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Abstract

This paper analyses the distributional effectsltraative scenarios of carbon taxes on
car fuels using disaggregated French panel data 2603 to 2006. It incorporates

household price responsiveness that differs adngssne groups into a consumer surplus
measure of tax burden. Carbon taxation is regreds#ore revenue recycling. However,
taking into account the benefits from congestictuntion induced by the tax mitigates

regressivity. We show also that recycling additioeaenues from the carbon tax either
in equal amounts to each household or accordinpoiesehold size makes poorest

households better off.

JEL classificationH23, Q48, R48.

Key words carbon tax, distributional effects.



1. Introduction

In June 2009, the French government announcedt#stion to introduce a carbon tax.
The basic idea is to introduce an additional taxtam of existing taxes on fossil fuels
which will be paid by households and firms whicle aot included in the EU Emission
Trading Schemé&.The aim is to achieve France’s commitments tocedyreenhouse gas
emissions at the lowest cost: -14% by 2020 (conup&we2005 level$) and -75% by
2050°

In the case of private cars, a tax on vehicle garbmissions essentially is
equivalent to a fuel tax. Higher fuel taxes mayeginse to concerns about the effects of
additional taxation on low-income households. Fstance, it is often argued that low-
income households cannot afford to live in city toem where the supply of public
transport is abundant, and therefore have no chmitéo use their car to travel. Beyond
equity concerns, the political acceptability of@wncarbon tax clearly depends upon the
proportion of the population that benefits from it.

This paper analyses the distributional effects ltdraative scenarios of carbon
taxes! We consider two levels of taxation and explore hine welfare impacts are
distributed across households that differ by inccane residential location. We also
simulate three scenarios of revenue recycling. @athodology is based on a car use

model that is estimated using disaggregated paatalfdom 2003 to 2006. We explicitly

! The tax was initially supposed to be introducedan. 2010. But it was finally postponsitie dieafter
France’s constitutional court ruled at the end et@mber 2009 that it would violate principles ofi@éy
because of the range of industrial emissions tlaildvbe exempt.

“France’s target under the European package ontelima

3 Objective set in the 2009.6i de programme fixant les orientations de la pglie énergétique(“Law
setting orientations for the energy policy”).

* We deliberately choose to focus on the distrilutimpact of a carbon tax on car fuels, without esipl
the question of its economic efficiency. Althoughajor issue, a rigorous treatment of that questionld
require another study on its own.



model and simulate individual changes in kilomettesmselled that are induced by
modifications in fuel taxation. Specifically, thegpproach allows for the possibility that
different households behave differently in respdnsacreases in the cost of driving.

Several studies have estimated the distributiofif@icts of car fuel taxation.
However, most of them utilize North-American datag(, Bento et al. 2005, 2009;
Poterba, 1991; Rged Larsen, 2006; West, 2004).r Tesults do not easily transfer to
Europe as the geography of urban areas, the spiatabution of income, the relative
importance of public transportation and the prengilevels of fuel taxes are completely
different. As an illustration, OECD (2006) showsttiprivate car use, measured in
passenger-kilometres per capita, is two times migh¢he US than in France. A meta-
analysis by Goodwin et al. (2004) also shows thatWS has lower fuel consumption
elasticities than Europe with respect to both paicéd income.

Some studies examine the distributional effectéuef taxation using European
data. Berri (2005) finds France’s taxation of azelfto be regressive. However, he does
not model the changes of behaviour induced by tdbtianal taxation. Therefore, his
results are only valid for marginal tax shifts. B&low and Crawford (1997) and Santos
and Catchesides (2005) assess the regressiveseffiegasoline taxation in the United
Kingdom considering the behavioural response ofedsi to the increased cost of driving.
Blow and Crawford find that rising fuel taxes arsogressive if all households are
considered but regressive if only car-owning hoos#h are considered. Santos and
Catchesides find that middle-income householdsesuffe most from the burden when
all households are considered. When only car-owrtiogseholds are considered,

gasoline taxation is strongly regressive. Thosdistudo not consider any recycling of



the additional revenues from the tax increase. Siaulations show that accounting for
revenue recycling dramatically changes the distiveumpact of fuel taxation.

From a methodological point of view, two main cdmitions distinguish this
paper. First, to the best of our knowledge, it first which uses panel data methods to
study the distributional impacts of car use taxati®anel data is particularly suitable for
estimating the car use model as it allows contrglifor the inherent endogeneity of
motorisation choices. Earlier papers only had actessingle or pooled cross-sections.
Accordingly, they had to apply burdensome two-stpproaches (e.g., West, 2004). We
will examine this issue in more detail in the ns&ttion.

A second difference with all prior work is that wensider the benefits induced
by the reduction of congestion due to the fuel tiaxaand analyse how those benefits are
distributed among householdsCongestion is generally considered to be the
guantitatively most important automobile exterrnyalffor example, UNITE (2003, Table
11) shows that it accounts for 44% of the followiegternal costs in France: global
warming, air pollution, noise, congestion, and dents’

The paper is organized as follows. Section 2 ptesére model of car use that
will provide the basis for the simulations. Sect®presents our approach for simulating
scenarios of carbon taxation. Section 4 discushesdata. Section 5 presents and

interprets the results. The last section concludes.

® This assertion does not include the existingaiienre on congestion charging which obviously coersid
the distributive impact of congestion reductione(se.g., Bureau and Glachant, 2008, Eliasson and
Mattsson, 2006).

® This proportion is 56% in the UK and 34% in Germaparry et al. (2007, table 2) provide a similedes

of magnitude for the US. Congestion then represé6®s of the following costs: global warming, local
pollution, oil dependency, congestion and accidents



2. Model of car use

This section presents the model of car use. Estsnat the model will then be used to
simulate changes in fuel taxation. We consider féllewing standard expression for

kilometres demand:

KM it=a +ﬁl-plt +ﬁ2-(pit X yit)+ thQt + V’.él + H’.éz + X’.53 + Tt’ .C+ a + &t (1)

wherei indexes householdsjndexes yearM is the annual number of kilometres the
household drivesp is the price per kilometrg;, is income per equivalised persdawo
indicates if the household holds two carss a vector of vehicle attributeld,is a vector

of household characteristics,is a vector of other control variablé&sjs a vector of year
dummies,a is the household fixed effect; is the usual error term, and the remaining
Greek letters denote parameters.

The linear specification of the demand functiomal the demand responsepto
to vary with the level of demand. This is a keys# assessing the distributional effects
of a rise inp. In contrast, a log-log specification would impdbke restriction that the
price elasticity is the same for all householdsithiermore, the statistical fits of level-
level, log-log, log-level and level-log models wer@mpared. Because the R-squares of
these models are not comparable, the comparisfitsohvolved predicting VMT from
the log-log (or log-level) model given the predittealue of In VMT. The square of the
correlation between predicted and actual VMT cancbmpared with the R-squared
obtained from the level-level (or level-log) mod&Vooldridge, 2006). In all cases the

level-level model was found to provide a similarsaperior fit.



Besides, to allow the price effect to vary withante, we include an interaction
between income and the price per kilometre. Indsmationsp and f x y) are also
interacted with specific dummy variables to alldve fprice effect to vary between one-
and two-vehicle households.

