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Abstract

Using millions of individual gasoline prices collected at a daily frequency, we examine the
speed at which market refined oil prices are transmitted to consumer liquid fuel prices. We find
that on average gasoline prices are modified once a week and the distribution of price changes
displays a M-shape as predicted by an adjustment cost model. Using a reduced form state-
dependent pricing model with time-varying random thresholds, we find that the degree of pass
through of wholesale prices to retail gasoline prices is on average 0.77 for diesel and 0.67 for
petrol. The duration for a shock to be fully transmitted into prices is about 10 days. There is
no significant asymmetry in the transmission of wholesale price to retail prices.

Keywords: price stickiness, adjustment costs, (S,s) models, gasoline price.

JEL Codes: E31, D43, L11



1 Introduction

At which speed agents incorporate specific or common shocks into their prices is a crucial
issue in macroeconomic models. Why are prices sticky and fail to adjust immediately to their
fundamentals? Using individual gasoline prices collecting at a daily frequency in more than
10,000 gas stations in France, we examine in this paper to which extent retail gasoline prices are
rigid and how long it takes for a gas station to incorporate an oil price shock.

The first contribution of the paper is to investigate the degree of price rigidity of gasoline
prices in France. For that purpose, we use a rich and unique data set of daily price quotes
collected by the French Ministry for the Economy for diesel and unleaded petrol. Prices are
collected in almost all retailers selling gas in France. The time dimension of the data set is also
quite large: data are collected every day between January 2007 and June 2009. All in all, the
data set consists of more than 8 million individual price quotes. We examine the basic patterns
of price rigidity in French gas stations and the main findings are the following: (i) prices are
modified on average once a week!; (ii) there is some heterogeneity between firms: supermarkets
change their prices more often than other gas stations; (iii) prices are more likely to be modified
on Tuesday and Friday than between Saturday and Monday; (iv) price decreases are as frequent
as price increases; (v) the average price change in absolute values is around 2.5%; (vi) small
price changes are rather scarce.

Our paper also contributes to the empirical literature on price rigidity models. One key
issue is to understand why prices remain constant during a certain period of time though the
price of oil fluctuates every day: how can we rationalize that prices are on average modified
only once a week? Different theoretical models are used in macroeconomics to rationalize the
infrequent changes of prices. Several papers have recently examined patterns of micro prices

to assess the relevance of the different models.? However, at the micro level, one difficulty is

!By comparison, using respectively US and French monthly consumer price data, Bils and Klenow (2005)
and Dhyne et al. (2011) obtain average price durations for energy products about 0.6 — 0.7 month. Using daily
wholesale micro prices for the United States, Hamilton and Davis (2004) and Douglas and Herrera (2010) find
that prices are modified every three days on average. Davis (2007) obtains that the frequency of price changes is

about 10% on average using daily data collected in 4 gasoline retailers in the United States.
?See for instance Nakamura and Steinsson (2008) or Klenow and Kryvtsov (2008) for the United States or



to observe firm-level determinants of pricing behaviour and sectoral inflation is often used to
identify aggregate shocks on micro prices (see for example Fougere et al. (2007)%). In our study,
we use daily prices of diesel and unleaded petrol set at the Rotterdam market to approximate
the marginal cost of diesel and unleaded petrol retail prices. We estimate a reduced form of a
time-varying adjustment cost model that links prices to costs. The probability of price changes
depends on the gap between the nominal price and the price that would be observed without
friction. If this gap exceeds a certain threshold, prices are adjusted; the threshold trigerring
price changes is assumed to depend positively of the adjustment cost. We also suppose that
the adjustment cost is random over time and depends on the day of the week. Using wholesale
gasoline price data, Davis and Hamilton (2004) estimate a fixed menu cost model. However,
this model can replicate only partially what we observe in the data. In particular, a fixed
menu cost model predicts that the size of price changes is constant over time for a given firm.
Our time-varying adjustment cost model allows us to predict some heterogeneity in the size of
price changes over time for a given firm (Gautier and Le Bihan, 2011). Moreover, our model
represents simultaneously the decision of price change but also the size of the price change if
there is a price change. Compared to Davis and Hamilton (2004), we use information on the size
of price change which helps us to identify determinants of the fundamentals underlying gasoline
prices. In particular, we are able to estimate the degree of pass-through of Rotterdam prices
to gasoline prices. Finally, we estimate our model for 8,000 firms which allows us to provide
a distribution of parameters. We find that the time-varying adjustment cost model helps to
predict the M —shape of the price change distribution. Several results are obtained from those
estimations: (i) the degree of pass-through of wholesale prices to retail prices is on average 0.77
for diesel and 0.67 for unleaded petrol; (ii) this pass-through is larger in supermarkets than in
other gas stations; (iii) adjustment thresholds are quite large but show also a large variability.
Our last contribution is to examine how long it takes for gas stations to incorporate a shock

on wholesale prices to their retail prices and whether this response is symmetric. For that, we use

Dhyne et al. (2006) or Vermeulen et al. (2012) for the euro area.
*Ratfai (2006) used wholesale price of meat to capture the marginal cost of meat retail prices and Fougere et

al. (2010) approximated the labour cost of restaurants by using the national minimum wage. Dhyne et al. (2011)

estimate an unobserved synthetic factor to identify price fundamentals.



simulated trajectories of our microeconometric model and study the aggregation of non-linear
pricing strategies followed by heterogenous firms. We find that the aggregate price adjustment
is rather quick: on average, it takes around 10 days for a shock to be fully transmitted into
retail gasoline prices. Using aggregate data collected either at a monthly or weekly frequency, a
large empirical literature deals with the (a)symmetric transmission of shocks into gasoline prices.
Results are quite contrasted depending on the methodology or data used but asymmetry is not
pervasive (Frey and Manera, 2007).* Using parameter estimates of our microeconometric model,
we first test the presence of asymmetries in the probability of price changes. More specifically,
we test whether the threshold triggering price increases is lower than the threshold triggering
price decreases. We find no significant asymmetry. Those results are confirmed when we study
the aggregate response of our simulated trajectories to different shocks. Finally, we compare the
aggregate responses of prices obtained when we assume different models of price rigidity (Calvo,
fixed (5, s) model or variable (.9, s) model). We find that the longest delay is obtained for the
Calvo model where it takes more than two weeks for a shock to be fully transmitted.’

The layout of the paper is as follows. Section 2 describes the data set we use in this study
and the main features of the gasoline retail market in France. In section 3, we provide the main
stylised facts on gasoline price rigidity. Section 4 presents the price rigidity model we estimate.
Our main results are presented in Section 5. We also test the presence of asymmetry and the
fit of the model to the data. In section 6, we estimate the delay for retail prices to respond to
aggregate shocks and examine how prices are adjusted after the shock depending on the price

rigidity model. Section 6 concludes.

2 Daily Micro Data on Gasoline Prices

In this section, we describe the micro data set of gasoline prices we use. This data set consists

of individual prices reported by all gas stations selling more than 500 m3 of gasoline per year

4For France, Audenis et al. (2002), using macro monthly time series find no asymmetry at the retail level but

a significant asymmetry at the refinery level.
By comparison, Audenis et al. (2002) find a duration around 3 months whereas in a recent macro contribution

Meyler (2009) obtains a 4—week duration for a shock to be incorporated into gasoline prices.



in France. Since January 2007, gas stations have to report all their price changes for unleaded
petrol and diesel to the Ministry of Economy. The data collected are then made available on a
governmental web site (http://www.prix-carburants.gouv.fr). This web site is intended to foster
competition by providing a public and free information on prices. Some other private web sites
offer similar services but the updating of prices is only voluntary whereas in our case, the public
administration may force retailers to report their price changes.® The main variables available
in our data set are the following. First, the price of a liter of diesel and unleaded petrol; this
price includes all taxes, expressed in euros with three decimals. Another variable is the date
of the report expressed in DD/MM/YY, which enables us to follow the same price in a given
retailer. An identification number is associated to cach retailer. We have some information on
the retailer: brand name, location and services offered in the gas stations. We use historical
data extracted every day at 23:59 from this governmental web site for the period from January
1st 2007 to May 31th 2009. All in all, our price data contains more than 10,000 gas stations
and about 8 million price quotes for diesel and unleaded petrol which are the main types of
liquid fuels consumed in France.”

The French market of gasoline consists of four types of retailers: (i) gas stations belonging
to supermarkets; (ii) gas stations belonging to major oil companies like Total, Elf, Shell...; (iii)
small independent retailers which do not depend from major oil companies; (iv) gas stations
located on motorways which often belong to oil companies. One important feature is that the
level of prices is on average lower in supermarkets than in other gas stations. Supermarket gas
stations represent about 60% of the total market share whereas only 40% of gas stations belong
to supermarkets. Our data set includes about 4,500 stations associated with supermarkets and
about 5,500 stations for other gas stations.

