues surrounding estimation lead to advantages and disadvantages for both model

(4) and model (5). Both models are therefore considered, as it is impossible to tell ex

ante which advantages are more important for this particular case.

A key assumption thus far has been that causality runs from price volatility to price

elasticity. We must also consider the possibility of the reverse. If a shock occurs in a

closed market, prices must adjust to re-balance supply and demand. The lower the price

responsiveness of consumers in this closed market, the larger the price adjustments must

be. In this way, price elasticity could drive price volatility.3

The integration of the world oil market, however, helps to rescue the original inter-

pretation of causality. Oil is a globally-traded commodity, so it is the world oil price that

must adjust to supply and local demand shocks. Insofar as shocks are absorbed by the

world market, volatility of an individual country’s gasoline price should not depend much

on the country’s price elasticity. Of course, in the short run the world oil market cannot

3Baumeister and Peersman (2013) examine this hypothesis for the oil market of the world as a whole.
In contrast to the oil markets of individual countries, the world oil market is unambiguously closed.
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absorb local supply shocks such as refinery disruptions. Fortunately, refining shocks do

not seem to be a major source of gasoline price variation, at least at the annual level:

Kilian (2010), for example, finds that on a 12-month horizon, only 11% of variability in

the U.S. gasoline price can be attributed to refining shocks. Although we cannot rule

out the possibility that price elasticity drives price volatility, in a cross-country panel this

reverse causality is likely to explain at most a small portion of the correlation between

volatility and elasticity.

4 Data

The data set is a panel of 29 countries for the period 1990 through 2011. As price data

for some countries is limited, the actual series length ranges from 12 to 21 years, with an

average of 20 years. A list of included countries, along with further information on the

data set’s construction, is provided in Appendix B.

Annual, country-level gasoline consumption data is available from the International

Energy Agency (IEA)’s Oil Information (2012). This is transformed into per capita terms

using annual population estimates from the OECD’s Employment and Labour Market

Statistics (2011). Data on gasoline prices and taxes, broken down by product and grade,

is taken from the IEA’s Energy Prices and Taxes (2012Q4). International differences in

product definitions and regulations mean that data availability for each product varies

by country. Depending on this availability, either regular unleaded or 95 RON is used to

create a price series for each country. These choices are discussed further in Appendix B.

Income is measured as GDP (from the World Bank’s World Development Indicators)

per capita (from the OECD’s Employment and Labour Market Statistics 2011). The

crude oil prices used to construct instruments (taken again from the IEA’s Energy Prices

and Taxes 2012Q4) are the spot prices for the Brent stream, which is used extensively as

a pricing benchmark.4 All prices and income are converted to real terms using country-

4The West Texas Intermediate (WTI) stream is widely used in North America. Using this stream
instead of or alongside the Brent, however, makes little difference in the resulting estimates.
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specific CPIs taken from the IEA’s Energy Prices and Taxes (2012Q4).

Currency Treatment Given the international nature of the panel, prices and in-

come must be treated in a way that allows comparability across currencies. One way to

achieve this comparability is to transpose all variables into a common currency.5 The

downside of this approach is that it cannot do a good job of capturing locally-perceived

price volatility: PPP exchange rates are only available with annual frequency, so quar-

terly prices would have to be converted using nominal exchange rates. Since oil, which

drives gasoline prices, is generally a net import for these countries, the local gasoline price

fluctuates along with the exchange rate. Converting local prices into a common currency

using nominal exchange rates would strip away this exchange-rate-driven price volatility.

A more attractive option is to keep prices and income in local currency but to work

with logged variables and choose an estimator that differences or demeans the variables.

This strips prices and income of their currency units, transforming them into percent

changes or deviations, but does not strip prices of their exchange-rate-driven variation

(nor introduce such variation to income). Both estimators that will be used accomplish

this transformation– within-groups by demeaning, pooled mean groups by differencing.

