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Abstract. Decision making on the job is becoming increasingly important in the labor market,
in which there is an unprecedented rise in demand for workers with problem-solving and
critical-thinking skills. This paper investigates how indoor air quality affects the quality of stra-
tegic decision making based on data from official chess tournaments. Our main analysis relies
on a unique data set linking the readings of air-quality monitors inside the tournament room
to the quality of 30,000 moves, each of them objectively evaluated by a powerful artificial
intelligence-based chess engine. The results show that poor indoor air quality hampers
players’ decision making. We find that an increase in the indoor concentration of fine particu-
late matter (PM, 5) by 10 pg/m3 (corresponding to 75% of a standard deviation in our sample)
increases a player’s probability of making an erroneous move by 26.3%. The decomposition of
the effects by different stages of the game shows that time pressure amplifies the damage of
poor air quality to the players” decisions. We implement a number of robustness checks and
conduct a replication exercise with analogous move-quality data from games in the top
national league showing the strength of our results. The results highlight the costs of poor air
quality for highly skilled professionals faced with strategic decisions under time pressure.
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1. Introduction

strategic decision making in the workplace and can lead

Strategic decision making is crucial in the workplace and
is growing in importance as part of a general trend
toward high-skill labor (Acemoglu and Restrepo 2019,
Binder and Bound 2019).1 In the United States, about one
third of recent job vacancies listed decision making in
their job description (Deming 2021). Firms are increas-
ingly demanding problem solving and critical thinking
skills among their employees to support optimal deci-
sion making in complex environments (Atalay et al.
2020). Strategic decision making is considered to be par-
ticularly consequential for the long-term success and
survival of firms (Nagelkerk and Henry 1990, Baum and
Wally 2003, Hortagsu et al. 2019) because it leads to
meaningful reallocation of resources (Eisenhardt 1989).
Itis, thus, crucial to understand the factors that influence
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to erroneous strategic decisions.

One factor that likely influences the quality of strategic
decision making in the workplace but is largely over-
looked is indoor air quality. Air pollution is known to
have serious negative implications for cognition and
brain health. Long-term exposure to air pollution is
associated with severe brain damage, dementia, and
accelerating cognitive decline over the lifetime (Under-
wood 2017). Acute exposure to air pollution can result
in neuro-inflammation and brain oxidative stress (Calderon-
Garciduenas et al. 2015), which is shown to have a range
of psychological impacts, including cognitive malfunc-
tioning (for an extensive literature review on the impact
of pollution on (cognitive) performance see Lu 2020,
Aguilar-Gomez et al. 2022).> Once cognitive performance
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is negatively influenced, strategic decision making is likely
to also suffer from poor air quality. This is because, un-
surprisingly, cognitive performance is associated with
individuals’ ability to make better decisions in strategic
settings: individuals with higher cognitive skills make
fewer strategic errors and learn faster in new strategic
environments (Burnham et al. 2009, Bayer and Renou
2016, Gill and Prowse 2016).> However, despite this the-
oretical link between air quality and strategic decision
making, empirical evidence is lacking.

The lack of evidence on the effects of air quality on
strategic decision making is likely a result of three key
challenges. First, objective measures on the quality
of decisions are scarce and lack comparability across
occupations (Acemoglu and Autor 2011). Second, the
mobility of decision makers across locations hinders
the assignment of individual exposure to pollution.
Finally, strategic decisions are predominantly carried
out indoors, where actual exposure of individuals
might differ substantially from outdoor conditions
covered by widely used data from air-quality moni-
toring networks.

In this paper, we investigate the implications of expo-
sure to poor (indoor) air quality for strategic decision
making. We compile a unique panel data set that links
systematic evaluations of move decisions made by chess
players during real chess tournaments to the readings of
indoor air-quality monitors installed inside the tourna-
ment venue. Chess offers a unique laboratory to evaluate
how air pollution hinders skilled individuals making
strategic decisions in nonroutine settings. There is a large
overlap in the skills required to excel in chess and those
in strategic decision making. Deciding on a move in a
chess game is a complex cognitive task, which requires
individuals to engage their intuition, perception, and
problem-solving skills (Chase and Simon 1973, Simon
and Chase 1973, Charness 1992, Moxley et al. 2012).4
Intuition helps players to reduce considerably the set of
alternatives, which they analyze in depth, evaluating all
possible follow-up scenarios (Simon and Chase 1973). In
their evaluation, players rely heavily on their problem-
solving skills and backward induction. Professional
players devote a large part of their career to finding
optimal strategies for chess positions using this reason-
ing and are often considered by researchers in econom-
ics and behavioral science as expert decision makers in
strategic settings (e.g., Palacios-Huerta and Volij 2009,
Gerdes and Gransmark 2010, Levitt et al. 2011, Backhus
et al. 2016, Strittmatter et al. 2020).

The data contain comprehensive information on
more than 30,000 moves from 121 players in 609 games in
three official tournaments held in Germany in 2017-2019.
Each tournament comprised seven rounds over a period of
eight weeks, which provides us with sufficient natural vari-
ation in air quality. In each round, the chess tournaments

have a predefined system to allocate players to opponents.
We use Stockfish, a powerful open-source artificial intelli-
gence chess engine to evaluate each move in our data set
and generate our main performance indicators. The chess
engine systematically evaluates the players’ actual moves
by benchmarking them against moves deemed optimal
based on the chess engine’s algorithm.” Based on the out-
put from the chess engine, we generate a binary indicator
for moves annotated as an error by the engine and a contin-
uous measure describing the differences in chances to win
the game between the player’s and computer’s moves.
These two outcomes are complementary, covering the like-
lihood and magnitude of errors made by players in a given
move decision. The evaluation of each player’s move is
fully independent of the player’s opponent and the pre-
vious moves of the player. Each move in a game is con-
ceived as an independent “chess puzzle,” in which
players need to find the best solution as proposed by
the chess engine. Players in our sample face strong
intrinsic and extrinsic incentives to perform well.®

Our identification strategy exploits the panel structure
of the data. We evaluate the move quality of the same
individual playing multiple games at the same venue on
the same day of the week at the same time of day but
under varying levels of indoor air quality, which are
beyond the control of the players. To assess players’
exposure to poor air quality, we installed three sensors
inside the tournament venue, and they continuously
measure indoor environmental conditions. We evaluate
air quality based on the concentration of fine particulate
matter with a diameter smaller than 2.5 micrometers
(PM3 5), which is one of the most common indicators for
air pollution in health science and economic studies.
PM, 5 consists of microscopic solid or liquid droplets
that can penetrate indoor environments and be inhaled
and enter deep into the lungs and bloodstream, intro-
ducing well-documented serious risks to the human
body (Cohen et al. 2017). Ultimately, particulate matter
affects the functioning of the brain via inflammatory
responses and oxidative stress in the lungs and central
nervous system (Lodovici and Bigagli 2011, Peeples
2020) and may affect humans beyond health, hindering
their performance or influencing their behavior (Aguilar-
Gomez et al. 2022). Finally, and importantly for our study
setting, there are a number of recent studies that document
the filtration of PM; 5 indoors, ultimately harming indivi-
duals in those buildings (e.g., Chang et al. 2016).”

Overall, our findings show that indoor concentrations
of PM; 5 significantly worsen the ability of subjects in
selecting the optimal move. Exploiting within-player
variation in air quality and controlling for year, round,
and move fixed effects and a set of control variables
including other indoor and outdoor environmental fac-
tors (i.e., temperature, humidity, and noise), we find that
an increase in PM, 5 of 10 micrograms per cubic meter
(75% of the standard deviation of PM, 5 in our sample)
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leads to a 2.1 percentage point increase in the probability
of making a meaningful error. This corresponds to an
increase of 26.3% relative to the average proportion of
errors in our sample.

Our results highlight that time pressure exacerbates
the impact of poor air quality on performance. In our set-
ting, each player has a fixed time budget for the first 40
moves. Time pressure arises as the game proceeds and
the remaining time approaches zero. The high frequency
of our data allows us to examine the presence of differen-
tial effects of air pollution under different levels of time
stress.® Our results indicate that the impact of PM;5
increases with time pressure with the most pronounced
effect shortly before the time control at move 40. This
finding suggests that poor air quality harms perfor-
mance of players, particularly when acting under time
pressure. The results of a heterogeneity analysis indicate
that weaker players were especially harmed by poor air
quality in phases of the game with a limited time budget.
This provides the first evidence that air pollution exacer-
bates inequalities among skilled individuals, particularly
impacting initially disadvantaged groups in competitive
settings.

Several sensitivity checks show the robustness of the
results. In particular, we control for levels of traffic con-
gestion on tournament days to address concerns that our
estimation results for indoor air quality are not a result
of exposure to air pollutants per se, but are rather driven
by other potential factors correlated with the outdoor
emission sources (e.g., stress from traffic jams). More-
over, we check the robustness to attrition and nonlinear
inclusion of weather controls. The results are robust to
all of these tests, which provide supportive evidence for
a physiological channel whereby air quality affects the
decision making of players.

We document the role of outdoor pollution in shaping
indoor conditions. The variation in indoor fine particles
largely reflects levels of air pollution in the (outdoor)
vicinity of the tournament site, coming from automobile
exhaust or industrial emissions.” Using outdoor air pol-
lution measures from nearby air-quality stations, we
find similar performance drops to those based on our
indoor measures, suggesting the identified effects are
indeed a result of particulate pollution rather than other
potential sources. Exploiting intraday variation in out-
door pollution, we find evidence for short-term and tran-
sitory effects of particulate matter.

In a final step, we conducted a replication exercise
with analogous move-quality data from the top national
league in Germany (i.e., Chess Bundesliga). The replica-
tion data set combines data from tournament venues
across the country with outdoor PM pollution measure-
ments over the period from 2003 to 2019. Consistent
with our main results, the analysis in the sample of the
top league displays a significant and sizable increase in
the likelihood of making meaningful mistakes, especially

when players are in the stage of the game proceeding the
time control. This emphasizes that our main results are
valid beyond the studied tournament location and time
period and are relevant for a cohort of players ranked
among the strongest in the world. Finally, we implement
an instrumental variable (IV) approach that exploits varia-
tion in air pollution exposure driven by changes in wind
directions (Deryugina et al. 2019). The IV estimates show
the same pattern as those in our main analysis, highlight-
ing that our estimated pollution damages are not driven
by confounding factors, such as economic activity, traffic
conditions, or any other change in the daily life of players
that could bias our results.

Our results contribute to the extensive literature on
the determinants of worker performance (see Syverson
2011 for a review). More specifically, the results of this
study enhance our understanding of how air quality
affects workers’” decision making quality in complex set-
tings. Most of the existing evidence is based on routine
manual occupations, such as agriculture or factory work-
ers (Graff Zivin and Neidell 2012, Chang et al. 2016),
in which individual output is easy to quantify.'® Our
understanding of how environmental hazards affect the
performance of workers in nonroutine professions, in
which a worker’s value added tends to be much harder
to quantify, is still rather limited. Initial studies use rate-
based indicators (e.g., number of calls handled per hour;
Chang et al. 2019) or time required to complete tasks
(e.g., days required by a judge to reach a verdict; Kahn
and Li 2020) as a proxy for performance. More recently,
evidence from the financial sector indicates that inves-
tors exposed to polluted air tend to systematically under-
perform, obtaining lower returns on their investments,
and are more prone to exhibit investment biases, such as
the disposition effect, attention-driven buying behavior,
or excessive trading (Heyes et al. 2016, Huang et al.
2020). Finally, this paper contributes to the growing liter-
ature investigating the impact of air pollution on cogni-
tive and quality-focused tasks, covering cognitive tests
(Zhang et al. 2017), high-stake examinations (Ebenstein
et al. 2016, Roth 2016, Graff Zivin et al. 2020), or baseball
umpires (Archsmith et al. 2018)."" This is the first study
to examine a setting closely resembling managerial
occupations, in which individuals with high levels of
expertise are faced with strategic decision making in
a complex setting.