The retail gasoline price can be decomposed in three main elements: (i) the wholesale price

SThe French competition authority is in charge of the website and the accuracy of information. For instance,
between January 2011 and June 2011 about 6,000 gas stations were controlled and 72 notices of violation were
issued by inspectors. Moreover, 600,000 consumers visit regularly the website and can declare (via mail and

phone) if the price is different on the website.
"In France, the consumption of diesel is about three times higher than the consumption of unleaded petrol

whereas about 40% of unleaded petrol production is exported and 40% of diesel consumption is imported.



of fuel (after refining) about 75% to 85% of total operating expenses of the gas stations.® In
this study, we approximate this cost by using the price of refined fuels quoted in Rotterdam.’
We consider this wholesale price because it includes refining costs contrary to Brent prices for
example; (ii) distribution costs include labor and transportation costs. They are not observed
per se in our study, those costs might not change at a daily frequency and may depend on each
gas stations, they will be considered as idiosyncratic; (iii) taxes. In 2009, the two main taxes
(VAT and TIPP) represented 65% of the unleaded petrol prices and 60% of diesel prices. The
TIPP (domestic excise tax on petroleum products) depends on the volumes and not on the
selling price of the product; it can be revised in January each year but remains fixed from 2007
to 2009. The VAT rate is 19.6% and is calculated on the price including the TIPP. The VAT

rate was not modified during our sample period. We use prices excluding all taxes according

Pinclu_tazxes

1+VAT
taxes, Dinclu_tazes the price including all taxes, VAT the VAT rate and T'I PP the TIPP excise.

the following formula: peyer tazes = — TIPP where pegel tazes i the price excluding
Gasoline prices are usually displayed with three decimal places in gas stations and prices are
collected and reported by the Ministry of Economy with three digits. The posting of two or
three digits is a choice made by gas stations and not a technical constraint. So prices with three
decimal places will be considered in the following sections.

Data are corrected for some measurement errors. Occurrences of price increases followed by
decreases equivalent next day and breaks in the series have been identified and corrected. These
adjustments affect about 1% of gas stations in our microdata set and few dates. The initial
micro data set includes very long prices durations, we consider that price durations longer
than one month are outliers, which represent less than 2% of price trajectories. These outliers
can be explained by the learning process of the price collection and the absence of obligation
of reporting for very small gas stations. We also drop observations with a majority of price
trajectories longer than one month, and gas stations whose prices are observed during a period

of less than 3 months. After treatment of outliers and measurement issues, our sample contains

8Figures are computed using sectoral national accounts published by Insee.
As noted by Meyler (2010), Rotterdam is one of the three major trading areas for refined products (168

million tonnes). However, some Mediterranean ports handle also smaller amounts of liquid petroleum products

(Marseilles (66 million tons) and Trieste (36 million tons)).



about 7 million of price quotes for each type of liquid fuel and 10,000 gas stations.

We have no information on the demand addressed to each individual gas station (like the
number of liters sold) or on the quality of the product. However, we can consider that the
product is rather homogenous in terms of quality. Our data set is not exhaustive in terms of gas
stations because there is a threshold requirement for participation. It still includes a significant
number of gas stations. We test the consistency of our indication coming from individual data
set by confronting our data to other sources. The French Ministry of the Economy publishes
every week the aggregate weighted average price of unleaded petrol and diesel (with and without
taxes) sold in France. Figure A in Appendix compares the simple average of prices from our data
set and macro price series published by the Ministry of Economy. The correlation coefficient is
close to 0.99. The difference for prices excluding taxes is on average 0.009 euros for diesel and
0.016 for unleaded petrol. One possible explanation is that prices in supermarkets are lower and
may be underrepresented by a simple average. Finally, we observe a rather close comovement

between market prices of Rotterdam and retail gasoline prices.

3 Stylized Facts on Gasoline Price Rigidity

In this section, we describe the main patterns of price setting behaviour of French gas stations

using basic indicators of price rigidity.

3.1 Frequency of price changes and price durations

The frequency of price changes or the duration between two price changes are often considered as
good indicators of price rigidity. The longer a price lasts, the more rigid this price is considered
to be. Gasoline prices are known to be among the less rigid prices. Table 1 summarizes our
results on the frequency of price changes and on price durations. We find that on average diesel
prices are modified every 5 days if we consider all individual price quotes together and every
6.5 days if we consider the distribution of average firm-level durations. The average duration
of unleaded petrol prices are a little longer (7 days). The average frequency of price changes

is 16.5% for unleaded petrol and 17.6% for diesel prices. Those figures are difficult to compare



with monthly frequency data since all gasoline prices collected at a monthly frequency would
imply a 100% frequency of price changes. Using daily US data of wholesale prices, Davis and
Hamilton (2004) and Douglas and Herrera (2010) obtain price durations shorter than one week.

Figure 1 plots the distribution of average firm-level price durations for diesel and unleaded
petrol prices. We find some heterogeneity among firms on price durations. 25% of gas stations
change their prices on average every 8 days or more whereas another quarter of firms change
their prices every 5 days or less. On average supermarkets modify more frequently their prices
than other gas stations which often belong to oil companies (6 days in supermarkets versus 7
days in other gas stations).

Figure 2 plots the hazard rate of price durations for diesel and unleaded petrol prices. The
hazard rates are rather flat but there are some significant peaks at durations 7, 14 and 21 days
and to a lesser extent at durations 3 and 4 days. This finding implies some strong regularities
in the day of price changes. Firms prefer changing their price once a week at the same day.
Table 2 summarizes results on proportions of price changes over days of the week. About 40% of
price changes occur on Tuesday and Friday whereas price changes are less frequent on Monday,
Saturday and Sunday.!® Such regular patterns over the week are not observed in Rotterdam
wholesale prices and may be the consequence of differences in price adjustment costs over the
week. Zbaracki et al. (2004) and Muller et al. (2010) both mention that adjusting prices involve
a rather long process because managers have to collect information on costs or on prices from
competitors. The timing of price adjustment would be modified by this process of collecting

information and would not be driven only by changes in wholesale Rotterdam prices.

3.2 The distribution of price changes

On the size of price changes, we obtain that price increases are almost as frequent as price
decreases. The frequency of diesel price increases is on average 8.7% versus 8.9% for price

decreases whereas for unleaded petrol prices the frequency of price increases is 8.7% versus 7.8%

10Similar evidence is also reported by Asplund et al. (2000) on Swedish gasoline prices. Many gas stations arc
open on Sunday and consumers can use automatic pumps and payments by credit cards. However, it is more

doubtful that an employee is present to change prices or even to decide to change prices.



for price decreases (Table 1). If shocks are equally distributed between increases and decreases,
this might suggest no asymmetry in price changes for diesel and a rather small one for unleaded
petrol.

Table 3 summarizes the main statistics on the size of price changes. For diesel and unleaded
petrol, the average price increase (resp. 2.3% and 2.9%) is close to the average price decrease
(resp. —2.4% and —2.9%) in absolute values. Price changes are larger for supermarkets than for
other gas stations. The average price change in supermarkets is about 2.5% for diesel and 3.1%
for unleaded petrol whereas it is respectively 2.2 — 2.3% and 2.6 — 2.7% for other gas stations
(Table 3). Figure 3 plots the distributions of price changes different from 0. One original pattern
of those distributions is their M —shape.!! Small price changes (in percentage) are rare.!? Less
than 25% of price changes are smaller than half the median of price changes whereas for instance
whereas Klenow and Kryvtsov (2008) find a proportion close to 40% on US CPI data. This
M —shape of the distribution of price changes is consistent with a distribution of price changes
predicted by a standard menu-cost model. This small proportion of small price changes could
also be due to frequent large changes in production costs. However, the distribution of market
price changes is close to a normal distribution with zero mean. Another explanation might be
related to the number of digits used to display prices. In a large majority of outlets, prices are
displayed with three digits after the comma. So, in principle price changes could be smaller than
1%. For example, if the diesel price (excluding taxes) is 0.451 euros (i.e. close to the minimum
price on our sample period), the retailer can decide to increase its price by 0.001 euros and the
price increase in percentage would be 0.22%. However, the distribution of the last digit in prices
(including all taxes) is not uniform: 31% of gasoline prices end with "9", 29% with "0", 9%
with "5", 7% with "4" whereas for other last digit figures this proportion is smaller than 5%
(see Table A in appendix for details) whereas the distribution of the penultimate digit appears
uniform (Knotek 2010 and Levy et al. 2011 provide similar evidence on other products). The

timing of price changes might be modified by the presence of pricing points: firms wait for large

" Recently, using a test of unimodality, Cavallo and Rigobon (2011) find evidence in favor of bimodality in

distributions of price changes in supermarkets.
2 Asplund et al. (2000) using Swedish daily gasoline prices find such a distribution for price changes: there is

no price changes less than 2%.
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movements of wholesale prices before changing their prices because they want to increase or
decrease their prices by 0.10 or 0.05 euros. Price durations for price points are longer (see Table

A in Appendix) and small price changes would be less frequent.!?

