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how heat stress affects the labour share—measured as labour compensation relative to firm sales—using a 
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heat stress significantly reduces the labour share, with results robust across alternative specifications. This 

decline is driven primarily by production adjustments, especially capital–labour substitution. We also present 

suggestive evidence that heat stress may strengthen firms' market power and interact with labour regulations 

in shaping firm responses. Combining our estimates with climate projections, future warming is likely to 

intensify labour share declines across regions. Our findings identify climate change as an important and 

underexplored driver of distributional change in developing economies. 
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1 Introduction

The negative impacts of climate change on economies has emerged as one of the most press-

ing concerns around the globe. According to a recent report by the Intergovernmental Panel

on Climate Change (IPCC), the rate of global warming is accelerating, with global surface tem-

peratures already 1.1◦C higher than pre-industrial levels (Intergovernmental Panel on Climate

Change 2021). Such a warming trajectory is expected to intensify not only the frequency but

also the severity of extreme weather events, creating profound challenges for economies and

labour markets worldwide. Motivated by these concerns, a growing body of literature has ex-

amined the economic consequences of rising temperatures and extreme heat exposure. Ex-

isting studies document substantial impacts on economic growth (Burke et al. 2015; Kalkuhl

and Wenz 2020), agricultural and industrial output (Colmer 2021; Mendelsohn et al. 1994;

Schlenker et al. 2005; Somanathan et al. 2021), labour supply and productivity (Somanathan

et al. 2021; Zivin et al. 2020), human health (Barreca et al. 2016; Patz et al. 2005)), and emo-

tional well-being (Rehdanz and Maddison 2005).

In this paper, we examine how heat stress affects the labour share in India’s manufacturing

sector, with labour share defined as the ratio of labour compensation to firm sales.1 The de-

cline in labour share is a well-documented phenomenon in both developed countries and low-

and middle-income countries (LMICs) (Autor et al. 2020; Karabarbounis and Neiman 2014).

While this trend poses challenges globally, it is particularly consequential in LMICs, where lim-

ited social safety nets and other structural features of labour markets can heighten worker vul-

nerability and shape firms’ adjustment responses. These dynamics can intensify wage pres-

sures, employment insecurity, and inequality, while also impeding the process of structural

transformation. Existing research has primarily attributed the decline in labour share to glob-

alization, technological change, shifts in industrial composition, and institutional reforms (for a

review of this literature, see Grossman and Oberfield 2022). Yet, despite growing evidence on

the economic impacts of climate change, the role of rising temperatures in driving labour share

erosion remains underexplored.

Rising heat stress can affect the labour share through several distinct but interrelated path-

ways operating within firms. First, extreme heat reduces workers’ productivity and effective

labour supply while increasing health and safety risks, thereby raising the effective cost of

labour (Park et al. 2021; Somanathan et al. 2021; Zivin et al. 2020). In settings where capital

1 Our results remain robust to alternative specifications that use gross output or value added in the denominator.
However, in the ASI data—as in many firm-level manufacturing datasets from developing countries—a consistent
measure of gross value added is not directly reported by firms and must instead be constructed using information
on output and inputs. These constructed value-added measures are particularly vulnerable to deflation issues and
measurement error arising from the under-reporting of output and incomplete information on intermediate inputs.
For these reasons, revenue-based measures are generally preferred.
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and labour are technologically substitutable and the relative cost of capital has declined due

to trade liberalization and capital market reforms (Karabarbounis and Neiman 2014; Mutreja

et al. 2018), firms may respond to heat-induced efficiency losses by adopting more capital-

intensive production techniques. When the elasticity of substitution between capital and labour

is high—as documented for several manufacturing industries in India (Goldar et al. 2013; Gu-

jarati 1966; Upender 2009)—such adjustments can lead to a decline in labour’s share of in-

come even when firm identity remains fixed.

Beyond production choices, heat stress may also reshape the competitive environment faced

by firms. By disproportionately constraining smaller, less productive, or more heat-exposed

firms, rising temperatures can weaken competitive pressure within local markets, increasing

concentration and strengthening the market power of incumbent firms (Autor et al. 2017, 2020;

Ponticelli et al. 2023). Reduced competition can enable within-firm adjustments in pricing, out-

put, and factor shares that further depress labour’s share. Finally, the impact of heat stress on

labour share is mediated by labour market institutions. In the presence of rigid labour regula-

tions that limit firms’ ability to adjust regular employment, such as firing restrictions under the

IDA, firms may absorb heat-induced productivity shocks through alternative within-firm mar-

gins, including capital deepening and shifts towards more flexible forms of labour (Bertrand

et al. 2025; Colmer 2021). Together, these channels underscore how climate stress can also

operate as a force shaping market power, firms’ production decisions, and adjustment be-

haviour in ways that systematically disadvantage labour.

To proceed, we construct a long panel dataset from the Annual Survey of Industries (ASI) in

India, employing a detailed matching methodology, and further link it with high-resolution cli-

mate data from the European Centre for Medium-Range Weather Forecasts (ECMWF). To our

knowledge, this is the first paper to estimate the impact of heat stress on labour share in the

Indian manufacturing sector using a comprehensive firm-level dataset. The analysis comple-

ments recent studies that examine the broader economic impacts of climate change in devel-

oping countries (Somanathan et al. 2021; Zivin et al. 2020), as well as work focusing on the

relationship between automation and labour share dynamics (Acemoglu and Restrepo 2018;

Karabarbounis and Neiman 2014).

Our main findings reveal that extreme heat significantly reduces the labour share in India’s

manufacturing sector. Specifically, one additional day in a year with a maximum temperature

recorded between 30◦C and 33◦C is associated with a 0.0071 percentage point (p.p.) decline

in labour share, which is equivalent to nearly a 0.07 p.p. annual reduction for ten such hot

days. The effect is slightly larger for days above 33◦C, where each additional day decreases

labour share by 0.0091 p.p. This corresponds to a 0.08% decline at the sample mean. Ex-

amining the underlying components of labour share, we find that these effects are driven by

changes in both employment composition and wages within firms. In particular, heat stress re-
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duces the employment and work days of female workers, while leaving male and contract em-

ployment largely unchanged. At the same time, the average wages of contract workers decline,

whereas wages of permanent male workers increase. We also find that firm sales increase

under heat stress, suggesting that the decline in labour share is not driven by a contraction in

economic activity, but rather by within-firm adjustments in workforce composition, compensa-

tion, and revenue generation.

The findings are robust across a wide range of alternative specifications and checks. The es-

timates remain stable when we cluster standard errors at alternative levels, including firm,

district–industry, and state levels. The results are also robust to controlling for state-specific

time trends and industrial disputes and are not sensitive to alternative definitions of labour

share, including measures based on gross output and value added. The findings remain quali-

tatively similar when restricting the sample to firms with at least ten employees. We further test

our results to the alternative choice of reference temperature bins and a range of measures of

extreme heat, including humidity-adjusted heat indices.

Examining potential channels, we provide suggestive evidence that the decline in labour share

is driven primarily by production adjustments within firms, particularly capital–labour substi-

tution. Consistent with this mechanism, we find that an increase in heat exposure relative to

moderate temperatures increases the capital-to-labour ratio, automation-related capital stock

(plant and machinery; computers and software), as well as investment in total fixed assets, and

that the decline in labour share is more pronounced in industries with higher capital–labour

substitutability. We also find evidence consistent with additional, complementary channels.

Rising temperatures are associated with increased local market concentration, suggesting that

heat stress alters the competitive environment in ways that may enable firms to adjust pric-

ing, output, and factor use within the firm. Further, labour market institutions shape firms’ re-

sponses to heat-induced productivity shocks: in the presence of rigid labour regulations, firms

rely more heavily on alternative adjustment margins such as employment composition of per-

manent and contract workers as well as capital deepening, amplifying the decline in labour

share. Taken together, these results highlight capital–labour substitution as the primary ad-

justment margin, with changes in competitive conditions and institutional constraints further

shaping firms’ responses to heat stress.

Further, we use climate model projections under alternative emissions scenarios to assess

how continued warming may shape the future distribution of income between labour and cap-

ital. By combining estimated temperature–labour share relationships with downscaled climate

projections, we provide a forward-looking assessment of how climate change may exacerbate

existing declines in labour’s share, with substantial heterogeneity across regions. This exercise

highlights the long-run distributional consequences of climate change and underscores the im-

portance of incorporating labour market outcomes into climate impact assessments.
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2 Literature

Our paper contributes to several strands of literature. First, we contribute to the literature on

the long-run decline in labour share and its drivers. A growing macro- and microeconomic liter-

ature has documented falling labour shares across countries and industries (Autor et al. 2020;

Karabarbounis and Neiman 2014). As noted previously, explanations that have been proposed

include cheaper capital goods and capital deepening, globalization, market structure, and tech-

nology price shifts (Acemoglu and Restrepo 2018; Autor et al. 2020; Elsby et al. 2013; Leblebi-

cioğlu and Weinberger 2021). Our paper highlights climate as an additional potentially impor-

tant influence: heat stress, by raising effective labour costs, can accelerate capital deepening

and automation, thereby contributing to labour share erosion at the firm level in manufacturing.

To our knowledge, there are only two studies that examine this link: Lyu et al. (2024) and Qiu

and Yoshida (2024). Lyu et al. (2024) analyse Chinese manufacturing firms using the Annual

Survey of Industrial Enterprises (ASIE), which primarily covers relatively large firms (with an-

nual sales revenue exceeding RMB5 million or US$726,069). They show that extreme heat

reduces labour share mainly through capital–labour substitution. Qiu and Yoshida (2024), us-

ing US county-level labour shares, document that extreme temperatures reduce labour share

and accelerate the adoption of industrial robots, an option more relevant for larger and more

capital-intensive firms.

Our paper complements and extends this emerging literature along several dimensions. First,

we provide evidence from India’s manufacturing sector, where both climatic conditions and

institutional features differ markedly from those in China and the United States. In particular,

higher baseline temperatures and humidity in many parts of India may amplify the productiv-

ity effects of heat stress, while the prevalence of contract labour and differences in the design

and enforcement of labour regulations create distinct margins of adjustment for firms. In addi-

tion, unlike the ASIE, the ASI covers a broader set of firms, including smaller and less capital-

intensive establishments.2 This distinction is important in a developing-country context, where

smaller firms face tighter financial constraints and may have limited capacity to adopt capital-

intensive adaptation strategies, potentially altering both the magnitude of the effects and the

mechanisms at play. Second, while existing work primarily emphasizes technological adjust-

ment, we adopt a broader firm-level perspective and document multiple, complementary chan-

nels, including changes in local market concentration and the role of labour market regula-

tion. Our findings suggest that the effects of heat on labour share operates also through these

mechanisms.

2 Indeed, our sample includes firms with annual sales revenue as low as INR36,000 in a year (approximately
US$385).
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We also contribute to the literature on the economic effects of climate change. Our paper is

most closely related to studies that investigate the impacts of climate change on firm dynam-

ics, economic activity, and worker productivity (for a comprehensive review of early works, see

Dell et al. 2014). At the macro level, cross-country evidence shows a nonlinear relationship be-

tween temperature and economic production, with hotter countries suffering disproportionately

larger losses (Burke et al. 2015). At the micro level, daily temperature shocks have been linked

to lower labour supply and productivity (Graff Zivin and Neidell 2014; Somanathan et al. 2021;

Zhang et al. 2018), lower operating profits (Pankratz et al. 2023), reduced industrial output

(Chen and Yang 2019; Somanathan et al. 2021), increased tax avoidance (Tang et al. 2023),

and reallocation of labour across sectors (Colmer 2021). Our paper shifts the focus to the dis-

tributional consequences: we show that extreme heat erodes labour’s share of income by in-

ducing capital–labour substitution and automation affecting worker welfare in an LMIC context.

Finally, we contribute to the labour regulation literature in India. Fallon and Lucas (1993) show

the 1976 Industrial Disputes Act (IDA) amendment cut formal employment by 17.5%, while

Dutta Roy (2004) notes significant adjustment costs, with the 1982 amendment having little

impact. Strict labour laws, import competition, greater bargaining power of permanent work-

ers, and open-ended efficiency wage contracts increase contract labour and informality: Chau-

rey (2015), Saha et al. (2013), Basu et al. (2021) Chakraborty et al. (2024), Bertrand et al.

(2025), and Chiplunkar et al. (2024) document these effects. Evidence in the context of India

also shows that pro-worker states experience lower output, employment, investment, and pro-

ductivity (Besley and Burgess 2004), while similar dampening for trade and licensing reforms

are documented by Hasan et al. (2007) and Aghion et al. (2008). Chakraborty et al. (2024)

show that labour market regulation and its interaction with international trade determines the

organization of production in manufacturing firms. Soundararajan (2019) finds that the effect of

minimum wages on employment and wages significantly increases with an increase in enforce-

ment. We extend this literature by examining how climate shocks interact with the regulations

to shape labour share.

