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Abstract

Using a natural experiment from a retail gasoline antitrust case, we study how asymmetric
information sharing affects oligopoly pricing. Empirically, price competition softens when,
following case settlement, information sharing shifts from symmetric to asymmetric, with
one firm losing access to high-frequency, granular rival price data. We provide theory and
empirics illustrating how strategic ignorance creates price commitment, leading to higher
price-cost margins. Using a structural model, we quantify the impact of asymmetric infor-
mation sharing on firms’ profits, finding substantial profit-enhancing effects. These results
provide a cautionary tale for antitrust agencies regarding the potential unintended conse-

quences of limiting price information sharing.
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1 Introduction

What are the market impacts of information sharing among oligopolists? At least since Stigler
(1964), research on this age-old question has focused on the effects of symmetric information
sharing. Historically, the focus on symmetry is natural: it yields tractable models and applies
to cartels and trade associations dating to the 1800s that centralize information sharing among
firms (Kuhn and Vives, 1995). Moreover, empirical research has provided little guidance for
extending theory and policymaking to consider the effects of asymmetric information sharing
as the structure of firms’ information sharing is typically unobserved.

Yet, decentralized information sharing is prevalent in many markets, particularly as indus-
tries digitize and firms share information on prices, products, and services offline and online.
To the extent that firms differ in their ability to collect and process data on each other, asymmet-
ric information sharing will be widespread. This begs the question: what are the competitive
effects of asymmetric information sharing in oligopoly?

This paper informs this question using a natural experiment from the Informed Sources an-
titrust case in retail gasoline. The case outcome allows us to examine the competitive effects of
a transition from symmetric to asymmetric information sharing among oligopolists. Under the
latter structure, some firms access rival price information more frequently and granularly than
others. We argue that such a change empowers a relatively uninformed firm with price com-
mitment and show that this leads to higher equilibrium prices and profits. Notably, these ef-
fects were the opposite of what the antitrust agency expected in pursuing and settling the case.
Against this backdrop, we view this first study of asymmetric information sharing in oligopoly
as producing important new insights for agencies going forward.

Section 2 describes the Informed Sources case. The case centers on a price-sharing platform
run by an international retail data and analytics company called Informed Sources. Before the
case, all five major gasoline retailers in the industry subscribe to the platform and share com-
plete station-level price information across their station networks every 15 or 30 minutes. Cru-
cially, this information sharing occurs among subscribing firms only; consumers cannot access
these data. As a result of the case settlement, one of the major retailers exits the platform. In
doing so, it stops digitally uploading its data to the platform and loses the ability to observe
granular rival price information at high frequency. Informed Sources responds to this turn of
events by manually collecting high-frequency station-level price data from the exiting retailer
and uploading them to its platform for its existing subscribers. As a result, the four remaining
major retailers on the platform maintain complete data visibility after the case.

In effect, the Informed Sources case changes the price information sharing structure among

the firms from symmetric to asymmetric. After the case, the firm that exits the platform be-



comes relatively uninformed and can no longer quickly observe and react to rival price changes.
We suggest that this ignorance leads to price commitment, and illustrate the role of price com-
mitment in a simple theoretical framework which connects to extensive literature on strategic
moves in oligopoly pricing. The central prediction from our model and this literature is that
higher equilibrium prices and profits emerge under strategic complementarity when strategic
ignorance leads one firm to remain committed to a price for longer (or to set prices less fre-
quently) than its rivals. Moreover, when changing from symmetric to asymmetric information
sharing, compared to its informed rivals, the uninformed firm charges higher prices, loses mar-
ket share, and realizes a smaller profit increase.

The discrete and asymmetric shock to information sharing created by the Informed Sources
case settlement provides a unique opportunity to test these predictions empirically. Leveraging
the complete, daily, station-level pricing data from the Informed Sources platform, we employ a
high-frequency event study design to estimate the effects of the case on firms’ pricing. Section
3 describes the station price data in detail. Having such rich data yields numerous advantages.
Daily price observations allow us to evaluate case impacts within days of the market transi-
tioning to asymmetric information sharing. Station-specific prices allow us to estimate these
effects separately by firm, offering a clearer characterization of how the competitive equilib-
rium changes with a case-induced shift from symmetric to asymmetric information sharing.
Observing a long sample period means we can focus our main analysis on a three-year window
surrounding the case but use additional years to confirm the stability of the equilibrium under
symmetric information sharing before the case and establish a persistent change in equilibrium
under asymmetric information sharing for years after the case.

We present estimates of price effects of the case in Section 4. Here, we focus on changes
in price-cost margins that account for cost fluctuations over time. We find substantial price
effects for the uninformed firm and its rivals, with the uniformed firm increasing its prices the
most. After the case, we estimate that price-cost margins increase by 5.9 and 3.4 cents per liter
for the uninformed and informed firms. Compared to baseline levels, these are on the order of
50% margin increases. Exploiting the richness of our data, we further show that the uninformed
firm begins adjusting its prices less frequently than its rivals after the case. Overall, these case-
induced changes in price levels and adjustment frequencies directly align with theory regarding
the price effects of asymmetric information sharing.

Section 5 examines market share and profit effects from the case. We obtain auxiliary market
share data from an industry consumer panel and find, as predicted by theory, a 33% decrease in
the uninformed firm’s share and an average 45% increase in its (informed) rivals’ share. These
substantial changes in market shares stem from the case’s large price effects and a high station-

level gasoline price elasticity of demand that previous studies estimate range from —10 to —30



(Houde, 2012; Clark and Houde, 2014; Wu et al., forth.).

Lastly, we quantify case impacts on profits in two steps. First, we combine our price, cost,
and retailer-level market share data with data on household commuting flows and auxiliary es-
timates of the value of time (Goldszmidt et al., 2020) to calibrate a station-level demand model
from Houde (2012) that accounts for spatial frictions in consumers’ station choice. With this
model, we predict daily (inside good) market shares at the station level. Second, we measure
and predict total daily fuel consumption at the market level using auxiliary information from
the federal government. Then, combining our estimates of daily station-level market shares
and market-level fuel consumption, we compute profit changes before and after the case.

We find that the uninformed firm experiences a 4% increase in average daily profits, weighted
by stations’ shares and daily fuel consumption, resulting from the case. Quantitatively, the
firm’s relative price increase and associated market share decrease from the case roughly off-
set in shaping the case’s profit impacts. In stark contrast, its rivals experience a substantial
38-77% case-induced increase in average daily profits, reflecting their large increases in prices
and market shares. Again, our profits results align with our theoretical predictions and reveal
substantial quantitative effects of asymmetric information sharing in our setting. Annually, our
estimates imply a $33 million (AUD) increase in annual profits due to the Informed Sources case
settlement, which was intended to promote competition.

We summarize and conclude in Section 6, discussing policy implications from our study and
avenues for future research. As part of our discussion, we address the question as to why the
antitrust agency pursued and settled the Informed Sources case when, ultimately, it increased
market power. We argue that the agency’s decisions reflected the understanding of informa-
tion sharing in oligopoly from the literature at the time of the case (Green and Porter, 1984;
Kuhn, 2001; Vives, 2007). Policy discourse—informed by theory and empirics assuming sym-
metric information sharing—was aligned on the idea that restricting the sharing of granular,
high-frequency price data within a tight oligopoly was procompetitive (OECD, 2011; European
Commission, 2011; Federal Trade Commission, 2014).

What was not well understood, and which our study sheds light on, is that restricting in-
formation sharing in ways that create asymmetries can endow firms with price commitment,
which can have the unintended consequence of bolstering market power. This insight is rele-
vant for agencies in structuring and implementing antitrust laws, particularly in creating “safe
harbours” for information sharing that might promote efficiency while still limiting tacit col-
lusion (OECD, 2011), and in negotiating price-fixing case settlements that involve information
sharing agreements. In this policy context, our study provides a cautionary tale about the chal-
lenges of regulating information sharing structures between firms, which we anticipate will be

at the forefront of policymaking with increasingly digitized and data-driven industries.



Related literature

This article contributes to extensive theoretical and empirical research on the economics of
information sharing in oligopoly that, as mentioned, focuses on symmetric information shar-
ing.! Empirical studies have examined information sharing in various industries through trade
associations (Christensen and Caves, 1997; Doyle and Snyder, 1999; Marshall et al., 2008), pub-
lic earnings announcements (Aryal et al., 2022), price information-sharing platforms from pri-
vate companies (Borenstein, 2004; Miller, 2010) and governments (Albaek et al., 1997; Rossi and
Chintagunta, 2016; Luco, 2019; Ater and Rigbi, 2023; Montag et al., 2023). These studies yield
mixed evidence of efficiency effects predicted by competitive theories of information sharing,”
and also signalling, coordination, monitoring, and punishments that facilitate collusive con-
duct (Green and Porter, 1984; Scherer and Ross, 1990). None examine how the structure of
information sharing arrangements affects market outcomes.

In contrast to previous research, we examine the competitive effects of asymmetric infor-
mation sharing. We illustrate how such asymmetries can create price commitment and en-
hance market power. In this way, we connect the industrial organization (IO) literature on in-
formation sharing to a separate body of economic research on information avoidance,” which,
among other phenomena, emphasizes the value of ignorance as a commitment device in strate-
gic games. Indeed, this idea dates to theories of strategic moves from Schelling (1960) at the
foundation of applied 10 theory. To our knowledge, we provide some of the first evidence on

this phenomenon from the field in an otherwise theoretical area of research.”

I This body of research complements extensive literature in antitrust law on the legality of information sharing.
See Kuhn and Vives (1995) for an overview of the history of antitrust law on information sharing in the United
States and the EU, which dates to the 1880s and the origins of the Sherman Act (1890). Tensions exist in the le-
gal treatment of oligopolistic information sharing. For example, in the United States, it is not per se illegal. The
FTC/DOJ apply a rule of reason approach to assessing its legality (FTC, 2000). In contrast, in the EU, some infor-
mation sharing is per se illegal; in particular, sharing information about future prices is a restriction of competition
by object (European Commission, 2011).

2Kuhn and Vives (1995) review static models of competition studying firms’ incentives to share information and
the impact of information sharing on welfare. This body of research establishes that welfare effects depend on
the nature of competition (Bertrand versus Cournot competition) and of the private information shared (demand
versus cost data). Recent dynamic models of information sharing also find mixed results regarding the welfare-
enhancing (Asker et al., 2020) and anticompetitive effects (Kubitz and Woodward, 2020) of information sharing,
depending on the underlying structure of competition (dynamic auctions or price posting) and the private infor-
mation being shared (inventory of a firm’s current projects or its marginal cost). Luco (2019), building on Varian
(1980), illustrates the potential efficiency effects of public information sharing on the demand side of the market
(e.g., through a government-provided price transparency website). Publicly providing such information can re-
duce consumers’ search costs if their engagement with information from the website promotes price competition.

3See Golman et al. (2017) for an overview of this extensive literature.

“The value of ignorance in inter-personal games has been explored in bargaining and hold-up problems (Ti-
role, 1986; Rogerson, 1992; Gul, 2001), principal-agent contracting (Cremer, 1995; Dewatripont and Maskin, 1995;
Aghion and Tirole, 1997), and sequential procurement (Krasteva and Yildirim, 2019). Carrillo and Mariotti (2000)
examines strategic ignorance for commitment in intra-personal games with time-inconsistent decision-making.



Our study also connects to burgeoning IO research on the competitive effects of algorith-
mic pricing. We most closely relate to Brown and MacKay (2023), who examine the competitive
impacts of firms employing heterogeneous pricing algorithms.” They document the existence
of heterogeneous online pricing algorithms that adjust prices at different frequencies and the-
oretically show how such asymmetry increases prices and profits compared to a setting with
symmetric pricing frequencies. We provide novel empirical results that (strongly) confirm their
predictions and establish asymmetric information sharing as a microfoundation.

The context for our study—a federal antitrust case—further connects our analysis to cartel
case studies in I0. These studies combine detailed information on the inner workings of cartels
and market data (e.g., firms’ prices and quantities) to reveal underlying sources of market power
and quantify their impacts (e.g., Genesove and Mullin, 2001; Borenstein, 2004; Roller and Steen,
2006; Marshall et al., 2008; Asker, 2010; Marshall and Marx, 2012; Clark and Houde, 2013; Igami
and Sugaya, 2022). We similarly use documentary evidence and rich data from an antitrust
investigation into price fixing to provide a unique study on the internal (re)-organization of
information sharing among oligopolists and its market power impacts. As with previous cartel
cases, having a research design and results derived from an antitrust case gives our analysis
weight in informing antitrust policy.

Finally, our study adds to a large body of research on market power in retail gasoline. It
is particularly related to empirical studies of price leadership (e.g., Lewis, 2012; Lemus and
Luco, 2021) and collusion, both tacit and explicit (e.g., Borenstein and Shepard, 1996; Wang,
2009; Erutku and Hildebrand, 2010; Clark and Houde, 2013, 2014; Lewis, 2015; Byrne and de
Roos, 2019; Luco, 2019; Assad et al., forth), and associated market power effects. Our focus on
asymmetric information sharing and commitment as a driver of market power distinguishes

our study from this prior work.

2 Informed Sources case

Our study centres on Informed Sources (https://informedsources.com/), an international data

and analytics company in the retail gasoline sector emphasizing:

50ther recent work on firm heterogeneity and price algorithms examines tacit collusion and vertical relations.
Assad et al. (forth), Musolff (2022), and Leisten (2022) study price competition between algorithms and between
algorithms and humans. This work sheds light on where algorithmic price-setting can lead to tacit collusion, in-
forming broader policy debate on the issue (Ezrachi and Stucke, 2017). Chen and Tsai (2023) show how Amazon
exploits its vertical information advantage on quantity data (in addition to price, demand and cost data) over
third-party sellers on its platform to rapidly adjust its prices based on the sellers’ sales in downstream retail mar-
kets where Amazon also sells products. Their study of informational asymmetry and fee setting on a platform
complements our study of horizontal asymmetry, which addresses the different issue of commitment and more
closely connects to theory and empirics on information sharing as overviewed by Kuhn (2001) and Vives (2007).


https://informedsources.com/

“Accurate, reliable, timely data ... To make decisions with confidence, you need a

complete view of the market.”

The company has been in operation for more than 30 years. It started out by manually collecting
and sharing gasoline stations’ prices using human price spotters. At least since the 2010s, it
runs a digital platform that enables information sharing among gasoline retailers. Specifically,
subscribers to the Informed Sources platform: (1) digitally provide their station-level price data
every 15 or 30 minutes; and (2) gain access to all prices provided to the platform at all times.
Informed Sources complements this information with non-subscriber station-level price data
that the company collects manually at daily, weekly, or other frequencies.

An important feature of the Informed Sources platform is that, historically, it is available to
the supply side of the market, but not the demand side. In the words of European Commis-
sion (2011) (Sec. 2.2.3), Informed Sources facilitates non-public information sharing that risks

having a restrictive effect on competition.

2.1 ACCC case

In August 2014, the Australian Competition and Consumer Commission (ACCC) alleged that
Informed Sources and Australia’s five major gasoline retailers, BP, Caltex, Woolworths, Coles,
and 7-Eleven,® violated section 45 of the Competition and Consumer Act of 2010, which makes
illegal “contracts, arrangements or understandings that have the purpose, effect, or likely effect
of substantially lessening competition.” At the time, all five major retailers subscribed to the
platform, and they operated and set prices for more than two-thirds of the stations nationwide
(ACCC, 2018). These retailers’ dominance and degree of information sharing underpinned the
government’s concerns about anticompetitive behavior. In the words of ACCC Chair Rod Sims

from the agency’s press release (ACCC, 2014) for the case:

“The ACCC alleges that the arrangements were likely to increase retail petrol price

coordination and cooperation, and were likely to decrease competitive rivalry.”

BFormally, the retailers involved were BP Australia Pty Ltd, Caltex Australia Petroleum Pty Ltd, Woolworths Ltd,
Eureka Operations Pty Ltd, and 7-Eleven Stores Pty Ltd. Both Woolworths and Coles also operated supermarket
chains and offered gasoline price discounts if consumers’ supermarket purchases on a given visit to the supermar-
ket were sufficiently large. These fuel discounts were offered under Woolworths’ and Coles’ customer loyalty pro-
grams, which also offered points that could be redeemed for other retail rewards (e.g., appliances, travel). Caltex
accepted discount vouchers from Woolworths’ grocery stores throughout our sample period. BP’s fuel customers
could earn discounts for purchases within BP convenience stores and could earn Qantas frequent flyer points.

Since 2013, the federal government has regulated the tied discounts for all four major retailers to a maximum of 4
cents per litre (cpl) (ACCC, 2013). In effect, fuel purchases from BP, Coles, Caltex, and Woolworths were connected
to retail loyalty schemes with national supermarket chains or airlines and offered 4 cpl discounts. In contrast, 7-
Eleven, which primarily operated convenience stores, both with and without associated gasoline stations, offered
2 cpl discounts for in-store purchases but not a broader points program.


https://www.legislation.gov.au/Details/C2023C00043

“The ACCC alleges that fuel retailers can use, and have used, the Informed Sources
service as a near real-time communication device in relation to petrol pricing. In
particular, it is alleged that retailers can propose a price increase to their competitors
and monitor the response to it. If, for example, the response is not sufficient, they can
quickly withdraw the proposal and may punish competitors that have not accepted

the proposed increased price.”

The case was alleged in the retail gasoline market of Melbourne, a major metropolitan area
with 4.4 million people in 2014. In its press release, the ACCC went on to allege that “the price
information exchange service allowed those retailers to communicate with each other about
their prices, and had the effect or likely effect of substantially lessening competition for the sale
of petrol in Melbourne.” The agency further emphasized potential consumer harm, noting that
“even a small increase in petrol pricing can have a significant impact on consumers overall.
For example, if net petrol prices increase by 1 cent per litre over a year, the loss to Australian

consumers would be around $190 million for the year.”

2.2 Case settlement

The case lasted 16 months, ending with a settlement in December 2015. Two key outcomes

emerged, as summarized in press releases associated with the settlement ACCC (2015a,b):

#1 Informed Sources would make its data available “on reasonable commercial terms” to
third parties, including third-party consumer search app developers and research orga-

nizations.

#2 Coles would withdraw from the Informed Sources platform when their contract expired
four months later in April 2016. At this point, Coles would lose access to high-frequency
station-level price data on its four major rivals, BP, Caltex, Woolworths, and 7-Eleven,

which all remained on the platform.

Statements by ACCC Chair Rod Sims in the agency’s press releases for the case settlement illus-

trated a belief by the agency that these case outcomes would be pro-competitive:

“Making [Informed Sources] pricing information available to consumers will allow
consumers to make better informed purchasing decisions and therefore create greater

competition in petrol pricing.” (ACCC, 2015b)



“I welcome and appreciate the decision of Coles Express to cease using the Informed
Sources information sharing service at the earliest available opportunity .... The
ACCC considers this to be an extremely positive step towards increasing competition
in the petrol market ....” (ACCC, 2015a)

These beliefs were supported by existing research into the competitive effects of informa-
tion sharing. Outcome #1 would make Informed Sources’ data publicly available and reduce
consumer search costs, thereby enhancing firms’ incentives to undercut rivals’ prices to steal
business. In addition, having more price-attentive consumers would make price signaling and
leadership more costly for firms looking to coordinate marketwide price increases (described
in detail below). Outcome #2 would limit the sharing of high-frequency and granular strate-
gic price data in a tight oligopoly, especially since Coles had a relatively more extensive station
network widely distributed across the market (detailed below). Given Coles’ station network,
outcome #2 was expected to limit firms’ ability to signal and coordinate price adjustments and
monitor and punish secret price cutting by rivals through the Informed Sources platform.’

Existing research on (symmetric) information sharing in oligopoly at the time of the case
(e.g., Green and Porter, 1984; Scherer and Ross, 1990; Kuhn, 2001; Vives, 2005) aligned antitrust
agencies worldwide on the idea that making information public to firms and consumers (out-
come #1) and limiting sharing of rich strategic data among firms (outcome #2) would help
destabilize tacit collusion (OECD, 2011; European Commission, 2011; Federal Trade Commis-
sion, 2014). As the quotes from ACCC (2014) above make clear, in pursuing the case, the ACCC
believed that Informed Sources’ platform was indeed facilitating tacit collusion. The agency’s
outcomes in settling the case thus reflected the research frontier and best policy practice in

attempting to regulate information sharing to promote competition.

2.3 Realized case outcomes

In practice, however, realized changes to the informational environment on the demand and
supply side of the market departed in important ways from the ACCC’s expectations.

On the demand side, there was virtually no change in third-party consumer app availabil-
ity in the years after the Informed Sources case. Appendix A provides details on the history of
consumer search apps in Australia, their (lack of) popularity, and lack of change in their avail-

ability before and after the case. In this sense, case outcome #1 did not significantly change

"While we are not privy to the details of Coles’ case-induced platform exit, its station network size, and thus
its potential importance for price information sharing among the firms, is one potential explanation for Coles’
agreement to exit the platform. Another potential explanation is that its contract with Informed Sources was due
to expire in April 2016, which was just four months after the case settlement.



app-enabled consumer search.”

