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Abstract 

This study estimates climate damage functions for productivity using firm-level microdata while 
incorporating climate extremes such as precipitation variability, flood exposure, and drought intensity. 
Motivated by recent methodological debate regarding spatial correlation and limited independent 
variation in aggregate climate–growth estimates, the analysis adopts a long-difference framework that 
isolates persistent climate effects rather than short-run shocks. Using productivity measures constructed 
from harmonized World Bank Enterprise Survey microdata covering 125 countries and linked to high-
resolution ERA5 climate data, the results reveal a robust downward-sloping and convex temperature 
damage function, indicating that warming imposes increasingly large productivity growth losses in 
hotter baseline climates. While global-average effects are statistically weak, region-specific estimates 
uncover substantial heterogeneity. Extensions incorporating precipitation and climate extremes preserve 
the qualitative damage pattern and generally imply smaller projected losses, suggesting that part of the 
temperature effect may operate through additional climate channels. Leave-one-region-out tests 
confirm that the results are stable and not driven by any single region. 

Keywords: Climate change; Climate damage functions; Firm productivity; Firm-level microdata; 
Long-difference estimation. 

JEL Code: Q54, D22, O44, C23, Q56 

1.0 Introduction 

Understanding the economic consequences of climate change remains a central challenge for climate 
policy [20; 8], macroeconomic modelling [16; 1], and development planning [4; 13]. A large empirical 
literature suggests that rising temperatures reduce economic performance, particularly in lower-income 
regions [3; 15]. However, recent debates have highlighted methodological vulnerabilities in aggregate 
macro-climate econometric approaches, particularly the risk of overstated precision when economic 
units are strongly spatially correlated. Recent critiques of macro-climate growth models highlight that 
subdividing countries into many regions does not necessarily increase independent information when 
economic outcomes are strongly spatially correlated [2; 18; 7]. These concerns underscore the 
importance of complementary micro-level evidence for estimating climate damage 

This paper therefore examines whether climate damage functions constructed from repeated cross-
sectional firm-level microdata provide complementary evidence on climate-productivity relationships 
beyond those obtained from aggregate macroeconomic data. 

To address this gap, I estimate climate damage functions using harmonized firm-level microdata from 
the World Bank Enterprise Surveys (WBES) covering 125 countries and multiple survey waves. Rather 
than using aggregate GDP, I construct value-added measures from firm-level observations using sales 
and intermediate inputs and subsequently aggregate these measures to country-region-year cells. 
Because the WBES consists of repeated cross-sectional surveys in which firms are randomly sampled 



in each wave, aggregation provides a consistent basis for examining medium-run climate-productivity 
relationships across survey periods. Value added is particularly suitable for this purpose because it 
captures productivity-relevant net output more directly than gross sales and more closely reflects firms’ 
contribution to economic production. Guided by growth theory, I estimate long-difference climate 
damage functions that relate annualised growth in log value added to changes in climate variables and 
their interactions with baseline climate conditions. 

The results show a nonlinear and heterogeneous temperature-growth relationship that is robust across 
specifications. The estimated damage function is downward-sloping and convex, implying that 
warming imposes increasingly large productivity losses in hotter baseline climates. Although global-
average effects are statistically weak, regional estimates reveal substantial heterogeneity, indicating that 
aggregate averages obscure meaningful differences in climate damage across regions. Robustness 
checks further show that these patterns are not driven by any single region. 

This paper makes three contributions. First, it constructs climate damage functions using productivity 
measures derived from World Bank Enterprise Survey microdata covering 125 countries and multiple 
survey waves. Second, it estimates heterogeneous climate damage functions that explicitly incorporate 
baseline climate conditions, demonstrating that climate impacts vary substantially across climatic 
environments. Third, it combines a long-difference framework with multiple robustness exercises, 
including alternative climate specifications and leave-one-region-out estimation, to assess the stability 
of estimated climate-productivity relationships. 

To examine this question empirically, the next section describes the firm-level and climate data, the 
construction of value added, and the long-difference framework used to estimate climate damage 
functions. 

2.0 Method and Data 

This section describes the data sources, variable construction, and empirical strategy used to estimate 
climate damage functions from firm-level microdata. 

2.1 Data Source 

Firm-level data for 125 countries are obtained from the World Bank Enterprise Surveys (WBES), with 
each country observed in at least two survey waves (Fig. 4). Detailed list of the countries observed by 
regions and the list of countries with their corresponding number of firm observations and survey wave-
years can be found in Table S5-S6 respectively. The production indicators used in the analysis (Table 
2) include annual sales for all products and services (𝑑2௜), annual electricity expenditure (݊2 ௜ܾ), and 
annual expenditure on raw materials and intermediate inputs (݊2݁௜). Each firm was assigned a country 
identifier ܿ(݅) and a region identifier ݎ(݅). In the construction of operating cost and value added, 
Following existing WBES productivity studies, missing expenditure values were replaced with zero 
when non-response was interpreted as the absence of expenditure rather than missing reporting. 

