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Oil prices react to various types of shocks, and their impacts could reach our lives quickly. For example, on one
day, we might hear on the radio that OPEC has decided to cut their oil production for the next year, and, only a
few days later, find out that our local gasoline station has just raised the price. This paper examines daily data
on gasoline prices, produced by a price comparison site in Japan, to estimate how they respond to a shock that
hit the world oil market. In doing so, we take seriously the possibility that an increase in oil prices might cause
different reactions depending on the source of the change. This paper focuses on one particular type of shock,
namely changes in expectations about future supplies of crude oil. Identification is achieved via estimating a ver-
sion of the Structural VAR with External Instruments (SVAR-IV or proxy-VAR) coupled with High Frequency
Identification (HFI). The result confirms that pass-through is indeed very fast: about 70% of the entire adjustment
process is completed within just 18 days.

© 2021 Elsevier B.V. All rights reserved.
1. Introduction

This paper estimates how shocks to world oil prices are transmitted
to domestic gasoline prices in Japan. Our experiences suggest that this
process might be very fast. For example, on September 28, 2016, the
OPEC member countries agreed to reduce production of oil. On October
14, a little over two weeks later, the Nikkei Newspaper of Japan was
reporting that gasoline stations were raising their prices. In such an en-
vironment, a conventional approach, which relies onmonthly data,may
not be able to capture the entire process of the price adjustment ade-
quately. For that reason, this paper examines a new daily data set on
gasoline prices in Japan. The source of this valuable data is a popular
price comparison site specialized in reporting prices of gasoline and die-
sel oil. Tens of thousands of registered drivers, aswell as shopmanagers,
report prices posted at gasoline stations to this web site from all over
Japan, on daily basis.

In our analysis, we take seriously the claim made in the literature
that the effects of oil price changes might vary depending on the nature
of the shock that caused them. That is, we need to disentangle the
intertwined relationship between supply and demand. This paper
adopts an approach similar to that of Känzig (2021) to identify oil supply
shocks, or more precisely, shocks to expectations regarding future sup-
plies of oil, and estimates their effects on domestic prices.

This approach is based on themethodology called the Structural VAR
with External Instruments, or SVAR-IV (also referred to as the proxy
VAR), which has been developed by Mertens and Ravn (2013) and
Stock and Watson (2012). It involves use of an “external instrument”,
whose requirement is to be correlated with the shocks of interest (oil
supply shocks in our case) but uncorrelated with all the other types of
shocks. Introduction of such an instrument allows us to achieve identi-
fication of the shock that we are interested in, without requiring us to
achieve identification of the entire structural form of the model.

In this paper, such an external instrument is constructed in three
steps. The first step is to find candidate periods during which important
news about the future course of the world supply of oil might have oc-
curred. I look for two types of events. The first set of events are the ones
related to OPEC's decisions concerning its future oil production (such as
an announcement on an agreement to cut future output). The second
are those related to the US-led efforts to impose or to lift sanctions on
crude oil imports from Iran. I utilize Google Trends for this task of
narrowingdown the candidate periods. The second step is to go through
news articles around those candidate periods to determine on which
date(s) there was a news about future oil supply. The third step is to
measure reactions of the market to such news. They should tell us
which of those news have truly been “shocks” to market expectations,
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and, if so, magnitudes of the surprises. This is done by computing daily
changes in Brent futures on those days. This produces an indicator
which reflects at least some parts of changes in people's expectations
about the future oil supply.

This news indicator is incorporated, as an external instrument, into a
VAR model with three endogenous variables, namely crude oil prices
that are most relevant for the Japanese market (Dubai, denominated
in the USD), the exchange rate (between the USD and the JPY) and do-
mestic gasoline prices. Note that our news indicatormight not fully cap-
ture all the fluctuations in the expected oil supply, but is (in our view)
definitely correlated with the true sequence of all the supply shocks.

This paper finds the following. An expected oil supply shock has a
significantly positive impact on gasoline prices in Japan. The effect is
permanent and large. The long run pass-through rate is around 20% if
we use gasoline prices that are not adjusted for taxes, but this number
goes up to 40% when we use the tax-adjusted data. And this pass-
through is fast: almost 70% of the long run pass-through occurs within
the first 18 days after the shock. This demonstrates the importance of
the use of daily data: a study which relies on monthly data would not
be able to detect the dramatic price responses that happens within a
month.

In addition to this study of the dynamics of the national average gas-
oline prices, we also study how response of gasoline prices might differ
across groups of gasoline stations with different characteristics. For
example, we ask if shops in urban areas tend to react faster than their
non-urban counterparts to an oil price shock. The group-specific mean
gasoline price series are constructed from a vast micro level data set
which contains all the price information reported to the web site from
different gas stations across the country for a period of about one and
a half years.

The rest of the paper is organized as follows. Sections 2 and 3 offer an
overview of the related literature. Section 4 introduces our new dataset
on gasoline prices at Japanese gas stations. Section 5 reviews the idea
behind the SVAR-IV approach. Section 6 explains the construction of
our External Instruments. Section 7 presents the estimation results
based on our daily data. In section 8, we compare those results with ev-
idence we find by using weekly as well as monthly aggregated data.
Section 9 studies how responses of gasoline prices might differ depend-
ing on shop characteristics. Section 10 concludes.

2. Background (1) news, oil prices, and the macroeconomy

This paper stands at the crossroads of three strands of literature. First
is a series of macroeconomic research on the impacts of oil price
changes on the domestic economy. Secondly, it is related to a group of
event studies on the world crude oil markets, especially the ones that
focus on OPEC announcements. The last is the literature on pass-
through, especially papers that study impacts of oil prices on domestic
gasoline prices. We discuss the first two here, and the last one in the
next section.

2.1. Oil shocks literature and the importance of shock identification

Macroeconomists have long been interested in the effects of oil price
changes on the aggregate economy. The most important progress in
the literature in recent years has been a realization that “Not All Oil
Price Shocks Are Alike” (Kilian (2009)). The effects of an increase in oil
prices of similar magnitudes could differ substantially depending on
the source of the change: for example, a price hike due to a negative
supply shock could have a very different impact on the domestic
macroeconomy compared to increases in prices triggered by booms in
global demand for oil. Kilian (2009) (and also Kilian and Park (2009))
proposes a new methodology to overcome this issue.

Their new approach is based on the SVAR to identify oil supply
shock, oil demand shock, as well as global demand shock (i.e., shock
that affects demand for not just oil but all types of commodities)
2

simultaneously. In their framework, oil supply shocks are identified as
innovations in theworld production of crude oil. Global demand shocks
are defined as innovations in a measure of the world economic activi-
ties, constructed from data on dry cargo freight rates, that are orthogo-
nal to the above oil supply shocks. The part of innovations in oil prices
that are orthogonal to the above two types of shocks are called oil mar-
ket specific demand shocks. It is shown that different types of shocks
have very different impacts on theUS CPI. It is also shown that oil supply
shocks are not a very important driver of the fluctuations in oil prices.
Fukunaga et al. (2011) apply thismethodology to the Japanese economy
to investigate the effects of oil prices on sectoral output and prices. Also,
the above approach has been extended by Iwaisako and Nakata (2015)
to incorporate the exchange rate, and was applied to the Japanese data.

Kilian (2008b) proposes a different approach to directly estimate
shocks to the world oil supply. It has been applied to G7 countries, in-
cluding Japan, by Kilian (2008a). Baumeister and Hamilton (2019)
show a way to extend this line of research by incorporating informative
priors in a Bayesian framework.

In comparison, this paper tries to identify only one type of oil shock,
namely shocks to the expectations about future world oil supply. It can
be considered as a kind of an oil market specific demand shock in the
terminology of Kilian (2009), which is “designed to capture shifts in the
price of oil driven by higher precautionary demand associated with market
concerns about the availability of future oil supplies” (lines 21–22, page
1053).

