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We study how temperature affects productivity growth among Indian data-entry workers new

to the job. Higher temperatures impede on-the-job learning, reducing the rate of productivity

growth by 3.0 percentage points per degree Celsius over the past week. This productivity loss

persists through the second half of the study, with no evidence of catch-up among those exposed

to high initial temperatures. These effects are beyond the contemporaneous impact of heat: each

additional degree Celsius lowers same-day productivity by 1.1%, driven by increased breaks, with

no change in days worked or hours in the office. The effect of temperature on both the growth

rate and level of output occurs despite strong incentives for production. The findings suggest that

rising temperatures slow the accumulation of productive human capital, with consequences for

both workers’ earnings trajectories and firms’ productivity and training costs. These impacts are

likely to be more pronounced in low-income countries, where workers face greater heat exposure.
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1. Introduction

On-the-job learning constitutes a substantial component of skill acquisition and productivity

growth throughout workers’ careers (Becker, 1962; Mincer, 1962; Arrow, 1962; Ben-Porath, 1967).

Learning and productivity growth are common even for workers performing seemingly routine tasks,

as in auto manufacturing or garment production, where the exact task changes frequently — for

instance, the particular garment being sewn (Levitt et al., 2013; Adhvaryu et al., 2023). The

importance of on-the-job learning is likely to grow further as economies shift toward work that

requires greater training and learning, particularly in developing countries where knowledge-intensive

jobs are rapidly expanding (Lo Bello et al., 2019). Understanding the factors that enhance or impede

on-the-job learning is therefore increasingly important.

One such factor that has the potential to impede growth in labor productivity is high tempera-

tures. Previous research has established that high temperatures reduce contemporaneous productiv-

ity (Adhvaryu et al., 2020; Somanathan et al., 2021; LoPalo, 2023; Masuda et al., 2021; Huppertz,

2024; Garg et al., 2025). However, there is little empirical evidence on whether elevated temperatures

not only reduce productivity in the moment but also slow the rate of labor productivity growth.

These dynamic effects may be particularly damaging for low-income countries that are dispropor-

tionately impacted by increasing temperatures with little climate control (Liu et al., 2017; Pittock,

2017; Mendelsohn et al., 2006; Ibarrarán et al., 2009).

We study the effect of higher temperatures on productivity and productivity growth in the

context of data-entry jobs in Chennai, India.1 The work arrangement is particularly well suited to

this purpose for two reasons. First, the data-entry task was purely cognitive in nature, compensated

primarily on a piece rate basis (leading to a close mapping between productivity and wages), and fully

flexible in terms of labor supply. This allows us to test whether the negative effect of temperature

on productivity — well-documented in more physically demanding work — also extends to a setting

with no physical exertion, strong performance incentives, and opportunities for workers to adapt.

Second, all workers were entirely new to data entry, enabling us to track individual productivity

growth as they learn on the job and to assess whether elevated temperatures affect their trajectories.
1The jobs were offered as part of a randomized controlled trial studying the impact of sleep on labor outcomes.
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The study’s location, Chennai, India, is representative of typical tropical environments with typical

daytime highs ranging from approximately 27°C in December to nearly 40°C in May (Weather and

Climate, 2024; Wilkinson, 2014).

We estimate both contemporaneous and dynamic effects of temperature on output by exploiting

variation in temperature, controlling for month by year and worker fixed effects. We find that

higher temperatures generate economically meaningful reductions in hourly productivity. A one

degree Celsius increase in the average daily temperature reduces hourly productivity by 1.1%. This

result is consistent with previous literature that documents the effect of temperature on productivity

and work quality in more physically intensive work such as door to door surveying or garment

manufacturing, despite the more cognitive nature of data-entry (Adhvaryu et al., 2020; Somanathan

et al., 2021; LoPalo, 2023; Huppertz, 2024; Walter and Moneke, 2024). Turning to mechanisms, we

find that this reduction in productivity is driven by reductions in typing time, predominantly via

increased breaks, with no impact of heat on total time spent at the office, or absenteeism. Mistakes

rise by 0.9% per degree, but with fewer than one mistake per 100 entries, this increase has little

effect on overall productivity or earnings.

Next we leverage the rapid increase in productivity over time — a roughly four-fold increase

in hourly productivity over a month, with roughly 90% of the gain in the first two weeks — to

test whether heat reduces the rate of productivity growth. We build on Dell et al. (2012)’s method

for estimating the effect of temperature on GDP growth by estimating an analogous worker-level

growth-rate specification with individual productivity growth as the outcome. We find that higher

temperatures significantly reduce the rate of productivity growth during the first half of the study

period, when productivity is growing: a one degree Celsius increase in the average temperature

during the previous six days reduces productivity growth by 3.0 percentage points (p=0.002). The

causal interpretation of this result is reinforced by two placebo tests. First, we show that temperature

in the immediate future is not associated with slower productivity growth, suggesting the effect we

find for past temperatures is not driven by omitted variables, reverse causality, or anticipatory

effects. Second, we show that there is no relationship between temperature and productivity growth

in the second half of the study, when productivity growth is essentially flat. Beyond serving as a
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placebo test, this second fact suggests that those who are initially exposed to greater heat, fail to

“catch up” in the second half of the study. This persistence is further supported by an additional

test: workers exposed to a one degree Celsius higher average temperature during the first half of

the study period remain 6.2% less productive and earn 5.7% less in the final week of the study

controlling for temperatures in the intervening period. Although we can not rule out catch-up in

the long-run, together these results suggest that productivity losses from early heat exposure persist

for the duration of the study period.

This study contributes to three growing literatures on the economic effects of temperature and

the potential consequences of rising temperatures due to climate change. First, building on evidence

of humans’ physiological responses to heat (Hancock et al., 2007), economists have documented

harmful contemporaneous effects of higher temperatures on individual productivity in manufactur-

ing, agriculture, and field surveying, as well as reductions in the productivity of teams (Zhang et al.,

2018; Adhvaryu et al., 2020; Somanathan et al., 2021; LoPalo, 2023; Masuda et al., 2021; Huppertz,

2024; Garg et al., 2025). We document detrimental effects in a novel context of desk-based office

work that is exclusively cognitive and individual. In contrast to most environments studied in this

literature where workers typically have flat wages, we focus on a context in which workers face strong

incentives for productivity: 73% of their total payment was a function of the time they spent actively

typing and their output, yet workers still experience heat-related deficits in production. Further,

our detailed data allow us to explore and document the margins of adjustment through which effects

operate.