4 Gasoline price rigidity: an empirical model

Price changes in gas stations are infrequent whereas marginal costs are modified every day, price
changes are on average rather large and small price changes are rare. Gasoline prices appear
as a textbook example to illustrate price stickiness models. However, one key issue in most
empirical studies on price rigidity is to measure at the firm level the determinants of prices.
In price rigidity models, firms set their prices in a monopolistic competition framework. The
price level that would be observed in the absence of rigidity called the frictionless prices is given
by a mark-up over marginal costs. One difficulty is to measure at the firm level the marginal
costs. Some empirical studies suppose that prices depend on aggregate inflation (Cecchetti 1986
or Fougere et al. 2007 for example). Other studies use better approximations at the aggregate
level like wage costs or wholesale prices (see Fougere et al. 2010, Ratfai 2006 or Dutta et al.
2002). In a recent contribution, Dhyne et al. (2011) using a statistical decomposition, identify
the marginal cost to an unobserved factor specific to the product. In our case, the marginal cost
of gasoline prices is the wholesale prices of gasoline (diesel and unleaded petrol) quoted at the
Rotterdam market.

We here estimate a rather flexible form of state-dependent model. This model aims at repro-
ducing the main characteristics of gasoline price adjustments: i) price changes are infrequent; ii)
the timing of price changes depends on the evolution of wholesale prices but also on the days of
the week; iii) small price changes are quite rare but price changes vary a lot over time for a given
firm. A standard adjustment cost model would predict that price adjustments are discrete, quite
large and depend only on price fundamentals (here the price of Rotterdam refined oil products).

In that model, there is a cost to adjust prices and firms trade off between the opportunity cost

131f we restrict our sample to prices not ending in "9", "0", or "5", we still find that the distribution of price

changes exhibit an M-shape (but less pronounced than for prices ending in "9", "0", and "5").
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of deviating from the optimal price (i.e. the foregone profit) and the adjustment cost. Firms
tolerate that their actual posted price deviates from the frictionless price (i.e. the price that
would have been observed without adjustment cost) as long as this deviation is not too large.'*

The optimal frictionless price would be defined as:
Pir = ai + Bip} + vt (1)

where pj, is the logarithm of the optimal price in the gas station ¢ at date ¢ and pf the
logarithm of the price of refined oil product sold in Rotterdam at the spot market at day ¢. €14
is a firm- and time-specific shock. We could interpret p? as a common shock to the frictionless
price and €1 4+ as a specific or idiosyncratic shock to the frictionless price. Under some conditions
shown to be of the (S, s) type!®, the optimal adjustment rule is then to adjust the price only if
the difference between the optimal price p¥, and the price p;;—, modified at period ¢t — 7 (where
T is the duration since the last price change), exceeds some threshold S; (for price decreases)
or s; (for price increases). When prices are reset, new prices are set at the optimal frictionless
price. The firm’s pricing decision depends on the distance covered by pj, between dates t — 7
and t (the date at which the decision is taken).

However, the (S,s) model puts strong restrictions on the patterns of price adjustments.
First, the size of the price change is the same for all price decreases (.S; in absolute values) and
all price increases (—s; in absolute values). This prediction is not consistent with the variance of
price changes over time (for a given firm). Second,in a standard (S, s) model, the timing of the
price adjustment only depends on the frictionless price which is not completely consistent with
our observations. We will rely here on a time-varying thresholds model. As shown by Caballero
and Engel (1999) in a model of investment decision, thresholds that fluctuate over time can be
obtained under such the assumption of a random menu cost. Dotsey et al. (1999) assume such
random adjustment costs for prices. Woodford (2009) also show that predictions of information

cost model could also be reproduced by a generalized (S, s) model. In our model, to reproduce

14 Another possible margin of adjustment for gas stations would be inventories. However, according to the French
competition authority, at the retail level, inventory capacities are small and firms most often use a replacement

value to set their prices. Our frictionless price can be considered as a replacement cost.
"See Seshsinki and Weiss (1977) or Hansen (1999).
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the timing and the size of price changes, the thresholds are allowed to vary over time and across
firms. Overall, our approach is related to the adjustment hazard model developed by Caballero
and Engel (1999): the probability of a price change is a function of the gap between the current
16 (

price and a frictionless optimal price'® (see Figure B in appendix).

The price decision rule could summarized as follows:

if pit—r —pis = St Dit = D4
U pip—r —Diy < it Pit = Djy (2)
if Sit > pijt—r —Djy > Sit Pit = Dit—r

where upper and lower bands are defined as:

Sit = visXit — €2,it (3)

Sit = Vs Xit +€2,it (4)

where S;; and s;; are the upper and the lower stochastic bands, X;; are exogenous variables
that modify the timing of price adjustments (here the days of the week) and €9 ;; is firm- and
time-specific shock to the timing of price adjustment. The exogenous shock on the timing
of adjustment is assumed to be independent from the shock €14 on the optimal price. The
adjustment hazard model is rather flexible. For instance, our model encompasses the Calvo
model: when the threshold varies a lot (the variance of €3 is very large), the model predicts a
constant probability for a price change and can generate small price changes. If the threshold
does not vary at all, the empirical model would reproduce the predictions of a standard fixed
adjustment cost model (see also Dhyne et al. (2011), Fougere et al. (2010) and Gautier and Le
Bihan (2011)).

This specification is close to the model considered in Davis and Hamilton (2004) or Douglas
and Herrera (2010). However, we depart from those studies in one dimension. Those studies
examining gasoline price rigidity focus on the probability of price change and estimate binary
response or durations models but they do not consider information on the size of price adjust-

ments. Following Dhyne et al. (2011) and Fougere et al. (2010) we here use the size of price

6That gap is the relevant state variable, so that despite the fact that an optimization problem underlies the

decision rule, no expectation term is explicitly present.
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changes to identify first the idiosyncratic shock on the frictionless price (which might play a key
role in predicting some specific features of price rigidity patterns) and second to disentangle the
volatility of the frictionless price and the volatility of the adjustment cost over time.

The time dimension of our sample is quite large since we observe each gas station during
more than 800 days. So, we estimate a pricing decision rule for every single gas stations and we
are able to estimate the distributions in the gas station population of «, 3, o1, 7,, 75 and o2.
Then, we assess the degree of heterogeneity in the pass-through of oil prices to retail prices and
in the adjustment costs over time and among firms.

An asymmetry in price changes is introduced by allowing asymmetric adjustment thresholds:
a lower absolute value of s compared to S would imply a quicker adjustment to wholesale price
increases than to wholesale price decreases. This possible asymmetry in the thresholds trigerring
price changes is introduced to mimic possible asymmetries in adjustment costs. We here extend
Dhyne et al. (2011) by allowing S and s to be not necessarily equal in absolute values. However,
in the long term, all firms will incorporate the wholesale price variations in their prices and the
degree of pass-through is equal to 5.7

In our econometric specification there are two main stochastic processes and two groups
of parameters to estimate: the first process is the one associated to the frictionless price, we
estimate for each gas station i, ., 5 and o1 (€1 4+ are supposed normally distributed with mean 0
and variance a%i). The second group of parameters is associated to the time-varying adjustment
thresholds where we estimate g, 7, and o (€24 are supposed normally distributed with mean
0 and variance a%i). Formally, our model is a bivariate sample selection model where the first
equation gives the price change decision and the other one the size of the price changes. If
the same regressors appear in both equations, the identification comes from the functional form
(Wooldridge 2002). We here use an exclusion restriction, following Fougere et al (2010) we
assume that the adjustment thresholds vary with the day of the week. The frequency of price
changes varies significantly over the week whereas the average size of price changes is rather

constant over the days of the week. Those differences could be explained by two causes: first,

T or simplicity, we assume that the idiosyncratic shock associated to thresholds e3¢ is similar when prices

decrease or increase.
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some gas stations may be closed during the weekend or at least there is no employee to physically
change prices; second, this seasonality could reflect the process of information acquisition (as
described for instance in Asplund et al. (2000)). Gas companies observe oil prices on Monday
and decide at a more or less centralized level to change their prices on Tuesday conditionally
on changes in oil prices at the beginning of the week. Then price change decisions should be
communicated to all gas stations and it could be costly and rather long.'® This seasonality would
affect the timing of price adjustment but not the frictionless price which is mainly governed by
wholesale prices.

We estimate this model using standard maximum likelihood function procedures. An Ap-
pendix provides details of calculations for the likelihood function. This model is estimated
separately for diesel and unleaded petrol. We restrict our sample to all firms observed more
than one year in order to have a sufficiently large time dimension. For diesel prices, the sample
contains 7,917 gas stations and for unleaded petrol prices, it contains 7,211 gas stations. We

also exclude observations made on Sundays since there are very few price changes on Sundays

and identification of thresholds associated to Sunday observations is difficult.

5 Results

Table 4 reports estimation results of the time-varying (S, s) models separately for diesel and
unleaded petrol prices. We report statistics on the distribution of parameters estimated firm by

firm.

5.1 Frictionless price

The first three lines of the Table 4 report results associated with the frictionless price p*. The
pass-through of the wholesale market price (Rotterdam prices) to retail prices is always positive

and significant in all firms but it is different from 1. For diesel prices, the average pass-through

'8Sce Muller et al. (2010) or Zbaracki et al. (2004) for additional evidence.
YWoodford (2009) and Alvarez et al. (2011) propose theoretical models where firms have to face a cost of

information and a menu cost and they show that their models are able to match most of empirical features of

price data.
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of French gas stations is 0.77 and its median is 0.80 whereas for unleaded petrol prices this pass-
through is somewhat lower close to 0.67 on average and to 0.68 for the median. This parameter
captures in our model the weight of wholesale gasoline in the firm cost function. Using national
accounts in the retail gasoline sector, the share of wholesale gasoline cost in total costs is about
75 to 85% which is quite consistent with our results.