The rest of the paper unfolds as follows. Section 3 provides the background. Section 4 dis-

cusses the data and empirical method. Results are presented in Section 5. Section 6 explores

the plausible mechanisms. The projected impacts on labour share under different warming

scenarios are examined in Section 7. The last section concludes.
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3 Background

3.1 Heat stress in LMICs

According to the IPCC (2021), rising global temperatures will increase the frequency, inten-

sity, and duration of extreme heat events across all regions. LMICs are especially vulnerable

to these hazards due to a combination of their geographic location, increasing exposure to

heat, higher reliance on climate-sensitive sectors, limited access to adaptive technologies, and

weaker institutional and infrastructural capacity. This makes LMIC economies more susceptible

to broader economic disruption.

A significant portion of the workforce in LMICs is engaged in sectors such as agriculture, man-

ufacturing, and construction, where work often takes place outdoors or in poorly climate-controlled

environments. The International Labour Organization (2019) estimates that by 2030, global

warming could result in a reduction of more than 2% of total working hours, with losses con-

centrated in LMICs due to their higher exposure to heat stress and the predominance of man-

ual and routine labour tasks.

Heat stress reduces worker productivity, increases health risks, and drives absenteeism, con-

tributing to the rising relative cost of labour (International Labour Organization 2019; Kjellstrom

et al. 2009). Beyond these supply-side impacts, extreme heat can induce strategic firm-level

responses. Firms may react to heat-induced productivity losses by increasing their reliance

on automated production processes and substituting capital for labour—thereby reducing the

labour share—or by investing in climate-control technologies. However, empirical evidence

on firm-level responses remain limited in the context of LMICs, particularly on the extent to

which such adaptation measures influence sectoral labour shares and inequality. To assess

the broader economic implications of climate change, it is crucial to understand these mecha-

nisms at the sector level.

3.2 Declining firm-level labour share

A significant decline in the labour share has been observed across advanced and developing

economies over recent decades (Autor et al. 2020; Karabarbounis and Neiman 2014). In In-

dia, from 1980 to 2016 the aggregate economy-wide labour share declined from 54% to 49%

(Basu and Veeramani 2021) and, more notably, within the organized manufacturing sector. A

study utilizing data from the ASI reveals that the wage share in this sector declined from ap-

proximately 30% in 1980 to under 20% by 2021–22, while the profit share surged, especially

post-2000, peaking at over 60% (Jha 2024). This trend reflects deep structural changes in pro-

duction processes, driven by erosion of labour market institutions, technological progress, au-
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tomation, globalization, and changes in relative factor prices.

The phenomenon is particularly concerning in the context of LMICs such as India, given the

reliance of large segments of the population on wage employment in manufacturing and other

sectors. Falling labour share implies not only growing inequality but also potential setbacks for

inclusive growth and structural transformation. Unlike more advanced economies, many LMICs

face weaker labour protections, larger informal sectors, and limited social safety nets, which

make workers more vulnerable to adverse shifts in the labour–capital mix. In India, where the

manufacturing sector remains crucial for employment generation and poverty reduction, the

declining labour share could undermine economic development goals. As firms respond to

changing economic and environmental conditions, structural shifts such as increased capital

intensity or automation may lead to the marginalization of low-skilled workers, further exacer-

bating inequality.

4 Data and empirics

4.1 Data sources

Annual Survey of Industries

We use ASI, a Government of India census of registered manufacturing firms, covering finan-

cial years between 1998–99 and 2019–20. The ASI provides information on all large firms

(employing more than 100 workers) each year and about one-fifth of randomly selected small

firms registered under the Indian Factories Act of 1948. Using a matching methodology similar

to that of Allcott et al. (2016) and Somanathan et al. (2021), we generate a firm-level (unbal-

anced) panel with both firm and district identifiers for the entire sample period. This includes

the firms that were in the same location during the sample period. The final dataset covers a

total of 69,161 firms and 309,472 firm–year observations for the sample period. The distribu-

tion of ASI firms across districts is provided in Figure 1. The data classifies firms across man-

ufacturing industries on the basis of National Industrial Codes (NIC) and provides statistics on

production activities, inputs, fixed assets, working capital, debt, expenditures, output produc-

tion, employment, and wages of workers. The data matching and cleaning process undertaken

to generate the panel dataset is elaborated further in Appendix A.
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Figure 1: District coverage of ASI firms in India (1998–2019)

Note: the figure provides the spatial coverage of total number of ASI firms surveyed between 1998 and 2019 at

the district level. The map is generated in R, using a shapefile provided by Survey of India, Ministry of Science

and Technology, India at http://onlinemaps.surveyofindia.gov.in/Digital_Product_Show.aspx.

Source: authors’ compilation using Annual Survey of Industries (1998–2019), MOSPI.

The data has an exceptionally wide coverage and is comparable to industrial surveys in other

developed countries, including the United States. However, the survey does not cover manu-

facturing industries that fall outside the purview of the Indian Factories Act.3 The exclusion of

the informal manufacturing industry is a key limitation of our study. The employment growth in

the informal tradable industry has been quite remarkable since the trade liberalization period of

the early 1990s. As Ghani et al. (2015) document, informal tradable manufacturing accounted

for 19% of employment in 1989 and grew to 39% by 2010. We acknowledge that by focusing

solely on the formal sector we may overlook some key channels through which climate shocks

3 The ASI is a weighted sample, representative of manufacturing firms registered under the Factories Act. Smaller
factories—those with fewer than ten workers (or fewer than 20 workers in factories without electricity)—are not
required to register under the Act and are therefore excluded from the ASI.
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affect firm-level labour share in a segment of the economy that is arguably more vulnerable

due to weaker regulations, lower capital intensity, and limited adaptive capacity. As such, our

findings may underestimate the full distributional impact of climate change on labour share in

the broader manufacturing landscape and the impacts could be larger than for our ASI sample.

Weather data

We obtain high-resolution weather data for India from the ERA5-Land dataset, provided by the

ECMWF and accessed through the Copernicus Climate Data Store (Buontempo et al. 2022).

The dataset offers gridded climate variables with a horizontal resolution of 0.1◦× 0.1◦. Specif-

ically, we utilize hourly temperature and dewpoint temperature data to construct a comprehen-

sive set of heat exposure measures.4 In addition, monthly precipitation data is utilized to com-

pute total annual precipitation.

The hourly weather data is aggregated to the annual level to match the frequency of our firm-

level survey data. As the ASI dataset does not report precise geographic coordinates for in-

dividual firms, we spatially average the gridded weather data over the geographical bound-

aries of each district. These district-level averages are then assigned to firms based on their

reported district of operation, ensuring consistent matching between weather data and firm

location. The visual representation of average daily temperature (◦C) and total annual precipi-

tation (millimetres) between 1998 and 2020 for India is provided in Figure 2.

Our main measure of heat exposure is the number of days in a year when the average daily

temperature is recorded within a predefined bin. Contrary to the use of annual averages, this

choice allows us to capture the temperature distribution within a year and avoids smoothing out

extreme tails that can underestimate the impact of extreme heat. Using the temperature bins,

we are able to capture the frequency and intensity of extreme heat exposure accurately, which

is relevant in the estimation of economic responses to heat.

To further assess the robustness of our results, we construct alternative measures of extreme

heat captured through daily maximum temperature bins, as well as a count of the number of

days above predefined absolute temperature thresholds. In addition, to account for the com-

bined effects of temperature and humidity, we construct the National Oceanic and Atmospheric

Administration (NOAA) Heat Index and Wet-Bulb Globe Temperature (WBGT) using hourly

temperature and relative humidity data. These measures provide complementary proxies of

heat-related stress experienced by firms. We elaborate further on the construction of the Heat

Index in Appendix B and WBGT in Appendix C. The distribution of days count across specified

bins is visualized in Figures 3 and 4.

4 We follow Bolton (1980) to compute measures of atmospheric moisture—saturation vapour pressure and actual
vapour pressure—and subsequently calculate relative humidity using the standard equation (CEOP 2013). This
allows us to construct additional humidity-adjusted measures of heat exposure.
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Figure 2: Spatial distribution of weather data in India (1993–2020)

Note: the figure provides the spatial distribution at the district level (a) of average daily temperature (◦C); (b)
number of days with average daily temperature above 30◦C; and (c) total annual precipitation (mm) between 1993
and 2020. The maps are generated in R, using a shapefile provided by Survey of India, Ministry of Science and
Technology, India at http://onlinemaps.surveyofindia.gov.in/Digital_Product_Show.aspx.
Source: authors’ compilation using ERA5-Land dataset (ECMWF).
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Figure 3: Distribution of the NOAA Heat Index across bins in India (1998–2020)

Note: the figure provides the distribution of days recording Heat Index (◦C) in a specific bin between 1998 and

2020.

Source: authors’ compilation using ERA5-Land dataset (ECMWF) and NOAA Heat Index formula.

Figure 4: Distribution of wet-bulb globe temperature across bins in India (1998–2020)

Note: the figure provides the distribution of days recording wet-bulb globe temperature (◦C) in a specific bin

between 1998 and 2020.

Source: authors’ compilation using ERA5-Land dataset (ECMWF) and Lemke and Kjellstrom (2012) WBGT

formula.
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Labour regulations

We examine the role of labour regulation as a potential channel through which firms adjust to

heat-induced productivity shocks. The institutional framework governing labour relations in

India is anchored in the IDA of 1947, which outlines the legal processes for resolving indus-

trial disputes and regulating employer–employee relations in the formal manufacturing sector.

While originally enacted as a central law with uniform applicability, India’s federal structure al-

lows states to amend its provisions, leading to substantial cross-state variation in labour reg-

ulations over time. The IDA governs several aspects of industrial relations, including strikes,

layoffs, retrenchments, and plant closures.

Our analysis focuses on Chapter V(B) of the IDA, which imposes stricter regulations on indus-

trial establishments above a size threshold. In particular, firms employing 100 or more regular

workers (50 workers in the case of West Bengal) are required to obtain prior government ap-

proval before undertaking layoffs, retrenchments, or closures, and must comply with advance

notice and severance requirements. We interpret this threshold as the point at which labour

regulation becomes binding for firms. Importantly, these provisions do not apply to contract

workers, creating incentives for firms to adjust their workforce composition by increasing re-

liance on temporary or contractual labour in order to circumvent regulatory constraints.

To operationalize this framework, we compile a novel dataset of state-level amendments to

Chapter V(B) of the IDA over the period 1998–2020, capturing variation in the threshold for

regulatory coverage across states and over time. Following Colmer (2021), we construct a

firm-level indicator that takes the value 1 if a firm is subject to the provisions of Chapter V(B),

and 0 otherwise. This measure captures applicable state-specific thresholds and firm-level ex-

posure to labour regulation based on employment size. The indicator varies over time within

firms due to changes in firm size as well as state-level amendments to the Act.

Summary statistics

Table 1 presents summary statistics for the key variables used in the analysis. The average

labour share, measured as the ratio of total compensation to sales, is approximately 11.3%,

indicating that labour accounts for a meaningful, though not dominant, share of firm revenue.

There is considerable variation across firms, reflecting heterogeneity in production structures

and workforce composition within the manufacturing sector.

In terms of firm characteristics, the average firm employs 178 workers, with substantial dis-

persion in firm size. Sales revenues vary widely across firms, with the average annual sales

revenue at approximately INR500,000,000 (INR 50 crore). The capital-to-labour ratio and cap-

ital stock also exhibit significant heterogeneity, consistent with the coexistence of both labour-

intensive and capital-intensive firms in the sample.
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Turning to climate variables, firms are frequently exposed to high-temperature days, partic-

ularly in the upper-temperature bins (e.g. above 27◦C), underscoring the relevance of heat

stress in the Indian context. The average WBGT across firm locations is 22.2◦C, correspond-

ing to moderate heat stress conditions under which productivity losses may arise. Overall, the

summary statistics highlight substantial variation in both firm characteristics and climate ex-

posure, providing a suitable setting to examine the impact of temperature shocks on labour

share.
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Table 1: Summary statistics of variables of interest (1998-2019)

Variable Obs. Mean Median SD Min. Max.

