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1 Introduction

Explaining prices is arguably one of the primary goals of economics. Mainstream theories of
repeated price competition assume that firms are fully rational, and set prices in equilibrium,
with the threat of retaliatory price cuts potentially allowing maintenance of high prices and
profits. This abstracts from the reality, however, that firm managers are, to varying degrees,
boundedly rational.! The effects of cognitive constraints are not obvious ex ante. There could
be little effect, because high stakes and learning opportunities cause quick convergence
to optimal pricing strategies. If constraints do matter, this could take the form of noise,
with managers making errors centered around the optimal price. A more radical possibility
would be if cognitive constraints lead managers to have systematically different ideas about
what is the optimal pricing strategy. The distinction is important, for example because noise
may have modest effects on market outcomes, averaging over time, whereas systematic
differences in strategies could more substantially affect prices and market efficiency.

What might be a mechanism through which cognitive constraints foster systematically
different ideas about optimal pricing? One candidate emerges from the branch of theory
in behavioral economics that has considered strategic decision making, including level-k,
cognitive hierarchy, and endogenous depth-of-reasoning (EDR) models (e.g., Nagel, 1995;
Costa-Gomes et al., 2001; Camerer et al., 2004; Alaoui and Penta, 2016). A common theme
is that bounded rationality leads to underestimating competitor sophistication, treating their
behavior as non-strategic and exogenously determined. In the context of price competition,
this could lead to a systematic tendency to favor lower prices, because of not expecting low
prices to trigger competitor price cuts. Laboratory studies have linked a leading measure of
cognitive skills, the Raven Matrix test, to ability to anticipate competitor behavior in “beauty
contest” type games or repeated Prisoners’ Dilemma games.2 However, field evidence on
how cognitive skills shape pricing has been lacking.

The goal of this paper is to provide a first, large-scale investigation of whether and how
the cognitive constraints of firm managers affect pricing in repeated price competitions.
We provide field evidence on three sets of open questions. Do lower cognitive skills sys-
tematically affect managers’ mental models of optimal pricing strategy, and actual pricing
decisions? If so, is this in the direction of favoring lower prices, as suggested by behavioral
theories, and is there evidence that the specific mechanism of not anticipating competitor re-
sponses to price cuts plays a role? What are the consequences in terms of spillovers to market

prices (price wars), profits, consumer surplus, market efficiency, and traditional measures

” «

1We use the terms “bounded rationality,” “cognitive constraints,” and “low cognitive skills,” interchangeably.
2See Gill and Prowse (2016), Proto et al., (2019), Fe et al., (2022), Gill and Rosokha (2026). Burnham et
al. (2009) and Carpenter et al. (2013) provide related evidence.



of market power?

In brief, our main findings are as follows. (1) Lower cognitive skills cause a systematic dif-
ference in beliefs about optimal pricing, towards favoring lower prices, a self-reported desire
to engage in price cuts, and setting substantially lower actual prices; (2) Lower cognitive
skills lead to not anticipating competitor sophistication and price responses, and this partly
mediates the link between cognitive skills and mental models of optimal price and actual
pricing decisions; (3) The lower prices arising from low cognitive skills have important conse-
quences, including spillovers to market prices by triggering competitor price cuts and price
wars, reduction of firm profits and producer surplus (PS), higher consumer surplus (CS) and
market efficiency, and biases in traditional approaches to measuring market power.

Answering our research questions is demanding in terms of data. It requires pricing
decisions and profits for a large sample of managers, combined with measures that to our
knowledge have never been implemented together in a field setting: manager cognitive
skills, measures of mental models of optimal pricing, measures of mental models about
competitor sophistication and price responses, and measures of other characteristics that
should be controlled for such as discount factors and risk preferences. Welfare analysis also
requires knowing marginal costs, since the typical approach of assuming rationality to infer
marginal cost is problematic when bounded rationality is present. We obtain data with all of
these ingredients by collaborating with a company operating more than 20,000 gas stations.

Our findings generate important implications for firms, policymakers, and economic the-
ory. First, they provide an “existence proof” that cognitive constraints can affect pricing in
real-world repeated price competition—even at large companies, where pricing is delegated
to managers—with spillovers to market-level prices, and these effects persist despite expe-
rience and feedback. Second, bounded rationality systematically shifts managers toward fa-
voring lower prices, which tend to reduce firm profits but increase CS and market efficiency.
This implies that firms seeking to improve pricing may need to reshape managers’ mental
models rather than simply provide better data. For policymakers, these findings suggest that
the increasing trend of replacing human price-setting with Al algorithms could substantially
affect market prices and efficiency. Third, the underlying mechanism—failing to anticipate
competitor price responses—could be quite general, creating a force for lower prices across a
wide range of industries characterized by repeated price competition. This mechanism also
adds nuance to mainstream theoretical explanations for fundamental economic phenomena
such as price cuts and price wars, with important implications for competition policy: some
price wars are likely strategic mistakes rather than telltale signs of optimal strategies to
encourage competitors to keep prices high.

Section 2 details the nature of station manager jobs and the market environment, de-
scribes our data sources, and introduces a simple conceptual framework. Key aspects of
the work setting include the fact that station managers are company employees with perfor-
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the company has some safeguards in place. Upper management explains giving pricing dis-
cretion as a trade-off: it can lead to mistakes but also harnesses local knowledge.

The market environment involves two large companies, including our partner, and many
smaller, independent companies. There are government-imposed price ceilings for fuel prod-
ucts (gasoline and diesel), indexed to the world price of oil. These potentially facilitate coor-
dination on high prices, and indeed, the default policy of the two large companies is to price
at the ceilings, while independents usually track them with a fixed discount. This institu-
tional feature provides a natural benchmark for identifying price wars. Additionally, because
our partner company’s internal accounting links changes in marginal cost one-to-one to ceil-
ing movements, variation in the ceiling serves as a cost shifter for estimating demand, which
underpins our welfare calculations. Factors that could affect pricing, such as station type,
location characteristics, or number of local competitors, are quite balanced with respect to
manager cognitive skills, mitigating concerns about omitted variable bias.

We use four data sources: (1) a survey of approximately 350 district-level senior man-
agers on discretion given to station managers and their views on potential mistakes; (2)
multiple survey waves with 20,000 station managers, achieving roughly 14,000 responses
each time, measuring cognitive skills (including a Raven test), mental models of optimal
pricing and competitor behavior, and a wide range of other traits we denote noncognitive
skills (e.g., discount factor, risk aversion, personality) to serve as controls; (3) four years of
monthly panel data on prices and profits for nearly all company stations; (4) daily pricing
data for one region, enabling identification of price wars and demand estimation.

Section 2 concludes with a conceptual framework. Building on behavioral theory, the
core logic of our framework is that low cognitive skills cause managers to not anticipate
that competitors respond strategically to price cuts, which makes cutting price appear more
profitable and leads to choosing systematically lower prices. We use the framework to guide
our investigation of underlying mechanisms: It implies that mental models of competitor
behavior should mediate the link between cognitive skills and pricing, though we do not
claim this is the only channel through which cognitive skills could systematically influence
pricing. We illustrate how the framework can be made more formal using a level-k model:
Low-skill managers are level-1 types who view competitors as non-strategic level-O types;
they seek to undercut competitors to steal market share, potentially generating price wars
when playing against other level-1 types. Higher-skill level-2 types believe competitors are
level-1 types who respond to price cuts with further cuts, and thus find it profitable to
maintain higher prices when patient enough. Neither Level-1 nor level-2 adjust their beliefs
about opponent types, because they attribute unexpectedly low or high competitor prices to
unobserved cost shocks. Although our application is to retail fuel markets, the logic applies
broadly across price competition settings.

Section 3 presents our first set of results on how cognitive skills affect mental models

of optimal pricing and actual pricing decisions. We asked managers an open-ended ques-



tion about what contributes most to consistently high fuel profits, and find systematically
different ideas about optimal pricing: High-skill managers were significantly more likely
to emphasize maintaining high prices (e.g., “Do not blindly engage in price wars”), while
low-skill managers stressed high volume and low prices (e.g., “Increase sales through price
cuts”). Lower cognitive skills also significantly predict a self-reported desire to cut prices.
Turning to actual prices, managers with lower cognitive skills charge significantly lower
prices on average, controlling for noncognitive skills, station, location, and market charac-
teristics. The magnitude is substantial: a one-standard-deviation reduction in cognitive skills
is comparable to adding three-fifths of a competitor to the local market. To provide an even
more conservative test of causality and shed light on how the impact evolves over time, we
conducted an event study, defining treated stations as those receiving a new manager, with
control stations having no manager change. This holds constant everything about the sta-
tion and market. Over the two-year post-period, low-skill managers reduce prices whereas
high-skill managers raise them. This indicates that experience is not a substitute for high
cognitive skills in our setting, and suggests that managers with different cognitive skills are
“learning” different things from the same environment, potentially by viewing their experi-
ence through the lenses of different mental models of competitor behavior.

Section 4 investigates whether or not anticipating competitor strategic behavior could
be a mechanism. As one measure of ability to anticipate competitors, we implemented a hy-
pothetical version of the money-request game (Arad and Rubinstein, 2011; Fe et al., 2022).
Managers could request an amount from $1 to $6, receiving whatever they requested, but
earning an additional $10 if they requested exactly $1 less than their opponent. A key fea-
ture of this game is a salient, intuitive response for non-strategic players: Requesting $6.
We observe a modal choice of $5, consistent with many managers assuming non-strategic
opponents, and these managers have relatively low cognitive skills. With so many managers
requesting $5, the ex-post optimal choice was $4. Managers with high cognitive skills were
significantly more likely to choose $4. The choice of $4 among high-skill managers pro-
vides a model-free indicator of the ability to anticipate strategic behavior, and the link to
high cognitive skills is consistent with our conceptual framework. We also designed two sur-
vey questions about how managers think about competitors in fuel markets. One shows that
lower-skill managers are more confident about their ability to influence fuel sales, consistent
with believing that prices can be lowered without triggering competitor price responses that
would dampen sales. The other shows that lower cognitive skills predict believing it is op-
timal to cut price when being undercut, consistent with not anticipating further reductions
by competitors.

We next provide more direct evidence that our measures of cognitive skills and mental
models of competitors are capturing a tendency to anticipate competitor price responses.
We showed a subsample of managers the data from a real station in which a competitor

responded to our partner station’s price cut with a deeper cut, and asked for counterfactual



predictions about sales and competitor prices if our station had cut its price even earlier.
Low-skill managers were significantly more likely to predict no competitor response and,
conditional on predicting a change, were as likely to predict an increase as a decrease—
consistent with treating competitor prices as exogenously determined. By contrast, high-
skill managers were significantly more likely to predict negative price responses. Our three
measures of ability to anticipate competitor behavior—requesting $4 and the two survey
measures—are also significantly associated with predicting competitor price cuts in the ex-
pected directions. We conclude with a mediation analysis, showing that the measures of
anticipating competitor behavior help mediate the relationship between cognitive skills and
narratives about fuel profits, desire to cut prices, and actual prices. We also check robustness
to assuming a specific model of bounded rationality, level-k; through this lens, the money
request game identifies manager level of reasoning. Consistent with our level-k model, cog-
nitive skills explain whether managers are level-1 (requesting $5) or level-2 (requesting $4),
level-1 managers are significantly less likely to anticipate competitor price responses, and
they charge lower fuel prices.

Section 5 analyzes economic consequences and implications for measuring market power.
We start with whether the price cuts of low-skill managers spill over to market prices, and
find that low-skill managers are involved in about twice as many price wars as high-skill
managers. Turning to whether the low price strategy is biased downwards compared to what
is optimal for the firm, we exploit exogenous cost-shifters to estimate station fuel demand,
allowing inference about the effect of price cuts on producer surplus. We find that the price
decrease associated with a one-standard-deviation decrease in cognitive skills reduces profit
by 2.6%. On the welfare side, it is clear that lower prices set by low-skill managers must
improve CS and market efficiency, under weak assumptions of downward-sloping demand
and market power; we use our demand estimates to quantify these effects, finding that a
one-standard-deviation decrease in cognitive skills reduces deadweight loss (DWL) by 6.2%.
Conversely, increasing cognitive skills—mimicking the replacement of human price-setters
with sophisticated Al algorithms—would substantially increase DWL. Finally, we discuss
how standard approaches to measuring market power, based on assuming rational pricing,
will be biased and will misattribute price variation driven by cognitive skills to other factors,
such as cost differences.

Section 6 concludes. We summarize key findings and some further implications, briefly
discuss results regarding noncognitive skills and experience (which have little impact on
pricing decisions), and point to directions for future research. For example, in follow-up
work we are studying whether some managers may have a flawed understanding of con-
sumer responses to price changes.

Our paper contributes to a nascent literature documenting mistakes by “behavioral firms”

(for a survey see Heidhues and Koészegi, 2018).2 We are novel in directly measuring man-

3Examples include uniform pricing by retail chains (DellaVigna and Gentzkow, 2019), suboptimal adver-



agers’ mental models of optimal strategies, showing that a measure of cognitive skills can
explain systematic differences in both these mental models and pricing decisions, and iden-
tify a channel through which bounded rationality of firm managers may increase market
efficiency.* We also complement previous field studies that have used level-k-type models to
explain suboptimal firm behavior.> We are different in studying the setting of repeated price
competitions, and showing how bounded rationality leads to systematically lower prices,
with benefits for efficiency. Our approach is also distinct: rather than inferring strategic
types from field behaviors, we use direct measures of beliefs about competitor strategic be-
havior and price responses—key mechanisms in level-k and related models—and show that
these are linked to underlying differences in cognitive skills, and have explanatory power
for both perceived optimal prices and actual pricing decisions.

We also contribute to two other behavioral literatures: on strategic competition in the
lab and on narratives and mental models. Our findings complement lab studies of beliefs
and strategic heterogeneity in repeated games (e.g., Dal B6 and Fréchette, 2019; Aoyagi et
al., 2024; Gill and Rosokha, 2024 and 2026) by documenting heterogeneity in real strategic
competitions and linking this to cognitive skills and beliefs about competitor sophistication
and price responses.® While lab studies have shown level of reasoning increasing with expe-
rience in tightly-controlled environments that rule out factors like exogenous shocks (e.g.,
Duffy and Nagel, 1997; Danz et al., 2012; Gill and Rosokha, 2026), our findings show that
experience can be less effective in more complex field environments (our level-k model in-
corporates this complexity by assuming that managers can mis-attribute competitor price
movements to cost shocks rather than revising beliefs about opponent types). Turning to
the second literature, we contribute to growing work on misspecified mental models and
narratives in economic decisions (e.g., Kendall and Charles, 2022; Montiel Olea et al., 2022;
Andre et al., 2023a; Andre et al., 2023b; Esponda et al., 2024), offering new evidence that

differences in mental models can be explained by cognitive skills, that these differences

tising by inexperienced online sellers (Tadelis et al., 2023), failure to exploit consumer left-digit bias (Strulov-
Shlain, 2023; List et al., 2023), and overreaction to transitory shocks by less experienced bar owners (Goldfarb
and Xiao, 2024). There is also an older tradition of bounded rationality in IO, which assumes firms use rules
of thumb or face explicit cognitive costs (for a survey see Ellison, 2006).

4We do not claim boundedly-rational managers necessarily increase overall efficiency, because they could
reduce efficiency in other ways, e.g., misallocation of workers to tasks. The tendency to charge lower prices
implies a countervailing effect, however, and policies that govern pricing, such as sophisticated Al algorithms
or centralized pricing, may harm efficiency.

5Goldfarb and Yang (2009) study internet service providers’ technology adoption decisions, using com-
petition avoidance to identify strategic sophistication, and find that such firms have higher survival rates.
Goldfarb and Xiao (2011) show that manager education, proxying for sophistication, predicts entry into less
competitive telephone markets and higher survival rates. Hortagsu et al. (2019) demonstrate that a cogni-
tive hierarchy model nicely organizes electricity firm bidding, with less sophisticated types—typically smaller
firms—identified by having steeper bid functions than predicted by a rational auction model. Because high
bids can price low-cost firms out of the market, this can reduce productive efficiency.

60ur findings are also consistent with lab evidence that implementing certain strategies may be cognitively
demanding (Oprea, 2020; Proto et al., 2022).



influence real economic outcomes, and that they persist despite high stakes and feedback.”
Our findings also speak to mainstream literatures on strategic price competition. They
add nuance to the view that price wars signal collusion (e.g., Green and Porter, 1984; Slade,
1992), showing that some may instead result from cognitive mistakes. By revealing that
markups may be distorted by manager cognitive skills, they contribute to the literature on
measuring market power (see Berry et al., 2019). They also add to research on whether
price ceilings serve as focal points (e.g., Knittel and Stango, 2003), showing that such coor-
dination may depend on managers’ cognitive skills. Our results complement evidence that
algorithmic pricing can increase market prices—e.g., Assad et al. (2024) find that algorith-
mic pricing raises fuel prices in Germany—by suggesting a reason: human pricing may leave
market power partially unexploited.® Our results also complement previous work using re-
tail gas markets to test models of strategic pricing (e.g., Hastings, 2004; Noel, 2007; Barron
et al., 2008; Houde, 2012; Luco, 2019) by incorporating the role of managerial cognition.
A related literature in economics has demonstrated that managers matter in various
ways for worker and firm performance (e.g., Ichniowski et al., 1997; Bloom and Van Reenen,
2007; Bloom et al., 2013, 2019; Bandiera et al., 2020; Hoffman et al., 2021; Fenizia, 2022;
Adhvaryu et al., 2023; Metcalfe et al., 2023; Minni et al., 2023). While most of this work
focuses on people-management roles, we study how managers matter for firms through their
pricing decisions. Our paper also adds to literatures in labor economics and psychology on
how cognitive skills predict wages and job performance (e.g., Boissiere et al., 1985; Cawley
et al., 2001; Schmidt and Hunter, 2004; Heckman et al., 2006), showing a non-obvious
impact of low cognitive skills on pricing decisions, towards systematically lower prices, which

implies a way that low cognitive skills can improve efficiency.

2 Market setting and Data

2.1 Details on the market setting and manager descriptives

Our partner company operates more than 20,000 gas stations across a country. Stations typi-
cally sell both gas and diesel fuel and nearly always have a convenience store. In this setting,
the bulk of station profits come from fuel sales rather than convenience stores; on average,
fuel profits make up 71% of total station profits. The stations are primarily company-owned
rather than franchises. Each station has a manager with substantial influence over opera-
tions, including pricing decisions. Station operations are also governed by district-level man-

agers, who set policies about the type and degree of discretion given to station managers.

7Qur results also complement recent research in behavioral finance and macroeconomics on the importance
of “partial equilibrium thinking” among professionals and consumers (e.g., Bastianello and Fontanier, 2024).

8By shedding new light on the properties of human price setting, our findings also complement a growing
literature using simulations and laboratory studies to investigate algorithmic pricing (e.g., Calvano et al., 2020;
Hansen et al., 2021; Asker et al., 2024; Fish et al., 2024; Arunachaleswaran et al., 2024).



There are approximately 350 districts, each overseen by a district manager.

The market is relatively concentrated with significant brand differentiation. Our partner
company is one of two major brands, each claiming about one-third of the market, with sta-
tions nationwide. The remainder goes to hundreds of smaller, local chains, which we refer
to as “independent” competitors. A key difference is vertical integration: major brands pro-
duce their own fuel, while independents purchase from local refineries on the open market.
Major brands also position themselves as offering premium products and typically charge
more than independents for the same grade of fuel.

