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Abstract

The distributional impact of energy taxation depends on not just relative consumption but also
relative price changes. I illustrate this by estimating the pass-through of tax changes in Spain’s
retail automotive fuel market, using a new difference-in-differences method (de Chaisemartin and
D’Haultfoeuille, 2024a) that avoids key issues with two-way fixed effects models. I find that gas
stations passed through regional diesel tax increases from 2010-2013 at a rate of roughly 91 percent
overall, and at significantly higher rates in municipalities with higher median income. Across a
range of specifications, pass-through is 4-7 percentage points higher in the top quintile than in the
bottom, and at its lowest among stations in the smallest municipalities which lack income data.
Given the empirical relationship of fuel consumption and wealth in Spain, the sign and magnitude
of this pass-through/income correlation are consistent with a modest offsetting of overall regressive
consumer surplus impacts of the tax.
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Introduction

Taxation is a fundamental instrument of energy and environmental policy, used widely in trans-
portation, electricity, and other emissions-intensive markets. Economists tend to support such taxes
due to the gains in total social welfare from “pricing in” externalities. The distribution of welfare
impacts of taxation, however, is not guaranteed to be progressive. The usual first step in assessing
the fairness of energy taxation (or that of any other good) is to examine how household expenditure
on the taxed form(s) of energy, as a proportion of one’s total expenditure, varies across the wealth
(i.e., income, or better yet total expenditure; Poterba, 1991) distribution. Gross of any redistribution
of tax revenues, energy taxes are then judged as regressive when the poor devote a larger portion
of their total expenditure to the taxed energy relative to to the rich, and progressive when the poor
devote a smaller portion. Empirically, this relationship varies across countries and types of energy:
for instance, globally, electricity taxes appear uniformly regressive, while transportation fuel taxes
sometimes are progressive (Flues, F. and Thomas, A., 2015; Pizer and Sexton, 2020).

This method for judging fairness relies primarily on “relative quantities” – that is, how much
of the taxed good in question is consumed by the rich relative to the poor. Yet it is not just relative
quantities that dictate regressivity; it is also relative price impacts. The first-order approximation
of a tax’s effect on consumer surplus is a function of both consumption and price changes. That is,
pass-through of the tax – from its point of statutory incidence, to prices paid by households – has the
potential to be a significant determinant of who bears the burden of energy taxes. Distributional
welfare analyses of commodity taxation in general assume that pass-through of taxes is uniform across
households (Gruber and Koszegi, 2004; Bento et al., 2009; Horowitz et al., 2017). But recent research
has uncovered an abundance of heterogeneity in energy tax pass-through rates; in automotive fuel
markets, for example, such rates have been found to vary as a function of market power (Doyle Jr.
and Samphantharak, 2008; Genakos and Pagliero, 2022), vertical structure (Bajo-Buenestado and
Borrella-Mas, 2022), and supply elasticity (Marion and Muehlegger, 2011; Kilian and Zhou, 2024).
Only one existing study of energy tax pass-through focuses on its relationship with wealth (Harju
et al., 2022), and it finds higher pass-through rates of a Finnish auto fuel tax hike in zip codes with
lower average income.

This paper provides a second data point on the empirical relationship between energy tax pass-
through and income, by studying tax changes in Spain’s retail automotive fuel market. I collect daily
prices of auto diesel – the dominant auto fuel in Spain – at nearly 10,000 gas stations across the country
between 2007 and 2013, made available through an informational mandate unveiled in January 2007
by Spain’s Ministry of Energy. I combine these data with panel-varying regional fuel taxes and gas
station attributes, including municipality-level income data, and use a difference-in-differences (DD)
strategy to estimate pass-through nationally and in subgroups of interest.

From an estimation standpoint, the setting is similar to those of other fuel tax pass-through
studies (Alm et al., 2009; Marion and Muehlegger, 2011; Kilian and Zhou, 2024) and common in
observational economics studies generally (see, e.g., de Chaisemartin and D’Haultfoeuille, 2024a) –
the “treatment” is a series of (fourteen) staggered, area-specific tax changes of differing magnitudes.
A growing econometrics literature (de Chaisemartin and D’Haultfoeuille, 2020; Sun and Abraham,
2021; Callaway and Sant’Anna, 2021; Goodman-Bacon, 2021; Borusyak et al., 2024) has shown that the
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conventional identification strategy in this context among economists, two-way fixed effects (TWFE)
regression, is poorly suited to the task of treatment effect estimation when treatment effects vary
over time and across space. Among several new related methods for credible estimation of treatment
effects via “staggered difference-in-differences”, the method of de Chaisemartin and D’Haultfoeuille
(2024a) (henceforth, dCDH) is uniquely suited to my setting of non-binary treatments. I thus use
dCDH as my preferred method of pass-through estimation, while comparing its results to those of the
more traditional TWFE. I present event study results as well as point estimates of cumulative average
pass-through for different subsamples of gas stations, focusing primarily on income heterogeneity.

In the national event study, price differences between treatment and control group stations are flat
for the seven months prior to a tax change, providing support for the parallel trends assumption. In
the preferred dCDH specification, I find that national average pass-through of regional diesel tax
changes into prices at the pump is approximately 91.4 in the first year following a tax hike. The
pass-through rate reaches its rough peak quickly – in the first month – and remains there for at least
eighteen months (the maximum analysis window I employ). It is statistically significantly different
from fully 100 percent, or “one-for-one”, pass-through.

I then re-estimate event studies in subsamples defined by quintile of the municipality median
income distribution, as well as in the group of gas stations in municipalities with population below
the threshold (5,000) for inclusion in the income data. Prior price differences between treatment
and control groups again show no evidence of non-parallel trends. Across a range of specifications,
pass-through rates are at their lowest in the bottom income quintile and in the smallest towns lacking
income data, while being higher and generally similar across the top four quintiles. The difference in
average pass-through rate in the top quintile vs. the bottom is in the range of 4-7 percentage points;
in the preferred specification for inference, pass-through averages 87.6 percent in the bottom quintile
and 94.6 percent in the top, and the difference in rates is statistically significant at the five percent
level. The qualitative result of rising pass-through in income is robust to the choice of whether to
weight observations (in the preferred specification, I weight by station-year sales volume), as well as
the cross-sectional unit of observation (station, municipality, or region-by-income-quintile).

I use these results and other suggestive analyses to discuss three extensions: implications for
distributional welfare assessment; potential causal channels; and non-tax fuel cost pass-through. I
show that proportional fuel consumption (per dollar expenditure) drops in household expenditure
decile, making fuel taxes broadly regressive; progressive pass-through (i.e., rising in wealth) of the
magnitude I find here offsets a modest amount of that regressivity. I also show that station branding
patterns, which are themselves strongly predictive of pass-through rates, do not explain away the
income/pass-through relationship, nor do other observable station and local attributes in a two way
fixed effects setup. Lastly, I show that the income/pass-through relationship is much weaker when
it comes to crude oil prices, which is consistent with a literature that finds more muted consumer
response to auto fuel tax changes than upstream fuel cost changes (Davis and Kilian, 2014; Li et al.,
2014).

This research contributes to a long economics literature related to pass-through (see, e.g., Jenkin,
1872; Weyl and Fabinger, 2013) that spans traditional sub-fields such as public finance (Poterba,
1996), industrial organization (Bonnet et al., 2013), and international economics (Cavallo et al., 2021).
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Most specifically, my findings relate to the literature concerned with estimating the pass-through of
energy taxes (Marion and Muehlegger, 2011; Fabra and Reguant, 2014), subsidies (Lade and Bushnell,
2022; Muehlegger and Rapson, 2022), and input costs (Borenstein et al., 1997; Ganapati et al., 2020;
Muehlegger and Sweeney, 2022). In empirically documenting variation in fuel tax pass-through with
income, I am highlighting a largely-ignored dimension of potential heterogeneity that has implications
for the fairness of policy. In applying the de Chaisemartin and D’Haultfoeuille (2024a) method of DD
estimation, I provide an early example of new techniques for improved panel estimation of treatment
effects (alongside, e.g., Rico-Straffon et al., 2023) that are well-suited to pass-through estimation.

My findings also relate to the literature devoted to distributional welfare impacts of policy. Studies
which focus on how progressive or regressive a cost change is tend not to allow for heterogeneous
markup adjustment by firms, instead choosing a single pass-through rate to apply throughout the
analysis. This practice is prevalent in the energy tax literature (Metcalf, 1999; West, 2004; Bento et al.,
2009; Mathur and Morris, 2012) but is also employed in studies of the U.S. sales tax (Caspersen and
Metcalf, 1994) and cigarette taxes (Gruber and Koszegi, 2004). My results suggest that assessment
of pass-through heterogeneity across the wealth spectrum may be a worthwhile exercise before
proceeding with a “uniform pass-through” assumption in welfare analysis.