2.2. Events, news, and asset/commodity markets

There is a long tradition of event studies in financial economics.
They examine how occurrence of events or news is reflected in either
asset or commodity prices. This methodology has been adopted to
study how oil-related news are incorporated into crude oil prices in
the global market. Most of them have used OPEC announcements as
events. Draper (1984) analyzes excess returns in the NYMEX Heating
Oil futures market around the time of OPEC meetings. Loderer (1985)
finds evidence that OPEC meetings affected gas-oil spot prices for the
period 1981–1983 (but not for the years 1974–1980). In a more recent
study, Demirer and Kutan (2010) show that announcements of produc-
tion cuts from OPEC conferences have significant impacts on daily ex-
cess returns in both the futures and the spot markets for crude oil for
the period 1983–2008. Lin and Tamvakis (2010), using data from the
period 1982–2008, report that announcements from both formal OPEC
conferences and ministerial meetings have significant impacts on vari-
ous types of crude oil prices, though the effects are state-dependent.
Schmidbauer and Rösch (2012) start with a set of three dummy vari-
ables, each corresponding to OPEC announcement of production cut,
production increase, or unchanged production. They show that, when
appropriately modified, all three have significant impacts on oil prices,
though the effects are stronger for production cuts. Loutia et al.
(2016), using data for the period 1991–2015, uncover a time varying
nature of the effects of OPEC announcements. They also find some dif-
ferences between reactions of WTI and Brent.

2.3. Utilizing events/news for shock identification

2.3.1. Events and shock identification
The idea of utilizing events or news to achieve a better shock identi-

fication is gaining importance inmacroeconomic analysis. The idea goes
back at least to Romer and Romer (1989) who create dummy variables
for dates on which the Fed made surprising policy decisions which
would not have been anticipated from its usual pattern of behaviors.
In relation to fiscal policy, (Ramey and Shapiro, 1998) and Ramey
(2011) set up dummies for dates on which the US government made
decisions that would have meant larger military spendings in near fu-
ture. The idea is to capture the timing on which the private sector's
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expectations about future fiscal policy changed. In that sense, they uti-
lize those event dates to identify fiscal news shocks.

2.3.2. Financial market as the mirror of the mind
Some related work try to extract the private sector's expectations

about the future from the financial market. For example, Fisher and
Peters (2010) hypothesize that people's expectations about future US
military spending are reflected in stock returns for large military con-
tractors in the US, in an effort to study how the economy reacts to
shocks to such expectations.

2.3.3. Event + market” based shock identification
Recent studies try to achieve a sharper shock identification by com-

bining the above two approaches. That is, they look at behaviors of fi-
nancial indicators on the dates of the news or events. In relation to the
US monetary policy, Kuttner (2001) has shown that, when the Fed
makes surprising policy announcements, they tend to be reflected in
unanticipated changes in returns to the fed funds futures. Faust,
Swanson and Wright (2004) utilize this finding to identify monetary
policy shocks by measuring the change in the futures rate on the day
of announced changes in the Fed's target federal funds rate. Gertler
and Karadi (2015) use a similar variable not as an endogenous variable
in a VAR model but as an external instrument for monetary policy
shocks in an SVAR-IVmodel. For fiscal policy, Shioji (2018) uses changes
in stock returns of construction companies on days of important policy
developments in Japan as an external instrument to identify shocks to
expectations concerning the future course of public investment
spending.

2.3.4. SVAR-IV approach by Känzig (2021)
Känzig (2021) has been the first to introduce the idea of “event +

market” based shock identification into the oil price shock literature.
He proposes a novel approach to identify shocks to oil supply exp-
ectations. His study aims to identify shocks to expectations concerning
future oil supply. For that purpose, he employs the SVAR-IV methodol-
ogy, using the response of crude oil futures to news about future oil sup-
plies as the external instrument.

2.3.5. Contributions of this paper
The basic identification strategy of this paper is quite similar to that

of Känzig (2021).1 It tries to identify shocks to expectations about the
future course of oil supply, by using changes in crude oil futures prices
on days on which oil-supply-related news arrived as an external
instrument.

One feature that distinguishes this paper frommuchof themacro lit-
erature is the use of daily data. Most of those studies use either monthly
or quarterly data, because those are the frequencies at which most
macro variables are available. For example, Känzig (2021) converts his
instrumental variable, which is based on daily observations, into the
quarterly frequency. This is because aggregate variables of his interest,
such as GDP, is quarterly data. This could lead to an information loss.
Suppose, for example, that there were two events in a single quarter
that moved oil prices by the same amount in the opposite direction.
Then the value of the instrument would be equal to zero once aggre-
gated. This paper avoids such a problem by focusing on daily prices of
gasoline.

Methodologically speaking, this paper improves on Känzig (2021)’s
identification scheme in two senses. They are both related to the way
the list of news dates is formulated. First, his list consists of all the
dates within the sample period on which there were formal announce-
ments after the OPEC meeting. On one hand, this rule eliminates any
room for a subjective judgement in choosing the dates. On the other
1 The original idea behind this paper had been developed independently, without the
knowledge of the paper by Känzig. However, I fully acknowledge that he had written up
the discussion paper version first.
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hand, we believe only news that are “important enough” should be in-
cluded in the list. If we start including news that are of minor impor-
tance, we face a risk of confounding the effects of the news in
question and other types of news that happen to occur on the same
day. This paper proposes a way to “prescreen” the candidate news be-
fore they are included in the list and filter out those that are deemed
to be of lesser importance.

Second, the real news does not necessarily come on the day of an of-
ficial announcement. For example, the media might report the likely
outcome of an OPEC conference well before it concludes. In such a
case, by the last day of the meeting, the outcome might be completely
priced into the market. This paper tries to avoid this problem by scruti-
nizing newspaper articles before and during those meetings to see
when themarket perception changed (if any). It is also possible that im-
portant OPEC-related news come on occasions other than its formal
meetings: for example, sometimes, an unofficial meeting between
somemajor oil producing countries might turn out to be consequential.
This paper expands the scope of search for relevant news to outside the
official meeting periods. In addition, this paper looks at news other than
those related to OPEC: specifically, it also studies news about the US
government's policies on sanctions on oil imports from Iran.

3. Background (2) oil shocks and pass-through

This paper is also related to the literature on pass-through. Many
existing studies examine pass-through from the exchange rate to do-
mestic prices. For example, Shioji (2012, 2014, and 2015) study time-
varying nature of the exchange rate pass-through in Japan. This study
is more closely related to studies of oil price pass-through to domestic
prices. For example, Chen (2009) uses time-varying parameter models
to oil price pass-through to domestic CPI inflation for 19 developed
countries. The rest of this review section will focus on those studies
that concern domestic gasoline prices.

3.1. Oil Pass-through to domestic gasoline prices

Meyler (2009) performs a comprehensive study on oil price pass-
through to domestic prices of liquid oil products in the Euro area, with
weekly data. Blair et al. (2017) estimate error correction models using
US weekly data, and find substantial differences in the extent of oil
price pass-through across regions. Yilmazkuday (2019), using US
weekly data, estimates a structural VAR model and conclude that the
rate of oil price pass-through to domestic gasoline price is 13% after a
week, and then goes up to 37% after three months, and goes up further
to 50% in the long run. That is, more than two thirds of the adjustment
occurs within the first three months. Such a finding of fast pass-
through is confirmed in this paper as well. On the other hand, Chudik
and Georgiadis (2019) develop a new mixed-frequency methodology
and apply it to study the relationship between daily oil prices and
weekly US gasoline prices. They find evidence for even faster oil price
pass-through. The estimated pass-through rate within the first five
working days is 23%, which goes up to 48% after twenty days.

In relation to the macro econometric literature mentioned in the
previous section, Kilian (2010) extends the framework of Kilian
(2009) by incorporating gasoline specific supply shocks (or refining
shocks) and gasoline market demand shocks to study how oil supply
and demand shocks affect US domestic gasoline prices. The data fre-
quency is monthly. He finds that, although refining shocks are the
most important driver in the short run, long run fluctuations in gasoline
prices are dominated by the world demand shocks and oil market spe-
cific demand shocks.

3.2. Asymmetry in pass-through

A significant part of the literature has focused on the issue of asym-
metry in gasoline price responses between times of rises and falls of oil
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prices, known as the “rockets and feathers” hypothesis, named after the
work of Bacon (1991). Classic studies includeBacon (1991), (Balke et al.,
1998), Borenstein, Cameron and Gilbert (1997), Duffy-Deno (1996),
Karrenbrock (1991) and Shin (1994). Godby et al. (2000) apply a
threshold autoregressive model to the Canadian data and fail to find
support for the hypothesis. Bachmeier and Griffin (2003) find results
that contradict the hypothesis using daily data, but for wholesale prices.
Chesnes (2016) utilizes daily data on gasoline prices from different cit-
ies in the US and find very strong asymmetry in their responses to oil
prices. The degree of asymmetry is found to be quite heterogeneous
across cities. Recent studies such as Polemis and Tsionas (2016) have
come to employ sophisticated nonparametric approaches. Deltas and
Polemis (2020) offer a comprehensive overview of the literature and
conduct a thorough investigation of the issue using multi-country data
with different data frequencies and various empirical models: they
find that research design matters to the results we obtain.