The government imposes a separate price ceiling for each fuel product—primarily gaso-
line grades (92, 95 and 98-octane) and diesel—each indexed to the world price of oil and
adjusted every 10 working days based on cumulative changes in that index. The ceilings
move in parallel: a given change in world oil prices produces the same absolute adjustment
across products, though the level of each ceiling differs to reflect product-specific refining
costs. Because our partner company is vertically integrated, its internal transfer prices from
the upstream refining branch move one-to-one with the ceilings, providing a direct mea-
sure of marginal cost variation that becomes important for estimating demand elasticity in
Section 5. Independent competitors, by contrast, purchase from local refineries and face dif-
ferent cost dynamics. The ceilings also serve as natural focal points for price coordination:
the two major brands price near these most of the time, while independents typically track

ceiling movements, although at a substantial discount.

Table 1: Descriptive Statistics: Managers and Stations

Manager descriptives Station descriptives
Median age 39 Median number of employees 5
Female 34% Median number of competitors 2
Education level: Median market share 30%
High school 26%
Junior college 45%
College or above 28%
Median experience (years) 7

Median tenure at current station (years) 2

Notes: This table reports descriptive statistics based on the first survey wave. “Experience (years)”
represents the total number of years as a station manager, while “tenure at current station (years)”
represents the number of years as station manager at the current assignment. “Competitors in
local market” refers to stations from other companies within 2.5 km, though the definition also
accounts for road configurations, as determined by the partner company. “Market share (of fuel
sales)” is a station’s share of total fuel sales in its local market, as reported by the station manager.

Table 1 shows descriptive statistics for station managers and their stations. The median
manager age is 39, and about 70 percent are male. The modal education level is a junior-
college degree. Managers stay with the company for substantial periods, with median com-
pany tenure of 7 years, though they switch stations periodically, with median station tenure
of about 2 years. The median number of employees is 5, so managers have people manage-
ment duties but not for large teams. The median number of competitors in the local market
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is 2. The company defines local markets starting with a 2.5 km radius, but then adjusts for
factors like commuting routes. The median market share for a partner company station is

about 30 percent of local fuel sales.

2.2 Study timeline and rationale behind survey design

Our collaboration with the partner firm began in 2021, through a contact in the company’s
research arm.® The company requested evaluation of a policy and, in exchange, allowed us to
survey station managers and provided data on pricing and station performance. We judged
that the most unique aspect of the opportunity was access to a large sample of managers
with influence over strategic decisions, including fuel pricing. The behavioral literature on
strategic decision-making, most notably level-k, cognitive hierarchy, and EDR models, had
focused primarily on relaxing the assumption of full rationality. We therefore chose to ex-
plore how bounded rationality might influence pricing decisions, and specifically to test the
mechanism these models hypothesize: not anticipating competitor strategic behavior.

Initial interviews with station managers provided anecdotal evidence about strategic
thinking. Some managers, whom we understood to be relatively successful, emphasized
keeping fuel prices high and avoiding price wars. Others expressed frustration about senior
management reluctance to let them cut prices, proactively to increase sales, or in response
to being undercut; their thinking appeared to treat competitor prices as exogenously deter-
mined. One manager described how a price cut “worked at first, but then stopped working,”
without a clear explanation—suggesting a blind spot regarding competitor price responses.
These interviews highlighted the value of measuring cognitive skills and anticipation of com-
petitor behavior as potential explanations for heterogeneity in pricing behavior.

We then designed surveys administered through the research arm’s internal infrastruc-
ture. Because participation is expected, response rates are high; because surveys are admin-
istered independently of station managers’ supervisors, assurances of confidentiality are
credible. Since HR data were unavailable, our surveys also collected demographic variables.

We planned two survey waves with station managers and one survey with district-level
managers. The core of each station manager wave was a test of cognitive ability and the
money request game—a strategic game from the level-k literature—to measure ability to
anticipate competitor behavior. Surveys also measured other manager traits, such as eco-
nomic preferences and personality type, to serve as controls. We included these same trait
measures in both waves to assess measurement error and to ensure contemporaneous mea-
sures for explaining wave-specific outcomes. Survey length constraints required us to spread
additional measures across the two waves. The first wave included a management practices
inventory with questions probing managers’ understanding of competitor price responses.

The second wave included an open-ended “narratives” question eliciting manager beliefs

9IRB approval was granted by Renmin University of China.



about determinants of fuel pro ts, including views on optimal pricing. The district manager

survey asked about the authority given to station managers, reasons for delegation, and up-
per management concerns about strategic mistakes. We launched the rst manager survey
and the district manager survey in 2022, and launched the second manager survey in 2023.

In 2024, we were given a chance to conduct a third wave. We primarily designed this
wave for other projects but included a new measure of whether station managers antici-
pate competitor price responses. The measure presented real data from one of our partner
stations cutting its price and a competitor responding with a deeper cut. We then elicited
counterfactual predictions about what would have happened if the station had cut its price
even earlier, testing whether managers predicted a negative price response. The wave again
measured cognitive ability and included the money request game.

Each station manager wave was sent to all 20,000 managers. Response rates were con-
sistently around 70 percent, yielding approximately 14,000 responses per wave. We also re-
ceived responses from 353 district managers, a nearly 100 percent response rate. For reader
convenience, when reporting results based on survey measures we give question wording in
the text or footnotes, but survey instruments are also in Appendices F, G, H, and I.

2.3 Datasets on station performance and pricing decisions

The company provided monthly performance data for its gas stations from 2019 to 2022.
These panel data record fuel and nonfuel prots, sales volume in gallons, and average
monthly prices for gas and diesel products. We were given access to data from 26 of the com-
pany's 31 regions10The dataset covers about 16,000 gas stations. The company matched
performance data to rst-wave survey responses using an internal identi er, yielding linked
data for roughly 10,000 stations (re ecting the 70 percent response rate). For the second
and third waves, the company did not perform this matching, but we linked responses across
waves using other survey identi ers. This allows linking second- and third-wave responses
to performance data, but only for managers who also responded to the rst wave.

Another dataset provides daily price and sales data for one region, including prices and
characteristics of all competitors. This region has roughly 1,300 partner company stations,
with daily panel data from 2018 to 2021. These data allow us to identify price wars using
competitor price information and to estimate demand parameters for welfare analysis. Ap-
pendix Table A.1 summarizes our data sources, indicating which measures are included in
each survey wave and in the administrative performance data.

1®f the remaining ve, some record data only quarterly and others were unavailable for administrative
reasons.
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2.4 Managerial discretion over fuel prices

Station managers in our partner company have substantial in uence on fuel prices. In our
survey of district managers, 48% of districts report that station managers can change posted
prices without submitting a proposal (most often within a pre-speci ed range). 11In the
remaining districts where proposals are required, the average approval rate is about 34%2
Thus, managers can in uence prices through multiple channels: directly adjusting prices, or
submitting proposals that are approved about one-third of the time.

Why does the company allow such discretion? Our survey of district managers points to
two main reasons. First, station managers can assess local factors di cult for upper manage-
ment to observe, such as how responsive local competitors are likely to be to price change$3
Second, there is a strategic deterrence rationale: as one district manager noted, if station
managers lack exibility to respond quickly, competitors can easily undercut them.14The
ability to react potentially provides a credible threat that helps sustain higher prices.

2.5 Manager incentives

Managers receive a base salary and substantial performance-based pay, which accounts for
roughly 50% of total compensation. Bonuses are tied to two KPIs: fuel pro ts and nonfuel
(convenience store) pro ts. Performance on each KPI is assessed relative to a target, mul-
tiplied by a weight, and summed to determine bonus pay (Appendix A.2 provides more
details). The average weight on fuel prot exceeds that on nonfuel prot, and targets are
calibrated to closely match historical pro ts. 15The most relevant feature for our analysis is
that fuel pro ts directly enter the bonus formula, and managers have incentives to set fuel
prices to maximize fuel pro ts. 16Managers may di er, however, in their beliefs about the

1The question asked: Please indicate the extent to which station managers must submit proposals for
the following business decisions. Please answer each item with a number from 1 to 4. 1=Full autonomy, no
reporting or proposal required; 2=Can implement what they want but must report; 3=Can choose freely
within a pre-speci ed range, approval required beyond this range; 4=All decisions must seek approval. For
Adjusting fuel prices through direct price reductions, 48% chose a response other than 4.

12Ve asked, for di erent business decisions: On average, what is the approval rate for proposals submitted
by station managers? The average reported rate for Adjusting fuel prices through direct price reductions
was 34%.

13Ve asked In your view, what are the characteristics of stations that are more suitable for granting more
autonomy? District managers could indicate all factors that applied from a multiple-choice list, and the most
commonly chosen item was Stations where the manager's knowledge of the local market is more important
for pro tability (e.g., stations facing more competition).

14rhis response came from an open-ended question: Do you think it would be a good idea for your gas
stations to participate more actively in price competition and charge lower prices than competitors? Why or
why not?

13ncentive scheme weights are always the same for stations in a given district, and our analysis of pricing
decisions controls for any di erences in weighting schemes across districts using district xed e ects. Such
multi-component KPI structures are common in managerial compensation (Kaplan and Norton, 1992).

16n our setting, managers do not have an incentive to pursue a loss-leader strategy using fuel prices
reducing fuel prices below the fuel-pro t-maximizing level, hoping that increased nonfuel pro ts would more
than compensate. Fuel is the main prot source for stations (more than 70% of total pro ts), and reducing
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price level that achieves this goal, potentially depending on cognitive skills.

2.6 Measures of manager traits and construction of cognitive and noncog-
nitive skills factors

This section describes the manager traits we measured in our survey waves, and then our

approach of using factor analysis to reduce dimensionality and uncover latent traits under-

lying collections of measures, yielding our cognitive and noncognitive skill measures. Table
2 summarizes all traits, beginning with cognitive ability.

Table 2: Measures of manager traits

Cognitive ability IQ test involving 9 progressive Raven's matrices (+)
Numeracy Question about understanding probabilities (+)

Economic preferences  Risk tol. (+), patience (+), altruism (+), pos. rec. (+), neg rec. (-)
Ambiguity aversion Prefer urn with known distribution (-)

Personality type Consc. (+), agree. (+), extra. (+), open. (+), neur. (-)
Locus of control Inventory from psychology (+)

Competitiveness On a scale from not at all to very' (+)'

Con dence On a scale from not at all to very (+)

Procrastination Agreement on a scale about tendency to procrastinate (-)
Liking for authority On a scale from not at all to very much (-)

Self control Inventory from psychology (+)

Emotional intelligence 8 item test (+)

Gender Female indicator

Age In years

Experience In months

Notes: Cognitive skills are measured by the rst factor of rst two measures in the table

(colored in red). Noncognitive skills are measured by the rst factor of the measures from

economic preferences to emotional intelligence (colored in blue). The signs of loadings on
the corresponding factor are shown in parentheses ( rst survey wave).

Cognitive ability measures: Our main measure of cognitive ability is a 9-item Raven test.

While the full version includes 60 questions, the abbreviated 9-item version has been shown
to be a reliable proxy (Bilker et al., 2012). The Raven test is widely viewed as the leading

measure of inductive reasoning ability the ability to generalize from an observed pattern

to a general rule which is a key element of uid intelligence (Carpenter et al., 1990). 17

Each item presents a3 3 matrix of visual patterns that evolve across rows or columns

according to a set of underlying rules; respondents must infer the rules that generate the

observed variation (see Appendix Figure A.1 for an example item). We selected the Raven
test partly because laboratory studies show that it predicts performance across a range of
di erent strategic games where success requires inductive reasoning about competitors. This

price below the fuel-pro t-maximizing level can be very costly. Indeed, the correlation of fuel price with total
pro ts is positive (0.082), re ecting a positive correlation with fuel pro ts (0.091) and only a weak negative
correlation with nonfuel prots ( 0.017).

1Tarpenter et al. (1990) describe this form of intelligence as the ability to reason and solve problems
involving new information, without relying extensively on an explicit base of declarative knowledge derived
from either schooling or previous experience.

12



is consistent with the test measuring a trait of bounded rationality that is broadly relevant
to strategic decision-making. For our particular application strategic price competition in
fuel markets it seems plausible that inductive reasoning ability is a crucial determinant
of station managers' ability to form accurate mental models of their competitors. Beyond
capturing depth of reasoning, it may capture ability to generalize from the data they observe
in their markets to form accurate models of the rules governing competitor behavior.

A second measure of cognitive ability is a question about the probability of a ipped
coin landing heads, serving as a proxy for numeracy, an aspect of crystallized intelligencel8
Responses turn out to be modestly correlated with Raven test scores (= 0.14; p < 0.001),
and both load on the same main factor in our factor analysis, described below.

Other manager characteristics: In selecting other traits to measure, we sought to cast a
wide net, including a wide range of measures that are viewed by economists as capturing
important drivers of economic decision making and by psychologists as key facets of hu-
man nature. Six aspects of preferences risk preference, time preference, altruism, positive
reciprocity, negative reciprocity, and trust were measured using the survey module from
the Global Preference Survey (Falk et al., 2018). These survey measures include quanti-
tative items that mimic incentivized laboratory experiments, in addition to qualitative self-
assessments, and were developed based on their ability to predict choices in incentivized ex-
periments measuring the corresponding preferences. Personality type was measured using
a Big Five personality inventory. Other items captured beliefs and other types of preferences,
including locus of control (German SocioEconomic Panel Study, SOEPv28 English version),
self-reported con dence, taste for competition, taste for authority, self-reported self-control
(Tangney et al., 2004), procrastination, and ambiguity aversion (Dimmock et al., 2016). To
measure emotional intelligence we use an eight item test, showing photographs of a per-
son's eyes and asking respondents to identify the emotion expressed by the person's facial
expression (Baron-Cohen et al., 2001)19

Factor analysis: To reduce dimensionality and capture latent traits underlying groups of
measures, we performed factor analysis. More details are provided in Appendix A.4. An ini-
tial analysis pooling all traits showed a distinction between the cognitive ability measures,
which load mainly on one factor, and the other manager traits, which load mainly on other
factors. This structure is quite consistent across the rstand second survey waves (Tables A.2
and A.3). Following the terminology of Heckman et al. (2006), we refer to this distinction

as corresponding to cognitive skills and noncognitive skills. Performing factor analysis
on the cognitive ability measures, we nd that both the Raven test and numeracy items load
onto a single factor with eigenvalue greater than 1. This is robust across survey waves, with

1&rystallized intelligence is conceptualized as distinct from uid intelligence, as it draws on accumulated
knowledge (Cattell, 1987).

19his is an aspect of intelligence that is sometimes also denoted theory of mind, and can be considered
part of cognitive skills more broadly de ned (Gill et al., 2025)
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loadings quite similar across waves (Table A.4). We use the corresponding rst factor as our
cognitive skills measure for each wave. Similarly, noncognitive traits yield a single dominant
factor in each survey wave, with a high eigenvalue in both waves and similar factor loadings
across waves (Table A.5). This factor loads positively on traits like conscientiousness, agree-
ableness, locus of control, con dence, patience, and emotional intelligence, and negatively
on traits such as neuroticism, taste for authority, and procrastination. A second noncognitive
factor emerges in each wave, loading on traits such as risk taking, openness, and taste for
authority, but its eigenvalue is near 1 or below. We therefore focus on the rst noncognitive
factor from each wave as our corresponding noncognitive skills measure.

Robustness of measurement approach: We conduct extensive robustness checks to assess
whether the use of factors a ects our results. We re-run all of our main analyses and nd
similar results with each of the following adjustments: (1) using Raven scores alone as the
measure of cognitive skills, treating the numeracy measure as a separate control variable; (2)
controlling for all other manager traits individually rather than as a noncognitive factor; (3)
including the second noncognitive factor as another control; or (4) incorporating emotional
intelligence into the cognitive factor. 20Results of these checks are available upon request,
but we provide an example in Figure B.6, where we show that results on the relationship
of cognitive skills to fuel pricing decisions are robust to controlling for the noncognitive
traits separately. Measurement error in cognitive skills, our key explanatory variable, works
against nding signi cant e ects, but a potential concern is that measurement error in our
noncognitive skills measure might bias the coe cient on cognitive skills upwards if we use
these as controls in regression analysis (Gillen et al., 2019). Using our two waves of trait
data to correct for measurement error, however, we nd no evidence of such a bias in cogni-
tive skill coe cients; instead, correcting for measurement error shows a stronger e ect of
cognitive skills.21

2.7 Balance of station, location, and market conditions by cognitive
skills

Based on conversations with managers and company contacts, we know that the process of
assigning managers to stations over time is complicated, somewhat arbitrary, and requires

2We check this because emotional intelligence could be considered part of cognitive skills, broadly de ned,
and a subset of items of the measure loaded on the same factor as the Raven test and numeracy measure in
the second wave, although in the rst wave these loaded with the other noncognitive skills measures.

2Trrait measures collected across waves allow us to assess attenuation. Correlations with cognitive skills are
attenuated by about 35 percent, and with noncognitive skills by 17 percent, indicating that the coe cient
estimates we report for cognitive and noncognitive skills in our main analysis are lower bounds. Appendix
A.5 provides details on robustness to measurement error in controls using the Obviously Related Instrumental
Variables (ORIV) method (Gillen et al., 2019; see also Stango and Zinman, 2020).
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substantial lead-time to arrange. Managers also have some scope to request moves, rais-
ing the possibility of self-selection. Given our goal of testing whether cognitive skills a ect
pricing, it is of interest whether managers with di erent cognitive skills end up assigned to
systematically di erent types of station, location, or market conditions, which could have
an independent in uence on pricing. For example, if managers with lower cognitive skills
face more competition, this could lead them to charge lower prices. Table A.6 shows that
these attributes are quite balanced across managers with high and low cognitive skills, with
di erences being economically small. This helps mitigate omitted variable concerns, but we
also test robustness to controlling for these observable factors in regressions, and to using
an event-study design that holds constant everything about the station and local market,
including unobservables.

2.8 Conceptual framework

We develop a conceptual framework for one way that bounded rationality can matter in re-
peated price competitions. We build on a common theme across behavioral models of strate-
gic interaction including level- Kk, cognitive hierarchy, and endogenous depth of reasoning
(EDR) that bounded rationality leads to treating competitor behavior as non-strategic and
exogenously determined.

We propose the following simple framework: (1) Low cognitive skills cause a manager
to not anticipate that competitors will respond strategically to one's own pricing decision,
and in particular, that price cuts trigger competitor price cuts; (2) because of not expect-
ing competitors to cut prices in response, managers with low cognitive skills will perceive
greater pro tability of cutting price, making them more likely to choose a lower price.

The framework guides our investigation of the underlying mechanisms. Speci cally, it
implies that our measure of cognitive skills should predict, in a particular direction, both
beliefs that price cuts are pro table and actual pricing decisions. Furthermore, cognitive
skills should predict the ability to anticipate competitor behavior and price responses, as
measured by our lab-in-the- eld and survey-based measures of mental models of competi-
tors. Finally, the measures of how managers think about competitors should at least partially
mediate the link between cognitive skills and pricing beliefs and behavior. If mediation is
only partial, this could re ect error in our measures of mental models of competitors, or the
presence of additional mechanisms; we do not claim that the mechanism we test is the only
channel through which cognitive skills could systematically in uence beliefs and decisions
about pricing.

