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Abstract1

The effect of hot temperatures on labor productivity is thought to be a key channel through which2

a warming climate will impact the economy, and these impacts could help explain broader observed3

relationships between temperature and economic output. Yet for many workers and jobs, especially4

the high-wage service-economy work that constitutes a large share of total economic output in wealthy5

nations, productivity is hard to measure and thus climate impacts hard to quantify. We study a6

high-wage job where individual productivity is readily observable: professional tennis. Using 15 years7

of data on 177 thousand tennis matches merged to hourly temperature data, we study the effects of8

temperature on tennis performance in contemporaneous and future matches. Variation in player9

birthplace and residence allows us to study whether players adapt to heat, and data from betting10

markets allows us to evaluate whether markets price climate risk. We find that hot temperatures11

increase contemporaneous errors and retirements, and reduce win probability in the subsequent12

match. In percentage terms, estimated effects on earnings are smaller than lower-wage settings13

studied in existing literature. By most measures, top players are less affected by hot temperatures.14

Most tennis betting markets appear to accurately price climate risk, and temperature impacts do not15

appear to offer profitable arbitrage opportunities.16

“I was dizzy from the middle of the first set and then I saw Snoopy and I thought, ’Wow Snoopy, that’s weird’”.17

– Tennis player Frank Dancevic, after playing a match in >40◦C heat in the 2014 Australian Open.18

“We evolved on the high plains of Africa chasing antelope for eight hours under these conditions. There will19

be some players who complain and no-one is saying it is terribly comfortable to play out there, but, from a20

medical perspective, we know that man is well adapted to exercising in the heat.” – Dr. TimWood, the chief21

medical officer for the 2014 Australian Open.22

23

Introduction24

Work in both laboratory and observational settings has shown that hot temperatures appear to make workers25

less productive, raising concerns that future warming could lead to large reductions in productivity and26

output.1–3 However, for multiple reasons, linkages between temperature, productivity, and output remain27

incompletely understood in the existing literature. First, the large majority of observational studies on28

temperature and labor productivity focus on lower-wage settings where productivity is easily observable29
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(e.g. piece-rate wages in agricultural or factory work; Fig 1). This leaves open the question whether30

high-wage workers, and particularly those in the service economy who contribute a large proportion of total31

output in many economies, are similarly affected. This question has remained largely unanswered given the32

difficulty in observing individual-level productivity or output in most high-wage jobs.33

Second, with few exceptions,2,4, 5 past studies on labor productivity have not grappled with questions of34

how workers – and the markets that employ and support them – might anticipate and adapt to changing35

temperatures, which is a key component in understanding potential future damages under climate change.36

One form of potential adaptation is based on repeated exposure, wherein individuals accustomed to hot37

temperatures are less harmed by a given temperature increase. Existing literature on outcomes other than38

labor productivity finds evidence of such adaptation in some sectors6 but not others,7 while labor productivity39

studies find evidence that heat acclimation can reduce impacts of heat on performance.4,5 Another form40

of adaptation is when markets appropriately price climate risk and thus encourage behavior among market41

participants that is consistent with these risks. Evidence in the literature is again inconsistent regarding42

this market-led adaptation, with evidence of underpricing of climate risk in various asset markets8–10 but43

appropriate pricing of temperature risk in derivatives markets.11 Finally, few studies have examined how44

individual characteristics influence vulnerability to heat effects on labor productivity. For instance, impacts45

could vary as a function of worker skill, gender, or other factors in ways that remain relatively unexplored46

in existing literature but that could have implications for the magnitude and distributional impacts of future47

warming.48

Here we study the impacts of temperature on productivity in a high-wage service economy job where49

individual productivity is relatively straightforward to observe: professional tennis. Tennis offers several50

unique benefits for understanding how temperaturemight affect high-wageworker productivity. First, average51

incomes for professional tennis athletes are substantially higher than in past studies for which meaningful52

quantitative estimates of the effect of temperature on productivity are available (Fig 1; Methods). Compared53

to average incomes in sectors and settings in which existing temperature/productivity studies have been54

conducted, average salaries in professional tennis are many times higher than the highest existing estimate55

and an order of magnitude higher than the average across these studies. For most participants, professional56

tennis is very high wage work.57

Second, unlike most high-wage settings, individual output in tennis is readily observed and measured.58

Incredibly detailed information is collected on player performance and movement in each match, and these59

data have already been compiled into comprehensive point-by-point datasets spanning hundreds of thousands60

of matches. Third, there are multiple sources of variation with which to study heterogeneous effects and61

possible adaptations among these high-wage workers. Specifically, we can examine whether the effects of62

temperature on productivity are either rank- or gender-biased, and evaluate whether individuals who are63

more accustomed to hotter temperatures are less affected by temperature increases. Finally, because betting64

markets for tennis are active and robust (tennis is the 3rd most bet upon sport in the world), tennis offers a65
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unique opportunity to understand whether markets correctly anticipate the economic impacts of a changing66

climate and thus send the right “signals" to market participants (e.g. investors).67