When estimating a model of car use, a standardossetnic problem deals with
the endogeneity of the variables describing the bermand attributes of cars held by
households. This is due to the joint nature of deeands for vehicles and kilometres.
The choices of vehicle and kilometres are relachbse characteristics that influence a
household to purchase a certain number and typeeloicle may also influence that
household’s choice of kilometres. For example, anihMring and Winston (1985) point
out, the individual characteristics that tend tor@ase usage (e.g., pleasure of driving)
will adversely affect the probability of selectiag old, decrepit vehicle from which little
driving pleasure can be derived. In econometriensgrthis correlation implies that
vehicle specific attributes, which are includedexplanatory variables in (1), will be
correlated with the error term. In this contextingsOrdinary Least Squares (OLS) may
lead to biased and inconsistent estimators of patiens

The use of panel data allows us to deal with tleogeneity problem. Indeed, the
use of a fixed effect estimator permits to purge éffects ofa, i.e., all unobserved and
time invariant determinants, from (1). At last, th@le condition for the estimator to be
consistent is that the idiosyncratic ergplis uncorrelated with explanatory variables. We

make this assumption in the remaining of the palas. admittedly simplifying as the



fixed effect estimator does not rule out the po&ntemaining endogeneity due to
simultaneity in the choice of vehicle and in the o$the vehiclé€.

Earlier papers only had access to single or pootess-sections. In this context,
the standard procedure to deal with the endogepeafylem involves a burdensome two-
step approach. First, a discrete choice model &l us estimate the probabilities of
choosing different fleet sizes and compositiongséhprobabilities are then used in the
estimation of kilometres demand to control for egeleeity (e.g., Berkowitz et al., 1990;
Goldberg, 1998; Hensher et al., 1992; Mannering\Afirtston, 1985; Train, 1986; West,

2004)8

3. Simulation strategy

Having described how we model the demand for kiknese we now describe how we
simulate the different scenarios. We develop twautation modules. The first simulates
the impact of a carbon tax in France without comsid) the benefits induced by
congestion reduction (similar to the work of earlgudies). The second module
simulates the impact of a carbon tax with a conatiten of the benefits of congestion
mitigation. Due to data constraints, it is done fioe Paris Region only. This section

successively presents the two simulation moduldsfaa scenarios considered.

" Moreover, and beyond this simultaneity problemp tof our variables, ADD and SEP, may be
endogenous even after controlling for time-invarianobserved effects. We come back to this issue in
section 4.

8 This approach derives from the seminal work of iDuind McFadden (1984) who propose models to
estimate the joint demand for durables and enesgy u



3.1. Measuring the impact of a carbon tax in Frarfeg&hout considering
the benefits from congestion reduction)

We proceed in four stages. First, we estimate avetrically the parameters of equation
(1) using panel data from 2003 to 2006. Secondsiwellate the changes in kilometres
driven by households induced by the changes in faghtion. Third, we calculate
individual welfare changes. Finally, we examine tfistribution of welfare changes
among households. The data used in the simulatefesto 2006.

As described in the introduction, we restrict &malysis to the short-run incidence
of the tax. We assume that households respond ecadhlitional taxation solely by
reducing the number of kilometres they drive. We thee change in household consumer
surplus to measure the change in household wetfaeeto the tax. Assuming a linear
demand curve for kilometres, the change in conswuggius for householdinduced by

an additional tax can be expressed:

ACS = (p2- Po).-KMiz + %2 [(P1 - Po)-(KMio - KMis)] (2)
wherepj is the initial price per kilometre for househaldy; is the price per kilometre

with the additional taxiKMjo is the initial number of kilometres, aidV;; is the number
of kilometres after the tax. This is the standartde’ of one-half”.

It is important to note that not considering bebaval response of drivers
amounts to taking into account twice the secondhtef (2), leading to an over-

estimation of the welfare impact of taxation.



3.2. Measuring the impact of a carbon tax in thei®&egion considering
the benefits from congestion reduction

The second module examines the impact of a cadbomtthe Paris Region considering
the benefits from congestion mitigation. The P&iegion (also referred to dke-de-
France is a vast area of 12,072 sq km and 10.9 millimmabitants (around 1/6 of the
whole French population). The city of Paris is oalgmall part of that area with a surface
of 105 sq km and 2.1 million inhabitants.

Apart from congestion considerations, the simulatstrategy is essentially the
same as the one presented in section 3.1. Thelg@ence is that, when estimating the
car use model, all price variables are now intehatith specific dummy variables to
allow the price effect to vary between the ParigjiRe and the rest of the country.
Results of the regression are given in the Appendix

The benefits from congestion reduction are caledldor each household as the
monetary value of time savings on annual kilomethégen by the househdldifter the
introduction of the carbon tdX.These calculations require three types of infoionat
first, an evaluation of the impact of the carboxaa traffic; second, an estimation of the
impact of traffic reduction on individual traveines; and third, values of travel time
(VOT) to monetise the time savings.

The impact of carbon pricing on traffic is obtainading basically the same

approach as in the first simulation module. Firs wstimate econometrically the

° Due to data constraints, kilometres driven duriregkends, holidays and/or outside the Paris Regjien

not considered.

10 Benefits from congestion reduction are calculatsthg 2001-2002 data while the other impacts are
calculated for our most recent data, i.e., 2006. Wkeve this difference in not problematic as caa
reasonably assume that traffic conditions in thgi®ehave not changed much within 4-5 years. Ntse a
that simulations for the non-congestion impactsehbgen conducted for the years 2003, 2004 and 2005
producing very similar results to 2006.

10



parameters of equation (1) using panel data froB826 2006 Next, we simulate the
changes in kilometres driven by households indumgdhe changes in fuel taxation.
Adding up all changes, we obtain the total traféiduction for the Paris Region.

As the next step, we must translate the traffizicéidn into time savings. This is
done using disaggregated data from the Paris Ré&gjioinal Transport Survey carried out
in 2001-2002. Time savings are calculated usingpeed-flow function estimated
econometrically on a sample describing traffic lsvend speeds for 21 time slots. For
each slot, we calculate both the total traffic lay and the average speed of car trips in
the region. The regression of the logarithm officabn the average speed gives the
following relationship (with standard errors in patheses):

SPEERQuR= -35.2 xInTRAFFIQ+ 621.3
(8.5) (107.6)

n=21R= .48

where SPEEB)r is the average speed of car trips in meters pautaiin a given slot
and TRAFFIC is the total number of trips per loAdditionally we assume that buses
also benefit from traffic reduction, as one mayentpRegressing the speed of buses on
car traffic levels for 18 time sldtsgives the following relationship:

SPEERws= -9.4 xInTRAFFIQ + 193.9
(4.8) (62.2)

n=18,R°=.19

1 The sole difference with the first module is thahen estimating equation (1), all price variabdes
interacted with specific dummy variables to alldwe price effect to vary between the Paris Regiahtha
rest of the country. The idea is to obtain a pemamm of traffic reduction that is specific to thariB
Region.

2 The level of traffic taken into account is thealdraffic observed in the Global Transport Sunies., the
traffic due to individual trips. It excludes delives and freight.

13 Contrary to the regression for cars, time slotgesponding to the night are not taken into account
because the level of service is too limited.

11



where SPEERBys is the average speed of bus trips in meters peutsiin a given slot
and TRAFFIC is the total number of trips per sfot.

We assume that each household reduces its numb@owfetres in response to
the introduction of the tax, and consider time sgsion the remaining kilometres orify.
We assume also that the traffic reduction (in %uced by carbon pricing is the same
whatever the time of the day or the location in Bagis Region. This is admittedly a
restrictive assumption as travellers may resportthéocarbon tax by reducing non-work
trips first. Then, implementation of a carbon taaynhead to smaller traffic reductions in
business areas and/or during the peak period.a8sismption must be remembered when
interpreting the results.