The high granularity of our performance data allows
us to uncover the role of time pressure and expertise as
important mechanisms influencing the severity of the
impacts of poor air quality on decision making. Time
pressure is common to many economic decisions and
occupational tasks and may;, in itself, affect the quality of
decision making (Kocher and Sutter 2006, Kocher et al.
2013). Examples of environments that operate under
time pressure include buying or selling stocks in finan-
cial markets, bargaining and negotiations, or urgent
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medical care. Sustained exposure to time stress is linked
to burnouts and other health problems among execu-
tives, teachers, and other professionals. More recently,
experimental evidence documents the detrimental
effects of time pressure on human decision making,
introducing behavioral biases and hindering individ-
ual performance in strategic tasks (Spiliopoulos and
Ortmann 2018)."? Our results are the first to docu-
ment that time pressure increases the vulnerability of
high-skill professionals to air pollution.

Finally, the findings of this paper have important
implications for firms and policy. They highlight the
benefits of investments in building infrastructure to pro-
tect workers against outside hazards and in improving
indoor air quality. In addition to the positive health
effects documented by previous literature, our results
show that a clean indoor environment can improve the
quality of strategic decisions made by high-skill workers,
especially when they are working under high levels of
time stress.

The remainder of our paper is organized as follows. In
Section 2, we provide a description of the game of chess
and its use by the scientific literature to understand
human behavior and performance. In this section, we
also explain the construction of our performance mea-
sures and the estimation sample. In Section 3, we outline
our empirical strategy. The results are presented and dis-
cussed in Section 4, and validation exercises are shown
in Section 5. Section 6 concludes.

2. Chess Tournaments: Background
and Data

In this paper, we use data from official chess tourna-
ments to study the impact of indoor air quality on strate-
gic decision making. Chess is a two-player, strategic
board game in which players, under perfect information,
alternately make moves with pieces on the chess board."”
A player wins the game if (i) the player checkmates the
opponent’s king; (ii) the opponent resigns; or (iii) in a
game with time restrictions, the opponent runs out of
time. In addition, the players can agree upon a draw at
any time during the game.

The data used in this paper come from three chess
tournaments in Germany. We received access to data on
players’ characteristics as well as all moves of each indi-
vidual tournament game. Throughout the tournaments,
we measured indoor environmental conditions at the
venue.

2.1. Tournament Setup and Chess Rating Score

The tournaments were organized by a chess club in
a major city in West Germany in May-June 2017,
April-May 2018, and April-May 2019 as the club’s
main event of each year.'* Each tournament edition
comprised seven rounds over an eight-week period

with each round taking place on a Monday night start-
ing at 6 p.m. and lasting until the last game was over."”
Figure A.1 in the online appendix illustrates the timing
of the tournaments. Registration for the tournament
was open to any chess player on a first-come, first-
served basis conditional on paying the participation
fee of 30 euros. The total number of participants was
limited to about 80 players per tournament.'® The tour-
nament format follows the “Swiss system,” a nonelimi-
nating tournament format commonly applied in chess
competitions. In each round, players gain one point for
a win, 0.5 for a draw, and zero for a defeat. The winner
of the tournament is the player with the highest aggre-
gate points earned in all rounds. The assignment of fix-
tures is based on players’ pretournament chess rating
scores indicating their strength as well as their perfor-
mance during the tournament."”

Chess rating scores are calculated based on the perfor-
mance in games against other players. Winning (losing)
a game results in an improvement (decline) in the rating
score, whereby the change in the rating score is larger in
absolute terms for “unexpected” outcomes, for example,
when a player with a much higher score than the oppo-
nent loses the game. The rating score applied for the
assignment of fixtures in the tournaments is the German
Chess Federation’s rating score DWZ (Deutsche Wer-
tungszahl).'® This score is equivalent to the international
Elo rating system used by the World Chess Federation
(FIDE) also for assigning titles such as “international
master” or “grandmaster.” We use the internationally
acknowledged term “Elo” rating score instead of DWZ
in the remainder of the paper.

After each tournament in our sample, all game out-
comes were submitted to the chess federation for a recal-
culation of players’ rating scores based on their results."”
Hence, all players participating in the tournaments had
an incentive to perform well throughout all tournament
rounds in order to improve their rating score, which is a
matter of prestige among chess players and determines
fixtures in future competitions. In addition, pecuniary
incentives were offered. The winner of the tournament
received a cash prize of 400 euros. The participants
ranked second to fourth received prizes of 300, 150,
and 100 euros, respectively, and extra prizes were
awarded for the best-ranked players among the youth,
senior, and female players (70 euros each) as well as for the
best team (60 euros).

2.2. Assessment of Move Quality

We assess the performance of players in each tourna-
ment round based on the quality of moves undertaken
by the player. A chess game ¢ comprises M, moves with
two plies per move m € {1,...,M,}, in which the player
with the white pieces moves first. For any given stage of
the game, the relative (dis)advantage for each player is
evaluated by the so-called pawn metric C,,,, based on the
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remaining pieces and their position on the board.
Although it plays no formal role in the game, the pawn
metric is useful for players to evaluate their own game
performance and identifying errors after the match and
is essential to evaluate positions in chess software.”’
The sign of this metric indicates which player is in the
better position (i.e., is more likely to win the game) with
Cem>0(Cqy, < 0) indicating advantage for white (black).
For example, a pawn metric of —1 is interpreted as the
player with the black pieces having an advantage
equivalent to one extra pawn on the board relative to
the opponent.

For each tournament game, we retrieved all moves
based on players’ handwritten notations, which were
digitized by the tournament organizers. Both players are
obliged to document each move and had to hand in
the handwritten notation to the tournament organizer
immediately after the game was completed.”’ We use
the chess engine Stockfish to assess the quality of each
move in the tournaments.” Stockfish has an Elo rating
score of 3,548 and is consistently ranked first or near
the top among chess engines (Acher and Esnault 2016,
Alliot 2017), and it considerably outperforms every
human player. The highest Elo rating score by a human
is 2,882, achieved in 2014 by the current chess world
champion Magnus Carlsen. Stockfish is commonly
used by researchers to evaluate move decisions and
performance of chess players (e.g., Strittmatter et al.
2020, Kiinn et al. 2021).

For a given situation on the chess board, a particular
move option is optimal and can be found by backward
induction. Based on a decision tree for all possible move
options of a given sequence of moves ahead (search
depth), the chess engine determines the best response in
order to optimize the pawn metric given the current situ-
ation with which the player is faced (Strittmatter et al.
2020). Searching the best possible move is essentially a
computational task for the human player. Therefore, we
compare the pawn metric resulting from player i’s actual
move m in game g to the metric that would result from
the computer’s optimally suggested move. The pawn
metric difference between the human player and the
computer can be viewed as an error:

computerl o I C;?Iayerl (1)

Errorign = |Cigyy o

In the empirical analysis, we look at player-move-
specific errors as our main outcome variable. We exclude
from the analysis the first 14 moves of each game, which
tend to be part of the opening of the game for which
players follow preestablished chess-opening strategies
and are, hence, not affected by the contemporaneous air
quality (Backhus et al. 2016).2 Expression (1) can take
negative values when, at a given point in the game, the
player makes a move that is evaluated to be better than
the one proposed by the computer. This event is very

rare, and because we are mainly interested in the errors
associated with air quality and, therefore, the positive
side of the error distribution, we redefine negative cases
as zero (0.7% of our sample).

In addition to the continuous error measure, we
explore the probability of an individual making a
“meaningful error” based on the annotations of the
chess engine. Chess engines are able to classify a certain
move as a meaningful error based on the status of the
game, the skill of the player, and the magnitude of the
Errorg,. In particular, chess engines annotate a move m
as meaningful error if the engine considers move m to
be poor and should not be played, weakening the
chances of the player consolidating the player’s posi-
tion or win the game. Given the player’s skill level (Elo
rating score), the player should be able to realize the
move should not be played. The chess engine annotates
two types of meaningful errors: (1) strategic mistakes
and (2) tactical mistakes or blunders. The annotation of
amove considered a strategic mistake describes a move
that results in a loss of tempo or material for the player.
These errors are considered strategic and not tactical.
Blunders are severe errors that overlook a tactic from
the opponent and usually result in an immediate loss in
position with a substantial drop in the chances of the
player winning or drawing the game. Using this binary
outcome variable is particularly important because not
every positive deviation from the optimal move pro-
posed by the computer (Errory,, > 0) has a significant
meaning for the game. For instance, some errors are
minor without real consequences for the remainder of
the game, or sometimes players create positive errors
on purpose when they follow a risky strategy or try to
force errors by the opponent. The chess engine detects
and annotates these errors.

The chess engine provides an independent evaluation
for each single move of player i. The only input for the
assessment of a particular move is the position of pieces
on the board. From that position, the chess engine
evaluates all possible moves under the assumption of
sequential best response. Intuitively, each move is an
independent chess puzzle, in which players need to
find the best solution as proposed by the engine. In par-
ticular, this assessment does not depend on previous
moves of the opponent. This allows for an independent
assessment of player quality, independent of the oppo-
nent’s performance.

In a descriptive analysis, we assess the power of these
move evaluations produced by the chess engine to pre-
dict player and game outcomes. Panel (a) in Figure 1 dis-
plays the relationship between the average error per
player and the player’s Elo rating score, showing a
strong negative relationship between the two. A statisti-
cally significant and negative correlation also exists
between a player’s Elo rating score and the player’s mean
error (Pearson’s p = —0.51, p-value = 0.00). Panel (b) in
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Figure 1. Player Skills and Average Move Performance
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Notes. (a) Average error and player Elo rating score. (b) Proportion of
meaningful errors and player Elo rating score. Each dot in the figures
represents a player; the figures display the average error of a player
(panel (a)) or the player’s proportion of meaningful errors detected
by the chess engine (panel (b)) in the vertical axis and the average Elo
rating score of the player over the two tournaments in the sample in
the horizontal axis. The construction of the error measure is described
in Equation (1). The figures include a fitted line and slope coefficient
from a bivariate regression of the outcomes on player’s Elo, using het-
eroskedasticity robust standard errors. The figure displays the stan-
dardized coefficients (f) associated with player’s Elo and the
associated standard errors (in parentheses). The Pearson correlation
between the proportion of meaningful errors in the sample of moves
of the player and the Elo rating score of the player is —0.62 (p-value =
0.00). The Pearson correlation between player’s Elo and the average
size of the player’s errors is —0.54 (p-value = 0.00). The correlation
between the player’s average of the two move-performance measures is
0.72 (p-value = 0.00). Online Table A.2 describes how a higher proportion
of errors and a larger average error size in a game predict the probability
of losing the game for the player.

Figure 1 displays the relationship between the average
proportion of moves annotated as errors per player and
the player’s Elo rating score. The relationship is even
stronger than the continuous error measure (panel (a)),
and the correlation between the average number of
annotated meaningful errors per player (the sum of stra-
tegic mistakes and blunders) and the player’s Elo rating
score is larger at Pearson’s p = —0.63 (p-value = 0.00).

Finally, Online Table A.2 describes how a higher propor-
tion of errors and a larger average error size in a game pre-
dict the probability of losing the game for the player.