We match data on over 177 thousand men’s and women’s professional tennis matches played over 15 years68

around theworld, to temperature exposure during the hours of eachmatchwas played. An empirical challenge69

in using these data to understand the effect of temperature on labor productivity is the adversarial nature of70

tennis: opposing players in a given match are exposed to the same temperature. To overcome this challenge,71

we exploit rich data on within-match performance outcomes, including errors committed by players, serve72

speed, distance run, and the likelihood of a player retiring from a match (i.e. quitting). Because changes in73

some of these outcomes in response to temperature (e.g serve speed or distance run) could reflect changes in74

in-game strategy rather than changes in productivity, we exploit the fact that two players playing under the75

same current-match temperatures frequently experienced substantially different temperatures in their prior76

matches, and we model in-match win probability for a given player as a function of differential previous77

match temperature relative to his or her opponent.78

Using a panel fixed-effects regression framework, we model each outcome as a flexible function of tempera-79

ture and individual player characteristics (Methods). Inclusion of both player and tournament-by-year fixed80

effects helps to isolate temperature variation from a large set of potential confounding variables, including81

average differences in outcomes or temperatures experienced between players, or differences in performance82

or temperature between tournaments. Our approach, for example, asks how playing a match during a hot day83

at the 2018 US Open increased the number of double faults by Roger Federer relative to his normal number84

of double faults in a match, after accounting for the average number of double faults across all players in85

the 2018 US Open; we can additionally control for other match-specific characteristics, such as number of86

games played.87

To explore heterogeneous effects and potential adaptation, we obtain data on players’ locations of birth as88

well as current residence, and examine whether players more accustomed to warmer temperatures are less89

affected by hotter match temperature. We also examine differences in temperature sensitivity by player rank,90

to measure whether climate effects differ across the skills distirbution, as well as by gender. Finally, to study91

whether markets correctly anticipate the effect of temperature on productivity, we combine extensive data92

on match-specific betting odds from nine online betting portals with our finding that differential previous93

match temperature affects competitors’ performances in the current match.94

Results95

We find clear evidence that heat reduces labor productivity in tennis. When temperatures are hot, matches96

consist of more double faults, more frequent retirement, shorter rallies, and less total distance run (Figure97

2, Table S3). Results are highly consistent across different temperature measures, including wet bulb98
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temperature or heat index measures that incorporate humidity (Fig S1).99

Double faults are perhaps the easiest measure of player performance to interpret, given that a player’s serve100

is relatively unaffected by their adversary. The negative impact of warming on double faults was significant101

across the entire temperature distribution, robust to alternate measures of heat exposure, and resulted in102

more than 10% more double faults for a match played at at 35 ◦C as compared to 15 ◦C. Negative impacts103

materialize at relatively moderate temperatures, suggesting that the higher rate of double faults is not due to104

strategic, riskier serving. Taken as an overall measure of productivity, we observe a roughly -0.5% decline105

in productivity per ◦C, which is about half of the roughly -1.0%/C pooled estimate we see in lower-wage106

settings across the labor productivity literature (Fig 3).107

The other measures of player performance that commence after a point begins are more difficult to interpret108

as direct measures of labor productivity, since both players are exposed to the same in-match conditions.109

For instance, errors may increase with warming because one or both players are hitting harder or because110

both are moving less well. Similarly, we found that match duration exhibited no response to temperature,111

despite significant declines in rally length and distance run and increases in chance of retirement. A likely112

explanation is increased time taken between points during hot matches, as all matches in this study were113

played before the implementation of a serve clock. For instance, amateur players were found to take 10s114

more between points when playing at 34◦C vs. 19◦C.12115

An additional concern with looking at temperature’s effect on in-match outcomes is that although they116

measure aspects of performance, they do not directly assess the ultimate measure of productivity - whether a117

playerwins thematch. For example, players could be strategically altering play in response to hot temperatures118

(making riskier serves, running less) in ways that actually boost probability of winning the match. Yet since119

in-match temperature exposures are identical between players, the impact of contemporaneous temperatures120

on winning cannot be identified. Instead, we consider the impact of differential temperature exposure in the121

previous match on current-match win probabilities. Matches are played at different times during the day,122

generating large variation in previous match temperature for two players in a current match; for instance, the123

10th-90th percentile in previous match temperature differential ranges from -3.6C to 3.6C (histogram in Fig124