A. Firm characteristics
Age of the firm 309,472 19.4 15.0 15.7 0.0 116.0
Total labour compensation 309,472 24,731,992.0 3,387,159.5 58,397,670.9 22,032.0 1,534,965,424.0
Total employment 309,472 178.1 51.0 349.0 1.0 8,026.0
Capital 309,472 90,198,824.2 3,346,570.0 58,1146,264.1 1.0 52,545,285,432.0
GFCF 309,472 24,545,407.4 692,275.5 242,236,770.1 –14,777,429,937.0 50,619,494,608.0
Investment dummy (GFCF > 0) 309,472 0.8 1.0 0.4 0.0 1.0
Capital-to-labour ratio 309,472 11.0 11.2 2.1 0.0 18.8
Value added 309,472 13,7467,794.6 10,415,418.5 1,071,621,373.7 30.0 311,577,423,551.0
Sales 309,472 500,882,978.2 56,400,528.0 2,563,237,256.2 35,964.0 378,639,636,222.0
Wage per capita 309,472 93,082.4 62,455.1 108,380.1 196.7 10,359,296.3
Labour share (%) 309,472 11.3 7.5 12.2 0.0 100.0

B. Weather variables
T1: [<15◦C) 309,472 16.2 0.0 29.3 0.0 366.0
T2: [15–18◦C) 309,472 14.9 2.0 18.5 0.0 159.0
T3: [18–21◦C) 309,472 25.7 27.0 20.9 0.0 201.0
T4: [21–24◦C) 309,472 65.4 48.0 52.1 0.0 272.0
T5: [24–27◦C) 309,472 105.5 95.0 57.3 0.0 332.0
T6: [27–30◦C) 309,472 88.3 87.0 39.9 0.0 213.0
T7: [30–33◦C) 309,472 35.4 35.0 28.4 0.0 145.0
T8: [≥33◦C) 309,472 13.9 3.0 18.6 0.0 118.0
Precipitation (mm) 309,472 1,266.4 1,037.9 1,126.6 2.2 8,626.2
WBGT (◦C) 309,472 22.2 22.3 1.6 5.3 25.5
Heat index (◦C) 309,472 26.3 26.3 2.4 1.0 31.7

Note: the table reports descriptive statistics for the main variables used in the analysis. The sample consists of 309,472 firm–year observations between financial year 1998–99
and 2019–20. Panel A provides a summary for firm-level characteristics. All monetary values are in Indian rupees (INR). Total labour compensation includes total wages and
additional payments such as bonus, welfare expenses, and provident funds provided to workers. Capital denotes the opening balance of automation-related fixed assets such as
plant and machinery and computers and software. Gross fixed capital formation (GFCF) is computed using the ASI definition and measures the net investment in fixed assets.
The negative value of GFCF might be due to asset disposals or depreciation adjustments. The investment dummy equals 1 if GFCF is positive. Capital-to-labour ratio is defined
as reported capital divided by total number of workers. Value added is gross output net of intermediate inputs and sales denote the gross revenues. Wage per capita is total
wages divided by number of workers. Labour share is computed as the ratio of total compensation to sales (%). Panel B provides a summary for weather variables. T j denote
the number of days recording daily mean temperature (◦C) in bin j and precipitation denotes total precipitation in a year in millimetres. The humidity-adjusted measures (Heat
Index and WBGT) are measured in◦C.
Source: authors’ compilation.
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4.2 Empirical strategy

The main estimating equation is given by:

LSidt = α+
8

∑
j=1, j ̸=5

β jT
j

dt +γWdt + θZidt +φi +ηt + εidt (1)

where i indexes firms, d districts, and t years. The dependent variable, LSidt , is the firm-level

labour share, defined as total compensation paid to workers as a proportion of the firm’s sales

revenue. Our primary variable of interest is extreme heat, captured using average daily tem-

perature bins, T j
dt . For each district–year, we aggregate average daily temperatures by count-

ing the number of days falling within each non-overlapping temperature bin (T j) over the course

of a year. This step-function approach offers a quasi-nonparametric method of capturing po-

tential nonlinear effects of temperature on outcomes, as employed in prior studies (Somanathan

et al. 2021; Zhang et al. 2024).

The temperature bins are defined as follows: T 1 = [<15◦C), T 2 = [15◦C, 18◦C), T 3 = [18◦C,

21◦C), T 4 = [21◦C, 24◦C), T 5 = [24◦C, 27◦C), T 6 = [27◦C, 30◦C), T 7 = [30◦C, 33◦C), and T 8

= [≥33◦C). The modal bin (T 5) serves as the reference category. The coefficients β j thus cap-

ture the marginal effect of an additional day in a given temperature bin relative to the reference

bin. The distribution of days count recording average daily temperature across the specified

3◦C increment temperature bins is provided in Figure 5(a). For robustness, we also construct

temperature bins using daily maximum temperature; the distribution is visualized in Figure

5(b).

We control for other weather variables (Wdt ), namely linear and quadratic terms of annual pre-

cipitation, to isolate the effect of temperature from additional correlated shocks. Prior evidence

suggests that heat coupled with changes in precipitation patterns can adversely affect labour

supply and productivity Somanathan et al. (2021) and disrupt input supply chains and trans-

port Chen et al. (2025). Firm-level controls (Zidt ) include observable characteristics such as

firm age and size. φi denotes firm fixed effects, controlling for time-invariant firm characteris-

tics, while ηt captures year fixed effects to account for common shocks over time. εidt is the

idiosyncratic error term. Standard errors are clustered at the district level, which aligns with the

spatial resolution of our climate variables.

The identification strategy leverages exogenous variations in annual temperature patterns

across districts to estimate the effect of extreme heat on firm-level labour share. By including

firm fixed effects, we exploit within-firm variation over time, identifying the impact of extreme

heat from annual deviations in district-level temperature relative to the firm’s average exposure

over the sample period. This approach mitigates concerns about omitted variable bias arising

from time-invariant unobserved heterogeneity across firms. We further address potential iden-
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tification threats through a series of robustness checks, discussed in Section 5.3.

Figure 5: Distribution of average daily temperature and daily maximum temperature across bins in India
(1993–2020)

Note: the figure provides the distribution of days recording average daily temperature (◦C) in panel A and daily
maximum temperature (◦C) in panel B in a specific bin between 1993 and 2020.
Source: authors’ compilation using ERA5-Land dataset (ECMWF).

5 Results

5.1 Main findings

Figure 6 presents estimates of the impact of extreme heat on labour share (expressed as a

percentage), based on the baseline regression model specified in Eq. (1). The dependent vari-

able is labour share, defined as total compensation divided by sales and expressed in percent-

age points (i.e. labour share × 100). The specification includes firm and year fixed effects, with

standard errors clustered at the district level.
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Figure 6: Nonlinear impact of extreme heat on labour share

Note: the figure provides estimates for the nonlinear relationship between average daily temperature and labour

share in reference to the modal temperature bin [24–27◦C). The visualization of significant and negative effects is

presented by solid blue bubbles. The light blue shaded area represents 95% confidence intervals. The

specification includes firm and year fixed effects with precipitation, age of firm, and size classification of firm as

per ASI as controls. The standard errors are clustered at the district level.

Source: authors’ own estimation.

The results indicate a nonlinear and negative relationship between extreme heat and labour

share. Specifically, one additional day in a year with average daily temperature between 30◦C

and 33◦C is associated with a 0.0072 p.p. reduction in labour share, implying a modest decline

of approximately 0.07 p.p. for 10 additional hot days. The effect becomes slightly more pro-

nounced for very high temperatures: one additional day above 33◦C corresponds to a 0.0091 p.p.

reduction, equivalent to a 0.08% decrease relative to the sample mean labour share (11.3%).

The negative and statistically significant coefficients suggest that higher temperatures are sys-

tematically associated with a lower labour share in the Indian manufacturing sector. These

results point towards potentially important economic adjustments by firms under heat stress.

These findings align with Lyu et al. (2024) and Qiu and Yoshida (2024), who document a sim-

ilarly negative relationship between heat stress and labour share using data from China and

the United States, respectively.
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5.2 Additional results

We also decompose the effect of temperature on labour share into three key components: em-

ployment, wages, and sales. Employment is measured as the logarithm of the number of em-

ployees, while wages are measured as the logarithm of average wage per capita. To capture

heterogeneous effects across worker categories, we separately examine employment (E) and

average wages (W ) for permanent female workers (Ep f , Wp f ), permanent male workers (Epm,

Wpm), and contract workers (Ec, Wc). Additionally, we examine the impact of temperature on

total work days, female work days, male work days, and contract work days.

The results, reported in Tables 2 and 3, indicate that heat stress alters the composition of em-

ployment within firms. While overall employment of male and contract workers remains largely

unchanged, female employment and total female work days decline significantly. These de-

clines may reflect several complementary mechanisms. For example, female workers may be

disproportionately concentrated in tasks that are more sensitive to heat stress, leading firms to

scale back such activities when temperatures rise, consistent with evidence that temperature

shocks reduce firm-level productivity in heat-exposed activities (Graff Zivin and Neidell 2014;

Somanathan et al. 2021).5 Further, heat stress may reduce female labour supply through in-

creased health risks and household responsibilities, which disproportionately affect women in

developing-country contexts (Dasgupta et al. 2021; Deschênes 2014). Finally, firms may re-

spond to heat-induced cost pressures by prioritizing male workers while reducing employment

among women.

5 To support this interpretation, we have undertaken a descriptive analysis using our ASI sample, and find that the
industries undertaking tobacco manufacturing and manufacture of wearing apparel and leather products have
the highest female employment shares. In addition, evidence provided by Somanathan et al. (2021) indicates
that these sectors also experience a significant reduction in firm-level output production under high temperatures.
While this evidence does not establish causality, it is consistent with the view that heat stress may disproportion-
ately affect female employment through its impact on heat-sensitive production activities.
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Table 2: Effect of extreme heat on components of labour share

Variables log(E_f) log(E_m) log(E_c) log(W_f) log(W_m) log(W_c) log(sales)
(1) (2) (3) (4) (5) (6) (7)

Tmean[<15◦C) 0.0027∗∗∗ 0.0003 0.0003 –0.0011∗∗ 0.0001 0.0003 0.0004
(0.0010) (0.0004) (0.0009) (0.0004) (0.0003) (0.0005) (0.0004)

Tmean[15–18◦C) 0.0017∗∗∗ –0.0001 0.0012∗∗ –0.0004 0.0000 –0.0004 –0.0001
(0.0006) (0.0003) (0.0006) (0.0004) (0.0002) (0.0003) (0.0003)

Tmean[18–21◦C) 0.0008∗ 0.0005∗∗ –0.0004 –0.0002 –0.0001 0.0001 0.0001
(0.0004) (0.0002) (0.0005) (0.0002) (0.0001) (0.0002) (0.0002)

Tmean[21–24◦C) 0.0005∗ –0.0001 0.0006∗ –0.0001 0.0001 0.0001 0.0002
(0.0003) (0.0002) (0.0003) (0.0001) (0.0001) (0.0001) (0.0001)

Tmean[27–30◦C) –0.0005∗ 0.0000 0.0004 0.0002 0.0003∗∗∗ 0.0000 0.0002
(0.0002) (0.0002) (0.0003) (0.0001) (0.0001) (0.0001) (0.0001)

Tmean[30–33◦C) –0.0009∗∗ 0.0000 –0.0001 0.0002 0.0001 –0.0002 –0.0001
(0.0004) (0.0002) (0.0004) (0.0002) (0.0002) (0.0002) (0.0002)

Tmean[≥ 33◦C) –0.0014∗∗ 0.0003 0.0002 0.0004 0.0002 –0.0005∗ 0.0007∗∗∗

(0.0006) (0.0003) (0.0005) (0.0003) (0.0002) (0.0003) (0.0003)

Observations 91,424 290,745 104,856 91,424 290,745 104,856 309,472
Firm fixed effects Yes Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes Yes

Note: the table provides estimates for various components of labour share. All columns provide an impact of one
additional day recording average daily temperature in reference to the omitted bin [24–27◦C). All models include
firm and year fixed effects as well as total precipitation, age of firm, and firm size classification as per ASI as
control variables. The robust standard errors, clustered at the district level, are reported in parentheses. Columns
(1)–(3) provide estimates for employment of permanent female workers (Ef), permanent male workers (Em), and
contract workers (Ec), respectively. Columns (4)–(6) provide estimates for the logarithm of average wage per
capita for permanent female workers (Wf), permanent male workers (Wm), and contract workers (Wc). Column
(7) provides estimates for the logarithm of sales. Significance level: * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table 3: Effect of extreme heat on labour work days

Variables log(total work days) log(female work days) log(male work days) log(contract work days)
(1) (2) (3) (4)

Tmean[<15◦C) 0.0004 0.0027∗∗∗ 0.0005 0.0008
(0.0004) (0.0010) (0.0004) (0.0009)

Tmean[15–18◦C) 0.0004 0.0021∗∗∗ 0.0001 0.0011∗

(0.0003) (0.0006) (0.0003) (0.0006)
Tmean[18–21◦C) 0.0002 0.0009∗ 0.0005∗∗ –0.0004

(0.0002) (0.0005) (0.0002) (0.0005)
Tmean[21–24◦C) 0.0001 0.0006∗∗ 0.0000 0.0006∗

(0.0001) (0.0003) (0.0002) (0.0003)
Tmean[27–30◦C) 0.0002 –0.0005∗ 0.0000 0.0003

(0.0002) (0.0003) (0.0002) (0.0003)
Tmean[30–33◦C) 0.0000 –0.0009∗∗ 0.0001 –0.0003

(0.0002) (0.0004) (0.0002) (0.0004)
Tmean[≥ 33◦C) 0.0002 –0.0014∗∗ 0.0002 –0.0001

(0.0003) (0.0006) (0.0003) (0.0005)

Observations 309,472 91,424 290,745 104,856
Firm fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes

Note: the table provides estimates for the total work days, aggregated across all the shifts worked in a year. All
columns provide an impact of one additional day recording average daily temperature in reference to the omitted
bin [24–27◦C). All models include firm and year fixed effects as well as total precipitation, age of firm, and firm
size classification as per ASI as control variables. The robust standard errors, clustered at the district level, are
reported in parentheses. Column (1) provides estimates for the impact of extreme heat on total work days
aggregated across all the shifts performed by all the workers employed in a firm in a year. Columns (2)–(4)
provide estimates for the impact on work days of permanent female workers, permanent male workers, and
contract workers, respectively. Significance level: * p < 0.1, ** p < 0.05, *** p < 0.01.