The rest of this paper is organized as follows: Section 1 reviews pass-through theory to illustrate
how it is possible for pass-through to vary with income; Section 2 describes the empirical context,
Spain’s retail auto fuel market, and all data used; Section 3 explains the estimation methods used;
Section 4 presents the main results; Section 5 interprets the results with regard to underlying
mechanisms, distributional welfare, and existing related findings; Section 6 concludes.

1 Pass-through and welfare

Pass-through is “the diffusion throughout the community of economic changes which primarily affect
some particular branch of production or consumption” (Marshall, 1890). Those changes can be costs,
such as input costs or taxes, physically imposed on one part of a supply chain and passed through to
others; and they can similarly be benefits, such as government subsidies for specific retail investments.
Pass-through has broad value across economics because it is both an outcome of interest in its own
right and a sort of “sufficient statistic” (Chetty, 2009) for answering questions about market structure
and policy impacts (Jaffe and Weyl, 2013; Atkin and Donaldson, 2015; Pless and van Benthem, 2019).

In perfect competition, pass-through is entirely a function of elasticities of supply and demand.
Equation 1 provides the mathematical definition:

dpc

dc
=

ϵS
ϵS − ϵD

=
1

1 − ϵD
ϵS

(1)

Pass-through of cost c to retail price pc rises in the supply elasticity (ϵS) and falls in the absolute
demand elasticity (ϵD). In the polar cases of either perfectly elastic supply (ϵS → +∞) or perfectly
inelastic demand (ϵD → 0), pass-through rates are identically 100%.

In imperfect competition, pass-through varies with not just the first derivative (elasticity) but also
the second (convexity). Consider the formula for pass-through in monopoly with constant marginal
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costs c:

dpm

dc
=

∂p(qm)
∂qm

2 ∂p(qm)
∂qm

+ qm
∂2 p(qm)

∂q2
m

(2)

Equation 2 shows that monopoly pass-through can, in principle, be higher or lower than perfectly
competitive pass-through – it depends on the demand convexity parameter ∂2 p(qm)

∂q2
m

(Seade 1985).1

Under perfect competition, constant marginal cost (i.e., perfectly elastic supply) guarantees fully 100
percent pass-through. Under monopoly with linear demand, ∂2 p(qm)

∂q2
m

= 0 and pass-through simplifies

to a constant 50 percent. If, however, ∂2 p(qm)

∂q2
m

> 0, then market power increases pass-through relative

to that of perfect competition. If ∂2 p(qm)

∂q2
m

is positive and sufficiently large, then pass-through can
exceed 100 percent.

While the relationship between pass-through and market power has received much attention,
the relationship between pass-through and wealth has not. Demand elasticities are a fundamental
determinant of pass-through, and it is plausible that they themselves vary with wealth. In retail
auto fuel markets, for instance, it could be that demand is more inelastic in poorer areas because
the poor have more fundamental, non-discretionary uses of auto fuel; or it could be that the wealthy
have more inelastic demand because of a wealth-induced price insensitivity. Empirically, retail auto
fuel (absolute) demand elasticities have been found to both fall with income (Hughes et al., 2008;
Kayser, 2000) and rise with income (Kilian and Zhou, 2024; Houde, 2012). My main findings are
consistent with the latter. Ultimately, pass-through may vary with wealth not only through variable
demand elasticities but also through correlations of wealth with other determinants of pass-through,
such as supply elasticities (Marion and Muehlegger, 2011), market structure (Bajo-Buenestado and
Borrella-Mas, 2022), or tax salience (Kroft et al., 2024).

A positive cost shock – such as a tax or input cost increase – elicits a direct change in consumer
surplus through two channels: (a) the additional cost of consumption maintained in the face of
rising prices; and (b) the utility lost from reduced consumption. Pass-through physically measures
the former (per unit consumption), which is the first-order approximation to the consumer surplus
impact of a marginal tax change. Total individual welfare is also determined at least by (a) ownership
of supply-side capital; (b) externalities; (c) other goods’ prices and quantities that are affected in
general equilibrium; and (d) the use of government revenues obtained through taxation. In this paper,
however, I focus only on the utility derived directly from the purchase and consumption of energy.
Sterner (2012) provides a fuller discussion of the various channels through which a tax affects welfare
in the context of fuel markets.

1Ritz (2024) shows that cost convexity can also produce a positive relationship between market power and pass-through, all
else equal.
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2 Empirical setting and data

The Spanish retail automotive fuel market is oligopolistic, with vertically connected firms.2 Three
companies (Repsol, Cepsa, and BP) own – in my sample window of 2007-2013 and currently – the
nine oil refineries producing automotive fuel in Spain,3. In my sample window, these companies
owned a significant (29.5 percent) share of Compañía Logística de Hidrocarburos (“Hydrocarbon
Logistics Company”), the regulated monopoly responsible for distribution of oil products in Spain
(Comisión Nacional de la Competencia, 2012). Most importantly for the present study, Spain’s refiners
are very active in the retail market. In my main analysis sample, 67 percent of retail gas stations offer
gasoline bearing the brand of a refiner, and 30 percent of stations are fully vertically integrated with
a refiner. These companies have faced significant scrutiny from government and popular media alike,
on the grounds of alleged collusion and some of the highest estimated retail margins nationally in all
of Europe (see, for example, Noceda and Jimenez, 2015).

2.1 Price and other station attributes

One result of such scrutiny has been closer monitoring of pricing by gas stations. A government
mandate which went into effect in January 2007 requires all stations across the country (more than
12,000 today; Comisión Nacional de los Mercados y la Competencia, 2024) to send in their fuel prices
to the Ministry of Energy whenever they change, and weekly regardless of any changes. These prices
are then posted by the Ministry to a web page - called the Geoportal - designed for consumer use.4 I
obtain daily price data for retail diesel at 9,884 Spanish gas stations from January 2007 to June 2013
(diesel has an 80% share of all retail automotive fuel sales in Spain during this time period, according
to data from the Spanish entity strategic petroleum reserve [CORES]). The price data come with
cross-sectional attributes: location, brand, wholesale contract type, and amenities.5 Figure 1 maps all
Spanish gas stations, excepting those in the Canary Islands and the (African contintental) territories
of Ceuta and Melilla, which are each omitted from the main analysis sample because they are exempt
from the fuel tax that I study here.

I add two further types of data to the station-level dataset recorded in Spain’s Geoportal. First, I
obtain station-year sales volumes from 2008 to 2014, also from the Ministry of Energy. Station-level
sales volumes are useful because I am primarily interested in estimating population-average pass-
through rates, not just unweighted averages across stations. The merge of price and quantity data is
imperfect, however, resulting in 89 percent of stations in the price data being successfully matched to
annual sales at least once.6

2For background on the evolution of Spain’s oil markets, see Contín-Pilart et al. (2009); Perdiguero and Borrell (2007).
3Spain both imports and exports refined petroleum products. In 2011, net imports accounted for 15 percent of refined diesel,

but imports have been deemed ineffective at exerting competitive pressure on the refining companies (Comisión Nacional de
la Competencia, 2012).

4<https://geoportalgasolineras.es/geoportal-instalaciones/Inicio>; there is now a phone application as well. Appendix
Figure A1 is a screenshot of the Geoportal from 2015.

5Station-specific changes in brand and contract type over time are thus unobservable. Spain’s Comisión Nacional de la
Competencia (2012) reports that “the relative positions of the three majors (Repsol, Cepsa, and BP) by number of service
stations has remained more or less stable over time.” Sales of retail stations over time have overwhelmingly been exchanges
among wholesale operators without refining capacity in Spain, and my parameterization of station brand (into three groupings)
in analysis is unaffected by such sales.

6Five percent of stations in the sales dataset (representing three percent of total recorded sales) cannot be matched to the
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Figure 1: Map of Spanish gas stations, 2007-2013

Notes: Data are from Spain’s Ministry of Energy. The Canary Islands and Ceuta and Melilla territories
are omitted from the map (and main analysis sample).

Second, I calculate two station-specific proxies for market power. One of these is a count of
open stations within a 10-minute distance radius, weighted by 1

1+d , where d is the travel distance (in
minutes) between a pair of stations. This count captures degree of spatial isolation from competitors.7

The second is the proportion of stations within a 10-minute radius that share one’s brand; this
measure captures the degree of own-brand concentration in local markets. Both of these competition
proxies vary cross-sectionally and over time due to entry and exit of stations.

