
The Pollution–Productivity Curve

Non-Linear Effects and Adaptation in High-Pollution Environments

Matthew S. Brooks1 Faraz Usmani2

World Congress of Environmental and Resource Economists, July 1, 2026

1Department of Agricultural and Resource Economics; University of California, Davis
2Global Energy Alliance for People and Planet



Figure 1. TBD

1/15



Research question

Does the marginal effect of contemporaneous PM2.5 exposure on
labor productivity vary by accumulated exposure to PM2.5?
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Research question

Does the marginal effect of contemporaneous PM2.5 exposure on
labor productivity vary by accumulated exposure to PM2.5?

Why does this matter?

• 2.8 billion people are exposed to hazardous annual average PM2.5

(> 35µg/m3) (Rentschler and Leonova, 2023) Map

• Does chronic exposure change the harm from acute pollution shocks?

1. Non-linearities in the dose-response

2. Physiological adaptation

Related literature Contributions
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This paper

What we do:

• Estimate effect of PM2.5 on individual-level labor productivity

• Use performance data from 14 years of professional cricket in India

Why cricket:

• High-frequency, individual-level performance measures

• High pollution setting (mean PM2.5=42 µgm−3)

• Variation in workers’ contemporaneous and accumulated exposure that is

uncorrelated with their ability
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Why could adaptation be possible?

West et al. (2003) Fig. 2

Three panels of microscopic images of cells in

the lungs of mice

• Panel A control: clean air

• Panel B treatment 1: exposed to

polluted air for 1 day

• Panel C treatment 2: exposed to

polluted air for 7 days

Mechanism: augmented production of

glutathione, an antioxidant that shields lung

cells from air pollution (Kültz et al., 2015; Lee

et al., 2018)
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Roadmap

1. Introduction

2. Empirical setting and data

3. Econometric specifications

4. Results

5. Conclusion



Setting: Cricket in India as a natural experiment

IPL, 2008–2022: 773 matches · 183,572
deliveries · 619 players · 24 stadiums in 10

cities Summary stats Data sources

Outcome: run-scoring (mean 0.60)

Identification strategy:

1. Contemporaneous exposure: matches

scheduled before pollution forecasts

=⇒ match-day pollution orthogonal

to player ability

2. Past exposure: equal salary budget

across teams =⇒ player talent

distributed evenly Teams Bowlers

• Short-term: travel schedules

within an IPL season

• Long-term: career average over all

matches in IPL

Figure 2. Delivery: bowler vs. batter
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Econometric specifications

Rijℓt = β PM2.5ℓd + εijℓt

• Rijℓt : binary for run scored in delivery t

• PM2.5ℓd : match-day PM2.5 at stadium ℓ on day d (units: 10 µgm−3)
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Econometric specifications

Rijℓt = β PM2.5ℓd + X′
ℓdγ + ψj + ϕi + δℓy + θn(t) + ηo(t) + Λiy +∆jy + εijℓt (1)

• Rijℓt : binary for run scored in delivery t

• PM2.5ℓd : match-day PM2.5 at stadium ℓ on day d (units: 10 µgm−3)

• Xℓd : temperature, relative humidity, precipitation, solar radiation, wind speed

• ψj : bowler FE; ϕi : batter FE; δℓy : stadium× year FE, θn(t): innings FE;

ηo(t): over FE Λiy , ∆jy : home stadium FE

• SEs two-way clustered at the match and bowler levels
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Econometric specifications
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Econometric specifications

Rijℓt = β1 PM2.5ℓd + β2 PM2.5ℓd × PM2.5J(j)d + β3 PM2.5J(j)d

+ X′
ℓdγ + ψj + ϕi + δℓy + θn(t) + ηo(t) + Λiy +∆jy + εijℓt

(3)

• Rijℓt : binary for run scored in delivery t

• PM2.5ℓd : match-day PM2.5 at stadium ℓ on day d (units: 10 µgm−3)

• PM2.5J(j)d : past 30-day mean PM2.5 exposure for bowler j on team J Alt. def.