We also find evidence of an asymmetric impact of heat stress on wages. Specifically, the av-

erage wage of contract workers decreases, whereas the average wage of permanent male

workers increases. This pattern is consistent with firms adjusting workforce composition in

response to heat-induced labour cost pressures, potentially reflecting complementarities be-

tween permanent and contract workers as well as differences in bargaining power. It shows

that firms tend to respond by shifting the burden of the adjustment towards the type of work-

ers where labour market regulation allows for more flexibility or where there is lower bargaining

power.

Finally, quite interestingly, we find a positive and significant effect on firm sales. This pattern

suggests that firms are able to maintain—or even increase—revenue under heat stress. An

explanation could be that heat stress might induce a series of adjustments at the firm level to

maintain revenues, including an increase in automation or a shift away from labour-intensive

activities. Another potential explanation is that heat stress might induce a change in the market

structure, weakening competitive pressure within local markets and increasing the effective

market power of incumbent firms. Taken together, these findings confirm that the decline in

labour share is not driven by a contraction in economic activity per se, but rather by within-firm

adjustments in average wages, production, and workforce composition.
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5.3 Robustness checks

To assess the robustness of our findings, we conduct a range of robustness checks. The re-

sults of all the checks are presented in Appendix D.

Alternate level of clustering of standard errors

We assess the robustness of our inference to alternative clustering of standard errors. In our

baseline specification, we cluster standard errors at the district level (reported in column (1) of

Table D1), which accounts for spatial correlation in temperature shocks within districts. How-

ever, firms operating within the same industry or broader geographic units may also be ex-

posed to common shocks, and failing to account for such correlation may lead to understated

standard errors.

To address this concern, we re-estimate our baseline specification using alternative levels

of clustering. Specifically, we cluster standard errors at the firm level, district–industry level

(based on two-digit NIC codes), and state level. We also corrected the standard errors for spa-

tial and serial correlation following Conley (2010). The Conley correction allows the covariance

in regression residuals to decay with geographical distance and, therefore, accounts for po-

tential spatial dependence in the standard errors arising from correlated climate shocks and

potential spillover effects across neighbouring districts.

The results, reported in columns (2)–(5) of Table D1, show that the statistical significance of

our estimates remains largely unchanged across these specifications. This indicates that our

results are not sensitive to the choice of clustering and that our inference is robust to alterna-

tive assumptions regarding the correlation structure of the error terms.

Controlling for time trends

We next assess whether our results are driven by differential state-specific and sector-specific

time trends. States in India may experience heterogeneous economic trajectories, policy changes,

or structural transformation over time, which could be correlated with both temperature expo-

sure and labour share. If such state-specific trends are not accounted for, our estimates may

capture these underlying dynamics rather than the causal effect of heat stress. Similarly, it is

important to ensure that the estimated impacts of heat exposure are not confounded by sector-

specific trajectories, such as technological upgrading, regulatory regimes, changes in supply

chains, trade, and shifts in consumer demand.

Therefore, we augment our baseline specification by including state-specific and sector-specific

time trends. The results are reported in columns (1) and (2) of Table D2, respectively. We find

that the effect of extreme heat on labour share remains statistically significant and economi-

cally meaningful after controlling for these trends. This suggests that our findings are not driven
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by differential state-level or sector-level trends and reinforces the robustness of our baseline

estimates.

Controlling for industrial disputes

We examine whether our results are sensitive to the inclusion of the measure of industrial dis-

putes. Such disputes can lead to temporary disruptions in production and labour utilization, po-

tentially affecting both firm output and labour compensation. In addition, extreme heat may in-

crease the incidence of labour unrest by worsening working conditions in factories. Therefore,

including a proxy of industrial disputes allows us to assess whether the effect of temperature

on labour share operates partly through the time lost in industrial disputes. To the extent that

industrial disputes are correlated with temperature, the specification controlling for industrial

disputes should be interpreted as the effect of temperature, net of time lost in the disputes.

To compute a proxy for the industrial disputes, we compile state-level data on total minutes lost

to industrial disputes, reported annually by the Labour Bureau, Government of India. We use

the logarithm of total minutes lost and include this variable as an additional control in Eq. (1).

The results, reported in column (3) of Table D2, show that the effect of extreme heat on labour

share remains negative and statistically significant, with little change in magnitude. This sug-

gests that our findings are not driven by concurrent labour disputes or disruptions in production

due to industrial conflict.

Alternative measures of labour share

We further estimate the impacts of extreme heat on labour share, measured using alterna-

tive definitions of labour share. As discussed earlier, in LMICs, value-added and output-based

measures of labour share may be subject to measurement error in firm-level manufacturing

data due to the under-reporting of output, missing data on intermediate inputs, and deflation

issues. While our baseline definition based on firm sales mitigates these concerns, it is never-

theless important to verify that our findings are not sensitive to the choice of the denominator.

To this end, we re-estimate our model using alternative measures of labour share defined as

the ratio of total compensation to (a) gross output and (b) value added. The results, reported

in columns (4) and (5) of Table D2, remain negative and statistically significant, with only mod-

est changes in magnitude relative to the baseline estimates. This suggests that our findings

are robust to alternative definitions of labour share, despite the potential measurement issues

associated with these measures.

Restricting analysis to firms with at least ten employees

We next examine whether our results are driven by very small firms, which may be subject to

greater measurement error in the reported financial and employment variables. In firm-level

datasets, smaller establishments often exhibit noisier balance sheet reporting and greater
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volatility, which may introduce bias in estimating labour share.

To address this concern, we restrict the sample to firms with at least ten employees. The re-

sulting subsample comprises 274,208 observations. The results are reported in column (6) of

Table D2. The coefficients remain negative and statistically significant, with slightly larger mag-

nitudes compared to the baseline estimates. This suggests that our findings are not driven by

small firms or reporting inconsistencies and, if anything, are stronger among relatively larger

and more stable firms.

Alternative reference temperature bins

In specifications based on temperature bins, the estimated effects are interpreted relative to an

omitted reference category, and the choice of this baseline can affect both the magnitude and

interpretation of the coefficients. To ensure that our results are not driven by a particular choice

of reference bin, we examine their sensitivity to alternative choices of reference temperature

bins. Specifically, we re-estimate our model using two alternative reference categories, [21–

24◦C) and [27–30◦C), instead of the baseline [24–27◦C). The estimates, reported in columns

(1) and (2) of Table D3, remain negative and statistically significant, with magnitudes compara-

ble to the baseline estimates. This indicates that our findings are robust to reasonable variation

in the choice of reference temperature bin.

Alternative measures of extreme heat

We also examine whether our results are sensitive to alternative measures of heat exposure.

Since temperature can be captured using different metrics—such as average or maximum

daily temperature—and different functional forms, we verify that our findings are not driven by

a particular specification of extreme heat.

First, we redefine the 3◦C temperature bins using daily maximum temperature to capture the

effect of peak heat recorded during the day, with the modal bin [27–30◦C) as the reference cat-

egory. The results are reported in column (1) of Table D4 and remain negative and statistically

significant, suggesting that our findings are robust to using maximum temperature instead of

average temperature.

Second, we construct threshold-based measures of extreme heat. Specifically, we consider

(1) the number of days with average daily temperature above 30◦C, and (2) the number of

days with daily maximum temperature above 30◦C, 32◦C, and 35◦C. The results, reported in

columns (2)–(5) of Table D4, remain negative and statistically significant across all specifica-

tions, although the magnitude varies with the choice of threshold.
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Taken together, these results indicate that our findings are robust to alternative measures of

heat exposure and are not driven by a particular choice of temperature metric or functional

form.

Humidity-adjusted measures of extreme heat

We next examine the robustness of our results to alternative measures of heat stress that ac-

count for humidity. Since the physiological effects of heat depend not only on temperature but

also on humidity, temperature-based measures alone may not fully capture the intensity of heat

exposure. Ignoring humidity may therefore lead to measurement error in the estimation of heat

stress.

To address this concern, we use two widely adopted humidity-adjusted measures of heat stress:

the NOAA Heat Index and WBGT.6 The results are reported in Tables D5 and D6. We find that

the coefficients remain negative and statistically significant across specifications, with magni-

tudes similar to those obtained using temperature-based measures. For instance, an additional

day with the Heat Index above 36◦C in reference to the omitted bin reduces labour share by

0.01%. Further, the threshold-based estimates show that an additional day with the Heat Index

above 33◦C reduces labour share by 0.0071%. Similarly, an additional day with the wet-bulb

temperature above 28◦C in reference to the omitted bin leads to a decline in labour share by

0.0172%.

Overall, these findings indicate that our results are robust to more comprehensive measures of

heat stress that incorporate both temperature and humidity, reinforcing the interpretation that

extreme heat adversely affects labour share.

6 Mechanisms

6.1 Capital-to-labour substitution

We investigate whether capital-to-labour substitution serves as a potential mechanism driv-

ing the decline in labour share under extreme heat. Evidence suggests that extreme heat has

a negative effect on both labour supply and productivity (Somanathan et al. 2021; Zivin et al.

2020), and increases labour costs due to the physical risks associated with extreme heat (Park

et al. 2021). In addition, Karabarbounis and Neiman (2014) suggest that the liberalization of

capital goods markets, reductions in tariffs, and increased inflows of foreign direct investment

have collectively lowered the relative cost of capital in the manufacturing sector (Mutreja et al.

2018). Given the decrease in the relative price of capital to labour, it is plausible that firms

6 See Appendix B and C for details on construction of humidity-adjusted measures.
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adopt more capital-intensive production methods in response to reduced workers’ efficiency

due to heat stress, thereby increasing the capital–labour ratio. This potentially provides an ex-

planation for the decline in labour share provided that capital and labour are substitutable.

In the context of the Indian manufacturing sector, the literature provides a considerable varia-

tion in the elasticity of substitution between capital and labour. Prior evidence shows that, in

several manufacturing industries, the elasticity deviates significantly from unity (Sankar 1970),

while it is estimated to be below 1 in other industries (Gujarati 1966). In addition, Gujarati (1966)

finds a positive rate of labour augmenting technological change in Indian manufacturing, indi-

cating a systematic adoption towards labour-saving technological change and production tech-

niques. Taken together, these findings support the assumption that Indian manufacturing firms

may respond to extreme heat by reducing their reliance on labour, thus resulting in a decline in

labour share.

To examine this mechanism, we first test whether extreme heat increases three different in-

dicators of capital intensity, namely: log of the capital-to-labour ratio (defined as automation-

related fixed assets, such as plant and machinery and computers and software, at the begin-

ning of financial year t divided by the number of employees in firm i located in district d); log

of capital stock; and GFCF.7 Table 4 presents the estimated results. We find that extreme heat

leads to a significant increase in the capital-to-labour ratio, suggesting that firms respond to

heat stress by increasing capital intensity relative to labour. We also find that extreme heat in-

creases the firms’ automation-related capital stock and the probability to invest (GFCF).