2g).125

We find significant negative effects on win probability when players experienced a higher temperature in126

their previous match than their opponent (Fig 2g). We also find comparable negative effects of own previous127

match temperature exposure (rather than differential exposure) on subsequent win probability. These lagged128

effects of temperature on win probability – plausibly our closest analog to the labor productivity estimates129

in the literature – are substantially smaller than effects estimated in lower-wage settings: at sample mean130

temperatures, estimated productivity effects are -0.1%/C in our data, as compared to -1.0%/C in the pooled131

estimate from the literature (Fig 3). The lower magnitude of our estimates are perhaps unsurprising given132

that they only capture residual effects of temperatures in the previous match, which typically occurs a median133

two (mean three) days before the current match. The role of lagged temperatures has not generally been134
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considered in most prior studies of worker productivity (the exception is ref,2 which finds lagged impacts on135

some productivity measures but not others), and thus reconciling our estimate with other studies based on136

contemporaneous exposure is difficult.137

Heterogeneity in heat effects We examine heterogeneity by gender, player rank, and previous exposure138

to warmer average temperatures. We find limited evidence that females are more or less affected by139

males. Men double fault significantly more when temperatures rise, perhaps retire at a higher rate (although140

differences are not statistically significant), but none of our other outcomes show meaningful differences141

(Fig 4, first column).142

We do find evidence that the impacts of temperature on productivity in our setting are "skills-biased": play-143

ers ranked in the top 10 are less likely to double fault and run more relative to lower ranked players when144

temperatures increase (Fig 4, second column), and the serve speed of top-10 players increases with hotter145

temperatures, while lower-ranked players see no effect. Point estimates also indicate that statistically signifi-146

cant negative effects of previous match temperature on current match win probability are only observable for147

lower ranked players, although the difference between top- and lower-ranked players is itself not statistically148

significant given large error bars for estimates for top players.149

Finally, to shed light on adaptation, we quantify whether consistent previous exposure to warm temperatures,150

as proxied by the average temperature of the birth place or of the current residence of each player, helps151

reduce the effect of temperature on productivity (Fig 4, right columns). We find limited evidence consistent152

with exposure-driven adaptation: players born or residing in locations with hotter temperatures do not appear153

substantially less affected by hot match temperatures. If anything, such players appear to run less and retire154

more when it is hot.155

Mechanisms Multiple mechanisms could link temperature to labor productivity in our setting, including156

physiological effects, psychological effects, or interactions between labor and capital (e.g. altered perfor-157

mance of equipment such as grips, strings, or balls). Regarding this latter channel, we note that hotter158

temperatures reduce air density which could modestly increase ball velocity; we calculate that a change159

in temperature from 10 ◦ to 38◦C (roughly, the coldest to warmest temperatures in our data) reduces the160

air density by 10%, which could increase ball speed by up to 5km/h. However, we find no statistically161

significant effect of hotter temperature on serve speed, and in any case both players would face similar162

“capital depreciation" during the game, suggesting this equipment channel is not dominant. Similarly, the163

relationship between previous match temperature and current performance cannot easily be explained by164

in-game equipment differences.165

Nearly every aspect of tennis has both a physical and mental component, making clean separation of166

physiological and psychological heat effects impossible. Both almost certainly play a role. Outcomes167
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with a clear physical component (e.g. distance run) show significant effects in this study, consistent with168

evidence from other sports settings showing that temperature negatively affects exercise-related biological169

function.13,14 Changes in physical output may also be related to changes in strategy, as players may choose170

to try to end points faster or conserve energy in certain match contexts to increase their odds of winning.171

Regarding psychological factors, tennis is often recognized as a sport where psychology can play an important172

role in performance.15,16 One line of evidence is that mental training interventions are often found to173

improve performance, including on outcomes such as double faults that we find exhibit temperature effects.17174

Consistent with our results, past work in other settings indicates that hotter temperatures can affect related175

cognitive processes.18176

Market perceptions of heat effects Although to our knowledge there are no previous studies document-177

ing the effects of heat in prior matches on win probability in subsequent matches, we find that bookmakers on178

average appear to correctly “price" the impact of temperature on performance (Fig 5a). That is, a player who179

experiences a hotter previous match temperature than her opponent is correctly predicted by bookmakers to180

be more likely to lose the current match. This suggests that at least in the context of professional tennis,181

markets appear to correctly anticipate the impacts of a variable climate on productivity. A subset of bookies182

appear to actually overpenalize the player who experienced a hot previous match. However, a simulated183

strategy of betting against these bookies over time is not profitable; it is better than random guessing, but184

given betting fees, costs exceed gains (Fig 5b). This result is consistent with findings in equity markets, where185

sunny days boost stock prices but trade costs mean that trading on this effect is not generally profitable.19186

Discussion187

Professional tennis competition, with its meticulously measured outcomes, provides a useful view into188

whether and how workers with elite physical and mental skills are affected by temperatures. We find clear189

evidence of effects on several outcomes, although the adversarial nature of tennis and the fact that opponents190

experience the same conditions both provide empirical challenges. At the same time, these same features191

of tennis allow us to cleanly detect lagged effects of temperature exposures on productivity. Given that192

tennis players typically have access to state-of-the-art recovery facilities and air conditioning (except during193

matches), these residual effects could be a lower bound on what is experienced in other work settings. Lagged194

effects of temperature could also help explain observed negative effects of temperature on productivity in195

settings where productive activity itself is protected from climate (e.g. due to air conditioning),2,20–22 with196

exposure to temperature outside of the workplace perhaps affecting productivity while subsequently at work.197