On the supply side, all firms’ information over rival prices worsened after Coles exited the
Informed Sources platform, with an asymmetric impact on Coles. Our data from the platform,
described in Section 3, allow us to track rival price information for BP, Caltex, Woolworths, and
7-Eleven over time. These four firms observed the universe of each other’s station-level prices
within a given market (city) every 15 or 30 minutes both before and after the case.

As we show below, despite Coles’ exit from the platform, the remaining four Informed Sources
subscribers still observed Coles’ prices after Coles exited the platform. What made this possible
was a strategic response by Informed Sources: the company began manually collecting Coles’
stations’ prices using human price spotters immediately after Coles exited the platform. As
shown in Section 3, these spotters collected one price observation per station daily for approx-
imately three-quarters of Coles’ stations, with the focus being on stations in the urban core
rather than the outer suburbs.

Notably, Informed Sources’ strategic response worked against case outcome #2 in limiting
information sharing across firms. To our knowledge, no such response by an information-
sharing technology (e.g., trade journal, digital platform) to a government regulating informa-
tion sharing had been previously documented in economic research or antitrust case law. Given
the unprecedented nature of Informed Sources’ strategic response, the ACCC possibly did not
anticipate the evolution in information sharing among Informed Sources’ four remaining sub-
scribers after the case when forming its beliefs about case outcome #2’s impact.

Coles likewise observed rivals’ station-level prices every 15 or 30 minutes while on the plat-
form. After leaving the platform, the extent to which Coles could observe rivals’ prices becomes
unknown. Given the speed and coverage of Informed Sources in generating 15 or 30-minute
station-level data for the four remaining subscribers after the case, plus Informed Sources’ in-
tensive daily price spotting of Coles stations, Coles was almost surely at an informational dis-
advantage compared to its rivals in terms of rival station price data frequency and coverage

after it exited the platform.” As we will see, stations adjust prices daily, and station-level price

8Various factors might explain why no third-party apps entered the market through an Informed Sources data
purchasing agreement. First, competition existed from an incumbent private third-party app (PetrolSpy) that re-
lied on consumers uploading prices to their platform at $0 cost and earned revenue through in-app advertising
(see Appendix A for details). Second, PetrolSpy had low adoption rates, consistent with findings from Byrne and de
Roos (2022) that consumers face large up-front search app adoption costs. Therefore, the expected app demand
may have been low. Finally, most Australian state governments had implemented or were in the process of intro-
ducing mandatory price disclosure laws. These laws require gasoline retailers to upload real-time price data to
government-run platforms or central databases for consumer access. The limited market size and the expectation
of policy rollouts would further dampen incentives for third-party apps to enter the market. Victoria remains the
only state to never enacted such a law, leading to the absence of a government-run platform in Melbourne.

9More precisely, we assume that Coles does not replicate the data generated by Informed Sources through 15
or 30-minute digital uploads. Coles could have their employees engage in price spotting of nearby competitors
and upload the data to Coles’ central database. However, this price collection lacks the complete market cover-



elasticities are large, underlining the value of granular and high-frequency rival price data in

price-setting and Coles” informational disadvantage.

2.4 Asymmetric information sharing and price commitment

Using a simple conceptual framework, we elucidate the economic effects of transitioning from
symmetric to asymmetric information sharing among Coles and its rivals due to the Informed
Sources case settlement. Below, we discuss the robustness of our model predictions to various
modeling assumptions.

Consider a Hotelling (1929) model of differentiation with two firms, 1 and 2, competing in
prices along a linear city of length 1. Firm 1 is at location y; = 0 and charges price p; and Firm 2
is at the other extremity y» = 1 charging p,. Each firm has a constant marginal cost of ¢ and no
fixed costs.

Consumers are indexed by i, have unit demand, and are uniformly distributed along the city.
If consumer i, located at x; € [0,1], purchases from Firm j, then consumer i obtains indirect
utility

u(pj,xi) =u—tlyj—xil—pj,

where # is the intrinsic value of purchasing and ¢ > 0 is the transportation cost. Consumer i
purchases from the firm that maximizes their utility, and we assume i is sufficiently large to
ensure full market coverage. Given this setup, the share of consumers purchasing from firm
jef{l,2}is

where the subscript —j denotes j’s rival. We can use this model to predict the impacts of a

’

case-induced shift from symmetric to asymmetric information sharing on firms’ prices, market

shares, and profits.

Before the case: simultaneous pricing

Before the case, retailers symmetrically shared station-level price information every 15 or 30
minutes and commonly understood that they could quickly observe and react to each other’s
prices. Any firm contemplating a price change would understand that their rivals would also

have an opportunity to adjust prices based on the same information, before the next infor-

age offered by Informed Sources data. In addition, while gasoline price reporting platforms such as MotorMouth
(website) and PetrolSpy (search app), established in July 2013 and September 2014, respectively, could have been
monitored by Coles, they provide incomplete coverage of stations day-to-day, often with multiple-day lags in price
data; see Appendix A for details. These auxiliary data contrast with Coles’ rivals’ complete, 15-30 minute-level or
daily price data on each other’s stations, including Coles stations (via price spotters), after the case.

10



mation update. Through the lens of the model, we interpret this baseline scenario as corre-
sponding to simultaneous (Bertrand) price competition. In this case, the Nash equilibrium is
determined by the following reaction functions for firms j € {1,2}

p_j+t+C
pj:T

The equilibrium is unique, with Bertrand prices pf = pf = t+ ¢ and profits n? = ng = %t.

After the case: sequential pricing

After the case, Coles was ‘unplugged’ from the Informed Sources platform and was at an in-
formational disadvantage. Coles’ rivals continued to observe each others’ stations every 15 or
30 minutes and observed Informed Sources’ manually collected prices for most of Coles’ sta-
tions every day. Coles, in contrast, lost access to such high-frequency rival price data with mar-
ketwide coverage and the ability to observe and quickly react to rivals’ prices. All retailers were
commonly aware of this asymmetry in the retailers’ information on rival prices. "

We interpret this case-induced change to information sharing as introducing sequential
pricing day-to-day between Coles and its rivals. After the case, Coles became strategically igno-
rant and could credibly commit to prices over short time horizons each day because it was less
able to observe and respond to rival price changes quickly. In contrast, Coles’ rivals could ob-
serve and quickly react to Coles’ and each other’s price adjustments. Interpreting these changes
with our model, suppose that Firm 1 (Coles) chooses its price first and then Firm 2 (Coles’ rival)
chooses its price after observing Coles via Informed Sources. In this sequential-move environ-
ment, the subgame perfect Nash equilibrium prices and profits are pf = %t + ¢ and pg = gt +c

S_9 S_25
andﬂl = 16tandn2 =31

Hypotheses

We compare equilibrium under simultaneous and sequential pricing to develop three main hy-

potheses regarding the price, market share, and profit effects from the Informed Sources case:

Hypothesis 1 (Price effects). Prices increase for Coles and its rivals after Coles exits the Informed

10We assume that Coles was aware of Informed Sources’ manual price spotters and its activity in monitoring and
uploading Coles’ stations’ prices after the case. We show in Section 3 that, before the case, Informed Sources had
a long history of using price spotters to manually upload non-subscribing retailers’ stations’ prices (e.g., smaller
retail chains and independent stations) to the platform. These manually collected data, in turn, allowed Informed
Sources’ subscribers to monitor and adjust to non-subscribing retailers’ prices. Given these institutional features,
Coles was likely aware of Informed Sources’ price-spotting workforce and that, as a non-subscribing retailer, its
stations’ prices would have been monitored and uploaded to the platform after the case.
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Sources platform, with the increase in Coles’ prices being the largest.
S B S ,B S_,B_ ,S_ B
pP1>P1> P2 > P2 P1—=P1>P2—P2-

Hypothesis 2 (Market shares). Coles’ market shares decrease after exiting the platform while its
rivals’ shares increase.

S_ B S_ B
s]— s <0, s, =8, >0.

Hypothesis 3 (Profit impacts). Profits increase for Coles and its rivals after Coles exits the plat-

form, with the increase in rivals’ profits being the largest.

wSsuB, aSsph aS—nbsaS—nb

While these hypotheses come from a highly simplified model, extensive work in applied the-
ory (e.g., Gal-Or, 1985; Hamilton and Slutsky, 1990; Amir et al., 1999) on static and sequential
pricing games establishes Hypotheses 1-3 in more general settings as long as prices are strate-
gic complements, allowing for market structures with one leader and multiple followers. In Ap-
pendix B, we further show that under strategic complementarity, Hypotheses 1-3 emerge from:
(1) repeated games models of collusion with perfect monitoring and/or imperfect coordina-
tion; and (2) dynamic oligopoly models with strategic complementarity whereby continuation
payoffs are increasing in rivals’ prices.

Brown and MacKay (2023) obtain similar insights from a dynamic continuous-time pricing
game where duopolists can differ in (algorithmic) pricing frequency. Compared to a baseline
scenario with symmetric pricing frequencies, prices and profits increase when the firms have
asymmetric pricing frequencies. Moreover, the firm that adjusts its prices less frequently (i.e.,
Coles) has higher prices and lower profits than its rival, echoing predictions from static and
sequential pricing models. Our empirical setting provides a unique opportunity to directly test
their mechanism and explore asymmetric information sharing as a microfoundation.

In summary, theory predicts that the shift from symmetric to asymmetric information shar-
ing following the Informed Sources case will lead to higher prices and profits for all firms, with
Coles’ prices rising the most and profits rising the least. In addition, Coles should lose market
share while its rivals should gain. We now use arich dataset from the Informed Sources platform

to test these hypotheses and quantify the case’s price, market share, and profit impacts.'

H'why do we not see a retailer exit the Informed Sources platform sometime before the case if, by gaining com-
mitment power from strategic ignorance, it is profitable to do so? While addressing this question is outside the
scope of our analysis, we can use our model to shed some light on it. The model predicts that the change in profits
when going from simultaneous to sequential pricing for the first and second moving firm is 1—16 t and 3% t, respec-
tively. Retailers would thus face a coordination problem in determining who should exit the platform: each retailer
would want to stay on the platform if a rival exited (to gain a second-mover advantage), but a given retailer would

12



3 Data

For our analysis, we obtained Informed Sources data on daily station-level prices for Melbourne
(4.7 million people in 2017), where the case was alleged. We focus on prices for regular unleaded
91 petroleum as this accounts for the vast majority of fuel sales. We also obtained data from Syd-
ney (5.1 million people) for comparison. While the case was not alleged there, we can validate in
Sydney whether similar conduct changes occur after Coles exits the Informed Sources platform.

We have access to 15 years of station-level price data from Informed Sources, spanning 2005
to 2019. For studying the impacts of the Informed Sources case, we narrow our primary sample
period to May 1, 2015, to December 31, 2017 (32 months). Coles exits the Informed Sources
platform 11 months into the sample in April 2016. Aside from Coles’ platform exit, the market
does not experience major shocks to demand, costs, or industry structure over this period.'”
While our data allow us to identify case impacts at high frequency (e.g., within days of when
Coles stops uploading data to the Informed Sources platform), the stability of the market envi-
ronment allows us to examine changes in equilibrium associated with asymmetric information
sharing arising from Coles’ platform exit over a two-year horizon."*

We further obtain daily data on wholesale terminal gate prices (TGPs) for Melbourne and
Sydney from the Australian Institute of Petroleum (https://www.aip.com.au/). TGPs are the
main time-varying component of stations’ daily marginal cost of unleaded 91 gasoline, reflect-
ing changes in the Singapore MOGAS 95/92 crude oil price index and regional refining market
conditions. Therefore, retailer margins (price—TGP) can be directly observed with high fre-
quency to reveal any changes occurring before and after Coles exits the platform.

Table 1 presents summary statistics for our main Melbourne-based sample, while Appendix

want to unilaterally exit if its rivals remained on the platform (to gain commitment power). This tension in firms’
incentives complicates tacitly coordinating who exits. Further, the profit increase from unilaterally exiting the
platform is likely small given that station-level demand elasticity estimates range from —10 to —30 (Houde, 2012;
Clark and Houde, 2014; Wu et al., forth.), implying a small transportation cost . This small potential gain from
unilaterally exiting the platform may also help explain why a retailer did not exit the platform before the case.

12[n particular, there are no mergers between gasoline retailers or wholesalers, station entry and exit is minimal,
supermarket-related fuel discounts for Coles and Woolworths are fixed by government regulation, and global crude
oil prices are stable (e.g., no major international demand or supply shocks). We confirm these facts from a series
of in-depth annual gasoline industry monitoring reports from the ACCC available at https://www.accc.gov.au/by-
industry/petrol-and-fuel/fuel-and-petrol-monitoring (accessed August 2, 2023).

13Appendix C.1 describes our primary sample in the context of a larger Informed Sources dataset spanning 2014-
2019. Our sample start date stems from a global crude oil price shock between October 2014 and January 2015, af-
fecting retailers’ wholesale costs and pricing structures. By May 1, 2015, the pricing structures stabilize and remain
stable through 2017, save for when Coles exits the Informed Sources platform. Our sample end date (December 31,
2017) corresponds to a year where we can access consumer choice data over gasoline retailers to analyse the case’s
market share and profit impacts. We describe these auxiliary data in Section 5. Nevertheless, we discuss the ro-
bustness of our estimates of the case’s price effects to using 2016 or 2018 sample end dates. In February 2019, there
are two significant firm ownership changes (EG Group purchases Woolworths and a Viva Energy — Coles strategic
alliance), effectively ending the 2015-18 window where the market environment is stable.
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Table 1: Summary Statistics

Mean Std.Dev. Min Max

Prices (cpl)

Price 124.2 11.6 92.1 151.9
Terminal Gate Price 113.0 8.2 952 1319
Margin 11.2 84 -122 473

Panel Dimensions (cpl)

Dates 976
Stations

BP 127 (19%)
Caltex 92 (13%)
Coles 147 (22%)
Woolworths 93 (14%)
7-Eleven 148 (22%)
Other 75 (11%)
Total 682 (100%)
Observations

Electronically collected 438048 (81%)
Manually collected 99829 (19%)
Total 537877 (100%)

Notes: Sample period is May 1, 2015, to December 1, 2017. Retail prices are at the station-date
level. Wholesale Terminal Gate Prices (TGPs) are at the daily level from Melbourne’s gasoline

terminal gate. Margin is a station’s retail price less Melbourne’s TGP on a given date.

C.2 presents analogous statistics for Sydney. The top panel summarizes station-level retail
prices, wholesale costs, and margins (measured in cents per liter, or cpl). On average, margins
represent a 10-11% markup over the wholesale TGP.

The middle panel of Table 1 describes our panel’s structure. Like many urban retail gaso-
line markets worldwide (Eckert, 2013), Melbourne has an asymmetric market structure, with
five major retailers operating the majority of stations and a competitive fringe of smaller retail
chains and independents (“Other” stations in the table). The largest retailers in terms of station

counts are 7-Eleven and Coles, both operating 22% of the stations in the data.'*

4These market structure figures only include stations for which Informed Sources electronically or manually
collects prices. While the data include all stations operated by the five major retailers in the market, Informed
Sources may not find it worthwhile to manually collect prices for some smaller retail chains and independent
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3.1 Electronic and manual data collection

The bottom panel of Table 1 tabulates how Informed Sources collects each daily station-level
observation. Most (81%) observations are electronically collected from the five major retailers
who, as Informed Sources subscribers, upload price data to the company’s information-sharing
platform. However, Informed Sources manually collects a non-negligible share (19%) of daily
station-level prices from price spotters driving around the market day-to-day.

Figure 1 illustrates how Informed Sources’ electronic and manual data collection evolves
six months before and after April 2016, when Coles’ contract with Informed Sources expires.
Various patterns of interest emerge.'” Panel (a) shows a sudden and complete elimination of
digital price uploads for Coles stations on April 15, 2016. Panel (b) illustrates a simultaneous
jump to 75 Coles stations per day with manual price uploads (63% of Coles’ stations) on April
15. A second jump in manual data collection for Coles stations occurred on June 14, 2016,
rising to 98 stations per day (82% of Coles’ stations). In sum, Informed Sources immediately
starts manually collecting Coles’ stations’ prices with price spotters and uploading them to its
platform when Coles stops electronically uploading its price data.

Panel (b) also shows how Informed Sources reallocates its price spotter workforce after Coles
exits the platform. Before April 15, 2016, Informed Sources would manually collect price data
from subscribers and non-subscribers (e.g., smaller retail chains and independents).]6 Collect-
ing such information is consistent with Informed Sources validating electronically-uploaded
price data from the five major subscribing retailers. However, after Coles stops uploading prices
to the platform, panel (b) shows that Informed Sources reallocates all of its manual price collec-
tion efforts to collecting price data on Coles stations only.!” This shift in behavior reveals, from

Informed Sources’ perspective, the importance of maintaining observability of Coles’ stations’

stations. The latter source of sample selection is not problematic for our analysis of case-induced changes to
major retailers’ pricing structures in Section 4. However, as we discuss and address in Section 5, small retailer and
independent station selection matter for estimating profit impacts from the case.

15Appendix C.2 contains parallel results for Sydney that mirror our findings in this section. These auxiliary re-
sults validate Coles’ exit from the Informed Sources platform nationwide, as reported in ACCC (2015b). They also
confirm similar price effects from Coles’ platform exit in both Melbourne and Sydney, which we discuss below.

16Figure 1(b) indicates that some subscriber stations’ prices are collected manually on certain days, leading to
cycles in price uploads. These manual upload cycles align with the cycles observed in electronic data collection in
panel (a). The manual price uploads for subscribers before Coles stops digital uploads seem to be an artifact of the
dataset provided by Informed Sources. While subscriber stations’ prices are uploaded electronically, the platform
may manually spot-check their prices on certain days. In these cases, a station may have price observations with
“Manual” and “Electronic” labels on a day. Informed Sources likely assigned a unique label to each station day
when providing us with the daily station-level price data.

7By reallocating the price spotter workforce toward Coles stations, Informed Sources stops validating sub-
scribers’ prices through manual data collection after Coles exits the platform. Given evidence of tacit coordination
in the industry (Byrne et al., forth.), to the extent that this change results in a deterioration in monitoring, we would
expect this to make it more difficult to sustain supra-competitive margins (Green and Porter, 1984).
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Figure 1: Daily Station-Level Price Uploads to the Informed Sources Platform

(a) Electronic Uploads
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prices for its remaining subscribers (BP, Caltex, Woolworths, 7-Eleven) after the case.'®

Lastly, Appendix C.3 shows that Informed Sources manually collects data from Coles sta-
tions in the urban core, not the city’s outer suburbs. The initial 75 Coles stations with manual
data collection in April 2016 are in the middle of the city. The company then moves to the city’s
next suburban “ring” in June 2016 with an additional 23 stations, stopping before the more re-
mote suburbs. Such an inside-out data collection approach likely reflects differences in the
value of information for retail price-setting between stations in the urban core with high pop-
ulation density and more local competitors versus more isolated stations in less-dense outer
suburbs. Moreover, the platform can minimize its per-station manual data collection cost by
collecting data for clustered Coles stations along main roads in the urban core and not driving
to outer suburbs to collect data from more sparsely distributed stations.

We emphasize the importance of Informed Sources’ manual collection of Coles’ price data
for our study. Without it, we could not examine how Coles’ loss of platform access affects the
retailer’s pricing behavior. In our analysis of price effects of asymmetric information sharing,
we only use data for the 98 Coles stations for which Informed Sources collects data before and
after the retailer exits the platform. Such issues do not arise for the other four major retailers
with digital data uploads to the platform before and after Coles exits. Our results are, however,

unaffected by simply including all prices for all Coles stations in our primary sample.

3.2 Price cycles

Turning to our price data, a key feature is that retail prices in Melbourne exhibit an asymmetric
cycle.'” Figure 2 illustrates this by way of example, plotting average daily retail prices by retailer
between September 15 and November 7, 2015. Prices infrequently exhibit large jumps which
restore profit margins (the restoration phase) with regular daily price undercutting in between
the jumps (the undercutting phase). While Figure 2 shows retailer-level cycles, analogous cycles
exist at the individual station level.

Figure 2 further illustrates two key aspects of price restorations. First, restorations occur

when retail prices approach the wholesale TGP and margins go to zero. Second, retail chains

18There are two other features of the price collection data in Figure 1. First, we find three one-day drops in digital
price reporting (2 for 7-Eleven and 1 for Caltex) in panel (a), likely reflecting technical issues. Second, we find a
simultaneous shift in electronic and manual price uploads for BP stations in mid-June 2016. There are no public
announcements during this period that help explain this shift. It possibly reflects a set of BP-branded independent
licensee stations in Melbourne that no longer digitally upload their prices to the platform (ACCC, 2018). Informed
Sources subsequently monitors their prices through manual data collection. Importantly, these licensee stations
still receive recommended prices from BP, implying they still receive daily price recommendations that reflect BP’s
access to data from the Informed Sources platform.