Second, this paper speaks to the literature on human capital accumulation at work and on-the-job

learning. Following foundational work by Arrow (1962), Becker (1962), Mincer (1962), and Ben-

Porath (1967), an extensive body of research has documented that workers acquire human capital

throughout their careers, with learning on the job representing a major component of productivity

growth (e.g., Lagakos et al. (2018); Levitt et al. (2013)). Past work has documented steep learning

curves across diverse settings and in seemingly routine tasks (Bessen, 1997; Levitt et al., 2013; Ad-

hvaryu et al., 2023), and that learning is directly influenced by training as well as by institutional

factors such as the quality of peers and managers (e.g., Ma et al. (2024); Mas and Moretti (2009);
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Lazear et al. (2015)). However, despite considerable research studying institutional and technologi-

cal factors that influence human capital accumulation at work, little is known about environmental

constraints on learning-on-the-job. We provide the first evidence that ambient temperature sys-

tematically impedes workers’ ability to acquire skills and grow productivity.2 Given that firms in

low-income settings face high turnover and real-world employment typically involves continuous ex-

posure to new challenges — e.g., even in routine work like data entry, over time workers regularly

encounter updated software, modified procedures, or different content types — these findings suggest

that rising temperatures may represent an underappreciated barrier to the growth of human capital.

Finally, this paper is related to the literature studying temperature effects among school-aged

children, which finds negative effects of high temperatures on the test day itself on test performance

(Park, 2022) and mixed, though very suggestive impacts of higher temperatures throughout the

school year on test performance (Park et al., 2020; Graff Zivin et al., 2018; Garg et al., 2020).

Our study complements this work by examining temperature’s effects on labor productivity growth

— which is likely driven at least in part by on-the-job learning, a related but distinct construct

from academic learning — under strong economic incentives and among adults. Our results suggest

that temperature meaningfully impacts on-the-job productivity growth, in spite of the high powered

incentives and opportunities to adapt to heat through work flexibility that are present in our setting.

2. Background

2.1. Data-entry Work

This study draws on data from workers in a previously conducted experiment studying the

impact of increased sleep on productivity, cognition, and well-being (Bessone et al., 2021). The

workers were men and women, 25 to 55 years old, in Chennai, India. Workers were recruited by

advertising the job in low-income neighborhoods near the study office: the median distance between

the participants’ neighborhood and the study office was 3.8 kilometers. Given screening criteria and
2There is a related macro-economics literature studying the effects of temperature on GDP and TFP growth;

see Deschênes and Greenstone (2007) and Deschenes (2023) for reviews. Our micro-level evidence on individual
productivity growth complements this literature, though connecting the two requires assumptions about aggregation
that are beyond the scope of this paper.
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this recruitment procedure, the workers were literate but typically from lower socio-economic strata.

While each participant was enrolled for one month, recruitment was rolling and occurred over 19

months, providing substantial temperature variation with mean highs ranging from roughly 27°C

in December to just under 40°C in May (Figure Ic). Roughly 30% of workers had prior computer

experience and none had previous data-entry experience.

The experiment was designed to replicate a real data-entry job. Participants worked in an office

equipped with computers and the data-entry software. Each worker had a fixed desk. Workers were

asked to transcribe what appeared to be handwritten text following a prescribed template from the

left portion of the screen to the right portion of the screen (Figure A.1). Because each worker was

employed for one month, the task was held constant over time. The data-entry software records

the total number of characters entered and the number of mistakes per worker every five minutes.

Time worked within the day was also measured precisely: after two minutes without active typing

the software would note that the work was paused. Workers could pause and resume at any time.

The job was flexible but workers were incentivized for production. They could choose whether

or not to come to the office, their arrival and departure time between 9:30 a.m. and 8 p.m., and

how much work to do when they were present.3 A surveyor recorded the time they entered and left

the office each day. Workers were paid a fixed amount for every hour spent typing, and a variable

amount based on performance: a piece rate for every correct entry, and a penalty for every incorrect

entry. The incentives for production were designed to be strong: roughly two-thirds of pay was

performance-based (a piece rate on output) and the remaining third was time-based (an hourly rate

for time spent typing).

2.2. Climate in Chennai

Chennai, India has a tropical climate, though with substantial variation over the course of the

study duration given the rolling-enrollment. The coolest month is December, with a mean daytime

temperature of 25.2◦C, and the warmest month is May, with a mean daytime temperature of 35.3◦C

(Figure I, panel C). The mean temperature during working hours (“daytime”) over the 19 month
3A small subset of days was limited to shorter fixed hours to provide a productivity measure independent of the

choice of hours worked. All specifications include day-in-study fixed effects to control for these days.
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FIGURE I: Temperature in Chennai

(A) Within person variation in temperature
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Notes: This figure shows temperature variation for study participants and during the years of the study. All measures are
from gridded temperature data for the location of study office in Chennai, India. Panel A displays a histogram of the standard
deviation of average daily temperature for each worker during the study period. Panel B plots the average daily temperature for
each day in the study for a “representative worker” who had a median standard deviation of temperature across the study (1.6
SD) and was within 1 degree Celsius of the mean temperature. Panel C graphs the average daily maximum and daily minimum
temperature for each month. Panel D graphs the average temperature at each hour of the day.

period in which workers were enrolled was 30.3°C, ranging from 21.2°C to 40.8°C. Temperatures

typically peak around 2 p.m. (Figure I, panel D), though stay high until late afternoon or early

evening. Maximal temperatures were over 40◦C, however only 4.1% of days are above this cutoff.

These average temperatures are representative of the tropics, which house about 40% of the world’s

population (Wilkinson, 2014).
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3. Data

The analysis combines detailed data from three datasets: 1) productivity of 452 workers over 4

weeks of work, 2) weather data, and 3) pollution data. This section describes the sources of data

and how the raw data is cleaned and compiled for the analysis.

Productivity For each worker, we construct hourly and daily measures of performance at work.

The main measure of productivity, which was pre-registered for the original experiment, is average

quality-adjusted output: correct entries minus eight times incorrect entries. In addition, we examine

the total number of characters entered, the number of mistakes, how long participants spent actively

typing, and their typing earnings. We use the hourly data to compute average hourly output. We

use the daily measures to examine whether higher temperatures reduce total daily output, beyond

their effect on average hourly productivity by shifting work across time.

Beyond productivity, the data also record whether the worker was present at work and, if so,

exactly what time they arrived and left. This information is used to investigate the effect of temper-

ature on the extensive margin of labor supply. In addition, three tests were administered to measure

cognition. First, a psychomotor vigilance test — capturing alertness — was administered daily, sec-

ond, a hearts and flowers test — measuring inhibitory control — was administered on alternate days;

and third, a Corsi task — testing short term visual and spatial memory — was also administered on

alternate days. We use pre-specified formulas which combine each worker’s accuracy and reaction

time on each task to create a comprehensive measure of performance. The three metrics are also

combined into an Anderson (2008) index.