The price uncertainty measures discussed in Section 5 both entail differencing logged

prices, so these can be compared across countries directly.

5 Measuring Price Uncertainty

Models (4) and (5) both invoke a heretofore-undefined measure of (future) price uncer-

tainty, σ̂. This paper considers two different measures of uncertainty, one that focuses on

price volatility and one that focuses on price forecastability.

Price volatility may be taken as a rough proxy for future price uncertainty because

it implies that future prices are harder to predict; volatility may also lead consumers
5This is a common approach: see, for example, Angelier and Sterner (1990), Baltagi and Griffi n (1983,

1997), Dahl (2011), Johansson and Schipper (1997), Judson, Schmalensee, and Stoker (1999), Narayan
and Smyth (2007), Nguyen-Van (2010), and Storchmann (2005).
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to believe that current price changes will be short-lived. To capture volatility, I use a

measure of the rolling standard deviation of log prices. Since annual price observations

may mask important volatility within each year, I exploit the availability of quarterly

price data. The rolling standard deviation for each quarter, σ̂iq, is constructed as

σ̂iq =

√√√√1

x

x∑
j=1

(
pi,q−j+1 − piq

)2
, where (6)

piq =
1

x

x∑
j=1

pi,q−j+1

where x is the number of quarters in the rolling window and piq is the log real price of

gasoline in quarter q. As a default, I choose x = 4, which implies that the fourth-quarter

rolling standard deviation in any year is the standard deviation of that year’s prices from

their year-long mean. I use this fourth-quarter rolling standard deviation as my measure

of annual volatility. As an alternative, one could average σ̂iq over the quarters in each

year6 or, of course, lengthen the window of the rolling standard deviation beyond x = 4.

A more pertinent measure of uncertainty focuses specifically on the predictability or

forecastability of prices. To construct such a measure, I generate quarterly expanding-

window forecasts based on the simple model

piq = βqpi,q−1 + µi + εiq (7)

where βq is estimated for every quarter q using a standard fixed-effects regression with

data up to the contemporary quarter q. Note that although βq is quarter-specific, it is not

country-specific, as the price series do not extend far enough back to create meaningful

estimates of βq by 1990 without exploiting cross-sectional variation. The relatively short

6The chief difference of this alternative method lies in the mean price, piq, from which each quarter’s
deviations are calculated: in the alternative method, prices are always compared to a past average. In
the default measure, each quarter’s price is compared to the mean price for the entire year, which for the
first three quarters includes lead prices. Using the alternative method has no substantive effect on the
results.
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length of the time series also makes it expedient to use a fixed-effects (within) estimator

despite its bias here, as difference/system GMM would cost some valuable observations

early in the sample. After estimation, β̂q is used to generate one-period-ahead forecasts:

p̂i,q+1 = β̂qpiq + µ̂i (8)

and these forecasts are used to calculate absolute forecast error, again denoted σ̂iq:

σ̂iq = |p̂iq − piq| (9)

These quarterly absolute forecast errors are then averaged over each year to produce the

annual average absolute forecast error, which I use as mymeasure of price (un)forecastability.

These two measures of price uncertainty are expedient choices given the data at hand.

If suitable data were available, alternative approaches might be preferable. Since the

theory developed in Scott (2010) posits a relationship between demand and expected

future price uncertainty, for example, it might be better to model the evolution of price

volatility over time and incorporate price-volatility forecasts into the demand model.

This would be particularly appropriate if gasoline prices follow an ARCH-type process

and move between periods of high and low volatility. Unfortunately, the data at hand are

not suitable for such an exercise. One exercise that is possible now is to use before-tax

prices rather than total prices to calculate the rolling standard deviation measure. This

alternative is of interest because a specific tax hike may contribute to volatility in the

year it takes effect but actually signal a reduction in price uncertainty, as the tax is likely

to be a relatively stable component of the price. I explore this possibility by removing

excise taxes (but not value-added taxes) from the log prices used to measure volatility in

(6). This does not strengthen the apparence of the habits effects, however, so I conclude

that tax-driven price volatility is not a significant issue.
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6 Estimation

Three issues complicate the estimation of (4) and (5): the endogeneity of lagged consump-

tion, the potential endogeneity of prices, and the possible heterogeneity of coeffi cients

across countries. Each issue can be addressed, but not simultaneously with the other two.