While our framework does not take a stand on a particular way of modeling boundedly-
rational reasoning, we illustrate how the framework can be made more formal by developing
a level-k example (details in Appendix A.7.1). We focus on levelk for concreteness but
view cognitive hierarchy and EDR models as plausible alternatives that generate similar
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predictions. We consider a two-period Hotelling model in which level-1 rms the more
boundedly rational type believe their competitors are non-strategic level-0 types who price
as monopolists (or at the price ceiling if it is binding). Perceiving no strategic price response,
level-1 rms undercut to steal market share; this can generate price wars when both rms
are level-1 types. Level-1 types in our model do not question their belief that competitors
are level-0, because they attribute unexpectedly low competitor prices to unobserved lower
marginal costs (or equivalently, unobserved demand shocks). Level-2 rms believe their
competitors are all level-1 types and thus anticipate that competitors observe and respond to
prices, leading them to maintain higher prices to avoid triggering aggressive responses. We
show theoretically that level-2 rms charge higher prices than level-1 rms given su cient
patience (level-2 types also maintain their beliefs over time, mis-attributing unexpectedly
high prices to cost shocks). This framework maps naturally to cognitive skills as measured
by the Raven test, which captures inductive reasoning the ability to generalize from one's
own strategic thinking to anticipate similar reasoning by competitors. We thus conceptualize
lower cognitive skills as leading managers to be level-1 rather than level-2 types. While our
empirical approach is primarily model-free, we also check robustness to using choices in a
lab-in-the- eld game to directly identify level-1 and level-2 types and test whether these are
related to cognitive skills and beliefs and decisions about pricing as predicted by the model.
The next section tests whether lower cognitive skills lead to systematically di erent be-
liefs about optimal pricing and di erent price choices. The subsequent section narrows the
focus to testing the underlying mechanism anticipating competitor responses highlighted
in our conceptual framework.

3 Impact of cognitive skills on mental models of optimal

price and actual pricing decisions

To test whether cognitive skills systematically in uence managers' mental models of optimal
pricing and a ect actual pricing decisions, we proceed in three steps. First, we examine
whether managers with di erent cognitive skills hold di erent views on pro t-maximizing
pricing. Second, we analyze whether they di er in stated preferences for price cuts. Third,
we examine actual pricing decisions.

3.1 Impact of cognitive skills on narratives about fuel pro ts

We used a narratives approach to assess mental models of fuel pro t determinants and the
role of pricing (Andre et al., 2023). 22In our second survey wave, we asked: Some managers

22\ndre et al. (2023) de ne a narrative as an explanation of a past economic event in our case, a manager
achieving consistently high fuel pro ts.
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consistently have higher fuel pro ts than other managers. What do you think are the most
important practices that enable them to achieve this? This hands-o approach reveals
whether managers focus on pricing when considering key determinants of pro ts, without
leading them to think this way. We complement this with a more structured question, asking
directly whether managers favor high or low prices, discussed in the next section.

As detailed in Appendix B.1, most narratives mapped onto the prot formula (prot =
margin  sales volume), with managers emphasizing either margins (e.g., maintaining high
prices) or volume (e.g., boosting sales through low prices). Some responses, such as e ort
or ability, did not t cleanly into either category. Based on examining a random sub-sample
we developed a classi cation rubric with 15 categories (Appendix E). Each of the more than
15,000 responses was independently classi ed by two RAs, blind to our hypotheses, using
this rubric, achieving 75 percent inter-coder agreement. We report results based on the
authors reconciling disagreements (because we believe this minimizes measurement error),
but results are very robust to alternative approaches (see below). In the classi cation, most
managers (80%) mentioned only one narrative, some (17%) mentioned two, and very few
mentioned more.

Figure 1 presents the frequency of di erent narrative types and their relationship to
cognitive skills. Panel (A) shows that 25% of narratives cite margin-related causes, 45%
mention sales volume, and 30% cite other causes or don't know. Panel (B) ranks narratives
by the average cognitive skills of managers who mention them: those citing margin-related
narratives most frequently high prices tend to have higher cognitive skills, while those
focusing on sales volume or low prices tend to have lower skills. To give a better sense of
how cognitive skills are related to narratives that are not empirically negligible, Panel (C)
excludes infrequent narratives. This shows that cognitive skills are highest among managers
citing high prices, followed by those citing sales volume or low prices, and lowest among
those citing ability, e ort, or don't know. Comparing between managers mentioning high
prices and those mentioning narratives related to low prices (low prices, sales volume, or
customer development, respectively), non-overlapping 95% con dence intervals show that
cognitive skills are signi cantly higher for those mentioning high prices. 23

A natural question is whether these di erences are robust to controlling for other man-
ager traits or for station and market conditions, which could a ect beliefs and be corre-
lated with cognitive skills (although station and market conditions are quite balanced, as
discussed in Section 2.7). Probit regression results (regression All in Figure 2) show that

23 hroughout our analysis, signi cance tests will mainly be shown via 95% con dence intervals, and unless
stated otherwise, signi cance is at the ve-percent level or better. Managers who mention high sales being due
to location, which is not necessarily a statement about the bene ts of charging a low price but rather may be
about demand conditions, also have lower cognitive skills than those mentioning high price, but the di erence
is not signi cant. A caveat when reading Figure 1 is that some managers mention multiple narratives, so
there is a potential correlation of error terms across observations that is not accounted for in the depicted
con dence intervals. Our signi cance statements are therefore based on the con dence intervals shown in
Figure B.4, which excludes managers who mention multiple causes to ensure independence of observations.
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Figure 1: Narrative measure of mental models for high fuel pro ts

Notes: Panel (A) shows the frequency of narratives mentioning di erent categories of causes
of high fuel prots. Bars are color-coded according to whether they fall into the prot margin,
sales volume, or other categories. The narratives include:Customer(good customer service);
Don't know (no clear explanation o ered); High prices(maintaining a high price); Location: Sales
(location favorable for high volume); High sales(mentioning sales volume without further expla-
nation); E ort (manager's hard work); Ability (manager's high abilities); Low prices(generating
high volume through low prices); Calculation (calculating bene ts and costs before deciding);
Reduce cogfreduce operational costs, e.g. electricity); High-margin (focus on selling high-grade
fuel products); Know market (local knowledge of the market); P. marg. (mis.) (mentioning high
pro t margin without further explanation); Location: Price(location that makes it possible to sus-
tain high prices). Panel (B) shows average cognitive skills of managers mentioning each narrative.
Panel (C) excludes managers mentioning causes voiced by less than 5 percent of managers. Error
bars indicate 95% con dence intervals.

the probability of mentioning high prices increases signi cantly with cognitive skills when
controlling for noncognitive skills, other manager traits (age, gender, experience), and mar-
ket and station characteristics. This partly re ects a tendency for higher-skill managers to
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avoid non-price narratives included in the omitted category such as don't know. 24To focus
more narrowly on whether cognitive skills predict di erent views on optimal pricing, the
remaining regressions progressively tighten the omitted category to exclude narratives less
obviously related to pricing. The most restrictive speci cation considers only managers who
mention either high or low prices (regression Low prices ). As shown in Figure 2, across
all speci cations higher-skill managers are signi cantly more likely to mention high prices,
while lower-skill managers favor narratives about sales volume and low prices. Thus, two
distinct mental models of optimal pricing emerge from the data, and these are strongly
related to cognitive skills, with higher-skill managers emphasizing the importance of high
prices and lower-skill managers emphasizing high sales-volume and low-price strategies.

Figure 2: Probability of mentioning high prices narrative by cognitive skills

Notes: The gure reports marginal e ects from Probit regressions with 95% con dence inter-
vals. Each bar represents a separate regression showing how a one standard deviation increase
in cognitive skills a ects the probability of mentioning the high prices narrative relative to the
respective baseline group. All includes all managers who mention either high prices or any al-
ternative narrative. Frequent includes managers who mention either high prices or one of the
relatively frequent (>5% frequency) alternative narratives. Frequent without “don't know' is

the same as the Frequent sample but excludes the don't know category. Sales vol. includes
managers who mention either high prices or narratives from the sales volume category. Low
prices includes only managers who mention either high prices or the low prices narrative. All
regressions control for manager characteristics (noncognitive skills, age, gender, experience), sta-
tion and location characteristics (open 24 hours, whether the company rents the station, numbers
and types of local competitors, location type indicators) and district xed e ects. Corresponding
regression coe cients are presented in Appendix Table B.1.

Robustness: Appendix B.1 presents similar results using alternative classi cation methods:

24\ particular concern with the don't know narrative being in the omitted category is that this could be
inversely related to cognitive skills due to measurement error from low survey e ort e.g., choosing don't
know as the lowest-e ort narrative response while also exerting low e ort on the Raven test. As shown in
Figure 2, however, the relationship of cognitive skills to the probability of mentioning high prices remains
robust when excluding don't know responses (regression Frequent without don't know ).
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Using a third RA to reconcile disagreements, rather than the authors; giving the rubric to
a Large Language Model to do the classi cation rather than using RAs. Results also hold
when restricting to managers who mention only one narrative, ruling out the possibility that
high-skill managers mention high prices simply because they mention more causes overall
(Figure B.4).

3.2 Self-reported pricing preferences and cognitive skills

We now examine whether cognitive skills also matter for self-reported pricing preferences.
In our second survey wave, we asked managers a yes or no question about whether they
would like to charge lower prices than the default suggested by upper-level management
and if so, whether such price cuts would bene t themselves, the company, or both. As
mentioned in Section 2, the default suggestion of upper management is essentially always
to price at the price ceiling. As shown in Figure 3, managers with lower cognitive skills are
signi cantly more likely to prefer charging below the ceiling. This relationship remains sig-
ni cant after controlling for noncognitive skills, other manager characteristics, and station
and market conditions (Appendix Figure B.5). Among managers favoring lower prices, 80%
believe doing so bene ts the company, which ts our narrative evidence that lower-skill
managers view price cuts as improving pro tability.

Figure 3: Cognitive skills and preferences for lower prices

Notes: This gure reports the share of managers wanting to charge a lower fuel price than the
default suggested by upper-level management, by quintile of cognitive skills (quintile 5 is the
highest). Error bars indicate 95% con dence intervals.

3.3 Relationship of actual pricing to manager cognitive skills

Pricing decisions re ect a manager's need to respond to many factors in a changing environ-
ment (demand shocks, cost changes, competitor actions, and senior manager decisions), but
we investigate whether cognitive skills also matter. We use monthly panel data on station-
level pricing behavior. Because price ceilings vary and stations sell multiple fuel products
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at di erent prices, the company computes a metric capturing overall monthly pricing: the
sales-weighted average of each product's price relative to its ceiling. A ratio of 1 indicates
pricing at the ceiling for all products. This price ratio incorporates all discounts, including
reductions in posted prices, coupons, and promotions.

Figure 4: Pricing behavior as a function of cognitive skills

Notes: This gure reports coe cients from OLS regression on monthly price ratios,
with 95% con dence intervals based on robust standard errors clustered at the sta-
tion level. The dependent variable is the standardized monthly price ratio relative
to the price ceiling. Regression 1 reports the coe cient on cognitive skills, control-
ling for manager demographics (age, gender, experience) and month-by-district
xed e ects; Regression 2 additionally includes noncognitive skills and station and
location characteristics (open 24 hours, whether the company rents the station,
numbers and types of local competitors, location type indicators). See Appendix
Table B.2 for underlying regression estimates.

Figure 4 shows that managers with lower cognitive skills set signi cantly lower prices
relative to the ceiling, controlling for other manager traits, station and market characteris-
tics, and time xed e ects. This nding aligns with our results on how low cognitive skills
in uence narratives about pro t maximization and preferences for price cuts.

To put magnitudes in context, Figure 4 reports coe cients on our controls for number of
independent and major competitors. A one-standard-deviation decrease in cognitive skills
is associated with a price reduction roughly equivalent to three- fths the e ect of adding
an independent competitor, or one-fourth the e ect of adding a major competitor. 25These
magnitudes approximately double after accounting for attenuation from measurement error
in cognitive skills equivalent to adding more than one independent competitor or about
half of a major competitor (see Section 2 for discussion of measurement error).

Robustness: As discussed in Section 2, all main results are robust to controlling for noncogni-
tive skills individually rather than as a factor. As an example, Appendix Figure B.6 shows that

2R ppendix Table B.2 shows a positive coe cient on the number of other stations from our partner company
in the local market, consistent with high prices being easier to sustain between stations of the same company.
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the coe cient on cognitive skills in regressions of the price ratio remains signi cant when
controlling for noncognitive traits individually (individual elements are not signi cantly re-
lated to prices, with the exception of self-reported competitiveness, which is associated with
signi cantly lower prices). 26

3.4 Event study

In this section, we present results from an event study design comparing pricing at sta-
tions before and after a new manager arrives, and testing how cognitive skills of the new
manager a ect pricing. One purpose is to provide an additional check on causality. To be
clear, we already have several reasons to believe our results are causal rather than driven by
omitted variables: observable station and market characteristics are balanced by manager
cognitive skills and we control for these characteristics in our regressions; we have evidence
of plausible causal mechanisms in the form of di erent mental models of optimal pricing
and di erent pricing preferences. In case there is measurement error in our controls for
observables, however, or lack of balance inunobservablecharacteristics, we implement the
event study to hold everything constant, comparing the same station and market environ-
ment before and after a new manager arrives. A second purpose of the event study is to
examine the dynamics of how bounded rationality in uences pricing over time: Whether
the e ect persists or diminishes with learning and feedback.

In our application, treated stations are those experiencing a manager change during the
study period, with stations that never changed managers serving as controls. The identify-
ing assumption is that, absent a manager change, treated and control stations would have
followed parallel price trends. We compare treatment e ects across stations receiving high-
versus low-skill new managers, tracing how prices evolve di erently depending on the new
manager's cognitive skills.

This approach is robust to concerns about nonrandom assignment of managers to sta-
tions. If high-skill managers tend to be assigned to market conditions where charging high
prices is optimal, such factors would be re ected in pre-period price levels, and these level
di erences are accounted for by comparing changes relative to the pre-period. Likewise, if
assignment is nonrandom with respect to previous manager traits that a ect pricing, this
too would appear in pre-period prices and be addressed by the design. O ering additional
assurance, we nd no empirical evidence of selection when comparing previous and new
manager cognitive skills: If upper management systematically assigned managers with cer-
tain cognitive skills to particular types of stations, or managers with certain cognitive skills
self-selected into these types of stations, we would expect stations that previously had high-
skill managers to also receive high-skill replacements; the correlation between new and pre-

2@ he measure asks, with an 11-point scale: How competitive do you consider yourself to be? Please choose
a value on the scale below, where 0 means not competitive at all and 10 means very competitive.
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vious manager cognitive skills, however, is 0.019 (p = 0.576), indicating that assignment is
essentially uncorrelated with cognitive skills.

We analyze the roughly 4,500 manager-change events in our dataset for which we know
the traits of the new manager. While we sometimes know the traits of the previous manager,
restricting to cases where both are known substantially reduces sample size, so we focus on
how variation in new manager traits a ects pricing after arrival. Since managers change sta-
tions at di erent times, we face a staggered treatment timing problem. Standard two-way
xed e ects estimators can produce biased estimates in this setting because already-treated
units serve as controls for newly-treated units. We therefore use the Callaway-Sant'Anna
di erence-in-di erences (CSDID) estimator (Callaway and Sant'/Anna, 2021), which com-
putes group-time average treatment e ects by comparing units treated at a particular time
to never-treated units, then aggregates these e ects.

Figure 5: Treatment e ects of new managers on prices by cognitive skills

Notes: This gure reports treatment e ects on price ratio in treated stations versus never-treated
stations using the Callaway-Sant'Anna di erence-in-di erences (CSDID) estimator, by cognitive
skills of the new manager. Treated stations are those that experienced a manager change; control
stations are those without a manager change during the same period. Treatment e ects are
shown separately by quintile of cognitive skills (quintile 5 is the highest). Error bars indicate
95% con dence intervals. See Appendix Table B.3 for static average e ects estimation.

Figure 5 presents the CSDID estimates by quintile of the new manager's cognitive skills.
Parallel pre-trends hold across all ve quintiles, validating our identi cation strategy. The
results reveal a monotonic relationship: the lower the incoming manager's cognitive skills,
the lower the treatment e ect on prices. Averaging over the entire post-treatment period,
both Quintile 4 and Quintile 5 show higher price levels than Quintile 1 ( p-values of 0.071
and 0.056, respectively).
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These di erences become more pronounced and signi cant over time, with strikingly
di erent time dynamics across skill levels. Quintile 1 managers charge progressively lower
prices the longer they have been at a station. In contrast, Quintile 5 managers exhibit an
initial price drop, perhaps re ecting experimentation as they learn about local market condi-
tions such as competitor responsiveness, followed by price increases that eventually exceed
those of the previous manager. These divergent patterns suggest that learning does not elim-
inate the impact of cognitive skills. Rather, both types experience similar environments but
reach di erent conclusions, potentially because they interpret information through di erent
mental models. For example, in the spirit of the level-k model in our conceptual framework,
boundedly rational managers might interpret competitor price cuts as revealing lower costs,
whereas sophisticated managers might interpret them as indicating boundedly rational com-
petitors, making it optimal to keep prices high. In summary, the event study provides further
evidence that cognitive skills cause persistent di erences in pricing.

Robustness: Our results are robust to alternative estimators addressing the staggered di -in-
di problem. Appendix Figures B.7 B.10 show consistent treatment e ects across estimators
proposed by De Chaisemartin and D'Haultfoeuille (2024), Sun and Abraham (2021), and
Borusyak et al. (2024), as well as traditional two-way xed e ects.

4 Testing a potential mechanism: Mental models of com-
petitor sophistication and price responses

This section investigates whether anticipating competitor sophistication and price responses
is one mechanism linking cognitive skills to mental models of optimal pricing. To assess
managers' mental models of competitors, we avoided direct questions about price cuts trig-
gering competitor reactions, which could prompt respondents to consider such reactions
even though they typically do not, or signal that surveyors expect them to do so. Instead,
we designed three indirect approaches: (i) an abstract strategic game, in which choices re-
veal ability to anticipate competitor behavior; (ii) a survey question measuring con dence
in ability to in uence fuel sales, an indicator of believing in the e cacy of price cuts; (iii)

a question measuring belief in the optimality of cutting price when being undercut. To vali-
date whether cognitive skills, and our three measures of mental models of competitors, do
capture anticipation of competitor price responses, we use a counterfactual prediction task
in our third survey wave.
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4.1 Money request game

As a measure of ability to anticipate competitors' strategic behavior, we implemented the
money-request game27The game was described as follows: Suppose you are matched with
another station manager to play a game. You and your opponent are each going to ask for
an amount of money from a referee. The amount must be between $1 and $6. You will get
the amount you ask for. However, you will get $10 more if you ask for exactly $1 less than
your opponent. How much money do you ask for?

The game is designed to have a salient, intuitive choice for players who are non-strategic:
Choosing $6. The payo -maximizing choice, however, depends on the empirical distribution
of choices if enough people choose $6 then $5 can be optimal, but if many choose $5, $4
may be optimal, and so on. Thus, making the optimal choice requires an accurate mental
model of other managers' strategic reasoning. By design, the game has no pure-strategy
Nash equilibrium, to help isolate ability to predict competitor behavior from ability to rea-
son toward a pure-strategy NE28While the money-request game di ers from real-world
competition for example, it is one-shot rather than repeated it provides a controlled mea-
sure of managers' ability to understand and predict the strategic behavior of other managers,
holding constant all aspects of the strategic environment.