• Xℓd : temperature, relative humidity, precipitation, solar radiation, wind speed

• ψj : bowler FE; ϕi : batter FE; δℓy : stadium× year FE, θn(t): innings FE;

ηo(t): over FE Λiy , ∆jy : home stadium FE
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Econometric specifications

Rijℓt = β1 PM2.5ℓd + β2 PM2.5ℓd × PM2.5j0

+ X′
ℓdγ + ψj + ϕi + δℓy + θn(t) + ηo(t) + Λiy +∆jy + εijℓt

(4)

• Rijℓt : binary for run scored in delivery t

• PM2.5ℓd : match-day PM2.5 at stadium ℓ on day d (units: 10 µgm−3)

• PM2.5j0: career mean PM2.5 for bowler j

• Xℓd : temperature, relative humidity, precipitation, solar radiation, wind speed

• ψj : bowler FE; ϕi : batter FE; δℓy : stadium× year FE, θn(t): innings FE;

ηo(t): over FE Λiy , ∆jy : home stadium FE
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Result 1: PM2.5 raises run-scoring probability

Table 1. PM2.5 exposure and run-scoring probability

(1) (2)

1 (At least one run scored)

Match-day PM2.5 0.0041**

(0.0017)

Q2 (Match-day PM2.5)

0.0072

(0.0060)

Q3 (Match-day PM2.5)

0.0099

(0.0069)

Q4 (Match-day PM2.5)

0.013

(0.0086)

Q5 (Match-day PM2.5)

0.027***

(0.0099)

Weather controls ✓

✓

All FE ✓

✓

N 183,556

183,556

R2 0.052

0.052

Notes. SEs two-way clustered at match and bowler levels. ∗ p <

0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

How big is this effect?

• Match-day PM2.5: median 36.7

vs. WHO limit 15 µgm−3

• +10 µgm−3 PM2.5 ⇒ +0.41 pp

run-concession probability

• Reducing to the WHO limit

(−21.7 µgm−3):

⇒ +2.2% productive output

Productive output = P(bowler concedes no run); sample mean

0.401.

Calc: 21.7 × 0.041 = 0.89 pp ÷ 0.401 = 2.2%.
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Result 2: Effects most pronounced at high PM2.5 levels

Figure 3. Linear spline estimation of effect of PM2.5 on run-scoring probability (knots at WHO

thresholds of 25, 37.5, 50, 75 µgm−3).
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Table 2. Short-term adaptation to PM2.5 exposure (key coefficients) Full table ME ME diff

(1) (2)
1 (At least one run scored)

Match PM2.5 0.0066*
(0.0034)

Past 30-day PM2.5 0.0061*

0.0089**

(0.0034)

(0.0043)

Match PM2.5 × Past 30-day PM2.5 −0.00055
(0.00063)

Q5 (Match PM2.5) 0.069***
(0.025)

Q5 (Match PM2.5) × Past 30-day PM2.5 −0.0095*
(0.0051)

Weather controls ✓

✓

All FE ✓

✓

N 183,556

183,556

R2 0.052

0.052

Notes. SEs two-way clustered at match and bowler levels.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. 9/15
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Result 3a: Short-term adaptation: ∼41% reduction in marginal effect

Figure 4. Marginal effect of match-day PM2.5 on run-scoring probability by bowler’s

past 30-day mean PM2.5. Median past: 45 µgm−3; 95th percentile: 92 µgm−3.
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Table 3. Long-term adaptation to PM2.5 exposure (key coefficients) Full table

(3) (4)

1 (At least one run scored)

Match PM2.5 0.013**

(0.0052)

Match PM2.5 × Career PM2.5 −0.0020*

(0.0011)

Q5 (Match PM2.5) 0.097**

(0.037)

Q5 × Career PM2.5 −0.016*

(0.0086)

Weather controls ✓ ✓
All FE ✓ ✓
N 183,556 183,556

R2 0.052 0.052

Notes. SEs two-way clustered at match and bowler levels.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. 11/15
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Result 3b: Long-term adaptation: ∼36% reduction in marginal effect

Figure 5. Marginal effect of match-day PM2.5 by bowler’s career mean (PM2.5j0).