2.3. Time Control

In each game, players face a time constraint (time con-
trol). Each player is allotted 90 minutes for the first 40
moves plus 30 seconds per completed move, resulting in
a total time budget of 110 minutes for the first 40 moves.
After completing move 40, players get an extra time
allowance of 15 minutes, to be added to the time budget
left at move 40 plus 30 seconds per completed move. The
time limit is allotted to each player individually and
enforced by chess clocks. In each round, the tournament
organizer announces the start for all games taking place
in the same venue at the same time. If a player does not
complete 40 moves within the time limit, the player loses
the game.

This setting gives each player a time budget to allocate
to each move in the game, implying players may be
under time pressure when they approach the 40th move
and the time budget is reaching zero. To prevent losing
the game altogether, a player then has to make move
decisions substantially more quickly, potentially within
seconds, which makes them more prone to making
lower quality moves. Panel (a) in Figure 2 shows the dis-
tribution of the time per move for different move catego-
ries. It provides suggestive evidence for the hypothesis
that players act under time pressure when they are
approaching the time control as the average time per
move decreases steadily from move 30 until move 40.

Furthermore, panel (a) in Figure 2 shows how the pro-
portion of erroneous moves within a game peaks at
move 40 when the time control takes place, suggesting
that tighter time budget constraint harms the quality of
move decisions.”* Finally, Online Figure A.2 shows
the distribution of the total number of moves for all the
games in our sample. The histogram shows peaks in the
number of games finished around the move constraint (40
moves), suggesting the imposed time constraint is binding,
increasing the probability of ending a game right after the
40th move. In the empirical analysis, we exploit this feature
of the tournament setup to test whether the indoor air qual-
ity during a game increases the effect of air quality on the
probability of making errors when approaching the last
move of the time control.

2.4. Measurement of Indoor Air Quality

In the empirical analysis, we use PM as the main indica-
tor for indoor air quality, which is considered the biggest
environmental risk to health (World Health Organiza-
tion 2016). We focus on the concentration of fine particu-
late matter, microscopic solid or liquid particles with a
diameter smaller than 2.5 micrometers (PM,5), which
may penetrate indoor environments and enter deep into
the lungs and bloodstream.”
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Figure 2. (Color online) Time Pressure in Our Sample
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Notes. (a) Average minutes per move. (b) Proportion of meaningful errors per move. The figure in panel (a) shows the average time (in minutes)
used by players in the corresponding move of the game. The evidence was collected based on a sample of 63 games played during all rounds in
the 2019 tournament edition. The figure in panel (b) shows the proportion of meaningful errors across moves in all games in our sample. Online
Figure A.4 displays the average error size across moves in games in our sample.

The research team collected the data on indoor air pol-
lution during the chess tournament. During all editions
of the tournament, the organizers allowed us to measure
indoor environmental conditions throughout all tourna-
ment rounds inside the venue, a large church commu-
nity hall in a suburban residential area. The tournament
venue is located in a clean neighborhood with moderate
levels of pollution. The average levels of outdoor concen-
ration of fine particles during the tournament days
are moderate. The average levels are equivalent to
34% of the average 24-hour concentration in U.S. cit-
ies over the past decade (Environmental Protection
Agency 2020), and they are just below the average of
pollution levels retrieved from stations in the largest
cities in Germany during the time of the tournament
(see Online Figure A .4).

The sensors were installed before the start of each
tournament round and removed after the last game was
finished. The players were informed that the measure-
ment was being undertaken for scientific purposes but
not about the exact purpose of the study, that is, study-
ing the effect of indoor environmental conditions on
chess players’ performance.*®

The indoor environmental quality measurements are
retrieved from three real-time web-connected sensors
located inside the tournament venue: two Foobot
sensors and one Netatmo indoor sensor. The PM, 5
measurements come from the Foobot sensors. Previ-
ous studies in the field of atmospheric science show
that Foobot yields precise estimates of PM; 5 concen-
trations in rooms.?” In addition, the Netatmo sensor
measures CO,, temperature, and humidity and noise
in the room.*® This indoor air-quality monitor is used
by leading studies in the field of epidemiology and
public health to evaluate the impact of ventilation
rates on occupant cognitive outcomes (e.g., Allen et al.

2016). The sensors measure the parameters of interest
every minute and upload the measurements to a
cloud server.

We focus on the mean measurements of PM, 5 during
the second hour of each tournament round.*” The aver-
age level in our sample for PMy5 is 27.1 pug/m? (see
Table 1), slightly above the European target of 25 ug/m?3
set by the European Environmental Agency (2018).
Indoor PM; 5 levels are mainly determined by out-
door sources. Fine particles are emitted directly from
either natural sources (e.g., volcanoes, dust storms,
fires) or human action when burning fossil fuels from
traffic, power plants, industry, etc. In addition, the level
of particulate matter pollution is strongly influenced by
meteorological and topographic conditions (Environ-
mental Protection Agency 2009). Therefore, we contrast
our results based on the indoor measurements with
measurements of outdoor particulate matter pollution
retrieved from official air quality stations (see Section 5
for the results of outdoor measurements).

2.5. Descriptive Statistics

Our data follow 121 players over a maximum of 21
matches. A total of 62 players (51%) participated in at
least two editions of the tournament, out of which 34
(28%) participated in all three tournaments. Panel A
of Table 1 shows summary statistics for player skills
and demographic characteristics of the participants. Our
sample is mainly composed of adult men who were, on
average, 53 years old with a wide range of levels of
expertise. The least experienced player has only two offi-
cial matches in his records, and the most experienced
player played 279 matches. The players also differ in
their skill levels, according to the Elo rating score
attached to their records. The Elo rating score of the
most skilled player was more than twice as large as that
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Table 1. Descriptive Statistics

N Mean Standard deviation =~ Minimum  Maximum
M @ © ® ©)
A. Player characteristics
Elo rating score 121 1,685 313.80 938.30 2,281
Number of official matches played 121 80.75 65.27 2 279
Age, years 121 52.62 17.20 18 89
Female 121 0.05 0.22 0 1
B. Game-specific characteristics
Total number of moves 609 38.85 14.58 15 98
Total duration, minutes 609 171.48 54.53 43 343
Draw game 609 0.19 0.39 0 1
Player—opponent difference in Elo rating score 609 294.49 187.17 2 1,265
Age, years 609 18.36 14.03 0 66
C. Move-specific characteristics
Meaningful error 29,795 0.08 0.27 0 1
Error if >0 12,970 1.58 5.20 0.01 107.78
D. Round-specific characteristics®
PM, 5, ug/m? 21 27.15 13.19 14.03 69.75
CO,, ppm 21 1,511 338.80 967.20 2,393
Temperature, °C 21 24.32 2.15 21.77 28.75
Noise, decibels 21 47.36 1.21 45.33 49.92
Humidity, % 21 48.64 5.08 39.72 58.23
Outdoor PM;, yg/ms 21 18.74 10.92 10 48.17

Note. The table describes the main estimation sample.

“Round-specific characteristics display the mean values of the prevailing conditions as measured during the second hour of

the tournament round.

of the least skilled player. In addition, Figure 3 shows
the entire distribution of the Elo rating score of the
players in the observed tournaments and compares the
scores with the official ranks within FIDE. As the figure
shows, we observe a wide range of skill levels ranging
from beginners (novices) to advanced players (FIDE
masters). In addition, the figure shows the Elo score
of the chess engine Stockfish clearly dominating any
human player.

Focusing on the game-specific characteristics (panel B
in Table 1), we can see that games in our sample lasted
around three hours on average. The average length of
the games in our sample was around the 40-move thresh-
old (see Online Figure A2 for the full distribution of
moves). About 18% of games finished in a draw. The distri-
bution of our outcome measures is shown in panel C of
Table 1. A total of 8% of the moves are annotated as mean-
ingful errors. Moreover, 43% of the moves are considered
suboptimal (positive error) with an average error rate of
1.55 pawns. Finally, panel D in Table 1 shows the distribu-
tion of the indoor environmental variables within the esti-
mation sample.

3. Empirical Model

The goal of this paper is to estimate the causal effect of
indoor air quality on the quality of strategic decisions
undertaken by chess players. Our study setting has a
number of features that allow us to identify the effect
of environmental stressors on decision making. First,
players were executing the same task repeatedly in the

same venue, the same day of the week, and at the same
time of the day. In addition, the selection of opponents
for each of the games was exogenously determined by
the tournament rules. Thus, participants had no control
over the environmental conditions to which they were
exposed during their games nor over the opponents they
played in a given round. Second, we have objective mea-
sures of decision quality by evaluating each move by the
players in our sample of games. Third, the high fre-
quency of our outcome measures allows for the decom-
position of the impact of air quality over different stages
of the game. In particular, it allows us to test for differ-
ences in the magnitude of the impact as the time budget
of players diminishes over the course of the game.
Finally, all players in our sample faced strong incentives
to exert high effort because the performance in each
game of the tournaments counted toward their chess rat-
ing score. Therefore, the incentive structure in our setting
deviates from the structure in nonincentivized labo-
ratory experiments or survey-based studies in which
participants’ payoffs are not determined by their perfor-
mance in the proposed tasks. By contrast, our partici-
pants were highly motivated to perform to the best of
their abilities.

We follow a fixed-effects strategy and estimate the fol-
lowing linear model:

Yijtrm = & + OPM2.54 + BXijtem +1; + 7, + Ar + On + Vi,
@

where Y, is the outcome variable measured in a
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Figure 3. (Color online) Distribution of Players’ Elo Rating Score
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Note. The players’ Elo score is calculated by adding 100 to the players’ DWZ score in order to make the scores comparable to the FIDE system.

game between player i and opponent j in year ¢, round
r at move m. We consider two main outcome variables
to capture the frequency and the magnitude of errors.
Our first outcome variable, Meaningful Error, is de-
fined as a binary indicator taking the value of one if
player i’s move m is annotated as a meaningful error
by the chess engine (strategic mistakes and blunders)
and zero otherwise. We focus on annotated errors
instead of using Prob(Error > 0) because not every pos-
itive error has a significant meaning for the game (see
Section 2.2 for details). The second outcome variable
Ln(Error) is the natural logarithm of the continuous
error measure, describing the difference in the pawn
metric between the computer’s optimal proposal and
the player’s actual move. See Equation (1) for a detailed
description of the variable.

The parameter of interest is denoted by 6, which mea-
sures the impact of prevailing indoor concentration of
PM; 5 measured during the second hour of the tourna-
ment round r in year t on the outcome variable. Our
main identifying assumption for estimating 6 is that the
exposure to indoor PM; 5 is assigned exogenously to
players as they do not have any control over the timing of
the games nor the configuration of the venue where games
take place. As move decisions in chess games are very com-
plex and may be affected by a range of factors beyond par-
ticle concentrations, we further include a rich set of fixed
effects and controls that may be spuriously correlated with
measures of indoor air quality in order to retrieve the
causal effect of PM, 5 on our outcomes measuring the qual-
ity of strategic decision making of players.

Specifically, we include a rich set of round-, game-, and
move-specific controls denoted by Xjjg,,,. First, it includes a
rich set of environmental conditions in the tournament
room, that is, temperature, concentration of CO,, noise,

and humidity, measured during tournament round r in
year t.* The CO, and noise measures allow us to control
for potential changes in the number and behavior of
players across rounds. The noise sensor measures the back-
ground noise in the tournament venue, allowing us to cap-
ture any changes in noise levels in the neighborhood (e.g.,
traffic) or inside the venue that might disrupt the concen-
tration of players. Indoor concentrations of CO, are a proxy
for changes in the ventilation rates in the room, together
with changes in the number and activity patterns of occu-
pants, such as breathing patterns (e.g., Satish et al. 2012,
Allen et al. 2016, Roth 2016).31 Second, the set of controls
includes the differences in skills between opponents in a
given game, EloDiff;;, which denotes the initial difference
in Elo rating score between the player and the opponent
measured at the beginning of the tournament in year t. In
the regression, we include the level variable EloDiff;; as
well as its squared term. In addition, we control for the
points earned over the tournament by the player up to
round r of the tournament in year t. Finally, we control for
the initial advantage of the player before executing move
m, the pawn metric CZZ%ZA/ in the respective game. This
variable reflects how tight the game is based on the ex ante
situation on the chess board and, therefore, proxies how
likely the game is to end in the upcoming moves.