Figure 6 shows results from the money request game. Panel (A) presents the distribution
of requests. The modal request is $5, consistent with many managers anticipating that oth-
ers will act non-strategically and request $6. However, because so many managers request
$5, the expected payo is maximized by requesting $4 (requests below $4 yield lower ex-
pected payo s). Thus, the modal manager makes a choice consistent with underestimating
how many others choose $5. One might think requesting $4 is a matter of luck, but Panel
(B) shows that average cognitive skills are signi cantly higher among managers choosing
$4 compared to any other request, and Panel (C) shows the frequency of choosing $4 in-
creases monotonically with cognitive skills. Regression analysis con rms that the probability
of requesting $4 increases signi cantly with cognitive skills, controlling for other manager
traits and market and station characteristics ( rst coe cient in Figure 7). To summarize,
managers with higher cognitive skills are better able to anticipate competitor sophistication,
consistent with our conceptual framework.

Robustness: As detailed in Appendix C.1, the money request game ndings are robust across
survey waves. In both the second and third waves, $5 was the modal request, $4 was the

2First proposed by Arad and Rubinstein (2012), this game has been a workhorse for laboratory research on
bounded rationality and strategic competition. We used a simpli ed version developed by Fe et al. (2022). The
original game allowed subjects to choose amounts between 11 and 20 Shekels, with a bonus of an additional
20 Shekels for requesting exactly 1 less than the opponent.

2&rad and Rubinstein (2012) argue this is an advantage over the classic beauty-contest game, which has a
pure-strategy NE that empirically typically does not coincide with the payo -maximizing choice. The mixed-
strategy equilibrium involves probabilities of 0, 0, 0.4, 0.3, 0.2, and 0.1 for requests 1 to 6, respectively (Fe et
al., 2022).
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Figure 6: Behavior in the money request game and cognitive skills

Notes: Panel (A) shows the distribution of requests in the money request game from the rst
survey wave. Panel (B) shows average cognitive skills for managers making each of the possible
requests. Panel (C) shows the share of managers requesting $4, by quintile of cognitive skills
(quintile 5 is the highest). Error bars indicate 95% con dence intervals.

Figure 7: Mental models of competition and cog. skills: Controlling for other traits and market conditions

Notes: This gure reports coe cients from OLS regressions on three mental model measures,
with 95% con dence intervals. The dependent variables are: requesting $4 in the money request
game, believed in uence over fuel sales, and believed optimality of the cut-to-match strategy.
Coe cients shown are for cognitive skills. Each regression controls for manager characteristics
(noncognitive skills, age, gender, experience), station and location characteristics (open 24 hours,
whether the company rents the station, numbers and types of local competitors, location type
indicators) and district xed e ects. See Appendix Table C.1 for underlying regression estimates.

payo -maximizing choice, and those requesting $4 displayed the highest cognitive skills.29

29 his adds to previous evidence that Raven test performance predicts choosing the payo -maximizing
request among children (Fe et al., 2022).
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4.2 Beliefs about in uencing fuel sales and optimality of cut-to-match
strategy

We also designed two more concrete measures of managers' strategic thinking about their
market environments, motivated by our initial in-person interviews (see Section 2). Some
interviews revealed what we term an attack view: managers believed proactive price cuts
could substantially increase sales, without recognizing that competitors might respond. Oth-
ers revealed a defense view: Thinking it was optimal to cut price to match competitors’
lower prices, without recognizing that doing so might trigger further competitor cuts.

We designed survey questions for each view. For attack we asked: Compared to objective
factors such as the location of the gas station and the number of competitors, in your opinion,
to what extent can managers in uence the sales of fuel products of a station? Based on our
conceptual framework, we hypothesize that lower cognitive skills lead to greatercon dence
in the ability to in uence fuel sales, because managers with lower skills do not fully antici-
pate how competitor price responses dampen the e ects of their own price cuts. Although
this inference that con dence re ects not anticipating competitor price responses is in-
direct, we validate this interpretation in the next subsection. We also asked about the ability
to in uence overall station performance and convenience store pro ts, as placebo tests, ex-
pecting that the e ect of cognitive skills on anticipating competitor price reactions would
matter mainly for con dence about fuel sales.

For the defense view, we asked a yes-or-no question: Last month, you believed that it is
optimal to cut price to match a competitor's price. 30In our partner rm's terminology, cut-
to-match refers to matching a competitor's lower price rather than maintaining the ceiling
price. If the belief that cut-to-match is optimal re ects a failure to anticipate competitor
responses, we would expect this belief to be more common among managers with lower
cognitive skills.

Figure 8 shows how these measures relate to cognitive skills. Panel (A) shows that man-
agers with lower cognitive skills are more con dent in their ability to in uence fuel sales,
whereas cognitive skills are less strongly related to beliefs about in uencing overall perfor-
mance and largely unrelated to beliefs about in uencing convenience store pro ts. This pat-
tern is consistent with a mechanism operating speci cally through the failure to anticipate
competitor price responses in fuel markets. Panel (B) shows that the tendency to favor cut-
to-match decreases monotonically across cognitive skill quintiles. Regression analysis (the
second and third coe cients in Figure 7) con rms that these relationships are statistically

30he wording references the previous month because, to reduce the salience of our research interest in
pricing, we embedded this in a management practices inventory based on McKenzie and Woodru (2017),
which asks about practices in a speci ¢ time frame. While our analysis focuses on cut-to-match, we also analyze
two other price-related items: Visited competitor's stations to see prices and Used a customized oer to
attract new customers. Managers with high cognitive skills are less likely to report visiting competitor stations,
consistent with placing less emphasis on price competition, and more likely to report attracting customers
through customized o ers rather than across-the-board price cuts.
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Figure 8: Beliefs about manager in uence and cut-to-match optimality, by cognitive skills

Notes: Panel (A) shows beliefs about manager in uence measured on a scale from 0 (only exter-
nal factors matter) to 100 (only manager matters). The three graphs show perceived manager
in uence on overall performance, fuel sales, and nonfuel pro ts, respectively, by quintile of cogni-
tive skills (quintile 5 is the highest). Panel (B) shows the share of managers believing that cutting
prices to match competitor prices is optimal. Error bars indicate 95% con dence intervals.

signi cant and robust to controls for other traits as well as station and market characteris-
tics. These ndings are also in line with the assumption in the conceptual framework, that
cognitive skills matter for mental models of competitors.

Robustness: In contrast to the abstract game, a concern with these more naturalistic mea-
sures is that results could re ect managers with di erent cognitive skills facing systemati-
cally di erent market conditions that shape learned beliefs, rather than bounded rationality
generating divergent views of the same environment. However, as noted in Section 2, mar-
ket conditions are comparable across cognitive skill levels, and as shown in Figure 7, results
are robust to controls.

Because we test whether cognitive skills are related to three measures of mental models
of competitors, a potential concern is multiple hypothesis testing. Applying the Bonferroni
correction, however, all three coe cients in Figure 7 remain signicantat p < 0.001.
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4.3 Validation: Do cognitive skills and mental models of competitor
behavior capture anticipation of price responses?

Our ndings so far suggest that managers with lower cognitive skills are less likely to an-
ticipate competitor price responses, but the evidence is relatively indirect. To gather more
direct evidence, we rst verify that competitors do respond to price cuts by our partner
stations. We use data from one region with daily prices for both partner stations and all
competitors. We de ne a price cut event as a partner station maintaining the same price for
seven days and then reducing it by at least 10 cents. We employ a di erence-in-di erences
approach comparing price responses of treated competitors to control competitors in the
same district whose nearby partner stations maintained stable prices.

As shown in Figure C.3, competitors indeed respond to price cuts by lowering their own
prices. Prior to price cuts, competitor prices show no di erential trends, but immediately fol-
lowing partner station price cuts, treated competitors reduce their prices by approximately
5 cents on average a reduction that persists over the following week. This establishes that
competitor price responses are a salient feature of this market, which makes it consequen-
tial whether managers anticipate them. The gure also shows that competitors respond
similarly regardless of the cognitive skills of the manager initiating the cut, meaning that
managers across skill levels are exposed to comparable competitor price responses. However,
managers may interpret competitor price changes di erently depending on their cognitive
skills, with low-skill managers viewing them as exogenous rather than as responses to their
own pricing.

We next examine whether managers predict competitor price responses to price cuts,
using a measure in our third survey wave implemented for a randomly selected sub-sample
of roughly 6,000 managers.31As shown in Table 3, managers were presented with real his-
torical data from a partner station. The station initially priced at the ceiling (5.01 per liter in
local currency), while being undercut by two independent stations selling inferior brands;
the partner station later reduced its price to 4.81, which was followed by a further price
reduction by one competitor (Competitor 1) after a lag of a few days, while the other com-
petitor (Competitor 2) did not respond. We asked managers to predict sales and competitor
prices if the station had counterfactually charged 4.51 instead of 5.01 during the initial pe-
riod. Their predictions provide an indication of whether they anticipate a competitor price
cut in response to this earlier and particularly deep price cut.

We observe systematically di erent predictions of competitor prices depending on man-
agers' cognitive skills. As shown in Figure 9, only 29% of managers in the bottom quintile
of cognitive skills predict that Competitor 1 would respond to the hypothetical price cut by
lowering its price. This share increases with cognitive skills, reaching 46% in the top quin-
tile. A similar pattern holds for predictions of Competitor 2's price (Appendix Figure C.5).

3The other managers were presented with a di erent set of measures, to be used for another study.
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Table 3: Historical Data and Hypothetical Scenario Presented to Managers

(A) Actual Historical Data

Date Station price Sales Competitor 1 price  Competitor 2 price
May 11 5.01 2,118 4.28 3.98
May 12 5.01 1,981 4.28 3.98
May 13 5.01 855 4.28 3.98
May 14 5.01 1,530 4.28 3.98
May 15 5.01 3,334 4.28 3.98
May 16 4.81 1,600 4.28 3.98
May 17 4.81 2,841 4.28 3.98
May 18 4.81 1,528 4.29 3.98
May 19 4.81 1,764 4.29 3.98
May 20 4.81 4,279 4.29 3.98
May 21 4.81 679 4.08 3.98
May 22 4.81 2,014 4.08 3.98
May 23 5.01 2,179 4.08 3.98
May 24 4.81 2,203 4.08 3.98

(B) Hypothetical Scenario

Date Station price Sales Competitor 1 price  Competitor 2 price

May 11 5.01 2,118 4.28 3.98

May 12 4.51

May 13 451

May 14 451

May 15 451
Notes: The top panel reports actual historical data from a station of our partner
company. The bottom panel presents the counterfactual scenario in which the sta-
tion reduced prices on four days. Blanks ( ) indicate elds managers were
asked to predict. Managers were presented with the following description: The
following is real price and sales volume data at a gas station of your company over
14 days. During these 14 days, the price ceiling is constant at 5.01 per liter. This
gas station has two competitors, both of which are independent gas stations. The
second column shows the price of the own-company gas station. The third column
shows daily sales volume. The fourth and fth columns show the prices of the rst
and second competitors, respectively.

Regression analysis con rms that the probability of predicting a competitor price reduction
increases signi cantly with cognitive skills, controlling for other manager traits and station
and market characteristics (Regression 1 in Figure C.6).

Examining the complete distribution of predicted prices provides additional insights (Ap-
pendix Figure C.4). Whereas most low-skill managers predict that Competitor 1's price
would remain unchanged if our partner station lowered its price, those who do predict
changes are roughly as likely to predict increases as decreases. This is consistent with be-
liefs that competitor prices move for reasons orthogonal to the station's own pricing deci-
sions. In contrast, managers in the top cognitive quintile almost never predict price increases,
have the lowest rate of predicting constant prices, and have the highest rate of predicting
decreases. This implies a stark di erence across cognitive skill levels in the tendency to pre-
dict that a price cut triggers competitor price cuts. Importantly, we do not claim that the
predictions of high-skill managers are correct indeed, the true counterfactual prices are
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unobservable. Rather, our key nding is that managers with di erent cognitive skills make
systematically di erent predictions after observing the same data for the same station, in a
way that potentially explains di erences in beliefs about optimal pricing and pricing deci-
sions.

Figure 9: Cognitive Skills and Predicted Competitor Price Responses

Notes: This gure reports the share of managers predicting a lower competitor
price in response to a hypothetical price cut by a partner station, by quintile of cog-
nitive skills (quintile 5 is the highest). Error bars indicate 95% con dence intervals.

We next regress an indicator for predicting a competitor price reduction on our three
measures of mental models of competitors the $4 money request, believed in uence on
fuel sales, and believed optimality of cut-to-match controlling for manager and market
characteristics (Appendix Figure C.6). All three are signi cantly associated with anticipat-
ing price cuts in the expected directions. These results validate our interpretation that the
three measures capture how managers think about competitor price responses, and o er
an explanation for why lower-skill managers tend to charge lower prices, in line with our
framework they are systematically less likely to think that their own price cuts will trigger
competitor price cuts.

4.4 Mediation analysis

We next examine whether our three measures of mental models of competitors mediate
the relationship between cognitive skills and pricing beliefs, preferences, and decisions. We
begin with a standard mediation analysis based on the natural direct e ect (Huber, 2019),
adding the mental model measures as controls in regressions on cognitive skills. Appendix
Figure C.7 shows that not anticipating competitor responses is associated with believing
that low prices are optimal (Panel A), wanting to charge lower prices (Panel B), and actually
charging lower prices (Panel C). Moreover, the coe cient on cognitive skills is substantially
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attenuated when controlling for mental models.

Next, we examine whether mental models also mediate the causal e ect of cognitive
skills on prices in our event study. Appendix Figure C.8 presents event studies split by each
mental model measure. For each measure, managers whose mental model implies that they
anticipate competitor responses raise prices after arriving at a station, while those who do
not anticipate competitor responses charge progressively lower prices. To provide additional
evidence of mediation, we estimate the controlled direct e ect, which captures the e ect
of cognitive skills on prices that remains if we hold mental models of competitors xed (Peatrl,
2001; Acharya et al., 2016). When we stratify by mental models, the e ect of cognitive skills
is attenuated in all subsamples those who anticipate competitor price responses and those
who do not. Finally, we calculate the weighted controlled direct e ect, which implies that
our measures of mental models of competitors account for approximately 40% of the causal
e ect of cognitive skills on pricing. 32Further details are provided in Appendix C.3.

Robustness: Our mediation analysis relies on model-free measures of the ability to antici-
pate competitor behavior, e.g., requesting $4 in the strategic game. As a robustness check,
we adopt a speci ¢ model of bounded-rationality, level- k, in line with the example model in
our conceptual framework. Through this lens, choices in the money request game reveal a
manager's level of reasoning. The game was designed to have a clear choice for non-strategic
level-0 types, namely requesting $633This implies that a request of $5 revealsk = 1 and a
request of $4 re ects k = 2. Figure 6 shows that level-1 managers have lower cognitive skills
than level-2, consistent with our model. Appendix C.4 provides further analysis, focusing
only on the sample of individuals identi ed as level-1 versus level-2. Consistent with the
model, level-2 types are signi cantly more likely than level-1 to predict that competitors
will respond to a price cut by lowering their own prices (Figure C.16). Turning to actual
pricing (Figure C.17), event studies show that level-1 types implement progressively lower
prices over time, consistent with the prevalence of level-1 types as revealed by the game,
combined with the price war dynamics predicted by the model when level-1 types interact.
By contrast, level-2 types charge higher prices and maintain them at a high level, consistent
with anticipating that price cuts trigger competitor price cuts.

3Z'his approach estimates controlled direct e ects at di erent values of the mediator, weighting them by
the population distribution of mental models. The treatment e ect gap between quintile 1 and quintile 5 man-
agers is 0.068 standard deviations in the full sample. The weighted controlled direct e ect is 0.041 standard
deviations, implying mediation of 40%.

33Based on previous evidence, choices of $3 and lower likely re ect random choice rather than higher levels
of k. Even among university students a relatively sophisticated subject pool most individuals have k < 3,
as revealed by open-text descriptions of reasoning; individuals choosing lower numbers tend to indicate they
chose randomly (Arad and Rubinstein, 2012). More generally, the levelk literature has been summarized as
nding that level-1 and level-2 are by far the most frequent types (Crawford and Iriberri, 2007).
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5 Consequences for market prices, station pro ts, welfare,

and measures of market power

5.1 Market prices and price wars

We rst explore whether the lower price strategies of managers with low cognitive skills
lead to lower market prices. We use data from one region with approximately 1,300 gas
stations, including daily price information for all fuel products and competitor prices in
each local market. We have already shown using these data that price cuts by our partner
stations tend to trigger competitor price cuts (Appendix Figure C.3). As shown in Appendix
D.1.1, our partner stations are also responsive to competitor-initiated price cuts, but with
signi cant heterogeneity by cognitive skills: managers with below-median cognitive skills
respond more strongly and immediately than those with above-median skills. As illustrated
by the data shown in Table 3, cutting prices in response to being undercut can trigger further
reductions by competitors.

Because low-skill managers are more likely to cut prices and more likely to respond ag-
gressively to being undercut, it is plausible that they end up in more price wars. To analyze
whether this occurs, we need to de ne a price war. There is no accepted quantitative de ni-
tion in the literature, understandably so given that what constitutes a price war depends on
the market context. A qualitative working de nition proposed by Busse (2002) emphasizes
mutual price cuts signi cantly below the usually prevailing prices. We use the price ceiling
as the prevailing price and de ne a price war as mutual price cuts of at least 50 cents from the
ceiling for 14 days or more where mutual means that both a partner station and at least
one local competitor were involved. Appendix Figure D.2 illustrates a price war in our data.
We observe 211 price wars across 1,324 non-monopoly fuel markets from 2018 to 2021. On
average, price wars lasted 43 days (median 29 days), with partner stations lowering prices
by 68 cents relative to the ceiling.

To analyze how price war involvement relates to cognitive skills, we aggregate to the
manager level, using as the dependent variable the number of price wars in which the man-
ager was involved. Managers in the lowest cognitive skill quintile experienced approximately
0.3 price wars over the three-year period; this frequency decreases steadily to less than 0.15
for those in the highest quintile roughly twice as high for low-skill as for high-skill man-
agers (Appendix Figure D.3). Regression analysis con rms that price war frequency is signif-
icantly negatively related to cognitive skills, controlling for other manager traits, station and
market characteristics, and days of operation (Regression 1 in Appendix Figure D.4). In con-
clusion, while some price wars may be optimal consistent with standard game-theoretic
models of sustaining high prices their substantially higher frequency among low-skill man-
agers indicates that at least some are likely strategic mistakes.
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Robustness: Results on price wars and cognitive skills are similar across three alternative
speci cations: lowering the threshold from 50 to 25 cents, requiring 21 rather than 14
days for sustained price cuts, and restricting to isolated markets stations that share no
competitors with other partner stations. The latter addresses the concern that price wars
could be correlated across nearby markets when stations share a competitor (Appendix Fig-
ure D.4).

5.2 Prot consequences of bounded rationality and pricing

We now investigate how the pricing strategies of boundedly rational managers a ect pro ts.
Having established the impact of cognitive skills on pricing, we turn to the remaining link:
How prices a ect pro ts.