3.3. Studies on Japan

For Japan, Shioji and Uchino (2011) estimate time-varying parame-
ter VAR models to study the extent of pass-through from world oil
prices to domestic prices, including gasoline prices, using monthly
data. Yanagisawa (2012) estimates oil price pass-through to domestic
gasoline prices in Japan and find asymmetry in responses.

3.4. Contributions of this paper

Compared to most of the studies in this literature, this paper takes
identification more seriously. Instead of using raw data on crude oil
prices, which are driven by a mixture of forces of very different nature,
this paper focuses on only one of such kind (but a very important one,
we believe), namely shocks to expectations about oil supply.

Use of daily data, which is still rare in this literature, is also crucial. As
pass-through to gasoline prices is very fast, onemay not be able to fully
capture their dynamic responses with either weekly or monthly data.

4. Overview of the gasoline data

4.1. Dataset on daily gasoline prices

As already discussed in the introduction, data on domestic gasoline
prices is taken from a major price comparison site on the web in
Japan. This web site, called gogo.gs (URL: https://gogo.gs/; unfortu-
nately, it is written in Japanese only), collects information from two
sources. The first is registered users who happen to use a certain local
gas station, or just happen to drive by one of those stations and saw
prices quoted on a billboard. The second is the group of gas stations reg-
istered with the web site, that are eager to attract customers. The web
site publishes the nationwide average every day. The sample period
for this analysis starts from January 1, 2013 and ends in January 7,
2020. I use the nationwide average series for “Regular Fuel (meaning
not high-octane), Cash-only (i.e., non-member prices)”.2

4.2. Japanese gasoline taxes

The data we collect from the above source is computed from prices
that users pay at gas stations, meaning that they include payments for
taxes. Japan is known for its very high tax rates related to purchases of
gasoline. More importantly, most of them are levied based on the quan-
tity of gasoline purchased, not its value. As a consequence, this large tax
component is insensitive to changes in the production cost, such as the
2 Betweenmid-July to the end of year 2018, I switch to the average of non-member and
member prices, due to a technical problem. During this switching process, we lost a few
days' observation by error. Those needed to be estimated through interpolation. The dif-
ferent series are connected using growth rates.
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price of crude oil. This feature dampens fluctuations in the price of
gasoline in the eyes of the consumer. On the other hand, from the
viewpoint of economists, if we use just this statistic, we could be
underestimating the true degree of pass-through of oil price fluctua-
tions to domestic prices set by retailers.

For this reason, in this paper, I analyze two alternative series of do-
mestic gasoline prices. The first one is the unadjusted series that have
been taken straight out of the data sourcementioned above. As the sec-
ond series, I construct gasoline prices adjusted for taxes, by estimating
and then removing the effects of those taxes from the first series. The
first series will be denoted as gasNON, while the second one will be
called gasADJ.

In Fig. 1, I plot each of those series, together with the three most
prominent indicators of crude oil futures prices, namely Brent, Dubai
andWTI. To facilitate the comparison, all the three series are normalized
so that theywould be equal to 100 at the beginning of January 2014.We
can see that, though both of the gasoline price series are highly corre-
lated with crude oil prices, gasNON, the unadjusted price, exhibits
much smoother movements. The tax-adjusted series, gasADJ, appears
to be much more tightly connected with changes in crude oil prices.
Comparing the two gasoline price series suggests the extent to which
the Japanese tax system helps dampen volatilities in gasoline prices
that consumers face.

4.3. How well do the new indicators track official statistics?

Before proceeding, we take a moment to examine how closely our
gasoline price series line up with data from official sources. Official
data on gasoline prices that are available at the highest frequency in
Japan is weekly data on Petroleum Products Retail Price, which is col-
lected by the Oil Information Center of Japan from about 2000 gasoline
stations around Japan, via telephone, FAX, or through personal com-
puters, etc. The data is collected onMonday of eachweek,with a few ex-
ceptions. From this data set, I have chosen to work with “regular”
gasoline price with cash payment. This variable is denoted as “gasGOV”.
For the sake of comparison,weekly data on gasNONand gasADJ are con-
structed by taking averages of their daily values. A “week” here is de-
fined to end on Monday, to be consistent with the way gasGOV is
measured.

Fig. 2 (A) plots weekly averages of gasNON and gasADJ along with
gasGOV. It can be seen that our indicator, gasNON, closely follows the of-
ficial statistics, namely gasGOV. Table 1 (A) provides their summary sta-
tistics and Table 1(B) reports correlations among them, after taking
Fig. 1. Time series plot of various indicators of crude oil futures (originally in USD) vs
gasNON and gasADJ (originally in JPY). Note: WTI, Brent and Dubai are crude oil futures
prices. All are normalized to equal 100 at the beginning of January 2014.

https://gogo.gs/


Fig. 2. National average gasoline prices: comparison to the official data.
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their logs and computing differences of their values from four weeks
ago. They exhibit similar characteristics except that gasADJ is more vol-
atile, and they are highly correlated with each other.

At the monthly frequency, we can make use of the official statistics
that are widely used in the empirical macro literature. In the case of
Japan, gasoline price indices are available from both the Consumer
Price Index (CPI) and the Corporate Goods Price Index (CGPI, a
Japanese equivalent of the wholesale price index). The former will be
denoted gasCPI, and the latter will be called gasCGPI. I create monthly
series for gasNON and gasADJ by aggregating their daily observations
Table 1
Summary statistics, weekly data, log differences from four weeks ago.

(A) Mean, Standard deviation, Minimum, Maximum.

Mean Std. Min Max

gasNON 0.0000 0.0264 −0.0806 0.0586
gasADJ −0.0010 0.0485 −0.1416 0.1194
gasGOV −0.0001 0.0230 −0.0905 0.0473

(B) Correlation.

gasNON gasADJ gasGOV

gasNON 1
gasADJ 0.9848 1
gasGOV 0.9756 0.9633 1

5

up to themonthly level. I also takemonthly averages of the weekly var-
iable gasGOV.

In Fig. 2(B), the evolution of those three gasoline variables are com-
pared to gasCPI and gasCGPI. Evidently, gasNON closely follows the
movements in gasGOV, gasCPI and gasCGPI, again confirming the reli-
ability of our daily variables. Table 2 (A) provides summary statistics
for those five series, and Table 2(B) reports correlations among them,
after taking their logs and computing differences of their values from
one month ago. Again, their characteristics are very similar except that
gasADJ is more volatile. They are also highly correlated with each other.

5. SVAR-IV

In this section, I review the SVAR-IV methodology using an example
with just two endogenous variables, one external instrument, and one
lag. For a full discussion of the methodology, the reader should refer to
Stock and Watson (2018). Consider the following reduced-form VAR
model with two endogenous variables denoted y1,t and y2,t:

Yt ¼ AYt−1 þ νt ð1Þ

where.

Yt≡
y1,t
y2,t

" #
,B≡

b11 b12
b21 b22

� �
,νt≡

ν1,t

ν2,t

� �

In the above, νt is a vector of reduced-form error termswhich has no
structural interpretation, and its two elements are in general correlated
with each other. Assume there is the following linear relationship be-
tween this and a vector of structural disturbances, denoted εt, whose
two elements are uncorrelated with each other:

νt ¼ Bεt ,where εt≡
ε1,t
ε2,t

� �
ð2Þ

Then, assuming invertibility, we can write:

Yt ¼ C Lð ÞBεt where C Lð Þ ¼ I−ALð Þ−1 ð3Þ

Suppose that we are just interested in uncovering the effects of the
first structural shock, ε1,t. In such a case, there is no need to know all
the elements of the entire matrix B: all we need to estimate is its first
column. Suppose that we have an “external instrument” denoted Zt,
which satisfies the following two conditions:

Condition 1 : Relevanceð Þ Eε1,tZt ¼ α≠0 ð4Þ

and

Condition 2 : Exogeneityð Þ Eε2,tZt ¼ 0 ð5Þ
Table 2
Summary statistics, monthly data, log differences from a month ago.