Temperature We use gridded hourly temperature data for the location of the study office.4 These

data are collected by the NCEP Climate Forecast System Reanalysis (CFSR) provided by the NOAA

National Centers for Environmental Prediction (NCEP), and are described in detail in Saha et al.

(2010). The data records the temperature (and relative humidity, which we use to compute heat

index for robustness) at the beginning of each hour in degrees Celsius, accurate to the nearest 0.1
4Because participants were recruited from nearby neighborhoods, these temperature measures are also strongly

correlated with workers’ temperature exposure outside the office, including at night.
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degree.5 The temperature data are matched to the productivity data at the hour-day level. From the

hourly temperature data we also create a daily-level dataset which records the average temperature

for each workday. We compute daily temperature as the average temperature during each worker’s

office hours, providing an accurate measure of the temperature experienced while at work.6

Pollution PM2.5, SO2, NO2, and O3 pollution data is sourced from Sharma and Mauzerall (2021).

PM10 is sourced from Copernicus Atmosphere Monitoring Service (2020). For each pollution mea-

sure, we source data captured every 3 hours from the closest of the 3 measurement stations in

Chennai that recorded data (the stations are approximately 9.7 kilometers, 14.2 kilometers and 14.5

kilometers away from the study site) and aggregate to the daily level.

4. Empirical Strategy

Effect on Productivity There are two ways in which contemporaneous temperature can affect

daily productivity. First, higher temperatures can make the worker less productive per unit of

time, either via reduced speed or by increasing mistakes. Second, higher temperatures might reduce

time spent at work, or time spent actively working while at the office. To investigate the direct

effects of temperature on contemporaneous productivity via these channels, we estimate the following

equation:

(1) Yid = β · Temperaturet(i,d) + αi + δd + γm + τi,d + Lt(i,d) + ϵid

Where i indexes workers, d indexes days since enrollment in the study (day-in-study), t(i, d)

indexes the calendar date for worker i on study day d, and m indexes calendar time using month-year

bins. Yid is a measure of productivity for a worker-day. Temperaturet(i,d) is the average temperature

in degrees Celsius for worker i on day d. αi, δd, and γm are worker, day-in-study, and month-by-
5NOAA data captures external temperatures. While indoor measurements are not available, the office was not air

conditioned and was connected to an open air courtyard via open windows and an open door, so indoor temperatures
tracked outdoor conditions relatively closely.

6When estimating effects on attendance and arrival and departure times, we instead measure temperature over
the standard working day (9 a.m. to 8 p.m.) to avoid defining temperature using workers’ endogenous labor supply
choices.
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year fixed effects, respectively. Worker fixed effects hold constant any differences across people in

inherent ability or anything about them that is fixed over time (e.g. their neighborhood). Day-in-

study fixed effects account for differences in output over time, which is particularly important given

the steep learning curve, with productivity quadrupling over the first 16 days on average.7 We include

month-by-year fixed effects, which are particularly important given the rolling enrollment of workers

in recruitment waves throughout the study period. By comparing workers exposed to different

temperatures within the same month and year, these fixed effects absorb differences in average worker

ability across recruitment periods that could otherwise be correlated with temperature. Month-by-

year fixed effects also absorb idiosyncratic month-specific factors, such as festivals, that may affect

productivity.8 τi,d is a vector of binary variables capturing the six experimental arms in the original

experiment, which are implemented following a baseline period on day eight. Following previous

work that estimates the effect of temperature on output, the main specification also controls for

three lagged values of temperature, Lt(i,d), to minimize bias due to serial correlation (Adhvaryu et

al., 2020; Somanathan et al., 2021; LoPalo, 2023). Standard errors are clustered at the worker level.

The coefficient of interest is β, which captures the effect of average daily temperature on measures

of output. We estimate the effect separately on quality adjusted output, the total number of entries,

the time spent typing, and the number of mistakes. Further, to investigate the margins of adjustment

underlying the total time spent typing, we estimate whether workers alter arrival or departure times

in response to higher temperatures. Separately, we also examine whether temperature impacts

attendance at the office.

The advantage of this worker-by-day level specification is that it takes into account an important

margin of adaptation: on warmer days, workers can choose to shift effort from hotter hours of the

day to cooler hours of the day. If they did so systematically, the immediate effect of temperature on

output in a given hour might be large, but the effect of temperature on average hourly productivity

would be much smaller. We can interpret β from the equation above as the average effect of

temperature on hourly productivity inclusive of this margin of adaptation.
7Day-in-study fixed effects also address day-specific activities administered as part of the original RCT.
8We also show that workers recruited in different seasons are comparable in English literacy, prior computer

experience, years of education, and math ability (Appendix Table A.1).
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Effect on Productivity Growth Beyond direct effects in the moment, higher temperatures can

also slow productivity growth over time if heat makes it harder for workers to learn skills on the job.

The key challenge in studying how temperature affects growth rates is distinguishing between level

effects, a temporary shock that reduces output in the short run but lasts only for the duration of the

shock, and growth effects, a shock that permanently slows the rate of productivity accumulation.

Dell et al. (2012) tackle this distinction by exploiting year-to-year variation in temperature within

countries and estimating distributed-lag models of growth. A pure level effect shows up as a short-

run drop in output that is offset once conditions normalize, so that the sum of current and lagged

temperature coefficients on growth converges to zero.9 By contrast, if temperature shocks leave the

economy permanently behind, the negative impacts persist and the cumulative sum of coefficients

across lags is negative. The intuition for our setting is similar: temporary heat shocks may reduce

workers’ productivity on a given day but should not alter their trajectory of improvement. In con-

trast, impacts on growth would suggest that exposure to heat in the past impairs the ability to learn

on the job, resulting in persistently lower productivity growth over time. In this case, productivity

growth remains lower across subsequent periods, and the cumulative sum of temperature effects pro-

vides a direct test of whether heat alters the pace of learning on the job, not just contemporaneous

performance.