I therefore consider and report several estimators, focusing on a fixed-effects, two-stage

least-squares estimator that addresses the endogeneity of prices and a pooled-mean-group

estimator that addresses potential heterogeneity of coeffi cients across countries.

6.1 Fixed-Effects 2SLS Estimator

The endogeneity of lagged consumption implies that simple OLS on (4) will result in

an upward bias on λ̂ (the coeffi cient on gt−1), whereas a within-groups (fixed-effects)

estimator will result in a downward bias on λ̂ (see e.g. Bond 2002). The bias of the within-

groups estimator declines with T , though not altogether quickly: in a model without

outside regressors and a true λ of 0.7, the bias given T = 20 would be about −0.09

(Nickell 1981). For an unbalanced panel such as this, Judson and Owen (1999) recommend

difference GMM when T ≤ 20; and since then, Blundell and Bond (1998) have developed

a ‘system GMM’estimator that should perform better when λ is close to 1. In practice,

however, these GMM methods often seem to perform poorly on longer panels. In this

case, when price uncertainty is proxied by unforecastability, difference GMM yields a

λ̂ that is 25% smaller than the downward-biased within-groups estimate, and system

GMM yields a λ̂ greater than 1– and greater than the upward-biased OLS estimate. (For

GMM results, see Appendix C.) Given the unbalanced nature of the panel and the need

to address the endogeneity of prices, which stand in the way of using bias corrections

like Kiviet’s (1995), the best option is a within-groups estimator. Judson and Owen’s

(1999) Monte Carlo results suggest that the within-group estimator’s bias on the outside

regressors, which are of chief interest here, will be minimal.

The potential endogeneity of prices arises because the gasoline supply schedule faced
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by a nation is not flat: any positive (negative) demand shock will drive prices up (down).

This endogeneity could lead to an underestimation of consumers’responsiveness to price

changes, but fortunately the problem can be addressed by introducing outside instruments

for prices to the within-groups estimator of (4). Two obvious instrument candidates are

the crude oil price and the tax level. Both should be highly relevant, as they are major

determinants of the local gasoline price. The world crude oil price should be exogenous

insofar as an individual country’s demand does not affect the world crude oil market

(though this may not hold quite true for large countries or if demand shocks are highly

correlated across countries). Specific gasoline taxes should also, barring gasoline-demand-

driven political pressure, be exogenous. The portion of the tax level contributed by an

ad valorem tax suffers the same endogeneity as the before-tax price on which it is based,

but this is remedied by using an instrument of the form

TaxIVit = ln

(
1 +

ExciseTaxit̂BeforeTaxit
+

V ATit
BeforeTaxit

)
(10)

Within this instrument, dividing the VAT level (which I take to be any tax beyond the

excise tax) by the before-tax price returns the ad valorem tax’s percentage rate, which

is independent of price. The excise tax level in the instrument, meanwhile, is divided by

the fitted values ( ̂BeforeTaxit) from a fixed-effects regression of before-tax prices on the

world crude oil price7:

BeforeTaxit = β0 + β1crudeit + µi + eit (11)

Insofar as the crude oil price is exogenous, these fitted values should be exogenous as well.

All components of the tax instrument, and therefore the tax instrument overall, should

therefore be exogenous.8 Since the price-volatility and price-unforecastability interaction

terms are potentially endogenous as well, I instrument for them using interactions between

7Since we are working in local currencies, the world crude oil price does in fact vary across countries.
8For the US, VAT/sales tax data is unavailable, and TaxIVit is therefore defined as

ln
(
1 + TotalTaxit̂BeforeTaxit

)
. This should not be problematic, as sales taxes comprise only a small portion

of the gasoline tax in the US; indeed, many states do not apply sales taxes to gasoline.
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the uncertainty measures and each of the price instruments.