19Gasoline price cycles exist worldwide, e.g., in the United States, Europe, and Canada (Eckert, 2013). In Aus-
tralia, all major cities exhibit price cycles (Byrne and de Roos, 2019). High-frequency price cycles have also recently
been found in digital marketplaces (Musolff, 2022).

17



Figure 2: Retailer-Level Price Cycles
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Notes: The figure shows mean daily station-level retail prices for each major retailer between September 15 and
November 7, 2015, computed from daily-station level prices from Informed Sources. The wholesale Terminal Gate

Price (TGP) corresponds to the daily wholesale price for unleaded 91 gasoline from Melbourne’s local terminal gate

from the Australian Institute of Petroleum.

often exhibit small average price jumps in the days just before all retailers restore their margins.
Figure 2 highlights this with Coles before a marketwide price restoration in November 2015
in Melbourne. These small average price jumps reflect a subset of a given retailer’s stations
restoring their prices a few days before the restorations of the remaining stations in their net-
work. In this way, individual retailers, with relatively larger shares of stations within a market,
tend to engage in station-level price leadership to coordinate marketwide price restorations,
consistent with findings from, for example, Lewis (2012) and Byrne and de Roos (2019). More-
over, these small jumps highlight within-retailer price dispersion across stations that are not
perfectly synchronized across a retailer’s station network (despite the major retailers centrally
setting station-level prices).

For our analysis of the price effects of asymmetric information sharing, it is useful to classify

station-level price restorations and undercutting phases. We use the following classification:
Definition 1.
(i) A station-level price restoration occurs on date ¢ if three conditions hold:
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#1 pit> pit—
#2 pil‘zmax{pit—Sr---’pil’+5}
#3 pir—min{p;;—s,..., pitt = 10.

(ii) A station-level price cycle begins with a station-level price restoration. We enumerate this
as “Day 0” of a station’s cycle. Cycle days 1,2, ... follow as the undercutting phase until the

next station-level price restoration occurs.
(iii) Station-level cycle length is the number of days between station-level price restorations.

In words, a station-level price restoration from Definition 1(i) occurs when the station in-
creases its price to a local maximum. Part #1 identifies dates when a station’s prices rise. Part
#2 creates a moving window that identifies a local maximum in a station’s price within a 10-day
window around each date. Part #3 requires a price restoration involving a sufficiently large price
increase (at least 10 cpl) from its recent lowest price at the bottom of the previous cycle. Sev-
eral validation checks confirm that our classification accurately identifies station-level price
restorations.”’ The accuracy of our classification scheme reflects the stability of price cycles
throughout our sample period. Holt et al. (2022) illustrate the effectiveness of threshold-based

rules, like those used in Definition 1, for price cycle classification when cycles are stable.

4 Price effects of asymmetric information sharing

Using the shock to Coles’ platform access, the Informed Sources case allows us to study how
asymmetric information sharing affects oligopoly pricing. Figure 3 provides preliminary graph-
ical evidence of the price effects. The figure shows each retailer’s average daily retail price over
our primary sample period. It shows that Coles’ retail price decouples from its rivals’ in March
2016. Visually, Coles’ change in pricing is particularly evident during the undercutting phase
of the cycle, where it starts pricing at a higher overall level and undercuts less aggressively, par-

ticularly immediately after a price restoration. Appendix C.1 shows Coles’ decoupling persists

20 Note that the daily station-level prices provided by Informed Sources are the daily average of the 15-minute
level prices uploaded to the platform. In the data, a price restoration on date ¢ is represented as two consecutive
price jumps, one on date ¢ and the other one on date ¢ + 1, with the price reaching the restoration level on date
t+1. Consequently, the commonly used threshold-based rule on price jump magnitude cannot accurately identify
price restorations. This is because a price restoration that happens early (or late) in the day on date ¢ can resultin a
large (small) price jump on date ¢ and a small (large) price jump on date £+ 1. Depending on the time of day a price
restoration occurs, the jump magnitude rule may identify either date ¢ or ¢ + 1 as the restoration date, potentially
yielding an incorrect restoration level. In contrast, our Definition 1(i) reliably identifies date ¢ + 1, corresponding
to the day when the price peaks in a station-level cycle. Thus, the method accurately captures the restoration level,
regardless of the restoration timing on date .
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Figure 3: Retail Pricing with Coles On and Off the Informed Sources Platform
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Notes: The figure shows mean daily station-level retail prices for each major retailer between May 1, 2015, and
December 31, 2017 (our main sample period), computed from daily-station level prices from Informed Sources.

The wholesale Terminal Gate Price (TGP) corresponds to the daily wholesale price for unleaded 91 gasoline from

Melbourne’s local terminal gate from the Australian Institute of Petroleum.

through 2018 until major retailer ownership changes occur in early 2019. Appendix C.2 shows
similar patterns emerge around Coles’ platform exit in Sydney, pointing to nationwide impacts.
Interestingly, Coles’ March 2016 change in pricing does not perfectly align with its April 2016
Informed Sources contract expiration.”! While we are not privy to details regarding the con-
tract, the timing of the shift in pricing could reflect, for example, a sunset provision whereby
Coles loses access to price data on the Informed Sources platform while still having to upload
its data to the platform within a window before contract expiry. In evaluating the price effects of
asymmetric information below, we abstract from these other aspects of equilibrium transition
and omit the transition period—March 1 to April 30, 2016—from our estimation sample.
Figure 4 “zooms in” to show daily average retail prices for May 15-August 1 in 2015 and 2017.

These figures allow us to see better how pricing evolves under symmetric and asymmetric infor-

21 Appendix C.4 statistically confirms a decoupling of Coles’ prices from its rivals in March 2016 using the An-
drews (1993) test for a structural break with an unknown break point. Appendix C.1 further explores announce-
ment effects around December 14, 2014, when the Informed Sources case was originally announced. There is little
evidence of an immediate announcement effect.
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Figure 4: Retail Pricing under Symmetric and Asymmetric Information Sharing
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line from Melbourne’s local terminal gate from the Australian Institute of Petroleum.



Figure 5: Price Cycle Length with Coles On and Off the Informed Sources Platform
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Notes: The figure shows the station-level price cycle length distribution by retailer with Coles on and off the In-
formed Sources platform from our primary sample period (May 1, 2015 — December 31, 2017). See Definition 1 for

the definition of station-level cycle length.

mation sharing. Panel (a) illustrates highly coordinated prices with daily price adjustments by
all retailers while Coles is on the platform, with Coles regularly pricing around 1 cpl higher than
its rivals. In contrast, Coles’ prices become far less coordinated with its rivals’ prices in panel
(b) when off the platform. The lack of coordination is evident during the restoration and under-
cutting phases of the cycle. Moreover, unlike in panel (a), Coles’ daily prices exhibit multi-day
runs without price adjustments in panel (b), while its rivals adjust prices daily. These prelimi-
nary patterns are consistent with Coles’ committing to higher prices and making less frequent
price adjustments under asymmetric information sharing arising from the Informed Sources

case settlement.

4.1 Softer price undercutting and cycle length

It appears from Figures 3 and 4 that undercutting progresses more slowly during the cycles that
follow Coles’ exit from the platform. Because restorations tend to occur only after prices have
fallen close to cost, cycles should take longer to complete with Coles off the platform.

To illustrate a change in cycle length, we plot in Figure 5 a kernel density of station-level cy-
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cle length (in days) in Melbourne before and after Coles exits the platform. These distributions
confirm our visual inspection of Figures 3 and 4: price cycle length significantly increases after
Coles exits the platform, consistent with a softening of price undercutting. Simple t-tests, by
retailer confirm statistically significant changes (p < 0.01) in retailers’ mean station-level cycle

length under asymmetric information sharing.

4.2 Estimating price effects of asymmetric information sharing

In light of the initial evidence, we now conduct a more formal analysis of how prices change
under asymmetric information sharing. While Figures 3-5 suggest that undercutting becomes
more sluggish after Coles’ platform exit, the overall impact on stations’ margins is unclear. Mar-
gins could be affected by a uniform shift in daily price levels or by a change in shares of days
with relatively high or low margins. Therefore, to assess price effects, we specify a model of the
typical evolution of margins within a price cycle and identify whether margins evolve differently
after Coles exits the platform. Given that we are studying a change in equilibrium, we examine
changes in pricing and margins separately for each retailer.

We define margin;, as the difference between station i’s retail price on date #, p;;, and the

wholesale TGP, ¢;. We then estimate regressions of the following form
10
margin;, = ap + Z [,BkCycPct;‘t + Y ColesOff; x CycPct;‘t
k=0

+X7: (6787 e +8,0" crg] +Mi+Va+Am +eir, M
=0

where CycPct? , isadummy variable equaling one if station i has a station-level price restoration
on date ¢ (k = 0), and CycPctft, for k =1,...,10 equals one if station i’s cycle day falls within
the k™ decile of its current station-level cycle length.>” ColesOff; is a dummy equaling one if
date ¢ is after April 1, 2015 (e.g., the month when Coles’ Informed Sources contract expires).”*

Variables 1;, v4, and A,, are station, day of week, and month of year fixed effects.
We also account for the influence of lagged cost fluctuations on margins in (1). Prices in
gasoline markets, with and without cycles, have been shown to pass through cost changes with

a lag, with negative changes passing through more slowly than positive changes (Lewis and

22To take a concrete example, suppose that station i on date ¢ has a station-level price restoration (as classified
per Definition 1 and that there are 20 days until its next restoration. In this case, we would have CycPct(i)tzl and
0 otherwise, CycPct} , =1 and CycPct;,, ,=1 (and 0 otherwise for both), CycPct?,,,=1 and CycPct?,, =1 (and 0
otherwise for both), and so on. Additionally, our analysis excludes the last day of each station-level cycle. As
discussed in footnote 20, a price restoration is represented by two consecutive price increases in our data. The
final day of a cycle corresponds to the initial phase of the price restoration in the subsequent cycle.

Z3Recall that we omit the March 1-April 30, 2015, equilibrium transition period from our estimation sample.

23



Noel, 2011). Therefore, the model also incorporates the potential influence of cost fluctuations
on margins by including lagged positive and negative cost changes, A* ¢;_, = max{0, Ac;_¢} and
A7 c;—¢ = min{0,Ac;—¢}. The Bi and yi coefficients thus quantify margin levels immediately
following the restoration (k = 0) and during the undercutting phase (k = 1,...,10) while flexibly
accounting for recent cost changes. The cycle decile dummies, CycPctft, allow us to compare
the within-cycle evolution of margins across cycles with different lengths before and after Coles
exits the platform.

Lastly, the econometric error €;; is two-way clustered by station and date to account for
unmodeled correlation in margins within a station over time and across stations on a given date.
Appendix C.5 provides extensive robustness checks on clustering and inference, validating two-

way clustering by station and date.**

Results

Figure 6 presents station-level margin estimates from (1) for each part of the cycle with Coles
on and off the Informed Sources platform. More precisely, we plot &g + B and &g + By + 71 for
k=0,...,10. Panel (a) presents estimates for Coles, while panel (b) presents pooled estimates
for Coles’ rivals (BP, Caltex, Woolworths, 7-Eleven).”” Figure 7 complements these graphs by
plotting the change in margins for Coles and its rivals under asymmetric information sharing
(i.e., ¥ from (1) for k=0,...,10). Four key results emerge, which we highlight in Figure 6. First,
restoration margin levels increase for both Coles and its rivals after Coles exits the platform.
Coles’ restoration margin rises from 24 to 27 cpl, while its rivals’ restoration margin rises from 21
to 24 cpl. There is, however, no statistical difference Coles’ and its rivals’ increase in restoration
margins.”® In other words, Coles and its rivals coordinate on the same higher restoration margin

level after Coles exits the platform.

Z4More specifically, Appendix C.5 considers combinations of two-way and one-way clustering by station, station-
cycle day, station-cycle length decile, retailer, retailer-cycle day, and retailer-cycle length decile, where cycle days
are defined per Definition 1 and cycle length decile corresponds to CycPcti.‘t. All of the clustering combinations
that we consider using margin regressions at either the station level (as in (1)) or retailer level (in terms of mean
daily retailer margins as in Figure 3) yield the same inferences regarding the price effects of asymmetric infor-
mation sharing. Newey and West (1987) standard errors in retailer-level margin regressions that explicitly model
temporal dependence in €;; also yield the same inferences. In line with recommendations from MacKinnon et al.
(2023), our main results report two-way clustered standard errors by station and date because they tend to be more
conservative than those obtained under other plausible clusters and Newey and West (1987) standard errors.

25 Appendix C.6 reports the full set of coefficient estimates and standard errors from our baseline regression in
equation (1). We jointly estimate ag + B and a + B+ from (1) using an appropriate set of interactions between
dummy variables for Coles and rival stations and CycPcti.ct, ColesOff; x CycPcti.“t (for k=0,...,10) and A*c;_, and
A" ci—p (for ¢ =0,...,7). Appendix C.7 presents analogous results to those in Figure 6 for each of the four rivals. Each
rival exhibits similar changes in pricing as those in Figure 6(b), justifying pooling data for BP, Caltex, Woolworths,
and 7-Eleven. For this same reason, for the remainder of Section 4, we present pooled results for Coles’ rivals and
provide retailer-specific results for BB, Caltex, Woolworths, and 7-Eleven in Appendix C.7.

Z6Formally, a test of equality of y( from equation (1) for Coles and its rivals has a p-value of 0.09.
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Figure 6: How Margins Change After Coles Exits the Informed Sources Platform
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Figure 7: Change in Margins when Coles Exits the Informed Sources Platform
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Notes: The figures contain yy estimates and their 95% confidence intervals from equation (1) for Coles and other
major retailers (pooling BP, Caltex, Woolworths, and 7-Eleven). Standard errors are two-way clustered by station
and date.

Second, panel (a) shows that, after exiting the platform, Coles takes longer to begin under-
cutting after each restoration. For instance, between 0% and 20% through the cycle, we see a
divergence in Coles’ margins. While on the platform, Coles undercuts its restoration margin by
4.52 cpl 20% through the undercutting phase. This figure’s magnitude drops to 2.59 cpl, a large
and statistically significant reduction in price undercutting.”’

Third, following Coles’ delay in undercutting, at every point throughout the undercutting
phase, Coles’ margins are statistically significantly above their baseline level after it exits the
platform. Moreover, the margin differences are large. Relative to when Coles is on the platform,
its margins increase by 5.7 cpl 30% of the way through the cycle, 7.2 cpl at 60%, and 4.9 cpl at
90%. Respectfully, these margin increases represent 34%, 96%, and 345% increases relative to
baseline levels when Coles is on the platform.

Coles’ rivals likewise increase their price-cost margins in Figure 6(b) when Coles exits the

platform. This finding is consistent with strategic complementarity. The price increases are

2"More precisely, from (1), the test of Ho: (yg —7y2) = 0 vs. Hy: (yo —y2) # 0 has p = 0.017. The difference (yo —y)
is statistically significantly different from 0 for k = 2,..., 10, implying that Coles softens undercutting between the
20% and 100% cycle deciles after exiting the Informed Sources platform.
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comparatively smaller than Coles’, but economically significant. For example, there are statis-
tically significant margin increases of 3.8 cpl 30% of the way through the cycle, 4.9 cpl at 60%,
and 2.1 cpl at 90%, which all represent substantial percentage increases in rivals’ margins. These
margin increases are, however, statistically significantly different from Coles’ margin increases
after its platform exit at all points of the undercutting phase.”® In sum, our estimates imply sta-
tistically and economically significant price increases for all firms, with larger price increases
for Coles. Figure 7 further illustrates this key empirical result.

Lastly, Coles’ pricing behavior at the bottom of the cycle changes substantially after exiting
the platform. Panels (a) and (b) show that Coles and its rivals cut prices until margins reach 0
cpl before restoring prices with Coles on the platform. However, after Coles exits, it cuts prices
until margins reach 5.5 cpl on average. The rivals likewise soften price undercutting, but less so
compared to Coles, with a 1.8 cpl margin at the bottom of the cycle after Coles is off the plat-
form. Again, these represent substantial price increases for all firms, but with Coles increasing
its prices the most.*’

Further underlining the size of these price effects, Byrne and de Roos (2019) estimate an
(unweighted) 3.5 cpl daily price-cost margin increase from the same retailers tacitly coordinat-
ing a transition to a new pricing structure between 2010 and 2015 in Perth, Australia (pop. = 2
million). Averaging across cycle length deciles, we obtain (unweighted) price-cost margin in-
creases of 5.9 cpl and 3.4 cpl for Coles and its rivals. Thus, the margin increases in Melbourne
stemming from Coles’ settlement-enforced strategic ignorance and commitment power are of
similar magnitude as those arising from a voluntary transition in a similar market around a
similar period.

Overall, our pricing results suggest that the equilibrium shifts to one with higher price levels
after Coles exits the Informed Sources platform. Our finding of such price effects for all firms,
with Coles having the largest price increase, directly aligns with the predicted price effects of
asymmetric information sharing, per Hypothesis 1. A question remains about the associated
market share and profit impacts from these large price increases. We test and quantify these

impacts in Section 5 below.

Z8Formally, pairwise tests of equality for y; from (1) for Coles and its rivals reject the null with p < 0.01 for each
k=1,...,10.

29 Appendix C.8 shows that the four key results from Figures 6 and 7, which are based on a 2015-2017 subsample
also hold over shorter and longer horizons. In particular, we re-estimate (1) using samples that end, respectively,
on December 31, 2016, and December 31, 2018, and find statistically and economically similar price effects from
Coles’ exit from the platform. The transition to a new equilibrium under asymmetric information sharing occurs
relatively quickly in 2016 and persists through 2018.
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4.3 Asymmetric pricing frequency

The richness of our data allows us to examine whether the sluggish price adjustments in Figure
6 after Coles exits the platform reflect less frequent price adjustments or price cuts of smaller
magnitude.’’ As above, we estimate how each brand’s pricing structure changes before and
after Coles exits the platform. This time, however, we compute the average frequency and mag-
nitude of daily price cuts by decile of a station’s current cycle length (i.e., from above, CycPctft
fork=1,...,10).

Following the motivation provided in Section 2.4, and in particular the theoretical predic-
tions from Brown and MacKay (2023), we might expect the case-induced reduction in the fre-
quency with which Coles observes rival prices to generate asymmetry in the frequency of price
adjustments between Coles and its rivals. In this case, Coles should exhibit a comparatively
large drop in price adjustment frequency after it exits the Informed Sources platform due to

asymmetric information sharing. Figure 4 foreshadowed these patterns as Coles exhibited multi

day runs with 0 price changes after exiting its platform, while its rivals adjusted prices daily.

Figure 8 shows that, indeed, the frequency of Coles’ price adjustments plummets after exit-
ing the platform. For example, in panel (a), Coles stations go from making 1.7 price changes on
average in the first decile of the cycle while on the platform to making just 0.5 changes while off.
This substantial reduction in pricing frequency persists throughout the entire cycle for Coles.
In stark contrast, panel (b) reveals that the number of price changes per cycle made by Coles’
rivals does not change when Coles exits the platform. Together, these findings align with Coles
making less frequent price adjustments due to observing rival price data less frequently after
the case.

Panel (a) of Figure 9 shows that Coles simultaneously starts making larger price adjustments
(conditional on adjusting a price) after exiting the platform. For instance, in the first decile of
a station’s cycle, average price cuts go from 1.5 cpl to 2.6 cpl after Coles exits the platform. We
find similarly large-magnitude changes in price adjustments on all days of the cycle in panel
(a). On the other hand, in panel (b), the size of price cuts made by Coles’ rivals does not change
as much when Coles exits the platform, perhaps even becoming somewhat smaller in the first
three-quarters of the cycle.

In sum, Figures 8 and 9 reveal that the additional sluggishness of Coles’ price reductions in
Figure 6 after exiting the platform is driven entirely by a substantial decline in the frequency

of price adjustments, whereas the additional sluggishness of price reductions by Coles’ rivals

30ACCC (2011) uses 30-minute station-level pricing data from Informed Sources to confirm that stations in Mel-
bourne mainly adjust prices once per day. We also have examined auxiliary 30-minute level pricing data from In-
formed Sources to confirm this using a three-month sample in 2015. Therefore, examining non-zero price changes
between days before and after Coles exits the platform captures the relevant price adjustment frequency (daily).
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Figure 8: How Price Cut Frequency Changes After Coles Exits the Informed Sources Platform
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Figure 9: How Price Cut Magnitude Changes After Coles Exits the Informed Sources Platform
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(following Coles’ exit from the platform) occurs because they begin adjusting prices in smaller
increments. These results illustrate how asymmetric information sharing can give rise to asym-

metric pricing frequency and associated price commitment for Coles.

5 Market shares and profits impacts

In this section, we quantify the case’s market share and profit impacts and investigate Hypothe-
ses 2 and 3—namely whether asymmetric information sharing leads to (1) lower market shares
for Coles and higher shares for its rivals and (2) higher profits for all firms with a comparatively

larger profit increase for Coles’ rivals.