In addition, we include a rich set of fixed effects. Indi-
vidual player fixed effects 1; hold a player’s ability and
other time-invariant player characteristics constant over
their games and moves part of the sample. This term
also captures players’ general health conditions, which
may affect the sensitivity to air pollution. The term y;
captures any year-specific impact on error-proneness
that is uniform to all players, which may also include
year-to-year changes in average pollution levels. Finally,
fixed effects for tournament round A, and move 6,,
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capture average dynamics over the course of a tourna-
ment edition and within a game, respectively. In particu-
lar, move fixed effects capture that, in specific phases of
the game, for example, the so-called middle game or
when approaching the time control at move 40, players
may generally make more mistakes irrespective of the
exposure to poor air quality (see Section 2.3 for a discus-
sion). Hence, our main identifying assumption is that
the remaining variation in PM, 5 is assigned as good as
random to chess players, allowing us to interpret the
coefficients as the causal impact of poor indoor air qual-
ity on strategic decision making.

Finally, the error term V., is clustered at the day
(round X year) level to allow for arbitrary correlation
within tournament days. Given the low number of clus-
ters in our study (n = 21), potentially violating the large-
sample assumptions, we base our inference on p-values
based on wild bootstrap clusters as recommended by
Cameron et al. (2008).*

4. Effects of Indoor Air Quality on

Move Decisions
We present the results on the impact of indoor air quality
on the quality of chess players’ moves in three stages: In
a first step, we present our main results in Section 4.1, in
which we estimate Equation (2) based on all moves in
the games as well as subsamples representing different
phases of a game in which players face varying time
pressure. Players had a total of 110 minutes for the first

Figure 4. Impact of Indoor Air Quality on Move Quality
(@)
0.10

0.05

0.00

3 PM25
fr——
 —C—

-0.05

1
I
I
I
I
I
I
I
I
I
|
I
I
I
I
I
;
I
I
I
I
I
I
I
I
U 1 1 1 ! I
Al 1520 2130 31-40 4150

Moves
Move Number

40 moves, inducing higher time pressure once they
approached the 40th move than at the beginning of the
match. Second, we analyze effect heterogeneity with
respect to individual and game characteristics in Section
4.2. Third, we present a number of sensitivity analyses in
Section 4.3.

4.1. Main Results

Figure 4 shows the estimated parameters for the air-
quality measures with respect to the probability of mak-
ing a meaningful error (panel (a)) and the magnitude of
the error (panel (b)). Each bar represents the estimation
results from separate regressions, each including a dif-
ferent sample of moves. First, we estimate our para-
meters of interest in the pooled sample, containing all
moves in the games in our sample. Moreover, we define
four different subsamples of move intervals within
games, that is, moves 15-20 (21% of the sample), 21-30
(35%), 3140 (23%), and >40 moves (21%). The time
control regulations of the tournament rules induce time
pressure, requiring players to make the first 40 moves
within 110 minutes of the game; otherwise, they lose
the game. Decisions taken within the interval of moves
3140 are assumed to be taken under relative time pres-
sure compared with the other categories given the low
expected time left to execute the required 40 moves to
stay in the game.” All regressions contain individual,
year, round, and move fixed effects; air-quality and
other environmental control measures; and the full set
of game-specific control variables. The dots represent
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Notes. (a) Likelihood of meaningful errors. (b) Size errors. The figure shows the estimated coefficient associated with PM, 5 in Equation (2). We
divided the total sample of moves into subsamples of moves within a game (horizontal axis). The vertical, dashed line indicates the occurrence of
the time control during the chess game. For an overview of the changes in time per move in different phases of the game, see Figure 2. Each panel
presents the regression on different outcomes. Panel (a) displays the estimation results of the analysis exploring changes in the likelihood of
errors measured by a binary outcome variable “meaningful error,” which takes the value of one if the move is marked as a meaningful error by
the chess engine and zero otherwise. Panel (b) displays estimates in changes in the size of errors, using the natural logarithm of the
Errorigm (i-e., Ln(Errorig,)). Dots represent point estimates. Black (gray) bars show the 90% (95%) confidence intervals calculated based on
wild bootstrapping using boottest.ado. All regressions include individual, year, round, and move fixed effects as well as the full set of con-
trol variables: (i) indoor CO,, temperature, humidity, and noise; (ii) difference in the Elo rating score between the player and the opponent
(as well as its squared term); (iii) the number of points achieved during the tournament; and (iv) the actual status of the game before the
move, namely, the pawn metric describing the situation on the chess board before the player makes the move (C7//°"").
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point estimates and the black (gray) bars show the 90%
(95%) confidence intervals calculated based on wild
bootstrap clusters as recommended by Cameron et al.
(2008).%*

Focusing first on the estimation results for PM, 5, we
see that the level of PMj; 5 in the room is associated with
a higher probability of making a meaningful error (panel
(a)). In the pooled sample (including all moves in the
games), the results indicate that a 10 ug/m? increase in
PM, 5 raises the probability of a player making a mean-
ingful error by 2.1 percentage points in a given move of a
game: 26.3% of the baseline probability of making a
meaningful error in our sample (i.e., 8.0%; see panel C in
Table 1). In order to contextualize the impact of PM; 5 on
player performance, we benchmark the impacts of PM; 5
with the coefficient associated with the player’s ability
rating (i.e., El0).*® In our sample, a standard deviation
increase in air pollution equals a 66% standard deviation
drop in the distribution of ability as described by the
player’s Elo score. Thus, a player being exposed to one
standard deviation higher of PM, 5 performs as a player
with an ability 66% standard deviation lower (i.e., 220
Elo points lower) than the player’s current ability level
(i.e., current Elo rating).

The subsample analysis over the different phases of
the game reveal the clear pattern that the impact of
PM,; 5 increases the closer the game gets to the 40th
move, when the time budget that players are granted
per move in our sample tends to zero (see Section 2.3).
This finding suggests that the effect in the pooled sample
is mainly driven by the moves close to move 40 when
the time control takes place. Focusing on the move cate-
gory 31-40, we find that a 10 ug/m? increase in the levels
of PM,5 in the room leads to a 3.2 percentage point
increase in the probability of making a meaningful error.
This effect is equivalent to a 27.6% increase given the
average probability of making a meaningful error in our
sample (11.3% for moves in this range). One might be
concerned that the increasing effect of PM,5 over the
course of the game might be alternatively explained by
the rising complexity of moves. However, we argue that
this is unlikely to explain the observed pattern because
there is no indication that moves 21-30, 31-40, or 41-50
systematically differ in terms of move complexity. These
move categories usually capture the so-called middle
game of chess, which is most challenging as players can
rely less on memorization of theoretical variations (i.e.,
book moves) than in the opening or end game. In the
middle game, there is no evidence that the degree
of complexity is systematically increasing with move
number.

In panel (b) of Figure 4, we present the analysis for the
magnitude of those errors. We find a similar pattern as
for the binary outcome in panel (a). A 10 pg/m? increase
in the levels of PM; 5 significantly increases the size of an
error by 10.8% among all erroneous moves and by 20.2%

for erroneous moves in the interval of moves 31-40. It is
important to note that our continuous error measure
Ln(error) is only defined for erroneous moves (i.e., those
moves in which the player’s move is strictly worse than
the computer’s move) resulting in a significantly smaller
sample size compared with the binary outcome variable
that is observed for all moves in the sample (12,742 com-
pared with 29,517 observations). In Online Figure A.6,
we present the results based on the full sample of moves
using the inverse hyperbolic sine transformation of the
error size as an outcome showing a similar pattern to our
main effects.*

4.2. Effect Heterogeneity with Respect to Player
Relative Strength

In a second step, we analyze potential effect heterogene-
ity with respect to individuals’ skills based on the diff-
erence in the Elo rating score between the players,
indicating the ex ante strength relative to the opponent.
Figure 5 shows the standardized coefficients separately
for the subsample of players with a ex ante lower and
higher Elo rating scores than the opponent. For this
analysis, we focus on the moves within the 31-40 moves
category given that this is the stage of the game at which
poor air quality has the highest effect on average.”
Following our main analysis, all regressions contain
individual, year, round, and move fixed effects; all
environmental control variables; and the full set of
game-specific control variables. Finally, to address infer-
ence concerns regarding multiple hypothesis testing,
we additionally calculate adjusted p-values control-
ling for the familywise error rate following Jones
etal. (2019).

The results indicate that the impact of PM,5 on
the probability of making a meaningful error is larger
among weaker players, that is, those playing against an
opponent with higher Elo rating.* To address inference
concerns regarding multiple hypothesis testing, we
additionally calculate adjusted p-values controlling
for the familywise error rate following Jones et al.
(2019). The p-values after correction of multiple hypo-
thesis testing confirm the robustness of the findings.
We observe no effect of pollution among players that
are facing a weaker opponent with an Elo score lower
than the player. The effect pattern is still visible when
using the continuous error measure as the outcome
variable (panel (b)), but the results are not statistical
significant.

4.3. Sensitivity Analyses

In this section, we present a number of sensitivity tests to
check the robustness of our results. In particular, we
reestimate the linear model as shown in Equation (2),
introducing the following modifications: we (i) addition-
ally control for traffic density as a potential confounder,
(ii) restrict the sample by removing games with 40
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Figure 5. Effect of Heterogeneity with Respect to Individual Ex Ante Player Relative Skill Strength
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Notes. (a) Likelihood of meaningful errors. (b) Size errors. The figure shows the standardized estimated coefficients within two subsamples: (1)
subsample of players with higher Elo score (i.e., “stronger player”) than their opponent and (2) subsample of players with lower Elo score (i.e.,
“weaker player”) than their opponent. The Elo score is a measure of expertise and skills of the player (see Section 2.1) for a description about the
Elo score. Panel (a) displays the results for the outcome describing the probability of making a meaningful error in a given move measured with
a binary outcome variable “meaningful error,” which takes the value of one if the move is marked as a meaningful error by the chess engine and
zero otherwise. Panel (b) describes the results for the magnitude of the error in panel (b), constructed using the natural logarithm of the Error;g,,
(i-e., In(Erroryg,,)). The sample is restricted to the stage of the game just before the time control takes place, that is, the 31-40 moves category. (For
an overview of the changes in time per move in different phases of the game, see Figure 2.) All regressions contain individual, year, round, and
move fixed effects; all environmental control variables; and the full set of game-specific control variables: (i) indoor CO, concentration, tempera-
ture, humidity, and noise; (ii) difference in the Elo rating score between the player and the opponent (as well as its squared term); (iii) the number
of points achieved during the tournament; and (iv) the actual status of the game before the move, namely, the pawn metric describing the situa-
tion on the chess board before the player makes the move (C;f;’:s fglnt). Dots represent point estimates. Black (gray) bars show the 90% (95%) confi-
dence intervals calculated based on wild bootstrapping using boottest.ado. To address inference concerns regarding multiple hypothesis testing,
we additionally calculate adjusted p-values controlling for the familywise error rate using wyoung.ado (following Jones et al. 2019): the adjusted
p-values associated with Oparp5 in panel (a) (b) is 0.085 (0.400) in the subsample of weaker players and 0.811 (0.811) for the subsample of stronger

players.

moves or fewer, (iii) test a nonlinear specification of tem-
perature as a control, (iv) exclude CO, as a control, and
(v) control for the presence of errors by the opponent in
the preceding move. All specifications include the full
set of fixed effects and control variables as regressors.
Online Table A.3 summarizes the results of the sensitiv-
ity analysis. We focus on presenting results for our
indoor measures PM 5 for the pooled sample as well as
the restricted sample, including moves shortly before
the time control (moves 31-40). To facilitate compari-
sons, the first two columns include the results of the
main analysis.