The described fixed-effects, two-stage least-squares estimates of (4) are computed in

Stata using Schaffer’s (2010) xtivreg2. All standard errors are country-clustered and

heteroskedasticity-robust. Results are reported in Table 3. Table 3 also reports a test of

the exogeneity of p and σ̂p and an overidentifying restrictions test for the instruments.

For the traditional model without uncertainty terms, we cannot reject that p is exogenous,

and the overidentifying restrictions test suggests that crude oil prices and taxes may be

isolating quite different variation in prices. For the models that do include the uncer-

tainty terms, however, the overidentifying restrictions tests do not reject; and where σ̂ =

volatility, we strongly reject that p and σ̂p are exogenous. It appears that endogeneity of

the price terms may in fact be problematic, and that the instrumenting strategy is at least

partially effective in addressing the problem. That said, the effect of the instrumenting is

not pronounced: coeffi cients on prices are similar either way, and the most dramatic effect

of instrumenting is a trebling of the coeffi cient on the unforecastability-price interaction.

(For estimates of (4) that do not instrument for prices, see Appendix D.)

6.2 Pooled Mean Groups Estimator

A potential weakness of Model (4) is that it imposes homogeneity of all parameters but

the trend. If parameters are in fact heterogenous across countries and regressors are

autocorrelated, then Pesaran and Smith (1995) have proven that estimators imposing

homogeneity will be biased and inconsistent. Fixed-effects models such as (4) will yield

downward-biased estimators for the coeffi cients on the outside regressors (δ1, ..., δ4) and a

biased estimator of the coeffi cient on the lagged endogenous variable (λ), the direction of

which will be positive if the autocorrelations of the other regressors are positive. These

biases do not go away as N and T increase, and in practice they may exaggerate the

difference between short- and long-run responses.

To address the problem of coeffi cient heterogeneity, Pesaran, Shin, and Smith (1999)

suggest a pooled-mean-group (PMG) estimator that allows short-run responses to vary
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Table 3: Fixed-effects 2SLS estimates of the partial adjustment model
(1) (2) (3)

Traditional model σ̂ =Volatility σ̂ =Unforecastability

gt−1 0.769** 0.772** 0.724**
(0.0366) (0.0422) (0.0472)

y 0.247** 0.242** 0.210**
(0.0370) (0.0366) (0.0424)

p -0.185** -0.151** -0.201**
(0.0318) (0.0463) (0.0462)

σ̂ 0.318 -0.674*
(0.307) (0.311)

σ̂p -0.412 0.156*
(0.405) (0.0694)

ti [indiv. trends] [indiv. trends] [indiv. trends]

Implied long-run effects
y 1.0706** 0.750** 0.761**

(0.0993) (0.262 ) (0.139)
p -0.802** -0.722** -0.730**

(0.144 ) (0.107) (0.124)
σ̂ -2.566 -2.446*

( 2.189) (0.985)
σ̂p 0.602 0.566*

(0.649) (0.232)

R2 0.941 0.933 0.941

Instrument exog. 6.426 (1 df) 2.805 (2 df) 3.164 (2 df)
test† [0.0112] [0.2459] [0.2055]

Exog. test of 0.645 (1 df) 11.958 (2 df) 3.852 (2 df)
endog. variables‡ [0.4220] [0.0025] [0.1457]

Robust standard errors in parentheses; P-values in brackets.