7 GFCF is constructed using the tabulation formula provided by ASI. Net fixed capital formation (NFCF) is calcu-
lated as the closing balance of fixed assets minus the opening balance of fixed assets, adjusted for revaluation.
GFCF is then obtained as the sum of NFCF and depreciation. We further construct an indicator variable that
takes the value 1 if firm-level GFCF is positive in a given financial year, and 0 otherwise. This approach is moti-
vated by the presence of negative values of GFCF for some firms, making a binary measure of investment activity
more appropriate for our analysis.
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Table 4: Impact of extreme heat on capital-to-labour substitution

Variables log(k/l) log(k) GFCF
(1) (2) (3)

Tmean[<15◦C) 0.0000 0.0001 0.0002
(0.0006) (0.0006) (0.0002)

Tmean[15–18◦C) –0.0002 0.0000 0.0000
(0.0004) (0.0004) (0.0002)

Tmean[18–21◦C) 0.0000 0.0002 0.0000
(0.0003) (0.0003) (0.0001)

Tmean[21–24◦C) –0.0001 0.0000 0.0000
(0.0002) (0.0002) (0.0001)

Tmean[27–30◦C) 0.0003∗ 0.0005∗∗∗ –0.0001
(0.0002) (0.0002) (0.0001)

Tmean[30–33◦C) 0.0005∗ 0.0005∗ 0.0000
(0.0003) (0.0002) (0.0001)

Tmean[≥33◦C) 0.0006∗ 0.0009∗∗∗ 0.0002∗∗

(0.0004) (0.0003) (0.0001)

Observations 309,472 309,472 309,472
Fixed Effects
Firm fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes

Note: the table provides estimates for the capital-to-labour substitution channel. All columns provide an impact of
one additional day recording average daily temperature in reference to the omitted bin [24–27◦C). All models
include firm and year fixed effects as well as total precipitation, age of firm, and firm size classification as per ASI
as control variables. The robust standard errors, clustered at the district level, are reported in parentheses.
Column (1) provides estimates for the logarithm of capital-to-labour substitution, defined as the ratio of fixed
assets (plant and machinery; computers and software) and total employment in a firm. Column (2) provides
estimates for the logarithm of fixed assets (plant and machinery; computers and software), while column (3)
provides estimates for the firm-level investment that takes value 1 if GFCF of a firm is positive in a given financial
year. Significance level: * p < 0.1, ** p < 0.05, *** p < 0.01.

To better support our findings, we estimate the heterogeneous impact of extreme heat on the

labour share across industries with different levels of capital-to-labour elasticity of substitution.

For this, we first estimate the capital–labour substitution elasticity for firms in different indus-

tries (at the two-digit level) in India following the indirect approach by Bentolila and Saint-Paul

(2003). The indirect inference approach proposes regressing labour share on the capital–

labour ratio. The capital–labour substitution elasticity then depends on the sign of the coeffi-

cient of the capital–labour ratio, where a negative coefficient indicates an elasticity of substi-

tution greater than 1 in absolute value and vice-versa. Specifically, we employ the following

regression model:

LSi jt = α+β j(K/L)i jt +ηt + εi jt (2)

where i indexes firms, j denotes the two-digit industry, and t denotes years. The dependent

variable, LSi jt , is the firm-level labour share in industry j, defined as total compensation paid

to workers as a proportion of the firm’s sales. Our primary variable of interest is the capital–

labour ratio, where β j captures the industry-specific relationship between labour share and

capital intensity, such that β j < 0 indicates a capital-to-labour elasticity of substitution >1 and
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vice-versa. Year fixed effects ηt absorb aggregate shocks common across industries.

The estimates, provided in Table D7, indicate that the capital–labour substitution elasticity ex-

ceeds unity across all manufacturing industries in India. We then merge back the estimated

industrial-level coefficients to firm-level panel data and classify industries according to the de-

gree of substitutability, defining a dummy variable that takes value 1 (high elasticity of substitu-

tion) if the estimated β j is greater than its 50th percentile, and 0 otherwise.

Table 5: Effects of extreme heat on labour share, heterogeneity by elasticity of capital-to-labour substitu-
tion

Variables (1)

Tmean[<15◦C) 0.0015
(0.0047)

Tmean[15–18◦C) 0.0046
(0.0029)

Tmean[18–21◦C) 0.0003
(0.0026)

Tmean[21–24◦C) 0.0010
(0.0013)

Tmean[27–30◦C) –0.0043∗∗∗

(0.0016)
Tmean[30–33◦C) –0.0074∗∗∗

(0.0024)
Tmean[≥33◦C) –0.0057∗∗

(0.0029)
high eos 0.1698

(0.4808)
Tmean[<15◦C) × high eos –0.0062

(0.0040)
Tmean[15–18◦C) × high eos 0.0017

(0.0052)
Tmean[18–21◦C) × high eos 0.0011

(0.0034)
Tmean[21–24◦C) × high eos –0.0021

(0.0019)
Tmean[27–30◦C) × high eos 0.0010

(0.0025)
Tmean[30–33◦C) × high eos 0.0005

(0.0036)
Tmean[≥ 33◦C) × high eos –0.0086∗∗

(0.0039)

Observations 309,472
Firm fixed effects Yes
Year fixed effects Yes

Note: the table provides estimates for the impact of extreme heat on labour share of firms with high and low
capital-to-labour elasticity of substitution. Column (1) provides an impact of one additional day recording average
daily temperature in reference to the omitted bin [24–27◦C). The model includes firm and year fixed effects as well
as total precipitation, age of firm, and firm size classification as per ASI as control variables. The robust standard
errors, clustered at the district level, are reported in parentheses. The temperature bins are interacted with a
dummy variable for high elasticity of substitution that takes value 1 if the estimated elasticity of substitution at the
two-digit industry level is greater than the industry median. * p < 0.1, ** p < 0.05, *** p < 0.01
Source: authors’ compilation.
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Finally, we examine the heterogeneous impacts of extreme heat on labour share across firms

that operate in industries with high versus low capital–to-labour substitutability. The results

are presented in Table 5 and show that extreme heat leads to a larger decline in labour share

among firms with higher capital–to-labour substitution. The results are consistent with the lit-

erature Lyu et al. (2024) and point to the substitution mechanism through which firms adjust

factor shares in response to heat-induced labour productivity losses. Specifically, we find that

an additional day recording daily mean temperature above 33◦C decreases labour share of

firms with high substitution elasticity by 0.014%, but by 0.006% in firms with low substitution

elasticity.

6.2 Market power and labour share

We next examine whether heat-induced changes in local product market structure may con-

tribute to the decline in labour share. Extreme heat can affect firms asymmetrically, dispro-

portionately increasing costs for smaller, less productive, or more heat-exposed firms. Such

asymmetric impacts may weaken competitive pressure within local markets and increase the

effective market power of incumbent firms. A growing literature links declining labour shares to

rising market concentration and the increasing importance of firms with high markups and rel-

atively low labour shares (‘superstar firms’) (Autor et al. 2017, 2020). In line with this perspec-

tive, recent evidence shows that higher temperatures can increase local market concentration

in manufacturing industries (Ponticelli et al. 2023).

Changes in competitive conditions may, in turn, lead to within-firm adjustments in pricing, out-

put, and factor shares. When competitive pressure weakens or market concentration increases,

firms may increase markups and capture a larger share of economic rents, reducing the share

of value added accruing to workers. In addition, firms expanding output in less competitive en-

vironments may spread fixed or overhead labour costs over larger production volumes, lower-

ing labour’s share of revenue even when employment changes little.
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To examine this channel, we test whether extreme heat is associated with increased market

concentration at the district × industry × year level, where districts represent economically

meaningful product and labour markets in India. The results are reported in Table 6. We find

that extreme heat significantly increases local market concentration represented by two stan-

dard measures of concentration: the Herfindahl–Hirschman Index (HHI) and the share of sales

and employment accounted for by the largest firm (CR1). While these market-level estimates

do not mechanically explain our firm-level coefficients, they provide complementary evidence

that rising temperatures alter the competitive environment faced by firms, potentially amplifying

within-firm adjustments that contribute to the observed decline in labour share.

Table 6: Effect of extreme heat on market concentration of sales and employment at district–industry–
year level

Variables HHI(sales) CR1(sales) HHI(employment) CR1(employment)
(1) (2) (3) (4)

Tmean[<15◦C) 0.0005∗∗ 0.0446∗∗ 0.0004∗ 0.0356∗∗

(0.0002) (0.0194) (0.0002) (0.0174)
Tmean[15–18◦C) 0.0000 0.0022 0.0001 0.0077

(0.0002) (0.0152) (0.0002) (0.0166)
Tmean[18–21◦C) 0.0003∗ 0.0215 0.0003∗ 0.0243∗

(0.0002) (0.0149) (0.0002) (0.0147)
Tmean[21–24◦C) -0.0001 -0.0059 -0.0001 -0.0087

(0.0001) (0.0081) (0.0001) (0.0087)
Tmean[27–30◦C) 0.0004∗∗∗ 0.0305∗∗∗ 0.0005∗∗∗ 0.0445∗∗∗

(0.0001) (0.0075) (0.0001) (0.0083)
Tmean[30–33◦C) 0.0006∗∗∗ 0.0459∗∗∗ 0.0006∗∗∗ 0.0504∗∗∗

(0.0001) (0.0092) (0.0001) (0.0102)
Tmean[≥33◦) 0.0007∗∗∗ 0.0553∗∗∗ 0.0009∗∗∗ 0.0697∗∗∗

(0.0001) (0.0108) (0.0001) (0.0127)

Observations 60,211 60,211 60,211 60,211
District fixed effects Yes Yes Yes Yes
Two-digit industry fixed effects Yes Yes Yes Yes

Note: the table provides estimates for the market concentration channel. All columns provide an impact of one
additional day recording average daily temperature in reference to the omitted bin [24–27◦C). All models include
district and industry (sector) fixed effects as well as total precipitation as a control variable. The robust standard
errors, clustered at the district level, are reported in parentheses. The impact of heat on market concentration
measured on the basis of sales is provided in columns (1) and (2), and on the basis of employment in columns (3)
and (4). Significance level: * p < 0.1, ** p < 0.05, *** p < 0.01.

It is important to note that a salient feature of the ASI is that it has a non-trivial share of single-

firm markets at the district–industry–year level. Therefore, we retain markets with a single

operating firm in our sample to avoid endogenous sample selection as well as preserve geo-

graphic coverage. Excluding them would remove relatively smaller and spatially isolated mar-

kets, potentially biasing inference. However, we do provide a supplementary analysis in Ap-

pendix D (see Table D8), where we restrict the sample to markets with at least two firms when

constructing the measures of market concentration. We find that the coefficients remain posi-

tive but are significant only for the [27–30◦C) temperature bin.
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6.3 Labour regulations and firms’ adjustment to heat stress

Extreme heat raises the effective cost of labour by reducing productivity and increasing real

labour costs (Adhvaryu et al. 2020; Somanathan et al. 2021). When firms face firing restric-

tions, such shocks may lead them to rely more heavily on alternative adjustment margins, in-

cluding capital deepening, increased reliance on contract labour, or changes in production

processes, rather than reductions in regular employment. In this way, labour regulations may

amplify the impact of heat stress on labour share even when firm identity remains fixed.

We focus on the IDA, a key labour regulation in India that has received considerable attention

in recent research (Bertrand et al. 2025; Colmer 2021). Under Chapter VB of the IDA, man-

ufacturing firms employing more than 100 regular workers are required to obtain government

authorization before retrenching workers, and must comply with notice periods and severance

pay requirements. These provisions introduce rigidity in firms’ ability to adjust their regular

workforce in response to shocks. Importantly, contract workers are exempt from these restric-

tions, allowing regulated firms to adjust labour inputs along alternative margins.

Following Colmer (2021), we construct a dataset of state-level amendments to Chapter VB of

the IDA between 1998 and 2019 and classify firms as regulated or unregulated based on em-

ployment thresholds. We estimate specifications that interact temperature exposure with an

indicator for IDA regulation, allowing the temperature–labour share relationship to differ de-

pending on regulatory status. Specifically, our regression equation is given by:

Yidt = α+
8

∑
j=1, j ̸=5

β jT
j

dt +
8

∑
j=1, j ̸=5

δ jT
j

dt ×Ridt +λRidt +γWdt + θZidt +φi +ηt + εidt (3)

where Yidt denotes the dependent variable of interest, β j captures the impact of temperature

on unregulated firms, and β j +δ j captures the impact of temperature on regulated firms.