Median career exposure: 42 µgm−3; 95th percentile: 52 µgm−3.
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Result 4a: Adaptation does not offset cumulative harm

Figure 6. Marginal effect of past 30-day mean PM2.5 on run-scoring probability, by

match-day PM2.5 level.
13/15



Result 4b: Total effect indicates harm at all levels

Figure 7. Total effects relative to when match-day and past 30-day PM2.5 are 10 µgm−3. 14/15
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Conclusion

• PM2.5 results in economically meaningful harm. 2.2% productive

output if achieved WHO safe limit.

• Non-linear dose-response. Linear extrapolations from low-pollution

settings understate damages in high-pollution settings.

• Workers partially adapt. 36-41% reduction in marginal effect of

contemporaneous PM2.5.

• Adaptation ̸= solution. Total effect of pollution always worse than no

pollution.

• Policy implication: regulate 2nd moment of pollution distribution.

Variable pollution results in more harm than constant levels.

Thanks! msbrooks@ucdavis.edu mspitzerbrooks.github.io
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Why should we care about particulate matter air pollution?

• PM2.5 is the largest environmental risk factor (Brauer, 2024)

• Health damage alone understates the harm

• Subclinical impacts on economic outcomes (Graff Zivin and Neidell, 2012)

• Disproportionately studied in places where air pollution is low, e.g. U.S.

• But most people live and work where levels are much higher, e.g. India

• Could estimates from low pollution settings mischaracterize the

impact where pollution is high?

This paper: effect of air pollution on the performance of cricket players in India
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Results preview

1. Workers in a high pollution setting partially adapt to chronic exposure

• Marginal effects of contemporaneous exposure fall with chronic exposure

2. Adaptation does not offset cumulative harm

• Reduction in marginal effect outweighed by harm from chronic exposure



Related literature Back

PM2.5 and labor productivity

• Solid evidence but almost exclusive focus on contemporaneous

exposure in low-pollution settings

• US & Europe (Graff Zivin and Neidell, 2012; Chang et al., 2016; Archsmith et al.,

2018; Borgschulte et al., 2022); China (He et al., 2019; Chang et al., 2019); India

(Adhvaryu et al., 2022)

• Non-linearities: mixed evidence, depends on the levels

• Lichter et al. (2017); Hoffmann and Rud (2024)

Climate economics

• Adaptation (how shocks vary with baseline levels)

• Dell et al. (2014); Mérel and Gammans (2021); Mérel et al. (2024)



Contributions Back

1. New evidence: individual-level adaptation to PM2.5 in a chronically

high-pollution setting

• Wide range of pollution enables detection of non-linearities

2. New method: develop a person-based measure of pollution exposure

• Time window for adaptation aligned with physiological mechanisms in

environmental toxicological literature

• Pair these insights with a data-driven approach

3. New setting: empirical setting overcomes identification challenge in

climate economics literature stemming from correlations between baseline

levels and place-based characteristics



Data sources Back

• Cricket performance metrics. Publicly accessible delivery-level data,

including identify of bowler and batter and whether run was scored (Cricsheet,

2024).

• PM2.5 exposure. Machine learning algorithm (learns relationship between

satellite imagery and ground monitors) provides 10km x 10km gridded daily

mean estimates (Wang et al., 2024).

• Weather variables. ERA5-Land daily 11km × 11km gridded reanalysis

data (Muñoz Sabater, 2019).



Team quality is uncorrelated with long-term PM2.5 Back

Figure 8. Team win rates vs. home-city mean PM2.5.



Bowler quality is uncorrelated with long-term PM2.5 Back

Figure 9. Bowler run-concession rates vs. career mean PM2.5.