Our findings provide less evidence of adaptation than past studies. In contrast to studies in other sports198

settings (e.g. archery4), we find that previous longer-term exposure to heat, proxied in our study by warmer199
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birthplaces or residence locations, does not lower the effect of hot temperatures on performance in tennis.200

Our results are thus more consistent with studies of sleep loss23 in which the sleep of individuals residing in201

warmer locations was no less affected by a hot night than individuals in cooler locations, and some studies of202

manufacturing inwhich firms inwarmer regionswere at least as harmed by additional heat exposure than firms203

in cooler regions.21 Our study also does not provide clear evidence of short-term acclimatization, in contrast204

to studies of track and field competitions in which exposure to hotter temperatures in the week preceding the205

competition was found to reduce the negative effects of hot weather on competition performance,5 and in206

contrast to many studies in physiology that demonstrate that workers can acclimate, at least to some extent, to207

hot working environments.24 We find that players who play a match in hot temperatures a few days before the208

current match performed worse than players who played a cooler previous match. One potential explanation209

for this difference is that heat acclimatization could be more effective during repeated episodes of more210

restrained effort, as emphasized in most sports heat acclimatization protocols,25 and that the physiological211

cost of high output during heat exceeds acclimatization benefits. Additional work is needed to understand212

short- and (especially) longer-run adaptation in work environments.213

Our results on the relatively smaller effect of hot temperatures on the labor productivity of top performers214

mirror those found in a number of settings, including for marathon runners, where high temperatures led215

to smaller percentage reductions in finishing times for elite runners,13 as well as in archery, where hot216

temperatures had less effect on top players.4 These findings relate to a recent study of US manufacturing,217

which found that productivity of larger firms was less affected by hot temperatures as compared to smaller218

firms.22 Taken together, these findings imply that warming temperatures could have important, and largely219

unrecognized, distributional effects at the "micro" level – i.e. at the level of individuals or firms – mirroring220

documented distributional impacts at the macro level.26 Better understanding the magnitude and generalize-221

ability of these differential micro-level effects is an important area for future work.222

Finally, our results on bettingmarkets contribute to a growing understanding ofwhethermarkets appropriately223

price climate risk. Standard finance theory argues that asset prices will quickly reflect all relevant public224

information, and ambient temperatures are easily publicly observed around the world. However, recent225

empirical work typically does not find that asset prices fully reflect relevant climate risks. Studies of both226

US and global firms have repeatedly found that analysts and investors often fail to anticipate the negative227

effect of abnormally hot temperatures or drought on firm performance,9,10, 27 and studies in housing markets228

similarly find that home prices typically do not fully reflect climate risk.8,28 A related study of betting229

markets in the National Football League also found that markets mispriced the negative productivity impacts230

of temperature on visiting-team performance.29 In contrast, we find that most tennis betting markets appear231

relatively efficient, with markets correctly anticipating the lagged effect of heat exposure on subsequent232

performance in tennis. One explanation for this difference might be the relative salience of heat during tennis233

competitions, for instance the well-publicized adoption of a “heat rule" during the typically hot Australian234

Open that restricts play during the hottest periods. While we are cautiously optimistic that markets can235

appropriately price risk, it does appear that the effect of temperature on labor productivity in tennis is better236
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understood by market participants relative to other settings. Providing information on the detrimental effects237

of heat or other climate stressors appears needed for other markets to function efficiently.238

Methods239

Literature Review To assess existing evidence, we collected data from 6 pioneering studies30–35 which240

repeatedly appeared in the meta-analysis of productivity-temperature relationship,3 as well as 16 published241

and working papers in economics and climate science since 20002,21, 36–49 through references on Google242

Scholar or in meta-analysis studies. We included the paper if it investigated the labor productivity response to243

temperature. As such, we excluded numerous papers in economics which studied labor productivity without244

specific response to temperature variation. Characteristics of included studies are listed in Table S1. We245

obtained the paper’s reported non-linear specifications to chart the marginal responses at different baseline246

temperatures. In particular, we mapped temperature bin response relative to an omitted bin and interpreted247

the response as changes in output when moving from the omitted bin’s median temperature to the reported248

bin’s median temperature at that temperature. When only linear response was provided, we reported only249

one marginal response and computed the average baseline temperature based on that experienced by the250

study’s sample.251

Measurements of labor productivity range from manual labor in agriculture and manufacturing to mental252

performance of judges and workers. To maintain a coherent unit, measurements of labor productivity across253

all the included papers were normalized to percentage changes in output. The unit in our figure reads how254

many percentage points output changes per unit of labor in response to 1◦C increase in temperature, at255

varying baseline temperatures or baseline earnings. We obtained baseline earnings directly if the included256

study reported average earnings of sample workers. Otherwise, we obtained the baseline earnings for the257