Estimating the causal e ect of price on prot requires solving identi cation challenges,
because the correlation between price and pro t could re ect reverse causality: managers
might adjust prices in response to pro t realizations (although it is unclear why a low price
should be a rational response to low pro ts). To address this, we estimate a structural de-
mand model, using cost shifters as exogenous instruments for price. This allows us to es-
timate the demand function and compute how counterfactual price changes would a ect
producer surplus (PS), where changes in PS are equivalent to changes in pro ts34

We model each station as facing a downward-sloping residual demand curve that in-
corporates both direct consumer responses to price changes and indirect e ects through
competitor reactions. Following a standard approach in the gasoline demand literature (Li
et al., 2014; Coglianese et al., 2017), we assume constant elasticity of demand, specifying
residual demand for station sasqs = A; p, ", where g, is quantity sold, p, is own price,
"> 1is the price elasticity of demand, and A, is a station-speci ¢ demand shifter. This elas-
ticity captures the percentage change in quantity demanded in response to a one percent
change in price, re ecting both consumers' reduced overall gasoline consumption and their
substitution toward competing stations.

To identify the demand elasticity, we exploit exogenous variation in marginal costs
driven by the government-mandated price ceilings. The ceilings are indexed to world olil
prices, which is plausibly uncorrelated with local demand shocks. This instrument is partic-
ularly well-suited to our setting because our partner company is vertically integrated: under
its internal accounting rules, the transfer price that determines each station's marginal cost
moves one-for-one with the price ceiling. Crucially, the ceiling is adjusted every ten work-
ing days, providing high-frequency variation that allows us to include exible day-of-week,
month, and year xed e ects while retaining su cient variation for identi cation. Speci -
cally, for each fuel product j at station s, we log-linearize the demand equation and instru-

34 he discrepancy between prots and PS namely, xed costs is di erenced out when calculating the
change in prots.
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ment for the log of the product-level price psj; using the log of the corresponding ceiling
Ceiling;;, controlling for station-product xed e ects and the time xed e ects described
above. Pooling across all station-product observations, the 2SLS estimate yields = 1.65.
Further details are provided in Appendix D.2.

With an estimate of the elasticity ", we can calculate the pro t implications of cognitive
skill di erences. We focus on an average station in our sample, using mean pricep and
sales volumeq as the baseline. Given these values, we can back out the demand shifter as
A= g p . The remaining input needed for calculating pro t losses is average marginal cost.
A key advantage of our setting is that we directly observe this object: because our partner
company is vertically integrated, the internal transfer price provides us with rare access to
administrative data on marginal costs. This contrasts with the standard empirical industrial
organization approach, which infers marginal costs from pricing behavior under the assump-
tion that rms price optimally (Berry et al., 1995; Nevo, 2001). This assumption becomes
problematic in the case of suboptimal pricing of boundedly-rational managers. With these
inputs and the measured relationship between cognitive skills and pricing from Section 3,
we can compute the counterfactual price, sales, and pro ts that would result from replacing
the current manager with one who has lower cognitive skills. We nd that a one-standard-
deviation decrease in cognitive skills leads to price cuts that reduce daily pro ts by 2.6%.
This indicates that lower price strategy of managers with low cognitive skills is a mistake
from the perspective of the rm's pro ts.

Robustness: Our structural estimation assumes constant elasticity of demand, which is stan-
dard in the gasoline demand literature and provides a tractable framework for estimating
the residual demand curve. In Appendix D.3, we show, however, that our results are robust
to an alternative speci cation using linear demand. This alternative allows us to separately
identify own-price and cross-price e ects. Under this speci cation, the estimate of demand
elasticity for the average station is 1.63, very similar to our result with constant elasticity
demand and thus implying a comparable 2.6% drop in daily pro ts.

5.3 Long-run bene ts of lower prices?

A potential limitation of our structural estimation is that, while it can assess short-run e ects
of price cuts on pro ts, it does not account for possible long-run bene ts such as attracting
loyal customers or deterring potential entrants.

To assess whether such bene ts might exist, we rst turn to survey evidence from district
managers. As shown in Table 4, district managers generally believe that station managers
tend to cut prices if given more autonomy. When then asked whether prices chosen by sta-
tion managers would be too high, about right, or too low, roughly 75% answered too low.
When asked in an open-ended question whether station managers should be allowed to
actively participate in price competition and charge lower prices than competitors, 74%
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indicated such strategies are not bene cial. Of these, 71% took a stronger position, stating
that aggressive price competition is always a bad idea. Of those o ering speci ¢ explana-
tions, half stated that lower prices directly reduce pro ts, while the other half cited the risk
of triggering price wars. These ndings indicate that most district managers believe that low
prices reduce pro ts and do not consider low-price strategies pro table in the long run.

Table 4: Views of district level managers about the optimality of price cuts

If station managers have full autonomy over price setting, do you think the price will be: Frequency Percentage
Higher than the current price 11 3%
Same as the current price 91 27%
Lower than the current price 236 70%

If station managers have full autonomy over price setting, do you think the price will be:

A price that is too high 28 8%

The optimal price 53 16%

A price that is too low 257 76%

Notes: This table reports results from the survey of district-level managers.

As additional evidence, we examine the relationship between cognitive skills and real-
ized prots. If low-price strategies yielded long-run bene ts, these should eventually ma-
terialize as higher pro ts. Appendix Figure D.5 shows the opposite: managers with higher
cognitive skills earn signi cantly higher total pro ts for both fuel and nonfuel categories.
This indicates that any long-run bene ts from low-skill managers' pricing strategies are in-
su cient to o set the short-run losses documented in our structural analysis.

5.4 Welfare consequences beyond producer surplus

We now examine how cognitive skill di erences a ect consumer surplus (CS) and dead
weight loss (DWL). Further details are provided in Appendix D.5. The change in CS is mea-
sured by the area to the left of the demand curve between the two price levels implied by
cognitive skill di erences. Given downward-sloping demand and price above marginal cost,

a reduction in price necessarily increases CS and reduces DWL. Our estimates, however,
allow us to calculate the magnitude. We calculate an increase in CS of 1.3% from a one-
standard-deviation decrease in manager cognitive skills. Notably, CS is roughly ve times
as large as PS in levels, so a 1.3% increase in CS more than o sets the decrease in PS and
implies an increase in total surplus. Correspondingly, the lower price implies a substantial
6.2% reduction in DWL.

Reducing bounded rationality with arti cial intelligence The preceding analysis can also
be read in reverse: what are the implications of increasingmanagerial cognitive skills? This
perspective is relevant for understanding the welfare e ects of Al-based algorithmic pricing
systems. If such systems raised the e ective level of cognitive skills by one standard deviation
at an average station, PS would increase by approximately 3%, while CS would decrease
by 1.3% and DWL would increase by 6.2%. Given that our partner company and one other
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major rm together control approximately two-thirds of the market, widespread adoption of
algorithmic pricing could meaningfully reduce market e ciency, with producers capturing
additional surplus at consumers' expense.

5.5 Implications for measuring market power

In standard approaches to measuring market power, researchers either observe marginal
cost or back it out by assuming rms price optimally. Our ndings suggest that cognitive
skills introduce a third source of price variation that could be mis-attributed under either
approach. Consider rst the case where marginal cost is observed, as in our setting due to
vertical integration. A researcher observing price variation across stations with the same
marginal cost might attribute this to di erences in market power or demand elasticity. How-
ever, our results show that cognitive skills alone can generate substantial price variation: a
one-standard-deviation reduction in cognitive skills reduces the markup % by approxi-
mately 3 percent (0.29 percentage points). Thus, what appears to be variation in market
power may partly re ect variation in managerial cognitive skills. The more common case
in empirical industrial organization is that marginal cost is not observed. Researchers typ-
ically assume optimal pricing and back out marginal cost from the rst-order condition. If

a researcher observes two stations with similar market conditions but di erent prices, the
standard approach attributes this entirely to di erences in marginal cost. Our results suggest
this attribution may be incorrect: the price di erence could re ect di erences in cognitive
skills, with both stations facing the same marginal cost but the lower-priced station failing
to fully exploit its market power.

6 Conclusion

This paper provides the rst comprehensive eld evidence on whether and how bounded ra-
tionality among rm managers a ects strategies in repeated price competition. Using data
from a company with over 20,000 gas station managers, including detailed measures of
cognitive skills, mental models, and pricing decisions, we document three sets of ndings.
First, managers with lower cognitive skills exhibit a systematic tendency toward lower prices
in their mental models of optimal pricing and charge lower fuel prices an e ect similar

in magnitude to adding three- fths of a competitor, which persists over time despite high
stakes and repeated feedback. Second, one underlying mechanism is failure to anticipate
competitor sophistication and price responses. Third, the pricing decisions of boundedly ra-
tional managers have substantial economic consequences: triggering competitor price cuts,
increasing price war frequency, reducing producer surplus, increasing consumer surplus and
market e ciency, while also biasing standard measures of market power.
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These ndings have important implications for theory and policy. They demonstrate that
high stakes and learning opportunities may not eliminate the impact of cognitive constraints
on pricing in repeated price competition. Because these constraints can lead to systematic
e ects rather than just noise, rms seeking to improve pricing may need to reshape man-
agers' mental models, and switching to sophisticated algorithmic pricing could substantially
a ect market prices and e ciency. By limiting anticipation of competitor price responses,
bounded rationality may be a force for lower prices in any market characterized by repeated
price competition and market power, and phenomena like price cuts and price wars may at
least sometimes re ect mistakes rather than optimal strategies.

One further implication concerns the emergence of price coordination in markets. While
coordination on high prices has been documented in a range of markets, our ndings may
help explain why such coordination does not always emerge and, when it does, can take
substantial time.35The price ceiling in our setting arguably makes coordinating on high
prices easier, suggesting our results may provide a lower bound on the e ect of bounded
rationality on prices and e ciency.

Our results also speak to a tradeo not previously emphasized in the literature: the
implications of bounded rationality for organizational structure and delegation. While man-
agers in our partner company have substantial pricing autonomy, retail gas companies in
some markets centralize pricing, and implement uniform pricing across locations (Foros and
Steen, 2013). More broadly, DellaVigna and Gentzkow (2019) show that uniform pricing
across locations is common in US retail chains and can be very costly due to forgone price
discrimination. A potential explanation for why rms nonetheless adopt uniform pricing
is that decentralized pricing is even more costly when managers price suboptimally. That
is, retail chains may accept the cost of uniform pricing to avoid the larger cost of bound-
edly rational local pricing. Thus, our ndings are relevant even for markets with centralized
pricing such structures may themselves be response to bounded rationality.

While our primary focus is on cognitive skills, our analysis provides some results on how
other manager traits relate to mental models, pricing, and pro ts. Success in the money
request game is unrelated to traits other than cognitive skills. Noncognitive skills and ex-
perience predict higher con dence in ability to in uence fuel sales and in the optimality
of price matching that is, the same direction as low cognitive skills (Table C.1). However,
noncognitive skills and experience predict a greater likelihood of mentioning high prices in
pro t narratives (Table B.1), similar to high cognitive skills. Since these traits do not lead to
more accurate mental models of competitor behavior, it seems they are related to mention-
ing high prices for di erent reasons than high cognitive skills, perhaps recognizing that the
ability to keep prices high can be bene cial without successfully doing so in practice. This
interpretation is supported by the nding that these traits are unrelated to, or even neg-

3%-or example, Byrne and de Roos (2019) show that coordination on high prices takes about three years to
emerge in an urban retail fuel market.
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atively correlated with, actual fuel prices (Table B.2). Overall, the relationships between
these traits and mental models are not as robust and consistent as those for cognitive skills,
and noncognitive skills and experience are not substitutes for cognitive skills in pricing.

Our ndings raise questions for future research. What interventions might improve pric-
ing decisions by boundedly rational managers, given that di erences in mental models per-
sist despite access to data and experience? Does social learning within rms reinforce in-
correct mental models, or do more sophisticated managers' views prevail? Finally, what
other mechanisms link cognitive skills to pricing? We nd evidence for underappreciation
of competitor responses, but cognitive skills may also in uence understanding of consumer
responses. In follow-up work, we plan to explore whether lower-skill managers overestimate
consumer responsiveness to price cuts for example, by failing to recognize that some sales
responses re ect intertemporal substitution rather than new customer acquisition.
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A Additional details on datasets, work setting and mea-
sures of manager traits

This appendix provides supplementary materials organized as follows. Section A.1 docu-
ments the availability of variables across our three survey waves and administrative data,
showing which measures were collected in each wave. Section A.2 describes the manager
compensation formula, explaining how performance pay depends on fuel and nonfuel prof-
its through a weighted target achievement system. Section A.3 presents an example prob-
lem from the Raven Progressive Matrices Test used to measure cognitive ability. Section A.4
details the factor analysis underlying our construction of cognitive and noncognitive skills
measures, showing that cognitive ability measures load on a distinct factor from other man-
ager traits. Section A.5 assesses measurement error in our skills measures using repeated
observations across survey waves, and reports robustness checks using the Obviously Re-
lated Instrumental Variables (ORIV) approach. Section A.6 presents balance tests examin-
ing whether station characteristics and market conditions di er systematically by manager
cognitive skills. Section A.7 develops the levelk model of price competition in greater detail,
formalizing how not anticipating competitor responses leads to lower prices.



A.1 Details on variables and survey waves

Table A.1: Variables by data source

Category Variable Wave 1 Wave 2 Wave 3 Admin

1%} %)
%) @

Raven's matrices

Cognitive Measures
Numeracy assessment

money request game 1] ]
Believed in uence
Cut-to-match
Prot narratives

Competitor price response 1]

Mental Models

[SECECERSEN]

Q

Noncognitive skills
Manager Characteristics Gender, age
Experience

Q Q.

[CERNRNRN]

Self-reported Pricing Preference for lower prices

Pro ts (fuel and nonfuel)
Performance Prices
Price wars

Q| ..

Location type

Number of competitors 1]
Market share /]
Station area %]
Open 24 hours (0]

Station rented by partner company %]

Station Characteristics

Notes: This table reports the availability of variables across di erent data sources.



A.2 Manager compensation formula

Manager bonus pay is determined by a weighted sum of performance on two KPlIs: fuel prof-
its and nonfuel prots. This structure re ects the company's use of a balanced scorecard
approach to managerial compensation (Kaplan and Norton, 1992), which aims to commu-
nicate organizational priorities transparently and align manager incentives with company
goals by making explicit what behaviors will be rewarded.

Fuel pro ts are de ned as:

X
£ = Qj (Pj MCj)

where Q; and P, denote the sales volume and price of fuel product] (e.g., di erent grades of
gas and diesel), andM C; is the marginal cost of fuel product j. Nonfuel pro ts are de ned
as: X

= Qe (R MG)

k

where Q,, B, and M C, denote the sales volume, price, and marginal cost of nonfuel product
k (e.g., convenience store items).
Performance pay is then calculated as:

Performance pay= w; r; (+w, r, ,

where r; = _—: is the target achievement rate for fuel pro ts, de ned as the ratio of realized
fuel prots to the target ;; w; > 0 is the weight on the fuel prot component; r, = = is
the target achievement rate for nonfuel prots; and w, > 0 is the weight on the nonfuel
component. The targets ; and |, are calibrated based on each station's historical prot
performance as well as station-speci ¢ conditions such as size, location, and local market
characteristics.

The weights on fuel pro ts are weakly greater than the weights on nonfuel pro ts ( w;
w,), re ecting upper management's view that fuel pro ts are more important, and are held
constant across all stations within a given district.



A.3 Raven test example

Figure A.1: An example of the Raven progressive Matrices Test

Notes: This gure shows a sample problem from Raven's Progressive Matrices Test
(Source: Carpenter et al., 1990). The task requires identifying patterns across rows
and columns to determine which of eight options (numbered 1 8) correctly com-
pletes the 303 matrix. This example is governed by three rules: (A) each row con-
tains three geometric gures (diamond, triangle, square) distributed across entries;
(B) each row contains three textured lines (dark, striped, clear) distributed across
entries; and (C) line orientation is constant within rows but varies between rows
(vertical, horizontal, oblique). The correct answer is option 5. Participants who iden-
tify only some rules may select incorrect options. For instance, identifying only rule
A might lead to choosing option 2 or 8, while identifying only rule B might lead
to option 3. More di cult Raven tests involve additional rules or more complex
pattern relationships.



A.4 Details on factor analysis of manager traits

This section provides more details on the factor analysis underlying our construction of
cognitive and noncognitive skills measures.

An initial factor analysis pooling all manager traits shows that the cognitive ability mea-
sures mainly load on one factor, while other manager traits mainly load on two other factors,
which motivates the distinction between cognitive skills and noncognitive skills. Speci cally,
Table A.2 shows the three most important factors for our rst survey wave. The light green
shading in the table shows that most of the items from the cognitive ability measures have
the highest loadings on the second factor, while the other manager traits have their highest
loadings on the rst or third factor. Table A.3 shows a similar structure in the second survey
wave, although in this case some of the emotional intelligence items load on the second
factor along with cognitive ability (we check robustness to including emotional intelligence
in our cognitive skills measure, as noted in Section 2).

Turning to analysis of cognitive skills, in both the rst and second survey waves we nd
that there is one main factor with eigenvalue greater than 1 underlying the two cognitive
ability measures (Raven test and the numeracy question). Table A.4 presents the factors for
the two survey waves, and shows robustness in the sense that loadings of individual items are
relatively similar across waves, e.g, items 4 and 6 on the Raven test have the lowest loadings
in both waves. For each survey wave we use the predicted value of the corresponding factor
for each manager as our cognitive skills measure (manager responses to the individual items
are weighted by the loadings to create a score).

For both survey waves, a factor analysis of other manager traits reveals one main factor,
with eigenvalue well above 1, and a second factor with eigenvalue equal to or slightly below
1 (Table A.5). The shading in the table shows that individual measures and items load on
the rst factor in a similar way across the two waves. We use the predicted value of the rst
factor from each wave to construct our corresponding measure of a manager's noncognitive
skills.



Table A.2: First three factors of manager traits, rst survey wave (largest loading in green)

Variable Factor 1 Factor 2 Factor 3
Raven 1 0.3295 0.3624  0.0912
Raven 2 0.2516  0.2211 0.0384
Raven 3 0.4002  0.3709 0.0591
Raven 4 0.1189 0.2217  0.0879
Raven 5 0.2768 0.3582  0.1015
Raven 6 0.0307 0.0691  0.0533
Raven 7 0.3905 0.4350 0.1017
Raven 8 0.4300 0.5038 0.1082
Raven 9 0.3320 0.3701  0.0816
Coin toss 0.1204 0.1540 -0.0179
Risk taking -0.0043 -0.1825 0.0849
Patience 0.1433 -0.0465 0.0131
Trust 0.4019 -0.0779 -0.0343
Negative reciprocity -0.1735 0.1142  0.3652
Positive reciprocity 0.4727  0.0513 -0.1174
Altruism 0.1508 -0.2062 -0.0187
Extraversion 0.3486 -0.4169 0.2913
Agreeableness 0.4734 -0.2005 -0.0452
Conscientiousness 0.5296 -0.3763 0.0612
Neuroticism -0.4097 0.3218 -0.0600
Openness to experience  0.1073 -0.2974  0.3715
Competitiveness 0.2168 -0.2029 0.3058
Con dence 0.4662 -0.2709  0.2133
Locus of control 0.4802 -0.1730 -0.1419
Liking for authority -0.2217  0.0200 0.3132
Self-control 0.5932 -0.2654 -0.2697
Procrastination -0.3231 0.0883 0.2931
Ambiguity aversion 0.0026  0.0478  0.0543
Emotional 1Q 1 0.2119 0.1210 -0.0449
Emotional 1Q 2 0.0598 0.0745 0.0061
Emotional 1Q 3 0.0808 0.0446  0.0013
Emotional 1Q 4 0.1773 0.1508 -0.0321
Emotional 1IQ 5 0.1770  0.1293 -0.0200
Emotional 1Q 6 0.2389  0.1745 -0.0436
Emotional 1Q 7 0.0411  0.0225 -0.0249
Emotional 1Q 8 0.1271  0.0460 -0.0127
Number of managers 13,655 13,655 13,655
Eigenvalue 3.34 2.07 0.88

Notes: This table reports factor loadings for the rst three factors

from a factor analysis of all manager characteristics, including both
cognitive and noncognitive characteristics, in the rst survey wave.
For each characteristic, the factor with the highest loading is color-
coded green. Only the rst two factors have eigenvalues greater than

1.