2.2 Taxes

Fuel taxes are large as a proportion of total price in Spain. The unweighted average final retail diesel
price in my sample is 1.15 Euros/liter; on average, taxes are 47 percent of final price. There are three
taxes applicable to retail diesel in Spain during the sample time period: a national sales tax that
rises twice, going from 16 to 18 and then 21 percent; a national excise tax (“Impuesto Especial de
Hidrocarburos”, or IEH) that changes once, from 27.8 to 30.7 Eurocents per liter (c/l); and a smaller
excise tax (“Impuesto sobre las Ventas Minoristas de Determinados Hidrocarburos”, or IVMDH) with

price dataset.
7A station’s relevant competitors are defined in part by typical travel patterns, including commuting (Houde, 2012). Lacking

commuting data for the whole of Spain, I use the simpler, commonly used travel time based measure of competition (e.g.,
Doyle Jr. and Samphantharak, 2008; Miller et al., 2017). Genakos and Pagliero (2022) show, using fuel tax and price data
from Greek Islands, that distance-restrictions on local retail fuel market definitions can lead to overestimation of pass-through
when the number of nearby stations is small. In my context, however, the logic ends up working the other way, because I find
pass-through rising in market power, rather than falling as in Genakos and Pagliero (2022).
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both a national component (2.4 c/l) and an optional regional component (Agencia Tributaria, 2024).8

I rely on the regional component of this last tax for pass-through identification, because it is the only
source of panel variation in tax levels. It is colloquially known as the “céntimo sanitario” (“ health
cent”), because of its modest size – 0 to 4.8 c/l – and the fact that its revenues were earmarked for
public health expenditures (Court of Justice of the European Union, 2014).9

At the first sub-national level of government, Spain has 17 autonomous communities; these are
the “regions” to which I refer throughout the paper. Between 2008 and mid 2013, there are 14
discrete regional tax changes in 11 unique regions (three regions change their level twice), all of them
increases.10 Figure 2 documents the timeline of these tax changes, with average retail and crude oil
price trends (Brent benchmark) provided in the background for context. The first tax hike occurs in
early 2010, and each month thereafter has 0-4 additional, region-specific tax hikes. The increases are
modest; the average size of the 14 tax changes is 2.97 c/L, which is about 2.6 percent of after-tax retail
prices.

Figure 2: Regional tax changes and prices over time
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8The sales tax is applied on top of the excise taxes. In all analyses, I remove the effect of the sales tax from the final retail
price and use this “pre sales tax” price as the outcome of interest.

9In 2013, the IVMDH was integrated into the IEH to comply with European Union Law. In 2014, the European Court of
Justice ruled that, from 2002 through 2011, the tax was unconstitutional and its revenues must be returned (Court of Justice of
the European Union, 2014).

10The regional tax changes apply identically to diesel and gasoline, the main alternative auto fuel to diesel.
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2.3 Income and population

I combine the station (price) and tax datasets with income data from Spain’s Foundation for Ap-
plied Economic Studies (FEDEA). I collect per capita income and median income per declarant by
municipality-year, from 2008-2013, for all municipalities with population greater than 5,000.11 I
generate municipality means (across years) of the two income variables and assign them to quintiles.
I prefer the median income measure in my context because it is representative of more households (in
a given municipality) experience than the per capita measure (which is influenced by a long right-tail
in incomes). I use the latter measure to define quintiles in an Appendix analysis.

Importantly, I retain the large subset of stations in municipalities too small to be included in
the income data as a data point in the assessment of pass-through heterogeneity. This subset is, by
population, more rural than the five groups based on income quintile. While incomes in this subset
are not measured, inspecting the relationship between income and population near the threshold of
5,000 is suggestive. Figure 3 allows for this inspection; I plot a binscatter of municipality median
income and population (which is available for towns with more than 1,000 residents from Spain’s
National Statistical Institute). There is a clear positive relationship, with the appearance of concavity
near the threshold, such that income is dropping fast in population nearest the region of interest
(<5,000 population). It is certainly possible for the trend to break, but this figure suggests it is unlikely
that the “no income” subgroup has incomes higher than the bottom income quintile.

2.4 Main analysis sample

We start with 9,984 unique stations observed in the raw Geoportal data. We drop stations in the
Canary Islands region and two small territories (Ceuta and Melilla), because these places were not
subject to any part of the IVMDH (national or regional).12 This yields 9,187 stations across 16 regions.
My preferred analysis weights station-level prices by station sales in order to estimate population
average effects – which restricts the sample to 8,211 stations and an analysis window of 2008-2013.13

I carry out the main analyses without weights as well, which gives estimates of average pass-through
across stations weighted equally regardless of how much they sell.

Table 1 presents summary statistics for the main analysis variables nationally as well as in six
income-based groups separately – the five quintiles of municipality median income, and the group
of stations without income data. The national average retail price (excluding sales tax, weighted
by station sales volume) is 100.23 c/l, and all subgroups have an average price within 0.65 cents
of that. 67 percent of stations nationally are “refiner-branded”, which is to say, have a contract
for branded fuel from a Spanish oil refiner. 13 percent have a contract for branded fuel with a
wholesale operator (“wholesaler-branded”). And 20 percent do not have contracts for branded fuel
(“independent-branded”). Firm contracts are also distinguished by their degree of vertical integration;
30 percent of stations nationally are both owned and operated by a refiner or wholesaler (often
referred to as “company-owned, company-operated”).

11The FEDEA dataset does not include data from the País Vasco and Navarra regions, because they are not a part of Spain’s
Common Fiscal Regime Territory. I omit these regions from analysis involving income data.

12My findings are robust to the inclusion of these places, with a tax level of zero, in the analysis sample. These results are
available upon request.

13Appendix Figure A2 shows how the station income distribution differs between the full sample and the sample without.
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Figure 3: Population and median income across municipalities
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Higher quintile stations tend to have more nearby rivals, more vertically integrated contracts, and
(much) larger municipal populations. The group of stations missing income data, whose incomes
are likely quite low on the spectrum, has more independent-branded stations, fewer refiner-branded
ones, and a higher concentration of its own brand locally than any of the quintile-specific groups. Of
course, I am able to control for cross-sectional differences across stations in a difference-in-differences
(DD) analysis; it is time trends in the treatment group as compared to the control, pre-dating the
tax-change treatments, that are the main challenge to DD identification.

3 Methods

3.1 Difference in differences with staggered treatment

Difference-in-differences – comparing “treated” units to untreated ones, before versus after the
treatment is applied – is a common method of causal estimation across the social sciences (e.g., Roth
et al., 2023; Wing et al., 2024). In the frequent case that the treatment of interest is staggered in time
across many units being studied, two way fixed effects (TWFE) regression is a common strategy
for specifying the DD comparison. The TWFE model is as follows in my context, which involves a
non-binary treatment:
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Table 1: Summary statistics

All No Inc Q1 Q2 Q3 Q4 Q5

Retail diesel price (c/L) 100.23 99.58 100.07 100.21 100.36 100.49 100.81
(3.00) (3.15) (2.85) (2.80) (2.86) (3.00) (2.85)

Community-level retail tax (c/L) 1.76 1.36 1.75 1.87 1.80 1.90 2.08
(0.96) (1.16) (0.58) (0.66) (0.83) (0.80) (0.87)

Refiner-branded (0/1) 0.67 0.63 0.71 0.70 0.67 0.69 0.70
(0.47) (0.48) (0.45) (0.46) (0.47) (0.46) (0.46)

Wholesaler-branded (0/1) 0.13 0.13 0.11 0.11 0.11 0.12 0.15
(0.33) (0.34) (0.31) (0.31) (0.32) (0.33) (0.35)

Independent-branded (0/1) 0.20 0.24 0.18 0.19 0.22 0.19 0.16
(0.40) (0.43) (0.38) (0.40) (0.41) (0.40) (0.37)

# rivals, distance-weighted 1.52 1.01 0.71 1.05 1.40 1.92 2.28
(1.35) (1.07) (0.75) (1.00) (1.23) (1.33) (1.49)

Proportion of rivals sharing one’s brand 0.27 0.33 0.25 0.26 0.24 0.25 0.24
(0.30) (0.37) (0.34) (0.29) (0.29) (0.25) (0.22)

Vertically integrated (0/1) 0.30 0.31 0.16 0.21 0.25 0.31 0.38
(0.46) (0.46) (0.37) (0.41) (0.44) (0.46) (0.48)

Vertically independent (0/1) 0.19 0.23 0.19 0.19 0.21 0.18 0.15
(0.39) (0.42) (0.39) (0.39) (0.40) (0.38) (0.36)

Commission contract (0/1) 0.29 0.28 0.40 0.36 0.28 0.29 0.24
(0.45) (0.45) (0.49) (0.48) (0.45) (0.45) (0.43)

Firm contract (0/1) 0.19 0.15 0.22 0.21 0.23 0.18 0.20
(0.39) (0.36) (0.42) (0.41) (0.42) (0.38) (0.40)

Municipality population (1000s) 186.19 13.28 17.59 32.17 32.58 142.56 600.75
(579.75) (42.46) (17.90) (44.06) (30.70) (153.79) (1,053.78)

Muni. pop. density (1,000s per km2) 1.29 0.38 0.17 0.31 0.89 1.68 2.94
(2.55) (1.26) (0.23) (0.67) (1.73) (2.91) (3.44)

Muni. median income (Euros) 15167.71 . 9,385.23 11331.31 13224.41 15478.68 18719.41
(3,591.57) (.) (834.93) (535.24) (529.41) (636.58) (2,827.13)

Observations 8,211 2,755 615 942 850 1,395 1,654

Notes: Means and standard deviations (in parentheses) are calculated from station-level observations weighted by station sales
volume. “All” refers to all stations in the national sample. “No Inc” indicates stations in municipalities too small to have income
data reported. Q1 through Q5 denote (municipal) median income quintiles. All stations are either refiner branded, wholesaler
branded, or independent branded. # of rivals is weighted by inverse travel time in minutes between station pairs.