Figure 4 displays the whole distribution of 3 parameters estimated using gas station data.
For both diesel and unleaded petrol prices, we find that the distributions of the § coefficients
have two different modes. This heterogeneity corresponds to differences in the degree of pass-
through between supermarkets and other gas stations. We find that for diesel prices, the average
pass-through is 0.81 in supermarkets and 0.73 in other gas stations (Table 5). The variability in
the degree of pass-through is lower for supermarkets than for other gas stations (the standard
deviation of 3 estimates is respectively 0.04 and 0.07). For unleaded petrol prices, we obtain
similar conclusions, the pass-through is a little higher in supermarkets than in other gas stations
(0.70 versus 0.64) but the difference is smaller. To examine more deeply the heterogeneity of
B;, we run additional regressions where we explain differences between the determinants of 3
by local competition variables, firm-level and local population characteristics. Tables 6 and 7
present the results of those OLS regressions. First, we find that local competition variables play
a significant role. In particular, the distance of a given gas station to the closest supermarket
has a negative effect on 3, whereas the density of supermarkets tend to increase (3; for both
diesel and unleaded petrol. Supermarkets are more likely to charge lower prices and respond
more quickly to cost changes, so they increase the competition pressure on other gas stations.
The degree of pass through of gasoline stations on motorways is lower on average. Here again,
gas stations on motorways are quite scarce and the degree of competition is lower. We also find
that gas stations using pricing points strategies?” tend to have significant lower ;. Moreover,
local economic variables appear significant. Gas stations located in urban areas (except Paris
and its suburbs) show larger pass-through coefficients than in rural areas. Another indicator of
density is the share of households owning at least one car, this variable has a positive effect on

B;. The unemployment rate tends to increase [3,. Finally, services offered in gas stations have a

20We use a dummy variable equal to one if 95% or more of prices in a gas station end with a "0" or a "9".
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mixed impact on the pass-through.

The parameter «; is supposed to capture the average firm’s mark-up. We find rather small
values for this parameter: about 2% on average for diesel and around —2% for unleaded petrol.
Since we do not observe all costs at the gas-station-level, the parameter o will also capture the
effect of other costs on the frictionless price, which reduces the estimated mark-ups.2! We can
assume that other costs such as labour costs are not modified at a daily frequency and did not
move significantly during our sample period. So, the parameter «; do not provide an exact
estimation of the mark-up level but is correlated with mark-ups. We interpret heterogeneity
in o; among gas stations as differences in mark-ups.?? For instance, we find large differences
in a; between supermarkets and other gas stations: mark-ups are lower in supermarkets than
in other gas stations for both diesel and unleaded petrol (Table 5). Tables 6 and 7 show
further results on the heterogeneity of mark-ups among gas stations. We find that the degree
of competition has a negative significant effect on «;; in particular, when the distance to the
closest supermarket is large, a; is higher for both diesel and unleaded petrol.?*> We also find that
the local unemployment rate have a negative effect on «;. Those effects are rather consistent
with Hosken et al. (2008) who find that the local population income has a positive impact on
margins. Finally, when a gas station has a store and sells a high quality gasoline, the mark-ups
are larger.

Finally, the estimated values of parameters o1 (Table 4) are on average quite large: 1.58%
for diesel prices and 1.92% for unleaded petrol prices. We can interpret the impact of the market
Rotterdam price as a common aggregate shock and 1 captures all firm and time-specific shocks.

The large values of o1 reflects the importance of idiosyncratic shocks in triggering price changes;

*For instance, if we suppose a Cobb Douglas cost function, we would have, in logs : mc = Bp° + (1 — Blw
where mc the marginal cost of producing one liter of gasoline, 5 the share of wholesale gasoline in the cost
functon, p° the price of a liter of wholesale price and w is price of other costs. The markup should be: p — me =
p— Bp° — (1 — B)w = a. Since we do not observe w, we estimate & = p — Bp° and it implies that & < « (if W is

less than 1 euro).
22To control for possible differences among gas stations in "other costs", we add controls for brand characteristics

and local economic conditions.
*Hosken et al. (2008) find similar evidence but they do not find that competition indicators have a significant

effect on stations’ margins.
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this feature was acknowledged by many studies of the recent literature on price rigidity (e.g.
Golosov and Lucas, 2007), it can explain why we observe relative large price changes (compare to

the aggregate fundamentals) and why we can observe the same day price increases and decreases.

5.2 Thresholds

The second part of Tables 4 and 5 reports the parameters associated with the adjustment
thresholds.

In a standard constant adjustment threshold model, large values of the bands reflect large
costs of price changes and all price changes are equal to the size of the inaction band. In our
framework, adjustment thresholds are time-varying, allowing for variability in the size of price
changes over time for a given gas station. However, as shown by Gautier and Le Bihan (2011),
in that case, the mapping between those parameters and the adjustment cost is not trivial: the
mean and the variance of the threshold are positively related to fit the data. In particular, when
both the mean and the variance of adjustment thresholds are large, the price setting behaviour is
very close to a Calvo price setting model. We compare our results obtained with a time-varying
(S, s) model with results obtained from a standard (.9, s) model and a Calvo model (see Tables
B and C in Appendix). First, as expected, the estimated adjustment thresholds in time-varying
(S, s) models are larger than those obtained for a fixed menu cost model. On average, for diesel
prices the time-varying adjustment thresholds are larger than 4.33% in absolute values whereas
the average size of price changes is less than 2.5%. For unleaded petrol prices, the adjustment
thresholds are a little larger more than 5.5% whereas the average price change in absolute values
is around 3%.

Second, the variation over the week of the thresholds reflects variations in the price adjust-
ment cost. The thresholds are larger on Monday and Saturday (the median value is larger than
5% for price decreases and price increases on Monday and Saturday for diesel prices and around
7% for unleaded petrol prices), the thresholds are on average lower on Tuesday and Friday
(about 4% for diesel prices and 5% for unleaded petrol prices). This result is consistent with
the variations in the frequency of price changes over the week (see above). Mean and variance

of adjustment thresholds are a little larger for supermarkets than for other gas stations, this
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result suggests that if the pass-through is larger for supermarkets, the decision of price change is
less impacted by aggregate shocks. To examine in details the heterogeneity of thresholds among
gas stations, we present in Tables 6 and 7 OLS regressions of estimated band width (average
of S and s) on competition, firms’ characteristics and local variables. We find that the degree
of competition has a significant negative impact on the thresholds: for instance, the number
of supermarkets close to a gas station tends to lower the band of inaction. We also find that
pricing points strategies have a strong significant impact on thresholds. Firms that use only
attractive prices (ending in 0 or 9) are likely to have larger adjustment cost and show larger
inaction bands. Moreover, thresholds are significantly lower in urban areas than in rural areas
whereas services offered in gas stations play a mixed role on inaction bands.

Finally, the mean variability of the shock €2 associated with the adjustment threshold is quite
large about 3.1% for diesel prices and 4.1% for unleaded petrol prices (Table 4). This explains the
gap between the average observed price change and the average estimated adjustment threshold
(see Gautier and Le Bihan 2011 for details). A high value of this parameter helps to replicate
the large variability in the size of price changes for a given station.

To test the presence of asymmetry in the response of gasoline prices to shocks on the wholesale
price, we use the estimates obtained for the adjustment thresholds. If there is some downward
price rigidity, it would imply that on average, for a given absolute value of the price gap |p; +—r —
Pt |, a firm would be more likely to hit the threshold trigerring price increases than the threshold
triggering price decreases. In other words, it would imply that in absolute values, the threshold
associated to price increases is smaller than the threshold associated to price decreases. If we
examine the median values of the thresholds for price decreases and increases, we can note that
on Monday, Tuesday and Wednesday there seems to be some asymmetry in price changes. The
difference appears a little larger for unleaded petrol around 0.2 and 0.1 — 0.15 for diesel prices.
In other days, the difference is smaller (less than 0.1) but the direction of the asymmetry is also
reversed. If we analyze estimation results obtained from a fixed menu cost model, we find a
small downward asymmetry for unleaded petrol but not for diesel prices.

More formally, to assess the degree of asymmetry in price changes, we test that the difference

between thresholds trigerring price increases and decreases is significant at cach day (for every
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gas station) using a Wald test (y,+7g = 0 versus y,4+7g > 0). Table 8 summarizes the
proportion of firms for which the asymmetry is significant. At a 5%-level, we find that only
between 15% and 20% of gas stations selling diesel have asymmetric thresholds on Monday,
Tuesday or Wednesday. This proportion is a little higher for unleaded petrol (slightly above
20%). At a 1% level, the proportion is smaller for diesel prices. If we consider Thursday, Friday
and Saturday, the proportion of asymmetric firms is lower close to 8% for diesel and 10% for
unleaded petrol. We also find that asymmetric behaviour is more frequent in supermarkets than
in other gas stations. Besides, the proportion of gas stations which are downward asymmetric
(at a 5% level) for at least 3 days of the week is equal to 5.5% for diesel and 11.8% for unleaded
petrol; if we consider four days of asymmetric behaviour those proportions are 1.1% and 4.4%.
To compare those results, we run the same test on the standard fixed menu cost model and
we find a little less than 6% of gas stations have an asymmetric behaviour for diesel prices and
7.1% for unleaded petrol. Overall, we do not find strong evidence in favor of asymmetry in price

setting behaviour of French gas stations.