5.1 Market shares

We assess firm-level market share impacts using auxiliary data from the Australasian Conve-
nience and Petroleum Marketers Association (ACAPMA), a national industry group. ACAPMA
runs a biennial consumer panel, asking a nationally-representative sample of 1000 households
questions about their residence, demographics, and gasoline shopping behaviors. For our study,
ACAPMA provided us with complete raw data underlying their 2015, 2017, and 2019 national
Monitor of Fuel Consumer Attitudes.

Importantly, the consumer panel asks, “From which of the following fuel retailers do you
most regularly purchase fuel?” Consumers then choose just one retailer from an exhaustive list
of retailers, including the five major retailers, smaller retail chains, and independent stations
(as a single group). Table 2 presents the corresponding choice probabilities by retailer and year
among the subset of surveyed consumers living in Melbourne. Taking a discrete choice de-
mand perspective (e.g., Berry, 1994; Berry et al., 1995), we interpret these choice probabilities

as retailer market shares.®’

31Volume-based market shares at the station or retailer level for a given market are proprietary, highly sensitive,
and thus unavailable. Reassuringly, the relative rank and magnitudes of 2017 shares in Table 2 align with (pro-
prietary) volume-based national market shares by brand in 2017, as reported in the ACCC'’s industry monitoring
reports, specifically ACCC (2018), which is based on station-level volume data that the government obtained from
retailers through its regulatory powers. Moreover, in line with the station shares and consumer choice probabilities
in Tables 1 and 2, ACCC (2018) finds that: (1) Coles stands out with a large volume-based market share relative to
the share of stations that it operates; and (2) 7-Eleven’s volume-based shares are smaller relative to its share of sta-
tions. Indeed, the ACCC identifies 7-Eleven as an ‘Other’ (minor) retail chain because of its smaller volume-based
market share (7-Eleven stores typically focus more on convenience store operations than gasoline sales). From
our discussion in Section 2.1, especially footnote 6, the relatively small 7-Eleven shares may reflect their offering 2
cpl discounts tied to in-store purchases with no further loyalty scheme, whereas BP, Caltex, Coles, and Woolworths
offer 4 cpl discounts and have broader customer loyalty programs with national supermarket chains (Caltex, Coles,
Woolworths) and airlines (BP).
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Table 2: Consumers’ Retailer Choice Probabilities by Year

Information Sharing

Symmetric Asymmetric
2015 2017 2019

BP 0.117 0.133 0.190

Caltex 0.150 0.145 0.104
Coles 0.444 0.297 0.288
Woolworths 0.183 0.212 0.184
7-Eleven 0.039 0.079 0.074
Other 0.067 0.133 0.160

Number of responses 180 165 163

Notes: Data from the Australasian Convenience and
Petroleum Marketers Association (ACAPMA) 2015, 2017,
2019 Monitor of Fuel Consumer Attitudes. The ‘Other’ cate-
gory consists of smaller retail chains and independent sta-

tions.

The data reveal a substantial 14.7 percentage point (pp) reduction in Coles’ choice probabil-
ity between 2015 and 2017 (i.e., before and after the Informed Sources case) that is statistically
different from 0 (p < 0.05). This diversion of customers from Coles to its rivals in 2017 parallels
the predicted market share impacts of asymmetric information sharing expressed in Hypothe-
sis 2. Quantitatively, the large market share loss for Coles and gain for its rivals reflects: (1) our
estimates of Coles’ comparatively large price increase under asymmetric information sharing
in Section 4; and (2) highly price elastic station-level demand.

Lastly, while the 2019 data in Table 2 fall outside our sample window, they illustrate the per-
sistence of the decline in Coles’ choice probability and the diversion of consumer choices to
its rivals. This finding further underlines the stability of the shift in the retailers’ pricing struc-
tures under asymmetric information sharing, as we observed in Figure 3 above, which persists

through 2018 before major ownership changes in 2019 (see Appendix C.1).%”

32The drop in Caltex’s choice probability in 2019 potentially reflects a change in the retailer’s re-branding to “Am-
pol” as part of the retailer’s corporate sale to Chevron in 2019. See https://www.afr.com/companies/energy/ caltex-
to-rebrand-itself-as-ampol-20191223-p53mdd (accessed August 2, 2023). In addition, the rebranding of Wool-
worths following its March 2019 sale to EG Group also potentially affects the 2019 choice probabilities.
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5.2 Profits

We now investigate how retailers’ profits change under a case-induced shift to asymmetric in-
formation sharing. While we have information on retailers’ prices, wholesale TGPs, and market
shares, simple aggregate calculations based on changes in average prices and retailer-level mar-
ket shares are likely insufficient for quantifying case impacts. This is because prices and sales
volumes vary considerably across stations, even within the same brand. Some stations may in-
crease margins substantially when Coles exits the platform, but if these stations have low sales
volumes, the impact on firm profits may be minimal. To account for station-level differences in
price-cost margins and volumes sold in our profit calculations, as well as differences in volumes
sold across different parts of the price cycle, we calibrate a station-level demand model.

Our approach involves specifying the daily profits for each station j on each date ¢ as
ﬂjt:QtXSjtx(Pjt—Ct)- (2)

This equation has three key objects to compute: station j’s price-cost margin pj; — ¢y, its (inside
good) market share s;, on date 7, and total fuel sold in the market Q; on date ¢. From our discus-
sion in Section 3 above, we can compute p;; — ¢; directly using our price data from Informed
Sources and the wholesale TGP from the Australian Institute of Petroleum. What remains is
computing station j’s market share and total fuel sold in the market on date ¢. As we do not
directly observe these objects, we estimate them using auxiliary data and models.*

Provided that we can estimate Q; and s;;, and hence 7 ;;, we can use our high-frequency
event study design to quantify the impact of asymmetric information sharing on retailers’ prof-
its. In particular, we compare each retailer’s total profit with Coles on and off the platform. Cru-
cial to our approach is: (1) a stable economic environment throughout the evaluation period
(except for Coles’ exit from the platform); and (2) having information on all objects in equation
(2) before and after Coles’ platform exit.

Notably, these features of our data and environment allow us to quantify the profit impacts
of asymmetric information sharing without specifying a (potentially intractable) supply-side
model of dynamic retail pricing with arbitrary information sharing structures among retail-
ers. Pricing under symmetric information sharing just before Coles’ platform exit provides
the counterfactual to pricing under asymmetric information sharing just after its platform exit.

And we do not need a model to recover firms’ (typically unobserved) marginal costs to quan-

33The multiplicative specification of total fuel volume sold and market shares in (2) aligns with the demand
structure of Hendel and Nevo (2006). In particular, they assume consumers’ brand choice is conditionally inde-
pendent of purchase size, allowing them to estimate static and dynamic parameters associated with these respec-
tive decisions separately. We likewise estimate separate empirical demand models for retailer choice and total fuel
consumption.
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tify changes in profit under asymmetric information sharing because the main time-varying
component of marginal cost is directly observable through the wholesale TGP.

We now describe the specifics of these calculations. First, we describe how we estimate
station-level market shares (sj;). We then detail how we estimate market-level fuel quantities
sold (Qy). Finally, using these estimates and stations’ price-cost margins, we quantify the profit

impacts of asymmetric information sharing, as induced by the Informed Sources case.

Estimating station-level market shares

To predict station j’s market share on date #, s;;, we calibrate a spatial demand model in the
spirit of Houde (2012). The model specifies the indirect utility of consumer i travelling from
location o; (origin, e.g., “home”) to d; (destination, e.g., “work”) purchasing from station j at
location [; as

uijr=Xjp+pjra—AT(04,d;, lj) +€ijy, 3)

where X; and pj; are, respectively, a vector of station characteristics and the price of a unit of
gasoline purchased at station j on date £ Spatial frictions affect demand through T (0;,d;, 1),
which is the additional travel time household i expends departing from the driving route be-
tween o; and d; to purchase gasoline at station j. Formally, T(0;,d;, ;) = t(0;,1;) + t(lj,d;) —
t(o0;,d;), where £(x, y) is the driving time between points x and y along the fastest path given
the market’s road network. The idiosyncratic shock ¢;;; is independently and identically dis-
tributed according to a Type-1 Extreme Value distribution.*”

Leté; = X;f+ pj,a. Given our logit assumption for ¢; j;, the probability consumer i travel-

ling from o; to d; chooses station j among J potential stations along their travel route is

exp{0j,—AT(0;,d;, 1)}
Y exptd 1~ AT (05, diy 1)}

P;j(6)) = @)

where 8, is a J; x 1 vector stacking the § j;’s on date t.%% Given P; j(64), we can compute station

34per Houde (2012), we need to calibrate a unit of gasoline purchased to implement the model empirically. We
assume p; corresponds to the purchase price of a consumer buying 35 liters of gasoline. This figure corresponds
to the mean estimate for Melbourne from Budget Direct (2022)’s consumer fuel consumption survey. All of our
quantitative results below are robust to this assumption.

35Notice that our model does not include daily station-level heterogeneity through the usual “& jt" shock within
the Berry et al. (1995) discrete choice demand framework. Because we calibrate the model based on retailer and
not station-level market shares (discussed momentarily), we cannot recover such ¢ j; shocks.

361n calibrating the model, we assume that consumer i’s J;-station consideration set includes all stations that
involve less than five additional minutes of travel time in departing from the fast path between o; to d;. Notice
that consumer i is assumed to have complete information over the J; stations in its choice set on date . Wu,
Lewis, and Wolak (forth.) consider a dynamic demand model with search and learning whereby an individual
learns about prices as they drive past stations along their route on a given day, updating their belief about that
day’s price distribution across stations as they do so.
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Jj’s market share by summing choice probabilities across all routes, i.e., origin-destination pairs:
$i0,0D=)_Y Pij(6) % foa, (5)
0 d

where f, is the fraction of drivers in the market that travel along route od, and fis a vector that
stacks f,4 for all (0, d) pairs in the market.*’

Model calibration. If we can calibrate the model parameters with &, ,3,/1, then we can use
data ({Xj, pjs, 04, d;, 1},1}) and the model to infer station j’s market share on date ¢ from (5) by
$jr=5;j (6,1). To this end, we pursue a three-step calibration strategy.

We first recover all stations in the market not in the Informed Sources data. These consist
of stations run by smaller retail chains and independent owners. We summarize our approach
here and provide details in Appendix D.1. Effectively, we scrape the identity and location of all
operational stations in Melbourne in February 2023 from PetrolSpy (https://petrolspy.com.au/).
This information, combined with the minimal station-level entry and exit between 2015 and the
present-day, allows us to recover all stations in the market during our sample period.*®

Our second step combines our station identity data with price data from Informed Sources
to impute daily station-level prices for instances where the platform does not collect prices be-
tween 2015 and 2017, including the non-subscribing stations recovered from the first step. We
summarize our imputation here and provide details in Appendix D.2. Using Informed Sources
price data for the five major retailers and non-subscribing small retail chains and independents
that Informed Sources manually collects, we build machine learning models that accurately
predict daily station-level prices as a function of local rival stations’ prices, wholesale cost, local
market structure, and other variables. We use these models to impute daily station-level prices
for all instances where prices are not available in the Informed Sources dataset. Combining
these imputed prices with our Informed Sources price data, we obtain a distribution of prices
across all stations in the market on each day of the 2015-2017 sample period that we use to
evaluate the profit effects of the case.

Finally, after imputing missing prices, we calibrate the model. We begin with A, which, re-

call, governs a consumer’s cost of travel time. Goldszmidt et al. (2020) estimates the value of

37Notice that equation (4) only considers choice probabilities among inside goods (e.g., gasoline retailers). Fo-
cusing on inside good choices and market shares is sufficient for estimating profits per equation (2) provided that
we can estimate total market fuel consumption on date ¢, Q;.

38PpetrolSpy is a consumer search platform that launched in 2014 and infrequently updates station-level prices
(see Appendix A). Using auxiliary data from FUELTrac (http://fueltrac.com.au/) on annual station counts by all
retailer types (including smaller retail chains and independents), we confirm minimal station-level entry and exit
since 2015. Annual ACCC industry reports from https://www.accc.gov.au/by-industry/petrol-and-fuel/fuel-and-
petrol-monitoring (accessed August 2, 2023) further validate a lack of station-level entry and exit since 2015.
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time to be $19.38/hour (USD) using Lyft ride-hail data and field experiments across 13 large
U.S. cities in 2015.>’ We convert this estimate to 0.43 AUD/minute in 2015 and set A = 0.43 x a.

We then calibrate a and g by finding the values that most closely align the model’s predicted
retailer-level market shares in 2015 and 2017 to those reported in Table 2.0 For our calibration,
we specify X; to contain 5 dummy variables corresponding to the 5 major retailers in Table 2.
The omitted independent stations serve as the base group. Therefore, §; captures the features
of retailer j’s stations unrelated to price or location that affect demand (e.g., convenience store,
number of pumps or service bays, loyalty programs, or brand value)."’

Appendix D.3 provides numerical details on how we obtain &, , A and presents our calibra-
tion results.”> Our predicted retailer market shares align with their empirical analogues in Table
2. The mean station-level (inside good) price elasticity from the calibrated model is —44, which
is higher than previous estimates ranging from —10 to —30 (Houde, 2012; Clark and Houde,
2014; Wu, Lewis, and Wolak, forth.), reflecting that we quantify elasticities for a more dense ur-
ban market compared to markets in previous studies. With the calibrated model in hand, we

use the model and our data to estimate stations’ daily market shares, §;;, from equation (5).

Estimating daily market-level fuel consumption

The second object to estimate in equation (2) is Q;, the total daily fuel sold in the market on
date ¢. Figure 10 presents the two data sets we use to estimate this object. Panel (a) is extracted
from ACCC (2018) and shows the share of gasoline volume sold in Melbourne by date over three
months, specifically July 1-October 1, 2016 (i.e., three months after Coles exits the Informed

Sources platform) out of total volume sold over the three-month period.** For comparison, we

39Buchholz et al. (2022) obtain a $13.47/hour estimate from a structural model and ride-hail data from Liftago
from Prague in 2016-18. Given closer market size and period similarity with our sample, we calibrate A based on
Goldszmidt et al. (2020).

“0In particular, we calibrate & and 8 by aligning the predicted average daily retailer-level market shares between
May 1 and July 31 in both 2015 and 2017 with the retailer-level choice probabilities in the ACAPMA surveys in those
years. These time frames correspond to the months just before the surveys in August each year.

41The large market share for Coles in Table 2, a major supermarket retailer, partly reflects a loyalty scheme that
provides 4 cpl discounts at gasoline stations for spending $30 or more at one of its supermarkets. Indeed, from the
2015 and 2017 ACAPMA surveys, many consumers whose main retailer is Coles indicate that loyalty schemes drive
their choice. As noted in Section 3, the government has regulated these discounts to be 4 cpl since 2014.

42\We note two key auxiliary information sources for calibration here and provide further discussion in Appendix
D.3. First, f contains traffic flows in the 2018 Origin-Destination matrix for Melbourne from the Victoria State Gov-
ernment Department of Transportation and Planning (2018). The Origin-Destination matrix contains daily traffic
flows between 2975 unique travel zones in Victoria. We collect the daily count of drivers traveling from various
origins to destinations within Melbourne to construct f. Second, for each trip from x to y, we obtain the fastest
travel route along the street network and the associated travel times #(x, y) in equation (3) from OpenStreetMap
(https://www.openstreetmap.org/). We generate a total of 1.15 million unique fastest routes.

#3ACCC (2018) obtained this sensitive information directly from all gasoline retailers as part of their federal in-
vestigation into retail gasoline market shares. Given the sensitivity of the data, the report does not report daily or
total volume sold over the three-month period.
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also plot daily average station prices for Melbourne.

Figure 10(a) highlights two patterns of note. First, there are weekly cycles in gasoline pur-
chases that arise from higher purchasing levels on weekends. Second, daily fuel volume sold
drops sharply during price restoration episodes, reflecting demand anticipation and accumu-
lation in the spirit of Hendel and Nevo (2006). These patterns also align with findings of con-
sumer search cycles in retail gasoline markets with price cycles from Byrne and de Roos (2017,
2022), where consumer search intensity rises in anticipation of price restorations.

Panel (b) of Figure 10 shows the average daily volume of gasoline sold by month in Victoria
from the Australian Government Department of Environment and Energy (2018). The figure in-
dicates stable total fuel sales over our sample period, with seasonal summer purchasing peaks.
We convert this state-level daily metric to volumes for Melbourne by scaling the volume of gaso-
line sold by the fraction of the total distance driven in Melbourne relative to the entire state
as measured by the Origin-Destination tables from Victoria State Government Department of
Transportation and Planning (2018).

We estimate Q; using the information in Figure 10 in two steps. First, using the data in panel

(a), we estimate a logit model for the daily shares of volume sold within a quarter

2
In(wy) = Y YiApl  +YiAP;, o +Ta+ern (6)

k=-4

where w; is the share of gasoline sold on date ¢ out of total sales between July 1 and October 1,
2016, Ap;, . = max{Ap;4,0}, Ap,, , = min{Ap;,,0} and 74 is a day-of-week fixed effect. Using
(6), we predict the share of volume sold within a quarter on date ¢, i, accounting for day-
of-week effects and leading and lagged positive and negative price changes, which may affect
consumers’ purchasing decisions, per Hendel and Nevo (2006).

Second, we convert state-level monthly sales volumes in Figure 10(b) to quarterly volumes
in Melbourne and compute Q, the total volume of fuel consumption for Melbourne in quarter

q. Combining w; and Q, we predict total fuel consumption in Melbourne on date 7 to be
Q¢ = Wy x Qg1 (7)

where g[t] indicates that date ¢ falls within quarter of sample q.
Appendix D.4 provides step-by-step details on how we convert state-level fuel volume sold
to volume sold in Melbourne, model selection and estimation results for (6), and minor adjust-

ments to W, to ensure that they sum to one quarter-by-quarter.
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Figure 10: Daily and Monthly Gasoline Expenditures

(a) Daily Share of Gasoline Sold of Total Quarterly Sales in Melbourne: July 1 - October 1 2016
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(b) Monthly Total Gasoline Volume Sold in Victoria: June 2015 - June 2018
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Notes: Shares of volume sold by date in Melbourne between July 1 and October 1, 2016, in panel (a)

are extracted from ACCC (2018). For each date, we plot the share of fuel volume sold on that date

relative to the total volume sold between July 1 and October 1, 2016. The mean daily station-level

retail price in panel (a) is computed from the daily station-level price data from Informed Sources. The

monthly volume of gasoline sold in Victoria in panel (b) is from Australian Government Department of

Environment and Energy (2018).



Profit impacts

With data on station-level price-cost margins pj; — c;, estimates of station-level market shares

§;¢ and market-level fuel purchases Q;, we can quantify retailer b’s total profit on date t by

fipe = Qp Z§jtx(pjt_ct)r (8)
J€)b

where j is the set of stations in retailer b’s network. Using our daily profit estimates from (8), we
compute the change in retailers’ daily profits between May 1, 2015, and February 28, 2016 (sym-
metric information sharing), and May 1, 2016, and February 28, 2017 (asymmetric information
sharing). These periods fall within our estimation sample for the price effects of asymmetric
information sharing from Section 4 above, and abstract from the March 1-April 30, 2016, equi-
librium transition period. Per our arguments at the start of this section, computing the change
in profits within retailers across these periods enables us to quantify the profit impacts of asym-
metric information sharing through our event study research design.**

Table 3 presents our results. The first two panels illustrate the importance of weighting
stations’ price-cost margins in computing profits. The first panel simply computes retailers’
margin by averaging across all stations and dates in the symmetric and asymmetric informa-
tion sharing periods. The second panel weights stations’ margins by their market share on a
given date and total market-level fuel sales across dates. We find weighted margins are much
lower than unweighted margins, reflecting consumers’ substitution toward lower-priced sta-
tions within days and substitution across days toward days with lower overall price levels (e.g.,
away from price restorations).

Focusing on weighted margins in the middle panel of the table, we find that Coles exhibits
a large 51% increase in its margin while other major retailers experience smaller but significant
increases in margin. This reflects our finding from Section 4 that Coles’ prices increase by more
than its rivals’ under asymmetric information sharing. We also find a large 52% increase in
the weighted margins of smaller chains and independents (in the ‘Other’ category), rising from
2.99 to 4.55 cpl. Smaller retailers’ prices follow the major five retailers’ prices (due to strategic
complementarity) but remain at a lower price level. Under asymmetric information sharing, the
overall price increase by the five major retailers enables smaller retail chains and independents

to increase their prices and bolster their price-cost margin.