We estimate the following equation:

(2) Productivity Growth Rateip =
J∑

j=0

βj · Temperaturet(i,p−j) + αi + δp + γm + τi,p + ϵip

Here, i indexes workers, t(i, p) indexes the dates during which worker i is in period p, m indexes

the month-year. j indexes the lag (i.e., the number of two-day blocks prior to the current period,

p). To reduce noise due to random fluctuations in output across days, productivity growth is

calculated by comparing differences in productivity for each worker across two-day blocks. The

definition of a time period, p, is therefore a two-day block. Temperature is calculated as the simple

average of the temperature during work hours across each period. The Productivity Growth Rateip
9Note that individual coefficients on each lag are not directly interpretable.
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FIGURE II: Increase in Average Hourly Productivity Over Study Period

(A) Productivity growth
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(B) Workers split by exposure to high temperature
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Notes: This figure shows how worker productivity evolves over the course of the study. Panel A plots average hourly productivity
across the 28 study days, normalized by first-day output. The dotted lines represent a piecewise linear fit to the data, with a
break after day 16. Panel B examines the same outcome variable, but separates participants who are exposed to above-median
(light blue) and below-median (dark blue) average temperatures over the study. Points are generated via a binscatter, with
a best-fit line for each temperature group. The sample in Panel B is restricted to the first 16 days to focus on the period of
productivity growth.

is calculated as productivity in period p minus productivity in p − 1, divided by productivity in

p − 1. Temperaturet(i,p−j) is the average temperature in degrees Celsius for worker i in period

t(i, p − j). We estimate the equation with one, two, and three lags. Given that productivity only

grows meaningfully for the first 16 days we are limited in the number of potential lags that can be

included. Three two-day lags provides nearly a week of lagged data while also leaving ten days over

which to evaluate growth. αi, δp, and γm are worker, time period, and month-by-year fixed effects,

respectively. τi,p are dummies for the participant’s treatment assignment from the original RCT and

are as defined in Equation 1. Standard errors are clustered at the worker level.

The estimate of interest is the sum of the coefficients on the measures of temperature,
∑J

j=0 βj ,

which captures the effect of temperature on the growth rate of productivity (Dell et al., 2012).

A negative and significant sum would indicate that cumulative exposure to higher temperatures

negatively affects productivity growth over time. The main results are estimated using the first

16 days of the study, when individual productivity is growing rapidly (Figure II, Panel A).10 The

sample consists of the 89.2% of workers who were present at the office more than 75% of the days
10This break point is data-driven. We estimate a piece-wise linear function to the raw productivity data and find

a break point at day 16. From day 17 onward, growth is flat.
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Table I: The Contemporaneous Effect of Temperature on Labor Outcomes

Average Hourly Outcomes Daily Outcomes

Quality Adjusted
Output

Total Number
of Entries

Active Typing
Time

Mistakes (per
100 entries)

Typing
Earnings

Present
(=1)

Check-in
Time

Check-out
Time

Hours
of Work

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Temperature (◦C) -20.891∗∗∗ -21.069∗∗∗ -0.288∗∗∗ 0.007∗∗ -0.456∗∗∗ -0.000 0.004 -0.008 -0.011

(2.828) (2.921) (0.038) (0.003) (0.076) (0.002) (0.004) (0.007) (0.008)

Dep. Var. Mean 1820.3 1948.4 29.23 0.827 35.27 0.893 10.59 18.33 7.740
Observations 7268 7268 7268 7267 7268 12655 10884 10884 10884

Notes: The unit of observation is a worker-day. The dependent variable is the average hourly quality adjusted output, calculated
as was pre-registered, for each worker and day in column 1. In column 2 the dependent variable is the average total number of
entries (correct and incorrect) per hour. Active typing time (column 3) is the average number of minutes per hour the worker
spends actively typing. Mistakes (column 4) is the number of incorrect entries per 100 entries. Typing earnings (column 5)
are the average earnings from data-entry in Rupees per hour. Present (column 6) is a dummy for whether the participant was
present in the office at any time that day. Check-in time (column 7) and Check-out time (column 8) are measured in base 10
hours, such that a coefficient of 0.1 corresponds to 0.1 hours or 6 minutes. Hours of work (column 9) is calculated at check-out
time minus check in time to capture the total time spent in the office. The sample includes all hours of the workday when
workers are in the office. All columns control for worker, day-in-study, and month-by-year fixed effects as well as three lags of
daily temperature and binary variables for the six underlying experimental arms. Standard errors are clustered at the worker
level. ***, **, and * indicate significance at the 1%, 5%, and 10% levels respectively.

to improve precision. We also remove the <0.01% of days in which participants were present in the

office for less than 1 hour to minimize noise.

Recent work in econometrics has shown that bias known as “dynamic bias” can arise if the

dependent variable is serially correlated and the specification does not control for the lag of the

dependent variable (Klosin, 2024). This source of bias is often much greater than the bias that

arises from including the lag as a control, known as “Nickell” bias (Nickell, 1981; Klosin, 2024). We

therefore also report estimates of the main specification controlling for the lag of the dependent

variable as well as lagged temperature to examine robustness.

5. Results

We document two sets of results: first, higher temperatures meaningfully reduce the contempora-

neous productivity of workers in an individual desk-based job, and second, higher temperatures have

a negative, statistically significant, economically large, and persistent effect on workers’ productivity

growth.
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5.1. Heat Reduces Productivity

Table I displays the effect of temperature on average hourly productivity and its components.

The dependent variable in column 1 is average hourly quality-adjusted output, which is calculated as

the total quality-adjusted entries produced by a worker in a day divided by the total number of hours

they were present at the office. The effect of temperature is negative and statistically significant,

suggesting a one degree Celsius increase in average daily temperature reduces average hourly quality-

adjusted output by 20.89 entries, or 1.1%. Columns 2 through 4 decompose this effect into the effect

on the total number of entries (i.e. both correct and incorrect entries), the number of minutes

spent actively typing, and the number of mistakes, respectively. The effect of temperature on the

total number of entries is very similar to the effect on quality-adjusted output, suggesting that the

effect is driven primarily by fewer characters entered rather than a substantial increase in mistakes.

Columns 3 and 4 confirm this intuition. A one degree Celsius increase in average daily temperature

reduces the time spent actively typing by 1.0%, accounting for the strong majority of the decline

in entries. Mistakes also increase by 0.9%. However, with less than 1 mistake per 100 entries on

average, this increase in errors has little influence on overall productivity as it results in roughly 0.14

additional errors per hour. This decline in time spent typing and entries leads to a corresponding

decrease in pay, which is a function of both time spent typing and output: average typing earnings

per hour falls by 1.3% (column 5). Further, consistent with an increase in breaks being the primary

driver of productivity declines, we find no relationship between temperature and several measures

of cognitive performance which capture sustained attention (PVT), working memory (Corsi), and

inhibitory control (Hearts and Flowers) (Table A.2).11 However, we cannot rule out that other

measures of cognition beyond the three tested here – sustained attention, inhibitory control, and

working memory – could be impacted.