(A) Mean, Standard deviation, Minimum, Maximum

Mean Std. Min Max

gasNON −0.0001 0.0258 −0.0816 0.0446
gasADJ −0.0012 0.0473 −0.1455 0.0962
gasGOV −0.0002 0.0233 −0.0860 0.0395
gasCGPI −0.0001 0.0290 −0.0850 0.0487
gasCPI 0.0000 0.0255 −0.0858 0.0465

(B) Correlation

gasNON gasADJ gasGOV gasCGPI gasCPI

gasNON 1
gasADJ 0.9831 1
gasGOV 0.9780 0.9618 1
gasCGPI 0.9210 0.9039 0.8623 1
gasCPI 0.9519 0.9353 0.9797 0.8185 1
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Then we obtain the following:

EνtZt ¼
b11α
b21α

� �
ð6Þ

Normalizing b11 to be equal to 1, we can focus on estimating the co-
efficient b21. The actual estimation proceeds as follows. First, estimate
the following equation, using Zt as the instrument:

y2,t ¼ b21y1,t þ d1y1,t−1 þ d2y2,t−1 þ b22ε2,t ð7Þ

This produces our estimate for the coefficient b21, which will be de-

noted as bb21. Next, we estimate the reduced-form VAR model in eq. (1)
to obtain the following:

bC Lð Þ ¼ I−bAL� �−1
ð8Þ

Combining the two results produces our estimate for the h period
ahead impulse response function to the first shock, of the form:

IRFh ¼ bCh
1bb21

� �
ð9Þ

6. Construction of instruments

6.1. Overview

This paper utilizes the above methodology to estimate the effects of
a shock to expectations about future oil supply. For that purpose, we
need an external instrument which is correlated with such a shock but
is uncorrelated with the other types of shocks. In this paper, this is con-
structed in three steps. The first of those is the prescreening process: we
select candidates for periods during which an important new develop-
ment about the world oil supply might have occurred. In the second
step, we examine news reports during those periods and determine if
such an event indeed occurred, and, if it did, onwhich day it was first re-
ported. The third step is to measure the change in the perception of the
market participants caused by the arrival of the news, assuming that it is
fully reflected in the price of crude oil futures.

Themain idea behind this three-step approach is that fluctuations in
the prices of futures on the days thus selected would be dominated by
the news about future oil supply, as long as the news are sufficiently im-
portant. Also, they are unlikely to be correlated with the other types of
shocks (such as the world business cycles) in systematic ways. The
use of daily data is crucial here: if we use lower frequency data (such
as weekly, monthly or quarterly data), it becomes more likely that
other important news occur within the same time interval, and our es-
timated oil supply shock series are more likely to be “contaminated” by
those events.

In the existing literature, Känzig (2021) constructs an external in-
strument based on a similar idea. He lists up all the dates within his
sample period (which is 1983–2017) onwhichOPEC issued a formal an-
nouncement at the end of its official meeting. He then measures
changes in oil futures prices on those dates. In what follows, I will ex-
plain details of the three-step procedure and point out some differences
between my approach and that of Känzig (2021).

6.2. What kind of events to focus on?

Beforewe get into the three-step procedure, thefirst thing to do is to
think what types of events are likely to have large impacts on the mar-
ket participants' expectations about future oil supply. Note that it is not
necessary for us to come up with a perfectly exhaustive list of all the
supply-related news during the sample period. This is because, with
the SVAR-IV methodology, all we need to construct is an indicator
6

which is correlated with the true supply shocks (and is uncorrelated
with the other types of shocks), not necessarily the one that represents
the entire sequence of those shocks.

The first type of news chosen here are those related to OPEC's deci-
sions regarding the member countries' production of crude oil. This
idea is basically the same as that of Känzig (2021). It has long been
argued that the power of OPEC to control the world oil price had dimin-
ished significantly since their heyday between the 1970s and the mid-
1980s. However, recently, most notably since around 2014, they seem
to have regained their influences, at least to some extent.

The second type of news is related to the US-led sanctions on oil ex-
ports from Iran. This type of events have not been taken up by Känzig
(2021): as my sample period (from early 2013 to early 2020) is much
shorter andmore recent than his (i.e., 1983–2017), it is more important
for this analysis to include this kind of new developments in the world
oilmarket. As Iran is a large oil producer,when their supplies are cut out
of the market, it is likely to act as a large negative supply shock. During
my sample period, the US administration under President Obama nego-
tiated and eventually succeeded in lifting the sanction. Then the Trump
administration,whichwas critical of the predecessor'smove, eventually
reversed the course and re-imposed the sanction. All of those events are
likely to have affected trends in world crude oil prices.

6.3. Step 1: prescreening

The first step of the three-step procedure is to narrow down the list
of candidate periods within the sample during which events related to
either OPEC or the Iran sanction might have occurred. We need events
that can be deemed “sufficiently important”. This is because we need
the news to be powerful enough to dominate influences of other news
that might have occurred on the same day.

Känzig (2021), as explained earlier, uses all the dates onwhich there
were formal announcements by OPEC and his approach thus involves
no prescreening. This approach is free from any subjective judgement:
one does not need to take any stance on what is important and what
is not (or we could just “let the data tell” as I do in step 3). On the
other hand, including too many unimportant events might increase
the risk of our instrument to be contaminated by other events that hap-
pened to occur on those dates.

Here, to introduce someelement of objectivity into this prescreening
process, I rely on statistics on the number of frequencies at which a
word (or a phrase) was used as a key word for internet searches on
each day. For that purpose, I use Google Trends, which can be used to
produce exactly that kind of statistics. It is provided by Google, a com-
pany which provides the world's most popular internet search engine.

The question is what kind of key words serve our purposes here.
After some trial and error, I decided to use “OPEC” for the OPEC-
related news and a combination of “Iran” and “sanction” for the news
related to the sanction on Iran.

Fig. 3 presents the results. Panel A shows evolution over time of the
frequency atwhich the keyword “OPEC”was used for internet searches
in the entireworld on each day. For details, refer to the footnote beneath
the Figure. Panel B is for the combination of keywords “Iran” and “sanc-
tion”. It is notable that, although both series appear quite noisy, there
are clear “spikes” in them, which signal sudden surges in general inter-
ests in the topic. We could hope to be able to find occasions on which
important news about those topics arrived among or around those
spikes. Here, I define “spikes” in each panel as those that exceed two
standard deviations above the mean.

6.4. Step 2: selecting specific dates (news report analysis)

The next step is to determine on which days (around those “spike
dates”) important news related to the two topics first arrived. This in-
volves reading lots of newspaper articles and making judgements (ad-
mittedly, with this approach, it is difficult to completely eliminate all



Fig. 3. Google Trends search results. Note: Based on the number of internet searches from the entire world according to Google Trends. Both series are normalized to equal 100 at the
maximum. Black dots with dates are observations exceeding two standard deviations above the mean. The series are constructed in two steps. (1) We record daily search statistics for
every eight months period which includes either the first or the second half of each year, such as December 2015 – July 2016 and June 2016 – January 2017. (2) Then the two adjacent
series are linked at a day within the overlapping period when the value is the largest, using growth rates.

E. Shioji Energy Economics 98 (2021) 105214
the aspects of subjective judgements). I relied mostly on Japan's Nikkei
Newspaper (which is a major newspaper in Japanwhich puts emphasis
on business and economic matters) and supplemented it with other
sources such as Reuters and the Financial Times.

In contrast, Känzig (2021) includes only the dates of formal OPEC an-
nouncements. Again, this strategy has a virtue of avoiding any
7

subjectivity. On the other hand, it sometimes happens that the content
of the announcement is more or less known by the time it is made pub-
lic: the real news had been conveyed by the media earlier. Also, some-
times, important decisions are made outside the formal OPEC
meetings, such as an informal meeting between ministers of some
OPEC countries and Russia.