reported samples through available statistics on average incomes in the location of study. All earnings were258

converted to USD in 2017.259

Tennis data Our tennis data primarily come from author and sports data aggregator Jeff Sackmann,50 who260

assembled match and point statistics from both men’s and women’s tennis governing bodies, Association261

of Tennis Professionals (ATP) and Women’s Tennis Association (WTA). We constructed a list of where262

each tournament is played, scraped match start times from a sports betting website,51 and merged these263

location and time information with the tennis statistics data. Match statistics for main ATP and WTA264

tournaments are available since 1991, those for challengers and futures tournaments since 2008, and those265

for main tournaments’ qualifying rounds since 2011. Match start times are available for all tournaments and266

qualifying rounds since 2002.267

These data include record match-level observations for all tennis tournaments that are published on the268
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website of men’s tennis governing body (Association of Tennis Professionals (ATP)) and on that of the269

women’s counterpart (Women’s Tennis Association (WTA)), which include four major tournaments called270

Grand Slams (Australian Open, French Open, Wimbledon and US Open), ATP/WTA Tour Series, ATP271

Challengers/WTA 125K Series and ATP/WTA Futures Tournaments. These observations include oft-cited272

aggregated statistics of each player during a match, such as number of double faults commited by each player,273

breakpoints faced or saved, number of aces as well as statistics of the match such as match score and length274

of match. Our dataset excludes doubles tournaments.275

Match locations were derived from Tournament names, which are often include the city of the tournament,276

or filled in manually where tournament names did not indicate the city. We excluded tournaments whose277

locations are not fixed every year, such as the Summer Olympics, and tournaments happening in multiple278

cities, such as Rogers Cup (Canadian Open) in Toronto and Montreal. We then used Google Maps API to279

get the latitude and longitude of our match locations.280

To mitigate concerns about indoor temperature control biasing the main results, we obtained list of indoor281

tennis tournaments from Wikipedia52 and removed matches that happen indoor. As a result of excluding282

indoor matches, merging location and match start times, and singling singles, our final dataset contains283

177,874 match-level observations in 6,223 tournament-years.284

We further scraped the Wikipedia pages of each player in our dataset to obtain where they were born and285

currently reside to investigate the role of adaptation in tennis performance. 2,494 and 1,700 players out of286

8,889 total players in our dataset have their birthplace and residence information listed onWikipedia. Where287

birthplace location is not available but residence temperature is, we assign player’s country of origin to her288

birthplace. As a result, 257,303 and 220,956 out of 355,748 player-match-level observations are included in289

the analyses which study the adaptation effects.290

Finally, the tennis data50 also include more detailed statistics at the point- and player-point-level, such as291

serve speed, total distance run, and forced/unforced error, for a subset of Grand Slams matches since 2011292

due to Hawk-Eye technology. We merge each point and player-point observations to the main match-level293

dataset. In total, 916 and 1,429 matches out of the main dataset have information on distance run and serving294

speed per player in each point, resulting in 298,326 and 233,348 player-point observations. 3,473 matches295

have ball rally count per point, resulting in 1,154,392 point-level observations.296

Temperature Data Data used to estimate match temperature come from NOAA’s Global Surface Sum-297

mary of the Day (GSOD)53 which record daily meteorological information from more than 9,000 weather298

stations. We assigned temperature data from the nearest station to each match, used the daily meteorolog-299

ical information to interpolate temperatures throughout the day of the match (see Supplement for details),300

and finally calculated the average temperature at which the match is played. Our main specification uses301

dry-bulb match temperature. However, we incorporate humidity into our alternative temperature measures302
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by calculating wet-bulb globe temperature and heat indices (Supplement).303

Birthplace and residence temperatures were obtained by matching their location centroid coordinates with304

the average temperature values from the raster cells of WorldClim2.0 at 10 minute resolution,54 averaged305

across all the twelve months provided in the data.306

Analysis Data The analysis samples for all of our outcomes are summarized in Table S2. The largest307

merged dataset contains 177,868 mens’ and womens’ matches (47%/53%) from 1,109 tournaments from308

January 2002 to June 2017. As two players play in each match, our unit of observation is the player-match for309

outcomes that can be individually determined (such as double faults, win/loss), and the match for those that310

cannot (match duration, match retirement). Furthermore, beginning in 2011 Grand Slams tournaments have311

started to use a Hawk-Eye camera system to record details of a tennis match down to the point-level. Our312

dataset contains 4,285 of those matches from 46 Grand Slams tournaments. These data generate 1,419,944313

point-level observations on serve speed. Distance run and rally length only became available in 2015 and314

so we observe 229,866 point-level observations for rally length and (due to missing observations) 173,473315

point-level observations for distance run.316

Empirical Strategy Our analysis can be divided into four main categories based on whether the outcome317

is reported at the point or match level and whether the outcome is determined jointly or is attributable318

to a specific player. Namely, the four categories are: jointly determined-match-level outcomes (match319

duration), player specific match-level outcomes (total double faults, match retirement, win probability),320

jointly determined point-level outcomes (rally length), and player specific point-level outcomes (distance321

run, serve speed). While our general empirical approach remains the same, the level of observation and thus322

the estimation equation varies across structures.323

For match duration (jointly determined at the match-level) our estimation strategy takes the following form:324

yijmkt = αi + αj + µkt + f(Tijmkt) +X ′ijmktγ + εijmkt (1)

where yijmkt is a tennis outcome of match m between player i and player j at tournament k and year325

t, Tijmkt is the temperature at which player i plays against player j in match m. Vectors αi and αj are326

player fixed effects for each player that control for any average differences between players, and the vector327