4.3.1. Traffic Density as a Potential Confounding Fac-
tor. We test the sensitivity of our results with respect to
local traffic density as a potential confounder. Traffic
density around the tournament venue creates PM, 5 pol-
lution and, at the same time, might have affected players’
cognition directly because they may have been stressed
going through traffic jams (Sandi 2013). Based on official
police records, we retrieved information on all traffic
jams on highways and larger roads around the tourna-
ment venue within the two hours before the start of the
tournament (4-6 p.m.), which are relevant for players
commuting by car to the tournament venue. Columns

(3) and (4) in Online Table A.3 show the results including
the total length (in kilometers) of traffic jams within this
time period as an additional control variable. The results
are highly robust and hardly change compared with the
main results as presented in columns (1) and (2).

4.3.2. Attrition. In our sample, a number of games end-
ed before reaching the 40th move when the time control
took place. Those games are likely to display differences
in the number of errors in the earlier stages of the games
that might lead to the early defeat of one of the players.
These games might mislead our interpretation of the
results, which might well be driven by those games fin-
ishing before the 40th move and not by the time pressure
induced by the time control per se. In this section, we
present the estimation results restricting our sample to
those games that lasted at least 40 moves and, hence,
passed the time threshold. Columns (5) and (6) in Online
Table A.3 present the estimation results of the main
equations for the sample of games lasting at least 40
moves. The results suggest the main findings from Sec-
tion 4 are not driven by the games that finished before
the time control was implemented. The coefficients
slightly increase in size for both indoor air-quality mea-
sures as well as outcome variables. The significance of
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the results also increases, on average, but in particular
for the magnitude of the error within the restricted sam-
ple containing moves 31-40.

4.3.3. Nonlinear Specification of Temperature. We test
the inclusion of a nonlinear specification of temperature
as a control variable as generally done within the litera-
ture (e.g., Graff Zivin and Neidell 2012, Ebenstein et al.
2016, Chang et al. 2019, Kahn and Li 2020). Therefore,
we include temperature as a set of dummy variables
describing the quartiles of the temperature distribution.
Columns (7) and (8) in Online Table A.3 show the results.
Most of the coefficients slightly increase in size and sig-
nificance, in particular within the sample restricted to
moves 31-40.

4.3.4. Impact of Indoor CO,. In our main analysis, we
include the average CO, levels (in ppm) in the tourna-
ment room as a control. Indoor CO; is commonly used
in the building science field to measure ventilation rates
or air exchange in rooms.” The levels of CO, in the room
change as a response to the settings in the ventilation
system of the building, opening or closing windows in
the room, or changes in the number or activity levels of
occupants in the room because changes in breathing pat-
terns generate changes in CO, emissions. Therefore, this
measure captures changes in numerous aspects of the
room and occupants. Columns (9) and (10) in Online
Table A.3 present our main estimates without including
CO; as a control. The estimated coefficients are similar in
magnitude and statistical significance, suggesting that
our main results are not influenced by the inclusion of
CO, as a control.

4.3.5. Impact of Opponent’s Errors. In the main analy-
sis, we interpret our estimates as a direct (physiological)
impact of air pollution on the decision-making perfor-
mance of players. Here, we test for the influence of psy-
chological channels associated with opponent mistakes
that might mediate the impacts of air pollution on deci-
sion quality of players. Columns (11) and (12) in Online
Table A.3 show the estimated coefficients associated
with PM; 5 in Equation (2), adding as a control the pres-
ence of errors in the previous move of the opponent for
the full sample of moves and stage of the game preced-
ing the time control. The inclusion of this variable in the
model aims to test for psychological channels mediating
the effect of PM, 5 on the decision-making performance
of the players. The presence of errors by the opponent
might trigger changes in the strategy of the player and
ultimately influence the players” move quality. The
results are almost identical to our main results, suggest-
ing that these channels are not a major contributor to
the estimated effects in this study. However, we cannot
fully rule out the presence of other unobservable psy-
chological channels in the behavior of opponent or

player triggered by air pollution in the room beyond
those mistakes.

5. Validation Exercises Using Outdoor

Pollution Measures

This section provides a number of analyses testing the
validity of the indoor sensor data, identification strategy,
and external validity of the results presented in Section 4.
First, in Section 5.1, we investigate the role of outdoor
pollution in explaining the impairment of players’ deci-
sion making indoors. The concentration of PM, 5 in the
tournament room originates from outdoor sources, and
hence, we should be able to identify a link between out-
door pollution levels and player performance. There-
fore, we reestimate our main results by using outdoor
pollution values instead of the indoor PM; 5 measure to
validate our main results. At the same time, testing the
impact of outdoor pollution measures on player perfor-
mance indoors is informative about the role of build-
ings and to what extent they are able to protect people
against air pollution.

The findings particularly add knowledge about the
validity of previous studies in the field of environmental
economics predominantly relying on outdoor measures.*’
In addition, the introduction of outdoor measures in the
analysis allows for exploiting the temporal and spatial vari-
ation in the outdoor pollution measurements and run dif-
ferent falsification tests to mitigate concerns about potential
confounding factors: (i) the temporal variation provides
insights into the exact timing of the effect, and (ii) based on
the spatial variation, we can show that the effects are
indeed driven by local pollution.

Second, in Section 5.2, we replicate our results using
large-scale data from the top national chess league in
Germany (Bundesliga). This emphasizes that our results
are valid even beyond the studied tournament, location,
and cohort of players. The sample of Bundesliga players
includes very sophisticated chess players, including
some of the strongest in the world. Finally, we imple-
ment an IV strategy exploiting exogenous variation in
air pollution driven by changes in wind direction in the
location of the top national chess league venues in Sec-
tion 5.3.

5.1. Outdoor PM Measurements

Similar to existing studies (e.g., Ebenstein et al. 2016), we
retrieved information on outdoor pollution from an
air-quality sensor close to the tournament venue (3.8
kilometers from the venue). The data are provided by
the Federal Environment Agency (Umweltbundesamt),
which operates a dense network of outdoor stations
continuously measuring ambient air pollution across
Germany. The outdoor pollution is measured during
the same time interval as the indoor measures, namely,
during the second hour of the tournament rounds.
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Figure 6 shows the results when we use the outdoor
measures of PM;g and PMj, 5 instead of the indoor mea-
sure of PM, 5 as the treatment.*' We find a very similar
pattern for the coefficients on outdoor PM compared
with our main results using indoor PM, 5 (see Figure 4).
The estimated effects of PM, 5 are indeed larger than
those associated with PM;,. This is consistent with the
fact that PM, 5 is an order of magnitude smaller and is
able to penetrate the building in which the tournament
took place.

Finally, we further test whether the estimated effects
are due to general pollution, not directly emitted by traf-
fic or factories, or are specific to particulate matter pollu-
tion. In particular, we include the average level of ozone
as measured at the same outdoor air-quality station
during the tournament rounds in the main empirical
model, together with the rest of the environmental mea-
sures. Ozone is a product of complex chemical reactions
between gases, such as nitrogen oxides and volatile
organic compounds, in combination with heat and

Figure 6. (Color online) Impact of Outdoor Pollution on Move Quality
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Notes. (a) Likelihood of meaningful errors. (b) Error size. The figure shows the estimated coefficients of outdoor levels of PM;, top panels (in 10
pg/m?), and PM, 5, bottom panels (in 10 pg/m?), on the move quality of players. We divided the total sample of moves into subsamples with
respect to the number of moves within a game (horizontal axis). The vertical, dashed line indicates the occurrence of the time control during the
game. (For an overview of the changes in time per move in different phases of the game, see Figure 2.) Each panel presents the regression on dif-
ferent outcomes. Panel (a) displays the results for the outcome describing the probability of making a meaningful error in a given move, mea-
sured with a binary outcome variable “meaningful error,” which takes on the value of one if the move is marked as a meaningful error by the
chess engine and zero otherwise . Panel (b) describes the results for the magnitude of the error in panel (b), constructed using the natural loga-
rithm of the Errorig,, (i.e., In(Error;g,)). Dots represent point estimates. Black (gray) bars show the 90% (95%) confidence intervals calculated based
on wild bootstrapping using boottest.ado. All regressions include individual, year, round, and move fixed effects as well as the full set of control
variables: (i) indoor temperature, humidity, and noise; (ii) difference in the Elo rating score between the player and the opponent (as well as its
squared term); (iii) the number of points achieved during the tournament; and (iv) the actual status of the game before the move, namely, the
pawn metric describing the situation on the chess board before the player makes the move (C;ﬁf,‘;ﬁm). In Online Figure A.6, we include the estima-
tion results exploring the effect of ambient PM;o on performance including ozone as extra control and the estimation results of ozone on the per-
formance of players.
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sunlight (Graff Zivin and Neidell 2012). Online Figure
A.8 shows the estimated coefficients associated with
outdoor levels of ozone. Ozone has no statistically sig-
nificant effect in our sample. This may be because ozone
is a very unstable and reactive compound that breaks
down very quickly indoors (Weschler 2000).

Consistent with our indoor measurements, the results
on the outdoor pollution measures suggest the negative
effect on players’ performance is due to particulate mat-
ter pollution coming from outdoor pollution sources,
and it is not explained by general outdoor pollution mea-
sured by ozone levels in the location of the tournament
venue.

5.1.1. Lagged and Lead Outdoor Pollution Values. The
previous exercise shows the validity of the results when
using outdoor pollution. We now exploit the temporal
variation in outdoor pollution, which is available in the
high-frequency data as retrieved from the air-quality sta-
tion nearby the tournament venue.** We present results
of a specification test in which we estimate the relation-
ship between the error measures and average outdoor

pollution at times other than during the actual tourna-
ment rounds. In particular, we estimate a modified ver-
sion of Equation (2) with misaligned pollution using the
hourly levels of PM;j,.

Focusing on the most pronounced results from earlier
using the subsample of moves 3140, Figure 7 shows the
results of 97 separate regressions, including the consecu-
tive hourly outdoor pollution values from 48 hours
before to 48 hours after the time of the tournament
rounds. The estimated impact of PM;, on our outcomes
peaks at the time of the tournament, suggesting that the
impact of air pollution on strategic decision making is
driven by contemporaneous exposure. The figure shows
significantly positive coefficients of PM;y from seven
hours before the tournament. Similarly, the coefficients
steadily go to zero as they move away from the tourna-
ment time, remaining insignificant after 24 hours.