#0ur i, estimate used in computing Q, assumes a stable relationship between fuel expenditures and leading
and lagging price changes, per equation (6). Byrne and de Roos (2017, 2022) document stable consumer search
responses to price cycles using similar empirical models to (6) in multi-year periods with stable price cycles. And,
as shown in Figure 3 above, price cycles are stable throughout our three-year sample period. Thus, previous re-
search on consumer search in retail gasoline and the stability of our market environment supports our use of 1w,
in computing Q; between 2015 and 2017.
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Table 3: Retailer Profits Under Symmetric and Asymmetric Information Sharing

Unweighted Weighted
Margin (cpl) Margin(cpl) Mean Daily Profit ($)
Sym Asym %A Sym Asym %A Sym Asym %A
BP 9.57 11.22 17% 8.13 10.05 24% $44.36K $66.78K 51%
Caltex 8.89 10.28 16% 7.09 8.14 15% $41.88K $64.56K 54%
Coles 990 13.37 35% 7.80 11.77 51% $153.69K $159.92K 4%

Woolworths 8.57 10.33 21% 7.06 7.97 13% $56.14K $77.69K 38%
7-Eleven 858 10.13 18% 696 7.81 12% $13.96K  $20.78K 49%
Other 6.80 819 20% 299 455 52% $13.21K  $23.42K 77%

Notes: Daily station-level margins are computed as the difference between a station’s price and the whole-
sale terminal gate price on a given date. ‘Sym’ indicates the symmetric information sharing period of May
1, 2015, to February 28, 2016, before Coles exits the Informed Sources platform. ‘Aym’ indicates the asym-
metric information sharing period of May 1, 2016, to February 28, 2017, after Coles exits the Informed
Sources platform. Daily total volume sold in the market is computed per equation (7). Mean daily profit
is computed as the average of predicted station-level profits per equation (8), averaged over the symmet-

ric and asymmetric information sharing periods.

The third panel of Table 3 puts together the price-cost margin and market share effects of
asymmetric information to finally arrive at profit impacts. Our findings align with Hypothesis
3: all firms’ profits rise under asymmetric information sharing with the strategically ignorant
firm (Coles), which temporarily commits to prices, doing worse than its rivals that undercut.
Quantitatively, we find a large discrepancy in profit impacts. Whereas Coles realizes just a 4%
daily average profit increase, its rivals’ profits rise between 38-77%. The figures underline how
the uninformed firm gains comparatively little from price commitment in a market with high
demand elasticity across firms. In contrast, informed firms gain substantially from their ability
to price undercut while pricing at a higher overall price level and increasing their market shares.

Over ayear, the nominal change in average daily profits between symmetric and asymmetric
information sharing in Table 3 implies an annual industry profit increase of $32.82 million. This
figure implies an additional fuel cost of $23.66 per year for each vehicle-driving household,
which is about half the cost a typical household incurs from visiting a station and purchasing

gasoline.”> These additional fuel costs for consumers were, of course, unexpected. While the

45From the 2016 Census, there are 1.39 million households in Melbourne with at least one car; see
https://www.abs.gov.au/census/find-census-data/quickstats/2016/2GMEL (accessed August 2, 2023). Thus, the
figures in the far right panel of Table 3 imply a $32.82/1.39 = $23.66 increase in retailers’ profit per-driving house-
hold. From Table 1, our sample’s average retail gasoline price is 124.2 cpl. Given a typical household purchases 35L
each time they visit a gasoline station (Budget Direct, 2022), this implies a 1.242 x 35 = $43.47 purchase cost.
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government had hoped to encourage competition by reducing participation in the Informed

Sources platform, the case settlement has, according to our analysis, had the opposite effect.

6 Conclusion

Prevailing wisdom suggests that competition is likely to soften when competing firms share
price information, particularly when that information sharing allows them to easily and rapidly
monitor each other’s prices. This wisdom is grounded in a rich body of theoretical and empir-
ical economic research that, to date, has assumed that firms are symmetric in their ability to
share and monitor information. Leveraging a unique natural experiment and rich data from
an antitrust case in retail gasoline, we have examined the competitive effects of asymmetric in-
formation sharing in an oligopoly. Our findings illustrate how such asymmetry can empower
firms with price commitment and create market power. Quantitatively, we show that such mar-
ket power effects can be large in practice.

The rise in market power induced by the Informed Sources settlement was unanticipated
by the antitrust authority, which believed that limiting information sharing by one major firm
would be “an extremely positive step towards increasing competition” (ACCC, 2015a). In fact,
the authority’s expectations largely aligned with the prevailing wisdom regarding the procom-
petitive effects of limiting price information sharing. Asymmetric information sharing had yet
to be directly considered in IO research or antitrust policy, leaving a conceptual gap for the
agency in negotiating the case settlement, which ultimately led to asymmetric information
sharing and increased market power. In this way, our analysis provides an important caution-
ary tale for antitrust agencies regarding the challenges of creating “safe harbors” for information
sharing (OECD, 2011) and pursuing cases involving anticompetitive information sharing. With
many industries rapidly digitizing and decentralizing information sharing among firms, we ex-
pect more such cases in the future.

A final takeaway is that the structure of information sharing among oligopolists shapes mar-
ket power. Our novel study of a particular structure highlights how strategic ignorance can facil-
itate credible commitment and generate market power. This, however, raises additional ques-
tions about the competitive effects of other potential information-sharing structures that could
have emerged from the case settlement. For example, suppose the settlement had removed not
one but fwo firms from the platform. Rather than having a single uninformed “price leader”
with commitment power, this information-sharing structure results in competing uninformed
and informed firms. In follow-up work, we explore the competitive effects of a more general set

of asymmetric information-sharing structures that could arise in oligopoly markets.
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Appendix

A Consumer search apps

Three gasoline price comparator platforms operated in Melbourne during our May 1, 2014 - December
31, 2017, main sample period: MotorMouth, Petrol Spy, and GasBuddy. Industry reports from the ACCC
over this period, and internet archives indicate that these platforms provide users with time-delayed

price information from a subset of stations in a given market.

MotorMouth

MotorMouth, owned by Informed Sources, started its price monitoring service in Melbourne in 2001.
It created a mobile phone app in mid-2013. Price data on the app primarily come from electronically
uploaded prices from the major retailers and manually collected data from price spotters employed by
the company. In February 2016, the MotorMouth app started allowing users to collect and upload prices
in February 2016.

Since its inception, Motormouth limited gasoline station monitoring on the app. For instance, users
can only see prices at 2 user-specified "Favorite Stations" on the app. If a user wants to see prices at an
additional station, they have to earn “app credits” from manually uploading stations’ prices to Motor-
mouth to unlock an additional station on the app for a limited time period. Lastly, Motormouth price
data is not real-time and is provided with a daily lag.

Informed Sources changed price data availability (but not frequency) on the MotorMouth app in May
2016. At this time, the app introduced a “price reveal” function where a consumer had to manually click
a station to see its (lagged) price. At the start of each week, app users get 30 “price reveal points.” If these
points run out during the week, users can top up their quote by entering an SMS code into the app.

The incomplete, lagged, and difficult-to-access price data on Motormouth makes it unpopular among
the public. For instance, as of October 2022, the MotorMouth app (version 4) was rated 1.9 out of 5 by 134
reviewers in the Apple store. User comments on the Apple store explicitly state the challenge of viewing
stations’ prices on the app as one of its disappointing features. In contrast, the state government-run Fu-
elCheck app in New South Wales, with real-time, complete, and easy-to-access station-level price data,
was rated 4.7 out of 5 by 67,000 reviewers on the Apple store. As discussed in the paper, no such app

exists in Victoria, and thus Melbourne.

PetrolSpy

PetrolSpy was launched in 2014 and is Australia’s most popular third-party gasoline price search plat-
form. The app relies on crowdsourcing for its price data. In particular, app users can manually upload

and update price changes to earn points to enter into a $25 Fuel Card draw every two weeks. According to
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the company, it had over 25,000 active users, and 2,500 daily price updates daily across all states and ter-
ritories in Australia in March 2016. The app has coverage of all stations in Melbourne, but the frequency
of price uploads varies widely across stations. A back-of-the-envelope calculation using a sample of 2022
price data scraped from the app suggests that the given station’s prices are updated with a one-day lag

on the app, with more frequent uploads at stations on major roadways.

GasBuddy

GasBuddy, a North America-based third-party gasoline price app provider, launched in Australia in March
2016. However, it never gained popularity and exited the market. The last Twitter post from its official
account, GasBuddy Australia, was from April 2017. The app’s lack of success may reflect that it relies on
a similar crowdsourcing model as PetrolSpy. PetrolSpy’s two-year headstart on GasBuddy and network
effects in crowdsource-based search may have limited GasBuddy’s ability to penetrate the market as a

competing search platform.
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B Asymmetric information sharing in dynamic environments

In this section, we illustrate the role of asymmetric information sharing in several stylized dynamic envi-
ronments. In Section B.1, we consider a price-fixing cartel with impatient firms and perfect monitoring.
In Section B.2, we consider a price-fixing cartel with patient firms subject to imperfect coordination.
Finally, in Section B.3, we consider a range of dynamic environments that satisfy a simple property of

strategic complementarity.

B.1 A cartel with perfect monitoring

In this section, we amend the simple framework considered in Section 2.4 to examine the impact of a
transition to asymmetric information sharing for a price-setting, differentiated-product cartel with per-
fect monitoring. Consider a setup in which n = 3 firms are evenly spaced along a circular city of circum-
ference 3. Each firm has constant marginal costs of ¢ and no fixed costs. A measure 3 of consumers,
indexed by i, are located uniformly along the city. Each consumer chooses exactly one product. If con-
sumer i, located x; units from Firm j, purchases product j, consumer i obtains indirect utility

u(pj,xi) =u—tlxi| - pj,
where u indicates a consumer’s intrinsic value of buying, ¢ indicates travel costs, and p; is the price of
Firm j.

Given the price vector p = (p1, p2, p3), the demand for each Firm j is given by:

. Yk#j Pk_ZPj‘

=1
qi 2t

Before the case: simultaneous pricing

As in the body of the paper, we interpret the pre-case symmetric information-sharing environment as
one of simultaneous price setting. Suppose then that each Firm j simultaneously chooses a price p; € R,

in a single period. The reaction function for Firm j is given by
Yik£jPk  t+c
PIETy Tty

In the symmetric Nash equilibrium, each firm sets the price p” = t + ¢ and earns profits of 7" = ¢.

Next, suppose firms simultaneously choose prices over an infinite horizon. Firms play grim-trigger
strategies that involve setting the price p > p” on the equilibrium path, and the price p” following any
deviation. Suppose that the cartel’s internal incentive constraints bind so that p is lower than the joint
profit-maximising price of the cartel, p™ = % Let m = p — ¢ be the margin earned by cartel members.
On the equilibrium path, firms earn profits of 7¢ = m. The optimal deviation, on the reaction function,

_ (m+n)?

yields profits of 7% = 17 —- The above grim-trigger strategies are sustainable if cartel members are

sufficiently patient. In particular, the cartel’s critical discount factor is given by:
_(m+0*-4rm
C (m+n2-4r2’

*

(B.1)
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After the case: sequential pricing

As before, we consider the post-case asymmetric information sharing environment to be one of sequen-
tial price setting. Suppose first that, in a single period, Firm 1 chooses price first, followed simultaneously
by Firms 2 and 3. In the subgame perfect Nash equilibrium, Firm 1 chooses price p; = c + %t and earns
profits ; = % t; and Firms 2 and 3 set price pp = ¢+ % t and earn profits 7, = % t.46

Next, suppose that, over an infinite horizon, Firm 1 chooses price first in each period, followed simul-
taneously by Firms 2 and 3. Firms play grim-trigger strategies that involve Firm 1 setting price p, > p1
and Firms 2 and 3 setting price p;, > p2 on the equilibrium path, and the prices p; and p-, respectively,
following any deviation. Let m, = p, — c for x € {1, 2, a, b} be the margin associated with each price.

On the equilibrium path, profits are given by 71, = 22 (py— pa+ 1) for Firm 1 and 7, = 52 (pa— pp+21)

for Firms 2 and 3. Firm 1 is unable to profitably deviate because Firms 2 and 3 can retalliate immediately

within the same period. For Firms 2 and 3, the optimal deviation yields profits of 7% = @, where
m = (mg,+ my)/2. The critical discount factor for Firms 2 and 3 is given by
m+ )2 —4atmy(1+2(pg—
5 = ( ) p( (Pa—pv) (B.2)

(m+ 1?2 - (169/36) 2
In the special case in which firms set the same prices as in the simultaneous move case, p, = p, = p, the
critical discount factor simplifies to
w _ (m+1)?—4tm
(m+ )2 —-(169/36)¢2"

(B.3)

Implications of the move to asymmetric information sharing

This simple model of a differentiated-products cartel with perfect monitoring leads to the following im-
plications. First, if firms coordinate on the same prices in the simultaneous and sequential moves games,
then the cartel is more difficult to sustain in the sequential moves game. This is because punishment
profits are higher for the followers in the sequential moves game. Second, by (B.2), starting from the
prices p, = pp = p, the cartel’s incentive constraints can be relaxed by either raising the leader’s price
(pa) or lowering the price of the followers (pp). Further, a given change in the leader’s price has a greater
impact on the incentive constraints than an opposite change of the same magnitude in the price set by
the followers.

Loosely speaking, in order to satisfy the cartel’s incentive constraints when moving to a sequential
moves environment, we might therefore expect the leader to raise its price, and for the followers to raise
their prices by a smaller amount.”’ Thus, our analysis of a differentiated products cartel leads to qualified

predictions for pricing that are in line with the static analysis in Section 2.4.

46This single-period pricing game leads to the same qualitative conclusions as the two-firm Hotelling model
studied in Section 2.4, summarized by Hypotheses 1, 2, and 3.

471t is also possible for the incentive constraints (B.2) to be satisfied following a decrease in prices by the leader,
in conjunction with a sufficiently large decrease in prices by the followers. However, this would result in lower
profits for all firms.
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B.2 A cartel with imperfect coordination

In the standard model of collusion, supra-competitive prices are sustainable as long as cartel members
are sufficiently patient to resist the short-term benefits of deviating from cartel prices in favour of the
elevated future payoffs of the cartel. A feature of the market that we study is high-frequency, observable
pricing. In such an environment, it is likely that the time scales involved in detecting and responding
to deviations are sufficiently short to render this calculus somewhat moot. In this section, we consider
a stylized model in which the principal challenge of a price-fixing cartel relates to coordination rather
than internal cartel incentive constraints. Cartel members may seek to maximize joint payoffs, but due
to imperfect coordination, each firm may fail to completely account for the interests of their rivals when
setting its price.

Consider a market with n firms. Let p = (p1,...,pn) and 7w = (71,...,7,) be the vectors of market
prices and profits, respectively. Each Firm j earns profits which depend on the vector of prices, 7 (p),
and seeks to maximise an objective function based on the vector of profits:

gj(ﬂ)=Zajk7rk, ajr€[0,1], Zajkzl.
The specification of the f)bjective function depends on the nature of interactlicon between firms. Static
profit maximisation corresponds to g;(r) = ;. We could think of a Firm j in a perfect cartel maximising
gj(m) =Xk 7/ n, and a Firm j operating in an imperfectly coordinated cartel having profit weights with
ajj>ajfork#j % Consistent with our earlier analysis, we consider two variations on the timing of
play. Under simultaneous play, all firms simultaneously set prices. Under sequential play, Firm 1 sets
price first, and then all remaining firms set prices simultaneously.

ag;(m)

e > 0.

Assumption 1. Forall j and k # j,

We maintain Assumption 1. In the case of static profit maximisation, this follows if products are
substitutes. In the case of a perfect cartel, this follows if cartel members face other constraints that
prevent pricing at the monopoly level. The proof of the proposition below is based on Brown and MacKay
(2023), Proposition 2.

Proposition 1. Suppose prices are strategic complements. Then, all prices are higher under sequential

play than simultaneous play.

Proof. Firm 1 solves the first order conditions:
dgi(m) _0g1(m) - 981(m) op;j _ 0

dp: op1  j;z Opj Op;
Under simultaneous play, Firm 1 takes all rival prices as given, and g—Z{ =0forall j # 1. Under sequential

play, at the simultaneous play equilibrium price vector, by strategic complementarity and Assumption 1,

dg;p(ln) > 0. Firm 1 therefore sets a strictly higher price under sequential play. By strategic complementar-
ity, so do the other firms. O

480ne interpretation of a constrained cartel is that, absent direct communication, cartel members are unable to
perfectly coordinate on pricing. To the extent that prices cannot be perfectly coordinated, firms are likely to give
greater weight to their own profits in their objective function.
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Implications of the move to asymmetric information sharing

As before, we interpret the transition to asymmetric information sharing as a move from simultaneous
to sequential price setting. The simple stylized model introduced in this section nests the case of single-
period price competition. As in the simple model introduced in Section 2.4 and the more general formu-
lation of Brown and MacKay (2023), the combination of strategic complementarity and the information
sharing transition leads to an increase in the price of both the information-constrained committed player
and the unconstrained players. The same logic applies in the event that firms imperfectly coordinate by

partially considering the payoffs of their competitors.

B.3 Other dynamic environments

In the simple analytic framework that we introduced in Section 2.4, firms compete by setting prices in
a single period. As described in Byrne and de Roos (2019) and Byrne et al. (forth.), tacit coordination is
a feature of retail gasoline markets in Australia. Further, the dynamic pricing patterns that we observe
in the market for retail gasoline (see, for example, Figure 2) have led to a number of alternative explana-
tions including price commitment (Maskin and Tirole, 1988), obfuscation through intertemporal price
variation (de Roos and Smirnov, 2020), capacity constraints (Edgeworth, 1925), and other discontinuities
in residual demand (de Roos, 2012). In this section, we introduce a simple stylized model that allows for
market dynamics by decomposing payoffs into current and continuation payoffs.

Consider a market with n firms. Given price vector p, Firm j receives payoffs of
VI(p) =7/ (p) + W/ (p),
where 7 describes instantaneous profits, and W indicates the continuation value if prices p are set in the
current period. Given the frequency with which prices are set, we do not incorporate discounting.

Vi (p)

e > 0.

Assumption 2. Forall j and k # j,

Assumption 2 will be satisfied if products are substitutes and the continuation value of a firm is in-
creasing in the prices of its rivals. If firms engage in tacit coordination, then we might expect continu-
ation values to increase in rival prices. Similarly, in the price commitment model of Maskin and Tirole
(1988), commonly discussed as a potential explanation for asymmetric price cycles, continuation values

are increasing in rival prices.

Proposition 2. If prices are strategic complements with respect to the objective V (p), then all prices are

higher under sequential play than simultaneous play.

The proof follows that of Proposition 1. Let I/]jk(p) refer to the cross partial derivative of Firm j’s
objective function with respect to the prices of Firm j and Firm k. Reaction functions will slope up and

strategic complementarity will be satisfied if ijk(p)/ V]]] (p) < 0.* The second order conditions for an

optimum require that V]]] (p) <0. Strategic complementarity will be satisfied if V]] P = nj: P+ W].j (P>

495ee Tirole (1988) for a discussion.
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0. Thus, if the static profit function exhibits strategic complementarity, nj. k(p) > 0, then a sufficient

condition is that the continuation value exhibits the same property in weak form, W].]k (p) = 0. In words,
continuation payoffs provide a weak incentive to set higher prices when rivals set higher prices. For
example, we might expect this property to be satisfied if firms seek to tacitly coordinate on focal prices

as in Byrne and de Roos (2019).

Implications of the shift to asymmetric information sharing

In sum, the simple framework introduced in this section suggests that the move to asymmetric informa-

tion sharing will lead to higher prices in the presence of strategic complementarity.
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C Supplemental empirics

C.1 Sample dates

Figure C.1 shows daily average retail prices and the wholesale terminal gate price (TGP) for 2014-2019.
The grey shaded area highlights our May 1, 2015-December 31, 2017 primary estimation sample.

Sample start date. Panels (a) and (b) illustrate a major world oil price shock that defines the start of
our sample. In particular, the wholesale TGP drops from 140 to 100 cpl between October 1, 2014, and
January 15, 2015.°° During this period, there is no regular price cycle as retailers continually cut their
prices to pass through falling wholesale prices while maintaining a margin. It is not until the wholesale
TGP starts rising in panel (b) that regular price cycles return. Our May 1, 2015 start date allows a four-
cycle “burn-in” period as retailers re-establish the cycle and restoration price-TGP margins stabilize.
Separately, panel (a) also highlights when the ACCC publicly announces the Informed Sources case
on August 14, 2014. Visually, there is no evidence of an immediate announcement effect on retailers’
pricing. Formally testing for a break is complicated by the global oil demand shock between October
2014 and February 2015, which causes regular price cycles to stop shortly after the Informed Sources
case announcement. In this sense, the oil price shock dwarfs any announcement effects in retail pric-
ing that might have subsequently emerged. Ultimately, our May 1, 2015 sample start date, after regular
cycles are re-established following the world oil price shock, combined with our high-frequency event
study design leaves little scope for case announcement effects to contaminate our estimates of the price

effects of asymmetric information sharing.

Sample end date. Our sample end date is defined by the Australasian Convenience and Petroleum Mar-
keters Association (2017) consumer panel, which provides information on consumers’ choice of gasoline
retailer. We use this information to evaluate the market share and profit impacts of asymmetric informa-
tion sharing created by the Informed Sources case settlement.

The market’s structure is, however, stable through 2018. Therefore, we can evaluate the price effects
of asymmetric information sharing using a sample that includes 2018. Panel (e) of Figure C.1 illustrates
amajor crude oil price shock between November and January 2019, causing wholesale TGPs to fall from
150 to 110 cpl in just two months. Despite this shock, however, gasoline price cycles remain stable.