µjt is tournament-year fixed effects which account for all differences between tournament-years – e.g.,328

oft-cited tournament features such as court surface or any differences between Wimbledon in 2015 and329

Wimbledon in 2016 in average temperatures or average match duration. f(Tijmkt) captures the functional330

form of average match temperature. Our main functional form assumes a quadratic function of temperature,331

β1Tijmkt + β2T
2
ijmkt where β1 and β2 capture the non-linear effects of temperature. Xijmkt is a control332

vector including the number of games within a match. In essence, this approach compares match durations333
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between matches in a given tournament (Wimbledon 2016) and asks whether hotter matches have shorter334

duration, after accounting for average duration that each player in that match normally plays for. Our causal335

identification relies on the assumption that short-run temperature fluctuations across approximately fourteen336

days of a tournament is random. We cluster our standard errors at the tournament-year level because the337

residuals are likely correlated within a given tournament.338

For double faults (total in the match) and retirements (player specific outcomes reported at the match level),339

our estimation strategy takes the distinct but analogous following form:340

yimkt = αi + µkt + βf(Timkt) +X ′imktγ + εimkt (2)

where yimkt is a tennis outcome of player i in matchm at tournament k and year t, Timkt is the temperature341

at which player i plays in matchm, αi is player fixed effects and µkt are tournament-year fixed effects. In the342

main specification where f(·) is assumed to be a quadratic, β1 and β2 again capture the non-linear effects of343

temperature.344

For rally-length (jointly determined and reported at the point-level) we include additional fixed effects for345

each player and for the match-game and our estimation strategy becomes:346

yijpgmkt = αi + αj + νgm + µkt + βf(Tijmkt) + εijpgmkt (3)

where yijpgmkt is a tennis outcome at point p in game g in match m between player i and player j at347

tournament k and year t. νgm is a fixed-effect for game number in the match to ensure that later games in a348

match do not bias the β1 and β2 coefficients, similar to the effect of number of games control in Equations 1349

and 2350

For distance run and serve speed (player-specific outcomes reported at the point-level), we drop the second351

player fixed effect but include the game-of-match fixed effect and our estimating equation becomes:352

yipgmkt = αi + νgm + µkt + βf(Tipgmkt) + εipgmkt (4)

where p indicates a single point played by player i in game g of match m at tournament k and year t.353

Because point-level data are only available for Grand Slam Tournaments and only since 2011, our analysis354

of point-level outcomes relies a more limited sample than our match level outcomes.355

Finally, to estimate the impact of temperature onwin probability, wemodel a player’s in-matchwin probability356

using two separate approaches. First, we model win probability as a function of the difference between357

temperatures in the previous matches played by the two players. This estimation equation becomes:358
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yimkt = αi + µkt + β1∆Timkt−1 +X ′imktγ + εimkt (5)

where yimkt is the win/loss outcome for player i in match m at tournament k in year t. ∆Timkt−1 is the359

difference between previous match temperature of player i and that of his opponent. The parameter β1360

captures the effect of playing hotter than opponent’s previous match temperature on the probability that361

player i wins a match. Ximkt includes number of games in the match, number of days elapsed since the362

previous match, player i’s rank, and his opponent’s rank. We replace yimkt with the probability of player i’s363

winning the game as predicted from betting market odds when we study if the betting market captures the364

effect of heat in its prediction of players’ performance. Results from this regression are plotted in Fig 2g.365

Second, we model win probability as a function of an individual’s temperature in the previous match. This366

estimation equation becomes:367

yimkt = αi + µkt + β1f(T prev
imkt−1) +X ′imktγ + εimkt (6)

where yimkt is the win/loss outcome for player i in match m at tournament k in year t and T prev
imkt−1 is the368

temperature during player i’s previous match. The parameter β1 captures the lagged effect of previous match369

temperature on the probability that player i wins a match. Ximkt includes number of games in the match,370

number of days elapsed since the previous match, player i’s rank, and his opponent’s rank. To plot the371

marginal effect of temperature on win probability shown in Fig 3 we estimate f(T prev
imkt−1) as quadratic and372

plot the derivative of Eq (6) as a function of temperature.373

In both cases, to calculate confidence intervals we bootstrap each estimation equation 1,000 times and plot374

the inner 95% of estimates.375

Estimating heterogeneous impacts To test the differential response functions by gender, players’376

temperatures of origin, or rank, we linearly interact the temperature terms in the above estimation equations377

with the variable of interest: dummy for male, dummy for top-10 player, and demeaned birthplace or378

residence temperature. The former two categories are binary outcomes while the latter two are continuous.379