** p<0.01, * p<0.05, + p<0.1 | N=29, T=12-21.
†Overidentifying restrictions test (Hansen J statistic); χ2 (df) under H0.
‡Diff. in Sargan-Hansen; χ2 (df) under H0.
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across individuals. The PMG estimator, which uses maximum likelihood based on the

assumption that the εit are independent and normal, is constructed in terms of an ECM

such as (5). It imposes the constraints {θ1i = θ1, θ2i = θ2, θ3i = θ3, θ4i = θ4} while allowing

the δs to remain country-specific. The constraints on the long-run coeffi cients allow us

to exploit some cross-sectional variation, which is useful given that the series are not

particularly long; and meanwhile the freedom of the short-run coeffi cients to vary across

countries mitigates the biases discussed above.

Note that like the within-groups estimator of (4), PMG (5) is vulnerable to the endo-

geneity of lagged consumption. Pesaran and Zhao (1999) have worked out bias corrections

for the not-pooled mean group estimator, which perform well when λ < 0.8 but not at all

when λ ≥ 0.8; and recent work by Choi, Mark and Sul (2010) offers bias corrections for

homogenous-coeffi cient ECM models; but there do not seem to be corrections for the case

where λ is moderately large and/or coeffi cient homogeneity is relaxed. The PMG esti-

mator’s potential advantage is only in mitigating coeffi cient-heterogeneity bias, therefore,

and not in addressing the endogeneity of lagged consumption.

Table 4: Fisher-style Phillips-Perron unit root tests with trend
Level First Difference Order of

Variable Test Statistic* P-Value Test Statistic P-Value Integration
g 45.16 0.89 413.09 0.00 I(1)
y 151.11 0.00 I(0)
p 95.65 0.00 I(0)
σ̂ =volatility 362.52 0.00 I(0)
σ̂ =unforecastability 274.87 0.00 I(0)
σ̂p, volatility∗price 379.24 0.00 I(0)
σ̂p, unforecastability∗price 190.31 0.00 I(0)

*Inverse χ2 with 50 degrees of freedom.
Phillips-Perron tests conducted using 3 lags for the Newey-West standard errors.

The PMG estimator allows regressors to be I(0) or I(1), but it does require a cointe-

grating relationship among I(1) variables. To check the order of integration of the model’s

variables, I use a Fisher-type test based on individual Phillips-Perron tests with a trend.

The choice of a Fisher-type test has the advantages of high power compared to tests
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based on Augmented Dickey-Fuller (ADF) test statistics (Choi 2001) and, crucially, the

flexibility to deal with series whose length varies across individuals. The choice of the

Phillips-Perron test protects the results from the ADF’s sensitivity to the choice of lag

length. The null hypothesis for this test is a unit root for all countries; the alternative,

stationarity for at least one country. Results of these tests, performed using Stata’s (2011)

xtunitroot, are reported in Table 4. All variables appear trend stationary except gasoline

consumption, which is I(1). Since consumption is clearly cointegrated with its lag, there

should be no trouble with spurious regression.

A PMG estimate of (5) is computed in Stata using Blackburne and Frank’s (2007b)

xtpmg9, and results are reported in Table 5. A comparison the fixed-effects 2SLS estimates

of (4) with the PMG estimates of (5) does not provide clear-cut evidence of the biases to be

expected if coeffi cient heterogeneity is a problem. Falsely imposing coeffi cient homogeneity

would bias the short-run elasticities estimated using model (4) towards 0 and exaggerate

the difference between short- and long-run elasticities. The short-run income elasticities

from model (4) are only slightly smaller than those from model (5), however; and even

without instrumenting for prices, model (4) yields higher-magnitude price elasticities.

The gap between long- and short-run elasticities in model (4), meanwhile, is considerably

smaller than the gap between model (5)’s long- and mean short-run price elasticities and

on par with or only slightly greater than the gap between model (5)’s long- and mean short-

run income elasticities. Given the lack of strong evidence that coeffi cient heterogeneity is

a problem, it seems preferable to focus on the fixed-effects 2SLS estimates of (4), which

have the advantage of addressing the endogeneity of prices.