The results reported in column (1) of Table 7 indicate that extreme heat leads to a significantly

larger decline in labour share among regulated firms relative to unregulated firms. These find-

ings suggest that labour market rigidity plays an important role in shaping how firms adjust to

heat stress.
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Table 7: Effect of extreme heat on labour share of regulated and unregulated firms

Variables LS log(E_f) log(E_m) log(E_c)
(1) (2) (3) (4)

Tmean[<15◦C) –0.0005 0.0025∗∗∗ –0.0001 0.0002
(0.0044) (0.0009) (0.0004) (0.0009)

Tmean[15–18◦C) 0.0025 0.0023∗∗∗ –0.0001 0.0011∗

(0.0030) (0.0006) (0.0003) (0.0006)
Tmean[18–21◦C) 0.0007 0.0012∗∗ 0.0003 –0.0005

(0.0025) (0.0006) (0.0002) (0.0005)
Tmean[21–24◦C) 0.0001 0.0000 –0.0002 0.0005

(0.0014) (0.0003) (0.0002) (0.0003)
Tmean[27–30◦C) –0.0047∗∗∗ –0.0009∗∗∗ –0.0002 0.0004

(0.0017) (0.0003) (0.0002) (0.0003)
Tmean[30–33◦C) –0.0067∗∗∗ –0.0007∗ 0.0000 0.0000

(0.0021) (0.0004) (0.0002) (0.0004)
Tmean[≥ 33◦C) –0.0079∗∗∗ –0.0021∗∗∗ –0.0001 0.0002

(0.0030) (0.0006) (0.0003) (0.0005)
regulation 0.6059 0.8241∗∗∗ 0.9265∗∗∗ 0.0351

(0.3976) (0.0795) (0.0544) (0.0880)
Tmean[< 15◦C) × regulation –0.0051 0.0003 0.0004 0.0004

(0.0033) (0.0006) (0.0005) (0.0008)
Tmean[15–18◦C) × regulation 0.0147∗∗∗ –0.0020∗∗ 0.0000 0.0004

(0.0047) (0.0009) (0.0006) (0.0010)
Tmean[18–21◦C) × regulation –0.0001 –0.0013 0.0003 0.0004

(0.0046) (0.0011) (0.0005) (0.0007)
Tmean[21–24◦C) × regulation –0.0002 0.0006 0.0003 0.0003

(0.0021) (0.0005) (0.0003) (0.0003)
Tmean[27–30◦C) × regulation 0.0030 0.0009∗∗ 0.0005 –0.0001

(0.0023) (0.0005) (0.0003) (0.0005)
Tmean[30–33◦C) × regulation –0.0024 –0.0004 –0.0001 –0.0002

(0.0032) (0.0006) (0.0004) (0.0005)
Tmean[≥ 33◦C) × regulation –0.0081∗ 0.0012 0.0015∗∗∗ 0.0002

(0.0046) (0.0009) (0.0006) (0.0007)

Observations 309,472 91,424 290,745 104,856
Firm fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes

Note: the table provides estimates for the role of labour regulation in mediating the impact of extreme heat on
labour share. All columns provide an impact of one additional day recording average daily temperature in
reference to the omitted bin [24–27◦C). The models includes firm and year fixed effects as well as total
precipitation, age of firm, and firm size classification as per ASI as control variables. The robust standard errors,
clustered at the district level, are reported in parentheses. The temperature bins are interacted with a dummy
variable for regulation that takes the value 1 if the firm is regulated under the IDA (1948). Column (1) provides an
impact of extreme heat on labour share, whereas columns (2)–(4) provide estimates for logarithm of regular
female workers, regular male workers, and contract workers, respectively. * p < 0.1, ** p < 0.05, *** p < 0.01.

Finally, we document heterogeneity in employment responses across worker types that is con-

sistent with differential adjustment margins under labour regulation (columns (2)–(4) of Table

7). Heat stress reduces the employment of regular female workers in unregulated firms while

having no significant effect in regulated firms. In contrast, regulated firms experience an in-

crease in the employment of regular male workers in response to extreme heat, with no corre-

sponding effect among unregulated firms. These patterns are consistent with firms reallocating

labour inputs within the constraints imposed by regulation, in line with the findings of Colmer

31



(2021) and Bertrand et al. (2025).

7 Projected impacts on labour share under warming scenarios

This section reports the projected percentage change in annual labour share under the follow-

ing scenarios: (1) low emissions—SSP1-2.6, (2) medium emissions—SSP3-7.0, and (3) high

emissions—SSP5-8.5. The bias-corrected statistically downscaled (0.5◦× 0.5◦) climate-input

datasets are obtained from ISIMIP3b for five global climate models (GCMs): GFDL-ESM4,

IPSL-CM6A-LR, MPI-ESM1-2-HR, MRI-ESM2-0, and UKESM1-0-LL. We use the estimated

historical labour share–temperature relationship from our baseline model in Eq. (1) and climate

forecasts for the baseline (1995–2015), short run (2041–60), medium run (2061–80), and long

run (2081–2100). To calculate the projected impacts, we first construct average daily tempera-

ture bins (3◦C increment) for these years, following the method described above. Then, the dif-

ference in the historical estimates using the 1998–2019 data and the out-of-sample projected

impacts provides the impacts of a warming climate on labour share.

The results of the assessment undertaken using climate projections from the global climate

model (GFDL-ESM4) are summarized in Table 8 and visualized in Figure 7. We find that in

comparison to the historical estimates (1998–2019), the labour share is expected to further

decline in the largest two temperature bins (30–33◦C and ≥33◦C). The analysis shows that

the labour share will decline between –0.15% and –0.19% under the low-emissions scenario

(SSP1-2.6) and between –0.15% and –0.40% under the medium-emissions scenario (SSP3-

7.0) for average daily temperature above 33◦C. The labour share is likely to experience the

largest decline under the high-emissions scenario (SSP8-5.8), between –0.21% and –0.57%.

The projected impacts for the average daily temperature < 15◦C show positive impacts on

labour share, indicating that the labour share will increase for lower temperatures as compared

to the baseline. Figure 7 provides the spatial distribution of the projected impacts of extreme

heat on labour share, emphasizing the existence of heterogeneity across the districts in In-

dia. The projected impacts calculated using climate projections data from the remaining global

climate models (IPSL-CM6A-LR, MPI-ESM1-2-HR, MRI-ESM2-0, and UKESM1-0-LL) are pre-

sented in Appendix D (Tables D9–D12 and Figures D1–D4).
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Table 8: Projected impacts of climate change on labour share, using climate projections data from the global climate model GFDL-ESM4

Bin SSP1-2.6 SSP3-7.0 SSP5-8.5

2041–060 2061–80 2081–2100 2041–60 2061–80 2081–2100 2041–60 2061–80 2081–2100

Tmean[<15◦C) 0.007 0.007 0.006 0.008 0.011 0.013 0.009 0.012 0.014
Tmean[15–18◦C) –0.003 –0.002 0.000 –0.009 –0.040 –0.054 –0.015 –0.045 –0.067
Tmean[18–21◦C) 0.000 0.001 –0.001 –0.001 –0.002 –0.004 0.000 –0.004 –0.006
Tmean[21–24◦C) –0.003 –0.003 –0.003 –0.003 –0.003 –0.004 –0.003 –0.003 –0.004
Tmean[27–30◦C) –0.079 –0.095 –0.087 –0.097 –0.097 –0.065 –0.073 –0.059 –0.035
Tmean[30–33◦C) –0.161 –0.166 –0.183 –0.178 –0.289 –0.388 –0.197 –0.320 –0.395
Tmean[≥33◦C) –0.149 –0.170 –0.194 –0.150 –0.273 –0.403 –0.207 –0.409 –0.568
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Figure 7: Projected change in labour share using climate projections data

Note: the figure plots projected change in labour share using climate projections data from the global climate

model GFDL-ESM4 for the largest temperature bin ≥33◦C. Reported are the projected analogues for the short

run (2041–60), medium run (2061–80), and long run (2081–2100) under three warming scenarios: low emissions

(SSP1-2.6), medium emissions (SSP3-7.0), and high emissions (SSP5-8.5). The maps are generated in R, using

a shapefile provided by the Survey of India, Ministry of Science and Technology, India, at

http://onlinemaps.surveyofindia.gov.in/Digital_Product_Show.aspx.

Source: authors’ calculation using ISIMIP data and estimated change in labour share (%).

Note, the calculations provided in this section are built on the existing evidence on projected

impacts (Dasgupta et al. 2021; Somanathan et al. 2021; Zhang et al. 2024, 2018) and are

based on a few assumptions that are limiting in certain aspects. First, our analysis does not

incorporate changes in firms’ location decisions in response to climate change and assume

that firms’ locations remain constant throughout the assessment period. Second, we do not

account for the role of potential adaptation strategies that might be implemented to mitigate the

impacts of climate change. Finally, our calculations are based on 1998–2019 estimates under
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an assumption that the relationship between labour share and temperature remains constant

over time.

8 Conclusion

Climate change poses growing risks to the labour force, particularly in developing economies

where workers are highly exposed to extreme heat. In this paper, using firm-level panel data

combined with high-resolution weather data, we provide evidence that extreme heat signifi-

cantly reduces the labour share in Indian manufacturing. We show that this decline reflects a

combination of production adjustments towards capital, changes in competitive conditions that

increase firms’ market power, and the role of labour regulations in shaping firms’ responses to

heat-induced productivity shocks. Finally, our projections indicate that continued warming is

likely to further depress labour share, with heterogeneous impacts across regions. Taken to-

gether, our findings highlight climate change as an important driver of distributional impacts in

developing economies.

These findings carry important policy implications. As climate change intensifies, extreme heat

is likely to become a persistent feature of the production environment, requiring both firms and

workers to adapt. Our results suggest that firms respond to heat-induced productivity shocks

not only through reduced labour demand, but through changes in production structure—particularly

increased capital intensity and shifts towards more flexible forms of employment. In this con-

text, policies that enhance workplace resilience—such as investments in cooling technologies

and enforcement of occupational safety standards—can help mitigate productivity losses at

the source. At the same time, the distributional consequences of firm-level adjustments call for

complementary policies that protect vulnerable workers. Strengthening social protection, im-

proving access to stable employment contracts, and addressing gender-specific constraints in

labour markets will be critical to prevent further widening of inequality. Finally, the heteroge-

neous projected impacts indicate that labour policies should focus not only on adequate train-

ing of workers but also reduce frictions in reallocation of labour, allowing for inter- and intra-

sectoral mobility of workers and enhancing their adaptability.

More broadly, our findings highlight the need to integrate climate risks into industrial and labour

policy. Facilitating adaptation should not come at the cost of disproportionately shifting the bur-

den onto labour. Designing policies that balance firms’ need to adjust with protections for work-

ers will be essential to sustain inclusive growth in increasingly warmer economies.
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Appendix A: Annual Survey of Industries

A1 Data matching to generate ASI panel

In this section, we discuss the data matching methodology followed to construct a 22-year

panel dataset from the ASI, received from the Ministry of Statistics and Programme Implemen-

tation, Government of India (2023). Keeping in mind the suitability and availability of the key

variables of interest, we utilize the data between the financial years 1998–99 and 2019–20.

The ASI data is available in two versions. The cross-section version, freely available at MO-

SPI’s National Data Archive, provides ‘district identifiers’ of firms between 1998 and 2009 but

no ‘firm identifiers’. This prevents the user identifying firms uniformly across all the years. On

the other hand, the restricted panel data received from MOSPI provides ‘firm identifiers’ for all

the years but not ‘district identifiers’, which disables matching climate data to survey data.

For the years 1998–2009, we merge the versions using a unique matching methodology pro-

vided by Allcott et al. (2016) and Somanathan et al. (2021) and obtain location information of

firms. To compute this matching, we concatenate a string using firm characteristics to gen-

erate a unique ID using the following firm characteristics: year of initial production, size clas-

sification (as per ASI), the five-digit NIC code, state location, rural/urban location, number of

units owned, status of units, type of organization, ownership, and operational months. This

provides location codes for most of the firm–year observations between 1998 and 2009. Fur-

ther, we search for additional matches in each of these years individually because firms are not

necessarily surveyed every year. As a second step, we obtain the location identifiers of firms

between 2010 and 2019 using firm identifiers. At this stage, the dataset contains 1,050,055

firm–year observations, covering 306,942 firms. Out of this sample, we keep only 250,945 ‘op-

erational’ firms in the dataset, covering 899,005 firm–year observations.

A2 Data cleaning

We have undertaken some additional data cleaning steps to obtain our final dataset as follows:

1. Duplicates: At the data matching stage, a few duplicate firm identifiers are found in some

years. These are dropped to avoid interruption in the data matching process.

2. Missing location identifiers: We keep only those firm–year observations in the sample

where location identifiers could be matched. Around 237,979 firm–year observations are dropped

with missing location identifiers. Note that Telangana was formed as a new state in 2014 and

district codes provided by the ASI dataset are available up to 2009, which makes identification

of districts under the jurisdiction of Telangana difficult. We drop 8,664 firm–year observations

from the sample located in the state of Telangana.
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3. Standardization of state codes, district codes, and NIC codes: We standardized the

names of all states and districts as per the Census data and shapefile provided by Survey of

India to incorporate changes in district and state boundaries between the study years. Further,

the dataset provides the NIC codes for firms. The NIC codes were revised in 1998, 2004, and

2008. To have a uniform industrial classification throughout the analysis, we standardized the

NIC codes for the years 1998–2007 in concordance with NIC 2008 using the information pro-

vided by MOSPI.

4. We drop 11,660 firm–year observations that report year of initial production (a proxy for age

of firms) below 1900, above 2020, or greater than the current financial year.