Table 4. Summary Statistics: IPL Matches in India 2008-2022 Back Full table

Variable Mean SD Min Median Max

Panel A: Treatment variable

PM2.5 (µg/m3) 42.32 20.01 14.23 36.67 159.91

Panel B: Bowler performance outcome

Run conceded (=1) 0.599 0.490 0.000 1.000 1.000

Panel C: Weather controls

Temperature (°C) 29.49 2.51 21.68 29.44 37.26

Humidity (%) 52.14 19.91 10.02 54.14 90.41

Precipitation (m) 0.0007 0.0023 0.0000 0.0000 0.0254

Wind speed (m/s) 2.29 1.01 0.06 2.28 5.48

Notes: Unit of observation is a delivery. Sample includes 183,572 deliv-

eries across 773 IPL matches, across 13 seasons, 20 stadiums, 15 teams,

445 bowlers, and 575 batters.



Table 5. Summary Statistics: IPL Matches in India 2008-2022 Back

Variable Mean SD Min Median Max

Panel A: Treatment variable

PM2.5 (µg/m3) 42.32 20.01 14.23 36.67 159.91

Panel B: Bowler performance outcomes

Runs conceded 1.255 1.630 0.000 1.000 6.000

Run conceded (=1) 0.599 0.490 0.000 1.000 1.000

Panel C: Cricket statistics

Home bowler (=1) 0.317 0.465 0.000 0.000 1.000

Home batter (=1) 0.319 0.466 0.000 0.000 1.000

Innings per match 2.0 0.2 1.0 2.0 4.0

Overs per match 38.5 3.5 9.0 40.0 42.0

Panel D: Weather controls

Temperature (°C) 29.49 2.51 21.68 29.44 37.26

Humidity (%) 52.14 19.91 10.02 54.14 90.41

Precipitation (m) 0.0007 0.0023 0.0000 0.0000 0.0254

Pressure (1,000 Pa) 97.44 3.51 84.60 98.11 101.23

Radiation (MJ/m2) 24.49 2.82 6.68 25.03 29.93

Wind speed (m/s) 2.29 1.01 0.06 2.28 5.48

Notes: Unit of observation is a delivery (i.e., a single ball thrown by a bowler to a batter). The sample includes 183,572 deliveries across 773 IPL

matches held in India during 2008-2022. These matches took place across 13 seasons, 20 stadiums, 15 teams, 445 bowlers, and 575 batters. The

sample excludes 177 IPL matches which took place during this period outside India. Innings per match and overs per match are computed at the

match level. All other cricket statistics are computed at the delivery level. “Runs conceded” is the number of runs a bowler concedes in a delivery.

“Run conceded (=1)” is a binary variable for whether at least one is conceded. Cricket data are from Cricsheet (2024). PM2.5 is from the Wang et al.

(2024) daily gridded dataset. Weather controls are from ERA5-Land daily reanalysis data (Muñoz Sabater, 2019).



Data: PM2.5 exposure across IPL matches Back

Figure 10. Match-day PM2.5 distribution, IPL 2008–2022

• ML product, 10 km × 10 km daily (Wang et al., 2024)

• Fuses satellite, ground monitors, meteorological data

• Validated vs. U.S. AirNow (R2: 0.71–0.91) Validation



PM2.5 data validation: Wang et al. vs. U.S. AirNow

Back

Figure 11. Daily PM2.5 from Wang et al. (2024) ML product vs. U.S. AirNow ground

monitors at five Indian cities. R2 = 0.71–0.91 across cities.