Individual time savings are finally monetised usuajues of travel time from two
previous studies by Bureau and Glachant (2008)Ca&alma and Fontan (2001). Both
papers provide values of travel time for commuteeg vary with income and that are
specific to the Paris Region. Table 1 presentsthakies per quintile of income. Income
group 1 includes the 20% of individuals who have libwest income; quintiles 1 and 2
include the 40% of individuals who have the lowiesbme, and so on. Table 1 reveals
that the two papers propose substantially diffessttof values. De Palma and Fontan
propose higher values on average: around 15€/luy&&h for Bureau and Glachant. On
the other hand, the latter give relatively highe®™ to high-income travellers as

compared to low-income ones. As there are no olswieasons to prefer one to the other,

1% |ogarithm functional forms give the highest goasief fit for the two speed-flow functions.

5 In order to calculate individual responses to tie, we need to make assumptions about the price
sensitivity of each household present in the Gldvahsport Survey. We assume that the price seitgiti
depends on income and use the elasticities catelffatr different income groups with the “Parc Auto”
data.

12



we consider the two sets of values for purposeensisivity analysi&. In the remainder
of the paper, we refer to Bureau and Glachant’sltess “low VOT” and to De Palma
and Fontan’s as “high VOT".

Whatever the values considered (low or high) Tdb&hows a clear and positive
relationship between income and value of time. Thgarticularly noticeable in the “low
VOT” case: the VOT of the wealthiest individuals atmost twice the VOT of the
poorest. Thus not considering values of time thaty wvith income would lead to
substantial biases in the assessment of the distiial effects of congestion reduction.

The two papers provide values of travel time fomomuters only. However,
empirical findings converge to suggest that theiealf travel time savings is lower for
non-work purposes than for commuting (see e.g., lISara Verhoef, 2007). The
difference varies according to studies and locatiémthis paper, we consider that values
of travel time for “other purposes” are 45% beldwattfor commuting. This is the ratio

recommended by Commissariat Général du Plan (200Q®R) for the Paris Region.

Table 1: Values of travel time for commuters for diferent groups of travellers (2002 € per hour)

Income group Low valde High valu@
Private car Public transport
users users
1 5.0 6.0 13.3
2 6.7 7.2 14.2
3 7.9 8.0 14.9
4 10.0 9.9 15.8
5 114 114 16.1
All 7.9 8.2 14.9

@ Bureau and Glachant (2008, Table 3)
b Author’s calculation using initial figures from DRalma and Fontan (2001, Table 3) — which giveeslu
of travel time for solely three groups of househaltbme.

16 potential reasons for differences between thestwdies are discussed in the Appendix.
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3.3. Scenarios
Table 2 describes the six scenarios. As a benchmaglconsider an additional carbon
tax of 7.1 euro-cents per litre of gasoline and &fts per litre of diesel. Those values
refer to a cost of COof €31 per tonne (in 2006€). This is the offidiglure to be used in
France (by 2010) when evaluating public investnargices or, more generally, when
making environmental evaluation of public polic{€AS, 2008). This was set in order to
achieve the European political objectives of Ma2€l®7, and lies at the high end of the
spectrum of international evaluations of exterrats of carbon (see e.g., Delft, 2008).
Next, we consider several variations of this refeee scenario. First, a higher
taxation of carbon: 12.4 cents per litre of gasoland 14.0 cents per litre of diesel. It
corresponds to €54 per tonne of O 2006€), which is the official figure to be adsm
France by 2020. The idea is to investigate if thel of taxation impacts the distribution
of burdens among households. We also consider #ditemative ways of recycling the
additional revenues from the tax increase:

= “flat” recycling: revenues are returned in equal amounts to emrydhold;

» “size-based” recycling revenues are allocated according to the number of
equivalised persons in the household. In the wpaleer, the “OECD modified
scale” is used to define equivalised persons (onSomption units”), i.e., the first
adult gets the weight 1, other members aged 14ooe et 0.5, children aged less
than 14 get 0.3;

* “income-based” recycling: revenues are allocated to household®rdmng to

each household’s share of aggregate income.

14



Our methodological framework can handle both alieves because they involve
lump sum transfers to all households. One may redsyp assume that such transfers do
not modify significantly households’ demand fordkiletre$”. To obtain the overall
individual welfare changes, we simply add lump stransfers to individual surplus
variations induced by the carbon tax to obtainderall individual welfare changes. We
consider that recycling is accomplished on an anbasis and assume that it does not

involve additional costs to the government.

Table 2: Description of the six scenarios

Scenario name

Carbon tax

Redistribution
of carbon tax

Redistributed
amount

revenues (per annum)

Reference Gasoline: €0.071/L. No _

Diesel: €0.081/L.
Reference — Flat | Gasoline: €0.071/L. Yes €64
recycling Diesel: €0.081/L.
Reference — Size-| Gasoline: €0.071/L. Yes €41 per
based recycling Diesel: €0.081/L. equivalised persor
Reference — Gasoline: €0.071/L. Yes €64 on avg.
Income-based Diesel: €0.081/L.
recycling
High tax Gasoline: €0.124/L No _

Diesel: €0.140/L.
High tax — Flat Gasoline: €0.124/L. Yes €110
recycling Diesel: €0.140/L.
High tax — Size- Gasoline: €0.124/L. Yes €71 per
based recycling Diesel: €0.140/L. equivalised persor
High tax — Gasoline: €0.124/L. Yes €110 on avg.
Income-based Diesel: €0.140/L.
recycling

17 As we will see in section 5, our estimations shibat the impact of income on demand for kilometses
small and hardly significant.

15



4. Data and summary statistics

Our data come from two sources. The first is then® Parc Auto TNS-Sofres” which
we use to estimate the model of car use and tysmahe distribution of costs induced
by the carbon tax. The second is the Paris ReglobhabTransport Survey which we use
to examine the distribution of benefits induced dongestion reduction. This section

presents the two successively.

4.1. Panel Parc Auto TNS-Sofres

4.1.1. General description
The “Panel Parc Auto TNS-Sofres” (hereafter “Pauto®) is the main component of the
data. This survey has been carried out annuallramce for twenty-five years. We use
the last four waves of the panel: 2003 to 2006.r¢Psuto” describes the number of
vehicles held by households, the technical atteibuwif those vehicles (e.g., age, type,
fuel) and their usage. It also includes the socimremic and geographical characteristics
of the households surveyed. About 6,500 housetaklsurveyed each year. On average,
two-thirds are re-interviewed the following year ilghthe others drop out of the panel
and are replaced by new ones.

Our estimations are limited to motorized househwltle own one or two cars. As
stated above, we are only concerned with the respohhouseholds in terms of usage,
not in terms of car ownership. Therefore we doawotsider non-motorized households in
our estimation$. Furthermore, not enough three-or-more-vehicleskbolds remained

in our sample after cleaning to produce sound esésa Those households were then

8 However, non-motorized households are taken immpant when measuring the welfare impacts of
additional taxation, considering their welfare oppato be 0.

16



systematically dropped out. Note however that kss 7% of French households in
2006 owned three-or-more vehicles. Because we figedeffect estimator, households
who are present only once in the panel are notudsd in our sample. Careful

examination of data also revealed obvious measureersors in the variable “number of
kilometres driven” for households who replaced afetheir cars within the year of

survey. We did not include those observations engample. Finally, observations with
missing values for key explanatory variables wdse &xcluded. Overall this leaves us
with an unbalanced panel of 2,956 households w@i% observations over the period
2003-2008°.