Pit = α + βTaxit + θt + ϕi + ϵit. (3)

Pit is the retail price of auto fuel and Taxit the region-specific tax level, both at station i in year-
month t. θi and ϕt are station and year-month fixed effects, and ϵit is a mean-zero error term. The
coefficient β is interpreted as the average pass-through rate over the full post-period after a tax
change. Analogously, one might estimate an event study model, where Taxit is replaced by a vector
of binary variables (Dj

it) equaling one if an observation is j months from a tax change in its region,
and relative-month specific coefficients β j are estimated instead of β:

Pit = α + Σb
j=aβjDj

it + θt + ϕi + ϵit. (4)
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Identification of average treatment effects via DD requires that two key assumptions hold; first,
that a group’s current outcome does not depend on its future treatments (“no anticipation”); and
second, that in the absence of treatment, outcomes among treated and untreated groups would have
evolved in parallel (“parallel trends”) (Roth et al., 2023).14 The credibility of these assumptions can be
examined visually with an event study plot showing pre-treatment data points. There is no uniformly
applied statistical criterion for validating the parallel trends assumption, but the individual statistical
significance of the pre-treatment coefficients is common. Roth (2022), however, shows how typical
statistical tests of the parallel trends assumption tend to be under-powered.

While non-parallel trends (in the treated group versus the control, predating treatment) are widely
considered the main threat to credible estimation of treatment effects in the DD setup, a new and
rapidly evolving literature has highlighted another significant threat to DD identification using TWFE:
heterogeneous treatment effects. Consider that, in the case of binary and staggered treatment, the
TWFE estimator is mathematically a weighted average of DD treatment effects across all pairs of units
with one unit switching treatment (and the other not), for every observed pre-versus-post time period
comparison (Goodman-Bacon, 2021). This includes, for example, comparing a group A that switches
from untreated in period 1 to treated in period 2 and a group B that is treated in both periods. If
treatment effects are constant, then taking the pre-post difference in group B removes the effect of
group B’s treatment and makes this DD comparison valid. But if treatment effects evolve over time,
then group B’s period specific treatment effects do not cancel each other out in the pre-post difference,
and one treatment effect enters the TWFE average treatment effect calculation with negative weight.
These negative weights result in the TWFE estimator not being a convex combination of the individual
DD comparisons and not having the “no sign reversal” property (it is possible for TWFE to produce
an estimate of the wrong sign relative to the true value; de Chaisemartin and D’Haultfoeuille, 2023).

A second problematic type of comparison is made when the treatment is additionally non-binary
(as is common in published papers using DD; de Chaisemartin and D’Haultfoeuille, 2023): a group A
as above, becoming newly treated in period 2, and a group B that is also treated in period 2 but with
a smaller treatment size. This comparison’s validity requires constant treatment effects not just over
time, as above, but also across groups. If the latter is not the case, then comparing a more-treated
group to a less-treated one conflates treatment size with treatment effect.

Several recent papers – including Callaway and Sant’Anna (2021); Sun and Abraham (2021);
Borusyak et al. (2024); de Chaisemartin and D’Haultfoeuille (2024a) – have proposed (and provided
code for) alternative DD estimators that are robust to heterogeneous treatment effects under certain
conditions, by virtue of avoiding the “forbidden comparisons” described above. I rely here on the
methods of de Chaisemartin and D’Haultfoeuille (2024a) to estimate sample-wide and heterogeneous
(sub-sample) treatment effects. The treatment in question – a fuel tax increase – is staggered and non-
binary; de Chaisemartin and D’Haultfoeuille (2024a) are the only researchers to propose estimators
for a non-binary treatment. Their estimators, which I refer to as dCDH (computed in Stata with the
-did_multiplegt_dyn- package), compare treated groups with as-yet-untreated groups, and they allow

14The DD also requires the stable unit treatment value assumption (SUTVA), which rules out spillover and general
equilibrium effects (Roth et al., 2023). In my context, one station’s treatment does indeed affect other, competing stations’
outcomes. But region-level treatment assignment ensures that stations in competition with each other overwhelmingly receive
the same treatment – the exception is with cross (regional) border competition.
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for dynamic (that is, lagged) treatment effects.

3.2 Implementation

Following de Chaisemartin and D’Haultfoeuille (2024a), let Yg,t be the retail fuel price at station g in
year-month t.15 Fg is the month in which station g’s tax changes. Station g’s comparison group is all
stations g′ having (a) the same initial tax level and (b) not yet been treated as of month Fg. A DD
estimate of station g’s treatment effect in post-treatment month ℓ is:

DDg,ℓ =

(
Yg,Fg−1+ℓ − Yg,Fg−1

)
− ∑

g′ :Fg′ ,1=Fg,1,Fg′>Fg−1+ℓ

(Wg′ ,Fg−1+ℓ

Ng
Fg−1+ℓ

)(
Yg′ ,Fg′−1+ℓ − Yg′ ,Fg′−1

)
(5)

The baseline, or pre-, period is fixed here to the month immediately preceding group g’s tax change;
other pre-periods are reserved for “placebo tests” of the parallel trends assumption. Ng

Fg−1+ℓ is the
number of observed groups in g′ in a given post-treatment month, and Wg′ ,Fg−1+ℓ is a weight equal to
annual quantity sold at station g′ and month Fg − 1 + ℓ (de Chaisemartin et al., 2024). Thus, control
group pre-post differences are aggregated into a weighted average before being subtracted from the
treatment group pre-post difference. Month-specific event study effects DDℓ can then be computed
as the average of DDg,ℓ across all groups g,

DDℓ = ∑
g:Fg−1+ℓ≤Tg

Wg,Fg−1+ℓ

Nℓ
DDg,ℓ, (6)

where the weight W used is now quantity sold by treated station g. Equation 6 is unbiased conditional
on the parallel trends and no-anticipation assumptions (de Chaisemartin and D’Haultfoeuille, 2024a).

The -did_multiple_gt- command also estimates an average total effect per unit of treatment, which
conveniently translates exactly into an average pass-through rate in my context. Let Tg be the last
observed month for which there is an as-yet-untreated station remaining. Furthermore, define Dg,ℓ as
the non-binary, discrete size of the tax faced by station g in post-month ℓ. Then, pass-through ρ = ∆P

∆t
can be estimated with

ρ̂ =
∑

Tg−Fg+1
δ=1 wℓDDℓ

∑
Tg−Fg+1
δ=1 wℓ ∑g:Fg−1+ℓ≤Tg

Wg,Fg−1+ℓ

Nℓ

(
Dg,Fg−1+ℓ − Dg,1

) , (7)

where weight wℓ equals the proportion of all observed treated station-months that fall in month ℓ.
I estimate Equations 5-7 in the full sample of stations, as well as separately for subsamples corre-
sponding to quintile of municipality median income (and the subsample of stations missing income).
In most of my analyses, I estimate event study effects for each ℓ ∈ [1, 12] and, correspondingly,
average pass-through rates through one year. To assess the appropriateness of the parallel trends and
no-anticipation assumptions, I also estimate six pre-treatment placebo effects according to Equations
5 and 6, where ℓ here takes a value in [-6,-1]. I report on the individual statistical significance of these

15I also conduct the analysis using municipality-month observations.
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effects, as well as their average and the slope of a line fitted by Ordinary Least Squares through them.
As noted earlier, my preferred specification of Equation 5 weights observations by station-year

sales volume. However, I include results from unweighted analysis as well. I primarily cluster
standard errors by province; while treatment is determined by region, which is one administrative
level above province, there are only 17 regions in Spain – 14 of which get used in the main, income-
focused analysis – whereas there are 55 provinces. Using the latter as cluster level avoids the “too-few
clusters” problem that leads to downward bias in standard errors (Cameron and Gilbert, 2015). I
show results from the use of region-level clustering in the Appendix.