Our case evaluation window closes in February 2019 with two major ownership changes. On Febru-
ary 2, EG Group purchases Woolworths and on February 9 Coles and Viva Energy enter into a strategic

alliance. With the latter ownership change, Viva takes over price setting across Coles’ station network.

0This substantial drop corresponds to a global oil supply glut for crude oil arising from unexpectedly weak
demand in the face of stable oil production levels from OPEC and the emergence of alternative oil sources. See
Baumeister and Kilian (2016) for an analysis of the 2014-2015 collapse in world oil prices.
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Figure C.1: Average Daily Retail Prices by Retailer: 2014-2018
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C.2 Sydney summary statistics, price uploads, and pricing

Table C.1: Summary Statistics for the Sydney Sample

Mean Std.Dev. Min Max

Prices (cpl)

Price 120.2 12.8 88.9 156.9
Terminal Gate Price 109.1 7.2 957 1249
Margin 11.4 9.8 -13.1 43.0

Panel Dimensions (cpl)

Dates 366
Stations
BP 66 (13%)
Caltex 100 (19%)
Coles 59 (11%)
Woolworths 45  (9%)
7-Eleven 128 (25%)
Other 116 (23%)
Total 514 (100%)
Observations
Electronically collected 165542 (88%)
Manually collected 22216 (12%)
Total 187758 (100%)

Notes: Sample period is May 1, 2015, to July 31, 2016. Retail prices are at the station-date level.
Wholesale Terminal Gate Prices (TGPs) are at the daily level from Sydneys’s gasoline terminal

gate. Margin is a station’s retail price less Melbourne’s TGP on a given date.
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Figure C.2:

(a) Sydney Electronic Uploads
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Figure C.3: Retail Pricing Before and After the Informed Sources Case in Sydney
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C.3 Coles stations with manual data collection

Figure C.4: Coles Stations that Informed Sources Electronically and Manually Collect On
(Manual Data Collection Begins After April 15, 2016)
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C.4 Structural break tests for change in Coles’ pricing

This section tests for a structural break in Coles’ pricing relative to its rivals’ prices. Specifically, we use
the supF test from Andrews (1993), which tests for a structural break with an unknown break point. To
this end, we estimate regressions of the following form

margin;;, = fo + B1,2 (Coles; x {Break };) +nj + Apm +€js, (C.1)
where margin;, is the average daily station-level margin of retailer j on date ¢, Coles; is a dummy
equalling one if retailer j is Coles, {Break 7} is a dummy equalling one if 7 = 7, n); is a retailer j fixed
effect, A, is a month of sample m dummy, and €, is the error term. The coefficient of interest with
the test is 1 ; as it measures a break in Coles’ margin relative to the other retailers after a candidate
structural break point 7. The test involves (1) estimating (C.1) for multiple candidate values for 7 in the
sample; (2) testing Hy: B1, = 0 vs Hy: B # 0 for each 7 value; and (3) finding the 7 value that yields the
largest F-statistic from the test.

From Figures 3-6 in the paper, recall Coles’ break in pricing involves decoupling its prices from its
rivals at: (1) the top of the cycle just after restorations with a delay in price undercutting; and (2) the
bottom of the cycle with not undercutting prices until they reach wholesale TGP (i.e. before the next
restoration occurs). Thus, to test for structural breaks in Coles’ pricing, it makes sense to estimate (C.1)
on two sub-samples that “carve out” the top and bottom of stations’ cycles, thereby allowing us to test
for breaks in Coles’ pricing relative to its rivals.

We proceed in three steps in implementing these tests. First, we compute daily average prices across
all stations in the market. Using these average market prices, we classify market-level price restorations,
price cycles, and cycle days precisely as in Definition 1, where we replace station-level prices with market-
level average prices. For our supF tests, we consider all market-level cycles between January 1, 2014, and
December 31, 2018. Our cycle classification identifies 82 market-level cycles over this period.

Second, within each market-level cycle, we identify two sets of stations and dates: (1) stations-dates
within cycle days 1-5 of a station’s cycle (per Definition 1); and (2) station-dates within 5 days before a
station-level restoration. The former station-dates correspond to the top of station-level cycles and the
latter correspond to the bottom.

Finally, we compute average price-cost margins for station-dates in the top and bottom sub-samples
by retailer and market-level cycle. With these average margins, we can plot retailers’ average prices at
the top and bottom of the cycle across the 82 market cycles in our sample and test for breaks in Coles’
pricing behavior relative to its rivals. For example, Figure C.5 shows the average margin at the bottom of
the cycle by retailer across the 82 market-level cycles between January 1, 2014, and December 31, 2018.
The figure visually illustrates how Coles’ margins at the bottom of the cycle depart from its rivals around
market-level cycle #50. In addition, the figure shows how retailers’ margins at the bottom of the cycle
center on 0 cpl before Coles exits the Informed Sources platform and shift to a higher level after, led
by Coles’ change in pricing. This sharp shift in margins by each part of the cycle after Coles exits the
platform is precisely what our high-frequency event study design in Section 4.2 exploits in identifying

price effects of asymmetric sharing. Our supF test takes a data-driven approach to identify when the
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Figure C.5: Price-Cost Margins at the Bottom of the Cycle by Retailer and Market Cycle
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shift occurs.

Using the bottom of cycle time series in market-level “cycle time” from Figure C.5 (and similarly for
the top of cycle time series), we implement the supF using equation (C.1) as described above, except that
t indexes the market-level cycle as in Figure C.5 and not date-time. The regression equation and tests
for implementing the supF test are otherwise identical. Following Andrews (1993), we test for structural
breaks starting 20% into the sample and ending 80% into the sample. This implies testing for structural
breaks in market-level cycles 7 = 186, ...,65.

The results of the supF test yield a structural break at the fop of the cycle in market-level cycle #50
(March 2016) with F(1,466) = 2.95 and p = 0.082 and a break at the bottom of the cycle in market-level
cycle #51 (April 2016) with F = (1,466) = 17.29 and p < 0.01. These test results confirm our claim in Sec-
tion 4.2 that Coles’ prices decouple from its rivals’ between March and April 2016. This finding motivates
us to drop observations between March 1 and April 30, 2016 for our main analysis of the price effects of

asymmetric information sharing.
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C.5 Clustering robustness checks

This appendix checks the robustness of how we account for unmodeled correlation of our margin results,

which are based on equation (1). For reference, we reproduce the regression equation here

10
margin;, = ag+ Z [ ,BkCycPctﬁ + v ColesOff; x CycPctft
k=0

7
+) (67T o +6,A7crg] +ni+Va+Am+eip (C.2)
=0
The y coefficient quantifies how margin levels change at cycle decile k after Coles exits the platform,

controlling for lagged wholesale cost changes and fixed effects for station 7, day of the week d, and month
of the year m. For inference, it is important to account for unmodeled correlation in €;;, potentially
within and across stations, retailers, dates, and days of the cycle.

Our robustness checks consider one-way and two-way clustering based on the clusters in Table C.2.
The variables used to construct the clusters are station, date, station-level cycle day, and station-level
cycle length decile, CycPctft. From Definition 1(ii) in the paper, recall station-level cycle days enumerate
starting from a station’s price restoration: a restoration date is “Day 0” of a station’s cycle, and cycle
days 1,2,... follow until a station’s next price restoration event. CycPcti.Ct is from our baseline margins

regression in (1) and enumerates the deciles of a station’s current cycle.”’

Table C.2: Clusters

Cluster Persistence accounted for in €;;
Station Between dates ¢ and ¢ + j for station i
Station-Cycle Day Between dates ¢ and ¢ + j for station { where station i is at cycle day k on f and ¢ + j

Station-Cycle Decile = Between dates ¢ and ¢ + j for station i where station i is at cycle decile k on t and ¢ + j

Retailer Across stations i and i + ¢ on date ¢ and within and across stations i and i + ¢ between
dates ¢ and ¢ + j where stations i and i + ¢ belong to the same retailer

Retailer-Cycle Day Within and across stations i and i + ¢ between dates t and ¢ + j where stations i and i + ¢
belong to the same retailer, and where stations i and i + £ are at cycle day k on ¢ and ¢ + j

Retailer-Cycle Decile ~ Within and across stations i and i + ¢ between dates ¢ and ¢ + j where stations i and i + ¢
belong to the same retailer, and where stations i and i + ¢ are at cycle decile k on t and ¢ + j

Cycle Day Within and across stations i and i + ¢ on dates ¢ and ¢ + j where stations i and i + ¢ are at
cycleday kon t and ¢+ j

Cycle Decile Within and across stations i and i + £ on dates ¢ and ¢ + j where stations i and i + ¢ are at
cycle decile k on fand £+ j

Date Across all stations on date ¢

The second column of Table C.2 summarizes the persistence in €;; accounted for with these differ-

ent clusters. Our analysis has two potentially important sources of temporal persistence in margins:

SlReiterating our illustrative example for CycPctft from the paper here, suppose station i on date ¢ has a station-
level price restoration, and it is 20 days until its next restoration. In this case, we would have CycPct?tzl and
0 otherwise, CycPct} , =1 and CycPct},,,=1 (and 0 otherwise for both), CycPct?,,,=1 and CycPct?,, =1 (and 0
otherwise for both), and so on.
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across dates and cycles. For instance, €;; may persist daily due to daily gasoline demand or wholesale
cost shocks. Likewise, there may also be temporal persistence across cycles if, for example, there is a
correlation in demand shocks across different parts of the cycle, such as around restoration events.

It is unclear, a priori, the impact of modeling temporal persistence across dates or cycles at the sta-
tion or retailer level. Given this ambiguity, particularly in a setting with multiple potential clustering
dimensions, we follow guidance from MacKinnon et al. (2023) and report confidence intervals for 7 for
various levels of clustering.®”

A station cluster allows day-to-day persistence in station i’s margins. Station-cycle day and station-
cycle decile clusters allow for persistence across different parts of the cycle (e.g., restoration events, early/late
in the undercutting phase) for a given station but potentially ignore day-to-day persistence in margins.
Clustering instead at a (higher) retailer level (retailer, retailer-cycle day, retailer-cycle decile) allows for
persistence in margins across stations belonging to the same retailer on a given date, across dates, or
across cycles (e.g., possibly due to brand-level pricing over the cycle, demand shocks, or cost shocks).

Cycle day and cycle decile clusters allow for persistence in margins across all stations (irrespective
of retailer) at different parts of the cycle across price cycles, which again can be driven by unmodeled
demand or cost shocks that persistently affect stations’ margins across price cycles.

Lastly, clustering by date allows for persistence in margins across all stations on a given date. From
our margin regression, it is an empirical question as to how these different clusters affect the standard

errors and confidence intervals .

Station-level regressions

Tables C.3 and C.4, respectively, present two-way clustering robustness checks for our ¥ estimates from
station-level regressions per equation (1) for Coles and other major retailers (BP, Caltex, Woolworths, 7-
Eleven).”® We present these checks through the confidence intervals we obtain for y for k=0,...,10 for
Coles and its rivals. The tables’ top panel shows station-level clustering results, and the bottom panel
shows analogous retailer-level clustering results.

Overall, none of our statistical inferences from Section 4 regarding the change in the margins of Coles
and its rivals after Coles exits the Informed Sources platform changes under the various two-way clus-
tering combinations in Tables C.3 and C.4. Quantitatively, the confidence intervals are similar across
all combinations, though clustering by date or cycle day tends to yield more conservative intervals than

clustering by cycle decile. As expected, clustering at the retailer level (bottom panel) yields wider inter-

52We note here a nuanced aspect of clusters involving a cycle decile. Suppose ¢ and ¢+ 1 belong to the same cycle
decile within a given cycle for station i. In this case, a station-cycle decile cluster allows for persistence in margins
between dates ¢ and ¢ + 1 for station i. However, a station-cycle decile cluster does not allow for persistence across
dates ¢ and ¢+ 1 if they lie within the same station-level cycle but fall within different cycle deciles. Likewise, a
retailer-cycle decile cluster allows for persistence in margins within and across stations for stations i and dates ¢
at the same cycle decile in our sample, irrespective of which particular station-level cycle they sit within.

%3As in Section 4, we jointly estimate 4 for k =0, ...,10 for Coles and its rivals, where we pool station-level price
data for BP, Caltex, Woolworths, and 7-Eleven stations. Thus, the confidence intervals in a given panel and column
in Tables C.3 and C.4 are obtained jointly.
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vals than at the station level (top panel). However, differences in interval widths are small in magnutude.

As a further check, we present one-way clustering robustness checks in Table C.5 for Coles (top panel)
and other major retailers (bottom panel). Here, we focus on clustering at the station or retailer level and
ignore clustering by date (which recall from Tables C.3 and C.4 matters). We obtain far less conservative
confidence intervals under one-way clustering than two-way clustering, where we also cluster by date.
The large difference in the intervals under one-way and two-way clustering underlines the importance

of clustering by date to account for correlation in €;; across stations on a given date.

Retailer-level regressions

An alternative to accounting for correlation in unobservables across stations is aggregating prices to the
retailer level. Let p,; be the average price across retailer r’s stations on date ¢. We can estimate retailer-

level regressions of the following form to identify case impacts

10
margin,, = ag+ ) [ BrCycPctt, + v ColesOff, x CycPctt,
k=0

7
+ ) [67A Cog+6,07 g +0r +Va+ Am +ers. (C.3)
=0
All variables derived are constructed exactly as we did at the station level, except now they are based

on retailer level price cycles. These variable constructions include an analogous use of Definition 1 for
identifying retailer-level restorations and undercutting phases, exactly as we did with individual stations.
Indeed, these aggregate retailer-level cycles correspond precisely to what we plot in Figure 3 in the pa-
per. Our inferences about Informed Sources case impacts at the retailer level directly correspond to the
decoupling of Coles’ prices from its rivals around the time of its platform exit in Figure 3.

Valid inferences about y require us to account for temporal persistence in €, , possibly across dates
or cycle days. In addition, correlation in unobservables across retailers on a given date also potentially
matters. As with the station-level regressions, we consider two-way and one-way clustering combina-
tions and check how confidence intervals for y;. differ per MacKinnon et al. (2023).

Table C.6 presents our two-way and one-way clustering results for y for k = 0,...,10 for Coles (top
panel) and other major retailers (bottom panel). Overall, the takeaways are the same as those from
our station-level regressions. In particular, we do not find large differences in confidence intervals that
change our inferences about case impacts under the different clustering approaches. Two-way clustering
that accounts for persistence within retailers over time yields more conservative intervals.

As a final robustness check, we compute Newey and West (1987) standard errors, assuming different
lag lengths for persistence in €,; across ¢. Table C.7 presents our corresponding confidence intervals
for yy for k =0,...,10 for Coles (top panel) and other major retailers (bottom panel).54 Again, none of
our inferences about the price effects of asymmetric information sharing change. Moreover, we obtain

confidence intervals for ¥ for Coles and its rivals of similar widths as those in Table C.6.

5In computing Newey and West (1987) standard errors, we cannot drop the transition period Coles exits the
platform (March 15 to April 15 2016). Doing so would introduce gaps in our time series. We thus obtain slightly
different y; estimates in Table C.7 compared to those in the paper and reported in Tables C.3-C.6 above.
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Table C.3: 95% Confidence Intervals for y; from Equation (C.2) from Different Two-Way Error
Clustering for the Change in Coles’ Station-Level Margins by Cycle Length Decile After Exiting
the Platform

95% Confidence Intervals, Station-Level Clusters

#1 Station #1 Station #1 Station  #1 Station-Cycle Day #1 Station-Cycle Decile
CycPctft Yk #2 Date #2 Cycle Day #2 Cycle Decile #2 Date #2 Date
0 271 [1.30,4.12]  [1.17,4.25] [2.36, 3.06] [1.29, 4.13] [1.30, 4.12]
1 3.33 [2.56,4.11] [2.83, 3.84] [3.10, 3.56] [2.57,4.10] [2.56, 4.11]
2 4.64 [3.90,5.37] [4.11, 5.16] [4.39, 4.89] [3.91, 5.36] [3.91, 5.37]
3 5.67 [4.90, 6.44] [4.84, 6.49] [5.46, 5.87] [4.90, 6.43] [4.90, 6.43]
4 6.16 [5.25,7.071  [5.33,7.00] [5.90, 6.43] (5.26, 7.07] [5.26, 7.07]
5 6.43 [5.45,7.41] [5.64,7.22] [6.02, 6.84] (5.46, 7.40] (5.45, 7.41]
6 7.16 [6.15, 8.18] [6.54, 7.79] [6.71, 7.61] [6.16, 8.16] [6.15, 8.18]
7 6.94 [5.98,7.91] [6.41, 7.48] [6.46, 7.43] [6.00, 7.89] [5.98, 7.91]
8 5.63 [4.72,6.54] [4.87, 6.39] [5.12, 6.14] [4.73, 6.53] [4.72, 6.54]
9 494 [4.02,5.87] [4.10,5.78] [4.40, 5.49] [4.03, 5.86] [4.02, 5.87]
10 5.00 [3.87,6.12]  [3.81,6.18] [4.51, 5.48] [3.88, 6.12] [3.88, 6.12]
No. Clusters #1 682 682 682 37794 7647
No. Clusters #2 907 60 12 907 907
95% Confidence Intervals, Retailer-Level Clusters
#1 Retailer ~ #1 Retailer #1 Retailer #1 Retailer-Cycle Day #1 Retailer-Cycle Decile
CycPctft Vi #2 Date #2 Cycle Day  #2 Cycle Decile #2 Date #2 Date
0 2.71 [1.62,3.80] [1.23, 4.19] [2.28, 3.14] [1.18, 4.24] [1.90, 3.51]
1 3.33 [2.46,4.21] [2.78, 3.89] [3.09, 3.58] [2.64, 4.03] [2.68, 3.99]
2 4.64 [3.82,5.45] [3.98,5.29] [4.44, 4.84] [3.95, 5.32] [4.06, 5.22]
3 5.67 [4.86,6.47] [4.67,6.66] [5.55, 5.78] [4.76, 6.57] [5.09, 6.24]
4 6.16 [5.22,7.11] [5.22,7.11] [5.93, 6.40] [5.24,7.09] [5.49, 6.84]
5 6.43 [5.40, 7.46] [5.58, 7.28] [6.02, 6.85] [5.51, 7.35] [5.68, 7.18]
6 7.16 [6.16, 8.16] [6.49, 7.84] [6.71, 7.62] [6.36, 7.97] [6.43, 7.89]
7 6.94 [6.00,7.89]  [6.36,7.53] [6.43, 7.45] [6.22, 7.67] (6.26, 7.63]
8 5.63 [4.74,6.52]  [4.85,6.41] [5.10, 6.16] [4.76, 6.50] [4.98, 6.28]
9 494 [4.03,5.85] [4.11,5.78] [4.34, 5.55] (4.02, 5.86] [4.27,5.62]
10 5.00 [4.04,5.95] [4.03, 5.97] [4.43, 5.56] [3.79, 6.21] [4.32, 5.68]
No. Clusters #1 6 6 6 360 72
No. Clusters #2 907 60 12 907 907

Notes: Estimate for y from equation (C.2) for k =0, ..., 10 for Coles presented along with 95% confidence intervals
for different clustering assumptions. The main results in the paper assume two-way clustering by station and date.
The sample period is May 1, 2015 to December 31, 2017. Retail prices are at the station-date level. Wholesale
Terminal Gate Prices (TGPs) are at the daily level from Melbourne’s gasoline terminal gate. Margin is a station’s
retail price less Melbourne’s TGP on a given date. Coles exits the Informed Sources platform in April 2016.
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Table C.4: 95% Confidence Intervals for y; from Equation (C.2) from Different Two-Way Clus-
tering for the Change in Other Major Retailers’ Station-Level Margins by Cycle Length Decile
After Exiting the Platform

k
CycPct;,
0

© 0 N o g W N~

—
o

Tk
2.81
2.54
3.23
3.76
4.52
4.84
4.94
4.15
2.94
2.11
1.46

No. Clusters #1
No. Clusters #2

95% Confidence Intervals, Station-Level Clusters

#1 Station
#2 Date
[1.79, 3.84]
[1.69, 3.39]
[2.40, 4.07]
[2.94, 4.59]
[3.68, 5.36]
[3.99, 5.68]
[4.15,5.72]
[3.41, 4.90]
[2.25, 3.63]
[1.46, 2.75]
[0.81, 2.10]

682
907

#1 Station

#2 Cycle Day  #2 Cycle Decile

[1.81, 3.81]
[2.07, 3.01]
[2.52, 3.95]
[2.78, 4.75]
[3.69, 5.35]
[4.07,5.61]
[4.23, 5.65]
[3.47, 4.84]
[2.32, 3.56]
[1.50, 2.71]
[0.92, 2.00]

682
60

#1 Station

[2.52,3.10]
[2.36, 2.72]
[3.06, 3.41]
[3.61, 3.92]
[4.26, 4.78]
[4.42,5.25]
[4.50, 5.37]
[3.71, 4.60]
[2.44, 3.44]
[1.61, 2.60]
[1.06, 1.85]
682
12

#1 Station-Cycle Day #1 Station-Cycle Decile

#2 Date
[1.78, 3.84]
[1.69, 3.39]
[2.40, 4.07]
[2.95, 4.58]
[3.69, 5.36]
[4.00, 5.68]
[4.16,5.71]
[3.42,4.89]
[2.27, 3.62]
[1.47,2.74]
[0.83, 2.09]

37794
907

#2 Date
[1.79, 3.84]
[1.69, 3.39]
[2.40, 4.07]
[2.94, 4.59]
[3.68, 5.36]
[3.99, 5.68]
[4.15,5.72]
[3.41, 4.90]
[2.26, 3.63]
[1.46, 2.75]
[0.81, 2.10]

7647
907

95% Confidence Intervals, Retailer-Level Clusters

#1 Retailer

#1 Retailer

#1 Retailer

#1 Retailer-Cycle Day #1 Retailer-Cycle Decile

CycPctft Vi #2 Date #2 Cycle Day  #2 Cycle Decile #2 Date #2 Date
0 2.81 [1.37,4.26] [1.48, 4.14] [2.32, 3.30] [1.79, 3.83] [1.82, 3.81]
1 2.54 [1.45,3.63] [1.83,3.25] [2.19, 2.89] [1.77,3.31] [1.77,3.31]
2 3.23 [2.15,4.32] [2.31,4.16] [2.89, 3.58] [2.43, 4.04] [2.46, 4.01]
3 3.76  [2.74,4.79] [2.55, 4.98] [3.62, 3.91] [2.90, 4.63] [3.03, 4.50]
4 4.52  [3.45,5.59] [3.43, 5.62] [4.23, 4.81] [3.68, 5.36] [3.75, 5.29]
5 4.84 [3.74,5.94] [3.81, 5.87] [4.26, 5.42] [4.00, 5.67] [4.04, 5.64]
6 494 [3.88,6.00] [3.80,6.08] [4.17,5.71] [4.16,5.71] [4.18, 5.69]
7 415 [3.16,5.15]  [3.21,5.10] [3.51, 4.80] [3.43, 4.88] (3.44, 4.87]
8 294 [2.00,3.88] [2.03,3.86] [2.27,3.61] [2.27,3.61] [2.26, 3.63]
9 2.11 [1.18,3.03] [1.14, 3.08] [1.43,2.79] [1.48, 2.74] [1.45,2.77]
10 1.46 [0.45, 2.47] [0.55, 2.36] [0.62, 2.29] [0.84, 2.07] [0.76, 2.15]

No. Clusters #1 6 6 6 360 72

No. Clusters #2 907 60 12 907 907

Notes: Estimate for y from equation (C.2) for k =0, ..., 10 for Coles presented along with 95% confidence intervals

for different clustering assumptions. The main results in the paper assume two-way clustering by station and date.