Table 3
News date list (Rows in white = OPEC-related news, grey = Iran-related news).
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Table 3 lists the dates thus selected. In the table, rows in white rep-
resent news about OPEC. As can be seen, they include, for example, an
announcement that they have agreed to jointly cut oil production, or
news that they have failed to reach such an agreement. Compared to
the list of news used by Känzig (2021), the most notable difference is
that my list includes two dates in 2016, one in February and the other
in April. The one in February corresponds to ameeting held byministers
in charge of oil relatedmatters from Saudi Arabia, Russia, Venezuela and
Qatar, which ended with an agreement to halt increases in oil produc-
tion. But it was conditional on that all the other major oil producing
countries would join this agreement. This led to another meeting in
April, this time by all the major oil producing countries, including
non-OPEC members. But the meeting failed to produce an agreement.
Although those twowere not the formal OPECmeetings, theywere per-
ceived as important events by the market.3

In the same table, rows in grey correspond to news about Iran sanc-
tions. As can be seen, they are mostly about the US government's deci-
sions onwhether to lift the sanction or towithdraw from thenuclear deal.

6.5. Step 3: measuring market reactions to the news

The final step is tomeasure themarket's reaction to the news. To un-
derstand the importance of this last phase, suppose, for example, that
OPEC has just made an announcement that it would cut the member
countries' production by 10%. If this was truly a big surprise, we
would expect it will show up in the market prices: as the participants
would come to expect oil prices to go up in future, prices of oil futures
would jump up immediately. On the other hand, suppose that the mar-
ket had fully anticipated this announcement beforehand. Then, assum-
ing market efficiency, such an expectation would have been already
incorporated into futures prices. As a consequence, on the day of the an-
nouncement, we would see zero reaction to the news. As a third possi-
bility, imagine that the market had anticipated a production cut of 20%
rather than 10%. In such a case, the above announcement should be
regarded as a positive shock to the expected future supply of oil. We
would expect futures prices to go down, rather than up, on that day.

Wemeasuremarket response to a piece of news by the log change in
the closing price of crude oil futures on the news date from the previous
business day's closing price. This procedure is basically the same as the
one in Känzig (2021), though the choice of crude oil futures is different,
as discussed later.

6.6. Choice of crude oil price indicator

In our analysis, crude oil prices play dual roles. First, they are used to
construct the external instruments. Second, they are included as an en-
dogenous variable in the VAR. I have decided to use Brent for the former
purpose. I will use Dubai for the latter. The main reason for choosing
Brent for the construction of the news indicator is that it is currently
considered as the most representative of global oil prices. Baumeister
and Kilian (2016) argue, between pages 147 and 148, that WTI ceased
to be the global representative indicator after 2011. Note that the entire
sample period of this study falls in that range of time. The reason for the
change is that WTI is now partly driven by the local supply condition in
themarket for light sweet crude oil in the central United States. And the
market is now under heavy influence from the US shale oil production.
Kilian (2016) offers detailed accounts on how the shale revolution has
disrupted the US oil market, and created a gap between the US crude
prices and the world prices represented by Brent.

The second reason is related to the timing of openings and closings of
each of the markets. Fig. 4 illustrates this point. It indicates trading hours
3 On February 17, 2016, the Financial Times put an article with headline “Saudis and
Russia agree output freeze in bid to halt oil price slide” as the top news of the day. On April
18, 2016, it reports on its front page: “Deal to freeze oil production collapses after Saudi
Arabia holds out over Iran”.
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of the three major crude oil futures markets, for a non-daylight-saving-
hours day. The scale above indicates the GMT and the one underneath is
for the JST (Japan Standard Time). The Brentmarket is open for much lon-
ger hours than the other two. Its trading hours cover much of the time of
the day when important news fromOPEC and theMiddle-eastern oil pro-
ducer countries (and also Russia) are likely to come. It covers much of the
business hours on the eastern side of the US, where some of the news re-
lated to sanctions against Iran is likely to come from. Themarket closes just
beforemost Japanese start their business activities of the day. So its closing
price (of the previous day from the Japanese viewpoint) is likely to reflect
most of the important developments of the (previous) day without being
contaminated by news emitted from Japan on the day.

On the other hand,Dubai iswidely considered as the indicatorwhich
is most closely related to the price of oil exported to East Asia, including
Japan. I therefore use its closingprice, denominated in theUSD, as anen-
dogenous variable in the VAR.4

I also tried different types of crude oil futures for the construction of
the IVs, but did not find much difference in the results.

6.7. Details

As both Brent and Dubai are futures contracts, at any given point in
time, there are multiple types of contracts with different times to matu-
rity are sold. For Brent, the media usually reports the price of the front
(or near) month contract, as it tends to be most heavily traded. Dubai is
peculiar in that it is the far month contract (i.e., ones with 6 months
ahead delivery period) which has the largest trading volume. For each
of the commodities, I follow those conventions. For Dubai, I make a
switch to contractswith duration of 5monthswhen their trading volume
surpasses those of the 6months contracts toward the end of eachmonth.

Unlike the gasoline price series, crude oil prices cannot be observed
when the markets are closed. When there was no observation, I simply
set its value equal to that of the previous day.

6.8. Resulting instruments (in the baseline specification)

I create two indicators, whichwill be used as external instruments in
the baseline SVAR-IV estimation. The first is the market reaction to
OPEC-related news, denoted IV1 (OPEC). The market reaction is mea-
sured as the log difference in the closingprices of Brent crude oil futures.
Suppose that there was an important announcement from OPEC on No-
vember 30, 2016, say around 5 PMGMT (or 2 AMof the following day in
Japan). Then IV1 for December 1 is equal to the Brent closing price on
November 30 (or the morning of December 1 in Japan) minus the clos-
ing price of the previous day. On the other hand, if therewas nonews on
that day, IV1 is equal to zero.

The second IV has to dowith Iran-sanction-related news, andwill be
called IV2 (Iran), which is constructed in a similar way.

Fig. 5 plots both IV1 and IV2 together with the level of Dubai futures
prices, measured in US Dollars. In the figure, IV1 is in red while IV2 is in
green. Clearly, some news cause much larger market reactions than
some others, which are captured by differences in absolute values of
those indicators across different news dates.

7. Estimation details and results

7.1. Estimation details

Each of the SVAR-IV models estimated in this paper involves three
endogenous variables and one external instrument. The three variables
are:
4 I use the Dubai futures price as reported by Tokyo Commodity Exchange. One could
argue that it is more desirable to use the Dubai spot price, but I could not find a series that
is available for a long enough period on a daily basis. The movement of the spot price is
said to follow that of the futures prices.



Fig. 4. Trading hours of the three major crude oil futures markets. (Note) “JST” stands for the Japan Standard Time. ForWTI and Brent, hours are for the non-daylight-saving-time period.

Fig. 5. Time series plot for External Instruments (along with Dubai). Note: “Dubai” =
Dubai crude oil futures price (in US Dollars, normalized to equal 100 at the beginning of
January 2014), “IV1 (OPEC)” = External Instrument 1 (related to news about OPEC),
“IV2 (Iran)” = External Instrument 2 (related to news about the US-led coalitions' sanc-
tion on oil exports from Iran).
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(1) World crude oil price=Dubai: log difference of the closing price
in the Dubai crude oil futures market, denoted in USD, from that
of the previous day.

(2) Exchange rate = USDJPY: the value of 1 US Dollar expressed in
the units of the Japanese Yen (hence an increase in its value
means a depreciation of the JPY), day's closing rate (in Tokyo).

(3) Gasoline price in Japan = gasNON or gasADJ, as explained in
Section 4. Note that they are measured in the Japanese Yen.

We take log first differences of all three endogenous variables.5 As
for the External Instrumental Variable, I use either one of the following
three:

[1] IV1 (OPEC): Reaction of Brent crude oil futures prices to OPEC-
related news.

[2] IV2 (Iran) = Similar index for the news related to Iranian sanc-
tions.

[3] IV1 ± IV2 = the above two are added up to create a single
instrument.

In total, the baseline estimation consists of six different specifica-
tions (as we have two alternative gasoline variables and three alterna-
tive instruments).

The dataset is daily. It includes weekends as well as holidays when
themarkets for Brent or Dubai (or both) or the Tokyo foreign exchange
5 The Johansen test rejected presence of a cointegrating relationship at any conven-
tional level of statistical significance. In the appendix, we estimate the SVAR-IV model in
the levels specification to check robustness of the main results.
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market are closed. On those days when there was no observation for ei-
ther Brent, Dubai or USDJPY, their values were simply set to be equal to
those of the previous day. The Japanese gasoline data contains observa-
tions on all days, including weekends and Japanese holidays. The data
starts from the beginning of January 2013 and ends on January 7,
2020. The number of lags is set at 14 days based on AIC.