5.3 Fit of the model

In this subsection, we assess the goodness of fit of our model by testing its ability to replicate some
aggregate moments and the distribution of price changes. We run Monte Carlo simulations on
the basis of our parameter estimates and explanatory variables are taken at their sample values.
We simulate each price trajectory 150 times using our model. Then, we compute aggregate
statistics like the frequency of price changes, the average price increase and decrease, we also
display the whole distribution of price changes. Moreover, we compare the simulated statistics
obtained with our time-varying (S, s) model with aggregate statistics obtained using estimates
from two other models (Calvo?* and fixed (5, s) model®® (see estimation results in Tables B and

C in Appendix)).

24We here suppose that price changes are only by an idiosyncratic process. Prices are modified only if the random
process is above a certain threshold. This threshold (which is estimated for every gas stations) determines the

exogenous probability of price change.
5In this model, the threshold trigerring price changes does not vary over time and the variance of shock e is

set to zero.
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Results are summarized in Tables 9 and 10 and on Figures 5 and 6. First, the Calvo model
does better in reproducing the average frequency of price changes (between 11% and 10.5% of
price changes in our simulations versus 11% and 10% in the sample for diesel and unleaded
petrol respectively). The two menu cost models overestimate the frequency of price changes but
time-varying (5, s) model is closer than the fixed (S, s) model. The main drawback of the Calvo
model is that it is unable to predict that the frequency of price changes will move with the
Rotterdam market. Second, on the size of price changes, the Calvo model and the variable (S, s)
model are closer to the sample average than the fixed (S, s) model which predicts that a small
majority of price changes are larger than 5% in absolute values. If we examine more closely the
simulated distributions of price changes, the Calvo model is able to match quite correctly the
distribution of actual price changes but cannot reproduce the small proportion of small price
changes contrary to the time-varying (.5, s) model (Figures 5 and 6). Finally, the variable menu
cost model is able to predict systematic changes in frequencies of price changes over the week.
The fixed (5, s) model would predict "seasonal" price changes over the week if only they are
observed in Rotterdam prices which is not the case. By construction, the Calvo model cannot

reproduce this fact.

6 Aggregate dynamic response of gasoline prices

In this section, we run several simulation exercises to assess the speed and the aggregate response

of gasoline prices to different shocks to the Rotterdam wholesale prices.

6.1 Simulation exercise

Our simulation exercise consists of two steps: first we simulate individual price trajectories using
our parameter estimates then aggregate those trajectories to calculate a simulated inflation rate.
First, for all gas stations present in our sample, we simulate individual trajectories of prices.
For that, we use parameter estimates obtained for every gas stations and run Monte Carlo
simulations. Shocks €1;¢ and €9;; are drawn from two independent i.i.d. normal distributions

with mean 0 and variances oq; and 09;. We also assume Rotterdam wholesale prices to be
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constant, price decisions are only driven by the two idiosyncratic shocks.? Each individual
price trajectory is simulated for 55 days and the first 15 days are dropped to eliminate some
possible initial conditions issues. We simulate each trajectory 500 times. We then compute the
log difference of simulated prices for all trajectories and calculate the average of those differences
to obtain an aggregate inflation rate. Then, we run again the same exercise but we introduce a
permanent shock on the wholesale gas price (i.e. compared to the previous exercise, we consider
that at date 16, Rotterdam prices increase by a given percentage). We consider different shocks
on the wholesale Rotterdam prices: —1%, +1%, +2% and +5%. For each experiment, we
calculate the average aggregate inflation rate. Finally, we compute the difference between the
average inflation rates obtained including exogenous shocks with the aggregate inflation rate
obtained without any shock. This difference will capture the aggregate response of inflation
to different shocks. To compare the aggregate response of prices in our time-varying threshold
model, we run similar simulation exercises considering two limiting cases of our flexible threshold
model, the Calvo model and the constant (S, s) model?’. For that we use parameter estimates

obtained for our two other models (see estimation results in Tables B and C in Appendix).2’

6.2 Results

Figure 7 displays the inflation response of diesel and unleaded petrol prices to a 1%-shock on
Rotterdam prices in the three models. In all three models the long-term impact of the shock is
exactly equal to the average value of 5 (i.e. 0.77 for diesel and 0.67 for unleaded petrol). Retail
prices adjust rather shortly after the shock (about 10 days for a complete adjustment). Table

10 provides some details on the delay of adjustment of retail prices, it gives the proportion of

20We also run similar exercises but considering a positive or negative exogenous trend in Rotterdam prices and

results remain quite similar for the speed of adjustment.
2"In the Calvo model, we estimate the model assuming that the decision of price change does not depend on

the frictionless price but is only driven by a constant that is estimated. In the constant (S,s) model, we estimate
a constrained model where the thresholds are constant over the days of the week and the variance of the shock

on thresholds is zero.
2¥We run different simulation exercises assuming that the initial shock occurs at different days of the week but

results appear rather similar.
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the shock absorbed in inflation after a certain duration in days. Using the variable (.9, s) model
as a DGP for the simulations and a 1%—shock, we find for example that about 40% of the total
adjustment is achieved the day after the shock. We observe that 5 days after the shock about
90% of the total response of retail gasoline prices is observed and 95% of the total response
is incorporated into prices after 2 weeks. There are some differences in the transmission delay
of a shock between the different models used as DGP for the simulation. The transmission is
shorter in the case of the constant (S,s) model and longer in the Calvo model: 95% of the
total response is obtained after 3 days in a constant (S,s) model versus 15 days in the Calvo
model (Figure 7). The time-varying threshold model appears as an intermediate case. Those
differences in the delay to incorporate shocks are consistent with the macro literature on state-
versus time-dependent models.

To understand those differences, Figure 10 illustrates the response of the frequency of price
changes to a 1%-shock on Rotterdam prices. In the Calvo model, the probability of price
change is constant over time and exogenous, so it is not modified after a shock on Rotterdam
price. Consequently, firms will change their prices gradually, the day after a shock 23% of firms
will change their prices, at day 2, among the 77% of firms which did not changed their prices
before, 23% will change their prices (i.e. 18% of total firms)... In our simulation exercise, the
frequency of price changes does not respond to shock on Rotterdam market prices with the
Calvo model (Figure 8); the inflation adjustment comes from the size of price changes when
prices are modified. In a standard menu cost, as explained by Caballero and Engel (2007), the
reaction is quicker because of a selection effect: firms adjusting their prices are those the closest
to the threshold and prices are modified, the size of price changes is equal to the size of the band
(either —S if it is a price decrease and —s if it is a price increase). This implies a quick increase
in the frequency of price changes (Figure 8). The random (S, s) model allows to reduce the
selection effect and makes the adjustment delay longer. If o9 is extremely high, price changes
are not driven any more by changes in fundamentals but only by idiosyncratic shocks on the
adjustment cost and in that case, the model is very close to the Calvo model. In our simulation
exercise with a time-varying (S, s) model, the frequency of price changes responds more slowly

than in the case with a fixed (S, s) model. However, the difference is quite small implying that
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the estimated time-varying model behaves quite closely to the fixed menu cost model in terms
of frequency of price changes.

Figure 9 shows the inflation response of retail fuel prices to different market price shocks
using the time-varying threshold model. First, the long term response is perfectly proportional
to the shock: for diesel, after a 1%-shock we obtain a response of 0.77, with the 2%-shock a
response equal to 1.54% and with the 5%-shock a response equal to 3.85%. Second, a larger
shock is incorporated more quickly (Figure 9). For diesel prices, a 5%-shock on Rotterdam
prices is almost fully incorporated in 5 days (95% of the shock) whereas 5 days after the shock
less than 90% of the total response to the shock was incorporated in the case with 1%- and 2%-
shocks. For unleaded petrol prices, we obtain similar conclusions (Table 10). However, shocks
are slightly more quickly incorporated in diesel prices than in unleaded petrol prices. The fact
that retail prices react more quickly to larger shocks can be rationalized by the selection effect:
the proportion of firms adjusting in a menu cost model is equal to the proportion of firms
closest to the threshold and when they adjust those firms fully incorporate the shock. So, when
the shock is larger, the number of firms adjusting their prices is larger (see Figure 10 for an
illustration in our simulation exercise). This implies that the shock is more quickly incorporated
into prices. On the contrary, in the Calvo model, there is no selection effect and the number of
firms adjusting after a shock does not vary. So, the delay in reaction of retail prices to a market
price shock will be exactly the same for all types of shocks.