7 Discussion

Estimates of models (4) and (5) provide strong evidence of the predicted rational-habits

effects if price uncertainty is proxied by unforecastability and weak, but not contradictory,

evidence if uncertainty is proxied by volatility. According to the estimate of (4) (Table
9Further details on this program are provided in Blackburne and Frank (2007a).
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Table 5: Pooled mean group estimates of the error-correction model
(1) (2) (3)

Traditional model σ̂ =Volatility σ̂ =Unforecastability

φ†i -0.181** -0.174** -0.229**
(0.0359) (0.0430) (0.0531)

ti [indiv. trends] [indiv. trends] [indiv. trends]

Long run
y 1.091** 0.965** 0.818**

(0.106) (0.0936) (0.0565)

p -0.556** -0.538** -0.312**
(0.0801) (0.0611) (0.0408)

σ̂ -0.448 -0.738**
(0.284) (0.217)

σ̂p 0.462** 0.0105
(0.107) (0.0532)

Short run†

∆y 0.250** 0.270** 0.276**
(0.0750) (0.0708) (0.0935)

∆p -0.0849* -0.0948** 0.0140
(0.0371) (0.0315) (0.0660)

∆σ̂ 0.597 2.625*
(0.797) (1.177)

∆ (σ̂p) -0.0982 -1.726*
(0.368) (0.852)

Standard errors in parentheses. | N=29, T=10-21.
** p<0.01, * p<0.05, + p<0.1

†Values reported are the means of country-specific coeffi cients.
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3), unforecastability of prices results in statistically-significant reductions in both the

level of demand and the magnitude of price elasticity. Unforecastability of prices also

reduces the long-run level of demand according to model (5) (Table 5), although in this

less-preferred specification the long-run effect of unforecastability on price elasticity is

statistically insignificant, and the means of the short-run coeffi cients take the wrong signs.

Meanwhile, price volatility’s effect on the demand level is statistically insignificant in

both models, and its effect on price elasticity is statistically significant only according

to the less-preferred model (5). The rolling standard deviation of prices does not seem

to capture the uncertainty that consumers perceive or value when making decisions that

impact gasoline consumption.

Differentiating model (4) yields a short-run price elasticity, ∂git
∂pit
, of δ2 + δ4σ̂it. At the

mean price unforecastability measure of 0.138, the results in Table 3 therefore imply a

short-run price elasticity of −0.179, well within estimates in the literature. The range of

unforecastability observed across all countries and years implies short-run price elastic-

ities from −0.0516 to −0.200 and corresponding long-run price elasticities from −0.187

to −0.725. Figure 2 plots the country-specific short-run price elasticities implied by each

country’s mean price unforecastability, with whiskers stretching to the elasticities implied

by each country’s minimum and maximum unforecastability. Variation in price unfore-

castability implies considerable variation in price elasticities across countries and within

countries over time. Without annual, country-specific price elasticity estimates– which

would require very fine-grained data– it is not possible to check the extent to which un-

forecastability explains variations in price elasticity. Anecdotally, however, it is worth

noting that after the Czech Republic, Hungary, Japan and Korea (the first two of which

experienced extremely high price uncertainty during the political transitions of the early

1990s), the US has the lowest implied price responsiveness, consistent with Espey’s (1998)

finding that US price responsiveness is particularly low.

Price unforecastability’s effect on the demand level is also large enough to be of po-

tential practical importance. According to the estimated δ3 in Table 3, the elasticity of
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Figure 2: Short-run price elasticities (in absolute value) implied by country-specific mean
unforecastability and FE 2SLS estimates of model 4
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demand with respect to proportional absolute forecast error is −0.674 in the short run

and −2.45 in the long run. This implies that in the long run, gasoline consumption will

be 12% lower if forecasts tend to be off by 10% than if they tend to be off by only 5%.