Table A.3: First three factors of manager traits, second survey wave (largest loading in green)

Variable Factorl Factor2 Factor3
Raven 1 0.2439 0.4017 0.0849
Raven 2 0.2455 0.3356 0.0543
Raven 3 0.2986 0.3822 -0.0004
Raven 4 0.1201 0.3061 0.1451
Raven 5 0.2577 0.4325 0.1218
Raven 6 0.0574 0.1392 0.1033
Raven 7 0.3162 0.5017 0.0839
Raven 8 0.3102 0.5212 0.1063
Raven 9 0.1536 0.2946 0.1195
Coin toss 0.1045 0.1600 -0.0342
Risk taking 0.0942 -0.0806 0.0775
Patience 0.1632 -0.0554 0.0007
Trust 0.3489 -0.0502 -0.1236
Negative reciprocity -0.2718 0.0994 0.3453
Positive reciprocity 0.4131 0.1088 -0.1627
Altruism 0.1931 -0.1816 -0.0524
Extraversion 0.3992 -0.3826 0.3162
Agreeableness 0.5128 -0.1526 -0.0280
Conscientiousness 0.5580 -0.2982 0.0646
Neuroticism -0.4522 0.2813 -0.1485
Openness to experience  0.2445 -0.2828 0.3719
Competitiveness 0.2362 -0.1560 0.2704
Con dence 0.4796 -0.2002 0.1594
Locus of control 0.5117 -0.1005 -0.1407
Liking for authority -0.2153 -0.0468 0.2676
Self-control 0.6505 -0.1708 -0.2209
Procrastination -0.3935 0.0606 0.2839
Ambiguity aversion 0.0614 0.0740 0.0184
Emotional 1Q 1 0.1648 0.1273 -0.0406
Emotional 1Q 2 0.0402 0.0879 -0.0005
Emotional 1Q 3 0.0581 0.0734 -0.0012
Emotional 1Q 4 0.1394 0.1858 -0.0021
Emotional 1IQ 5 0.1422 0.1565 -0.0135
Emotional 1Q 6 0.1709 0.2068 -0.0418
Emotional 1Q 7 0.0270 -0.0143 -0.0113
Emotional 1Q 8 0.0799 0.0595 -0.0258
Number of managers 15,872 15,872 15,872
Eigenvalue 3.24 2.09 0.85

Notes: This table reports factor loadings for the rst three factors

from a factor analysis of all manager characteristics, including both

cognitive and noncognitive characteristics, in the second survey wave.
For each characteristic, the factor with the highest loading is color-

coded green. Only the rst two factors have eigenvalues greater than

1.



Table A.4: First cognitive skills factor, rst and second survey waves

Variable First wave Second wave
Raven 1 0.4911 0.4795
Raven 2 0.3290 0.4185
Raven 3 0.5273 0.4630
Raven 4 0.2660 0.3518
Raven 5 0.4725 0.5247
Raven 6 0.0806 0.1647
Raven 7 0.6044 0.6047
Raven 8 0.6944 0.6268
Raven 9 0.5218 0.3522
Coin toss 0.1814 0.1751
Number of managers 13,655 15,872
Eigenvalue 2.08 1.96

Notes: This table reports factor loadings for the primary cog-
nitive skills factor in the rst and second survey waves. The

factor analysis uses indicators for correctly answering each of
the 9 items of the Raven test and the question about the prob-
ability of heads on a coin toss. For each wave, only one factor
has an eigenvalue greater than 1.
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Table A.5: First two factors of noncognitive skills, rst and second survey waves

First factor Second factor

Variable First wave Second wave Firstwave Second wave
Risk taking 0.0718 0.1145 0.1664 0.0870
Patience 0.1503 0.1726 -0.0084 0.0015
Trust 0.4023 0.3488 -0.1213 -0.1373
Negative reciprocity -0.2151 -0.2972 0.2274 0.2669
Positive reciprocity 0.4064 0.3536 -0.2502 -0.2574
Altruism 0.2243 0.2439 0.0717 0.0266
Extraversion 0.4816 0.4964 0.3943 0.3901
Agreeableness 0.5148 0.5335 -0.0383 -0.0237
Conscientiousness 0.6372 0.6238 0.1369 0.1200
Neuroticism -0.5053 -0.5162 -0.1418 -0.2002
Openness to experience  0.2083 0.3163 0.4516 0.4079
Competitiveness 0.2724 0.2683 0.2905 0.2601
Con dence 0.5318 0.5158 0.1883 0.1502
Locus of control 0.5124 0.5183 -0.1207 -0.1397
Liking for authority -0.2169 -0.1922 0.2603 0.2672
Self-control 0.6580 0.6752 -0.1852 -0.1944
Procrastination -0.3351 -0.3975 0.2211 0.2608
Ambiguity aversion -0.0220 0.0313 0.0203 -0.0323
Emotional 1Q 1 0.1420 0.1144 -0.1659 -0.1428
Emotional 1Q 2 0.0249 0.0106 -0.0742 -0.0751
Emotional 1Q 3 0.0561 0.0323 -0.0621 -0.0707
Emotional 1Q 4 0.1039 0.0764 -0.2088 -0.1968
Emotional 1Q 5 0.1129 0.0873 -0.1919 -0.1825
Emotional 1Q 6 0.1443 0.0936 -0.2143 -0.1912
Emotional 1Q 7 0.0314 0.0322 -0.0642 -0.0229
Emotional 1Q 8 0.0995 0.0581 -0.0990 -0.0906
Number of managers 13,655 15,872 13,655 15,872
Eigenvalue 2.94 3.02 1.02 0.97

Notes: This table reports factor loadings for the rst and second noncognitive skills factors in
the rst and second survey waves. Columns (2) and (3) show the rst factor for each survey

wave; Columns (4) and (5) show the second factor. The factor analysis uses answers to each
noncognitive characteristic measure and indicators for correctly answering each of the 8 emo-
tional intelligence questions. For each wave, only two factors have eigenvalues greater than or
approximately equal to 1. Negative loadings are color-coded blue.
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A.5 Measurement error in cognitive and noncognitive skills

The repetition of the measures of manager traits across two waves o ers the possibility of
assessing and correcting for measurement error. A caveat is that, due to company policy
regarding data privacy, we do not have personal identi ers in the rst two waves that can
directly match them to each other. To overcome this constraint, we implemented a match-
ing procedure based on self-reported demographic variables (age, tenure) and employment
history (speci c stations worked at during particular years). This approach allowed us to
match approximately 60 percent of managers between the rst and second waves (this is
similar to the overlap we observe for waves two and three, for which we have more direct
identi ers, so it appears the matching works well).

Quantifying measurement error in cognitive and noncognitive skills serves two purposes.
First, it helps us understand the extent to which attenuation bias might cause our estimates
of the relationship between cognitive skills and various outcomes to represent lower bounds
of the true e ects. Second, it addresses a potential concern in our regression analyses: when
both cognitive and noncognitive skills are included as predictors, measurement error in
noncognitive skills could bias the estimated coe cient on cognitive skills (see, e.g., Gillen
et al., 2019).

Our measurement error calculations nd greater error for cognitive skills than for noncog-
nitive skills, and imply non-trivial attenuation. Speci cally, we estimate that correlations be-
tween outcomes and cognitive skills are attenuated by approximately 35 percent. The same
calculation for noncognitive skills shows that the observed correlations are attenuated by
about 17 percent.

For regression analyses that include both cognitive and noncognitive skills as indepen-
dent variables, we can check robustness to correcting for measurement error using the Ob-
viously Related Instrumental Variables (ORIV) approach, instrumenting for manager traits
measured in one survey wave with the same traits measured in the other survey wave (Gillen
etal., 2019; see also Stango and Zinman, 2020). We perform this correction for a wide range
of our main regression analyses, which use cognitive skills and other manager traits as in-
dependent variables: (1) Impact of cognitive skills on having a narratives that mentions
high prices (Figure A.2); (2) impact of cognitive skills on self-reported desire to cut prices
(Figure A.3); (3) impact of cognitive skills on actual monthly price ratio (Figure A.4). We
nd no evidence that the coe cient on cognitive skills is reduced in any of these. Instead,
it is always larger with ORIV, usually substantially so, consistent with the main bias of the
cognitive skills coe cient being attenuation.
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Figure A.2: High prices narrative as a function of cognitive skills: ORIV approach

Notes: This gure reports coe cients from regressions examining the relationship
between cognitive skills and mentioning the high prices narrative, with 95% con-
dence intervals. The dependent variable equals 1 if the manager mentioned high
prices as a cause of high fuel prot. The sample consists of managers who partici-
pated in both survey waves and could be matched through demographic identi ers.
OLS estimates show results from standard OLS regression on this matched sam-
ple. 1V estimates show results using the Obviously Related Instrumental Variables
(ORIV) approach from Gillen et al. (2019), which corrects for measurement error
by instrumenting each skill measure from one survey wave with the corresponding
measure from the other wave. Controls include manager characteristics (experi-
ence, gender, age), station and location characteristics (open 24 hours, whether
the company rents the station, numbers and types of local competitors, location
type indicators) and district xed e ects.

Figure A.3: Preferences for lower prices as a function of cognitive skills: ORIV approach

Notes: This gure reports coe cients from regressions examining the relationship
between manager skills and desire to cut prices, with 95% con dence intervals. The
dependent variable is self-reported desire to charge lower than the default price set
by upper-level management. See Figure A.2 for additional details.
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Figure A.4: Pricing behavior as a function of cognitive skills: ORIV approach

Notes: This gure reports coe cients from regressions examining the relationship
between manager skills and pricing behavior, with 95% con dence intervals based
on robust standard errors clustered at the station level. The dependent variable is
the standardized monthly price ratio. Controls include manager characteristics (ex-
perience, gender, age), station and location characteristics (open 24 hours, whether
the company rents the station, numbers and types of local competitors, location
type indicators), and month-by-district xed e ects. For the rest of the details, see
Figure A.2.
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A.6 Balance of station characteristics, location type, and market con-

ditions by cognitive skills

Table A.6: Balance table

Cog. skills Cog. skills
above median below median Dierence

1) 2 1 @

Station area 832.549 847.698 -15.149
(2,235.717) (2,343.108)  (45.393)

Open 24 hours 0.710 0.718 -0.008
(0.454) (0.450) (0.008)

Number of major competitors 0.937 0.987 -0.050**
(1.078) (1.094) (0.020)

Number of independent competitors 1.243 1.281 -0.038
(1.401) (1.483) (0.026)

Number of nearby partner stations 0.885 0.934 -0.049**
(1.050) (1.059) (0.019)

Station rented by partner company 0.184 0.167 0.017**
(0.387) (0.373) (0.007)

Highway & trunk roads 0.367 0.368 -0.001
(0.482) (0.482) (0.009)

Urban & suburban roads 0.447 0.436 0.011
(0.497) (0.496) (0.009)

County, township & rural roads 0.187 0.196 -0.009
(0.390) (0.397) (0.007)

Observations 6,029 5,961 11,990

Notes: This table reports means and standard deviations (in parentheses) of station and market characteristics
for managers with cognitive skills above the median (Column 1) and below the median (Column 2). Column
(3) reports the di erence in means, with standard errors in parentheses. Major competitors refers to stations
operated by the other large company in the market; independent competitors refers to stations operated
by smaller, local chains; nearby partner stations refers to other stations from our partner company in the
local market. Road type categories indicate the primary road access for each station. *** p<0.01, ** p<0.05,

* p<0.1.
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A.7 Further details on the conceptual framework

Our conceptual framework focuses on a common theme across behavioral models of strate-
gic interaction: that bounded rationality leads to not fully anticipating competitor price
responses, which in turn increases the perceived pro tability of price cuts. In the main text,
we present the general intuition and summarize a levelk example that formalizes this mech-
anism and connects it to cognitive skills. This appendix provides the details of the levelk
model.

A.7.1 A Level-k model of price competition

We adopt the levelk framework for concreteness, but cognitive hierarchy and EDR models
are plausible alternatives that generate similar predictions. We assume that level-0 players
ignore competition and price as monopolists; level-1 players best-respond to level-0, be-
lieving that their competitors ignore competition; level-2 players best-respond to level-1,
anticipating that level-1 will respond to their prices as if they were level-0.

An important feature of our model is the presence of private, persistent costs. Each rm
privately observes its own marginal cost, which follows an AR(1) process. This structure
serves two purposes. First, it allows level-1 rms to rationalize observed prices as arising
from cost variation rather than strategic behavior when a level-1 rm sees a competitor
charge a low price, it attributes this to low costs rather than to undercutting. Second, cost
persistence ensures that inferences about current costs inform expectations about future
costs, which generates dynamic price responses that level-2 rms can anticipate but level-1
rms cannot. Alternatively, assuming private demand shocks that persist can also generate
the main predictions of the model.

The model showcases how a levek model can generate the comparative static in our con-
ceptual framework: that not anticipating competitor price responses leads to lower prices.
The intuition is straightforward: level-1 rms underestimate competitor responses because
they believe competitors are level-0, who do not respond strategically at all. They mis-
attribute low prices, which are a response to their own low prices, to low costs of competitors
when they play against level-1 competitors. By contrast, level-2 rms correctly anticipate
that level-1 competitors will respond to price changes. Thus, a patient-enough level-2 rm
will charge a price higher than its level-1 competitor to not trigger a further price cut. This
di erence in mental models of competitor behavior leads level-2 rms to charge systemati-
cally higher prices than level-1 rms.

A.7.2 Environment

Consider a Hotelling duopoly with two rms located at positions x; = 0 and x, = 1 on a
line. Consumers are uniformly distributed on [0, 1]. A consumer at location x purchasing
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from rm i at price p; receives utility u;(x)= v p; tjx xj, wherev> 0is the reservation
value and t > 0 is the transport cost representing the degree of product di erentiation.

Assumption 1 (Covered Market). We assumer > c+ 2t wherec is the upper bound of the

cost support, ensuring full market coverage for all cost realizations.

Each rm i has a private marginal costc , in period t. Costs follow an AR(1) process:
Gi1= G+ (1 ) +"i i1, where 2 (0,1)isthe persistence parameter, . is the long-
run mean, and ", ; are i.i.d. shocks. Importantly, rm i observes only its own costg; rms
observe each other's prices but not costs. This private information structure allows level-1
rms to attribute competitor pricing to cost di erences rather than strategic behavior.

The persistence parameter determines how informative a rm's current price is about
its future pricing. When s high, cost shocks are long-lasting, so inferring a low cost today
implies low expected costs tomorrow.

Given prices p, and p,, the demand for rm 1is D;(p.,po) = (p, p; + t)=(2t) and
for rm 2is Dy(p;,p2) =(py P+ t)=(2t). Firm i's prot given cost ¢ is (p;, p;; G) =
(P ) Di(pi,py)-

We begin with a two-period model for tractability, then extend the analysis to longer
games. In each period, costs are realized privately, rms observe the opponent's previous
price (if in period 2), and rms simultaneously choose prices. Firms discount period-2 pay-
osby 2(0,1).

A.7.3 Level-k behavior

We rst lay out how rms of dierent k levels behave in the rst round.

Level-0: Ignoring competition.  Level-0 ignores strategic interaction with competitors.
While level-0 may be aware that other rms exist, it believes its pricing only a ects whether
consumers buy at all not whether they switch to a competitor. In other words, level-0 thinks
about the participation margin but ignores the competitive margin. This yields perceived
demand DM(p) = (v p)=t, and maximizing (p ¢) (v p)=t gives the pricing rule p-°(c) =
(v+ c)=2. Level-0's price is strictly increasing in cost and does not depend on competitor
behavior at all.

Level-1: Underestimating competitor responses. Level-1 believes the opponentis level-
0, that is, level-1 believes the competitor ignores strategic considerations and prices based
solely on costs. This is the key behavioral assumption that generates underestimation of
competitor responses: since level-0 does not respond strategically to price changes, level-1
perceives no strategic price response from competitors ( = 0 in the notation of the conjec-
tural variation framework).

In period 1, level-1 does not know the opponent's cost but knows it is drawn from the
stationary distribution with mean .. Level-1 therefore expects the opponent to charge
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E[pLO(cJ-)] =( v+ [)=2. Best-responding to this expected price, level-1 with costc, sets:

V+ o+ 2t+2¢
4

p-(g) = (1)

This price is lower than what a level-O rm with the same cost would charge. To see why,
note that p-(c) < p'°(c) wheneverv > _+ 2t, which is implied by the covered market
assumption. The intuition is straightforward: level-1 believes the opponent charges the high
monopoly price, so level-1 sees an opportunity to pro tably undercut.

In period 2, level-1 observes the opponent's period-1 pricepjl and uses this to infer
the opponent's cost. Believing the opponent is level-0 who prices according top-°(c) =
(v + ©)=2, level-1 inverts this rule to infer ¢; = 2p].l v. With cost persistence , level-1
expects the opponent's period-2 cost to beE[ ¢; ,j¢] = C+(1 ) ., and therefore expects
the opponent's period-2 price to be(v+ T +(1 ) o)=2.

This inference mechanism is crucial for understanding why level-1 generates price wars.
When level-1 observes a low price from the opponent, it attributes this to low costs rather
than strategic undercutting. With persistent costs, inferring low costs today implies expect-
ing low prices tomorrow. Level-1 therefore responds to a low observed price by setting a
low price in period 2 not as retaliation, but simply as a best response to expected low
competitor prices. This is the behavioral foundation for downward price spirals: each rm's
undercutting is misinterpreted as re ecting low costs, triggering further undercutting.

Level-2: Anticipating competitor responses. Level-2 believes the opponent is level-1.
Unlike level-1, level-2 understands that the opponent will observe prices and respond. Level-
2 recognizes that the competitor has a mental model of competition and will adjust pricing
based on observed market conditions. This is the key di erence: level-2 perceives a positive
competitor price response ( > 0), while level-1 perceives none.

Speci cally, level-2 understands three things that level-1 does not: (1) Level-1 will ob-
serve level-2's period-1 price. (2) Level-1 will use this price to infer level-2's cost, using the
(incorrect) level-0 pricing rule. (3) Level-1's period-2 price will depend on this inferred cost.

This understanding gives level-2 a strategic consideration. By choosing a higher period-
1 price, level-2 can induce level-1 to infer higher costs. Level-1 will then expect level-2 to
charge higher prices in period 2 and will best-respond with a higher price itself. In other
words, level-2 recognizes that low prices trigger aggressive competitor responses, and ad-
justs pricing upward to avoid this.