 

Indicator Code Survey Question 
Sales d2 In fiscal year, what were this establishment’s total annual sales for 

all products and services? 
Cost of Electricity n2b Total annual cost of electricity 
Cost of Raw Material n2e Total annual cost of raw materials and intermediate goods used in 

production 
Table 2: Productivity indicators 

Regional classifications follow the WBES regional grouping as recorded in the dataset and used in the 
regressions through the categorical Region identification: East Asia and the Pacific (EAP), Europe and 



Central Asia (ECA), Latin America and the Caribbean (LAC), Middle East and North Africa (MENA), 
North and Central America (NCA), South Asia (SA), and Sub-Saharan Africa (SSA).  

Climate exposure data consist of annual mean surface air temperature, precipitation, flood exposure 
proxied by number of days with precipitation exceeding 50mm, and drought exposure proxied by 
maximum number of consecutive dry days. These variables are retrieved from the World Bank Climate 
Change Knowledge Portal (WBCCKP), based on the ERA5 reanalysis product at 0.25-degree spatial 
resolution, covering the period 1950-2023. Flood observations with empty cells are assumed to 
represent zero days with precipitation exceeding 50 mm, and so was populated with 0.00001. 

The climate dataset was originally assembled in 2024, when complete climate observations 
corresponding to the most recent survey years were not yet available. To maintain temporal alignment 
between climate exposures and survey observations, country-specific linear trends were used to 
generate climate values for 2024–2025. These extrapolated observations are used only for a small subset 
of survey waves and do not drive the identification of the estimated climate damage functions. For each 
country ܿ, I estimated: ݁ݐ݈ܽ݉݅ܥ௖,௧ = ௖ߙ + ݐ௖ߩ + ௖,௧ߝ , ݐ ≤ 2023,                                                                                                         (1) 
 
where ߙ௖ denotes a country-specific intercept, ߩ௖ long-run linear trend in the climate variable, and ߝ௖,௧ 
is an error term. Predicted values for ݐ ∈ {2024, 2025} are then generated using the fitted coefficient 
from (1). The resulting climate series are merged into the firm-level data by country and survey year, 
so that each firm observation inherits the corresponding climate exposure ݁ݐ݈ܽ݉݅ܥ௖(௜),௧(௜). This 
extrapolation is used solely to align climate variables with the timing of firm surveys. 

 

 



 

Figure 4: Distribution of survey waves across 125 observed countries 

 

 

2.2 Construction of firm value added 

I index firms, country, regions, and year by ݅, ܿ, ,ݎ ܽ݊𝑑 ݐ respectively. The firm-level dataset from the 
WBES provides information on sales and intermediate input costs, which are used to construct operating 
costs and value added. Operating costs are defined as the sum of firm-reported intermediate input 
expenditures (2), firm value added is defined as the gross output minus operating cost (3). Observations 
with missing or non-positive value added are excluded to ensure consistency with production theory 
and numerical stability. I then construct log value added and trim extreme outliers resulting from 
reporting errors common in firm survey data. Log value added is defined in (4) and is winsorized by 
dropping observations below the 1st percentile and above the 99th percentile of its distribution (5). ܥ ௜ܱ௖௥௧ = ݊2ܾ௜௖௥௧ + ݊2݁௜௖௥௧ ௜௖௥௧ܣܸ (2)                                                                                                                         .  = 𝑑2௜௖௥௧ − ܥ ௜ܱ௖௥௧  .                                                                                                                            (3)   



ln ௜௖௥௧ܣܸ = ln  (4)                                                                                                                                .(௜௖௥௧ܣܸ) 
 ln ௜௖௥௧ܣܸ ∈  (5)                                                                                                  .[(ܣlnܸ)0.99ݍ ,(ܣlnܸ)0.01ݍ]
 

2.3 Empirical strategy 

My empirical approach adapts the theoretical framework of Kalkuhl and Wenz [11], who show in a 
Ramsey-type growth model that climate affects economic outcomes through its impact on long-run 
growth rate of productivity, rather than solely through transitory weather shocks. In their framework, 
baseline climate conditions determine the slope of the baseline-growth-path productivity function, while 
short-run weather fluctuations generate temporary deviations. 