This is in line with recent evidence that penetration of
outdoor particles to the indoor environment occurs rap-
idly and almost entirely within five hours (Krebs et al.
2021). All other estimates are statistically insignificant.
This finding suggests a short-term and transitory effect

Figure 7. Impact of PM;, on Move Quality in the Hours and Days Before and After the Games
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Notes. (a) Likelihood of meaningful errors. (b) Error size. The figure shows the estimated coefficients of separate regressions with different lags
and leads of outdoor PM; in the 48 hours preceding and following the tournament time, using the subsample with 31-40 moves. Each panel pre-
sents the regression on different outcomes. Panel (a) displays the results for the outcome describing the probability of making a meaningful error
in a given move, measured with a binary outcome variable “meaningful error,” which takes on the value of one if the move is marked as a mean-
ingful error by the chess engine and zero otherwise. Panel (b) describes the results for the magnitude of the error in panel (b), constructed using
the natural logarithm of the Error;g,, (i.e., In(Error;g,,)). Dots represent point estimates. Black (gray) bars show the 90% (95%) confidence intervals
calculated based on wild bootstrapping using boottest.ado. Both panels include at the bottom the correlation between the PM;, in the corre-
sponding hour with the PM; at the time of the tournament, p(PMio,PMq;) (i.e., the treatment variable in our main specification). All regressions
include individual, year, round, and move fixed effects as well as the full set of control variables: (i) indoor CO, concentration, temperature,
humidity, and noise; (ii) difference in the Elo rating score between the player and the opponent (as well as its squared term); (iii) the number of
points achieved during the tournament; and (iv) the actual status of the game before the move, namely, the pawn metric of the previous move by

opponent
the opponent (Cy,,
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of particulate matter on the decision making of players.
Moreover, it is supportive evidence that our results on
the probability and magnitude of errors are driven by
the transitory effect of pollution rather than by other
explanations. The lack of effects of lagged PM;, beyond
a few hours preceding the tournament indicates an
absence of lagged health channels driving our perfor-
mance measures. The absence of an effect for lead pollu-
tion offers further confirmation that our results are not
driven by unobserved confounding factors. However, it
is important to note that the high serial correlation hin-
ders the analysis of accumulated exposure channels in
our sample. At the bottom of each panel in Figure 7, we
include a bar graph showing the correlation between the
corresponding PM;, hourly measure and the PM; levels
at the time of the tournament. The figure shows that the
Pearson correlation coefficients between the pollution at
the time of the tournament and hourly measures of pol-
lution up to 12 hours before the tournament are above
0.8 and remain at those high levels until 24 hours after
the tournament.

5.1.2. Spatial Variation in Pollution Values. Next to the
temporal variation, we exploit spatial variation in the
outdoor pollution measure to show that our results are
indeed driven by local pollution. We use data on out-
door PM concentrations at the exact same time as the
tournament dates but measured by alternative air-
quality stations. We build a comprehensive data set
containing the PM;, measurements from all air-quality
stations located in the 40 largest cities in Germany.*

The actual city of the tournament venue is one of the
largest cities in the country.

Figure 8 shows a histogram of the distribution of the
resulting point estimates when using PM;, levels from
alternative city locations. The point estimates based on
the closest station to the tournament venue are indicated
by a vertical dashed line. The figure shows that the point
estimates obtained from the closest station to the venue
are at the very top of the distribution, suggesting that
local pollution indeed triggered the impairment of
players” performance, validating our results and sup-
porting the hypothesis that our main estimates are
driven by a short-term exposure to particulate pollution.

The graph further shows that PM;, levels retrieved
from other stations also yield mostly positive point esti-
mates. This is not surprising as air pollution on a given
day is positively correlated across locations within the
country, especially given that 14 out of the 40 cities are
within a radius of 100 km around the location of the
tournament.

5.2. Replication Exercise Using Large-Scale Data
from Top National Chess League
The main analysis in this manuscript relies on data from
three editions of one tournament organized by one chess
club in Germany. The organizers granted the research
team access to deploy indoor air-quality sensors in the
tournament room and shared with us all the move
records in all games of the tournament and player char-
acteristics (see Section 2 for details). This tournament
provides a high-control setting, in which we can follow a

Figure 8. (Color online) Estimated Effects of PM;, from Every Air-Quality Station Located in the Largest 40 Cities in Germany
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Notes. (a) Likelihood of meaningful errors. (b) Error size. The figure shows the histogram of estimated coefficients 6 of Equation (2) using out-
door PM; retrieved from sensor stations located in the 40 largest cities in Germany as well as from the closest sensor station to our tournament
location (indicated by the dashed line and 6pps+). The sample is restricted to the subsample with 31-40 moves, the stage of the game just before
the time control takes place. Each panel presents the results for a different outcome variable. Panel (a) displays the results for the outcome
describing the probability of making a meaningful error in a given move, measured with a binary outcome variable “meaningful error,” which
takes on the value of one if the move is marked as a meaningful error by the chess engine and zero otherwise. Panel (b) describes the results for
the magnitude of the error, constructed using the natural logarithm of the Errorg, (i.e., In(Error;,,)). All regressions include individual, year,
round, and move fixed effects as well as the full set of control variables: (i) indoor CO, concentration, temperature, humidity, and noise; (ii) dif-
ference in the Elo rating score between the player and the opponent (as well as its squared term); (iii) the number of points achieved during the

Cappanmf).

tournament; and (iv) the actual status of the game before the move, namely, the pawn metric of the previous move by the opponent ( i1
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constant cohort of individuals, playing in the same
room, always on Monday evenings in spring, under dif-
ferent levels of fine-particle concentrations. However,
the reliance on one location, cohort, and tournament
organizer might trigger concerns regarding the external
validity of our findings.

In this section, we present the results of a replication
exercise, in which we mimic our main analysis using
data on official games from the top national chess league
in Germany (Bundesliga) over the period 2003-2019.**
Germany’s top league is considered one of the world’s
strongest chess competitions, attracting some of the
strongest players in the world, including world cham-
pions, such as Magnus Carlsen. Figure 9 displays the dis-
tribution of Elo ratings in the sample of players in the
top German league and compares it with the players’
Elo ratings in our main tournament. The figure shows
how the distribution of players in the top German league
is mainly concentrated at levels obtained by interna-
tional masters and grandmasters, indicating the much
higher average strength of the Bundesliga players com-
pared with the main sample.

We use the same chess engine as in our main analysis
(Stockfish) to analyze the games from the top national
chess league and analogously calculate the outcome
variables for each move (see Section 2.2). Even the stron-
gest player in our sample has an Elo rating that is 744
points (i.e., five times the standard deviation of the Elo
rating in the Bundesliga sample) below the Elo rating of
the chess engine, indicating that the moves selected by
the engine are superior to those selected by any player in
our sample.

In each season, the Bundesliga league includes 16
teams from all regions in Germany that compete against
each other in seven rounds from September to May.
Each round is held during a weekend with the games
starting on Friday at 4 p.m., Saturday at 2 p.m., or Sun-
day at 10 a.m. In total, we observe 64 different locations
in 26 cities in our final sample. The map in Online Figure
A.10 shows the geographic distribution of locations
across Germany alongside the tournament location we
use in our main analysis. In order to reduce travel and
accommodation costs, geographically close teams are
paired, and two pairs meet at one location for each
round. With 16 teams in total, we observe four different
locations in each round. The nomination of players per
team, the pairing of teams, the game schedule, and
the round locations are determined before the start of the
season. Finally, similar to our main setting, games in the
Bundesliga are also subject to a time control by which
players get a certain time budget (110-120 minutes)
for the first 40 moves plus an extra time allowance
afterward.

We construct a data set that mimics the setting in our
main analysis, containing the universe of moves by each
player in games played at the home venue over multiple
rounds and years. In addition, we apply the same sam-
ple restrictions as in our main analysis, excluding the
first 14 moves of each game, redefining negative errors
as zero. We merge data on local outdoor PM;, pollution
(extracted from the Federal Environment Agency; see
Section 5.1) measured six hours before the tournament
start to account for the lagged effect of pollution on
strategic decision making as identified in the main

Figure 9. (Color online) Distribution of Players’ Elo Rating Score in Main Tournament and Top German League

Main Tournament

[ | Top German Chess League

o
2
17}
<
£
2
T
=
5
<
151
(¢}

FIDE Masters
Grandmasters

International Masters

a® D e® @0 0P a0 OaPe® e e

1 1 1 1 1 1 1 1 1 1 1 1

9 100 | | | | | [ | | | |

o | | | | | [ I | | |

T | | | | | [ | | | |

o | | | | | [ | | |

- | | | | | [ | | |
S)

2 504 | | | | | [ | | |

© | | | | | | | | |

g | | | | | | | |

= | | | | | | |

> | | | | | | |

0- I I I | j 1 |

g o [6) o < % -UC,

P p P P &

z & &8 & g 5 £

z [8) o o o I 8

2 H

[e] £

o 2

g bt

I (&)

FIDE Candidate Masters

World Championship contenders

ELO score

Notes. Figure displays the distribution of Elo rating score in our main sample (in gray), main tournament, and in the top German chess league
(in white), that is, sample used for our replication exercise. The players’ Elo score in our main sample is calculated by adding 100 to the players’

DWZ score in order to make the scores comparable to the FIDE system.



Downloaded from informs.org by [137.120.145.141] on 15 December 2023, at 03:08 . For personal use only, all rights reserved.

Kunn, Palacios, and Pestel: Indoor Air Quality and Strategic Decision Making

Management Science, 2023, vol. 69, no. 9, pp. 5354-5377, © 2023 The Author(s)

5371

analysis.”” Given that we observe multiple sensor sta-
tions in urban areas (where the tournaments take place),
we draw a radius of 10 km around each location and cal-
culate the inverse distance-weighted mean pollution of
all available monitors within that radius (similar to the
approach by Currie and Neidell 2005, Archsmith et al.
2018, Isphording and Pestel 2021). In our final sample,
we observe 473 players making 102,755 moves in 2,301
games between 2003 and 2019.* Online Table A.4 des-
cribes the sample of players, games, and moves included
in the sample. The strength of the players in the top chess
league is, on average, much higher than that of the
players as observed in our main analysis (mean Elo rat-
ing score of 2,470 compared with 1,685). As a result, we
also observe a lower probability to make a meaningful
error (0.03 compared with 0.08) and smaller absolute
errors (0.83 compared with 1.55) in the top chess league.
Finally, we estimate the same empirical model as used
for the main analysis (see Equation (2)) and additionally
include opponent, location, and board fixed effects. The
vector of time-varying controls includes outdoor tem-
perature and humidity, the player—opponent difference
in terms of Elo rating score as well as its squared term,

and a measure capturing the initial advantage of the
player before executing the move (Cf;lti’y;Ll )-

Figure 10 shows the results based on the top national
chess league data using the probability to make a mean-
ingful error as the outcome variable.* Panel (a) of Figure
10 shows the results using ordinary least squares (OLS)
estimation (Equation (2)). Panel (b) presents results from
an IV estimation in which we instrument local pollution
levels by wind direction (see Section 5.3 for a detailed
description of the IV estimation and a description of the
results).

Focusing on panel (a), we find the same pattern as in
the main analysis. The impact of air pollution is positive
and statistically significant for all moves but is strongest
when games are approaching the time control in move
40 and players are expected to experience the highest
time stress. Our estimates indicate that a 10 ug/m?
increase in the levels of outdoor PM; increases players’
probability to make a meaningful error by 0.13 (0.36) per-
centage points for all moves (the move category 31-40).
The effects for all moves and the move category 3140
are statistically significant at the 1% level and correspond
to a 54% (9%) increase compared with the average

Figure 10. (Color online) Impact of Outdoor PM;, on Move Quality Using Games of the German Top National Chess League

Outcome variable: Likelihood meaningful errors
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Notes. (a) OLS estimation. (b) IV estimation. Panel (a) shows the estimated coefficient 6 of Equation (2) based on separate regressions for each
move category. The binary outcome variable “meaningful error” takes the value of one if the move is marked as a meaningful error by the chess
engine and zero otherwise. The underlying sample consists of analyzed chess moves as played during official competitions of the top national
chess league in Germany between 2003 and 2019 (see Section 5.2). PM;, outdoor pollution levels are measured six hours before the tournament
start. Panel (b) shows the second stage estimation results using wind direction measured at six, seven, and eight hours before the tournament
start to instrument for local outdoor PM; pollution measured six hours before the tournament start. The Kleibergen-Paap F-statistic is presented
below each figure, indicating a sufficiently large first stage estimation. Dots represent point estimates. Black (gray) bars show the 90% (95%)
confidence intervals. Standard errors are clustered at the year, round, and location level. All regressions include individual, opponent, year,
round, move, board, and location fixed effects as well as the full set of control variables: (i) outdoor temperature (dummy variables for each
decile of the distribution) and humidity, (ii) the player-opponent difference in terms of the Elo rating score as well as its squared term, and (iii)
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the initial advantage of the player before executing the move (Cyy,, 4



Downloaded from informs.org by [137.120.145.141] on 15 December 2023, at 03:08 . For personal use only, all rights reserved.