All other things equal, based on mean values of the unforecastability measure, we should

expect to find per capita gasoline consumption to be 8% lower in the UK than in France

and 18% lower in Greece than in Turkey. When considering policies that may influence

price forecastability or the potential impact of upheavals in the oil market, the effect of

price uncertainty directly on consumption levels should not be overlooked.

8 Conclusions

Gasoline’s entanglement with investment decisions and daily routines means that con-

sumers should care not only about current prices, but about the path that prices will

take in the future. Representing that entanglement using a rational habits model yields

the insight that price uncertainty reduces both the level and the price sensitivity of de-

mand. These implications are borne out in the data when price uncertainty is proxied by

a price-unforecastability measure.

Rational habits therefore carry an important lesson for policy: traditionally-measured

price elasticity may be misleading if used to predict responses to market interventions.

Actions that make gasoline prices more predictable will have the undesired effect of stoking

demand, but they will also increase the effectiveness of price instruments.
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A Lead price, lead price components, and price com-

ponents models

As an illustration of their inappropriateness for the international case, (lead) price (com-

ponents) models are presented in Table 6. The underlying models are identical to models

(1), (2), and (3), except that a country-specific trend β4i has been substituted for the ho-

mogenous trend β4. Estimation is performed using the same FE 2SLS approach described

in Scott (2012), which treats lead prices as anticipated lead prices by instrumenting for

them using current information. (The instrumenting strategy, including the definition

of TaxIVit, is identical to Scott (2012).) As the results show, the models are uninfor-

mative for the international case. In the lead price and lead price components models,

the coeffi cients on the ‘habit’variables pi,t+1, ln (1 + τ t+1), and lnBeforeTaxt+1 are all

statistically insignificant. In the price components model, the coeffi cients on the tax and

before-tax components are statistically indistinguishable.

B Further Data Exposition

B.1 Geographic Scope

Data is available for a total of 29 countries, listed in Table 7.
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Table 6: FE 2SLS estimates of the (lead) price (components) models
(1) (2) (3)

Lead price Lead price components Price components

gt−1 0.724** 0.721** 0.752**
(0.0392) (0.0379) (0.0255)

yt 0.347** 0.344** 0.299**
(0.0477) (0.0498) (0.0289)

pt -0.290** -0.228*
(0.0821) (0.116)

pt+1 0.241
(0.164)

ln (BeforeTaxt+1) 0.146
(0.207)

ln (1 + τ t+1) 0.188
(0.191)

ln (BeforeTaxt) -0.114**
(0.0421)

ln (1 + τ t) -0.0518
(0.0657)

ti [indiv. trends] [indiv. trends] [indiv. trends]

R2 0.942 0.948 0.944
Heteroskedasticity-robust, country-clustered standard errors in parentheses

** p<0.01, * p<0.05, + p<0.1

B.2 Grades and Prices

The IEA reports price and tax data by product, i.e. by petrol type and grade. The

availability of data on any product naturally depends on the product’s availability to

consumers, which in turn depends upon local regulations. For a number of countries–

including Finland, France, Ireland, Italy, Luxembourg, and the U.K.– data on unleaded

gasoline is not available until 1990. To avoid the problems associated with switching from

a measure of price based solely on leaded gasoline to a measure based on unleaded gasoline

(or some average of leaded and unleaded), I concentrate on the period 1990 onwards.

Even in this later period, however, data availability varies by product and country,
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with this variation driven by differences in regulation and definition. In Denmark, for

example, regular unleaded is 92 RON and premium unleaded is 98 RON; in Germany,

regular is 91 RON and premium is 95 RON; in Austria, regular is 91 RON and premium 95

or 98; and in France and the UK, the standard option is 95 RON or above. Meanwhile the

definition of the Research Octane Number (RON) varies by country, and some countries

use alternative measures such as the Road Octane Number (RdON) or the Anti-Knock

Index (AKI). (IEA 2012, Country Notes) Whatever the differences in definition across

countries, I need a price series for each country that is measured by a constant definition,

since varying the definition over time would introduce false price variation (unless, of

course, such variations reflected actual changes in the type of gasoline in use). Where

annual data for ‘regular unleaded’is available from 1990 on– however ‘regular unleaded’

may be defined locally– I use this as the product. Where annual data on regular unleaded

is not available contiguously from 1990 but data on 95 RON is, I use 95 RON. Where

data on neither regular unleaded nor 95 RON is available contiguously from 1990, I

use whichever product has the longer contiguous availability. After determining which

product to use for annual data, I use the same product for quarterly data. Table 7 shows

the product for which each country’s price measures are taken.