4 Results

4.1 Overall fuel tax pass-through

The event study in Figure 4 provides an overall picture of relative price trends among the treatment
and control groups defined by dCDH. The point estimates are obtained via Equations 5 and 6. Since
Equation 5 uses month 0 (that is, the month before a station’s tax changes) as the pre-treatment data
point in the DD design, the treatment/control price difference in month 0 is normalized to zero. The
levels and trend of the estimates for months -6 through 0 provide evidence on the parallel trends
assumption.

Figure 4: Full-sample average price impacts over time
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Notes: Point estimates and confidence intervals are for monthly DD coefficients (DDℓ) estimated
using Equations 5 and 6, where ℓ ∈ [−6, 12]. Observations are station-year-months and are weighted
by station-year diesel quantity sold. Standard errors are clustered at the the province level.

The pre-treatment trend in Figure 4 appears roughly flat. Estimates jump significantly in the
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month of the tax change and remain elevated for the duration of the twelve-month analysis window
used. The post-treatment price impact hovers between 2.5 and 2.9 cents per liter (c/l), as compared
to an average tax change of 2.97.16 Average standard errors are small – on the order of hundredths of
a c/l – and as a result, two of the six pre-treatment placebo effects are significantly different from
zero at the five percent level. However, the average pre-treatment point estimate is only 0.006 and is
not significantly different from zero (p=0.73). More importantly, a straight line fitted by OLS through
point estimates for periods -6 to 0 is also insignificant, with a slope of 0.003 and a p-value of 0.695.
Put together, the evidence does not suggest a violation of non-parallel trends in the overall station
sample.

Table 2 presents points estimates of and standard errors for the cumulative average pass-through
rate in the full sample, out to the end of the first year after a tax change. Pass-through in the preferred,
weighted specifications of Panel A is in the range of 91-92 percent on average and significantly
different from 100 percent, or fully one-for-one, pass-through. Consistent with Figure 4, columns
1-3 show an insignificant, one percentage point drop in cumulative pass-through rate from month 6
to month 18 (column 2 gives the estimate corresponding exactly to the specification and results of
Figure 4). Limiting the sample to those stations used in the income-related analysis (column 4) does
not change the estimate meaningfully; nor does using two way fixed effects (column 5). Unweighted
pass-through estimates, in Panel B, are smaller than the weighted ones in all dCDH specifications,
settling at in the range of 89-90 percent (though 6-month cumulative pass-through, in column 1, is
only 86.8 percent). Without weights, the TWFE result deviates further from the dCDH result; the
difference is about four percentage points (column 5 minus column 2).

4.2 Fuel tax pass-through by income group

Figure 5 presents event studies identical to that of Figure 4 except now separately for each of six
income groups: the five quintiles of municipality median income, and the set of stations whose towns
are too small for inclusion in the income data. Because of the number of event studies depicted here,
I omit confidence intervals from the figure. Income-group specific pre-trends are visually hard to
distinguish from both the zero line and each other. In practice, a quarter of the 36 pre-treatment point
estimates are statistically significant, but none of the six income groups have an average pre-treatment
estimate different from zero (the lowest p-value is 0.14) and none have a linear trend coefficient
different from zero (the lowest p-value is 0.25).

Once treatment occurs, all income groups show a mean shift in prices. The size of the mean
shift varies from roughly 2-3.5 c/l; however, the ordering of income groups vertically cannot be
interpreted as reflective of relative pass-through rates, because the sizes of tax changes experienced are
not uniform across income group. The absolute-price impacts shown in Figure 5 must be adjusted to
account for tax-change magnitudes; Figure 6 does exactly that. I calculate month-specific pass-through
rates analogously to Equation 7 (and following de Chaisemartin et al., 2024), dividing each monthly
estimated price impact by a weighted average of tax-change sizes in that period.

Panel A of Figure 6 shows estimated pass-through over time for each of the six income groups.

16The month-1 coefficient is mechanically slightly lower than later-month coefficients, because tax changes happen at various
points within a month, and so the average tax level in that month is in between the pre- and post-treatment tax levels.
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Table 2: Full-sample average tax pass-through

dCDH TWFE

(1) (2) (3) (4) (5)

Panel A. Sales-weighted

Average pass-through 0.923 0.914 0.913 0.924 0.926
(0.014) (0.013) (0.013) (0.014) (0.030)

N 29,230 54,903 76,514 52,291 461,976
Post-period 6 12 18 12 12
Sample Full Full Full Income Full

Panel B. Unweighted

Average pass-through 0.868 0.891 0.896 0.902 0.935
(0.006) (0.007) (0.009) (0.007) (0.025)

N 31,217 56,890 78,501 54,278 530,082
Post-period 6 12 18 12 12
Sample Full Full Full Income Full

Notes: Estimates are average pass-through rates of tax changes into retail
prices, ∆P

∆t , obtained via Equation 7) in columns 1-4 (‘dCDH’) and via
Equation 3 in column 5 (‘TWFE’). An observation is a station-month. ‘N’
reports the number of treatment-group station-months used in columns
1-4 and the number of total station-month observations used in column
5. The two Panels (A and B) show results with and without analytic
weights, respectively. ‘Post-period” gives the number of months included
in estimation. “Sample” is either “Full” – all stations regardless of income
data availability – or “Income” – all stations with matched income data.
Standard errors are clustered by province.

Higher income quintiles experienced larger absolute price impacts in part because they experienced
larger tax changes, but there remains evidence of pass-through heterogeneity: the range of income
group specific rates is consistently 10-20 percentage points wide across months. The lowest income
quintile (Q1) and the no-data group (which, I argue, likely has even lower income than Q1), tend
to have lower month-specific pass-through estimates than the other four quintiles. Panel B zeros
in on quintiles 1 and 5 specifically, to provide a clearer picture of how different pass-through rates
are at the bottom and top of the income spectrum. After treatment, Q1 estimates are consistently
lower than those of Q5 – by as much as ten percentage points. Confidence intervals in Panel B shed
some qualitative light on the significance of differences in pass-through rate between Q1 and Q5.
Because I cluster standard errors at the province level here rather than the station level, I cannot
formally test whether Q1 and Q5 pass-through rates are significantly different without bootstrapping
(de Chaisemartin and D’Haultfoeuille, 2024b). However, I can do so with a slightly different version
of the analysis that uses municipality-month observations and municipality clustering of standard
errors. Table 3, which presents full-period (twelve-month) pass-through rates, includes results from
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Figure 5: Income and absolute price impacts
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Notes: Lines are constructed from monthly DD point estimates of average treatment effect (DDℓ) by
income group, estimated using Equation 6, where ℓ ∈ [−6, 12]. Observations are station-year-months
and are weighted by station-year diesel quantity sold. Q1-Q5 indicate quintiles of the municipality
median income distribution; “No Inc” denotes the group of stations in towns too small to be included
in the data.

this municipality-level setup.
Estimates in Table 3 are obtained via Equations 5-7, using each income group separately. Panel

A uses the primary, station-month observation level, while Panel B uses the municipality-month
level that facilitates hypothesis testing about heterogeneity. In both cases, the lowest pass-through
rate – 86.5 and 86.8 percent, respectively – is found in the subset of stations in small towns missing
income data. The next lowest pass-through rate is in Q1 and is also below 90 percent (89.3 and 87.6
in the two panels). The remaining four income quintiles have pass-through rates between 93 and
96 percent, though the rate does not rise monotonically with quintile. Following the instruction of
de Chaisemartin and D’Haultfoeuille (2024b) and using the results of Panel B, I calculate the variance
of the difference in two quintile-specific pass-through rates by summing the estimated variances of
the two pass-through rates themselves. I am able to reject the null of equal pass-through rates when
comparing either of Q1 and the no-income group to any of Q2-Q5 (p-values are less than 0.05).