For example, in the player-match-level regressions, we estimate:380

yimkt = β1Timkt + β2Timkt · Ci +X ′imktγ + αi + µkt + εimkt (7)

where Ci is the player-specific interaction variable of interest. For parsimony, and because most temperature381

responses in the uninteracted models appeared roughly linear, we model temperature linearly in these382

estimations.383
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Figure 1: Meta-analysis of the effects of heat on labor productivity. Marginal effect of tem-
perature on labor productivity against the average annual salary of each study’s samples. Rug
plots show the distributions of average annual salaries of professional tennis players in our sample.
Vertical lines above the rug plots indicate the average salary across our sample for men and women,
weighted by the number of matches each individual played, as well as the average earnings of
individuals studied in the literature.
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Figure 2: Effect of temperature on variousmeasure of tennis performance. a. number of double
faults, b. probability of match retirement, c. rally length, d. distance run by each player, e. serve
speed, f. match duration, and g. change in win probability as a function of difference in previous
match temperatures between players. Effects are calculated at percentage changes in the outcome
variable, relative to a match played at 25C. Colored segments indicate the significance level at
which responses to heat are different from zero, at each point in the temperature distributions (see
legend at bottom right). Data for panels c, d, e, and f are only available for Grand Slam tournaments.
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Figure 3: Effect of temperature on labor productivity from this study vs other existing labor
productivity studies. Orange estimates are estimated effect of previous match temperature on win
probability from this study or current match temperature on increase in double faults; blue is the
pooled estimates from the literature in Figure 1. Transparent lines are bootstrapped confidence
intervals.
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Figure 4: Heterogeneous effects by gender, skills and adaptation. Comparison in the marginal
effects of temperature on tennis performance, for men versus women, top 10 vs non-top 10 players,
players who were born in regions with hotter average temperatures (90th percentile = 18.9C) versus
lower average temperature (10th percentile = 6.4C), and players who train in locations with hotter
average temperature (90th percentile = 22.2C) and lower average temperature (10th percentile =
7.8C). Performance measured by various outcomes. Estimates measured as marginal effects (%
change in each outcome per +1C increase in temperature) from a regression that interacts the
measure of heterogeneity with linear temperature (match temperature for the first three outcomes,
previous match temperature for win probability). Lines indicate 95% confidence intervals corre-
sponding to the null hypothesis that the respective effect is equal to 0. Stars on the group connecting
bars identify significance levels corresponding to the null hypothesis that effects are equal between
comparison groups (0.1∗, .05∗∗, ,005∗∗∗).
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Figure 5: Bookmakers appear to correctly penalize players from hotter previous matches,
although some over-penalize. a. We regress the effect of players’ differential in previous match
temperatures on actual win/loss outcomes and on implied win probabilities as predicted by various
bookmakers. b. As some bookmakers (e.g. Tennis Explorer) appear to over-penalize players whose
previous match was hotter than their opponent’s, we show that betting $100 on players who played
in hotter matches previously does better than random betting but still generates losses, given betting
fees.
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Supplementary Information494

Additional Methods495

Temperature interpolation Because tennis observations are at sub-daily level, more granular than GSOD496

daily temperature data, we interpolated the recorded temperatures to obtain the temperature at which tennis matches497

are played. We use a sinusoidal function to interpolate the hourly temperature bins of each venue-date observation498

from recorded daily minimum and maximum temperatures499

T (h) =
1

2

(
TMAX + TMIN

)
− 1

2

(
TMAX− TMIN

)(
cos

(
π(h− HMIN)

HMAX− HMIN

))
(8)

where TMAX and TMIN are daily maximum and minimum dry-bulb temperatures reported in GSOD data, HMAX and500

HMIN are hours ∈ [0, 24) at which daily maximum and minimum dry-bulb temperatures occur, and h is the hour of the501

day. Hour of maximum temperature (HMAX) is assumed to occur 1.5 hours after solar noon, while hour of minimum502

temperature (HMIN) is assumed to occur 3.5 hours before astronomical twilight. These parameters are obtained from503

the distributions of HMAX and HMIN based on available hourly temperature data for US-based tournament venues.504

Solar noon and astronomical twilight of locations are obtained using https://sunrise-sunset.org/api.505

We computed match average temperature by averaging the hourly temperatures at which match occur, weighted by the506

minutes spent in each temperature bin.507

Our supplementary temperature measures include wet-bulb temperatures (WBGT) and heat indices (HI), which in-
corporate the effects of humidity. We convert average match temperature into these measures with the following
polynomial functional forms:

WBGT =0.567T + 1.318e

(
17.67T

243.5+T

)
R

100
+ 3.38 (9)