Kunn, Palacios, and Pestel: Indoor Air Quality and Strategic Decision Making

5372

Management Science, 2023, vol. 69, no. 9, pp. 5354-5377, © 2023 The Author(s)

probability of making a meaningful error (in move interval
31-40).

5.2.1. Comparing Effects Between Main Tournament
and Top National League. In Figure 11, we show a
comparison of the magnitude of the results in the main
tournament and our replication sample including
the strongest chess players in the country. To facilitate
the comparison across specifications, we standardize the
coefficients associated with PM and display them in
terms of the average baseline probability of making a
meaningful error in the corresponding estimation sample.
Thus, the coefficients are to be interpreted as the impact of
a one standard deviation increase in PM pollution on the
likelihood of making a meaningful error relative to the
baseline probability in the corresponding sample.

The figure indicates that the magnitude of the impact
of air pollution in both samples is economically signifi-
cant, especially when players are choosing moves under
a limited time budget. In the main tournament, a one
standard deviation increase in PM leads to an increase in
the probability of making a meaningful error equivalent
to 26% of the baseline probability of making a meaning-
ful error in the overall sample of moves and 38% when

Figure 11. Comparison Impact Size of Air Pollution on
Move Quality Across Samples for the Likelihood of Making a
Meaningful Error

I AllMoves [ Moves 31-40
0.801

0.60

0.40

Standardized Coefficient

0.20
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Indoor Outdoor Outdoor
PM,

25 o o

Main Tournament Top German
Chess League

Notes. The figure shows the standardized estimated PM coefficients
on the probability of making a meaningful error for each subsample
separately. Gray bars represent the results using the full sample of
moves, and white bars display the coefficients for the subsample of
moves from the 31st to 40th move of the game, just before the time
control takes place. We display the results for four different specifica-
tions. From left to right: (1) “Indoor PM, 5” bars describe the PM esti-
mates based on our indoor air-quality monitor, deployed at the
tournament room in the main tournament; (2) “Outdoor PM;y”
describes the results for the main tournament using the readings
from the closest outdoor air-quality station; (3) the last pair of bars
describe the estimates based on games in “the top German league”
using readings from air-quality stations near tournament venues. The
outcome variable “meaningful error” takes on the value of one if the
move is marked as a meaningful error by the chess engine and zero
otherwise. Dots describe point estimates. Black (gray) error bars show
the 90% (95%) confidence intervals.

limiting the sample to moves just before the time control
takes place. The results are almost identical in terms of
magnitude and statistical significance when we use the
readings from the closest outdoor air-quality station. In
the sample of players from the top German chess league,
a one standard deviation increase in PM leads to a smal-
ler increase in errors by 9.5% of the sample’s baseline
probability of making a meaningful mistake. The effect
increases to 18.4% when focusing on the stage of the
game immediately before the time control. Therefore,
the results in the top German league are smaller in mag-
nitude than those in the main analysis, which is in line
with the results presented in the heterogeneity analysis
in Section 4.2, which describes that the effects are smaller
for stronger players. In sum, the results consistently
show that air pollution significantly hinders the ability
of players to select optimal moves, especially when these
individuals face time pressure. This result is visible in
our main tournament and in the top national chess lea-
gue in Germany, in which the average player is substan-
tially stronger. This supports the external validity of the
tournament sample and highlights the implications of
air pollution for strategic decision making over the entire
distribution of skill levels or expertise.

5.3. Wind Direction as Exogenous Source
of Variation

Finally, the main empirical approach in this paper relies
on the general variation in air pollution across days
regardless of the source inducing changes in the expo-
sure of players to air pollution. In a final test, we exploit
the rich spatial and temporal variation in the Bundesliga
data to implement an IV approach, in which we exploit
location-specific variation in wind directions driving
variation in pollution exposure to estimate the impact of
PM; pollution on players’ decision making.

The IV approach helps to single out the effect of PM;
pollution by overcoming problems of omitted variables
bias (e.g., changes in local economy or traffic causing
stress to players) or measurement error. Measurement
error can be of concern in our Bundesliga data because
our PM readings do not come from an air-quality monitor
in the tournament room, but from the interpolation of
weighted average readings of PM; stations within a 10-km
radius of the tournament location. In this analysis, we
adopt the widely used IV approach proposed by Deryu-
gina et al. (2019), exploiting the exogenous and largely
imperceptible variation in wind directions to predict local
outdoor PM;, pollution levels. Wind direction can be
expected to affect the level of air pollution in a given loca-
tion because of its physical and economic geography. For
example, a tournament venue to the west of a polluter (e.g.,
industrial area, highway) experiences higher PM;, pollu-
tion levels on days with wind blowing from the east than
on days with west wind. At the same time, the wind direc-
tion on a particular day can be considered exogenous to
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local economic conditions as well as any factor influencing
the measurement error in pollution (Deryugina et al. 2019).

In the first stage, we regress the local PM; pollution
in the vicinity of the tournament venues (10-km radius)
measured six hours before the tournament start on a set
of binary instruments, which are interactions of local
wind direction and regional indicators. Specifically, we
follow Deryugina et al. (2019) and include the local wind
direction measured six hours before the tournament start
as well as two lags as to account for the geographical dis-
tance between the wind sensor and the sensor station
measuring PM;, pollution. Location-specific wind direc-
tions are retrieved from the German Meteorological Ser-
vice (Deutscher Wetterdienst) and are measured at the
wind station closest to the tournament location within a
maximum radius of 50 km. We create four binary indica-
tors taking a value of one when the wind is blowing
from the northeast, southeast, northwest or southwest,
respectively, and zero otherwise. Clearly, the wind
direction may have differential effects on PM;, pollu-
tion across different locations depending on geographi-
cal and economic circumstances. Therefore, we interact
the four local wind direction indicators with regional
binary indicators to allow for different pollution effects
of local wind direction across regions in Germany. In
order to reduce the computational burden of the IV esti-
mation and to increase statistical power, we assign Bun-
desliga locations to 12 regions across Germany, which
are based on the federal states.*® Finally, the IV estima-
tion includes the identical set of fixed effects and con-
trol variables as in the OLS estimation (see Section 5.2
for full description).

The Kleibergen-Paap F-statistics, included in a table at
the bottom of panel (b) of Figure 10, confirm a suffi-
ciently strong first stage estimation within each subsam-
ple (i.e., F — statistic > 10). The estimates based on the IV
strategy are presented in panel (b) of Figure 10. The fig-
ure shows the same pattern as in the main fixed effects
estimation strategy (panel (a)). The magnitude of the
instrumented effects is slightly larger than the OLS
results with the strongest effects of PM; taking place in
the stage just before the time control. In sum, the IV
results underline the validity of the main analysis and
support the notion that the reduction in players’ perfor-
mance is indeed explained by direct exposure to PM and
not because of confounding factors.

6. Conclusion

In this paper, we investigate the impact of indoor air
quality on strategic decision making using data from
official chess tournaments, a high-stakes setting in which
individuals make complex decisions under time pres-
sure. The selection of moves in chess demands the inten-
sive use of problem solving, creativity, and intuition.
These skills are in considerable demand in modern labor

markets and are difficult to automate. The results consis-
tently show that exposure to poor air quality harms
player performance in those tasks. For the pooled sam-
ple, we find that a 10 ug/m? increase in the levels of
PM, 5 in the room leads to a 2.1 percentage point increase
in the probability of making a meaningful error. Our
results document the critical role of time stress in
moderating the impacts of air pollution on individual
performance. The extent of the effect increases to 3.2
percentage points for the 31-40 moves category,
which is closest to the time control when players tend
to have rather limited time to select their move. Dur-
ing that stage of the game, we find some evidence of
an increase in the magnitude of errors. A 10 pug/m?
increase in the levels of PM; 5 increases the size of an
error by 20.2%. Finally, subgroup analyses indicate
that less skilled subjects were most affected by poor
air quality, thus exacerbating ex ante inequalities
between players.

To place these results in context, it is instructive to
compare them to performance estimates found in prior
research that focuses on other types of economic out-
comes. Ebenstein et al. (2016) find that a 10-unit increase
in daily PM, 5 leads to a two percentage point increase in
the probability of failing a high-stakes exam. Similarly,
Heyes et al. (2016) documents a 2.6 percentage point
increase in the probability of incorrect calls by baseball
empires associated with a 10-unit increase in 12-hour
PM;5. In our pooled sample, we find effects within
the range of those estimates. However, when focusing
on the stage of the game with high time pressure for
players, just before the time control, the pollution effects
are magnified. An increase of 10 ug/ m? in PM, 5 leads to
a 3.2 percentage point increase in the probability of mak-
ing meaningful errors in our sample.

A similar pattern emerges when comparing the elas-
ticity of the size of errors in our sample with the elastici-
ties displayed in previous studies.”” Among manual
workers, the highest elasticity is 0.260, estimated in a
US. sample of agriculture workers (Graff Zivin and
Neidell 2012). For China, Kahn and Li (2020) estimate
the elasticity of PM; 5 in a sample of highly skilled public
workers and find elasticities between 0.179 and 0.243.
Similarly, in our pooled sample, we find 0.281 elasticity
associated with PM, 5. When restricting the sample to
the move interval shortly before the time control, we
observe that the elasticity increases to 0.548 for PM,5,
2.25 times larger than the largest elasticity documented
in previous studies.

Our results have important implications for firms and
policy. The results highlight the relevance of indoor air
quality for strategic decision making, an integral aspect
of management in firms and a critical factor influencing
the survival of firms in competitive environments. In
addition, our estimates provide compelling evidence of
the damages of deficient air filtration in office buildings



Downloaded from informs.org by [137.120.145.141] on 15 December 2023, at 03:08 . For personal use only, all rights reserved.

Kunn, Palacios, and Pestel: Indoor Air Quality and Strategic Decision Making

5374

Management Science, 2023, vol. 69, no. 9, pp. 5354-5377, © 2023 The Author(s)

or any other indoor space where individuals are re-
quired to undertake strategic decisions. Performance
damage is visible even in a clean city with relatively low
levels of air pollution. The average levels of outdoor con-
centration of fine particles during the tournament days
are relatively low: 36% of the average 24-hour concentra-
tion standard set by the European Environmental Agency.
The need to isolate indoor workplaces from fine particles
(PM; 5) is becoming even more pressing in different areas
of the world given the increase in frequency in recent years
of high-pollution events, such as wildfires, near a high con-
centration of cognitive workers in California or South East
Asia. The presence of such environmental hazards, there-
fore, increase the need to protect workers against such
hazards using air filters or any other technology to enhance
indoor air quality where these individuals make their
decisions.
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Endnotes

" Researchers in cognitive psychology describe strategic decision mak-
ing as complex decisions that require problem identification, alterna-
tives generation, and evaluation (Schwenk 1988). Strategic decisions
require individuals to develop adaptation and anticipation in complex
cognitive processes (Wally and Baum 1994, Rustichini 2015, Gill and
Prowse 2016), often under pressing time-constrained environments
(Bourgeois and Eisenhardt 1988, Eisenhardt 1989).

2 Ultimately, exposure to air pollution may hinder the performance of
individuals in cognitive tests (Ebenstein et al. 2016, Roth 2016, Zhang
etal. 2018).