Table 4 summarizes results from other specifications of pass-through rate estimation by income
group. Panel A restricts the dCDH analysis to using a balanced panel of stations that are observed for
all twelve post-treatment months; Panel B omits the station sales weights from the analysis; and Panel
C uses TWFE.17 The relative pattern across income groups is consistent across all panels of Table 4
and both panels of Table 3. Pass-through is lowest among the lowest-income groups, jumping from Q1

17Appendix Figures A3 and A4 present event studies corresponding to Panels A and B. Appendix Table A1 presents results
of weighted and unweighted dCDH analysis with region-level clustering of standard errors.
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Figure 6: Income and pass-through
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(a) Avg. pass-through by income quintile
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Notes: Lines are constructed from monthly DD point estimates of average pass-through rate ( ∆P
∆t )

by income group, estimated using a monthly analog of Equation 7, where ℓ ∈ [1, 12]. Panel A
depicts all six income groups, while Panel B displays only Q1 and Q5 and includes confidence
intervals. Observations are station-year-months and are weighted by station-year diesel quantity
sold. Standard errors are clustered by province. Q1-Q5 indicate quintiles of the municipality median
income distribution; “No Inc” denotes the group of stations in towns too small to be included in the
data.
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Table 3: Average tax pass-through by income group

No Inc Q1 Q2 Q3 Q4 Q5
(1) (2) (3) (4) (5) (6)

Panel A. Station-month level

Average pass-through (%) 0.865 0.893 0.960 0.937 0.952 0.953
(0.049) (0.014) (0.016) (0.011) (0.018) (0.006)

N 14,347 5,763 8,647 6,965 10,322 5,905

Panel B. Municipality-month level

Average pass-through (%) 0.8676 0.8762 0.9378 0.9344 0.9502 0.9459
(0.049) (0.015) (0.022) (0.016) (0.018) (0.011)

N 9,770 1,973 1,809 1,678 1,183 689

Notes: Estimates are average pass-through rates of tax changes into retail prices, ∆P
∆t ,

obtained via Equation 7, for each of six income groups. Panel A displays results
with station-month observations; Panel B results are from municipality-month ob-
servations. ‘N’ reports the number of treatment-group station-months used. The
post-tax estimation window is 12 months. Observations are weighted by annual
station (or municipality) sales. Standard errors are clustered by province. Q1-Q5
indicate quintiles of the municipality median income distribution; “No Inc” denotes
the group of stations in towns too small to be included in the data.

to Q2 and generally peaking before Q5. Magnitudes vary modestly across dCDH specifications, but,
notably, TWFE yields larger estimated differences across groups – 10-17 percentage points between
lower and higher pass-through groups, as compared with 7-10 percentage points using dCDH. This
implies that the “forbidden comparisons” included in TWFE bias estimates of heterogeneity upwards
in this context.18

5 Discussion

The previous section catalogs evidence on the answer to the main research question: what is
the relationship between income and fuel tax pass-through? Put together, the evidence suggests
that average pass-through is relatively lower – in the range of 4-9 percent – in the lowest-income
municipalities of spain. In this section, I discuss three extensions of the main research question: (1)
How does the pass-through/income relationship affect distributional welfare? (2) What is causing
pass-through to be higher in higher-income places? (3) Does the pass-through of other elements of
retail fuel cost behave the same way with respect to income?

18Appendix Table A2 presents results from one further alternative specification, which replaces median income with per
capita income in the calculation of income quintile. These results are noteworthy because quintile-1 pass-through estimates are
elevated relative to those of the preferred income definition, and not different from those of Q2-Q5. Of 226 municipalities
assigned to Q1 by per capita income, 55 (24 percent) are in a higher quintile when defined by median, and these have a higher
average pass-through rate than the remaining 171 municipalities assigned to Q1 under both definitions. At the same time,
there are also 55 municipalities assigned to Q1 by median income but a higher quintile by per capita; these exhibit relatively
lower average pass-through.
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Table 4: Average tax pass-through by income group

No Inc Q1 Q2 Q3 Q4 Q5
(1) (2) (3) (4) (5) (6)

Panel A. Balanced panel

Average pass-through (%) 0.865 0.892 0.969 0.936 0.952 0.939
(0.053) (0.014) (0.017) (0.011) (0.019) (0.006)

N 13,042 5,635 8,381 6,647 9,856 4,705

Panel B. Unweighted

Average pass-through (%) 0.887 0.902 0.952 0.951 0.955 0.950
(0.011) (0.012) (0.014) (0.011) (0.018) (0.007)

N 15,025 5,763 8,647 6,965 10,640 5,905

Panel C. Two-way-fixed effects

Average pass-through (%) 0.833 0.876 0.938 1.001 0.987 0.969
(0.054) (0.033) (0.027) (0.037) (0.037) (0.036)

N 149,548 33,953 53,960 48,808 80,175 95,532

Notes: Estimates are average pass-through rates of tax changes into retail prices, ∆P
∆t ,

obtained via Equation 7, for each of six income groups. The preferred specification,
in Table 3, Panel A, uses station-month observations, weighted by station-year diesel
sales, with a twelve-month post-period and standard errors clustered by province. In
this table, the Panel A specification differs from the base by using only a balanced
panel of stations that are observed and have a viable control group for the relevant
twelve-month post-period. Panel B shows results from the base specification except
without (analytical) weights. Panel C exhibits the results of two way fixed effects
regression. Q1-Q5 indicate quintiles of the municipality median income distribution;
“No Inc” denotes the group of stations in towns too small to be included in the data.
‘N’ reports the number of treatment-group station-months used in Panels A and B and
the number of total station-month observations used in Panel C.

5.1 Effect on welfare

The fact that tax pass-through is positively correlated with income has significant implications for
the distributional welfare impacts of the tax. Mathematically, the first-order approximation of the
consumer surplus loss induced by a marginal tax hike ( dCS

dt ) is the additional cost paid to continue
consuming the taxed good – in a graph of supply and demand, it is a rectangle with width equal
to quantity consumed (Q) and height equal to the pass-through rate ( dp

dt ; Weyl and Fabinger, 2013).
Equivalently, and more intuitively, it is likely that the primary burden on a (gas or diesel powered)
car owner’s mind when a tax is raised is the extra cost of all the fuel that they will continue to
purchase. The welfare loss from this extra cost is likely to be significantly larger than the welfare
loss due to reduced consumption, because demand for retail automotive fuel tends to be relatively
inelastic (though less than previously thought; Kilian and Zhou, 2024).
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The progressivity of a marginal tax increase could thus be approximated by estimating, at different
points of the wealth (W) spectrum,

Q dp
dt

W
, (8)

This is equivalent to the extra cost of consuming fuel after the tax change, as a proportion of wealth.
If the above expression rises with wealth, then the approximation is progressive; if it falls, then the
approximation is regressive. It has historically been standard practice to omit pass-through from the
calculation (e.g., Poterba, 1991), implicitly assuming that pass-through is uniform across the wealth
spectrum. The exception to date is Harju et al. (2022), who estimate fuel tax pass-through rates that
fall in local incomes and use them in their calculation of ∆CS

dt .
I stop short of calculating pass-through-adjusted changes in consumer surplus here because of

data limitations. The Spanish consumer expenditure survey (Encuesta de Presupuestos Familiares)
provides household auto fuel consumption, expenditures, and income with survey weights for
national representativeness, but location is masked. I can only estimate pass-through rates by quantile
of municipality median income. In addition, income data are missing for two regions (País Vasco and
Navarra) as well as municipalities with fewer than 5,000 residents. Thus, matching pass-through rates
to consumption levels requires an unrealistic assumption that quantile of (observed) municipality
income equals quantile of household income. Finally, Equation 8 is only an approximation, and
a potentially misleading one given evidence that demand elasticity can vary with income. This is
because all else equal, more elastic demand causes both lower pass-through and a greater reduction
in fuel consumption in response a tax change. These effects work in opposite directions; the pass-
through effect dominates when demand is inelastic, but the consumption effect offsets it to some
degree.19

I do, however, present pass-through estimates by municipality income decile alongside pro-
portional fuel consumption by household expenditure decile,20 to illustrate how heterogeneous
pass-through in principle could affect distributional welfare. Figure 7 plots the pass-through es-
timates and their confidence intervals. It shows a non-monotonic pattern in municipality income
decile, with higher pass-through on average in the upper half of the distribution. I include, at income
decile "0", the pass-through rate measured in the group of small-town stations with no income data.
To the extent that such towns have the lowest incomes, the decile-0 rate contributes further to the
progressive pass-through pattern from Q1 to Q10.

Figure 8 shows, using expenditure survey data from 2010 and 2013 (the first and last year in
which treated stations are observed), that relatively poorer households consume relatively more fuel
per dollar of expenditure. The consumption/wealth relationship is stronger than the pass-through
wealth relationship and implies that the consumer surplus impacts of these tax changes are regressive.
If the progressive pass-through patterns I identify were to hold across the national household wealth
distribution, the effect would be a dampening of the apparent regressivity in Figure 8. In my context,

19Harju et al. (2022) get around this issue by assuming that demand is perfecly inelastic, but they, too, acknowledge that
their exercise should only be considered an illustration, rather than definitive findings.