Guided by this insight, I estimate a long-difference climate-growth equation that relates medium-term 
growth in firm performance to changes in variables interacted with long-run baseline climate exposure. 
Specifically, I model growth in log value added as a function of temperature and their interaction with 
baseline mean temperature, with extensions allowing precipitation, flood-days, and drought intensity to 
enter both directly and through interactions with their own baseline and baseline temperature. 

The empirical analysis aggregates firm outcomes to country-region-period cells and exploits long 
differences between the first and last observed years for each cell. The aggregation procedure is 
motivated by the repeated cross-sectional nature of the WBES. Since firms are not generally observed 
in multiple survey waves, within-firm long-difference estimation is infeasible. Aggregation to country-
region-year cells provides a consistent basis for tracking medium-run changes in average productivity 
while reducing sampling variability associated with repeated cross-sectional observations. This design 
isolates persistent climate-induced shifts in growth while avoiding limitations of annual panel 
regressions in short and uneven panels. As a result, the estimated coefficients can be interpreted as 
reduced-form evidence on the medium-run growth penalty associated with climate change, consistent 
with the climate-growth mechanism emphasized by Kalkuhl and Wenz [11]. 

Aggregation and long-difference construction: Firm-level outcomes are aggregated to country-
region-year average to align with spatially matched climate data ( ௖ܶ௥௧, ௖ܲ௥௧, ܨ௖௥௧, and ܦ௖௥௧) and to 
reduce firm-level measurement noise. After aggregation and long-difference construction, the 
estimation sample consists of 124 country-region cells. Aggregation to country-region cells ensures that 
firm outcomes are matched to climate exposures measured at comparable spatial resolution and reduces 
idiosyncratic firm-level noise. Let ௖ܰ௥௧ denote the number of firms in cell (ܿ, ,ݎ  The aggregation .(ݐ
procedure is given in (6). Climate variables measured at the same spatial and temporal resolution are 
then merged, where ܶ denotes temperature, ܲ precipitation, ܨ extreme precipitation (flood-days 
exceeding 50mm), and ܦ drought intensity measured as consecutive dry days. 

 ln ௖௥௧ܣܸ = 1ܰ௖௥௧ ∑ lnܸܣ௜௖௥௧௜∈(௖,௥,௧) .                                                                                                   (6) 
 

To implement the long-difference identification, I denote by 1ݐ(ܿ, ,ܿ)2ݐ and (ݎ  the first and last (ݎ
observed years for each country-region cell. The long-difference in average log value added is defined 
in (7). Because the spacing between 1ݐ and 2ݐ varies across cells, this difference is annualised in (8). 
Long-difference in climate variables are defined analogously in (9). 



 ∆ lnܸܣ௖௥ = lnܸܣ௖௥,௧2 − lnܸܣ௖௥,௧1  .                                                                                                              (7) 
 

݃௖௥ = ∆ lnܸܣ௖௥2ݐ(ܿ, (ݎ − ,ܿ)1ݐ  (8)                                                                                                                               . (ݎ
 

 

 

{  
  Δ ௖ܶ௥ = ௖ܶ௥,௧2 − ௖ܶ௥,௧1 ,  Δ ௖ܲ௥ = ௖ܲ௥,௧2 − ௖ܲ௥,௧1 ,Δܨ௖௥ = ௖௥,௧2ܨ − ௖௥,௧1ܨ ,Δܦ௖௥ = ௖௥,௧2ܦ − ௖௥,௧1ܦ .}  

                                                                                                                                   (9) 
 

To capture heterogeneity by long-run climate exposure, I compute for each country-region cell the time-
average climate baseline using all observed year available for that cell (10), where ௖࣮௥ is the set of 
observed years for cell (ܿ, and ݊௖௥ (ݎ =∣ ௖࣮௥ ∣ . For estimation and collinearity control, all long-
difference climate variables and their baselines are mean-centred (11), and interaction terms are 
constructed from centred components in (12). Variance Inflation Factor (VIFs) are computed to 
diagnose collinearity. Higher VIFs for interaction terms are expected by construction and do not bias 
coefficient estimates, though they may inflate standard errors. Temperature anomalies are tested but 
excluded from preferred specifications because they are not separately identified from level changes in 
the short and uneven time series available at country-region level. 