5. Following Somanathan et al. (2021), we drop observations where the value of capital, sales,

total inputs, workers, work days, wages, and total output are reported either missing, negative,

or equal to zero. Similarly, we also drop a small number of implausible values reported for total

wages (less than US$300 per year), workers (over 10,000 workers in a factory), total capital

(less than US$2), and total sales (less than US$250).

6. We drop a few observations where the labour share is either less than 0 or greater than 1.

7. We drop firm–year observations that reported industrial codes for non-manufacturing sec-

tors. There were around 9,039 such firm–year observations.

8. We drop firms that are not surveyed at least twice.

9. We drop firms that report relocation from one district to another over time. This was done

to prevent significant errors when assigning temperature data to these firms. The final dataset

consists of 309,472 firm–year observations.
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Appendix B: Heat Index (NOAA)

The Heat Index is calculated using the following formula provided by NOAA:

HI = −42.379+2.04901523T +10.14333127RH

−0.22475541T RH

−0.00683783T 2 −0.05481717RH2

+0.00122874T 2RH

+0.00085282T RH2

−0.00000199T 2RH2

(4)

where T is the hourly surface air temperature (◦C) and RH is the hourly relative humidity (%).

This formula is provided by NOAA and utilizes surface air temperature and relative humidity

data to calculate the Heat Index. We use climate data from the ERA5-Land dataset provided

by the ECMWF. Calculation of the Heat Index is done in R using the ‘weathermetrics’ package

developed by Anderson et al. (2013), which provides an algorithm based on NOAA’s formula.
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Appendix C: Wet-Bulb Globe Temperature

The Wet-Bulb Globe Temperature (WBGT) is measured using instruments such as a wetted

thermometer, incorporating certain weather conditions. However, it can be approximated us-

ing empirically derived formulas that combine surface air temperature and relative humidity.

We use the WBGT formula for indoor conditions, provided by Lemke and Kjellstrom (2012), as

follows:

WBGT = 0.567T +0.216ρ+3.38 (5)

where T is the hourly surface air temperature (◦C) and ρ is the water vapour pressure, which is

calculated using relative humidity (RH) as follows:

ρ =

(
RH
100

)
×6.105exp

(
17.27T

237.7+T

)
(6)

44



Appendix D: Additional tables and figures

Figure D1: Projected change in labour share using climate projections data from the global climate model
IPSL-CM6A-LR for the largest temperature bin (≥33◦C)

Note: reported are the projected analogues for the short run (2041–60), medium run (2061–80), and long run

(2081–2100) under three warming scenarios: low emissions (SSP1-2.6), medium emissions (SSP3-7.0), and high

emissions (SSP5-8.5). The maps are generated in R, using a shapefile provided by the Survey of India, Ministry

of Science and Technology, India, at http://onlinemaps.surveyofindia.gov.in/Digital_Product_Show.aspx.

Source: authors’ calculation using ISIMIP data and estimated change in labour share (%).
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Figure D2: Projected change in labour share using climate projections data from the global climate model
MPI-ESM1-2-HR for the largest temperature bin (≥33◦C)

Note: reported are the projected analogues for the short run (2041–60), medium run (2061–80), and long run

(2081–2100) under three warming scenarios: low emissions (SSP1-2.6), medium emissions (SSP3-7.0), and high

emissions (SSP5-8.5). The maps are generated in R, using a shapefile provided by the Survey of India, Ministry

of Science and Technology, India, at http://onlinemaps.surveyofindia.gov.in/Digital_Product_Show.aspx.

Source: authors’ calculation using ISIMIP data and estimated change in labour share (%).
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Figure D3: Projected change in labour share using climate projections data from the global climate model
MRI-ESM2-0 for the largest temperature bin (≥33◦C)

Note: reported are the projected analogues for the short run (2041–60), medium run (2061–80), and long run

(2081–2100) under three warming scenarios: low emissions (SSP1-2.6), medium emissions (SSP3-7.0), and high

emissions (SSP5-8.5). The maps are generated in R, using a shapefile provided by the Survey of India, Ministry

of Science and Technology, India, at http://onlinemaps.surveyofindia.gov.in/Digital_Product_Show.aspx.

Source: authors’ calculation using ISIMIP data and estimated change in labour share (%).
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Figure D4: Projected change in labour share using climate projections data from the global climate model
UKESM1-0-LL for the largest temperature bin (≥33◦C)

Note: reported are the projected analogues for the short run (2041–60), medium run (2061–80), and long run

(2081–2100) under three warming scenarios: low emissions (SSP1-2.6), medium emissions (SSP3-7.0), and high

emissions (SSP5-8.5). The maps are generated in R, using a shapefile provided by the Survey of India, Ministry

of Science and Technology, India, at http://onlinemaps.surveyofindia.gov.in/Digital_Product_Show.aspx.

Source: authors’ calculation using ISIMIP data and estimated change in labour share (%).
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Table D1: Effect of extreme heat on labour share, robustness to alternative levels of clustering

Variables (1) (2) (3) (4) (5)

Tmean[<15◦C) –0.0009 –0.0009 –0.0009 –0.0009 –0.0009
(0.0044) (0.0034) (0.0049) (0.0039) (0.0041)

Tmean[15–18◦C) 0.0052∗ 0.0052∗∗ 0.0052 0.0052∗∗ 0.0052∗

(0.0028) (0.0026) (0.0034) (0.0025) (0.0030)
Tmean[18–21◦C) 0.0008 0.0008 0.0008 0.0008 0.0008

(0.0023) (0.0020) (0.0019) (0.0023) (0.0025)
Tmean[21–24◦C) 0.0002 0.0002 0.0002 0.0002 0.0002

(0.0013) (0.0012) (0.0016) (0.0010) (0.0013)
Tmean[27–30◦C) –0.0039∗∗ –0.0039∗∗∗ –0.0039∗∗ –0.0039∗∗ –0.0039∗∗∗

(0.0015) (0.0012) (0.0017) (0.0015) (0.0014)
Tmean[30–33◦C) –0.0071∗∗∗ –0.0071∗∗∗ –0.0071∗∗∗ –0.0071∗∗ –0.0071∗∗

(0.0022) (0.0016) (0.0024) (0.0028) (0.0030)
Tmean[≥ 33◦C) –0.0091∗∗∗ –0.0091∗∗∗ –0.0091∗∗ –0.0091∗∗∗ –0.0091∗∗∗

(0.0028) (0.0022) (0.0034) (0.0032) (0.0032)

Observations 309,472 309,472 309,472 309,472 309,472
Firm fixed effects Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes

Note: the table provides the estimated impacts of extreme heat on the dependent variable, that is, firm-level
labour share. All columns provide an impact of one additional day recording average daily temperature in
reference to the omitted bin [24–27◦C). All models include firm and year fixed effects as well as total precipitation,
age of firm, and firm size classification as per ASI as control variables. Column (1) provides estimates for the
main specification with standard errors clustered at the district level. The robust standard errors, clustered at the
firm level in column (2), district–industry level in column (3), and state level in column (4), are reported in
parentheses. The Conley standard errors are reported in column (5). Significance level: * p < 0.1, ** p < 0.05, ***
p < 0.01.
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Table D2: Effect of extreme heat on labour share, robustness to time-varying state-level and sector-level
factors, industrial disputes, alternative measures of labour share, and exclusion of firms with fewer than
ten employees

Variables (1) (2) (3) (4) (5) (6)

Tmean[<15◦C) –0.0039 –0.0012 –0.0016 –0.0050 –0.0077∗ –0.0002
(0.0045) (0.0047) (0.0045) (0.0037) (0.0042) (0.0047)

Tmean[15–18◦C) 0.0021 0.0045 0.0042 0.0040∗ 0.0042 0.0072∗∗

(0.0027) (0.0028) (0.0028) (0.0023) (0.0028) (0.0032)
Tmean[18–21◦C) –0.0031 0.0006 0.0007 0.0014 0.0002 0.0011

(0.0020) (0.0023) (0.0023) (0.0022) (0.0024) (0.0025)
Tmean[21–24◦C) –0.0007 0.0001 0.0000 –0.0005 –0.0013 0.0014

(0.0014) (0.0013) (0.0013) (0.0013) (0.0014) (0.0014)
Tmean[27–30◦C) –0.0036∗∗ –0.0041∗∗∗ –0.0041∗∗∗ –0.0023∗ –0.0029∗∗ –0.0041∗∗

(0.0014) (0.0015) (0.0016) (0.0013) (0.0014) (0.0016)
Tmean[30–33◦C) –0.0046∗∗ –0.0068∗∗∗ –0.0070∗∗∗ –0.0045∗∗ –0.0050∗∗ –0.0080∗∗∗

(0.0020) (0.0021) (0.0021) (0.0020) (0.0023) (0.0024)
Tmean[≥33◦C) –0.0068∗∗∗ –0.0085∗∗∗ –0.0088∗∗∗ –0.0056∗∗∗ –0.0069∗∗∗ –0.0095∗∗∗

(0.0026) (0.0027) (0.0028) (0.0021) (0.0025) (0.0031)

Observations 309,472 309,472 309,472 309,472 309,472 274,208
Firm fixed effects Yes Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes
State fixed effects Yes
Year × state Yes
Year × two-digit industry Yes

Note: the table provides the estimated impacts of extreme heat on the dependent variable, that is, firm-level
labour share. All columns provide an impact of one additional day recording average daily temperature in
reference to the omitted bin [24–27◦C). All models include firm and year fixed effects as well as total precipitation,
age of firm, and firm size classification as per ASI as control variables. The robust standard errors, clustered at
the district level, are reported in parentheses. Column (1) controls for the state-specific time trends, and column
(2) controls for sector-specific time trends. The minutes lost to industrial disputes are controlled for in column (3).
In column (4), labour share is defined as total compensation/gross output, whereas in column (5) it is total
compensation/value-added. Column (6) provides estimates for a subset of firms with a minimum of ten
employees. Significance level: * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table D3: Effect of extreme heat on labour share, robustness to alternative reference temperature bins

Variables (1) (2)

Tmean[<15◦C) –0.0011 0.0030
(0.0041) (0.0045)

Tmean[15–18◦C) 0.0051∗ 0.0091∗∗∗

(0.0027) (0.0031)
Tmean[18–21◦C) 0.0006 0.0046∗

(0.0023) (0.0026)
Tmean[21–24◦C) 0.0040∗∗

(0.0018)

Tmean[24–27◦C) –0.0002 0.0039∗∗

(0.0013) (0.0015)
Tmean[27–30◦C) –0.0040∗∗

(0.0018)
Tmean[30–33◦C) –0.0073∗∗∗ –0.0033

(0.0023) (0.0020)
Tmean[≥33◦C) –0.0093∗∗∗ –0.0053∗∗

(0.0030) (0.0023)
Observations 309,472 309,472
Firm fixed effects Yes Yes
Year fixed effects Yes Yes

Note: the table provides the estimated impacts of extreme heat on the dependent variable, that is, firm-level
labour share. All models include firm and year fixed effects as well as total precipitation, age of firm, and firm size
classification as per ASI as control variables. The robust standard errors, clustered at the district level, are
reported in parentheses. Column (1) provides an impact of one additional day recording average daily
temperature in reference to the omitted bin [21–24◦C) and column (2) provides an impact in reference to the
omitted bin [27–30◦C). Significance level: * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table D4: Effect of extreme heat on labour share, robustness to alternative measures of extreme heat

Variables (1) (2) (3) (4) (5)

Tmax[<15◦C) 0.0047
(0.0090)

Tmax[15–18◦C) –0.0106∗∗

(0.0047)
Tmax[18–21◦C) –0.0005

(0.0036)
Tmax[21–24◦C) 0.0004

(0.0027)
Tmax[24–27◦C) 0.0040∗∗

(0.0019)
Tmax[30–33◦C) 0.0000

(0.0013)
Tmax[33–36◦C) –0.0034∗∗

(0.0015)
Tmax[36–39◦C) –0.0062∗∗

(0.0026)
Tmax[≥39◦C) –0.0049∗

(0.0029)
Days count with mean temperature >30◦C –0.0051∗∗∗

(0.0019)
Days count with maximum temperature >30◦C –0.0027∗∗

(0.0011)
Days count with maximum temperature >32◦C –0.0046∗∗∗

(0.0013)
Days count with maximum temperature >35◦C –0.0056∗∗∗

(0.0018)

Observations 309,472 309,472 309,472 309,472 309,472
Firm fixed effects Yes Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes

Note: the table provides the estimated impacts of extreme heat on the dependent variable, that is, firm-level
labour share. All models include firm and year fixed effects as well as total precipitation, age of firm, and firm size
classification as per ASI as control variables. The robust standard errors, clustered at the district level, are
reported in parentheses. Column (1) provides an impact of one additional day recording daily maximum
temperature in reference to the omitted bin [27–30◦C). Column (2) provides an impact of one additional day
recording average daily temperature above 30◦C. Columns (3)–(5) provide an impact of one additional day
recording daily maximum temperature above 30◦C, 32◦C, and 35◦C, respectively. Significance level: * p < 0.1, **
p < 0.05, *** p < 0.01.
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Table D5: Effect of extreme heat on labour share, robustness to humidity-based measure of extreme heat
(NOAA Heat Index)

Variables (1) (2) (3) (4)

HI[<10◦C) 0.0058
(0.0063)

HI[10–12◦C) –0.0043
(0.0053)

HI[12–14◦C) 0.0009
(0.0050)

HI[14–16◦C) 0.0016
(0.0038)

HI[16–18◦C) 0.0114∗∗∗

(0.0033)
HI[26◦C-28◦C) 0.0005

(0.0017)
HI[28–30◦C) –0.0013

(0.0021)
HI[30–32◦C) –0.0018

(0.0024)
HI[32–34◦C) –0.0071∗∗

(0.0028)
HI[34–36◦C) –0.0052∗

(0.0030)
HI[≥36◦) –0.0100∗∗

(0.0040)
Days count with Heat Index > 30◦C –0.0042∗∗∗

(0.0016)
Days count with Heat Index > 32◦C –0.0057∗∗∗

(0.0020)
Days count with Heat Index > 33◦C –0.0071∗∗∗

(0.0022)

Observations 309,472 309,472 309,472 309,472
Firm fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes

Note: the table provides the estimated impacts of extreme heat on the dependent variable, that is, firm-level
labour share. Column (1) provides an impact of one additional day recording NOAA Heat Index in reference to the
omitted bin [18–26◦C). Columns (2)–(4) provide an impact of one additional day recording NOAA Heat Index
above 30◦C, 32◦C, and 33◦C, respectively. All models include firm and year fixed effects as well as total
precipitation, age of firm, and firm size classification as per ASI as control variables. The robust standard errors,
clustered at the district level, are reported in parentheses. Significance level: * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table D6: Effect of extreme heat on labour share, robustness to relative humidity-based measures of
extreme heat (WBGT)

Variables (1) (2) (3) (4)

WBGT[<10◦C) 0.0079
(0.0065)

WBGT[10–12◦C) –0.0035
(0.0048)

WBGT[18–20◦C) –0.0032
(0.0028)

WBGT[20–22◦C) –0.0057∗

(0.0032)
WBGT[22–24◦C) –0.0037

(0.0038)
WBGT[24–26◦C) –0.0046

(0.0042)
WBGT[26–28◦C) –0.0102∗∗

(0.0045)
WBGT[≥28◦C) –0.0172∗∗∗

(0.0065)
Days count with WBGT >24◦C –0.0011

(0.0018)
Days count with WBGT >25◦C –0.0031∗

(0.0017)
Days count with WBGT >26◦C –0.0060∗∗∗

(0.0021)

Observations 309,472 309,472 309,472 309,472
Firm fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes

Note: the table provides the estimated impacts of extreme heat on the dependent variable, that is, firm-level
labour share. Column (1) provides an impact of one additional day recording WBGT in reference to the omitted
bin [12–18◦C). Columns (2)–(4) provide an impact of one additional day recording WBGT above 24◦C, 25◦C, and
26◦C, respectively. All models include firm and year fixed effects as well as total precipitation, age of firm, and firm
size classification as per ASI as control variables. The robust standard errors, clustered at the district level, are
reported in parentheses. Significance level: * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table D7: Estimates of industry-level capital-labour substitution coefficients

Industry code Industry Coefficient SE Obs. Sig.

23 Manufacture of other non-metallic mineral products –3.6968401 0.1268230 29,805 ***
33 Repair and installation of machinery and equipment –3.5832870 1.3184709 231 ***
52 Warehousing and support activities for transportation –3.5263963 1.2278653 164 ***
12 Manufacture of tobacco products –2.8958228 0.2831845 2,416 ***
31 Manufacture of furniture –2.3874589 0.2297486 2,363 ***
18 Printing and reproduction of recorded media –2.2522640 0.3829993 4,630 ***
13 Manufacture of textiles –2.2513123 0.2129925 25,572 ***
26 Manufacture of computer, electronic, and optical products –1.8809690 0.2939924 7,665 ***
14 Manufacture of wearing apparel –1.8480380 0.2989150 9,559 ***
29 Manufacture of motor vehicles, trailers, and semi-trailers –1.8209146 0.1858399 9,980 ***
21 Manufacture of pharmaceuticals –1.8132289 0.1506217 9,952 ***
20 Manufacture of chemicals and chemical products –1.7440914 0.2508157 23,093 ***
11 Manufacture of beverages –1.7209205 0.1850659 5,462 ***
15 Manufacture of leather and related products –1.6539439 0.1539028 7,236 ***
22 Manufacture of rubber and plastics products –1.6254343 0.0730888 15,650 ***
17 Manufacture of paper and paper products –1.5175916 0.1030785 9,844 ***
27 Manufacture of electrical equipment –1.5094841 0.1110639 15,589 ***
32 Other manufacturing –1.4096628 0.2778722 5,832 ***
25 Manufacture of fabricated metal products –1.3626473 0.2289485 19,088 ***
16 Manufacture of wood and products of wood –1.3113465 0.1535569 5,626 ***
24 Manufacture of basic metals –1.3034173 0.0933312 21,543 ***
30 Manufacture of other transport equipment –1.1540206 0.3099332 5,890 ***
28 Manufacture of machinery and equipment –1.0766127 0.1232871 22,716 ***
10 Manufacture of food products –0.9153949 0.0822023 46,689 ***
19 Manufacture of coke and refined petroleum products –0.7655855 0.1398102 2,877 ***

Source: authors’ compilation.

55



Table D8: Effect of extreme heat on market concentration of sales and employment at district–industry–
year level excluding single-firm markets

Variables HHI(sales) CR1(sales) HHI(employment) CR1(employment)
(1) (2) (3) (4)

Tmean[<15◦C) 0.0007∗∗∗ 0.0690∗∗∗ 0.0006∗∗∗ 0.0547∗∗∗

(0.0002) (0.0210) (0.0001) (0.0121)
Tmean[15–18◦C) –0.0001 –0.0093 0.0001 –0.0003

(0.0002) (0.0152) (0.0001) (0.0138)
Tmean[18–21◦C) 0.0002 0.0146 0.0002∗ 0.0163

(0.0002) (0.0145) (0.0001) (0.0127)
Tmean[21–24◦C) 0.0000 0.0042 0.0000 0.0024

(0.0001) (0.0088) (0.0001) (0.0083)
Tmean[27–30◦C) 0.0001∗ 0.0110 0.0003∗∗∗ 0.0244∗∗∗

(0.0001) (0.0076) (0.0001) (0.0069)
Tmean[30–33◦C) 0.0002 0.0146 0.0001 0.0088

(0.0001) (0.0105) (0.0001) (0.0102)
Tmean[≥33◦C) 0.0001 0.0041 0.0002 0.0101

(0.0001) (0.0116) (0.0001) (0.0112)

Observations 38,902 38,902 38,902 38,902
District fixed effects Yes Yes Yes Yes
Two-digit industry fixed effects Yes Yes Yes Yes

Note: the table provides estimates for the market concentration channel. The sample is restricted to markets with
at least two firms. All columns provide an impact of one additional day recording average daily temperature in
reference to the omitted bin [24–27◦C). All models include district and industry (sector) fixed effects as well as
total precipitation as a control variable. The robust standard errors, clustered at the district level, are reported in
parentheses. The impact of heat on market concentration measured on the basis of sales is provided in columns
(1) and (2) and on the basis of employment in columns (3) and (4). Significance level: * p < 0.1, ** p < 0.05, *** p
< 0.01.
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Table D9: Projected impacts of climate change on labour share (using climate projections data from the global climate model IPSL-CM6A-LR)

Bin SSP1-2.6 SSP3-7.0 SSP5-8.5

2041–60 2061–80 2081–2100 2041–60 2061–80 2081–2100 2041–60 2061–80 2081–2100

Tmean[<15◦C) 0.009 0.009 0.007 0.010 0.013 0.015 0.011 0.014 0.016
Tmean[15–18◦C) –0.022 –0.024 –0.014 –0.028 –0.058 –0.080 –0.035 –0.073 –0.096
Tmean[18–21◦C) –0.002 –0.002 –0.002 –0.003 –0.006 –0.012 –0.004 –0.009 –0.018
Tmean[21–24◦C) –0.003 –0.004 –0.004 –0.004 –0.004 –0.005 –0.004 –0.005 –0.006
Tmean[27–30◦C) –0.092 –0.122 –0.115 –0.078 –0.054 0.008 –0.071 –0.029 0.059
Tmean[30–33◦C) –0.224 –0.245 –0.236 –0.297 –0.407 –0.448 –0.333 –0.437 –0.451
Tmean[≥33◦C) –0.198 –0.223 –0.231 –0.301 –0.471 –0.842 –0.295 –0.652 -1.195
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Table D10: Projected impacts of climate change on labour share (using climate projections data from global climate model MPI-ESM1-2-HR)

Bin SSP1-2.6 SSP3-7.0 SSP5-8.5

2041–60 2061–80 2081–2100 2041–60 2061–80 2081–2100 2041–60 2061–80 2081–2100

Tmean[<15◦C) 0.006 0.006 0.006 0.004 0.009 0.012 0.007 0.012 0.014
Tmean[15–18◦C) 0.000 –0.006 –0.003 0.019 0.000 –0.041 0.009 –0.035 –0.069
Tmean[18–21◦C) 0.000 0.000 0.000 0.001 0.001 –0.002 0.000 –0.001 –0.008
Tmean[21–24◦C) –0.003 –0.003 –0.003 –0.003 –0.004 –0.004 –0.004 –0.004 –0.004
Tmean[27–30◦C) –0.086 –0.103 –0.104 –0.102 –0.118 –0.102 –0.111 –0.128 –0.096
Tmean[30–33◦C) –0.147 –0.172 –0.152 –0.159 –0.266 –0.392 –0.178 –0.309 –0.447
Tmean[≥33◦C) –0.114 –0.165 –0.132 –0.070 –0.157 –0.243 –0.112 –0.201 –0.348
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Table D11: Projected impacts of climate change on labour share (using climate projections data from global climate model MRI-ESM2-0)

Bin SSP1-2.6 SSP3-7.0 SSP5-8.5

2041–60 2061–80 2081–2100 2041–60 2061–80 2081–2100 2041–60 2061–80 2081–2100

Tmean[<15◦C) 0.009 0.009 0.009 0.009 0.012 0.013 0.012 0.013 0.015
Tmean[15–18◦C) –0.013 –0.017 –0.022 –0.004 –0.040 –0.054 –0.037 –0.055 –0.082
Tmean[18–21◦C) –0.001 –0.001 –0.001 0.000 –0.001 –0.004 –0.002 –0.004 –0.010
Tmean[21–24◦C) –0.003 –0.003 –0.003 –0.003 –0.003 –0.004 –0.003 –0.004 –0.005
Tmean[27–30◦C) –0.047 –0.062 –0.052 –0.062 –0.071 –0.043 –0.035 –0.045 –0.018
Tmean[30–33◦C) –0.207 –0.225 –0.279 –0.232 –0.316 –0.349 –0.255 –0.327 –0.392
Tmean[≥33◦C) –0.222 –0.295 –0.311 –0.196 –0.346 –0.533 –0.365 –0.530 –0.773
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Table D12: Projected impacts of climate change on labour share (using climate projections data from global climate model UKESM1-0-LL)

Bin SSP1-2.6 SSP3-7.0 SSP5-8.5

2041–60 2061–80 2081–2100 2041–60 2061–80 2081–2100 2041–60 2061–80 2081–2100

Tmean[<15◦C) 0.010 0.011 0.011 0.011 0.013 0.015 0.012 0.014 0.016
Tmean[15–18◦C) –0.021 –0.038 –0.034 –0.032 –0.057 –0.078 –0.036 –0.075 –0.095
Tmean[18–21◦C) –0.001 –0.002 –0.001 –0.003 –0.005 –0.010 –0.002 –0.009 –0.016
Tmean[21–24◦C) –0.004 –0.004 –0.004 –0.004 –0.004 –0.005 –0.004 –0.005 –0.006
Tmean[27–30◦C) –0.076 –0.092 –0.090 –0.080 –0.037 0.026 –0.060 0.009 0.091
Tmean[30–33◦C) –0.246 –0.303 –0.314 –0.312 –0.477 –0.493 –0.326 –0.490 –0.431
Tmean[≥33◦C) –0.211 –0.291 –0.273 –0.259 –0.474 –0.807 –0.314 –0.710 –1.268
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