A.7.4 Two-period analysis

We now analyze the two-period game, and consider symmetric period-1 costs.
Level-1 versus Level-1. When both rms are level-1, each believes the opponent is level-
0. In period 1, both charge p**'(c)=( v+ .+ 2t + 2¢)=4, which is below the level-0 price.
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In period 2, each rm observes the opponent's period-1 price and infers the opponent's
cost using the level-0 pricing rule. Since the opponent actually charged the level-1 price
(which is lower than level-0), the inferred cost is:
ct2t+2c v

v= > (2)

L1,1

t=2p

Under the covered market assumption (v > _+ 2t), this inferred cost is lower than the
true costc. Thegapist c=( .+ 2t v)=2< 0. Level-1 systematically underestimates
the opponent's cost because it attributes the opponent’s low prices to low costs, when in fact
the low prices re ect strategic undercutting. Note that this cost underestimation does not
depend on the persistence parameter ; it arises solely from the gap between level-0 and
level-1 pricing.

With cost persistence , level-1 expects the opponent's period-2 costtobe t+(1 ) .
and therefore expects the opponent's period-2 price to be[v+ T+ (1 ) J=2. Best-
responding given own period-2 costg ,, level-1 charges:

v+ C+(1 ) +2t+2q,

.L1,2 - 3
p y ©

The persistence parameter governs how strongly level-1 responds to the (mis)inferred
cost: higher means the underestimated costC receives more weight relative to the prior
mean ., amplifying the e ect of cost underestimation on period-2 pricing. In the limit as

I 0, cost inference becomes irrelevant level-1 expects the opponent's cost to revert to
. regardless of the observed price and the period-2 price approaches the period-1 price
in expectation.

Proposition 1 (Price Decline in Level-1 versus Level-1 Competition) In level-1 versus level-1

competition with symmetric period-1 costs, expected prices decline from period 1 to period 2:

Ly (v ¢ 2t)

E[p“* p“']= <0 4

Proof. In the symmetric case with period-1 costsc, = ¢, = ¢, both rms charge p“**(c) =
(v+ .+ 2t+ 2c)=4 and each inferst = ( .+ 2t + 2c v)=2. Using equation (4) with

E[c.]= . (the unconditional mean of the AR(1) process) and E[C]=( 3 .+ 2t V)=2:

E[pti?] = v+ (3 .+ 2t v):ZA:r(l ) t2t+2 c_ (2 )v+( +§) cH(2 +4)t

Subtracting E[p**!] = (2v+ 6 .+ 4t)=8 and simplifying yields (4). Since > 0 by as-
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sumption and v . 2t > 0 by the covered market assumption, the di erence is strictly

negative. ]

The mechanism is as follows. Level-1 undercuts level-0's expected price in period 1 be-
cause it sees an opportunity to steal market share. Observing this low price, the opponent
(also level-1) infers low costs and expects continued low prices with the strength of this
inference governed by . Expecting low competitor prices, the opponent undercuts further
in period 2. This spiral continues as long as costs are persistent. The price war arises not
from any intention to punish, but simply from the failure to recognize that low prices re ect
strategic behavior rather than cost shocks.

The two-period result in Proposition 1 naturally raises the question of what happens in
longer games. We show that the price decline is not a two-period artifact but the rst step of
a convergent process: level-1 prices converge monotonically to the static Nash equilibrium.

Corollary 1 (Convergence of Level-1 Prices ifN-Period Games) Consider anN-period game
(N 2) in which both rms are level-1. The unconditional expected price path satis es, for

periodn 2:

E[p"*" = — E[p" 1]+ (1 v+ J+2(t+ )

2 4 ®)

This is a contraction mapping with rate= 2. Expected prices converge monotonically downward
to:

1 (v 2t)
L1, — Ft+ ( c
P c 4 2

(6)

Proof. Level-1 is myopic: since it believes the opponent is level-0 whose pricing is indepen-
dent of level-1's own prices, level-1's current price cannot in uence the opponent's future
behavior. Level-1 therefore best-responds period by period.

In period n 2, level-1 observes the opponent's periodén 1) price p;‘ 1 infers cost
¢ = 2p? 1 v, and expects the opponent's periodn pricetobe [(1  )(v+ )+ 2 p? =2.

Best-responding given own costg ,:

(L )v+ 9+2 pll+2t+2g,
4

Taking unconditional expectations and using symmetry (E[pjn = E[p] 1 with E[g ,]=

¢ (since the AR(1) process preserves the unconditional mean) yields the recursion in (5).
This has the formq, = q, ;+ with = =22 (0, %) and > 0. The unique xed pointis
pt = =(1 ),whichsimpliesto(6).Since E[p**!] p* = (v . 2t)F2(4 2 )] >
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0 by the covered market assumption, and0 < < 1, expected prices converge monotonically

downward to p‘t . O

The xed point p‘ = _+ tat = 1 is noteworthy: it is the price that would pre-
vail if level-1 rms competed in a static Hotelling game with complete information. Level-1
rms nd this competitive price through iterative misattribution each round of cost un-
derestimation and undercutting brings prices closer to the static equilibrium even though
they never reason about equilibrium directly. In other words, the failure of strategic reason-
ing paradoxically leads, over time, to the competitive outcome. For lower , convergence
is faster (rate = 2 decreases) but to a higher xed point: with imperfect cost persistence,
the inference channel is weaker, dampening the spiral. In the limit ! 0, the xed point
equals the expected period-1 price and no spiral occurs level-1 cannot infer costs from
prices when costs are transitory, eliminating the misattribution mechanism.

Level-2 versus Level-1. Now consider a level-2 rm (rm 2) facing a level-1 rm (rm
1). Level-1 behaves as before: it believes rm 2 is level-0 and setg; =(v+ .+ 2t + 2c)=4
in period 1. Level-2, however, chooses its period-1 price strategically.

Level-2 understands that level-1 will observep; and infer cost ¢, = 2p;  v. With per-
sistence , level-1 forecasts rm 2's period-2 costas €, +(1 ) . and expects rm 2 to
charge[(1 v+ )+ 2 p;] =2 in period 2. Level-2 anticipates this and the resulting
period-2 best responses.

Level-2 maximizes total discounted expected prot. Let A= pi+ t=(v+ .+6t+2c)=4
denote the choke price at which level-2's period-1 demand goes to zero. Period-1 prot
is(p; C)(A pl)=(2t). For period 2, since the Hotelling equilibrium prot is quadratic in
costs, the optimal period-1 price depends on expected period-2 costs= c+(1 ) .but
not their variance. The relevant expression for expected period-2 prot as a function of pg

is [(1 (v )+ 2 (p; C) + 6t]%=(128t), up to a constant that does not depend on
1

P3-
The rst-order condition yields:

Av+ )+ (1 )Nv )+ (24+6 )t+(24 2 )¢

L2,1 C C.

(o) = ;
p,~(C) 2(16 2) (7)
When = 1, the second term in the numerator vanishes and this reduces to the simpler

formula [2(v+ )+(12+3 )t+(12 )c]=(16 ).When = 0, itreduces to the myopic
best responseg(v+ .+ 6t + 6¢)=8, con rming that without cost persistence, level-2 has no
strategic motive to in ate prices.

This gives us the main result:

Proposition 2 (Level-2 Charges Higher Prices Than Level-1) The expected level-2 price pre-
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mium over level-1 is:

lev1]=(16+12 +2 At (8 2 + (v

E L2,1
(p A(16 2)

(8)

This is strictly positive if and only if:

<16+12 +2 2
8 2 + 2

Voo t (9)

The condition is independent of the opponent's actual type.

Proof. Since p“?>1(c) and p‘**(c) are both linear in c, the expected premium equals the
premium evaluated at E[c] = .. Substituting ¢ = . into equation (7) and subtracting

E[p**!]=( v+ 3 .+ 2t)=4 yields expression (8). The building blocks8 2 + 2and
16+ 12 +2 2 are both strictly positive for , 2 (0,1), giving condition (9). O

Condition (9) depends on both  (patience) and (cost persistence). The threshold on
the right-hand side is increasing in both parameters, re ecting that level-2's strategic pre-
mium is larger when rms are more patient and when the inference channel is stronger. At

= 1, the condition reducestov  .< (16+ 14 )=(8 ) t, with thresholds of approx-
imately 3.1t ( = 0.5) and 4.0t ( = 0.9). At = 0.8, the thresholds are approximately
29t ( = 0.5)and 3.6t ( = 0.9). At = 0, the threshold equals 2t, which exactly coin-
cides with the covered market lower bound v~ . > 2t, so the condition fails con rming
that without cost persistence, level-2 has no strategic advantage. Combined with the cov-
ered market assumption, there is a non-empty range of parameter values for which level-2
charges higher expected prices than level-1, provided > 0.

The result that level-2 charges higher prices than level-1 in period 1 is robust to the
composition of types in the population. Whether a rm faces a level-0, level-1, or level-2
opponent, the period-1 price comparison is unchanged. A key feature of the levelk frame-
work is that each type's period-1 price depends only on itsbeliefsabout the opponent, not
on who the opponent actually is. Level-1 always believes the opponent is level-0 and sets
price accordingly; level-2 always believes the opponent is level-1 and sets price accordingly.
This means the comparison between level-1 and level-2 prices holds regardless of opponent
type.

In the two-period model, level-2's higher period-1 price re ects a strategic motive: in-
ating its price to manipulate the level-1 opponent's cost inference and future pricing. The
strength of this motive is governed by : higher persistence means that period-1 price obser-
vations carry more weight in level-1's period-2 cost forecast, giving level-2 greater leverage.
This motive exists whenever there is a future period for the opponent to respond in. In
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an N-period game, level-2 solves a nite-horizon dynamic programming problem with this
strategic motive present in periods1,...,N 1. In the terminal period N, the strategic mo-
tive vanishes there is no period N + 1 for the opponent to respond in so level-2 simply
best-responds myopically. The qualitative result that level-2 charges higher prices than level-
1 in non-terminal periods extends to any N 2, because the mechanism (manipulating the
opponent's cost inference to elicit higher future prices) operates whenever a future period
exists. In an in nitely repeated game arguably the most natural setting for our gas station
application, where managers interact repeatedly with no known terminal date every pe-
riod has a successor, so the strategic motive never disappears. Thus, a patient enough level-2
should always charge higher than their level-1 opponent given a high degree of price per-
sistence.

Level-2 versus Level-2. The preceding analysis considers level-1 versus level-1 and level-
2 versus level-1 matchups. A natural question is what happens when two level-2 rms com-
pete. This case yields a new insight: Where level-1 versus level-1 competition generatesost
underestimationthat drives prices down, level-2 versus level-2 competition generatescost
overestimationthat supports higher prices.

The intuition is as follows. In period 1, both level-2 rms charge higher prices than level-
1 would (Proposition 2), each believing the opponent is level-1. After period 1, each rm
observes the opponent's high prices and inverts the level-1 pricing rule to infer the oppo-
nent's cost. But because the opponent is actually level-2 and thus charged more than a
level-1 rm would the inferred cost is higher than the true cost. Each rm overestimates
the opponent's cost, expects continued high prices, and adjusts its own pricing upward ac-
cordingly.

Corollary 2 (Cost Overestimation in Level-2 versus Level-2 Competition) In level-2 versus
level-2 competition, the expected cost overestimation equals twice the expected level-2 price
premium:

E[¢ c= 2E[p*" p-] (10)

The expected overestimation is strictly positive under the same condition as Proposition 2.

Proof. In period 1, both level-2 rms charge p“?!(c) from equation (7). Each believes the
opponent is level-1 and inverts the level-1 pricing rule to infer cost. Since inverting at the
true level-1 price recovers the true cost exactly,e ¢ = 2(p“*!(c) p‘**(c)) for any cost
realization c. Taking expectations yields (10). O
The equivalence of the conditions in Propositions 2 and Corollary 2 re ects a direct
logical connection. Level-2 overestimates the opponent's cost precisely because the opponent

(also level-2) charges more than level-1 would. The inference error equals the price gap
between level-2 and level-1, translated into cost units through the level-1 pricing rule.
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The mechanism for high prices in level-2 markets is not explicit coordination but rather
mutual cost overestimation each sophisticated rm, correctly anticipating that competitors
respond to prices, maintains high prices, and this high pricing is misattributed by other
sophisticated rms to high costs rather than strategic behavior. When both rms act on this
perception, the resulting high prices are self-reinforcing through the cost inference channel.
The full N-period dynamics of level-2 versus level-2 competition are more complex than
for level-1, because level-2 rms are forward-looking and solve a dynamic programming
problem. The cost overestimation documented in Corollary 2 operates as a force for high
prices, but characterizing the precise convergence of theN-period game requires solving
a dynamic game between two forward-looking players with misspeci ed beliefs, which we
leave for future work.

A.7.5 Why Level-k beliefs persist

A natural question is why level-1 does not eventually learn that the opponent is not level-
0, and why level-2 does not learn that the opponent is not level-1. While the standard
level-k framework takes non-learning as an assumption, our model provides a structural
reason: private cost information makes each type's beliefs unfalsi able from the believer's
perspective.

Level-1 believes the opponent is level-0, pricing according top°(c) = ( v+ ¢)=2. When
level-1 observes any opponent pricep;, it inverts this rule to infer ¢; = 2p; v. The crucial
point is that this inversion always yields an answer: for any observed price, there exists an
inferred cost that rationalizes it within level-1's model. When level-1 faces another level-1
rm that charges lower than a level-0 would, level-1 attributes the low prices to low costs
not to strategic undercutting. When prices decline over successive periods (as Corollary 1
shows they will in level-1 versus level-1 competition), level-1 interprets each further decline
as another negative cost shock. With the AR(1) cost process including’ shocks, such a
sequence of negative realizations is unlikely but not impossible.

Level-2 believes the opponent is level-1, pricing according top***(c) = (v+ _+ 2t +
2c)=4. By inverting this rule, level-2 infers ¢; = (4p; v . 2t)=2for any observed price
p;- As with level-1, this inversion always yields a cost estimate, so level-2's model is never
falsi ed by price observations.

The persistence of levelk beliefs is consistent with our event study evidence (Figure 5),
which shows that the pricing strategies of low- and high-skill managers divergeover time
rather than converging. If managers learned from experience, we would expect convergence
low-skill managers would eventually discover that price cuts trigger competitor responses
and adjust upward. Instead, we observe the opposite: low-skill managers charge progres-
sively lower prices, consistent with the level-1 price spiral in which each round of misat-
tribution reinforces the belief that low prices are optimal. High-skill managers charge pro-
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gressively higher prices, consistent with level-2 types learning that competitors respond to
prices, con rming their model of competitor behaviors. In other words, both types inter-
pret the same market environment through di erent mental models, and the feedback they
receive is consistent with and therefore reinforces their pre-existing beliefs.
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B Additional results on the impact of cognitive skills on
mental models of optimal price and actual pricing deci-

sions

This appendix provides supplementary materials on the relationship between cognitive skills
and pricing-related outcomes. Section B.1 describes the classi cation of manager narratives
about causes of fuel pro ts. We detail the rubric development process, the use of research
assistants for classi cation, and report robustness checks using alternative classi cation ap-
proaches including third-RA reconciliation, restricting to cases with full RA agreement, and
using a large language model. Section B.2 presents additional results on self-reported pref-
erences for lower prices, showing that the relationship with cognitive skills is robust to
controlling for other manager traits and station characteristics. Section B.3 reports addi-
tional results on actual pricing behavior, including regression tables underlying the main
gures and robustness to controlling for individual noncognitive traits separately. Section
B.4 presents event study results examining how prices change when stations receive new
managers of varying cognitive skills, with robustness to alternative di erence-in-di erences
estimators including Borusyak et al. (2024), De Chaisemartin and D'Haultfoeuille (2024),
and Sun and Abraham (2021).

B.1 Classication and analysis of manager narratives about causes of

fuel prots

B.1.1 Details on narratives classi cation

In a rst stage, the researchers looked at a randomly drawn sub-sample of 3,000 responses
out of the total sample of more than 15,000. We accumulated a list of distinct categories
of causes of high fuel pro ts mentioned by the managers, e.g., keeping fuel prices high to
maintain high margins, charging low prices to increase sales volume, or a manager putting
in a lot of e ort. We found that many of these causes could be conceptualized within the
relationship =(p c¢) g, namely as being related to either the pro t margin component
of prot or to the sales volume component.

Following Andre et al. (2023) we used RAs to classify the text responses. We provided
the undergraduate RAs with the fteen categories we had identi ed, along with examples
of text belonging to each and a list of common keywords associated with each category, to
serve as a rubric for classifying responses (see Appendix E for the rubric). The RAs then
categorized all 15,000 responses, with two RAs looking at each item of text. The agreement
rate between RAs was about 75 percent. For the results reported in the main text, con icts
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in RA categorization were reconciled by the researchers.

Two categories of our rubric mentioned the importance of keeping prices high, or avoid-
ing across-the-board discounts, in slightly di erent ways: (1) keeping listed price of fuel
high (mentioned by 13% of managers), (2) reducing price only for select groups of cus-
tomers (mentioned by 2.5%). Due to the conceptual similarity, we combined these into a
single high prices category for the purpose of our analysis. Notably, managers who mention
(2) giving a more nuanced explanation that across-the-board price cuts are more problem-
atic than targeted ones have even higher cognitive ability than those in group (1), i.e.,
those who mention high prices in some other way.
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B.1.2 Robustness: Relationship of narratives to cognitive skills

Table B.1 shows the regression results underlying Figure 2 in the text. The results show that
the relationship of high-price pro t narrative to cognitive skills is robust to controlling for
other manager traits, station and market characteristics.

Table B.1: Probability of mentioning high prices narrative as a function of cognitive skills

High prices narrative

All Frequent Frequent without  Sales Low
don't know vol. prices
1) (2) 3) (4) ()
Cognitive skills 0.020***  0.022*** 0.021*** 0.015** 0.028**
(0.004) (0.005) (0.006) (0.007) (0.012)
Noncognitive skills 0.015*** 0.013** 0.010* 0.014**  0.003
(0.005)  (0.005) (0.006) (0.007) (0.013)
Experience 0.012** 0.012* 0.016** 0.017* 0.018
(0.006)  (0.006) (0.008) (0.009) (0.019)
# major competitors -0.004 -0.005 -0.005 -0.005 0.004
(0.005) (0.006) (0.007) (0.008) (0.014)
# neighboring -0.002 -0.003 -0.004 -0.004 -0.012
partner stations (0.004) (0.005) (0.006) (0.007) (0.012)
# independent competitors  -0.002 0.000 -0.001 -0.001  -0.009
(0.003)  (0.003) (0.004) (0.004) (0.008)
Observations 7,118 6,030 4,787 4,159 1,233

Notes: This table reports marginal e ects from Probit regressions. manager characteristics (noncognitive skills,
age, gender, experience), station and location characteristics (open 24 hours, whether the company rents the
station, numbers and types of local competitors, location type indicators) and district xed e ects. Each coe -
cient is from a separate regression and shows how a one standard deviation increase in cognitive skills a ects
the probability of mentioning the high prices narrative, relative to the respective baseline group. All includes
all managers who mention either high prices or one alternative narrative. Frequent includes managers who
mention either high prices or one of the relatively frequent (>5% frequency) alternative narratives. Frequent
without don't know is the same as the Frequent sample but excludes the don't know category. Sales vol.
includes managers who mention either high prices or narratives from the sales volume category. Low prices
includes only managers who mention either high prices or the low prices narrative. *** p<0.01, ** p<0.05, *
p<0.1.