To construct a price per kilometre variable fuat@s and the fuel efficiency of
each vehicle are needed. For fuel prices, we usaahraverage prices provided by the
French Ministry in charge of energy. “Parc Auto’ntains data on fuel efficiency.
Households are asked to give an estimation of the éfficiency of each of their
vehicles. We do not consider this information direcrather, we use it to estimate
average fuel efficiencies per type of vehitleThe idea is that some households may
over-estimate or under-estimate the fuel efficieatyheir fleet but we assume that, on
average, households’ estimations are correct. Wofvehicle households, the price per
kilometre considered in the estimation is the ageraf the price per kilometre of the two

vehicles.

19 49% of households are surveyed two years, 34%aneeyed three years and 17% are surveyed four
years.

%0 On total, more than 180 types of vehicles are idensd according to fuel type, engine size, market
segment, and age. Fuel efficiencies vary also daopto the year of survey. Estimation is carried loy
OLS. Results are available upon request.

17



4.1.2. Variable definitions and summary statistics
Table 3 presents the variables used for the estmaf the car use model and the main
descriptive statistics of the sample. For exampladicates that households drive 14,601
kilometres a year on average, 26% hold two vehiatets 35% live in peri-urban or rural
areas.

Most of the variables used for the estimation @aa@dard in car use modelling.
Some deserve specific attention: “Parc Auto” clessivehicles into nine market
segments. In order to have enough observationedon variable, some were grouped
together, creating four market segments: downmaf&ej., Renault Clio, VW Polo),
mid-range (e.g., Peugeot 307, VW Golf), upmarketSalVs (e.g., Mercedes-Benz E-
Class, BMW 7 Series) and utility vehicles. Noteoalsat for each vehicle the household
owns at the end of the year, “Parc Auto” descriitesise over the last twelve months.
Because the fleet size may vary during the year,dontrol variables are included in the
estimation:ADD, which indicates that the household bought antech@il car during the
year andSEPR which indicates that the household parted witk oar. We expect the
former to decrease the number of kilometres theséloold drives — because it had not
had the additional vehicle for twelve months. Casely/, we expecBEPto increase the
number of kilometres the household drives with rén@aining vehicle — reflecting some
kind of inertia in household’s activity pattern. tdothat the two variables may be
endogenous even after controlling for time-invarianobserved effects. As non-regular
choices made by households, they may indeed belatad withe;. No valid instruments

being available, we ran the estimation without udahg households witADD or SEP

18



equal to one. This robustness check did not chaiggeficantly the estimates of other
key variables.

Finally, we choose not to include a variable ddésieg fuel type (i.e., gasoline or
diesel) in the estimation. This is not necessanabse we believe that the sole influence
of fuel type on kilometres is via fuel efficiencgi¢sel vehicles are more fuel efficient on
average), and this is reflected already in theeppier kilometre. Another characteristic of
diesel cars is that they are usually consideredatce a longer lifetime. A priori, such
information is not correlated with any of our exp#ory variables, therefore there is no

harm to leave the fuel type information in the etssm.
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Table 3: Descriptive statistics

Variable Definition Mean Std. Dev.
KM Total kilometres driven 14601 9127

P Price per kilometre 0.0791 0.0157
p*INCOME Price per kilometre*income per capita 1523 930
ONE =1 if household holds one vehicle 0.74 0.44
TWO =1 if household holds two vehicles 0.26 0.44
DOWNMARKET =1 if a 1-vehicle household holds a donarket vehicle 0.31 0.46
MIDRANGE =1 if a 1-vehicle household holds a midhga vehicle 0.39 0.49
UTILITY =1 if a 1-vehicle household holds a utilityehicle 0.01 0.08
DOWN_DOWN =1 if a 2-vehicle household holds two domarket vehicles 0.03 0.17
DOWN_MID =1 if 2-vehicle household holds a downmnetriend a mid-range vehicle 0.13 0.34
DOWN_UP =1 if a 2-vehicle household holds a dowrketand a upmarket vehicle 0.03 0.16
MID_MID =1 if a 2-vehicle household holds two midnge vehicles 0.04 0.19
MID_UP =1 if a 2-vehicle household holds a mid-rarmond a upmarket vehicle 0.01 0.10
UTILITY_2V =1 if a 2-vehicle household holds a lease utility vehicle 0.02 0.15
NEW =1 if a 1-vehicle household holds a hew caqnan 2 years) 0.07 0.25
OLD_NEW =1 if a 2-vehicle household holds one new c 0.04 0.19
NEW_NEW =1 if a 2-vehicle household holds two neaxsc 0.00 0.05
NB_ADULTS Number of adults (18 years old or more) 81 0.7

Q =1 if household belongs to the j-th quintile of@me per capita (j=2,..., 5) _ _
SUBURB =1 if household lives in a suburban area 0.34 0.47
PERIURBAN =1 if household lives in a periurban area 0.33 0.47
RURAL?® =1 if household lives in a rural area 0.02 0.16
ADD =1 if fleet size increased during the year 0.02 0.13
SEP =1 if fleet size decreased during the year 0.01 0.10
YEAR-j Year dummies (j=2004, 2005, 2006) _ _
FEMALE =1 if head of household is female 0.19 0.39
AGE Age of household head 58 15
NB_DL Number of household members with a drivirggtice 1.6 0.5
NORTH =1 if household lives in the North 0.07 0.26
EAST =1 if household lives in the East 0.10 0.30
WEST =1 if household lives in the West 0.14 0.34
SOUTH_WEST =1 if household lives in the South West 0.10 0.30
SOUTH_EAST =1 if the household lives in the SouttstE 0.24 0.43

& Four types of location are considered: city centseburbs, peri-urban zones and rural areas. Timg
was developed by the French National Institutelfansport and Safety Research (INRETS).

4.1.3. Test of sample selection bias
When filling the survey questionnaire of “Parc Auttiouseholds are asked to give
details on the attributes and usage of all thais.c@learly, multi-motorized households
would find this process more tedious. As a consegglemulti-motorized households are
less likely to stay in the panel than mono-motatinees. In other words, the decision to

rotate households out of the panel is not fullyd@m, so that a sample selection problem
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may result. Wooldridge (2002, p. 581) providesmapse test for sample selection bias in
the context of fixed effect estimation with unbaled panel. The test relies on the fact
that sample selection in a fixed effects contexinly a problem when selection is related
to the idiosyncratic errors;:. Thus, Wooldridge suggests adding the lagged tsetec
indicator, $.1, to the equation {s; equals 1 if householdis present in the panel at time
t-1, O otherwise), estimate the model by fixed effeatsl do & test for the significance
of st.1. Under the null hypothesis; is uncorrelated with;sfor all r, and so selection in
the previous time period should not be significantimet.?* In our case, a robustest

strongly supports the hypothesis of no sample Betebias.

4.2. Global Transport Survey

The second set of data we use is the 2001-2002 Ragion Global Transport Survey
(Enquéte Globale Transpolte-de-France2001-2002. This survey has been carried out
regularly for 25 years. It allows us to follow atdl analyse trip patterns in the Paris
Region-The sample surveyed is representative of the Remppulation with respect to
social and geographical characteristics. 10,500sélonids were surveyed between
October 2001 and April 2002. Each member of thesbbald older than 6 is interviewed
about all the trips she/he made the day beforsuheey. For each trip, a broad variety of
data is available, for example: time of departurel arrival, trip purpose, origin,
destination, and mode(s) used. General househal@dcteristics are also described (e.g.,
size, location, income) as well as characterisbéseach member (e.g.,, age, sex,

profession).