The estimation is carried out bymodifyingmatlab codes for Mertens
and Ravn (2019), made public through Mertens' web site (https://
karelmertens.com/research/).

Ifirst compute thefirst-stage F-statisticswith the standard error cor-
rection by (Newey and West, 1987), with the lag length chosen to be 8
following the standard recommendation. When the third endogenous
variable in the VAR is gasNON, it was 84.03 with IV1, 104.43 with IV2,
and 104.10 with IV1 + IV2. When gasADJ is used instead, it was 84.85,
104.61, and 104.25, respectively. As they far exceed the conventional
threshold of 10, I conclude that weak instruments are unlikely to be a
big issue in this study. I now turn to the estimated impulse responses
to an identified oil supply shock, presented in Figs. 6–8.

7.2. Estimation results with IV1 (OPEC)

I startwith a case inwhich IV1, theOPEC-related index, is used as the
external instrument. Fig. 6 reports the impulse responses. Note that, al-
though I take log first differences of all the endogenous variables, the re-
ported impulse responses are cumulative ones. Hence, they can be
interpreted as the responses of the levels of those variables. In each of
the panels, the solid line represents the point estimates, while the
dashed lines are the 95% confidence bands. The bands are computed
by a moving block bootstrap method proposed by Jentsch and
Lunsford (2019), which is a variant of a method developed by
Brüggemann et al. (2016). They are based on 5000 draws. All the re-
sponses are normalized so that the initial response of Dubai is equal to
1. As a consequence, the underlying shock should be interpreted as a
negative shock to oil supply. Responses of up to 84 days, which is
equal to 12 weeks, or about three months, are shown.

Panel A shows the response of Dubai to the identified oil supply
shock. It is based on the VAR model with gasNON as the third endoge-
nous variable, but the result is very similarwhen gasADJ is used instead.
The shock has an immediate and permanent effect on Dubai. In fact, the
response immediately reaches the peak and stays flat thereafter. In
panel B, the same shock also has an immediate positive impact on
USDJPY, the exchange rate. Note that this variable is defined in such a
way that an increase in its value signifies a depreciation of the
Japanese Yen. As Japan imports almost all petroleum it needs from
abroad, it is understandable that a negative shock to oil supply weakens
its currency. However, the response is insignificantly different
from zero.

Panel C shows the response of gasNON. Note that, as the response of
Dubai shown in Panel A is basically flat at 1, this response can be consid-
ered as the “pass-through rate” (defined as the ratio between the per-
centage increase in a domestic price variable and that of a variable
that represents a foreign cost), approximately. The response is practi-
cally zero at the beginning, but turns significantly positive in just

https://karelmertens.com/research/
https://karelmertens.com/research/


Fig. 6. Impulse responses to an oil supply news shock, case with IV1 (OPEC). Note: All the endogenous variables in the VAR are in log first differences, and their cumulative responses are
shown here. The initial response of Dubai is normalized to equal 1. Solid lines are the point estimates, and dashed lines are the 95% confidence bands based on 5000 bootstrap draws.
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seven days. The long run response is around 0.22. What is most notable
is how fast this pass-through occurs over time. Out of the entire long run
response of 0.22, over 30% of it would be completed in just ten days after
the shock. This number goes up to over 70% on the 19th day, and crosses
the 90%mark on the 31st day. By the 56th day after the shock, 99% of the
price adjustment would be completed.

The fact that pass-through is so rapid suggests that there is a high
value in the usage of daily data such as the one utilized in this paper.
A conventional analysis which typically relies on monthly data would
not be able to capture this entire dynamics, much of which is completed
within the month after a shock hits the global market.
Fig. 7. Impulse responses, case with IV2 (I
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Panel D shows the response of gasADJ, when this variable is used in
place of gasNON as the third variable in the VAR. The shape is similar to
the one for gasNON that we saw in Panel C, but the size is much larger.
To facilitate the comparison, I use the same scaling for the two panels.
The long run pass-through rate for gasADJ is 0.41,which is nearly double
the estimated value for gasNON. The difference is explained by the fea-
ture of the Japanese system of taxes on gasoline. As discussed in
Section 2,most of those taxes are proportional to the volume of gasoline
that one purchases, not the value. As a result, the tax component of the
price paid by the consumer is insensitive to changes in the cost of pro-
ducing gasoline. The above comparison reveals the extent to which
ran). Note: refer to the note for Fig. 6.



Fig. 8. Comparing confidence bands derived from different bootstrap methods. Note: refer to note for Fig. 6.
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this dampens the fluctuation of the prices that the Japanese consumers
are paying at gas stations.

On the other hand, evenwith this tax-adjusted series, it remains true
that the pass-through is fast: almost all the above comments on this
issue apply here, with a very minor difference that it is now the 28th
day after the shock that over 90% of the long run pass-through is real-
ized, as opposed to the 31st day.

7.3. Estimation results with IV2 (Iran) and IV1 + IV2

Fig. 7 presents the estimated responses of gasNON and gasADJ when
IV2, which is based on the Iran-related news dates, is used as the exter-
nal instrument. Although they are broadly similar to those in Fig. 6, the
confidence bands around the responses of both gasNON and gasADJ are
slightly wider and a littlemore asymmetric. Thismight indicate that IV2
is less effective as an external instrument compared to IV1. As sanctions
usually come in packages, they are rarely purely about oil. In addition,
those events tend to have broader implications about the world's polit-
ical as well asmilitary stability. For example, if imposing a new sanction
is perceived to have increased the degree of uncertainty in the global
market, it might reduce the worldwide demand for crude oil.

The case with IV1 + IV2 as the external instrument turns out to be
quite similar to the one with IV1. I omit the impulse response figures
to save space.

7.4. Effects of different methods to draw confidence bands

As mentioned earlier, this paper uses the moving block bootstrap
method to draw the confidence bands. It has been proposed by
Jentsch and Lunsford (2019) as an alternative to the wild bootstrap
method of Mertens and Ravn (2013). Fig. 8 explores how the results
look different between the two approaches. Starting from Panel (B),
the results for gasADJ appear to be broadly similar across the methods.
Bands from wild bootstrap are slightly wider, which seems consistent
with the view that this method leads to underestimation of the true de-
gree of uncertainty.

A much more important difference emerges in panel (A), which re-
ports the response of USDJPY. The bands are muchwider with the block
bootstrapmethod. In fact, with the wild bootstrap, one would conclude
that the response is significantly positive. The panel thus seems to sug-
gest the merit of taking this methodological debate seriously.

8. Evidence from weekly and monthly data

In this section, the preceding results are compared to the cases in
which the data is aggregated up to either weekly or monthly
frequencies.
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8.1. Estimation with weekly data

Weekly data on Dubai, USDJPY, gasNON and gasADJ is constructed
by taking averages of their daily values. I also use gasGOV, the official
statistic on weekly gasoline prices that was introduced in section 4
(see also Fig. 2(A)). I also take weekly averages of the daily IVs. A
“week” here is defined to end on Monday, to be consistent with the
way gasGOV is measured.

I redo the VAR analysis of the previous sectionwith this weekly data
set. The number of lags is set equal to 2 based on AIC. The first-stage F-
statistics, with gasADJ as the gasoline variable and IV1 as the instru-
ment, and with the Newey-West lag of 5 (which was chosen following
the standard formula), was 17.96. This is much lower than the daily
data case, but is still higher than the conventional threshold of 10.

Fig. 9 shows the impulse responses, estimated with IV1 as the instru-
ment. The results are similarwith theother instruments. Panel (A) is the re-
sponse of Dubai, which is slightly larger inmedium to long runs compared
to the daily data case. In Panel (B), the response of the exchange rate re-
mains insignificant. Panel (C) is the response of gasNON. It is qualitatively
similar to the case of the daily data. The size of the response is larger, prob-
ably reflecting the larger response of Dubai. The bands are nowwider. This
seems to indicate that identification becomes less sharp with weekly data.
In Panel (D), the third endogenous variable in the VAR is replaced by
gasADJ. Again, the results are similar, qualitatively, but the bands are
wider. In Panel (E), I use gasGOV in place of my gasoline price indicators.
The estimated impulse response is quite similar to the one in Panel (C).