We have performed various robustness checks on the classi cation of narratives that
minimize the role of the authors in classi cation. We see a similar relationship of narratives
to cognitive skills if we have a third RA, rather than the authors, reconcile the 25% of
narratives for which there were disagreements between the two initial RAs (see Figure
B.1). Results are also very similar if we use only the 75% of narratives for which the two
RAs agreed on the classi cation (see Figure B.2). Lastly, we check whether our results are
robust when we replace human RAs with a Large Language Model (LLM) to conduct the
classi cation task. We let the LLM classify each response 10 times and use the mode as the
nal classi cation. The results are very similar to the human classi cations (see Figure B.3).
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Figure B.1: Narrative measure of mental models for high fuel pro ts (Third RA reconciles disagreement)

Notes: This gure reports the frequency and average cognitive skills
of managers mentioning each narrative about what drives high fuel
prots. Here, a third RA, rather than researchers, reconciled the 25%
of narratives for which there were disagreements between the two
initial RAs. See Figure 1 for additional details.
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Figure B.2: Narrative measure of mental models for high fuel pro ts (RAs agree)

Notes: This gure reports the frequency and average cognitive skills
of managers mentioning each narrative about what drives high fuel
prots. This gure includes only the 75% of cases with full RA agree-
ment. See Figure 1 for additional details.

30



Figure B.3: Narrative measure of mental models for high fuel pro ts (Large Language Model)

Notes: This gure reports the frequency and average cognitive skills
of managers mentioning each narrative about what drives high fuel
prots. Here, a large language model was used for narrative classi -
cation. See Figure 1 for additional details.
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Figure B.4: Narrative measure of mental models for high fuel pro ts (single cause)

Notes: This gure reports the frequency and average cognitive skills
of managers mentioning each narrative about what drives high fuel
prots. The sample is restricted to managers who mention only one
cause. See Figure 1 for additional details.
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B.2 Additional results on preferences for lower prices

Figure B.5 shows that the signi cant relationship of self-reported desire to cut prices, with
cognitive skills, is robust to controlling for other manager traits, station and market charac-

teristics.

Figure B.5: Preferences for lower prices as a function of cognitive skills

Notes: This gure reports marginal e ects from Probit regressions, with 95% con-
dence intervals. The dependent variable is an indicator for managers wanting to
charge a lower fuel price. Regression 1 controls for manager demographics (age,
gender, experience) and district xed e ects. Regression 2 additionally includes
noncognitive skills, station and location characteristics (whether the company rents
the station, numbers and types of local competitors, location type indicators).
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B.3 Additional results on actual pricing

Table B.2 shows the regressions underlying Figure 4 in the text. The results show that man-
agers with lower cognitive skills charge signi cantly lower fuel prices, on average, control-
ling for other manager traits, station and market characteristics. Figure B.6 shows that re-
sults on the relationship of actual pricing to cognitive skills are similar if we control for all
noncognitive skill traits separately rather than as a factor.

Table B.2: Pricing behavior as a function of cognitive skills

VARIABLES Price ratio (standardized)
@ &)
Cognitive skills 0.018** 0.017**
(0.007) (0.007)
Experience -0.037***  -0.027***
(0.010) (0.010)
Noncognitive skills -0.010
(0.007)
# major competitors -0.067***
(0.008)
# neighboring partner stations 0.044***
(0.008)
# independent competitors -0.027***
(0.005)
Observations 201,974 201,974
R-squared 0.482 0.501

Notes: This table reports coe cients from OLS regressions on monthly price ra-
tios. The dependent variable is the standardized monthly price ratio relative to the
price ceiling. Both regressions control for manager characteristics (noncognitive
skills, age, gender, experience), station and location characteristics (open 24 hours,
whether the company rents the station, numbers and types of local competitors, lo-
cation type indicators), and interacted month-by-district xed e ects. Robust stan-
dard errors clustered at the station level are in parentheses. *** p<0.01, ** p<0.05,
*p<0.1.
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Figure B.6: Pricing behavior as a function of cognitive skills and noncognitive traits

Notes: This gure reports coe cients from OLS regressions on monthly price ra-
tios, with 95% con dence intervals based on robust standard errors clustered at
the station level. The dependent variable is the standardized monthly price ratio
relative to the price ceiling. Cognitive skills is the rst factor of a 9-item Raven test
and a numeracy question. The noncognitive traits are measured as follows: risk tak-
ing, patience, trust, positive reciprocity, negative reciprocity, and altruism are from
the Global Preference Survey module (Falk et al., 2018); extraversion, agreeable-
ness, conscientiousness, neuroticism, and openness are from a Big Five personality
inventory; competitiveness and con dence are self-reported scales; locus of control
is from the German Socio-Economic Panel Study (SOEPv28); autonomy preference
captures taste for authority; self-control is from the inventory of Tangney et al.
(2004); procrastination is a self-reported tendency measure; ambiguity aversion
follows Dimmock et al. (2016); and RMET (Reading the Mind in the Eyes Test) is
an eight-question measure of emotional intelligence in which respondents identify
facial expressions from photographs of a person's eyes (Baron-Cohen et al., 2001).
Each trait enters as a separate regressor.
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B.4 Additional results on actual pricing: Event study

Table B.3 shows the static average treatment e ects corresponding to the event-study results
shown in Figure 5 in the main text. Figures B.7, B.8, B.9, and B.10 show that results are
similar using two-way xed e ects for the event study, as well as alternative methods for han-
dling staggered di -in-di by Borusyak et al. (2024), De Chaisemartin and D'Haultfoeuille
(2024), and Sun and Abraham (2021), respectively.

Table B.3: Treatment e ects of new managers on prices by cognitive skills

Price ratio (standardized)

Quintile 1 Quintile 2 Quintile 3 Quintile 4 Quintile 5
1) 2 3 (4) )
Manager transition -0.073***  -0.055* -0.033 -0.006 -.004
(0.028) (0.031) (0.034) (0.024) (0.023)

Observations 161,058 160,473 160,700 165,178 163,951

Notes: This table reports static treatment e ects on price ratio in treated stations versus never-
treated stations using the Callaway-Sant'/Anna di erence-in-di erences (CSDID) estimator, by
cognitive skills of the new manager. Treated stations are those that experienced a manager
change; control stations are those without a manager change during the same period. Treatment
e ects are shown separately by quintile of cognitive skills (quintile 5 is the highest). Control
variables are open 24 hours, whether the company rents the station, numbers and types of local
competitors, and district indicators. *** p<0.01, ** p<0.05, * p<0.1.
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Figure B.7: Treatment e ects of new managers on prices by cognitive skills using TWFE

Notes: This gure reports treatment e ects on price ratio in treated stations versus never-treated
stations using the two-way xed e ects (TWFE) method, by cognitive skills of the new manager.
Treated stations are those that experienced a manager change; control stations are those without
a manager change during the same period. Treatment e ects are shown separately by quintile
of cognitive skills (quintile 5 is the highest). Error bars indicate 95% con dence intervals.
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Figure B.8: Treatment e ects of new managers on prices by cognitive skills using Borusyak et al. (2024)

Notes: This gure reports treatment e ects on price ratio in treated stations versus never-treated
stations using the method of Borusyak et al. (2024), by cognitive skills of the new manager.
Treated stations are those that experienced a manager change; control stations are those without
a manager change during the same period. Treatment e ects are shown separately by quintile
of cognitive skills (quintile 5 is the highest). Error bars indicate 95% con dence intervals.

38



Figure B.9: Treatment e ects of new managers on prices by cognitive skills using De Chaisemartin and
d'Haultfoeuille (2024)

Notes: This gure reports treatment e ects on price ratio in treated stations versus never-treated
stations using the method of De Chaisemartin and d'Haultfoeuille (2024), by cognitive skills
of the new manager. Treated stations are those that experienced a manager change; control
stations are those without a manager change during the same period. Treatment e ects are
shown separately by quintile of cognitive skills (quintile 5 is the highest). Error bars indicate
95% con dence intervals.
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Figure B.10: Treatment e ects of new managers on prices by cognitive skills using Sun and Abraham (2021)

Notes: This gure reports treatment e ects on price ratio in treated stations versus never-treated
stations using the method of Sun and Abraham (2021), by cognitive skills of the new manager.
Treated stations are those that experienced a manager change; control stations are those without
a manager change during the same period. Treatment e ects are shown separately by quintile
of cognitive skills (quintile 5 is the highest). Error bars indicate 95% con dence intervals.
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C Additional results on mechanisms

This appendix provides supplementary materials on the mechanisms linking cognitive skills
to pricing behavior. Section C.1 demonstrates that results from the money request game are
robust across survey waves, with the modal request of $5 and optimal request of $4 repli-
cated in both the second and third waves. Section C.2 presents additional results on manager
predictions about competitor price responses, showing that competitors do respond to price
cuts on average and that managers with higher cognitive skills are more likely to anticipate
such responses. Section C.3 reports mediation analysis examining whether mental models
of competitor behavior mediate the relationship between cognitive skills and pricing. Sec-
tion C.4 provides robustness checks interpreting the money request game through the lens
of the level-k model, comparing managers who request $4 (level-2 types) versus $5 (level-1
types) and showing that these types di er in their anticipation of competitor responses and
actual pricing behavior.

C.1 Robustness of results on the money request game and cognitive
skills

The results from the money request game, and the link to cognitive skills, are similar across
survey waves. As in the rst survey wave, we nd in both the second and third waves that
the modal request is $5, the optimal request is $4, and requesting $4 is strongly predicted
by cognitive skills (Figures C.1 and C.2). The overlap between survey waves is about 60
percent between adjacent waves, so the results come from substantially di erent samples
each time.
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Figure C.1: Behavior in the money request game and cognitive skills (second wave)

Notes: This gure reports behavior in the money request game from the second
survey wave. See Figure 6 for additional details.

Figure C.2: Behavior in the money request game and cognitive skills (third wave)

Notes: This gure reports behavior in the money request game from the third sur-
vey wave. See Figure 6 for additional details.

Table C.1 shows the regressions underlying Figure 7 in the text. The results show that
the three measures of mental models of competitors are signi cantly related to cognitive
skills, controlling for other manager traits, station and market characteristics.
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Table C.1: Mental models of competitor sophistication and cognitive skills

VARIABLES Requested Believed Cut-to
$4 inuence  -match
1) 2 (3)
Cognitive skills 0.038***  -0.081*** -0.089***
(0.004) (0.009) (0.005)
Noncognitive skills -0.002 0.146***  0.024***
(0.003) (0.010) (0.005)
Experience -0.001 0.059***  0.018***
(0.004) (0.012) (0.006)
# major competitors 0.003 0.022**  0.032***
(0.004) (0.010) (0.005)
# nearby partner stations -0.001 -0.012 -0.004

(0.004) (0.010) (0.005)
# independent competitors -0.002 -0.011* -0.002
(0.002) (0.006) (0.003)

Observations 11,800 11,800 11,800

R-squared 0.039 0.093 0.104
Notes: This table reports coe cients from OLS regressions on mental models of
competitor sophistication. All columns control for manager characteristics (noncog-
nitive skills, age, gender, experience), station and location characteristics (open 24
hours, whether the company rents the station, numbers and types of local com-
petitors, location type indicators) and district xed e ects.. The sample consists
of managers who participated in both the rst and second survey waves. Robust
standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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C.2 Additional results on manager predictions about competitor price

responses

Figure C.3 shows how competitors respond, on average, to price cuts by our partner company
stations. Panel (A) shows that, on average, competitors respond with a price cut of their own.
Panels (B) and (C) show that managers with above median and below median cognitive
skills both experience negative price responses from competitors.

Figure C.3: Competitor's price response to partner station price cut

Notes: This gure reports treatment e ects of competitor price responses to partner
station price cuts using the Callaway-Sant'/Anna di erence-in-di erences (CSDID)
estimator, with 95% con dence intervals. A price cut event is de ned as when a
partner station maintains the same price for 7 days and then reduces it by at least
10 cents. The control group consists of competing stations in the same district where
the partner station maintained the same price for 7 days during the same period
but did not implement a price cut.
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Figure C.4: Distributions of managers' predicted competitor price responses by quintile of cog. skills

Notes: This gure shows distributions of managers' predicted prices for Competitor 1 following a
hypothetical price cut by a partner station, by quintile of cognitive skills (quintile 5 is the highest).
The value 4.28 is the actual price of Competitor 1 without the hypothetical price cut.

Figure C.5: Cognitive skills and predicted Competitor 2 price responses

Notes: This gure reports the share of managers predicting a lower Competitor
2 price in response to a hypothetical price cut by a partner station, by quintile
of cognitive skills (quintile 5 is the highest). Error bars indicate 95% con dence
intervals.
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Figure C.6: Cognitive skills, mental models, and predicted lower competitor prices

Notes: This gure reports marginal e ects from Probit regressions, with 95% con dence inter-
vals. The dependent variable equals 1 if the manager predicted a lower Competitor 1 price follow-
ing the hypothetical price cut by our partner station. Each bar represents a separate regression
with a di erent key explanatory variable: cognitive skills, requesting $4 in the money request
game (compared to all other requests), believed in uence on fuel sales, and believed optimal-
ity of cut-to-match. All regressions control for manager characteristics (experience, gender, age)
and station and location characteristics (open 24 hours, whether the company rents the station,
numbers and types of local competitors, location type indicators ) and district xed e ects.
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C.3 Mediation analysis

If cognitive skills a ect pricing partly through shaping how managers think about competi-
tor responses, we would expect the coe cient on cognitive skills to be attenuated when
controlling for our measures of mental models of competitor behavior. Figure C.7 presents
results of a mediation analysis for each of three outcomes: Mentioning the high-prices nar-
rative (Panel A), desire to cut prices (Panel B), and actual prices (Panel C). Across all three
outcomes, the coe cient on cognitive skills is substantially attenuated when the three men-
tal model measures are added as controls, and the e ect of cognitive skills on actual prices
even becomes insigni cant after controlling for the mental models. This pattern is consis-
tent with mental models of competitor behavior partly mediating the relationship between
cognitive skills and mental models of pricing and actual pricing.

Figure C.7: Mediation of cognitive skills through mental models

Notes: This gure reports coe cients on cognitive skills from regressions with full controls (blue) and
with full controls plus mental model measures (red). Panel (A) reports marginal e ects from Probit
regressions where the dependent variable is an indicator for mentioning high prices as the cause of high
pro ts. Panel (B) reports marginal e ects from Probit regressions where the dependent variable is an
indicator for wanting to charge lower prices than the price ceiling. Panel (C) reports OLS coe cients
where the dependent variable is the price ratio. The three mental model measures are: requested $4
in the money request game, believed in uence on fuel sales, and believed optimality of cut-to-match.
Full controls include manager characteristics (noncognitive skills, age, gender, experience), station and
location characteristics (open 24 hours, whether the company rents the station, numbers and types of
local competitors, location type indicators) . Panels (A) and (B) control for district xed e ects. Panel
(C) controls for month-by-district xed e ects. Error bars indicate 95% con dence intervals.

Next, we turn to the event study, our most stringent test of causality on actual prices. If
mental models mediate the causal e ect of cognitive skills on pricing, we would expect new
managers' mental models of competitor behavior to predict the direction of price changes
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after they arrive at a station. Figure C.8 presents the results, splitting the sample by each of
the three mental model measures. Panel A shows that managers who requested $4 in the
money request game raise prices after arriving, while Panel B shows that managers who did
not request $4 lower prices. Panels C and D split the sample by whether managers believe
cut-to-match is optimal: those who do not believe cut-to-match is optimal raise prices, while
those who do lower prices. Panels E and F split the sample by believed in uence on fuel sales
at the median: managers with low believed in uence raise prices, while those with high
believed in uence lower prices. Across all three mental model measures, treatment e ects
diverge in the expected direction in the post-treatment period, with di erences statistically
signi cant at the 1% level for believed in uence and cut-to-match and at the 10% level
for requesting $4 in the money request game. These results are consistent with mental
models of competitor behavior having causal e ects on pricing, consistent with their role
as mediators of the relationship between cognitive skills and prices. We nd similar results
using alternative estimation approaches (Figures C.11 to C.14).

Figure C.8: Treatment e ects of new managers on prices by mental models

Notes: This gure reports treatment e ects on price ratio in treated stations versus never-treated sta-
tions using the Callaway-Sant'Anna di erence-in-di erences (CSDID) estimator, by mental models of the
new manager. Panels (A) and (B) split the sample by whether the manager requested $4 in the money
request game. Panels (C) and (D) split the sample by whether the manager believes cut-to-match is
optimal. Panels (E) and (F) split the sample by believed in uence on fuel sales (above versus below me-
dian). Treated stations are those that experienced a manager change; control stations are those without
a manager change during the same period. Error bars indicate 95% con dence intervals.

Finally, we conduct a causal mediation analysis to quantify the extent to which mental
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models of competitor behavior mediate the causal e ect of cognitive skills on pricing. A stan-
dard approach would be to estimate the natural direct e ect, which decomposes the total
e ect into the portion operating through the mediator and the portion operating through
other channels (Huber, 2019). However, our event study design estimates treatment e ects
at the group level (by cognitive skill quintile) rather than at the individual level, which
precludes the standard natural direct e ect decomposition.

We instead estimate the controlled direct e ect, which asks: what would be the e ect
of cognitive skills on prices if we could hold mental models xed? Intuitively, if cognitive
skills a ect prices entirely through mental models, then among managers who share the
same mental models, cognitive skills should no longer predict pricing. We operationalize
this by stratifying the sample based on how many of the three mental model measures
indicate anticipation of competitor responses, ranging from zero to three. Figure C.9 shows
the event study results for the subsample of managers who anticipate competitor responses
(at least two of three measures). Within this group, we no longer observe the diverging price
trends across cognitive skill quintiles seen in the full sample managers across all quintiles
maintain relatively stable prices after arrival, though higher cognitive skill managers still
charge somewhat higher prices overall. Conversely, among managers who do not anticipate
competitor responses, all ve quintiles lower prices after arrival, and the di erence across
quintiles is attenuated.

To quantify the mediation, we calculate the weighted controlled direct e ect (Pearl,
2001; Acharya et al., 2016). This method estimates the controlled direct e ect of cognitive
skills on prices holding mental models xed for di erent values, and then weights those
direct e ects by the distribution of mental models in the population. In the full sample, the
di erence in treatment e ects between quintile 1 and quintile 5 managers is 0.068 standard
deviations. The weighted controlled direct e ect is 0.041 standard deviations, implying that
mental models of competitor behavior account for approximately 40% of the causal e ect
of cognitive skills on pricing. Thus, even though mental models of competitor sophistication
do not fully explain why cognitive skills a ect pricing, they play a substantial mediating
role.
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Figure C.9: Treatment e ects of new managers on prices by cognitive skills: Managers who anticipate com-
petitor responses

Notes: This gure reports treatment e ects on price ratio in treated stations versus never-treated
stations using the Callaway-Sant'Anna di erence-in-di erences (CSDID) estimator, by cognitive
skills of the new manager. The sample includes only managers who anticipate competitor re-
sponses (at least two of three measures). Treated stations are those that experienced a manager
change; control stations are those without a manager change during the same period. Treatment
e ects are shown separately by quintile of cognitive skills (quintile 5 is the highest). Error bars
indicate 95% con dence intervals.
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Figure C.10: Treatment e ects of new managers on prices by cognitive skills: Managers who do not anticipate
competitor responses

Notes: This gure reports treatment e ects on price ratio in treated stations versus never-treated
stations using the Callaway-Sant'Anna di erence-in-di erences (CSDID) estimator, by cognitive
skills of the new manager. The sample includes only managers who do not anticipate competitor
responses (zero of three measures correct). Treated stations are those that experienced a manager
change; control stations are those without a manager change during the same period. Treatment
e ects are shown separately by quintile of cognitive skills (quintile 5 is the highest). Error bars
indicate 95% con dence intervals.
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