2L This approach was first suggested by Nijman ando®k (1992) in the context of random effects
estimation.
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5. Estimation and results

5.1. Estimation of the model of car use
The results from the estimation of the car use rhade reported in Table 4. As
mentioned earlier, we use a fixed effect estimadarontrol for the potential endogeneity
of the explanatory variables describing fleet saed composition. For comparison
purpose, Table 4 also reports estimation resultt wooled OLS and random effects
(RE). We know that those methods will generallydl¢a inconsistent estimators if the
(unobserved to the econometrician) household-Spesfifectsa are correlated with any
of the explanatory variables. As expected, pooléds @Qnd RE produce substantially
different results than FE indicating correlatioriviieena; and the explanatory variables.
Formally, a standard Hausman test strongly rejietsassumption of similar RE and FE
estimates. In addition, we ran Brtest to test the null hypothesis that the congemts
are equal across households. The hypothesis isgiroejected, implying that pooled
OLS would be inappropriate. For the rest of thegpape then focus on FE estimates.
The price coefficients are significdhtand of expected sign. Households drive
less as price per kilometre increases but richerséloolds are less price sensitive. As
expected, households with two cars drive morecathdse owning a recent car — though
this last result is only significant for one-veleidhouseholds. On the contrary, market

segment dummies have very little explanatory pditét.

22 Because of the interaction effects, one may talte oot to look separately at the price coeffigent
Then, even if the coefficient gFFINCOME*TWO is not significant at the 10% level (it is thoughthe
13% level), an F-test strongly rejects the joinpdipesis thap*TWO andp*INCOME*TWOequal zero.

% Tests on coefficients exhibit only two exceptiotie 3% of households that own a downmarket and an
upmarket vehicle drive more than most of the ottveo-vehicle households. Moreover, one-vehicle
households that own a mid-range vehicle drive nivae the 0.7% of households owning a utility vehicl

24 A similar result is found by Goldberg (1998) fhetUS.
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Unsurprisingly, households with more adults driverey as do those living in
peri-urban or rural areas. Interestingly, the @ftfdncome per capita is negative though
only just significar®. This is so because our model produces estimaiksng the
number of cars constant. In their extensive revoéwemand elasticity studies, Goodwin
et al. (2004) note that when income increasesntimeber of vehicles increases relatively
more than the volume of traffic. Such a result iegpkhat use per vehicle should decline
as income increases.

As expected, households that have had one of Wesicles for fewer than 12
months drive less. Conversely, two-car househdids part with one of their vehicles
during the year drive more with the remaining aedélecting some kind of inertia in their

activity pattern.

% The negative sign holds whatever the specificatibmcome: continuous or dummy variables, total or
per equivalised person income, but not the siggtifidty.
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Table 4: Kilometre demand results

OLS RE FE
p*ONE -128,233***  (8444) -109,804*** (7559) -40,989*** (15501)
p*TWO -246,077***  (23795) -187,422*** (18083) -78,174** (26906)
p*INCOME*ONE 0.258 (0.24) 0.463*** (0.16) 0.466*** (0.17)
p*INCOME*TWO 0.313 (0.37) 0.345 (0.26) 0.531 (0.35)
TWO 15,423.9%**  (2729.3) 12,498.1** (2518.0) 11,550.6*** (3222.8)
DOWNMARKET -3,876.6***  (558.1) -3,020.4%* (484.6) -504.4 (1098.6)
MIDRANGE -1,252.0**  (530.4) -817.6* (458.1) 247.3 (936.2)
UTILITY -863.9 (951.7) -1,792.0%* (901.5) -1,628.4 (1258.4)
DOWN_DOWN -2,544.4 (1827.4) -1,088.3 (2146.9) -636.1 (2934.5)
DOWN_MID -603.5 (1704.7) 642.7 (2033.2) 104.3 (2748.2)
DOWN_UP 740.7 (1653.6) 2,921.2 (2039.5) 2,933.7 (2805.0)
MID_MID 684.5 (1814.4) 1,128.1 (2095.7) -166.0 (2828.8)
MID_UP 3,181.7* (1825.9) 3,349.0 (2143.0) 511.5 (3122.6)
UTILITY_2V -419.9 (1609.2) 1,309.9 (2042.7) 2,123.0 (2799.4)
NEW 1,679.8***  (276.7) 612.5%** (178.2) 338.0* (182.0)
OLD_NEW 946.7* (557.4) 313.0 (377.3) 157.8 (397.4)
NEW_NEW 4,250.7* (2490.1) 3,659.6* (1989.8) 3,029.6 (2176.1)
NB_ADULTS 1,093.0%**  (240.3) 925.8%** (231.6) 1,004.7** (418.9)
Q2 1,060.8***  (329.8) 81.9 (231.0) -427.3* (256.5)
Q3 1,414.9%*  (361.3) 3235 (251.9) -475.0 (294.3)
Q4 2,275.0***  (420.4) 707.7** (293.8) -470.5 (346.4)
Q5 2,701.4***  (586.1) 711.5* (385.4) -764.8* (443.0)
SUBURB -20.8 (262.4) -45.9 (269.4) -199.3 (953.7)
PERIURBAN 2,151.3***  (274.1) 2,088.9** (281.0) 2,609.8** (1058.9)
RURAL 1234.4 (921.5) 1,483.7** (749.7) 6,096.8*** (1966.4)
ADD -2,428.9***  (736.5) -2,661.9%** (553.0) -2,508.9*** (661.9)
SEP 279.3 (753.6) 1,101.4* (589.6) 1,670.7** (746.1)
YEARO04 532.4%* (150.2) 345,9%** (120.0) -6.1 (123.1)
YEARO5 1,226.0%**  (178.3) 867.7*** (136.4) -168.8 (192.2)
YEARO6 1,322.5%**  (194.6) 892 5%+ (150.7) -440.9** (220.4)
FEMALE -1,220.0***  (332.8) -1,535.7*%** (324.0)
AGE -141.4%* (7.3) -145 5% (7.7)
NB_DL 709.0** (277.8) 491.4* (272.9)
NORTH 290.7 (459.1) 177.6 (476.4)
EAST 603.3 (397.2) 454.0 (398.1)
WEST 1,045.6%**  (353.1) 635.2* (358.6)
SOUTH_WEST 225.0 (406.3) 32.6 (426.6)
SOUTH_EAST 176.3 (283.3) 179.9 (297.8)
CONSTANT 26,179.8**  (1109.2) 26,414.7%* (1012.4) 12,616.5*** (1873.69)
Observations 7915 7915 7915
R2 0.50 0.49 0.36

Notes Dependent variable is KM. Robust standard eliropmrentheses. * indicate significance at the 10%
level. ** Idem, 5%. *** Idem, 1%.

5.2. Elasticities

Results of the estimations are used to calculageethsticity of demand for kilometres

with respect to price per kilometre. Because vehidhoices are held constant, this
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elasticity corresponds to a short run responsendJsE results and sample means of
kilometres, price per kilometre and income, yiedselasticity of -0.22, which is fairly in
line with the literature (see e.g., Graham and<$&aj 2002, Goodwin et al., 2004).