Finally, we find no asymmetry in the aggregate response of retail gasoline prices to a market
Rotterdam price shock. To test the presence of this asymmetry, we run simulations with a
positive and a negative 1%-shock on Rotterdam prices for diesel and unleaded petrol prices. As
expected, Table 10 shows no difference in the speed of reaction of retail prices to a positive or
a negative market price shock. In all cases and for all models considered, after a positive or a
negative shock, we find very similar delays in the transmission of shocks. The only case where
we can observe an asymmetry for unleaded petrol prices is at date +1 for time-varying threshold
model, but it is small. This result is very consistent with outcomes of the tests of asymmetry
in the thresholds. The proportion of firms with some asymmetries is rather limited and when

asymmetries exist, their amplitude is small.
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7 Conclusion

In this paper, we examine the degree of price rigidity in French gas stations using a data set
containing millions of price quotes collected at a daily frequency on the period between January
2007 and June 2009.

We first provide some new findings on the price setting behaviour of gas stations. Gasoline
prices are modified frequently and firms are more likely to change their prices on Tuesdays
and Fridays than on Saturdays, Sundays or Mondays. Price decreases are as frequent as price
increases. The average size of price changes is larger than the average wholesale price change.
Moreover, the distribution of price changes exhibits an M —shape where small price changes are
quite scarce. This pattern of the distribution of price changes is consistent with predictions of a
menu-cost model and contrasts with most empirical studies using individual CPI price quotes.

In this paper, we assess the degree of pass-through of costs to gasoline prices using price
rigidity models. Our baseline model is a time-varying (.5, s) model which allows us to be rather
flexible to replicate the infrequency of price changes and the distribution of price changes. We
find that the degree of pass-through of wholesale market prices to retail gasoline prices is lower
than 1 but consistent with the share of wholesale gasoline cost in total costs: 0.77 on average
for diesel prices and 0.67 for unleaded petrol prices. This pass-through is somewhat larger
in supermarkets than in other gas stations. Moreover, competition and local variables play a
significant role to explain differences in pricing strategies among firms. Lastly we find that
thresholds trigerring price changes are rather large on average but vary substantially over time.
Finally, we simulate the aggregate response to shocks of gasoline retail prices. We find that the
adjustment of fuel prices to market wholesale price shocks is quick. We also compare response
obtained with alternative models of price rigidity: the longest response is obtained with the
Calvo model where the delay for a full response is close to 3 weeks.

We test for the asymmetry in the response of retail gasoline prices to market wholesale price
shock. We assess whether thresholds trigerring price increases and decreases are different. A
larger threshold for price decrease implies that firms react more slowly to a decrease in costs.

A small proportion of gas stations show some asymmetry in their price setting behaviour and

25



when it is the case, the asymmetry is small. All in all, in our simulation exercises, the speed of

reaction of retail prices to a comparable positive or negative wholesale price shock is the same.
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Table 1: Price durations (in days) and frequency of price changes (in %)

Nbobs. Mean Q25 Q50 Q75

Price duration
- Diesel
indiwidual price trajectories 1,315,188 5.23 200 4.00 7.00
average by gas station 10,161 6.64 461 6.05 8.13
- Unleaded Petrol
indwidual price trajectories 1,213,842 558  2.00 4.00 7.00
average by gas station 10,013 7.02 495 641 8.54

Frequency of price changes

- Diesel
Total 10,161 17.62 11.82 16.25 21.50
Increase 10,161 871 583 813 10.78
Decrease 10,161 891 584 815 1091
- Unleaded Petrol
Total 10,013 16.52 11.19 15.27 20.00
Increase 10,013 874 6.07r 821 10.56
Decrease 10,013 7.78 500 7.06 9.55

Note: For statistics on price durations, for the line "individual price trajectories", we compute statistics
on the duration of price changes considering all individual price trajectories. For the line "average by
gas station" but also for the frequency results, we compute firstly the average duration and frequency

of price changes for each retailer. Then we compute the average of durations and frequencies.
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Table 2: Frequency of price changes over the week (in %)

Diesel Unleaded Petrol

Total Supermarkets  Other stations Total Supermarkets  Other stations

Monday 12.47 15.13 9.16 12.50 15.19 9.24
Tuesday 18.91 17.79 20.31 19.06 18.00 20.35
Wednesday 17.38 16.25 18.79 17.24 16.18 18.54
Thursday 16.80 15.78 18.08 16.74 15.60 18.13
Friday 21.02 22.14 19.62 21.23 22.33 19.89
Saturday 12.61 12.14 13.20 12.43 11.94 13.02
Sunday 0.80 0.77 0.84 0.80 0.76 0.84

Note: Frequencies are computed as the proportion of price changes (calculated over all price changes) at

each day of the week. All columns sum to 100%.
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Table 3: Size of price changes (in %)

Nbobs Mean Q25 Q50 Q75

Diesel prices

Increases
Total 639,966 2.33 1.15 1.77 280
Supermarkets 353,619 246 1.08 1.82 3.07
Other gas stations 286,347 2.16 1.21 1.71 2.54
Decreases
Total 651,078 -241 -3.06 -1.87 -1.16
Supermarkets 361,676 -2.50 -3.25 -1.91 -1.09

Other gas stations 289,402 -2.30 -2.86 -1.85 -1.23
Unleaded Petrol prices

Increases
Total 625,757 2.86 1.41 2.04 3.49
Supermarkets 340,431 3.07 1.32 222 3.89
Other gas stations 285,326 2.60 1.46 1.92 3.10
Decreases
Total 563,489 -2.93 -3.71 -2.16 -1.37
Supermarkets 311,985 -3.08 -4.00 -2.22 -1.24

Other gas stations 251,504 -2.75 -3.42 -2.10 -1.45

Note: Frequencies are computed as the proportion of price changes at each day of the week.
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Table 4: Estimation results - Time-varying (S,s) model

Diesel Unleaded petrol
Q25 Q50 Q75 Mean Stde Q25 Q50 Q75 Mean Stdc
1.14 1.88 3.08 211 1.27|-3.29 -231 -1.24 -222 1.73
071 080 083 077 0.07| 0.63 0.68 0.72 0.67 0.06
o1 142 155 171 158 0.28 | 1.68 1.88 211 192 041

Mon. -v91 -571 -3.77 -7.71 8.00|-9.85 -7.08 -4.79 -9.16 8.44
Tues. -5.74 -4.09 -296 -4.56 267 |-7.29 -516 -3.78 -5.74 3.19
vs Wed. -593 -435 -3.24 -476 255|-745 -550 -414 -6.03 3.13
Thu. -6.19 -4.57 -3.38 -5.02 297 |-7.67 -5.72 -427 -6.31 3.79
Fri. -5.49 -4.01 -294 -439 248]|-6.87 -5.10 -3.76 -5.56 3.30
Sat. -7.68 -5.46 -3.76 -7.51 7.75]|-952 -6.99 -4.87 -9.11 8.39
Mon. 3.89 581 838 852 87| 499 7.29 1051 10.28 9.61
Tues. 3.09 424 589 472 297 | 398 541 756 6.14 4.50
vg Wed. 331 446 6.08 493 288 | 429 571 777 639 4.18
Thu. 329 452 6.18 503 3.16| 429 579 7.88 6.56 4.61
Fri. 282 394 546 433 255| 3.70 5.07 697 558 3.24
Sat. 3.69 536 7.58 750 797 | 488 697 9.68 938 889
o2 252 311 382 318 1.03| 3.12 382 474 398 1.33

Note: We estimate for each individual gas station a time-varying (S,s) model and then compute statistics
on the parameter estimates we obtained. We consider all gas stations with more than 400 individual
observations of prices. For diesel prices, 7,917 values of parameters estimates are available and 7,211 for

unleaded petrol prices. Observations on Sundays are excluded from the sample used for the estimation.
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Table 5: Estimation results - Time-varying (S,s) model - supermarkets versus other

gas stations

Diesel prices Unleaded petrol prices

Supermarkets Others Supermarkets Others
Mean Stde  Mean Stdc | Mean Stde Mean Stdc
147 089 275 127 | -27 145 -1.70  1.82
0.81 0.04 073 0.07| 0.70 0.04 0.64 0.07
o1 1.61 0.22 1.55 0.34 1.96 0.33 1.88  0.47
Mon. -5.80 563 -9.63 944 | -7.12 576 -11.18 10.03
Tues. -4.59 2.72 -4.53 261 | -5.83 3.24 -5.66 3.14
Ve Wed. -483 254 -4.69 255| -6.17 3.15 -5.90 3.10
Thu. -5.06 3.06 -4.97 289 | -6.47 3.77 -6.15 3.81
Fri. -4.17  2.64 -4.62 228 | -532 333 -579 3.25
Sat. -6.44 581 -860 9.17| -814  6.54 -10.07 9.80
Mon. 6.24 6.11 10.82 10.29 | 7.68 6.82 12.85 11.15
Tues. 4.86 337 459 249 | 632 5.15 596 3.74
vg Wed. 499 293 497 3.14| 6.54 4.04 6.25 4.32
Thu. 5.08  3.18 497 3.14| 6.67 532 6.46  4.86

Fri. 407 246 459 260 | 434 3.14 584 3.32
Sat. 6.47 6.15 853 934 | 847 7.80 5.84 10.45
02 3.19 1.11 317 093 | 4.01 1.36 3.94  1.30