20Poterba (1991) shows that household expenditure is a more accurate proxy for lifetime wealth than income.
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Figure 7: Average pass-through by income decile
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Notes: Data points are twelve-month average pass-through rates of tax changes and associated
confidence intervals, obtained via Equation 7 separately for each income decile as well as the group
of stations without income data (corresponding to x = 0). Observations are station-year-months and
are weighted by annual station-level quantity sold. Standard errors are clustered at the province level.

the magnitude of this dampening is likely modest: households in the bottom expenditure decile buy
25-60 percent more fuel per dollar total expenditure, while the maximum decile-specific pass-through
rate (Figure 7) is only about 12 percent larger than the minimum.

5.2 Causal mechanisms

My main result is descriptive: pass-through of the céntimo sanitario tax is higher in higher-income
municipalities. This descriptive fact is what matters for distributional welfare in the Spanish context;
but we might wonder what is causing this pattern, for instance to inform external validity considera-
tions. Higher pass-through in wealthier areas is consistent with wealthier areas having more inelastic
demand. However, many different causal channels are possible and empirically established, from the
toughness of competition, to the degree of vertical integration, to the supply elasticity, among many
others.

The dCDH method does not accommodate interaction terms with pass-through, so I cannot
simultaneously estimate relationships between pass-through and several characteristics like is com-
monly done with TWFE regression. Instead I focus on jointly considering municipal income and
station brand as predictors of pass-through. Table 5 breaks pass-through out by brand group – refiner
(Panel A) or independent (Panel B) – in addition to income group. Point estimates are obtained
from Equation 7 separately in subsamples corresponding to each combination of brand and income
groups. Brand group is highly predictive of pass-through overall (column 1) – refiner-brand stations
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Figure 8: Household auto fuel consumption relative to expenditure
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Notes: Data are from the Spanish household expenditure survey (Encuesta de Presupuestos Familares).
I apply survey weights for national representativeness.

pass-through 95.4 percent of a tax change on average, while independent ones pass-through 81.7
percent.21 However, differences in pass-through persist across income groups, even within brand
type. Q2-Q5 pass-through rates are higher than the Q1 rate among refiner-branded stations (panel A,
columns 3-7), just as in the full national sample. Refiner-branded stations in small towns (column 2)
buck this income trend, with a pass-through rate (94.0 percent) closer to those of Q2-Q5.

Pass-through also varies with income among independent-brand stations (Panel B), though the
pattern is significantly different from that of refiner-branded stations. Independent stations pass
through less of a tax change in quintiles 3 and 5 then in the other three quintiles. More strikingly,
pass-through is quite low in small towns missing income data (58.5 percent; column 2). Put together,
Table 5 shows that conditioning on brand group does not eliminate all variation in pass-through
across income groups. At the same time, the divergent patterns in Panels A and B cast doubt
on the notion that variable demand elasticities are the primary cause of the income/pass-through
correlation.22

21Appendix Figure A5 presents event study plots for the two brand groups, and Figure A6 breaks out the event study
further into (brand-)income groups.

22Appendix Table A3 presents coefficients from four different TWFE “interaction” regressions, successively adding interaction
terms between the tax variable and station and local attributes. The income/pass-through relationship remains significant even
in the “kitchen-sink” regression including interaction terms between the tax and (a) brand group indicators, (b) proxies for
spatial competition, (c) a vertical integration indicator, (d) population density, and (e) four station amenities. I caution against
reading too much into TWFE results in my context but include them as the best of flawed options for “horseracing” predictors.
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Table 5: Pass-through and station branding

All No Inc Q1 Q2 Q3 Q4 Q5
(1) (2) (3) (4) (5) (6) (7)

Panel A. Refinery-branded stations

Average pass-through (%) 0.954 0.940 0.841 0.968 0.959 0.970 0.982
(0.008) (0.017) (0.019) (0.019) (0.012) (0.015) (0.007)

N 32,595 8,465 3,491 5,388 4,555 6,808 3,705

Panel B. Independent-branded stations

Average pass-through (%) 0.817 0.585 0.925 0.913 0.869 0.942 0.855
(0.049) (0.140) (0.018) (0.029) (0.035) (0.044) (0.022)

N 12,637 4,338 1,638 2,138 1,360 2,052 797

Notes: Point estimates are average pass-through rates of tax changes into retail prices, estimated
via Equation 7. In Panel A, only stations bearing the brand of an oil refiner in Spain are
considered; in Panel B, only stations with an independent brand are considered. Column 1
displays overall average pass-through rates by brand type, and columns 2-6 display brand-
specific rates by income grouping (quintiles Q1-Q5 and the group of stations without income
data). All specifications use station-month observations, weighted by station-year diesel sales,
with a twelve-month post-period and standard errors clustered by province. ‘N’ is the number
of treatment-group station-months used.

5.3 Pass-through of other fuel costs

Taxes are nearly half of retail prices in this time period in Spain; the production cost of fuel is the
other major source of variable costs of auto fuel supply. There is ongoing interest in whether the fuel
elasticity of demand with respect to taxation differs from the elasticity with respect to non-tax costs.
A difference is possible because gas taxes are more persistent than (e.g.) the price of crude oil and
also sometimes more salient to the consumer (Li et al., 2014), among other potential explanations.
The question is policy relevant because it dicates whether one can use either of the estimates to proxy
for the other, for instance in a forecast of the impacts of a hypothetical tax change. Many researchers
have found that the two elasticites do differ (e.g., Davis and Kilian, 2014; Li et al., 2014), but Kilian
and Zhou (2024) is a recent, notable exception in the US context.

I test for heterogeneity in crude oil price pass-through by income group using the same regression
specification as Kilian and Zhou (2024):

∆Pit = α + β∆Crudet + θy + νm + ϕi + ϵit, (9)

with fixed effects by year θy and by month νm separately rather than year-month t, to accommodate
the time-series of crude oil price as the “treatment” variable. ∆P and ∆Crude are changes in pretax
retail price and Brent crude oil price from the previous month to the current one. Table 6 documents
the income group specific pass-through estimates. These differ from each only minimally – the
highest and lowest rates are separated by only one percentage point in the preferred specification
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(sales-weighted, in Panel A), and 2.6 percentage points in the case of unweighted analysis (Panel B).
While the difference is marginally statistically significant, its magnitude is noticeably smaller than the
analogous estimated difference for tax pass-through. This suggests that there is, in fact, a difference
here between the consumer response to an auto fuel tax versus an oil price shock.

Table 6: Average crude price pass-through by income group

No inc Q1 Q2 Q3 Q4 Q5
(1) (2) (3) (4) (5) (6)

Panel A. Sales-weighted

1-month ∆ Brent crude price (c/l) 0.998 0.987 0.990 0.997 0.995 0.998
(0.003) (0.003) (0.003) (0.004) (0.003) (0.002)

N 147,071 33,394 53,103 48,034 78,899 94,002

Panel B. Unweighted

1-month ∆ Brent crude price (c/l) 0.955 0.953 0.967 0.973 0.978 0.979
(0.004) (0.003) (0.004) (0.005) (0.004) (0.003)

N 170,843 38,485 60,398 54,841 90,779 105,547

Notes: Point estimates are average pass-through rates of Brent crude oil price changes into
retail prices, estimated via Equation 9, separately for each income quintile (Q1-Q5) as well as
the group of stations without income data (“No Inc""). Panel A displays results with station-
month observations; Panel B results are from municipality-month observations. The post-tax
estimation window is 12 months. ‘N’ is the number of station-months used; observations are
weighted by annual station (or municipality) sales. Standard errors are clustered by province.

6 Conclusion

Automotive fuel taxes are used in dozens of countries around the world, and energy taxes more
generally are a key current and future policy lever for driving reductions in fossil fuel use. The
distributional equity of such policies is a fundamental political and moral issue that cannot be
assessed by theory alone. In this paper, I contribute to our understanding of the distributional
impacts of energy taxation by studying the empirical relationship between auto fuel tax pass-through
and income. If pass-through varies with wealth, it has consequences for distributional welfare that
are not generally accounted for in welfare analysis.

I find that a regional auto fuel tax in Spain, which was increased 14 times in staggered fashion
across 11 regions from 2010-2012, exhibits variable pass-through in income. While my national average
pass-through estimate is 91.4 percent, my estimate of pass-through in the bottom quintile of municipal
median income is 4-7 percentage points lower than in the upper four quintiles. Furthermore, stations
in towns too small to have recorded income data have the lowest estimated pass-through. Given that
such towns are likely among the lowest-income municipalities in the country, the evidence suggests
that fuel tax pass-through is itself progressive in income. While this stands in direct contrast to the
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one other existing study of energy tax pass-through and income (Harju et al., 2022), both results
are possible because of the many causes of heterogeneous pass-through and the varying empirical
contexts being studied. In my context, other observable attributes of stations and markets – such as
branding, vertical structure, and spatial competition – do not appear to fully explain the correlation
of pass-through with income.