Table 5 lists elasticities of demand by income grddemand elasticities clearly
vary across quintiles. In absolute value, elastidéclines with income, which is a pretty
intuitive result. A similar outcome is found in Bicand Crawford (1997) and Santos and
Catchesides (2005) for the UK, and in West (2004)tfie U.S* Table 5 also presents
elasticities of demand by income group and geogcaplocation. Whatever the income
group, peri-urban or rural households respondttegsice change than urban households.
This is mainly due to the reduced availability ti€mative transport modes in peri-urban
and rural areas. This aligns with the results @vB&nd Crawford (1997) and Santos and

Catchesides (2005) for the UK.

Table 5: Kilometres demand elasticities by quintil&

Quintiles All motorized Urban motorized Peri-urban or
households households rural motorized
households

1 -0.28 -0.30 -0.25

2 -0.25 -0.29 -0.22

3 -0.23 -0.25 -0.20

4 -0.21 -0.22 -0.19

5 -0.18 -0.19 -0.17

@ Demand elasticities are calculated at the meame per kilometre, kilometres, and income, by qlenti
using FE results.

% Though, in West (2004), the richest householdsilgl® plus decile 10) are slightly more elastiarttihe
preceding income group (decile 7 plus decile 8).
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5.3. Results of the simulations

5.3.1.Impact of a carbon tax in France (without considerithe benefits from
congestion reduction)

With the estimates of the car use model and tha dlathouseholds’ mobility and price
per kilometre, we can now simulate the impact afows scenarios of carbon taxes on
households’ welfare. Table 6 presents the resoitthe reference scenario: an additional
carbon tax of 7.1 cents per litre of gasoline antl &nts per litre of diesel without
recycling of the tax revenues. Losses clearly imgeewith income: from €71 per annum
for lower income motorized households to €88 fa wealthiest motorized households
(+23%). This is not surprising because richer hbakks own more cars, drive more and
are less price-sensitive. The result is even seoifgone considers all households, rather
than vehicle-owning households alone. The richeatseholds (quintile 5) lose 43%
more than the poorest (quintile 1). This is so beeathe percentage of non-motorized
households decreases with income: 25% in quirtiles2, just 12% in quintile 5.

As expected, households living in peri-urban oakrareas lose more. This result
holds even after controlling for income. The difilece is striking for the poorest
households. Households of quintile 1 that live éniqurban or rural areas lose 90% more
than other households of quintile 1 (€72 versu9.€38

When considering surplus variations in percentdgecmme, Table 6 reveals that
low-incomes lose more than richer households, nnggthiat the tax is regressive.

Table 7 presents the results of simulations foeavler taxation of carbon: 12.4
cents per litre of gasoline and 14.0 cents pee laf diesel. Such heavier taxation
mechanically increases the magnitude of lossesbutheir distribution across income

groups or geographical locations.
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We now consider scenarios where the additionalmes® from the carbon tax are
returned in equal amounts to every househdldt{“recycling); according to the number
of equivalised persons in the householsizZg-based” recycling or according to each
household’s share of aggregate incofimecome-based” recycliny Table 6 and Table 7
exhibit dramatically different results than in sagns without recycling.

First consider the reference scenario. When thelevbopulation is considered,
the poorest households (quintiles 1 and 2) argaigiers undetflat” and“size-based”
recycling This is because the proportion of non-motorizediseholds — those that
benefit from the revenue distribution without ingng any cost — decreases with income.
Then the two recycling scenarios are globally pesgive. Interestingly, the progressivity
increases with the level of carbon taxation. Tablehich presents the results for the
“High taxation” scenario, exhibits greater variatio welfare impacts.

The “size-based” recyclingcenario is the most progressive option: low-ineem
gain more and high-incomes lose more. The reasémaishouseholds of quintile 1 are
bigger on average (1.77 equivalised persons ver&@sfor the whole population). If we
focus on motorized households, the carbon taxilispsbgressive in thé'size-based”
recyclingscenario but not in tHé#lat” recycling scenario.

In contrast,“income-based” recyclingis strongly regressive: rich households
(quintiles 4 and 5) stand to gain while other htnadds are net losers.

Table 6 shows that on average households livingrivan areas are net gainers
under whichever recycling method while those livingperi-urban or rural zones are net
losers. In other words, carbon taxation with reieycimplies transferring welfare from

peri-urban or rural areas to urban zones. This @memon increases with the level of
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taxation (Table 7). However, within the whole paiidn of peri-urban and rural
households, carbon taxation with recycling remarsgressive under “flat” and “size-

based” recycling.
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Table 6: Simulation results of the reference scena®

Quintile | Change in consumer surplius  Change in consumer Change in consumer surplus (€ per annum) Changenisumer surplus/Income
(€ per annum) surplus/Income (%) (%)
Vehicle All Vehicle All Vehicle owners only| All households Vehicle ownengyo All households
owners only|households| owners only) households Urban Peri. or | Urban Peri. or | Urban Peri. or | Urban Peri. or
rural rural rural rural
No recycling
1 -71 -53 -0.61% -0.50% -60 -84 -38 -72 -0.52% -0.72% -0.36% -0.68%
2 -71 -53 -0.39% -0.32% -66 -78 -44 -68 -0.36% -0.43% -0.26% -0.41%
3 -79 -68 -0.31% -0.28% -68 -93 -55 -89 -0.27% -0.37% -0.22% -0.36%
4 -84 =77 -0.26% -0.24% -74 -101 -66 -98 -0.23% -0.31% -0.21% -0.31%
5 -88 -75 -0.18% -0.16% -79 -114 -65 -111 | -0.16% -0.24% -0.14% -0.24%
All -79 -65 -0.29% -0.26% -71 -92 -54 -84 -0.26% -0.34% -0.21% -0.33%
“Flat” recycling
1 -8 11 -0.07% 0.10% 4 -20 26 -8 0.03% -0.17% 0.25% -0.08%
2 -8 11 -0.04% 0.07% -2 -15 20 -4 -0.01% -0.08% 0.12% -0.02%
3 -15 -5 -0.06% -0.02% -4 -30 9 -25 -0.02% -0.12% 0.04% -0.10%
4 -20 -13 -0.06% -0.04% -11 -38 -2 -34 -0.03% -0.12% -0.01% -0.11%
5 -24 -12 -0.05% -0.03% -16 -50 -1 -47 -0.03% -0.10% 0.00% -0.10%
All -15 -1 -0.05% 0.00% -7 -28 10 -20 -0.03% -0.10% 0.04% -0.08%
“Size-based” recycling
1 5 19 0.04% 0.18% 14 -5 29 4 0.12% -0.04% 0.27% 0.04%
2 -5 8 -0.03% 0.05% -2 -11 14 -3 -0.01% -0.06% 0.08% -0.02%
3 -11 -4 -0.04% -0.02% -2 -24 8 21 -0.01% -0.09% 0.03% -0.09%
4 -20 -14 -0.06% -0.04% -12 -34 -5 -31 -0.04% -0.11% -0.02% -0.10%
5 -27 -16 -0.06% -0.03% -19 -52 -7 -49 -0.04% -0.11% -0.01% -0.10%
All -12 -1 -0.04% 0.00% -6 -22 7 -16 -0.02% -0.08% 0.03% -0.06%
“Income-based” recycling
1 -40 -24 -0.34% -0.23% -42 -39 -20 -30 -0.36% -0.34% -0.19% -0.28%
2 -23 -9 -0.13% -0.05% -24 -22 -5 -15 -0.13% -0.12% -0.03% -0.09%
3 -11 -3 -0.04% -0.01% -12 -10 0 -8 -0.05% -0.04% 0.00% -0.03%
4 2 7 0.01% 0.02% 0 5 7 7 0.00% 0.02% 0.02% 0.02%
5 17 27 0.04% 0.06% 19 12 31 14 0.04% 0.03% 0.07% 0.03%
All -11 -1 -0.04% 0.00% -9 -14 4 -10 -0.03% -0.05% 0.02% -0.04%

4The tax is set to €0.071 per litre of gasoline @ad81 per litre of diesel (2006€), and is imposedop of existing taxes.
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Table 7: Simulation results of the “High” tax scenaio?