The sample period is May 1, 2015 to December 31, 2017. Retail prices are at the station-date level. Wholesale

Terminal Gate Prices (TGPs) are at the daily level from Melbourne’s gasoline terminal gate. Margin is a station’s

retail price less Melbourne’s TGP on a given date. Coles exits the Informed Sources platform in April 2016.



m "910¢ T11dy ur uropjerd s8OS PAULIOJU] YY) SITX3 SI[0)) "AIBP UIAIS B U0 O, SPUINOAIA $SI] 9911d [Te1a1 SU0TE]S B ST UISIRJN '91eS [eUTUIIS) SUT[0sES SUIMOq[RA WOIj
[9AS] A[Tep a1} 1B 918 (SIDL.) S9OTIJ 918D [EUTULII, S[ESI[OYAN "[9AJ] 91BP-UOTIL]S oY) 1k a1k sao11d [Te1ay “210¢ ‘T€ I0qUIada(J 01 G107 ‘T ABIA ST potiad ajdures oy, "a1ep pue uonels Aq Surraisnyd Aem-om)

sumsse 1aded o) ur synsa1 urewr 9y, ‘suonduwmsse SULIAISN]D JUSISFIP 10] S[EAISIUT IUIPYUOI %66 YIIM Suofe pajuasard sa[o) 10 0T """ ‘0 = ¥ 10§ (¢'D) uonenbs woiy Y4 10 a1ewWMSH :SION

cL 09€ 9 LV9L Y6LLE 289 SI21SN[D "ON
[88°T ‘€0'1] 621211l [TTC ‘080l (191 ‘1€°11 ST LET] [29°T ‘o€l 'l 0T
[ev'C ‘6L°T] [evz 081l 65T L9l [€2'C ‘66°T] [LTCS0Cl ¥z ‘86°1l ja 4 6
[sTee9l [9z°€ ‘29Tl [e€¢ ‘sl [20°¢ ‘18°C] [00°¢ ‘88°C] [goc‘08Ccl  ¥6¢C 8
[ev'v ‘68°€l 677 ‘18°€l 677 ‘28°€l [62'% 207l [ce¥ ‘607 [0€¥ ‘1071 ST'v L
[12°S ‘9971 [0€°G “L5¥] [0€°G ‘857 [L0°G ‘187 [00°G ‘28'7] [80°G ‘0871 76’V 9
[80°G ‘0971 [€2°G ‘Sv¥l [60°G ‘657 967 ‘TL7] 167 ‘LLP] [L6'7 ‘TL¥] 78'Y S
[89°F ‘9€°¥] [¥6'7 ‘0171 697 ‘97 [S9°7 ‘6E7I 67 ‘ST'¥I [S9°¥ ‘6€°7] (AR 4 4
[98°€ ‘L9°€] [92°¥ ‘L€l [98°€ ‘L9°€] [68°€ ¥9°¢€l [¥8°€ ‘69°€l [06°€ ‘€9°€] 9L°¢ €
[L¥"€ ‘00°€] [19°€ ‘98°¢] [9s°€ ‘16°¢] o ‘11°¢€l [te€‘9r°¢el log e “11°€l €C'¢e 4
[89°¢ ‘OF'cl [8L¢0¢€¢] [9,7¢ ‘ce el [¥9°¢ v¥el [09°¢ ‘8¥°¢l [v9 ¢ vvel 14°K4 T
[86C ‘¥9°Cl [9g°€ ‘9z'¢] [or°€ ‘g5 el lo6'¢ ‘€L el [€6C ‘0L C] [06¢C ‘cLel 18°C 0
9109 9[PAD-19[1eIY  Ae( 9[9AD-I9[TRIDY I9[TR19Y 9109 dPAD-uoneIS  AR(] S[2AD-UONRIS uonelg AL wvomo\ﬂu

SIa[Te)Y Iofe IOYIQ ‘S[EAISIU] DUIPYUOD) %G6

L 09¢€ 9 LY9L ¥6LLE 289 SI91SN[D "ON
€T LLY] [ST'9 ‘p8°€l [ST'S PL7] [9T°S ‘€87l [9T°S ‘€87l [8T°GC8¥] 006G 01
[8T°G ‘TL 7] [92°6‘€T'¥] [9T°G ‘2L7] [21°GLL Y] [90°G ‘€8'7] [€1°G ‘SL¥] 76’V 6
[¥8°G ‘¢¥al [G€'9 ‘T6°7] [18°G ‘G¥ql [€8°G ‘€¥°¢Cl [GL°6 ‘16°¢] [68°G ‘T¥°Sl €96 8
[F1°LGL 9] [evL ‘9%"9] 1L vL9l [ST2PL9l [S0°L ‘789l [91°2‘€L9] 769 L
[G€°2 86°9] [12°219°9] [62°L ‘€02 [S€°2 ‘86°9] [L2°L‘S0°L] [9€°2 ‘96°9] 9T°L 9
[09°9 ‘92°9] [T 2 1L°6] [05°9 ‘9¢°9] 659 ‘L29] [S59 ‘1€9] [09°9 ‘92°9] €v'9 S
[22°9‘90°9] [66°9 ‘8€°S] [Tz'9 119 [1€9 ‘209l [82°9 ‘S0'9] [€€9 ‘00°9] 91’9 4
[6L°G ‘8G°¢] [L¥"9 ‘98°¥] [0L°G ‘€96l [18°G ‘€5°Cl [LL°G ‘9G°C] [28°6 ‘16°6] L9°G €
[SL¥ ‘€57 [STG€T¥] [TL¥ ‘LGP 8LV ‘677l €LV VSV [6LF ‘87" ¥] 79V 4
[Lv€ ‘0z €l [0g°€ ‘2872l [sv¢ ‘ceel [v¥€ ‘ceel [eve ‘szel [9v'¢€ ‘12°€l €e'e T
[06°¢ ‘¢Sel [Tg¥ 121l [S6¢C LyCl [18C‘19°Cl [06°¢ ‘2Sel [28C‘09°¢l I.¢C 0

9109 J[PAD-19[1eIY  Ae( 9[9AD-I9[TRIDY I9[Te1y 9[99 d[PAD-uoneIS AR S[2AD-UONEIS uonelsg AL wvomﬁu

$3[0D) ‘S[EAIIU] OUIPYUO)) %G6

wIoje[d oY) SUnIxy I191Jy oo Yi3ua 9[94)
Aq surdiejy ur a3uey) a3 10j 3uridisn) Aepm-auQ JudIdyI( woyj (zH) uonenbyg woiy YA 10} S[eAISIU] 90UIPYUOD) %S6 G A[qEL



68

"910¢ T11dy ur uropjerd s8OS PAULIOJU] YY) SITX3 SI[0)) "AIBP UIAIS B U0 O, SPUINOAIA SO 9911d [Te1a1 SU0TIE]S B ST UISIRJN '91eS [eUTUIIS) dUT[0seS SUIMOqRIA WOI)
[9A9] A[Tep a1} 1B 918 (SO L) SOTIJ 918D [BUTULII, S[BSI[OYAN "[9AJ] 91BP-UOTIL]S 91} 1B a1k sao11d [Te19y “210¢ ‘TE I0quIdda(J 01 G107 ‘T ABA ST potiad ajdures oy, "a1ep pue uonels Aq Surraisnyd Aem-om)

sumsse 1aded oty ur synsa1 urewr 9y, ‘suondumsse SULIISN]D JUSISJIP 10] S[EAIIIUT IUIPYUOI %66 YIM Suofe pajuasard sa[o) 10 0T """ ‘0 = ¥ 10§ (¢'D) uonenbs woiy Y4 10 a1eWMSH :SAON

106 106 cl 09 106 C# SI21SN[) 'ON

cL 4%t 9 cL vse 9 9 9 T# S121SN[) "ON
[29'C ‘vv 0l [0T'Z‘26°0] [90°¢ ‘00701 [06'C ‘91°0] [1s'Z ‘S50l [00°€ ‘90701 [se€ ‘8201 [9r'e‘or0-l  €S1 01
l9s ¢ ‘ceTl [0T°¢ ‘89°1] [TT% 2901 [88°€ ‘06°0] [¥s¢vel [20'¥ ‘92701 [t9v 2170 [9s'v‘cc0ol  6€C 6
[8€¥ ‘OF'1] [v9 € ‘v1el [S0°S ‘€L 0] [€9% ‘ST'T] [So¥ ‘€L°T] [98°% ‘26701 [62°S ‘6%°01 [o¥°S ‘8¢°01 68°C 8
[9z's ‘1272l [L97 ‘0¢€E] [¥8°6‘€1°el [e6s ‘evel [T1°6 ‘98¢l [8L°G‘61'¢] 819 ‘6L°T] [ve9‘cL 1l 86°¢ L
[99°G ‘OF°€l (€26 ‘¢8°€l [¥z9-18°¢l [96°G ‘60°€] [¥9°6 ‘1¥°€l g9 18°¢l 62,9 ‘92'¢] [99°'9 ‘6¢°Cl [ 4 9
[8€°G ‘¢6°€l [6€°G ‘06°¢€] 126 ‘65°€] [68°G ‘¥i'€l [¥8°G ‘9r°€l [€8°G ‘Or°€l [9%°9 ‘€8°¢l [L€9€6°C] Q97 g
[26F ‘e1°€l [S9V ‘6E°€l [vesaLel [1e'seLel €16 ‘¢6°2l [6€°G ‘G9°¢l [209 ‘€0'cl [88°G ‘91°¢] 07 4
[¥8°€ ‘v0°€l [S2¥‘€9el [€0¥ ‘G8°¢l [evy‘Lyvel [€9°¥ ‘9z°¢] [20¥ ‘98°¢] [98°F ‘20°cl [€8°F ‘90°¢] vv'e €
[18°€ ‘99°¢] [¢8€ ‘S9°¢l [€0¥ ‘viel [9g¥ ‘11°¢l [vev‘erel [00¥ ‘L¥'C] [96°¥ ‘¢6°T] [18°¥ ‘99°T] vee 4
[Le €Ll [65°€ ‘68°1] [BT'F ‘I€T] [92°¥ ‘¢l W1y ve1l [0T¥ ‘8€°T] [ET¥ ‘GET] [68°F ‘65701 vLe T
[L2¥ €Tl [¥ev 911l [68°F ‘05°0] [8G°G ‘61°0-] [€G6°G ‘€T1°0-] [88°F ‘1G°0] [6LF ‘19701 [629 ‘9€'T-] 0Le 0

9109 9[IAD-19[1RIdY  Ae( 9[9AD-I9[TRIDY Io[Te1y o1e( ¢c# areq ¢# JMd APAD g#  Ae 9[PAD z# ore( ¢# AL muumgu
9[I09(] S[PAD-10[TeIRY T#  Ae( 9[0AD-Io[IRIDY T# I9[Ie19y T# I9[IeIaY T# 2[R9y T#
s191sn[) Aem-auQ s191SND) AeM-0M],

SI9[Ie1ay Iofe\l 1Y) ‘S[EAISIU] DUIPYUOD) %G6

106 106 4} 09 106 C# SI91SN) "ON

CL pGe 9 L See 9 9 9 T# sIa1SN[D ‘ON
[20°G ‘697 [ez'9 ‘cgel [20°G ‘69'7] [72°G ‘€07l [0€'9 ‘9v°¢€] [6€°G ‘8€7I [T2'9 ‘cq°¢l [02'9 ‘96°¢] 88’7 0L
[65°G ‘61°C] (€59 ‘ST'7] [29'G ‘91°¢] [82°9 ‘067 (129207 [26°G ‘18'7] [65'9 ‘617 [08'9 ‘86°¢€] 6€°G 6
[0%'9 ‘€6°C] [0T°2 ‘€z Cl [67'9 ‘€8°C] [98'9 ‘L¥°C] [92°2 90°C] [S8'9 ‘8¥°Cl [2T°29T°¢] [2€°296'7] 91’9 8
[80°2 ‘799l (2272 ‘G6°G] [0T°2 ‘19°9] (€S2 ‘61°9] [¢6°L ‘08°C] [es2 ‘029l [T0°8 ‘12°6] [¥0'8 ‘89°C] 989 L
[og'2‘289] [c2'8 ‘G6°Cl [e€2 ‘68°9] [28°2‘0€9] [¥€'8 ‘¥8°Cl (9272 ‘2v 9l [9%°8 ‘¢L7C] [6€'8 ‘8L°C] 60°L 9
[S9'9 ‘vE9l 792 ‘GECl [86'9 ‘079l [9%°2 ‘2GSl [eg'2‘91°¢] [¥6'9 ‘¥0°9] [16°2‘80°C] [S6°L VOS] 679 S
[129 ‘€9l (€272 ‘1¥°G] [€9'9 ‘16°9] [eg 2 ‘18°¢] [06°2 ‘P2 Sl [00°2 ‘PT°9] [26°2°21°6] [08°2 ‘PE Sl LS9 i
[¥0'9 ‘68°S] [6T°2 VL7 [10'9 ‘¢6°S] [69'9 ‘veSl 722 ‘697 [91'9 ‘2276 [26°2 ‘GEPI [00°2 ‘€6°7] 96°S €
[€2°G ‘96'7] [6L°S ‘077l [ST'S ‘G0°C] [16°G ‘827l [¥0'9 ‘9171 [€7°G ‘9.7 [20'9 ‘CT'7] [22'9 ‘¢6°€] 0T's 4
[ev ¢ ‘seel 91T ‘16721 [ovgLeel [FT¥‘esel [Tev ‘9¢7Cl [25°¢‘01°€] ¥y ‘el [85'% ‘60°C] yee T
[2029L°T] [S0'Z ‘8L°T] [66'T ‘¥8°TI [oL€‘eT°0] [s9¢LT°0] 622 ‘¥G°Tl [¥2'2 ‘6G°Tl [287‘6L0-]1 161 0

9109 9[IAD-19[1eI9Y  Ae( 9[9AD-I9[TRIDY I9[Telay e ¢# 91ed ¢# JMa oA g# A aRAD g# e ¢# AL 1 kuomu%u
a[a( BPAD-IoMeIRY T#  Ae( 9PAD-19TIRIOY T# Io[re)ay 1# Iofrelay T# Io[reldy 1#
s191sn[) Aem-auQ s191sN[) Aem-omJ,

$3[0D) ‘S[EAISIU] DUIPYUO)) %S6

wojie[d oY) SUnIXy I9)Jy 9109 YI3ua 394D Aq
SUI3IRIA [9AT-Id[IRIdY Ul d3uey)) 9} 10} SULIAISN]D JUSIdJIJ W0y (£)) uonenby woiy YA 10§ S[EAISIU] 90UIPYUOD) %S6 97D A[qRL



69

Table C.7: Newey West 95% Confidence Intervals for y; from Equation (C.3) Under Different
Lag Lengths for the Change in Retailer-Level Margins by Cycle Length Decile After Exiting the

Platform
95% Confidence Intervals, Different Lag Lengths (7-49 days), Coles
CycPct{.“t Vi 7 days 14 days 21 days 28 days 35 days 42 days
0 1.32  [-1.49,4.13] [-1.53,4.17] [-1.55,4.19] [-1.62,4.27] [-1.71,4.35] [-1.79, 4.44]
1 2.83 [1.16,4.51] [1.09,4.57] [1.07,4.60] [1.03,4.64] [0.99,4.67] [0.96, 4.71]
2 4.89 [2.93,6.86] [2.87,6.91] [2.85,6.93] [2.90,6.89] [2.94,6.84] [2.95, 6.83]
3 6.00 [4.01,7.99] [3.95,8.05] [3.94,8.07] [3.94,8.06] [3.97,8.03] [3.96, 8.04]
4 6.68 [4.26,9.11] [4.19,9.18] [4.17,9.20] [4.14,9.23] [4.14,9.23] [4.10,9.27]
5 6.89 [4.11,9.66] [4.04,9.74] [4.02,9.76] [3.97,9.81] [3.99,9.78] [3.96, 9.81]
6 7.33  [4.69,9.97] [4.63,10.04] [4.60,10.06] [4.54,10.13] [4.53,10.14] [4.47,10.19]
7 7.00 [4.42,9.58] [4.35,9.66] [4.33,9.68] [4.30,9.70] [4.32,9.68] [4.31,9.70]
8 6.55 [4.50,8.61] [4.44,8.67] [4.41,8.69] [4.40,8.71] [4.41,8.69] [4.40, 8.70]
9 5,53 [3.21,7.86] [3.14,7.92] [3.11,7.96] [3.07,7.99] [3.06,8.01] [3.03, 8.04]
10 494 [2.51,7.37] [2.44,7.44] [2.40,7.48] [2.37,7.52] [2.33,7.55] [2.27,7.61]
95% Confidence Intervals, Different Lag Lengths (7-49 days), Other Major Retailers
CycPctft Vi 7 days 14 days 21 days 28 days 35 days 42 days
0 2.35 [0.69,4.01] [0.64,4.06] [0.60,4.10] [0.55,4.15] [0.49,4.21] [0.43, 4.27]
1 222 [1.18,3.26] [1.14,3.31] [1.11,3.34] [1.08,3.37] [1.03,3.41] [0.99, 3.46]
2 3.02 [2.07,3.97] [2.05,3.99] [2.04,3.99] [2.06,3.98] [2.07,3.97] [2.07, 3.97]
3 3.51 [2.42,4.59] [2.39,4.62] [2.38,4.64] [2.37,4.65] [2.36,4.66] [2.34, 4.68]
4 4.01 [2.98,5.03] [2.96,5.06] [2.95,5.06] [2.96,5.06] [2.97,5.04] [2.97, 5.05]
5 498 [3.85,6.11] [3.84,6.11] [3.85,6.10] [3.86,6.09] [3.88,6.07] [3.88, 6.07]
6 4.83 [3.76,5.89] [3.74,5.91] [3.74,5.91] [3.73,5.92] [3.74,5.91] [3.73,5.92]
7 4.11 [3.07,5.15] [3.06,5.16] [3.05,5.16] [3.05,5.17] [3.07,5.15] [3.07, 5.15]
8 3.34  [2.32,4.36] [2.28,4.40] [2.26,4.42] [2.24,4.44] [2.24,4.44] [2.23, 4.45]
9 2.49 [1.53,3.44] [1.51,3.46] [1.49,3.48] [1.49,3.48] [1.49,3.48] [1.48, 3.49]
10 1.57 [0.68,2.46] [0.66,2.48] [0.65,2.50] [0.64,2.50] [0.64,2.51] [0.62, 2.52]

Notes: Estimate for y; from equation (C.3) for k = 0,...,10 presented along with 95% confidence intervals for

different clustering assumptions. The top panel reports results for two-way clusters, and the bottom panel reports

results for one-way clusters. The main results in the paper assume two-way clustering by station and date. The

sample period is May 1, 2015 to December 31, 2017. Retail prices are at the station-date level. Wholesale Terminal

Gate Prices (TGPs) are at the daily level from Melbourne’s gasoline terminal gate. Margin is a station’s retail price

less Melbourne’s TGP on a given date. Coles exits the Informed Sources platform in April 2016.