Note: We estimate for each individual gas station a time-varying (S,s) model and then compute statistics
on the parameter estimates we obtained. We consider all gas stations with more than 400 individual
observations of prices. For diesel prices, 4,004 and 3, 913 values of parameters estimates are available for
supermarkets and other stations respectively and 3,585 and 3,626 for unleaded petrol prices. Observations

on Sundays are excluded from the sample used for the estimation.
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Table 6: Determinants of time-varying (S,s) model parameters - Diesel

Distance to closest supermarket gas station (km) 0.012*  —0.001**  0.035"**
(0.003) (0.000) (0.009)
Number of supermarket gas stations within 10kms ~ —0.009***  0.001***  —0.025"**
(0.002) (0.000) (0.006)
Motorway 0.083 —0.108* 2577
(0.058) (0.002) (0.152)
Pricing points 0.010 —0.008"*  0.905™**
(0.027) (0.001) (0.072)
Households owning a car (%) —0.010"*  0.001*** 0.010**
(0.002) (0.00) (0.004)
Urban area with 20,000 to 100,000 inhabitants —0.030 0.005*  —0.457"**
(0.035) (0.001) (0.092)
Urban area with more than 100,000 inhabitants —0.040 0.005**  —0.401***
(0.037) (0.001) (0.097)
Paris and its region —0.039 —0.003 —0.433
(0.128) (0.004) (0.333)
Unemployment rate (%) —0.012"**  0.001*** 0.024**
(0.004) (0.000) (0.011)
Pump working with credit/debit cards —0.037 0.003*** 0.049
(0.026) (0.001) (0.067)
Store 0.162***  —0.006**  0.339***
(0.036) (0.001) (0.095)
Restaurant —0.001 0.002 —0.385***
(0.034) (0.001) (0.088)
Car services 0.033 —0.003"*  —0.233***
(0.028) (0.001) (0.073)
Premium gasoline 0.110*** —0.002 0.085
(0.039) (0.001) (0.101)
Adjusted R? 0.525 0.810 0.377
Number of observations 6,916 6,916 6,916

Note: Columns report the OLS estimates for the time-varying (S,s) model parameters. "Urban area with
less than 20,000 inhab." is used as reference. "Motorway" is a dummy variable equal to one if the gas
station is on a motorway. "Pricing points" is a dummy variable equal to one if more than 95% of prices
end by 0 or 9. Local unemployment and share of households owning at least one car come from the census
2008. "Pump working with credit/debit cards", "Store", "Restaurant", "Car services" and "Premium
gasoline" are dummy variables equal to one if the service is provided in the gas station. Dummy variables

for 28 different brands and 22 regions are included. Significance level : *** 1%, ** 5%, * 10%.
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Table 7: Determinants of time-varying (S,s) model parameters - Unleaded petrol

si|+|S:
o 8; el
Distance to closest supermarket gas station (km) 0.015*** —0.000 0.006
(0.005) (0.000) (0.011)
Number of supermarket gas stations within 10 kms —0.004 0.001***  —0.036™**
(0.004) (0.000) (0.008)
Motorway 0.634*  —0.064*  3.647**
(0.097) (0.003) (0.196)
Pricing points 0.1397*  —0.007"*  1.155™**
(0.047) (0.001) (0.094)
Households owning a car (%) —0.010"*  0.000*** 0.006
(0.003) (0.000) (0.006)
Urban area with 20,000 to 100,000 inhabitants 0.068 0.008**  —0.570**
(0.059) (0.002) (0.120)
Urban area with more than 100,000 inhabitants —0.042 0.008**  —0.717*
(0.063) (0.002) (0.127)
Paris and its region 0.186 0.006 —1.047*
(0.247) (0.007) (0.500)
Unemployment rate (%) —0.012*  0.001*** 0.023
(0.007) (0.000) (0.014)
Pump working with credit/debit cards —0.060 0.002* 0.048
(0.043) (0.001) (0.088)
Store 0.065 —0.008**  0.378***
(0.062) (0.002) (0.125)
Restaurant —0.026 0.003**  —0.405**
(0.057) (0.001) (0.115)
Car services —0.017 —0.003**  —0.203**
(0.047) (0.001) (0.096)
Premium gasoline 0.148** —0.001 0.159
(0.065) (0.002) (0.132)
Adjusted R? 0.300 0.659 0.375
Number of observations 6,262 6,262 6,262

Note: Columns report the OLS estimates for the time-varying (S,s) model parameters. "Urban area with
less than 20,000 inhab." is used as reference. "Motorway" is a dummy variable equal to one if the gas
station is on a motorway. "Pricing points" is a dummy variable equal to one if more than 95% of prices
end by 0 or 9. Local unemployment and share of households owning at least one car come from the census
2008. "Pump working with credit/debit cards", "Store", "Restaurant", "Car services" and "Premium
gasoline" are dummy variables equal to one if the service is provided in the gas station. Dummy variables

for 28 different brands and 22 regions are included. Significance level : *** 1%, ** 5%, * 10%.
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Table 8: Proportion of gas stations with significant downward asymmetric reaction

(Wald test v,+vg > 0)

5% 1%
Total  Super- Other  Total Super- Other
markets stations markets stations
Diesel
Mon. 16.46 24.10 8.64  9.65 15.04 4.14
Tues. 20.75 24.98 16.43  10.90 14.79 6.93
Wed. 17.97 17.48 18.48  8.87 9.44 8.28
Thu. 8.44 11.44 537 3.84 5.29 2.35
Fri. 6.85 8.44 5.21 347 4.17 2.76
Sat. 8.22 9.29 713 3.88 4.37 3.37
Fixed Cost  5.87 8.50 3.35  1.99 3.03 0.99

Unleaded petrol

Mon. 22.35 25.44 19.18 18.78 21.34 16.14
Tues. 21.07 24.26 17.77 15.17 18.61 11.63
Wed. 20.50 23.42 17.49 14.67 17.38 11.88
Thu. 11.65 13.28 9.97  8.45 9.95 6.90
Fri. 10.64 12.65 8.56  7.96 9.95 5.91
Sat. 13.73 14.67 12.76 11.08 11.89 10.25
Fixed Cost  7.14 10.10 4.25  2.32 3.37 1.28

Note: We compute the proportion of gas stations for which the hypothesis v, +7vg, > 0 is accepted at a
5%- and 1%-levels. For the time-varying threshold models, we compute this test day by day (i) and for

the fixed (S,s) model we test the hypothesis v,47vg > 0. Sundays are excluded from the analysis.
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Table 9: Simulated aggregated statistics

F+  F—  dp— dp+ Prop. of |dp|
<05% <1% >5%

Diesel

Sample 10.66 10.92 -2.40 2.38 8.86 23.94  8.96
Variable menu cost 13.08 13.11 -2.84 2.90 9.30 18.65 12.45
Fixed Menu Cost 14.37 14.76 -6.09 6.60 0.07  0.21 60.66
Calvo 11.23 11.18 -2.43 2.46 17.34 30.61 10.46
Unleaded Petrol

Sample 10.27  9.15 -2.96 291 6.78 17.00 14.52
Variable menu cost 12.07 12.36 -3.39 3.51 7.71 1520 21.83
Fixed Menu Cost 14.02 13.83 -7.63 8.22 0.04 0.09 80.07
Calvo 10.62 10.37 2.99 -2.87 14.52  25.78 17.07

Note: We compute simulated price trajectories using our parameter estimates and taking exogenous
variables at their sample values. We then compute the frequencies of price increases and decreases for
each gas station and calculate the average frequency of price increases and decreases (F'+ and F'—). The
same procedure is followed to calculate the average size of price changes (dp— and dp+) and the average
proportion (Prop. of |dp|) of small and large price changes. We use simulations from the time-varying

threshold model, the fixed (S,s) model and the "Calvo" model. Sundays are not considered.