Alternative measures of short-term past exposure Back to spec. Back to ME

Three measures of PM2.5J(j)d (windows X = 1, . . . , 90 days):

1. Mean PM2.5: PM2.5J(j)d =
1

X

X∑
d=1

PM2.5J(j)d

2. Days above threshold Z : PM2.5J(j)d =
X∑

d=1

1(PM2.5J(j)d > Z )

3. Degree-day analogue: PM2.5J(j)d =
X∑

d=1

1(PM2.5J(j)d > Z ) · (PM2.5J(j)d − Z )

Measure Window Attenuation

(1) Mean PM2.5 24 days ∼41%

(2) Days above 50 µgm−3 32 days ∼54%

(3) Degree-days above 50 µgm−3 24 days ∼40%

Attenuation ≡
MEp50 − MEp95

MEp50
, where MEpY is the marginal effect of PM2.5 on run-scoring at the Y th percentile of past exposure.



Identifying the relevant exposure window: ∼30 days Back

Figure 12. Marginal effect of match-day PM2.5 on run-scoring probability, interacted with

mean past PM2.5 at each lookback window (1–90 days).



Average marginal effect of match-day PM2.5 is constant Back

Figure 13. Marginal effect of a 10 µgm−3 increase in match-day PM2.5 (Equation 3).



Difference for high- and low- exposed max at ∼30 days Back Alt. def. Alt. vis.

Figure 14. Difference in two marginal effects: (i) the marginal effect for bowlers at the 95th

percentile of exposure over the lookback window and (ii) same 50th percentile (Equation 3).



Table 6. Short-term adaptation to PM2.5 exposure Back

(1) (2)

1 (At least one run scored)

Short-term adaptation

Match PM2.5 0.0066*

(0.0034)

Past 30-day PM2.5 0.0061* 0.0089**

(0.0034) (0.0043)

Match PM2.5 × Past 30-day PM2.5 -0.00055

(0.00063)

Q2 (Match PM2.5) 0.0097

(0.019)

Q3 (Match PM2.5) 0.034*

(0.021)

Q4 (Match PM2.5) 0.041*

(0.023)

Q5 (Match PM2.5) 0.069***

(0.025)

Q2 (Match PM2.5) × Past 30-day -0.00099

(0.0046)

Q3 (Match PM2.5) × Past 30-day -0.0060

(0.0048)

Q4 (Match PM2.5) × Past 30-day -0.0068

(0.0051)

Q5 (Match PM2.5) × Past 30-day -0.0095*

(0.0051)

Weather controls ✓ ✓
All FE ✓ ✓
N 183,556 183,556

R2 0.052 0.052

Notes. Outcome mean 0.599. PM2.5 in 10µg/m3. Col. (1): continuous interaction with past

30-day mean PM2.5; col. (2): PM2.5 quintile indicators interacted with past 30-day mean (Q1

omitted). All columns include full FE and weather controls. SEs two-way clustered at match

and bowler levels. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.



Table 7. Long-term adaptation to PM2.5 exposure Back to Long-term Regression

(3) (4)

1 (At least one run scored)

Long-term adaptation

Match PM2.5 0.013**

(0.0052)

Match PM2.5 × Career PM2.5 -0.0020*

(0.0011)

Q2 (Match PM2.5) -0.011

(0.034)

Q3 (Match PM2.5) 0.031

(0.034)

Q4 (Match PM2.5) 0.076*

(0.039)

Q5 (Match PM2.5) 0.097**

(0.037)

Q2 (Match PM2.5) × Career PM2.5 0.0042

(0.0082)

Q3 (Match PM2.5) × Career PM2.5 -0.0053

(0.0081)

Q4 (Match PM2.5) × Career PM2.5 -0.015*

(0.0090)

Q5 (Match PM2.5) × Career PM2.5 -0.016*

(0.0086)

Weather controls ✓ ✓

All FE ✓ ✓

N 183,556 183,556

R2 0.052 0.052

Notes. Outcome mean 0.599. PM2.5 in 10µg/m3. Col. (3): continuous interaction with career mean PM2.5;

col. (4): PM2.5 quintile indicators interacted with career mean (Q1 omitted). Career mean absorbed by bowler

FE at level; identified via interaction. All columns include full FE and weather controls. SEs two-way clustered

at match and bowler levels. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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