C.6 Baseline regression equation coefficient estimates

Table C.8: Baseline Regression Equation Coefficient Estimates

Coefficient Estimate Standard Error

peotes 15.17 (0.79)
jeotes 2.72 (0.72)
peotes 13.61 (0.57)
feotes 3.44 (0.39)
pgotes 10.59 (0.59)
fsotes 4.71 (0.37)
pgotes 7.73 (0.60)
jsotes 5.74 (0.39)
peotes 4.45 (0.63)
fsotes 6.28 (0.48)
peotes 1.46 (0.63)
jeotes 6.42 (0.50)
pgotes -1.62 (0.63)
jeotes 7.23 (0.52)
peotes -4.13 (0.59)
jeotes 6.93 (0.49)
pgotes -6.16 (0.59)
peotes 5.68 (047)
pgotes -7.61 (0.57)
jeotes 4.95 (047)
pegles -8.09 (0.72)
jsoles 4.52 (0.70)
Bgher 12.25 (0.43)
jother 2.82 (0.52)
pother 10.42 (0.39)
jother 2.55 (0.43)
pgther 7.29 (0.38)
jgther 3.24 (0.43)
pgther 4.25 (0.37)
jyther 3.78 (0.42)
pgther 0.96 (0.38)
jgther 4.53 (0.43)
pgther -1.74 (0.38)
jgther 4.84 (0.43)
pgther -4.33 (0.36)
jgther 4.95 (0.40)
pother -6.54 (0.33)
jother 4.16 (0.38)
pgher -8.16 (0.33)
jther 2.94 (0.35)
pgther -9.40 (0.31)
jgther 2.11 (0.33)
Bogher -9.87 (0.33)
jgiher 1.43 (0.33)
&y -0.80 (0.45)
8% -0.50 (0.47)
83 -0.67 (0.44)
8t -0.70 (0.43)
55 -0.59 (0.43)
8¢ -0.68 (0.42)
&y -0.57 (0.41)
&% -1.18 (0.37)
85 0.11 (0.33)
87 -0.20 (0.35)
85 -0.41 (0.34)
83 -0.44 (0.34)
87 -0.53 (0.34)
85 -0.52 (0.34)
55 -0.68 (0.33)
87 -1.06 (0.36)
do 9.09 (0.27)

Notes: The table reports coefficient estimates from equation (1). The regression includes station, day of week, and month of year fixed effects. Standard errors are in parentheses and are
two-way clustered by station and date. The number of observations is N = 497,568, and the adjusted R-squared for the regression is 0.85. Other major retailers (“other”) pool stations operated
by BP, Caltex, Woolworths, and 7-Eleven.



C.7 Margins, pricing frequency, and pricing magnitude effects by retailer
Figure C.6: How Margins Change when Coles Exits the Platform by Major Retailer
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Notes: The figures contain ag + B (light shade) and ag + B + v (dark share) estimates and their 95% confidence
intervals from (1). Standard errors are two-way clustered by station and date. Panels (a)-(d), respectively, show
results for BB, Caltex, Woolworths, and 7-Eleven stations.



Figure C.7: Price Cut Frequency Before and After Coles Exits the Platform
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Notes: The figures contain the average number of daily station-level price changes by decile of a station’s current
cycle length.



Figure C.8: Price Cut Magnitude Before and After Coles Exits the Platform
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Notes: The figures show the average magnitude of daily station-level price changes by decile of a station’s current
cycle length.



C.8 Robustness of price effects to sample window

In this Appendix, we re-estimate our baseline regression in (1) for Coles and other major retailers’ (BB,

Caltex, Woolworths, 7-Eleven) stations using the following three samples:
#1 May 1, 2015 - December 31, 2016
#2 May 1, 2015 - December 31, 2017
#3 May 1, 2015 - December 31, 2018

As in the paper, in each sample we omit the March 1, 2016 - April 30, 2016 equilibrium transition period
after Coles’ Informed Sources contract expires in April 2016. Sample #2, therefore, corresponds to the
main sample we use in the paper, while samples #1 and #3 allow us to examine price effects from Coles’
exit from the platform over shorter and longer horizons.

Table C.9 presents the corresponding ¥ estimates for k =0,...,10. Recall these coefficient estimates
from (1) quantify the difference in margins after Coles exits the platform for Coles and the other major
retailers. Overall, the four major results from Section 4.2 emerge. In particular, after Coles exits the

Informed Sources platform:
1. Restoration margins increase by 2-3 cpl when CycPc tft = 0 for Coles and the other major retailers

2. Margin increases occur throughout Coles’ undercutting phase for CycPc tllct > 0 as price cutting

softens
3. Rivals’ margins also increase for C ycPctf[ > 0, but not at the same level as Coles.

4. Colesno longer prices to wholesale terminal gate prices at the bottom of the cycle where C ycPctft =
10. In contrast, the other major retailers continue pricing closer to wholesale costs before restoring

prices.

If anything, compared to the results presented in the paper for 2015-17, the results that include 2018

suggest even larger price-cost margins under asymmetric information sharing over longer horizons.
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Table C.9: Price Effects of Asymmetric Information Sharing with Samples Ending in 2016, 2017,
and 2018

Yk - Coles Yk - Other Major Retailers

Sample Period 2015-16 2015-17 2015-18 2015-16 2015-17 2015-18

CycPctft
0 2.36 2.80 3.28 2.50 2.87 3.39
(095) (0.73) (0.72) (0.61) (0.54) (0.48)
1 2.92 3.45 4.02 2.14 2.53 3.19
(0.47) (0.40) (0.39) (052) (0.44) (0.41)
2 3.10 4.58 5.27 2.09 3.16 3.75
(0.43) (0.39) (0.36) (0.54) (0.44) (0.39)
3 4.22 5.63 6.20 2.37 3.72 4.21
(0.41) (0.40) (0.36) (057) (0.43) (0.37)
4 4.94 6.25 6.75 3.04 4.48 4.86
(0.49) (0.48) (0.44) (058) (0.44) (0.38)
5 5.00 6.29 6.87 3.34 4.78 5.05
(0.48) (0.51) (0.47) (0.48) (0.44) (0.38)
6 5.86 7.00 7.41 3.54 4.89 5.08
(0.48) (0.51) (0.48) (036) (0.41) (0.35)
7 5.12 6.69 7.19 2.54 4.16 4.43
(0.58) (0.49) (0.45) (0.43) (0.39) (0.32)
8 4.16 5.59 6.19 0.95 2.92 3.46
(0.60) (0.48) (0.41) (036) (0.36) (0.31)
9 3.84 4.81 5.86 0.98 2.02 2.86
(0.73) (0.48) (0.39) (0.38) (0.34) (0.28)
10 3.43 4.38 5.47 0.70 1.33 2.30

(1.03) (0.71) (0.64) (0.42) (0.34) (0.31)

Notes: The table reports estimates for y; from equation (1) for k=0,...,10 for Coles and other
major retailers (BP, Caltex, Woolworths, 7-Eleven) for three different sample periods: 2015-16,
2015-17, and 2015-18. As in the paper, each sample excludes the March 1, 2016 - April 30, 2016
equilibrium transition period around Coles’ Informed Sources contract expiration. Standard

errors are in parentheses and are two-way clustered by station and date.



D Demand model calibration details

D.1 Recovering all stations in the market

Informed Sources only manually collected prices for a subset of stations from smaller retail chains and
independent stations. These “Other” stations were not included in the Informed Sources dataset if the
company did not manually collect their prices at some stage.

To obtain data on the missing independent stations in the market, we compare the current dis-
tribution of stations with the Informed Sources dataset. In February 2023, we web-scraped PetrolSpy
(https://petrolspy.com.au/) to gather information on prices, names, brands, addresses, and geographic
coordinates for all gas stations in the Melbourne metropolitan area. Table D.1 compares the number of
stations for each brand in our May 1, 2015 - January 31, 2017 primary sample with the 2023 numbers
in Melbourne. The table reveals minimal changes for the 5 major retailers. This pattern is consistent
with trends in station counts by retailers in annual and quarterly ACCC gasoline industry monitorying
reports between 2015 and 2023, available at . We also consulted with another industry data collection
entity called FUELTrac (https://fueltrac.com.au/) who have confirmed minimal station level entry/exit
in Melbourne between 2015 and 2023. The discrepancy in the “Other” group illustrates the number of
independent stations missing from the Informed Sources dataset.

To recover the missing independent stations, we assume that all independent stations today were
also operational during our sample period. Given the industry facts regarding minimal station-level en-
try/exit just discussed, we consider this assumption reasonable. For each independent station in Petrol-
Spy, we check if it can match with any stations in Informed Sources by comparing the geographic coor-
dinates. If an independent station in PetrolSpy is located within 50 meters of any station in Informed
Sources, we regard this station as not recorded by the platform, and we add this station to our sample.55

In total, we recover 126 additional independent stations not in the Informed Sources dataset.

Table D.1: Number of Stations by Brand: Informed Sources vs. PetrolSpy

Informed Sources (2015-2017) PetrolSpy (2023)

BP 127 142
Caltex 92 88
Coles 147 145
Woolworths 93 93
7-Eleven 148 151
Other 75 190

55 A station may have slightly different geographic coordinates across the two datasets due to measurement error.
If two sets of coordinates are less than 50 meters away, validation checks suggest they most likely belong to the
same station.
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https://petrolspy.com.au/
https://www.accc.gov.au/by-industry/petrol-and-fuel/fuel-and-petrol-monitoring
https://fueltrac.com.au/

D.2 Imputing missing prices

In our calibration exercise in Section 5.2, imputing missing prices for stations and dates where Informed

Sources did not collect prices is necessary. These instances can be categorized as:

1.

For the 75 independent stations Informed Sources collected data on, the manual collection was
not daily (unlike the major 5 retailers on the platform). On average, a station’s prices were collected
every 2.6 days before Coles exited the platform. We need to predict prices for all stations and dates

with missing information for these stations that Informed Sources collected data on at some stage.

For the 124 independent stations that we recovered from PetrolSpy, we likewise need to predict

their prices.

Regarding Coles stations, the platform initially collected only 63% of their stations’ prices daily
immediately after the exit. Two months later, the manual price collection increased to 82% of the
stations. See Figure 1 in the paper. From Appendix C.3, these Coles stations were on the periphery
of the Melbourne greater metropolitan area. We need to predict prices for the stations when the

platform did not collect their prices.

For BP stations, approximately 10% of them had their prices no longer collected by Informed
Sources starting from June 2016, requiring price imputation for these stations as well. Again see
Figure 1 in the paper. Regarding the remaining major retailers, Informed Sources electronically
collected prices for all of their stations throughout the entire sample period. In rare cases where a

price is missing, likely due to technical issues, we fill it with the last observed price.

In instances where prices were not collected by Informed Sources, we utilize Machine Learning to

generate a model of pricing at the station level. Specifically, we train separate, brand-specific Least Ab-

solute Shrinkage and Selection Operator (LASSO) models to predict daily prices for BP, Coles, and in-

dependent stations, respectively. LASSO is a well-known form of regularized regression. It includes a

penalty term that shrinks some coefficients to zero, thereby effectively excluding irrelevant predictors.

Thus, LASSO performs feature selection to identify the most important predictor variables for prices.

For each independent station, the predictor construction involves the following information:

1.

Station-specific variables, including smaller retail brand dummy variables for United and Liberty

stations (other smaller retail chains in the market).

. The average price of the five closest stations recorded by the platform on date ¢ and its lagged

values for 1 to 7 days.

The current wholesale terminal gate price and its lagged values for 1 to 7 days

. Additional variables describing the local market structure around a given station, including the

Herfindahl-Hirschman Index (HHI), the number of stations, the share of independent stations
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within a 5-kilometer radius, and a dummy variable indicating the presence of a competitor within

200 meters.

Additionally, we include interactions between all these variables, resulting in approximately 300 vari-
ables for predicting station-level prices. These variables collectively capture various aspects of pricing
dynamics, market structure, and competition in the vicinity of each independent station.

In the BP and Coles models, we substitute the brand dummies mentioned earlier with the average
prices of Coles and BP stations, along with their corresponding lagged prices for up to 3 days. The models
also include interactions between these current and lagged brand-specific average prices and the other
predictors, resulting in more than 700 predictors. Incorporating these brand-specific average prices al-
lows for the consideration of price coordination within these prominent retail brands.

In total, have 112,441, 123,986, and 9,908 price observations for BP, Coles, and independent stations,
respectively. We randomly split the price observations and corresponding predictor variables for each
brand into 80% training and 20% test sets. The training set is used to fit the model, while the test set is
held out for evaluating the model’s out-of-sample performance.

We use a 5-fold cross-validation to find the optimal regularization parameter, which controls the
penalty applied to the model. The estimated optimal regularization parameter for BP, Coles, and inde-
pendents is 0.0001, 0.0001, and 0.0008, respectively. The algorithm selects 43, 43, and 38 predictors for
the corresponding models.

The out-of-sample prediction accuracies measured by pseudo-R? on the testing dataset are 0.931,
0.945, and 0.901 for BP, Coles, and the independents, respectively. To demonstrate the model’s perfor-
mance, we compare the distribution of observed and predicted prices for independent stations across
cycle deciles from May 2015 to May 2016. During this period, Informed Sources manually collected
prices for 74 independent stations before shifting their focus to collecting Coles’ prices. Figure D.1 de-
picts the 25th, 50th, and 75th percentile of observed and model-predicted prices for each local cycle
decile. The figure demonstrates the model’s ability to effectively capture the heterogeneity in pricing
among different stations.

We use the trained and validated LASSO models to predict missing prices for BB, Coles, and indepen-

dent stations in the dataset. After imputing missing prices, we calibrate the model per Section 5.2.

D.3 Matching moments and imputing market shares

Here, we detail how we calibrate @ and f in the demand model. To estimate s jt(é‘ + 5, we need to con-
struct f,q and T(o,d,l;). The Origin-Destination (OD) matrix obtained from the Victoria State Gov-
ernment Department of Transportation and Planning (2018) provides information on the average daily
number of drivers traveling between the 2975 traffic zones in Victoria. We restrict the traffic zones to the
ones within the Melbourne metropolitan area. Then, f,; is calculated as the proportion of total drivers
traveling within Melbourne who journey from the origin zone o to the destination zone d.

T(o,d,l j) represents the additional time required in minutes for household i to deviate from the
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Figure D.1: Observed and Predicted Prices for Independent Stations by Cycle Deciles
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Notes: The cycle deciles are constructed based on the average prices of the five closest stations documented by
the platform. We first identify the local market cycle peaks using the local maximum algorithm introduced in the
main text. Then, we divide the days between each peak into ten deciles. Notably, the price increases observed in

the 10th decile capture the restoration phase of the subsequent cycle.

fastest driving route between the origin o and destination d in order to visit gas station j. It is calculated
as 1(o,1;) + t(l;,d) — t(o,d), where t(x, y) represents the fastest driving time between points x and y fol-
lowing the street network in Melbourne. We leverage OpenStreetMap routing API (openstreetmap.org)
to calculate the fastest driving time and distance between any two points.

We use the centroid of each traffic zone as drivers’ origin o or destination d location and obtain the
fastest driving time ¢ (o, d) for over 1.15 million od pairs in Melbourne. Then, for each od pair, we obtain
the fastest driving time from o to /; and from [; to d, enabling us to obtain the departure time (o, [;) +
t(lj,d) - t(o,d) for every gas station j. In the calibration, to reduce dimensionality for computation,
we limit the consideration set for consumers driving from o to d to stations with less than 5 additional
minutes of travel time when departing from the fastest route. Figure D.2 provides an example of an od
travel route with the gas stations consumers consider on the route.

Given a set of a and f values and the constructed traffic data, we can calculate the model predicted
§j; following equations (4) and (5). We then aggregate the predicted daily station-level market shares
to the average daily retailer-level market shares between May 1 and July 31 in both 2015 and 2017. In

calibration, we select a and  values to minimize the squared distance between the model-predicted
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Figure D.2: Example od Route with Stations
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market shares and the observed choice probabilities for the 5 major retailers in 2015 and 2017. The share
of the independents is excluded because the market shares across all brands inherently sum up to one.

The cross-sectional variation in the brand-level market shares identifies the brand valuation § con-
ditional on the distribution of traffic flows. We identify a by exploring variations in price changes across
brands and the corresponding shifts in consumers’ brand choices from 2015 to 2017. This variation in-
forms us of the substitution patterns across gasoline stations.

Table D.2 presents the estimated parameter values and the resulting brand valuations. According
to our calibrated model, the mean estimated station-level price elasticity is -44. The estimated brand
valuations suggest that, on average, consumers value gasoline at the five major retailers more highly
than independent stations. For instance, consumers are willing to pay an additional 9.3 cents per liter to
purchase gasoline at a Coles station than at an independent station.

Using the calibrated model, we obtain estimates of (inside good) station-level market shares, §;, for

each station and date in the sample from equation (5).
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Table D.2: Parameter Values and Brand Valuations from Model Calibration

Price BP Caltex Coles Woolworths 7-Eleven

Parameter estimates -1.32 2.78 2.93 4.29 3.42 1.06
Brand valuation (cpl) 5.99 6.32 9.25 7.38 2.29

D.4 Estimating daily total quantity of fuel sold

We utilize two datasets to determine the daily total volume of gasoline sold in Melbourne. The first
dataset, obtained from ACCC (2018), provides the daily share of gasoline volume sold in Melbourne in
the third quarter of 2016. The second dataset, sourced from Australian Government Department of En-
vironment and Energy (2018), provides data on monthly total gasoline consumption in Victoria.

We calculate the daily volume of gasoline sold in Melbourne throughout our entire sample period
in two steps. First, using the ACCC (2018) data, we estimate the following logit model that predicts the
share of gasoline sold in date ¢ out of total sales within a quarter:

In(w,) = i YiAP e+ Y AP+ Td € (D.1)

k=-L
where w; is the share of gasoline sold in date ¢ out of total sales between July 1 and October 1, 2016,

Ap;k =max{Apsk, 0}, Ap;k =min{Apk,0} and 74 is a day-of-week fixed effect. We compare models
with different numbers of lags, L, and leads, F, and find the model with L = 4 and F = 2 is preferred,
yielding the lowest AIC value of -293.459 and an R-squared of 0.879.°°

However, due to price-level fluctuations quarter-by-quarter, the predicted daily shares t; from (D.1)
may potentially not be stable over the entire sample. This possibility makes it necessary to re-scale these
predicted daily shares so that the adjusted predicted shares in each quarter sum up to one. In particular,
we define the adjusted daily volume share as 1w, = m Wy, where } e 41 Wi denotes the summation
of the predicted shares for all days within the same quarter as ¢. In practice, this adjustment yields
minimal changes to our predicted 0, values from (D.1), reflecting the stability of aggregate gasoline price
and quantity levels over our primary May 1, 2015 - December 31, 2017 primary sample period.”’

Second, we scale down the total monthly gasoline sales volume in the state of Victoria from Aus-
tralian Government Department of Environment and Energy (2018) to measure the monthly volume for
the city of Melbourne by utilizing the share of vehicle miles traveled in Victoria that occur within Mel-
bourne. To determine this share, we utilize the state’s Origin and Destination table, described in Sec-
tion D.3 above, which provides data on the average daily number of drivers traveling between any two
traffic zones in Victoria. By multiplying the number of drivers by the driving distance along the fastest

travel route, we calculate the total daily mileage driven in Victoria. We obtain the driving distances us-

56We use AIC for model selection rather than cross-validation because of the limited number of observations.

5"More specifically, we find that there are minimal changes in the sales volume during the 10 months preceding
the case and the 10 months following it. Specifically, the average daily sales volume is 4.536 million liters (ML) in
the pre-period and 4.566 ML in the post-period, indicating a 0.66% change.
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ing OpenStreetMap optimal routing. We then calculate the total daily mileage driven overall in the state
and within Melbourne and find it to be 51.3% of the overall daily mileage driven in Victoria. Therefore,
we measure Melbourne’s monthly gasoline sales volume as 51.3% of the state volume. This calculation
assumes similar average fuel efficiency between the metropolitan and regional areas.

We convert monthly sales volume in Melbourne to quarterly volume and denote the measure by Q.
Multiplying Q, with the predicted daily share of fuel sold within a quarter i, yields our predicted daily

volume of fuel sold in Melbourne,
Qt =W x Qqltl, (D.2)

where Qg [7] indicates that date ¢ falls within quarter g. This corresponds to equation (7) in the paper.
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