The results described above show that higher temperatures affect contemporaneous productivity

by reducing the amount of time spent actively working conditional on coming to work. In addition,
11While previous work has found impacts of heat on cognition, the results are sensitive to the domain being

tested, the stakes of the test, and the baseline ability of the group such that null results appear with some regularity
(Graff Zivin et al., 2018, 2020; Park, 2022; Deschênes and Greenstone, 2007). These null results are unlikely to reflect
poor measurement: the same measures detected differences in cognition due to napping, suggesting they are sensitive
enough to pick up differences in cognition in this population.
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higher temperatures could also affect the extensive margin of labor supply or the time of arrival and

departure (Graff Zivin and Neidell, 2014). To investigate this margin of adjustment, columns 6-8

document whether temperature has an effect on worker absenteeism and arrival and departure times.

In column 6, the dependent variable is a binary variable that equals one if the worker is present at the

office on a given day, and zero otherwise. In columns 7 and 8, the dependent variables are the time

the worker checked into and out of the office, respectively. Temperature has no significant effect on

absenteeism (column 6) or on arrival and departure times (columns 7–8): all three effects are small

(less than 30 seconds for check-in/check-out) and statistically indistinguishable from zero, consistent

with (Cai et al., 2018) but in contrast to the absenteeism effects found in (Somanathan et al., 2021).

Workers in this context thus do not adjust labor supply in response to higher temperatures, either

by altering the number of days worked or by altering when they choose to work.12

Robustness We conduct five robustness checks. First, we aggregate these measures to estimate

the total impact on daily outcomes in Table A.3 with very similar results: declines in productivity

are large, statistically significant, and driven by additional breaks. Second, due to the inclusion of

the lag of temperature as a control in Table I, the main specification excludes days after a worker

is not present in the office because the lag of temperature is missing in that case. We address this

in two ways: Table A.4 follows the specifications in Table I, but fills in these missing lags with the

average temperature during work hours with similar results. The third check is displayed in Table

A.5, which reproduces Table I without the control for the lag of temperature. In both of these cases,

we find significant reductions in productivity driven by reduction in time spent typing and no change

in hours. Fourth, we examine robustness to the heat-index, which also captures humidity in Table

A.6.13 Although the magnitudes shift slightly as is expected given the different scaling, the effects

are qualitatively unchanged with similar orders of magnitude and significance (Lai et al., 2023).

Lastly, to ensure that results are not driven by pollution — which is correlated with temperature

and has detrimental effects on productivity — we estimate a specification with PM2.5, PM10, NO2,
12This result also reduces the likelihood of any selection effects in the sample we use to estimate the effect of

temperature on productivity.
13We choose the heat index rather than the wet-bulb temperature given that the work takes place in a shaded

location with a few fans helping to create light airflow, matching the heat-index assumptions well while still capturing
differences in how temperatures feel due to differences in humidity.
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SO2, and 03 as additional covariates. We find that the effects of temperature are once again highly

robust to the inclusion of all of these pollution controls (Table A.7).

5.2. Heat Slows Productivity Growth

Next, we examine whether higher temperatures affect not only the level of productivity, but also

productivity growth. The data entry task is well-suited to answer this question because none of the

recruited workers have previous data-entry experience, which leads to steep productivity growth as

they begin the job. Panel A of Figure II shows the average output per day over time which grows

roughly four-fold during the first 16 days on the job. To study the relationship between temperature

and productivity growth, we begin with a simple associational plot examining the rate of output

growth over time for those exposed to above median temperatures (light blue) versus those exposed

to below median temperatures (dark blue) (Figure II, Panel B). We normalize the productivity

measure by day one output to account for any initial differences across individuals, either due to

individual features or contemporaneous temperature. There is a clear difference in the rate of growth

over time by temperature: those with below median temperatures experience a more rapid increase

in productivity over time. The raw difference in productivity growth between above median average

daytime temperatures and below median average daytime temperatures is roughly 15.6% on the

last day of the learning period. However, these differences may underestimate or overestimate true

causal effects given differences in the population enrolled over time or partial acclimatization to

higher temperatures between seasons. We turn to our previously described empirical strategy to

address these concerns.

Drawing on estimating Equation 2 to identify causal effects, in Table II we document the effect

of temperature on productivity growth, defined as the difference in average hourly productivity

between block p and p − 1, divided by average hourly productivity in block p − 1. The sum of all

temperature coefficients is presented at the top of the column as it captures the effect of interest: the

effect of higher temperatures on productivity growth (Dell et al., 2012). However, for completeness,

we report both the individual coefficients associated with temperature and all its lags below as well.

In columns 1 and 2, only contemporaneous temperature is included as an explanatory variable.

15



Table II: The Effect of Temperature on Productivity Growth

Dependent Variable: Productivity Growth

N = 0 Lags N = 1 Lag N = 2 Lags N = 3 Lags

(1) (2) (3) (4) (5) (6) (7) (8)
Sum of Temperature Coefficients -0.007∗ -0.007∗ -0.005 -0.008 -0.015∗∗∗ -0.017∗∗∗ -0.026∗∗ -0.030∗∗∗

[0.082] [0.078] [0.339] [0.110] [0.008] [0.003] [0.013] [0.002]

Temperature (◦C) -0.007∗ -0.007∗ -0.011∗∗ -0.009∗ -0.013∗∗ -0.012∗∗ -0.019∗∗∗ -0.017∗∗∗

(0.004) (0.004) (0.005) (0.005) (0.005) (0.005) (0.007) (0.006)

Lag 1 of Temperature 0.006 0.002 0.005 0.001 0.002 -0.001
(0.005) (0.005) (0.006) (0.006) (0.008) (0.008)

Lag 2 of Temperature -0.007 -0.006 -0.006 -0.006
(0.006) (0.005) (0.006) (0.005)

Lag 3 of Temperature -0.003 -0.006
(0.006) (0.005)

Control for Lag of Dependent Variable No Yes No Yes No Yes No Yes
Dependent Variable Mean 0.0964 0.0964 0.0980 0.0980 0.0944 0.0944 0.107 0.107
Observations 2382 2382 2050 2050 1919 1919 1455 1455

Notes: The unit of observation is a worker by two-day block. The sample is the first 16 days of the study, while productivity is growing.
The dependent variable is the growth rate of productivity, calculated as the difference in hourly quality-adjusted output between block p
and p− 1, divided by hourly quality-adjusted output in block p− 1. All columns control for worker, two-day block, and month-by-year fixed
effects, and binary variables for the six underlying experimental arms. The number of lags of temperature in each specification is indicated
in the table at the top of the column. Even-numbered columns additionally control for the lag of the dependent variable. p-values are shown
in square brackets. Standard errors are clustered at the worker level and are presented in parentheses. ***, **, and * indicate significance
at the 1%, 5%, and 10% levels respectively.