Quintile Change in consumer Change in consumer | Change in consumer surplus (€ per ann{im) Changenisumer surplus/Income (%)
surplus (€ per annum) surplus/Income (%)
Vehicle All Vehicle All Vehicle owners All households Vehicle owners only All households
owners | households| owners only| households only
only Urban Peri. Urban Peri. Urban Peri. or Urban Peri. or
or or rural rural
rural rural
No recycling
1 -123 91 -1.16% -0.78% -103 -145 -66 -125|  -0.89% -1.25% -0.62% -1.18%
2 -124 -92 -0.75% -0.51% -114 -136 -76 -117)  -0.63% -0.75% -0.46% -0.70%
3 -136 -118 -0.56% -0.47% -118 -162 -95 -1541  -0.47% -0.64% -0.39% -0.63%
4 -146 -133 -0.46% -0.41% -129 -176 -114 -169|  -0.40% -0.55% -0.36% -0.54%
5 -153 -131 -0.33% -0.27% -138 -197 -113 -192)  -0.29% -0.41% -0.24% -0.41%
All -137 -112 -0.54% -0.41% -122 -160 -93 -146|  -0.45% -0.59% -0.37% -0.57%
"Flat" recycling
1 -14 19 -0.12% 0.18% 7 -35 44 -15 0.06% -0.30% 0.42% -0.14%
2 -14 18 -0.08% 0.11% -5 -26 34 -7 -0.03% -0.14% 0.20% -0.04%
3 -27 -9 -0.11% -0.04% -8 -52 15 -45 -0.03% -0.21% 0.06% -0.18%
4 -36 -23 -0.11% -0.07% -19 -66 -4 -60 -0.06% -0.20% -0.01% -0.19%
3] -43 -21 -0.09% -0.04% -28 -87 -3 -82 -0.06% -0.18% -0.01% -0.18%
All -27 -2 -0.10% -0.01% -12 -50 17 -36 -0.04% -0.18% 0.07% -0.14%
"Size-based" recycling
1 9 32 0.08% 0.30% 24 -9 50 7 0.21% -0.08% 0.47% 0.079
2 -10 13 -0.05% 0.08% -3 -19 24 -7 -0.02% -0.10% 0.14% -0.04%
3 -20 -7 -0.08% -0.03% -4 -43 13 -37 -0.02% -0.17% 0.05% -0.15%
4 -35 -24 -0.11% -0.08% -21 -60 -9 -55 -0.07% -0.19% -0.03% -0.17%
5 -48 -29 -0.10% -0.06% -34 -90 -13 -86 -0.07% -0.19% -0.03% -0.18%
All 21 -2 -0.08% -0.01% -11 -40 12 -29 -0.04% -0.15% 0.05% -0.11%
“Income-based” recycling
1 -70 -42 -0.60% -0.40% -74 -67 -34 -53 -0.64% -0.58% -0.32% -0.50%
2 -40 -15 -0.22% -0.09% -41 -38 -9 -26 -0.23% -0.21% -0.05% -0.16%
3 -20 -6 -0.08% -0.02% -22 -19 -1 -14 -0.09% -0.07% 0.00% -0.06%
4 2 12 0.01% 0.04% -1 7 12 11 0.00% 0.02% 0.04% 0.039
5 29 45 0.06% 0.10% 32 20 52 24 0.07% 0.04% 0.11% 0.059
All -19 -2 -0.07% -0.01% -15 -24 6 -17 -0.05% -0.09% 0.02% -0.07%

4The tax is set to €0.124 per litre of gasoline @0d 40 per litre of diesel (2006€), and is imposedop of existing taxes.
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5.3.2. Distributive impact of a carbon tax in tharB Region considering the benefits

from congestion reduction

Table 8 first gives the distribution of impacts geated by carbon pricing for the
residents of the Paris Region only, without conside the benefits from congestion
reduction. As expected the average welfare lossced by the carbon tax is smaller in the
Paris Region. Motorised households lose €69 onageeversus €79 for the whole country.
This is so because households living closer tosRand to drive fewer kilometres and to be
more price sensitive — thanks to a better accesgutdic transport. If non-motorised
households are also considered, the average I&#bigor those living in the Paris Region
versus €65 for the whole country. Such differerefeects the fact that Paris Region residents
are less dependent on cars. However, even if thymitoae of losses differs between the Paris

Region and France, the distribution of lossesrisi@ily the same.

Table 8: Simulation results of the reference scena® for the Paris Region population only

Quintile Change in consumer Change in consumer
surplus (€ per annum) surplus/Income (%)
Vehicle All Vehicle All
owners only| households| owners only| households
1 -66 -37 -0.42% -0.23%
2 -57 -36 -0.24% -0.15%
3 -70 -42 -0.24% -0.14%
4 -72 -55 -0.19% -0.15%
5 -76 -54 -0.12% -0.09%
All -69 -46 -0.23% -0.15%

#The tax is set to €0.071 per litre of gasoline 80d81 per litre of diesel (2006€), and is imposadtop of
existing taxes.

Consider now the benefits induced by the reductdncongestion. According to our
simulations, the introduction of a carbon tax afents per litre of gasoline and 8 cents per
litre of diesel leads to a 1.7% reduction of tdtalfic in the Paris Regioff. This leads, in
turn, to an average reduction in travel time ofA.&able 9 presents the benefits, in monetary
terms, induced by the reductions in travel time.

Depending on the values of travel time considetied,carbon tax leads to average

benefits of €7 to €12 a year for motorised hous#ohnd €6 to €11 if all households are

%" This traffic reduction implies a reduction in €€missions of some 77,000 tons a year. It repredess than
0.2% of total greenhouse gases emissions in thimReg
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considered. Compared to the average costs indugethe tax, i.e., €69 for motorised

households and €46 for the whole population (sel@leT8), the benefits induced by the
congestion reduction are not negligible. They regné from 10% to 24% of average costs,
depending on assumptions about VOT and the populatinsidered.

As regards equity, Table 9 shows that the beneli#arly increase with income. This
result is quite intuitive. Richer households, whirive more and have higher values of travel
time, benefit more from the speed increases. Hokyaf/éhe benefits are expressed as a
percentage of income, the poorest households gaire.nThen taking into account the
benefits from congestion reduction mitigates thgressivity of the fuel tax before revenue
recycling.

This result is robust to the set of VOT considetadparticular, it holds using Bureau
and Glachant’s (2008) values where the VOT of itleest households is more than twice the
VOT of the poorest. Our findings support Parry les §2007) suggestion that low-income
groups may benefit more (relative to their incornein the mitigation of congestion.