38



Table 10: Dynamic response of gasoline prices to shocks on wholesale market prices

(Rotterdam)

Fixed (S,s) Time-varying (S,s) Calvo
nb days -1% 1% 2% 5% |-1% 1% 2% 5% | 1% -1%

Diesel
1 0.74 0.74 0.75 0.82]043 043 046 0.58|0.23 0.23
2 0.90 0.90 091 095|063 0.63 066 0.77 | 0.40 0.40
3 095 095 096 098|077 077 0.79 0.88|0.52 0.52
5 098 098 098 1 |0.87 087 0.89 0.95]0.69 0.69
10 099 099 099 1 |097 097 097 0.99 | 0.88 0.88
15 099 099 099 1 099 099 099 1 |0.95 0.95

Petrol

0.73 073 073 077|040 041 042 0.49]0.21 0.21
0.89 0.89 0.89 092061 0.61 062 0.70]|0.37 0.37
094 094 094 096|0.75 0.75 076 0.82|0.50 0.50
0.97 097 097 099 | 0.8 086 087 091 ]|0.67 0.67
10 099 0.99 099 09909 096 096 0.98 | 0.87 0.87
15 099 099 099 1 099 099 099 099|094 094

[ O S

Note: We compute simulated price trajectories using our parameter estimates and aggregate those price
trajectories. Then we run the same exercise but adding a permanent shock on market prices. We compute
the difference between the two aggregate price indices obtained. We then calculate the cumulated response
of retail prices to a shock as the cumulated difference. Finally, we compute the ratio as the cumulated
response after a certain duration from the date of the shock on the total response measured as the
cumulated response after 45 days. We use simulations from the time-varying threshold model, the fixed

(S,s) model and the "Calvo" model.
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Figure 1: Distribution of firm-level average durations of prices (in days)
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Figure 2: Hazard rates for price changes
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Note. Solid black line for all gas stations, dashed grey line for supermarkets, dashed black line for

other gas stations. Left-censored price paths are excluded. All other price paths are taken into account.
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Figure 3: Distributions of individual retail price changes (in %)
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Note. Observations are individual price changes when prices are actually changed. Grey bars represent
the distribution of retail price changes and grey lines are the kernel density estimators for distributions

of Rotterdam price changes. Retail price changes are calculated using prices excluding taxes.
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Figure 4: Distribution of 3; (degree of pass-through) using the time-varying thresh-

old model
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Note: Each observation is a value of 8 estimated for an individual gas station. White bars are for prices

in supermarkets and black bars for prices in other gas stations.
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Figure 5: Simulated and actual distributions of price changes (Calvo model versus

actual data)
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Figure 6: Simulated versus actual distribution of price changes (time-varying (S,s)

model versus actual data)
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model and black bars are for the actual distribution of price changes observed in the data.
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Figure 7: Aggregate responses of gasoline inflation to a 1%-shock on Rotterdam

price for the fixed (S,s) model, Calvo model and time-varying (S,s) model
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Note: dashed line for the time-varying (S,s) model, short dashed line for the Calvo model, solid line for

the fixed adjustment cost model.
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Figure 8: Aggregate responses of the frequency of price changes to a 1%-shock on

Rotterdam price the fixed (S,s) model, Calvo model and time-varying (S,s) model
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Figure 9: Aggregate response of gasoline inflation to shocks on Rotterdam price

(time-varying (S,s) model)
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Figure 10: Aggregate response of the frequency of price changes to shocks on Rot-

terdam price (time-varying (S,s) model)
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line for the response to a 5% shock.
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APPENDIX

Likelihood function

The contribution to the likelihood function of price constancy in firm 4 at date ¢ is :

hit = Pr(dpitr = Olpit—r, Xit, D7)
= Pr(sit < pit—r — iy < Sit)
= Pr(v;s Xit + €2,it < Pijg—r — @ — Bi0§ — €1, < Vi Xit — €2,it)
=Pr(eri + €24t < Pist—r — 0 — BiP7 — Vi Xits Pist—r — i — 337 — Vis Xit < €13t — €2,it)

Pit—r — & — Bipf — 75Xt

/ 2 2
01 T 03

Dit—r — @ — 30§ — Vi Xit Dit—r — i — Bipf — Vs Xit 02,—02,

Y y 2 2
2 2 2 2 07;+0%;
\/‘711"“721' \/ 01 T 0%

(5)

where ® is the c.d.f of the Gaussian distribution and ®sis the bivariate c.d.f of the Gaussian

—d,

distribution.

The contribution to the likelihood function of a price increase in firm i at date ¢ is:

laix = Pr(dpitr > O|pit—r, Xit, f)
=Pr (e1,4 = piy — @i — B;pf) x Pr [pi,t—T — i < ity Dit—r — Diy < Sit | €140 = Pit — i — B}

1 & <pi7t—7' — Oy — sz;t))

o1 o1

o py | Pt T Bip? — e1it < Vs Xit + €20ty Dig—r — i — Bipd — €1t < VigXit — €2t
| e1it = piy — @i — B;p}
1 pig—r — i — Bipf
= ;ﬂﬁ — 01? L) X Prl—dpisr — visXit < €24t dpigr + VisXit > €2,it)
7 7

1 Dit—r — o — B;pf dpitr + VisXit —dpitr — VisXit
-4 x |@ (it ThisRit) g

015 015 09; 02

where ¢ is the p.d.f of the Gaussian distribution and dp; ;- = pit — Pit—r-
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The contribution to the likelihood function of a price decrease in firm 7 at date t is:

lsit = Pr(dpitr <O|pit—r, Xit, p7)
= Pr(erit = piy — i — B;p}) x Pr [pi,t—r —Pi > Sity Dig—r —Diy = Sit | €1 = piy — i — B

LCZ) (Pi,t—r — o — 5117?)

015 014

0 0
< P Pit—r — O — Bipt — El,it > VisXit + €2ty Pit—r — Q4 — Bipt — €14t = VisXit — €2t
r

| €14t = piy — o — B;pY
1 Dit—r — 0 — B;pf

= JT~¢ o1 X Prl—dpiir — visXit > €2,it, dpigr + visXit < €2,it]
(2 1
_ L (P m i B [<I> (—dpi,t,r - ’Yist't) & (dpz‘,t,r + %st't)]
o1 o1 02i 02i

where ¢ is the p.d.f of the Gaussian distribution and dp; ;- = pit — Pit—r-

The likelihood function for an i.i.d. sample of a given firm i is thus:

x|

InL;(0) =) (luie X yrie + lois X Y2ir + 136t X Y3ir)
=1

where y1;4 = 1 if dp;;» = 0 and 0 otherwise, y2;; = 1 if dp;t,> < 0 and 0 otherwise and

y3ie = 1 if dp; -~ > 0 and 0 otherwise.
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Figure A: Average retail prices (individual data set), weekly retail prices pub-
lished by the Ministry of Economy and wholesale market prices (Rotterdam)

a) diesel

Price (euros per liter)

0.20 T T T T
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a) unleaded petrol

Price (euros per liter)

Il
0.15 - "
0.10 T

01/01/2007 01/05/2007 29/08/2007 27/12/2007 25/04/2008 23/08/2008 21/12/2008 20/04/2009

Date

Note: dashed line is for Rotterdam prices, black line is for the average of individual prices collected in
our data set and grey line is for the aggregate retail price series published by the Ministry of Economy

each Friday.
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Figure B: Adjustment hazard functions
a) Diesel

15

10 4

Probability of a price change (%)

p-p* (%)
b) Unleaded petrol

10

Probability of a price change (%)

P-p* (%)
Note. Adjustment hazard functions are computed as the probability of price increases or decreases as
a function of the log difference between the observed nominal price and the frictionless price (the number
of classes of p — px is 1,000). For each retailer, the difference p — p* is centered. p is the log price of
fuel in our microdata set. p* is the log Rotterdam market price. Black points are for probability of price

decreases. Grey points are for probability of price increases.
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Table A: Distribution of Price Changes and Average Duration by the Last Digit

of Price

Diesel Unleaded Petrol
% of price Average price % of price Average price

trajectories duration (in days) trajectories duration (in days)

0 29.0 6.7 29.5 7.0
1 2.9 4.2 3.0 4.6
2 4.2 4.1 4.2 4.4
3 3.6 4.3 3.6 4.7
4 7.2 4.2 7.3 44
5 8.8 4.5 8.8 4.9
6 3.7 4.4 3.8 4.7
7 4.1 44 3.9 4.7
8 4.7 4.7 4.6 5.0
9 31.8 4.9 31.4 5.3

Note: We consider prices including all taxes, the proportion of price trajectories is computed as the ratio
of number of price trajectories ending with one figure on all price trajectories and we compute the simple

average duration. The last digit is the third one.
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Table B: Estimation results - Fixed adjustment cost model

Diesel Unleaded petrol
Q25 Q50 Q75 Mean Stde Q25 Q50 Q75 Mean Stdc
1.56 239 3.68 262 1.39]|-259 -1.51 -0.27 -1.34 191
0.72 080 0.84 0.78 0.07| 064 0.69 0.73 069 0.06
o1 | 231 263 3.04 272 063] 280 325 380 338 0.86
vg | 3.22 4.02 517 431 165| 413 521 6.68 556 2.03
ve | -5.21 -4.16 -3.39 -438 1.56 |-6.39 -5.08 -4.11 -5.39 1.86

Note: We estimate for each individual gas station a fixed (S,s) model and then compute statistics on the
parameter estimates we obtained. Observations on Sundays are excluded from the sample used for the

estimation.

Table C: Estimation results - Calvo model

Diesel Unleaded petrol
Q25 Q50 Q75 Mean Stde Q25 Q50 Q75 Mean Stdc
1.21 196 3.15 219 1.31(-3.19 -219 -1.11 -2.11 1.75
071 080 083 077 0.07| 0.63 0.68 0.72 0.68 0.07
op| 1.63 1.78 198 1.83 032 193 216 243 222 0.46
A1 | -140 -1.27 -1.11 -1.25 0.27|-1.48 -1.35 -1.19 -1.32 0.29
Ao | 111 127 140 1.25 0.25| 1.13 1.27 140 126 0.26

Note: We estimate for each individual gas station a "Calvo" model and then compute statistics on the
parameter estimates we obtained. A1 (resp. Ag) is the intercept trigerring randomly price increases (resp.

decreases). Observations on Sundays are excluded from the sample used for the estimation.
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