Column 2 additionally controls for the lag of the dependent variable, to ensure that dynamic bias

is not driving the results, and finds very similar results with a decline in growth of 0.7 percentage

points for each additional degree Celsius of average daily temperature (Klosin, 2024). The subsequent

columns show the results adding one, two, and three lags of temperature, both with and without

the control for the lag of the dependent variable. We include a maximum of 3 lags – or 6 days –

given that the period of productivity growth is 16 days in total, resulting in a tradeoff between the

number of included lags and the sample size. This choice results in between 10 and 16 days of data

for the estimation of these results. We find that the total effect of temperature on productivity

growth is negative and increases in magnitude as we add more lags to the specification, providing

additional support for temperature’s impact on growth above and beyond level effects. The estimate

in column 8, with three lags as well as controls for the lag of the dependent variable is our preferred

point estimate and suggests that a one degree Celsius increase in the average temperature over the

last six days reduces productivity growth by 3.0 percentage points. Results are robust to using the
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Table III: No Evidence of Convergence in Productivity Following Heat Exposure

Panel A: Heterogeneous Effect of Temperature on Productivity Growth

Learning Half Post-Learning Learning Half Post-Learning
(1) (2) (3) (4)

Sum of Temperature Coefficients -0.026∗∗ 0.006 -0.030∗∗∗ 0.000
[0.013] [0.406] [0.002] [0.988]

Lag of Dependent Variable No No Yes Yes
Dependent Variable Mean 0.107 0.0182 0.107 0.0182
Observations 1455 1324 1455 1324

Panel B: Productivity in Final Study Week

Quality Adjusted
Output

Total Number
of Entries

Active Typing
Time

Mistakes (per
100 entries)

Typing
Earnings

(1) (2) (3) (4) (5)
Temperature (◦C) -22.213 -24.216 -0.363∗∗∗ -0.000 -0.493

(15.666) (15.661) (0.109) (0.010) (0.301)

Mean Learning Half Temperature -127.285∗∗ -119.597∗ -0.603∗∗ 0.028 -2.222∗∗

(61.740) (61.789) (0.258) (0.036) (1.066)

Dep. Var. Mean 2068.8 2194.4 29.74 0.668 39.15
Observations 1495 1495 1495 1495 1495

Notes: Panel A: The unit of observation is a worker by two-day block. The dependent variable is the growth rate of productivity,
calculated as the difference in hourly quality-adjusted output between block p and p − 1, divided by hourly quality-adjusted
output in block p− 1. All columns control for worker, two-day block, and month-by-year fixed effects. Columns (1) and (3) use
the first 16 days while growth is positive (“learning”); columns (2) and (4) use the remainder (“post-learning”). Columns (3)–(4)
additionally include the lag of the dependent variable. p-values are shown in square brackets. Panel B: Examines productivity
measures in the final week of the study, with the dependent variable as labeled in each column header. Temperature is the
average daily temperature on that day. “Mean Learning Half Temperature” is the mean temperature experienced over the first
16 days of the study. The specification includes fixed effects and controls as described in Equation 1 with two exceptions. First
we exclude worker fixed effects which are co-linear with the regressor of interest, though month-year fixed effects are maintained
to address confounding by recruitment wave. Second, we include 2 additional lags (5 in total) of temperature to account for
the gap between the first 16 days of the study and the final week, which starts on day 21. Standard errors are clustered at the
worker level and are presented in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels respectively.

difference in log productivity between t and t-1 as the dependent variable (Table A.8).

Falsification Tests Two placebo tests validate the causal interpretation of this result. First, a

natural implication of a causal interpretation is that future temperature should not predict current

productivity growth, even given the serial correlation in temperature. Leads thus serve as a placebo,

since tomorrow’s weather cannot cause today’s learning. If the leads mattered, we would suspect

an omitted variable, reverse causality, or anticipatory behavior. Appendix Figure A.2 explores this

by reproducing columns 7 and 8 of Table II, but sums the coefficients on the leading values of

temperature instead of the lag coefficients. The sum of the lead coefficients is of the opposite sign

and roughly one-third as large. This suggests that the effect of temperature on workers’ productivity

growth is specific to temperatures experienced in the past while they are actively learning, supporting
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a causal interpretation of the main result.

Second, we leverage the difference in the rate of productivity growth over time: the effect of

temperature on productivity growth should be present during the first half of the study, when pro-

ductivity grows rapidly, but should be absent in the second half, which sees very limited productivity

growth (Figure II, Panel A). To investigate this, we estimate Equation 2 separately for the first and

second half of the study. Panel A of Table III confirms this pattern. Columns 1 and 3 replicate the

results in Table II columns 7 and 8. Consistent with a causal effect, these coefficients become indis-

tinguishable from zero for the second half of the study when productivity growth stalls, suggesting

that the effects in the first half are not the result of simple persistence or serial correlation.

Persistence of the Effect An important question for the overall economic costs of these effects

is whether the productivity deficits caused by heat during the learning period are temporary, with

later convergence, or whether they persist. We examine this in two ways.

First, we ask whether workers exposed to higher temperatures during the learning period exhibit

accelerated productivity growth in the post-learning period, consistent with catch-up. For full catch-

up to occur, the sum of temperature coefficients in the post-learning period would need to be equal in

magnitude but opposite in sign. Panel A of Table III shows no such pattern: the sum of temperature

coefficients in the post-learning period is an order of magnitude smaller than in the learning period,

mixed in sign, and statistically insignificant, providing no evidence of meaningful convergence.

Second, we directly test whether heat exposure during the learning period leaves a permanent

mark on the level of productivity at the end of the study. Panel B examines productivity in the final

week of the study as a function of mean temperature experienced during the first 16 days, controlling

for contemporaneous temperature in the final week as well as temperature on all intervening days.

We find that each additional degree Celsius experienced during the learning period is associated with

a 6.2% reduction in productivity and a 5.7% reduction in earnings in the final week of the study —

effects that are statistically significant and economically meaningful. Together, these results suggest

that productivity losses from heat during the learning period persist for at least two weeks beyond

that period. While we cannot rule out catch-up in the longer run, there is no structural reason to

expect a delayed catch-up rather than an immediate one. To the extent these effects persist beyond
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the study period, the implications are compounding: workers who learn less during hot periods carry

a productivity deficit forward, adding to the direct costs of heat exposure.