8.2. Estimation with monthly data

As already discussed, at the monthly frequency, we can make use of
the two additional official statistics, which we called gasCPI and
gasCGPI. I build a monthly data set on Dubai, USDJPY, gasNON, gasADJ,
and the IVs by aggregating their daily observations up to the monthly
level. I also take monthly averages of the weekly variable gasGOV.

Fig. 10 reports the impulse responses from the monthly data analy-
sis. The number of lags is set at 1 based on AIC. Now the error bands are
really wide, especially in medium to long runs, and they are noticeably
asymmetric. Although the responses are “significant”, technically
speaking, it seems difficult to put much faith in the results. This seems
to point to a failure of identification.

The reason behind these disappointing results seems to be a weak
instrument problem. We have found that the F statistics for the first
stage regression analyses goes down considerably when we move to
monthly data. For example, with gasADJ as the gasoline price variable
and IV1 as the instrument, andwith the Newey-West lag of 3 (again fol-
lowing the customary formula), the above-mentioned statisticswas is 7,
which is below the conventional threshold of 10.



Fig. 9. Impulse responses estimated with weekly data, with IV1 (OPEC). Note: refer to note for Fig. 6.

6 This micro level data set was originally constructed for an ongoing project with Shiro
Yuasa (Shioji and Yuasa (2020)). I thank him for allowing me to use this data for this
paper.
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8.3. Discussion

The above result suggests that there is a potentially sizable advan-
tage in the use of data at relatively high frequency (to the extent that
they are available). Even if the IVs are based on high frequency informa-
tion and are not contaminated by other types of shocks, many other
types of shocks hit the economy (in this case, the world oil market)
within amonth. Hence, the correlation between the IVs and innovations
to the endogenous variables in the VARmodel can beweakened consid-
erably. This turns out to be the case here. Our study thus shows that uti-
lizing high frequency data, when available, can be quite beneficial in
macroeconomic research.

9. Evidence frommicro level data

9.1. On the data set

As stated, the gasoline price data that we have used so far comes
from a price comparison site on the web. The site also provides
13
information on prices at individual gasoline stations in Japan. I will
now explore what can be learned from this vast amount of
information.6

As I started collecting this data only recently, the data set is much
shorter along the time dimension. Concretely, the shop-level data
spans the period of 535 days, between August 6, 2018 and January 7,
2020. Number of shops which had at least one observation during this
period is 21,932 (in comparison, according to the Agency for Natural Re-
sources and Energy of Japan, as of March 2019, there were 30,070 gaso-
line stations in Japan, and around 29,000 of them were registered with
the web site). The total number of observations in the data set is
657,534. This means that the average number of observations per
shop (with at least one observation) is 30. This implies that there are
many missing values in the sample. I have thus given up the idea of



Fig. 10. Impulse responses estimated with monthly data, with IV1 (OPEC). Note: refer to note for Fig. 6.
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applying a panel data technique to this data, and decided to treat it as a
repeated cross section data.

It is beyond the scope of this paper to explain all the detailed features
of this data set. Interested readers are invited to refer to Shioji and Yuasa
(2020). Here, I will report some results that are more relevant to the
main analysis of this paper.

It is of interest to see if one of the main results of this paper, namely
the finding of a fast pass-through, is driven by a certain set of gasoline
stations with similar characteristics. In this section, I investigate this
issue along three dimensions. First. I ask if the tendency of a fast pass-
through is uniform across regions. For example, I ask if stations in
urban areas tend to respond faster to an oil price shock compared to
non-urban shops. Second, I group the stations based on their affiliation
with corporate groups. I ask if those shops that belong to big company
groups tend to be quicker in their responses to an oil price increase.
Third, I will try to see if there is any difference based on other character-
istics of the shops.
9.2. Pass-through estimation method

9.2.1. First stage: pooled OLS
The estimation proceeds in two steps. In the first stage, I run a

pooled OLS regression in which the dependent variable is the station
and the explanatory variables are shop characteristics, such as re-
gions which the shop is located in, corporate group affiliations, if
the shop is located on highways or not, and dummies for various
types of services provided at the shop, including if it is a self-
service station. After purging the effects of those shop specific fea-
tures, I extract the residuals from this regression, and move on to
the second stage. However, whether I include this first stage analysis
or not seems to have virtually no impact on the second stage results. I
also note that, in this process, I limit the sample to those shops with
at least 15 observations. As a consequence, the overall number of
sample for the pooled regression was down to 599,467 with 10,863
shops included.

9.2.2. Second stage: computing group averages
In the next step, I compute group-specific means for each of the

days within the sample period. For example, I compute the means
of the residuals from the first stage estimation across shops that
are located in central Tokyo. This produces a time series of the
mean gasoline price for that region (exclusive of the effects of shop
specific characteristics). I apply the same procedure to compute the
national average.

9.2.3. Third stage: local projection estimation
The final step is a time series estimation. As the data is too short

along the time dimension, I could not apply the news-based identifi-
cation strategy that I conducted in the previous sections: there were
too few pieces of oil supply related news during this sample period. I
thus adopt a simpler approach, in which the shock variable is the
crude oil price itself. The estimation is based on the Local Projection
method of Jordà (2005). For that, I obtain and modify the matlab
code provided by Jordà on his web site. The left hand side variable
is either the national average or one of the group means from the
second stage. On the right hand side, I include the daily Dubai fu-
tures, to estimate the response of the left hand side variable to this
variable. I also include USDJPY. All the variables enter in their log dif-
ferences. I considered the possibility of including lagged dependent
variables, as well as lagged values of Dubai and USDJPY, on the
right hand side. I considered 0, 7, 14, 21, and 28 as candidates for
the number of lags. AIC preferred 7 and BIC suggested 0. Considering
the shortness of the sample period, I decided to go for 0, meaning not
including any lagged variables. But the results are almost identical if I
include the lags, including very long ones.
15
9.3. Regional characteristics and pass-through

I omit the results from the first stage pooled OLS, and go directly to
the third stage results. In each of the panels in Fig. 11, solid line is the cu-
mulative response of the national average, and the grey area is the 95%
confidence bands. Hence, they are identical across the panels. The re-
sponse is insignificant initially, but quickly turns positive and signifi-
cant. It eventually becomes flat. Those features are qualitatively
similar to the findings of the previous sections, though the point esti-
mates are slightly larger, the bands are wider, and it takes a little longer
for the response to flatten.

In panels (A)-(C) of the figure, the dashed line is the response of
the mean of gasoline prices across shops that belong to a certain re-
gional category. In panel (A), I show that for the shops in the urban
areas in Japan. They consist of the entire prefectures of Tokyo and
its three neighbors (i.e., Saitama, Chiba and Kanagawa), Aichi
(which includes the big industrial city of Nagoya), Osaka and its
two neighbors (i.e., Kyoto and Hyogo), and all the “designated cities”
outside those prefectures. The response turns out to be almost iden-
tical to that of the national average. We can see that there is practi-
cally no difference between the response of urban shops and their
non-urban counterparts.

That is not to say that there is no cross-regional heterogeneity. In
panel (B), I show the response of the mean of the shops located in cen-
tral Tokyo (its 23 “wards”), which is themost densely populated area in
the country. It is slightly faster than the national average, though the
point estimate falls within the confidence bands for the most part.
Panel (C) presents the response of Hokkaido, which is themost sparsely
populated area. Again, the response is slightly faster than the national
average.

Hence, I conclude that there are some signs of cross-regional hetero-
geneity in the speed of price adjustment. However, it is not simply a dif-
ference between urban areas and non-urban places. I intend to
investigate the determinants of those different regional characteristics
in future research.

9.4. Corporate group affiliations and pass-through

I now shift my attention to corporate affiliation of each shop. The
Japanese retail gasoline market is characterized by a relatively high de-
gree of vertical integration. That is, much of gasoline is distributed to in-
dividual gasoline stations directly fromone of large refinery groups. This
is in contrast to the USmarket in which “jobbers”who specialize in dis-
tribution play important roles. Due to repeated mergers between those
refinery groups, the market is increasingly being concentrated: practi-
cally speaking, there are only five at the moment. According to Nikkei
Value Search, as of March 2020, over 70% of all the gasoline stations in
Japan were affiliated with one of the three major petroleum refinery-
cum-distributors. Top two groups had a combined share of above 80%
in sales. On the other hand, “private brand” gasoline stations consist of
those that are owned by either a large General Trading Company or
the Japan Agricultural Cooperatives, and others which are mostly
shops that have no corporate affiliation (I shall call them independents).