Table 7: Gasoline product used for price and tax data

Regular Unleaded 95 RON
Australia Czech Republic Netherlands
Austria Belgium Norway
Canada Finland Poland
Denmark France Portugal
Japan Germany Slovakia
Korea Greece Spain
Mexico Hungary Sweden
New Zealand Ireland Switzerland
United States Italy Turkey

Luxembourg United Kingdom
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C Difference and System GMM Estimates

As the difference and system GMM estimators cannot handle the 29 country-specific

trends, Table 8 provides estimates of

git = λgi,t−1 + δ1yit + δ2pit + δ3σ̂it + δ4σ̂itpit + δ5t+ µi + εit (12)

which imposes a homogenous trend on Model 4.

The difference GMM estimator uses the second and higher lags of consumption as

instruments for the model in differences. The system GMM estimator combines the

difference GMM moment conditions with a moment condition using the first-lagged dif-

ference in consumption as an instrument for the model in levels. Both estimators use the

price and interaction instruments defined in Section 6, along with the included exogenous

regressors, as ‘IV-style’instruments (see Roodman 2006). To mitigate overfitting, instru-

ment sets are collapsed using Roodman’s (2006, 2007) method. The two-step version of

the estimator is then applied, with Windmeijer’s (2005) correction used to address the

downward bias in standard errors. Estimation is performed in Stata using Roodman’s

(2011) xtabond2.

D Fixed-effects estimates without price instrument-

ing
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Table 8: Difference and system GMM estimates
(1) (2) (3) (4)
σ̂ =Volatility σ̂ =Unforecastability

Diff. GMM Sys. GMM Diff. GMM Sys. GMM

gt−1 0.975** 1.056** 0.551** 1.069**
(0.0946) (0.0205) (0.161) (0.0265)

y 0.106 -0.0439* 0.244** -0.0530*
(0.0806) (0.0186) (0.0878) (0.0226)

p -0.156** 0.0528** -0.328** 0.0554**
(0.0446) (0.0180) (0.0802) (0.0168)

σ̂ 0.631 0.566 -1.352 -0.159
(0.422) (0.511) (0.799) (0.233)

σ̂p -0.180 -0.132 0.288 0.0260
(0.250) (0.277) (0.187) (0.0577)

t -0.00468* -0.00332** -0.0149** -0.00351*
(0.00196) (0.000857) (0.00373) (0.00136)

Standard errors with Windmeijer’s correction in parentheses.

** p<0.01, * p<0.05, + p<0.1
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Table 9: Fixed-effects estimates of the partial adjustment model, no price instrumenting
(1) (2) (3)

Traditional model σ̂ =Volatility σ̂ =Unforecastability

gt−1 0.765** 0.769** 0.753**
(0.0295) (0.0290) (0.0322)

y 0.251** 0.250** 0.233**
(0.0354) (0.0349) (0.0360)

p -0.187** -0.186** -0.194**
(0.0306) (0.0295) (0.0341)

σ̂ -0.0635 -0.283*
(0.0912) (0.133)

σ̂p 0.0818+ 0.0553*
(0.0452) (0.0223)

ti [indiv. trends] [indiv. trends] [indiv. trends]

R2 0.942 0.943 0.943

Heteroskedasticity-robust, country-clustered standard errors in parentheses.

** p<0.01, * p<0.05, + p<0.1 | N=29, T=12-21.
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