6. Conclusion

This study provides evidence that high temperatures not only impede productivity in the mo-

ment, but also reduce the rate of productivity growth. Using detailed data from 452 data-entry

workers in Chennai, India, we find that a one degree Celsius increase in temperature reduces same-

day average hourly productivity by 1.1%, resulting in a reduction in hourly earnings of 1.3% for the

worker. The fine-grained data allow us to isolate the mechanisms for this change, highlighting the

role of increased breaks rather than changes in days or hours worked. Further, we document that

higher temperatures significantly slow learning on the job, with our preferred estimate indicating

that a one degree increase in average temperature over the past week reduces the rate of productiv-

ity growth by 3.0 percentage points. Critically, these losses persist throughout the study: workers

exposed to higher temperatures during the learning period remain less productive at the end of the

study, with no evidence of catch-up. This deficit has direct costs for workers, who experience slower

wage growth, and for firms, which face higher training costs and lower productivity.

These challenges are likely to be more acute in low- and middle-income countries, where faster

warming and limited climate control coincide with two forces that make learning-driven productivity

gains unusually frequent. First, high turnover means firms are constantly training new workers:

Blattman and Dercon (2018) document turnover rates of 33% in the first month and 77% in the first

year in Ethiopian garment factories. Second, even long-term employees with seemingly routine tasks

may face recurring learning curves. Adhvaryu et al. (2023) show garment line efficiency rises over

40% in the first month of a new style, with new runs starting every 2–3 weeks. Similar dynamics

are likely to arise in jobs like phone-based customer support or data entry as workers encounter new

software or procedures. Temperature’s impact on skill acquisition is thus a recurring cost imposed

each time a worker — new or established — has to learn something again. As low- and middle-

income economies shift toward more knowledge-intensive work, this interaction of heat, limited

climate control, and repeated skill acquisition may constrain both worker advancement and broader
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economic development.
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A. Appendix

FIGURE A.1: Data-Entry Software

Left side Right side

Notes: This figure shows screenshots of the data-entry software used by workers in the study. Panel A shows
the left side of the screen, which contains the fictional data to be transcribed by workers. Panel B shows the
right side of the screen, where workers entered the data. The text was divided into boxes, and participants
had to progress linearly, without the ability to skip fields or return to earlier fields. They also could not move
on to the next box if less than 20% of characters were correct.
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FIGURE A.2: The Effect of Temperature Leads on Productivity Growth
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Notes: This figure presents a falsification test for the productivity-growth results in Table II. The
unit of observation, estimation sample, dependent variable, and controls are the same across all four
specifications and match those in Table II. The two maroon bars plot the sum of the coefficients on three
lead temperature variables. For comparison, the two navy bars reproduce the sum of the coefficients
on contemporaneous and three lagged temperature variables from the last two columns of Table II.
Specifications labeled "with dep. lag" control for the lag of the dependent variable; those labeled "no
dep. lag" exclude it. Standard errors are clustered at the worker level and 95% confidence intervals
are reported.
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Table A.1: Balance in Characteristics Between Workers Enrolled at Different Times

April-September
(1)

October-March
(2)

p-value, 1 = 2
(3)

Literate in English (=1) 0.799 0.781 0.645
(0.030) (0.025)

Prior Computer Experience (=1) 0.247 0.306 0.179
(0.033) (0.028)

Years of Education 9.983 10.309 0.241
(0.210) (0.177)

Math Ability (=1) 0.632 0.615 0.716
(0.037) (0.029)

Notes: This table displays average worker characteristics for participants enrolled in different seasons of the year. Column 1
reports the average and standard error for characteristics of workers enrolled in summer, from April to September. Column
2 reports average characteristics for workers enrolled in winter, from October to March. Column 3 displays the p-value for
a t-test of equality between columns 1 and 2.

Table A.2: The Contemporaneous Effect of Temperature on Cognition

Dependent Variable is

Cognition Index PVT Corsi Hearts and Flowers
(1) (2) (3) (4)

Temperature (◦C) 0.003 0.001 -0.011 0.005
(0.007) (0.006) (0.010) (0.006)

Observations 6846 6701 3383 3412
R-squared 0.523 0.486 0.526 0.739

Notes: The unit of observation is the worker-day. The dependent variable in column 1 is an Anderson index
composed of all three measures of cognition in columns 2 - 4. PVT (attention) was administered daily. Corsi
(memory) and Hearts and Flowers (inhibitory control) were administered on alternate days. Score coding
on each task is as pre-registered in the original experiment, where higher scores indicate better performance.
All columns control for worker, day-in-study, and month-by-year fixed effects, and binary variables for the
six underlying experimental arms. Standard errors are clustered at the worker level. ***, **, and * indicate
significance at the 1%, 5%, and 10% levels respectively.

27



Table A.3: The Contemporaneous Effect of Temperature on Daily Work Outcomes

Dependent Variable is Daily

Quality Adjusted
Output

Total Number
of Entries

Active Typing
Time

Mistakes (per
100 entries)

Typing
Earnings

(1) (2) (3) (4) (5)
Temperature (◦C) -405.519∗∗∗ -422.395∗∗∗ -5.836∗∗∗ 0.007∗∗ -8.260∗∗∗

(37.358) (39.005) (0.513) (0.003) (0.901)

Dep. Var. Mean 14402.8 15412.6 230.7 0.827 279.5
Observations 7268 7268 7268 7267 7268

Notes: This table is identical to Table I columns 1-5, with the exception that all dependent variables except column 4 are daily totals rather
than average hourly values. Column 4, mistakes, remains a rate to avoid confounding the estimate with changes in overall output. All columns
control for worker, day-in-study, and month-by-year fixed effects, lagged temperature, and binary variables for the six underlying experimental
arms. Standard errors are clustered at the worker level. ***, **, and * indicate significance at the 1%, 5%, and 10% levels respectively.