My results illustrate the relevance of heterogeneous pass-through to distributional welfare analysis;
a negative pass-through/wealth relationship makes a fuel tax’s welfare impacts more regressive than
they appear under a uniform pass-through assumption, while a positive relationship makes those
welfare impacts less regressive. This study also provides an early example of the application of one
of the newest difference-in-differences methods, from de Chaisemartin and D’Haultfoeuille (2024a),
to facilitate unbiased treatment effect estimation in settings with staggered, non-binary treatments.
Future research efforts may profitably focus on improving the wealth measure by which to separately
estimate pass-through rates (income is an imperfect proxy for lifetime wealth, and municipal measures
are not the same as household ones); determining the causes of the pass-through/wealth correlation;
and integrating variable pass-through rates into a fuller welfare analysis that captures the lost welfare
from reduced consumption.
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Appendix
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Figure A1: Geoportal screenshot

Notes: Green dots are Spanish retail diesel stations. The screenshot shows the Madrid metro area.
Source: <https://geoportalgasolineras.es/geoportal-instalaciones/Inicio>, accessed on February 15th,
2015.
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Figure A2: Income distribution of stations, by sales data availability
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Figure A3: Income and pass-through, balanced panel
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(b) Average pass-through: income quintiles 1 and 5

Notes: Lines are constructed from monthly DD point estimates of average pass-through rate ( ∆P
∆t ) by

income group, estimated using a monthly analog of Equation 7, where ℓ ∈ [1, 12]. The sample is
restricted to only using treatment-group stations if they are observed for all twelve post-treatment
months. Panel A depicts all six income groups, while Panel B displays only Q1 and Q5 and includes
confidence intervals. Observations are station-year-months and are weighted by station-year diesel
quantity sold. Standard errors are clustered by province. Q1-Q5 indicate quintiles of the municipality
median income distribution; “No Inc” denotes the group of stations in towns too small to be included
in the data.
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Figure A4: Income and pass-through, no weights
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(b) Average pass-through: income quintiles 1 and 5

Notes: Lines are constructed from monthly DD point estimates of average pass-through rate ( ∆P
∆t ) by

income group, estimated using a monthly analog of Equation 7, where ℓ ∈ [1, 12]. Panel A depicts
all six income groups, while Panel B displays only Q1 and Q5 and includes confidence intervals.
Observations are station-year-months and are unweighted, unlike in the preferred specification.
Standard errors are clustered by province. Q1-Q5 indicate quintiles of the municipality median
income distribution; “No Inc” denotes the group of stations in towns too small to be included in the
data.
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Figure A5: Station brand and pass-through
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∆t )

by brand group, estimated using a monthly analog of Equation 7, where ℓ ∈ [1, 12]. The sample is
restricted to only using treatment-group stations if they are observed for all twelve post-treatment
months. Observations are station-year-months and are weighted by station-year diesel quantity
sold. Standard errors are clustered by province. “Refiner” denotes refiner-branded stations, while
“Independent” denotes brands unaffiliated with a refiner or wholesaler.
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Figure A6: Absolute price impacts by brand type and income group
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Notes: Lines are constructed from monthly DD point estimates of average absolute price impact
by income group and brand group, estimated using Equation 6, where ℓ ∈ [1, 12]. Observations
are station-year-months and are weighted by station-year diesel quantity sold. Standard errors are
clustered by province. Q1-Q5 indicate quintiles of the municipality median income distribution; “No
Inc” denotes the group of stations in towns too small to be included in the data.
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Table A1: Average tax pass-through by income group – region-level clusters

No Inc Q1 Q2 Q3 Q4 Q5
(1) (2) (3) (4) (5) (6)

Panel A. Sales-weighted

Average pass-through 0.865 0.893 0.960 0.937 0.952 0.953
(0.015) (0.010) (0.013) (0.007) (0.008) (0.003)

N 14,347 5,763 8,647 6,965 10,322 5,905

Panel B. Unweighted

Average pass-through 0.887 0.902 0.952 0.951 0.955 0.950
(0.006) (0.006) (0.012) (0.009) (0.008) (0.005)

N 15,025 5,763 8,647 6,965 10,640 5,905

Notes: Estimates are average pass-through rates of tax changes into retail prices,
∆P
∆t , obtained via Equation 7, for each of six income groups. Panel A displays
results with sales-weighted observations; Panel B results rely on unweighted
observations. The post-tax estimation window is 12 months. Observations are
weighted by annual station (or municipality) sales. Standard errors are clustered
by region, as opposed to the preferred level of province. Q1-Q5 indicate quintiles
of the municipality median income distribution; “No Inc” denotes the group of
stations in towns too small to be included in the data. ‘N’ reports the number of
treatment-group station-months used.
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Table A2: Income and tax pass-through, per capita measure

No inc Q1 Q2 Q3 Q4 Q5
(1) (2) (3) (4) (5) (6)

Panel A. Sales-weighted

Average pass-through (%) 0.865∗∗∗ 0.942∗∗∗ 0.956∗∗∗ 0.952∗∗∗ 0.953∗∗∗ 0.925∗∗∗

(0.049) (0.010) (0.016) (0.013) (0.012) (0.010)

N 14,347 6,637 7,935 9,013 8,447 5,127

Panel B. Unweighted

Average pass-through (%) 0.887∗∗∗ 0.931∗∗∗ 0.957∗∗∗ 0.934∗∗∗ 0.961∗∗∗ 0.944∗∗∗

(0.011) (0.011) (0.013) (0.016) (0.011) (0.010)

N 15,025 14,347 7,935 9,013 8,447 5,657

Notes: Point estimates are average pass-through rates of tax changes into retail prices, esti-
mated via Equation 7, separately for each income quintile (Q1-Q5) as well as the group of
stations without income data (“No Inc""). Income quintiles are defined according to per capita
income instead of median income. Panel A displays results with station-month observations
weighted by annual sales; Panel B displays results without weights. The post-tax estimation
window is 12 months. ‘N’ reports the number of treatment-group station-months used. Obser-
vations are weighted by annual station sales. Standard errors are clustered by province.
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Table A3: Income versus other local attributes in pass-through prediction

Tax X... (1) (2) (3) (4)

1[Income quintile 1] 0.876∗∗∗ 0.761∗∗∗ 0.744∗∗∗ 0.800∗∗∗

(0.037) (0.051) (0.072) (0.038)

1[Income quintile 2] 0.061 0.057 0.058 0.046
(0.035) (0.031) (0.031) (0.032)

1[Income quintile 3] 0.124∗∗ 0.124∗∗ 0.124∗∗ 0.092∗

(0.044) (0.036) (0.037) (0.039)

1[Income quintile 4] 0.111∗ 0.107∗∗ 0.108∗∗ 0.096∗

(0.043) (0.037) (0.038) (0.042)

1[Income quintile 5] 0.093∗ 0.090∗ 0.091∗ 0.069
(0.044) (0.040) (0.040) (0.037)

1[No income data] -0.044 -0.063 -0.066 0.016
(0.060) (0.055) (0.052) (0.033)

1[Refiner branded] 0.067 0.069 0.105∗

(0.057) (0.056) (0.040)

1[Wholesaler branded] -0.010 -0.020 0.023
(0.060) (0.054) (0.031)

# of rivals, distance-weighted -0.012 -0.011 -0.014
(0.010) (0.010) (0.007)

Own-brand share of local stations 0.088∗∗ 0.088∗∗ 0.047∗

(0.027) (0.027) (0.018)

1[Vertically integrated] 0.107∗ 0.122∗ 0.057
(0.051) (0.058) (0.039)

Population density (1000s) 0.003 0.003 0.004
(0.004) (0.004) (0.003)

1[Carwash] -0.030∗ -0.005
(0.012) (0.008)

1[Tires and fluids] 0.033 0.009
(0.033) (0.009)

1[Convenience store] 0.002 -0.028∗

(0.022) (0.013)

1[Cafeteria] 0.018 0.007
(0.019) (0.015)

N 461,976 461,884 461,884 529,990
Weighted Y Y Y N

Notes: Point estimates are average pass-through rates of tax changes into retail prices,
estimated via Equation 3. Rows indicate interaction terms between the regional tax
level and the listed variable. ‘N’ is the number of station-months used; observations are
weighted by annual station (or municipality) sales. Standard errors are clustered by
province.
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