Also, it is worth noting that this result followse&ce’s (2003) conclusion for
environmental externalities: “overall, while theidence is limited, the general thrust of the
literature is that, for individual goods, the ino@ralasticity of [the willingness to pay for
environmental improvements] is less than unity. Tément empirical work tends to support
[the] suggestion that the impression that enviramadequality is an ‘elitist’ good is not
justified. The implication for policy is that engmmental policy is probably biased towards

benefiting the poor rather than the rich.”
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Table 9: Welfare impacts induced by the reductiongn travel time

Quintile “Low VOT” “High VOT”
Change in consumer Change in consumer Change in consumer Change in consumer
surplus (€ per annum) surplus/Income (%o) surplus (€ per annum) surplus/Income (%o)
Vehicle All Vehicle All Vehicle All Vehicle All
owners households| owners households| owners households| owners households
only only only only
1 4 3 0.29%0 0.27%0 11 9 0.74%o 0.67%0
2 5 5 0.23%0 0.21%0 11 10 0.49%0 0.45%0
3 6 5 0.20%0 0.19%0 11 10 0.38%0 0.37%0
4 8 8 0.22%0 0.21%e0 13 13 0.35%0 0.33%0
5 9 9 0.15%0 0.14%0 13 12 0.21%0 0.20%0
All 7 6 0.21%o 0.20%o 12 11 0.40%o 0.39%o

Notes Gains are induced by reductions in travel timdofeing a 1.7% reduction in traffic due to the
introduction of a carbon tax of €0.071 per litregaiSoline and €0.081 per litre of diesel (2006€pased on top
of existing taxes.

6. Conclusion

This paper analyses the distributional effects leéraative scenarios of carbon taxes on
private vehicle fuels in France. The methodologydsed on a car use model that is estimated
using disaggregated panel data from 2003 to 2006.

We have simulated the impact of a carbon tax orfuegs of €31 per tonne of GO
which is the official figure to be considered iraRce when making environmental evaluation
of public policies. It was set to achieve the Ewap objective of a 14% reduction in
greenhouse gases emissions by 2020, compared 3d&@s. It corresponds to an additional
tax of around 7 euro-cents per litre of gasoling &ments per litre of diesel.

According to our calculations, this tax induces auerage annual loss of €79 per
motorised household, €65 if all households areidensd. This loss increases with income. It
costs €71 per year for motorised households ofitsieincome quintile against €88 for those
of the fifth quintile. This result is driven by #& main factors: the wealthiest households own

more cars, drive more, and are less price-sensitive
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Conclusions are reversed if losses are expresspportion to income. The poorest
households lose 6.3%. of their income, as comparell3%. for the wealthiest. The carbon
tax is then regressive.

The tax impact varies also with residential locatilnsurprisingly, peri-urban and
rural households lose more than urban ones, evenantrolling for income. The difference
is striking for the poorest households: househofdguintile 1 that live in peri-urban or rural
areas lose 90% more than other households of uin{€72 versus €38).

However, the distributional effects of tax paymergpresent only one side of the
problem. We also tried to measure the distributi@&fizct of the revenues generated by the
tax. We concentrated on revenue-neutral schemesewleenues are returned to households.
In our simulations, the amount redistributed is €6fbr every household in the case where
redistribution is uniform; on average in the caseexe redistribution is based on the number
of equivalised persons in the household, or inchee where the tax receipts are recycled in
proportion to income.

Recycling the carbon tax revenues either in egmbunts to each household or
according to household size makes poorest housebelder off. Their net gain is about €11
to €19 per year while the wealthiest households &ysund €12 to €16. Such recycled carbon
taxes are then progressive. Note that this phenoméncreases with the level of carbon
taxation. On the other hand, if revenues are redyah proportion to income, only rich
households stand to gain. This option is regres$tuethermore, under whichever recycling
method, urban households are net gainers whileyplean or rural households are net losers.

An important contribution of the paper is that vamsider the benefits induced by the
reduction of congestion due to the introductiontloé carbon tax. Accounting for those

benefits mitigates the regressivity of the fuel tefore revenue recycling. Prior studies do
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not take this effect into account, thus potentiallyerestimating the regressivity of fuel
taxation.

Some limitations in our approach deserve mentiarst,Falthough the model allows
households to respond to the additional taxatiomeaycing the number of kilometres they
drive, we do not consider potential responses mimgeof changes of fleet size and/or
composition. Second, we use a partial equilibriuoded. A full evaluation of the carbon tax
would ideally require a general equilibrium frametuoFinally, we rely on a basic traffic
model — a simple speed-flow relationship — to daleuthe time savings induced by the

carbon tax.
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Appendix A: More on the values of travel time usedn the simulations

This Appendix provides additional detail on the ued of travel time we use in the
simulations. As explained in the core of text, Buwreand Glachant (2008) and De Palma and
Fontan (2001) produce substantially different Ievier values of travel time. Three reasons
may partly explain such difference. First, Bureau &lachant use the 2001-2002 Global
Transport Survey while De Palma and Fontan usd@®8& Global Transport Survey. Second,
both papers produce values of travel time for cotensubut De Palma and Fontan focus on
the morning peak while Bureau and Glachant condigerwhole day. Finally, both papers
estimate mode choice models but specify the utiligctions differently. Bureau and
Glachant estimate a mode choice model that isinead in income while the results we take

from De Palma and Fontan do not include incomeceff&

%8 |n fact, De Palma and Fontan estimate several lmedeh various specifications (Logit, Probit, Mik& ogit
and a Logit with an income effect). But only thegiteand Probit are used to produce values of traned for
different income groups that we can reuse in aaufations (taking the average of the two).
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Appendix B: Regression results including Paris Regn specific effects

Variables FE
p*ONE*PARIS -50,875** (23167)
p*TWO*PARIS -78,738** (35582)
p*INCOME*ONE*PARIS 0.419 (0.267)
p*INCOME*TWO*PARIS 0.459 (0.535)
p*ONE*FR -38,364** (16546)
p*TWO*FR -77,647** (27416)
p*INCOME*ONE*FR 0.505** (0.204)
p*INCOME*TWO*FR 0.510 (0.429)
TWO 11700.8*** (3259.1)
DOWNMARKET -469.7 (1105.7)
MIDRANGE 270.2 (943.6)
UTILITY -1507.2 (1279.1)
DOWN_DOWN -603.0 (2955.3)
DOWN_MID 110.2 (2774.4)
DOWN_UP 2965.8 (2827.3)
MID_MID -214.6 (2854.0)
MID_UP 542.2 (3143.9)
UTILITY_2V 2118.2 (2825.0)
NEW 341.9* (182.4)
OLD_NEW 153.4 (398.8)
NEW_NEW 3034.9 (2190.1)
NB_ADULTS 997.1** (421.9)
Q2 -433.0* (257.3)
Q3 -487.3 (297.0)
Q4 -483.4 (349.7)
Q5 -774.7* (449.3)
SUBURB -341.3 (1063.2)
PERIURBAN 2609.6** (1069.0)
RURAL 5987 .4*** (1963.8)
ADD -2513.3%** (661.4)
SEP 1752.9** (738.0)
YEARO04 7.2 (122.8)
YEARO5 -171.9 (192.6)
YEARO06 -445 2%* (221.3)
PARIS 1607.5 (2197.5)
CONSTANT 12330.0%*** (1919.5)
Observations 7915
R2 0.36

Notes FE estimator is used. Dependent variable is KMRFS=1 if the household lives in the Paris Region,
otherwise. FR=1 if the household lives anywheré&liance except the Paris Region. Robust standapdsarr
parentheses. * indicate significance at the 10%lle¥ Idem, 5%. *** Idem, 1%.
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