Table A.4: The Contemporaneous Effect of Temperature Accounting for Absent Days

Average Hourly Outcomes Daily Outcomes

Quality Adjusted
Output

Total Number
of Entries

Active Typing
Time

Mistakes (per
100 entries)

Typing
Earnings

Present
(=1)

Check-in
Time

Check-out
Time

Hours
of Work

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Temperature (◦C) -17.824∗∗∗ -18.287∗∗∗ -0.249∗∗∗ 0.004 -0.393∗∗∗ -0.000 0.004 -0.008 -0.011

(2.517) (2.570) (0.032) (0.003) (0.058) (0.002) (0.004) (0.007) (0.008)

Dep. Var. Mean 1736.7 1862.0 28.72 0.868 33.71 0.893 10.59 18.33 7.740
Observations 10881 10881 10881 10878 10881 12655 10884 10884 10884

Notes: This table is identical to Table I with the exception that temperature lags are backfilled using the average temperature during standard
working hours (9 a.m. to 8 p.m.) for days a worker was absent in columns (1-5). This approach maximizes the data available for estimation. All
columns control for worker, day-in-study, and month-by-year fixed effects, and binary variables for the six underlying experimental arms. Standard
errors are clustered at the worker level. ***, **, and * indicate significance at the 1%, 5%, and 10% levels respectively.

Table A.5: The Contemporaneous Effect of Temperature without Dependent Variable Lag as Control

Average Hourly Outcomes Daily Outcomes

Quality Adjusted
Output

Total Number
of Entries

Active Typing
Time

Mistakes (per
100 entries)

Typing
Earnings

Present
(=1)

Check-in
Time

Check-out
Time

Hours
of Work

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Temperature (◦C) -12.446∗∗∗ -12.844∗∗∗ -0.159∗∗∗ 0.003 -0.284∗∗∗ 0.002 -0.003 -0.005 -0.003

(2.347) (2.399) (0.028) (0.003) (0.055) (0.002) (0.003) (0.006) (0.007)

Dep. Var. Mean 1736.7 1862.0 28.72 0.868 33.71 0.893 10.59 18.33 7.740
Observations 10881 10881 10881 10878 10881 12655 10884 10884 10884

Notes: This table is identical to Table I with the exception that lags of temperature for previous days are excluded from
the regression. All columns control for worker, day-in-study, and month-by-year fixed effects, and binary variables for the six
underlying experimental arms. Standard errors are clustered at the worker level. ***, **, and * indicate significance at the 1%,
5%, and 10% levels respectively.
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Table A.6: The Contemporaneous Effect of a Heat Index on Labor Outcomes

Average Hourly Outcomes Daily Outcomes

Quality Adjusted
Output

Total Number
of Entries

Active Typing
Time

Mistakes (per
100 entries)

Typing
Earnings

Present
(=1)

Check-in
Time

Check-out
Time

Hours
of Work

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Heat Index -24.716∗∗∗ -25.615∗∗∗ -0.352∗∗∗ 0.003∗ -0.553∗∗∗ -0.000 -0.000 -0.006 -0.006

(1.994) (2.080) (0.025) (0.002) (0.051) (0.002) (0.004) (0.006) (0.008)

Dep. Var. Mean 1820.3 1948.5 29.23 0.827 35.27 0.893 10.59 18.33 7.740
Observations 7266 7266 7266 7265 7266 12655 10884 10884 10884

Notes: This table is identical to Table I with the exception that temperature is defined as the heat index. All
columns control for worker, day-in-study, and month-by-year fixed effects, lagged temperature, and binary variables
for the six underlying experimental arms. Standard errors are clustered at the worker level. ***, **, and * indicate
significance at the 1%, 5%, and 10% levels respectively.

Table A.7: The Contemporaneous Effect of Temperature Controlling for Pollution

Average Hourly Outcomes Daily Outcomes

Quality Adjusted
Output

Total Number
of Entries

Active Typing
Time

Mistakes (per
100 entries)

Typing
Earnings

Present
(=1)

Check-in
Time

Check-out
Time

Hours
of Work

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Temperature (◦C) -21.509∗∗∗ -21.600∗∗∗ -0.297∗∗∗ 0.009∗∗∗ -0.464∗∗∗ -0.000 0.005 -0.005 -0.009

(2.968) (3.069) (0.039) (0.004) (0.080) (0.002) (0.004) (0.007) (0.009)

Dep. Var. Mean 1820.3 1948.4 29.23 0.827 35.27 0.893 10.59 18.33 7.740
Observations 7268 7268 7268 7267 7268 12655 10884 10884 10884

Notes: This table is identical to Table I with the exception that all columns control for average daily pollution, proxied by
PM2.5, PM10, N02, SO2, and O3. For each pollution proxy, we source data from the measurement station in Chennai that
recorded a measurement and aggregate to the daily level. In addition to pollution, all columns control for worker, day-in-study,
and month-by-year fixed effects, lagged temperature, and binary variables for the six underlying experimental arms. Standard
errors are clustered at the worker level. ***, **, and * indicate significance at the 1%, 5%, and 10% levels respectively.
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Table A.8: The Effect of Temperature on Productivity Growth Using Change in Log of Productivity

Dependent Variable: Difference in Log Productivity

N = 0 Lags N = 1 Lag N = 2 Lags N = 3 Lags

(1) (2) (3) (4) (5) (6) (7) (8)
Sum of Temperature Coefficents -0.008∗∗ -0.007∗∗ -0.005 -0.007∗ -0.013∗∗ -0.014∗∗∗ -0.023∗∗ -0.027∗∗∗

[0.017] [0.017] [0.209] [0.055] [0.010] [0.005] [0.011] [0.001]

Temperature (◦C) -0.008∗∗ -0.007∗∗ -0.011∗∗ -0.009∗∗ -0.013∗∗ -0.010∗∗ -0.017∗∗∗ -0.013∗∗

(0.003) (0.003) (0.004) (0.004) (0.005) (0.004) (0.006) (0.005)

Lag 1 of Temperature 0.006 0.002 0.005 0.001 0.002 -0.002
(0.005) (0.004) (0.006) (0.005) (0.007) (0.006)

Lag 2 of Temperature -0.005 -0.005 -0.007 -0.007
(0.004) (0.004) (0.005) (0.004)

Lag 3 of Temperature -0.002 -0.005
(0.005) (0.004)

Control for Lag of Dependent Variable No Yes No Yes No Yes No Yes
Dependent Variable Mean 0.0656 0.0656 0.0677 0.0677 0.0647 0.0647 0.0793 0.0793
Observations 2382 2381 2050 2050 1919 1919 1455 1455

Notes: This table is identical to Table II with the exception that the dependent variable, productivity growth, is calculated as
the difference in the log of hourly quality-adjusted output between block p and p− 1. All columns control for worker, two-day
block, and month-by-year fixed effects, and binary variables for the six underlying experimental arms. The number of lags of
temperature in each specification is indicated in the table at the top of the column. Even-numbered columns additionally control
for the lag of the dependent variable. p-values are shown in square brackets. Standard errors are clustered at the worker level
and are presented in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10% levels respectively.
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