It is of interest to see if shops with different types of affiliation ex-
hibit different behaviors. For example, Deltas (2008) argues that a gas-
oline station that faces a less severe local market competition is
slower to adjust its price. As shops that belong to large groups are
more likely to be insulated from competitive pressures, their prices
might be more sluggish. On the other hand, as they are more likely to
be able to obtain high-quality information about theprospects for future
cost movements from the big corporations, they might be faster to
respond.

In Panel (D) of Fig. 11, I report the response of the average price
across shops that belong to the largest three corporate groups. It is
undistinguishable from that of the national average. Panel (E) of the
same figure shows the response of the mean price across the



Fig. 11. Responses of group average gasoline prices to an oil price shock. Note: Cumulative responses to a 1% increase in Dubai. Solid lines are for the national average. Dashed lines are for
Group averages. Grey areas are 95% bands for the national average. Gasoline prices exclude taxes. Estimated by the Local Projection Method.
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independents. Again, it is virtually the same as the national average. It
seems that whether a shop belongs to a big corporate group or not
does not matter to the price adjustment speed. I also tried similar
16
estimations for each corporate group, including smaller ones. Although
I did see somedifferences across the groups, itwasnot possible to detect
any consistent pattern.



Fig. 12. Allowing for asymmetry in responses. Note: Lines that are (mostly) in the positive areas are for the high oil price period, and the others are for the low oil price period. “High”
(“low”) means when the log of oil price is above (below) its sample median.
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One possible explanation for this surprising similarity is that even
the independents need to rely on one of the large distributors for sup-
plies of gasoline. Hence, they are in more or less the same situations as
far as material costs are concerned. Also, as they talk to the same set
of distributors irrespective of their formal affiliation, the amount of in-
formation they can obtain might not be all that different.

9.5. Roles of other shop characteristics

Panel (F) of Fig. 11 presents the response of the average price at self-
service gasoline stations. Once again, it is indistinguishable from that of
the national average. Although their gasoline tends to be cheaper on av-
erage, percentage responses of their prices are no different from the
others. In Panel (G), I show the response of the average price across
shops on highways. They are identified by their names: if a shop's
name contains words such as SA = “Service Area” or PA = “Parking
Area”, it is classified as a highway shop. Apparently, those shops are
very distinct. The response is noticeably slower compared to the na-
tional average. As each of those areas tends to be managed by a public
corporation, it is reasonable to expect that those shops are subject to
less severe competition. The slow response to a cost shock is probably
a result of this unique situation.

9.6. Asymmetry in responses

This sub-section asks if there is any asymmetry in the response of
gasoline prices depending on the underlying movements in the cost of
oil. An important advantage of our rich data set is that it enables to
ask if there is any heterogeneity in the degree of asymmetry in those re-
sponses depending on the shop characteristics. For example, we could
ask if independents exhibit a higher degree of asymmetry compared
to those affiliated with large corporate groups.

The Local Projection estimation of the previous sub-sections is ex-
tended to allow for such asymmetry. This is done by replacing the oil
price variable on the right hand side by a pair of cross terms between
this variable and a dummy variable, each corresponding to one of the
two sub-periods that divides the entire sample. We have tried to split
the sample in twoways. First,we divided the sample based on the direc-
tion of change in crude oil prices. That is, it was divided between the pe-
riods when the rate of change in Dubai (its long moving average, to be
exact) was positive andwhen it was negative. Second,we split the sam-
ple based on the level of crude oil prices. That is, it is divided between
the time when the log of Dubai was above the sample median and
when it was below the median. The first approach, which is more in
line with the traditional “rockets and feathers” studies (Bacon
(1991)), did not result in a clear-cut picture. If anything, responses
were larger when oil prices were going down, which is the opposite to
the conventional wisdom. In what follows, we focus on the second ap-
proach, which is based on the level of oil prices.

In each panel in Fig. 12, the estimated responses when oil prices are
high are shown in the same way as in the previous figure. On the other
hand, those for the period of low oil prices are shown with the signs
flipped, so that the figures would not look too “congested”. Hence, in
each panel, a line that are mostly in the positive region is for the high
oil period, and the other one that is mostly in the negative region is
for the time of low oil price, except that the signs are flipped. The first
panel denoted (N) is for the national average. The rest is ordered in
the same manner as in the previous figure.

There is a very clear sign of asymmetry in all the panels. The re-
sponse is very strong and significant for the high oil price period. It is
much weaker and mostly insignificant when oil prices are low. Quite
importantly,we see nodifference in thedegree of asymmetry across dif-
ferent groups of shops. For example, the response of independents in
18
panel (E) is just as asymmetric as that for the stations affiliated with
large corporate groups in panel (D). Hence, we can safely conclude
that the asymmetry we observe in the national average (panel (N)) is
not an artifact of aggregation.

10. Conclusions

Section 7 of this paper has utilized a new daily dataset on gasoline
prices in Japan to estimate the degree of pass-through from the world oil
prices to the domestic prices. To disentangle the intertwined relationship
between supply and demand which are reflected in observed oil prices,
and to identify shocks to the expectations about the future oil supply in
the world, this paper has constructed two new indicators. They are
based on responses of prices of crude oil futures to arrivals of news related
to either (1) OPEC's decisions about future oil supplies, or (2) decisions re-
garding the US-led efforts to impose sanctions on crude oil exported from
Iran. Each one of them has been incorporated into the SVAR-IV model as
the external instrument, in turn, to identify shocks to expected future oil
supply. The estimation results have indicated the following:

(1) The identified oil news shock has a significantly positive and per-
manent effect on prices of gasoline in Japan.

(2) The long run pass-through rate to the prices actually paid by the
Japanese consumer is around 20%.

(3) But this modest degree of pass-through is, to a large extent, due
to a feature of the Japanese gasoline-related taxes, which are
mostly linked to the volume of purchases rather than the value.
For the non-tax component of the gasoline prices, the long run
pass-through rate jumps up to almost 40%.

(4) The pass-through is fast. About 70% of the entire process occurs
within 18 business days, and 90% of the price adjustment is com-
pleted in just 28 days.

(5) The above observation suggests that there is a potentially large
gain from utilizing daily data in this kind of study. This impres-
sion is reinforced by our analysis in section 8, where we carried
out similar exercises using monthly aggregates; the results ap-
parently suffer from a weak instrument problem.

(6) There are reasons to believe that the external instrument related
to sanctions on Iran might be slightly less effective. If so, it could
be because those news are correlatedwith changes in themarket
perception about issues other than oil supply.

In section 9 of the paper, I estimated responses of group-specific
means of gasoline prices, constructed from a data set on individual gaso-
line stations. Although there are signs of heterogeneity across groups, it
has not been easy to detect any clear underlying characteristic that
would make a shop either more or less responsive to oil prices. Most no-
tably, responses in urban areas are indistinguishable from those of the
rest, and shops that are affiliatedwith large corporate groups are no faster
or slower than independent stations in their responses. The only clear
finding so far has been that shops on highways tend to exhibitmore slug-
gish price adjustment, probably due to weaker competitive pressures.

In futurework, itwould be interesting to extend the time series anal-
ysis conducted in section 7 by incorporating other types of news in the
market for oil, to see if they would help strengthen the identification
strategy developed in this paper. Also, I intend to make use of the
cross sectional dimension of the micro data studied in section 9 more
fully, to characterize the evolution of the distribution of gasoline prices
across shops in Japan.
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Appendix A. Robustness study: estimation in levels

In the main text, we presented cumulative impulse responses de-
rived from estimation in which all the endogenous variables enter in
their first differences. Althoughwe feel this approach to be justified, be-
cause of the lack of evidence of cointegrating relationships between the
endogenous variables, we present results based on the levels specifica-
tion. Fig. A-1 reports non-cumulative responses for the case in which
IV1 is the external instrument; the other cases are qualitatively similar.
We can see that the resultswith the levels specification are broadly sim-
ilar to those from the differences specification, in the sense that gasoline
prices increase significantly in response to the shock, and that the reac-
tion is quite fast. A difference is that the response of Dubai now appears
mean-reverting.
Fig. A-1. Impulse responses basedon the levels specification,with thedaily data andwith IV1+
of Dubai is normalized to equal 1. Solid lines are the point estimates, and dashed lines are the
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Appendix B. Supplementary data

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.eneco.2021.105214.
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