HI1 =α0 + α1F + α2R+ α3FR+ α4F
2 + α5R

2 + α6F
2R+ α7FR

2 + α8F
2R2 (10)

HI2 =α0 + α1F + α2R+ α3FR+ α4F
2 + α5R

2 + α6F
2R+ α7FR

2 (11)

HI3 =α0 + α1F + α2R+ α3FR+ α4F
2 + α5R

2 + α6F
2R+ α7FR

2 + α8F
2R2

α9F
3 + α10R

3 + α11F
3R+ +α12FR

3 + α13F
3R2 + α14F

2R3 + α15F
3R3

(12)

where F is average match temperature in ◦F and R is percentage relative humidity of a given day, calculated as a
function of average daily temperature T̄ and average daily dewpoint temperature D̄ reported from GSOD:

γ = 17.67D̄/(243.5 + D̄) (13)

R = 100× e
(
γ− 17.67T̄

243.5+T̄

)
(14)

and the parameters:508
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α0 α1 α2 α3 α4 α5 α6 α7 α8

HI1 -4.237·10 2.049 1.014·10 -2.248·10−1 -6.834·10−3 -5.482·10−2 1.229·10−3 8.528·10−4 -1.99·10−6

HI2 3.634·10−1 9.886·10−1 4.777 -1.140·10−1 -8.502·10−4 -2.072·10−2 6.877·10−4 2.750·10−4

HI3 1.692·10 1.852·10 5.379 -1.002·10−1 9.417·10−3 7.289·10−3 3.454·10−4 -8.150·10−4 1.021·10−5

α9 α10 α11 α12 α13 α14 α15

HI3 -3.865·10−5 2.916·10−5 1.427·10−6 1.975·10−7 -2.184·10−8 8.433 ·10−10 -4.820 ·10−11
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Figure S1: Labor productivity effects of heat We test our robustness of main results in Figure
2 using different temperature measures, with first columns using dry bulb temperature (main
specification), second wet bulb temperature, third-fifth heat index measured in different ways.
As heat indices were designed to capture perception of heat, heat index ranges are at the higher
temperature range, with temperatures outside the ranges bottom- or top-coded. (See Appendix for
how we calculated wet bulb temperatures and heat indices.) Dependent variables are arranged in
rows: a. double fault, b. probability of match retirement, c. rally length, d. distance run, e.
serve speed, f. match duration, and g. probability of winning a match given players’ previous
temperatures.
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Table S2: Summary of analysis samples

Outcome Level of analysis Sample Non-missing obs

Double Faults Player-match All tournaments 152,656
2002-2017

Win Probability Player-match All tournaments 183,770
2002-2017

Match Duration Match All tournaments 177,868
2002-2017

Retirement Match All tournaments 177,868
2002-2017

Serve Speed Player-point Grand Slams 1,154,392
2011-2017

Distance Run Player-point Grand Slams 229,866
2015-2017

Rally Length Point Grand Slams 173,473
2015-2017
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Table S3: Linear effect of match temperature on labor productivity measures of tennis players
(% change per ◦C)

Dependent variable:
Probability Match Rally Double Serve Distance Win

match retirement duration length fault speed run probability
(1) (2) (3) (4) (5) (6) (7)

Match temperature (◦C) 2.119∗∗∗ 0.008 -0.521∗∗∗ 0.525∗∗∗ 0.023 -0.717∗∗∗
(0.512) (0.014) (0.071) (0.060) (0.019) (0.221)

Previous match temperature (◦C) -0.103∗∗
(0.052)

Tournament-year FE YES YES YES YES YES YES YES
Player FE YES YES YES YES YES YES YES
Observations 177,868 177,868 173,473 152,656 1,155,186 229,866 183,770
R2 0.184 0.862 0.050 0.286 0.332 0.264 0.170
Adjusted R2 0.079 0.845 0.045 0.255 0.332 0.262 0.123
Observation level Match Match Point Player- Player- Player- Player-

match point point match
Mean dependent variable 3.1% matches 92.2 min 4.3 shots 3.2 df 100.8 MPH 37.1 ft 50%

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table S4: Previous heat on win probability, Actual vs Market prediction

Dependent Variable:
Win probability

All Men Women Men - Women
(1) (2) (3) (4)

Panel A: Actual Win/Loss
∆ previous match temperature −0.0010864∗∗ −0.0012585∗∗ −0.0008538 −0.0003858

(0.0004405) (0.0005970) (0.0006479) (0.0008970)

Panel B: Pooled bookmakers
∆ previous match temperature −0.0007682∗∗∗ −0.0007736∗∗∗ −0.0007616∗∗ −0.0000997

(0.0002081) (0.0002932) (0.0002873) (0.0004009)

Panel C: Actual Win/Loss - Pooled Bookmakers
∆ previous match temperature −0.0003181 −0.0004849 −0.0000923

(0.0004869) (0.0006640) (0.0007093)
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