3 Similarly, there is mounting evidence in the management literature
highlighting the influence of education and other proxies for cognitive
skills on the performance of managers, suggesting that more skilled
managers make better decisions and represent a key component of
firm productivity (Bloom and Van Reenen 2010, Goldfarb and Xiao
2011, Hortagsu et al. 2019).

# Chess has been used since the 1970s in the field of cognitive psychol-
ogy and neuroscience as the ideal environment for the study of com-
plex cognitive processes (Charness 1992).

% Numerous studies in the fields of economics and cognitive psychol-
ogy rely on this method to examine determinants of decision making
and cognitive performance (e.g., Moxley et al. 2012, Strittmatter et al.
2020).

8 Chess tournaments have a clear incentive scheme. In addition to
monetary incentives, each official game influences the player’s Elo

rating, the main indicator of prestige among chess players with impli-
cations for future competitions. All chess associations apply a well-
developed tool to evaluate players’ quality. The Elo (1978) skill rating
(Elo) considers the historical results of all official games of each player
and is regarded as a “gold standard” of individual differences in skill-
development research (Charness 1992). In addition, monetary prizes
provide pecuniary incentives.

7 Finally, PM, 5 is a key target of numerous regulatory efforts by envi-
ronmental agencies to guide their policies and set standards in air pol-
lution (Currie and Walker 2019).

8 In chess, the ability to maintain move quality under a limited time
budget is considered to be a cornerstone skill for players. Time pres-
sure limits players’ ability to calculate variations and recognize mean-
ingful patterns on the board (Sigman et al. 2010), and it is widely
viewed in chess as a major differentiating indicator of skills and exper-
tise among chess players because decisions made under time pressure
are more heavily influenced by intuition (Wright 1974). The quality of
moves of the more skillful tends to suffer less under time pressure than
that of their less skilled counterparts (Calderwood et al. 1988).

9 The Pearson correlation between contemporaneous indoor and out-
door fine particles of 0.92 (p-value < 0.001) reflects the high correspon-
dence between the two (see Online Table A.1).

1% In addition, Lichter et al. (2017) shows that air pollution negatively
affects the (physical) performance of professional soccer players.

" Comparing our estimates with the findings of previous studies sug-
gests that complex cognitive tasks are heavily affected by exposure to
poor air quality, especially when undertaken under time pressure. The
magnitude and elasticities associated with pollution damage and the
elasticities of our results lay within the top of the distribution of esti-
mates documented by studies in the field for the pooled sample.

12 Recent experiments in economics studies document the influence of
time pressure on the performance of individual search behavior (Iba-
nez et al. 2009), decision making under risk (Kocher et al. 2013), con-
sumer choice (Reutskaja et al. 2011), valuation of alternatives (Armel
and Rangel 2008), cooperation in public games (Rand 2016), and the
ability of individuals to play Nash equilibrium in a centipede game
(Kocher and Sutter 2006).

13 For details on the game of chess, see the chess handbook provided by
FIDE: https: // www fide.com/fide /handbook.html?id=171view=article.
' Further activities are participation in regional championship competi-
tions, smaller scale internal tournaments, and regular training meetings.
15 The weekly tournament rounds were paused for one week because
of the public holidays Whit Monday (in 2017) and Easter Monday (in
2018 and 2019).

18 Most participants (about 80%) are from the same city or from the
surrounding region. Moreover, 70% of all participants signed up for
the tournament at least one month in advance. Hence, we can rule out
that participation is endogenous to outdoor environmental conditions
just before the tournament. After having registered, participants may
not show up for particular tournament rounds, which results in a loss.
We do not find any evidence that nonappearance is affected by out-
door air pollution.

17 Before the first round, all players are ranked based on their rating
score. The ranking is then divided into the upper and lower half of the
score distribution. In the first round, the highest ranked player of the
upper half (i.e., the player with the highest score overall) plays against
the highest ranked player of the bottom half and so on. After round
one, fixtures are assigned in the same way but separately among the
groups of players equal on points earned during the tournament.
Therefore, by construction, the difference in rating scores between
opponents is relatively high in the first round and typically becomes
smaller in subsequent rounds because players with a higher score are
more likely to win, especially when the difference is large.


https://www.fide.com/fide/handbook.html?id=171view=article
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'8 The DWZ rating system works as follows: Chess player i is assigned
a cardinal rating score Z;, reflecting the player’s strength before game
g against opponent j. The outcome of game g determines the change in
the score between games ¢ and g + 1 according to the following for-
mula: Z;g41 = Zig + iglyig — E(Vig|AZjg)], where the actual outcome
for player i in game g is ¥, € {1,0.5,0} for win, draw, or defeat,
whereas the expected outcome is defined as E(y;g|AZjj¢) = W
based on the difference between players’ scores, AZjjo = Zio — Zj,, as
well as a factor a; ¢ depending on player i’s score level, experience, and
age. See https: //www.schachbund.de/dwz.html for details.

1 The club has to pay a fee for the recalculation of participating
players’ scores, which is less expensive for the German DWZ score
than for the international Elo score, which is why the organizers
decided to only apply the DWZ score.

20 The metric values the remaining pieces on the board relative to a
pawn, determining how valuable a piece is strategically. For example,
knights and bishops are typically valued three times a pawn, whereas
the queen is valued at nine times a pawn. In addition, the value of a
piece on the board differs depending on its position. See https://chess.
fandom.com/wiki/Centipawn for details.

21 Players are obliged to write down each individual move immediately,
which rules out that documentation suffers from recollection errors.

22 More precisely, we use the chess engine Stockfish 9 64-bits (http://
ccrl.chessdom.com/ccrl/404/).

23 For a description of game openings, see https: //en.wikipedia.org/
wiki/Chess_opening_book.

24 Online Figure A 3 displays the average error across moves in the game,
showing the same pattern as the discrete measure of move quality.

2% In addition to hampering cognitive performance by causing inflam-
matory responses and oxidative stress in the lungs and the central ner-
vous system (Lodovici and Bigagli 2011), PM,5 may also affect
decision making by increasing the occurrence of headaches and
depression (Lim et al. 2012), reducing people’s happiness and well-
being (Luechinger 2009, Levinson 2012, Zheng et al. 2019) and increas-
ing anxiety (Trushna et al. 2021).

26 Just before the start of the first rounds, the main organizer of the
tournaments informed all players about the presence of the sensors
and that they should not be touched. In addition, the research team put
signs next to each sensor explaining that the device was measuring
indoor environmental conditions and should not be moved.

27 In laboratory tests, Sousan et al. (2017) assess the linear relationship
and bias of monitor measurements and mass concentrations of PM, 5
for different air-quality monitors. The authors conclude that the Foobot
sensor exhibited the best performance with a highly linear response
between measurements and particle mass concentrations (i.e.,, PM
measurements).

28 The measurements of temperature, humidity, and to a certain extent
noise obviously also reflect outdoor (weather) conditions. Note that there
was not a single tournament day with rainfall at the tournament location.

29 Online Figure A.5 shows that the level of indoor PM; 5 during the
tournaments is relatively constant.

30 Thermal conditions might comove with air pollution and are shown
in previous studies to affect cognitive performance (e.g., Graff Zivin
etal. 2018, Park et al. 2020).

31 Different settings in the ventilation system in the room might alter
the filtration of air particles in the room. Higher ventilation rates with-
out proper filtration allow a higher number of particles to enter the
tournament venue. In a robustness check, we exclude CO, from the
regression, showing that the PM,s5 estimates remain stable after
excluding this variable from the regression.

32 In the online appendix, we show the robustness of our results to the
inclusion of double clustering at round and player levels to account for

any residual heteroscedasticity within moves by the same player
(Online Table A.3). The table shows no major differences in the signifi-
cance levels of our estimated impacts of PM in the main analysis, support-
ing that most of the meaningful individual specific heteroscedasticity in
the covariance matrix was captured in the fixed effects (Cameron and
Miller 2015, Abadie et al. 2017) and, therefore, decided to use standard
errors clustered at the round level in our main analysis.

33 In our sample, 40.4% of the games lasted more than 40 moves. We
find that our results are not driven by selective attrition; see Section 4.3.

34 We calculate the p-values using the boottest command in Stata (see
Roodman et al. 2019).

35 To estimate the changes in the probability of making an error with
player’s ability, we reestimate our main specification (Equation (2))
including the player’s Elo as a regressor. The comparison between the
coefficient associated with Elo and PM, 5 is based on their standard-
ized coefficients.

38 The hyperbolic sine transformation is a method frequently used in
applied econometrics to derive elasticities, reduce heteroscedasticity,
or reduce the effect of outliers when the original variable includes zeros
or negative values (Bellemare and Wichman 2020, Aihounton and
Henningsen 2021).

37 Results for the full sample of moves display the same patterns.

38 Note that the categories are defined based on the player’s Elo rating
score, and hence, we cannot disentangle whether the effect arises because
such players are weaker in this specific game or weak in general.

39.C0, is a colorless, odorless gas commonly used as an indicator of
airflow and room ventilation in the building science literature and
widely used in official guidelines to measure ventilation rates and set
indoor air quality standards in office buildings, schools, and other pub-
lic buildings (American Society of Heating, Refrigerating and Air Con-
ditioning Engineers 2013). High levels of CO, are linked to dizziness,
headache, or fatigue (Stankovic et al. 2016) and lower performance in
cognitive tasks in controlled laboratory studies (Allen et al. 2016, Du
et al. 2020). In a secondary analysis, we explore the impact of CO, on
our main outcomes. The results indicate a marginal effect on perfor-
mance. However, it is important to note that the lack of data in our
study about the source of variation hinders any causal interpretation of
these parameters (results included in Online Figure A.7).

40 A notable exception in the study by Roth (2016), who deployed sen-
sors in university classrooms in London to test the effect of indoor PM
on test scores.

1 Whereas PM, is available at the hourly level, the Federal Environ-
mental Agency only provides daily averages of PM 5.

“2 Given the lack of indoor measurements on the days before and after
the tournament rounds, we need to rely on outdoor PM; levels. In
addition, we have to rely on PM;, because the outdoor measurement
of PM, 5 is not available at an hourly frequency. PM; 5 measurements
are only available at daily levels.

43 The network of stations associated with PMj 5 is substantially smal-
ler. Distribution of estimates using all PM, 5 stations in Germany on
the day of the tournament are presented in Online Figure A.9.

44 The sample spans the first season in which digital records of moves
are available (2003 /2004) to the last season available at the time of writ-
ing before the interruption of the competition by the COVID-19 pan-
demic (2018/2019).

45 We tested different lags of PM; and find that the effect of PM;, on
players’” performance peaks at lag 6. We restrict the analysis to PM,
because outdoor PM, 5 pollution is not available before 2009.

48 Because of missing episodes in the air-quality station data, we have
to remove about one third of the initial sample. We additionally
removed missing values in the outcome and control variables (3% of
the sample).


https://www.schachbund.de/dwz.html
https://chess.fandom.com/wiki/Centipawn
https://chess.fandom.com/wiki/Centipawn
http://ccrl.chessdom.com/ccrl/404/
http://ccrl.chessdom.com/ccrl/404/
https://en.wikipedia.org/wiki/Chess_opening_book
https://en.wikipedia.org/wiki/Chess_opening_book
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47 Results regarding the error size can be found in Online Figure A.11.

“8 Germany consists of 16 federal states, but we merged the three city-
states of Berlin, Hamburg, and Bremen as well as the small state of
Saarland with their larger neighboring states in our analysis. This
means that we use 36 binary indicators as instruments, resulting from
interactions of the 12 binary regional indicators and three wind direc-
tions (with southwest being the reference category).

4% Gee Kahn and Li (2020) for an overview of the elasticities found in
previous studies.
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