 

{  
  
   
 ܶ௖௥ = 1݊௖௥ ∑ ௖ܶ௥௧௧∈ ೎࣮ೝ ,  ܲ௖௥ = 1݊௖௥ ∑ ௖ܲ௥௧௧∈ ೎࣮ೝ ௖௥ܨ, = 1݊௖௥ ∑ ∋௖௥௧௧ܨ ೎࣮ೝ ௖௥ܦ, = 1݊௖௥ ∑ ∋௖௥௧௧ܦ ೎࣮ೝ  .}  

  
   
 
                                                                                                                                (10) 

 

{  
   
 Δܶ̃௖௥ = Δ ௖ܶ௥ − ॱ[Δܶ], ܶ̃௖௥ = ܶ௖௥ − ॱ[ܶ],Δܲ̃௖௥ = Δ ௖ܲ௥ − ॱ[Δܲ], ܲ̃௖௥ = ܲ௖௥ − ॱ[ܲ],Δ̃ܨ௖௥ = Δܨ௖௥ − ॱ[Δܨ], ௖௥ܨ̃ = ௖௥ܨ − ॱ[ܨ],Δ̃ܦ௖௥ = Δܦ௖௥ − ॱ[Δܦ], ௖௥ܦ̃ = ௖௥ܦ − ॱ[ܦ].}  

   
 
                                                                                          (11) 

 



Δܶ̃௖௥ × ܶ̃௖௥, Δܲ̃௖௥ × ܲ̃௖௥, Δ̃ܨ௖௥ × ,௖௥ܨ̃ Δ̃ܦ௖௥ ×  ௖௥ .                                                               (12)ܦ̃
 

2.4 Model specifications and robustness  

The baseline long-difference climate damage specification (ܵ1ܿ݁݌)  relates to annualised growth in log 
value added to change in temperature and their interactions with baseline mean temperature and is 
defined in (13), with a version including region fixed effects (14) to absorb time-invariant regional 
heterogeneity. Specifications adding precipitation channels are given in (15) – (16). For robustness, I 
extend the baseline temperature-damage specification by adding climate extremes which include flood 
(day exceeding 50mm) and drought (consecutive dry days) as additional exposure channels, included 
both as long-difference terms and through interactions with their own long-run baseline and the long-
run baseline temperature in (17) – (18).  

All specifications are estimated by Ordinary Least Squares (OLS) on the long-difference sample. 
Because the unit of observation is the country-region cell, and shocks may be correlated within broader 
regions, inference is conducted using cluster-robust standard errors clustered at the region level (19). 
Clustering at the country level is not adopted because long-differencing removes time-invariant country 
components and the effective number of independent country clusters may be insufficient for reliable 
asymptotic inference. Also, it is important to note that EAP does not appear in the regression table 
because it is the omitted reference category in region fixed-effect specifications; its effect is absorbed 
into the intercept. 

௖௥݃ :1ܿ݁݌ܵ  = ߙ + 1Δܶ̃௖௥ߛ + 2ߛ (Δܶ̃௖௥ × ܶ̃௖௥) +  ௖௥ .                                                                                 (13)ݑ
௖௥݃ :2ܿ݁݌ܵ  = ߙ + 1Δܶ̃௖௥ߛ + 2ߛ (Δܶ̃௖௥ × ܶ̃௖௥) + ௥ߣ +  ௖௥ .                                                                       (14)ݑ
௖௥݃ :3ܿ݁݌ܵ  = ߙ 1Δܶ̃௖௥ߛ+ + 2ߛ (Δܶ̃௖௥ × ܶ̃௖௥) + 1Δܲ̃௖௥ߨ + 2ߨ (Δܲ̃௖௥ × ܲ̃௖௥) 3ߨ                                           + (Δܲ̃௖௥ × ܶ̃௖௥) +  ௖௥ .                                                                                             (15)ݑ
௖௥݃ :4ܿ݁݌ܵ  = ߙ 1Δܶ̃௖௥ߛ+ + 2ߛ (Δܶ̃௖௥ × ܶ̃௖௥) + 1Δܲ̃௖௥ߨ + 2ߨ (Δܲ̃௖௥ × ܲ̃௖௥) 3ߨ                                                                                + (Δܲ̃௖௥ × ܶ̃௖௥) + ௥ߣ +  ௖௥.                                                                                     (16)ݑ
 

௖௥݃ :5ܿ݁݌ܵ = ߙ 1Δܶ̃௖௥ߛ+ + 2ߛ (Δܶ̃௖௥ × ܶ̃௖௥) + 1Δܲ̃௖௥ߨ + 2ߨ (Δܲ̃௖௥ × ܲ̃௖௥) +                                (17) 
3ߨ (Δܲ̃௖௥ × ܶ̃௖௥) + ߶1Δ̃ܨ௖௥ + ߶2 (Δ̃ܨ௖௥ × (௖௥ܨ̃ + 2ߜ (Δ̃ܨ௖௥ × ܶ̃௖௥) + ௖௥ܦ1Δ̃ߜ 2ߜ + (Δ̃ܦ௖௥ × (௖௥ܦ̃ + 3ߜ (Δ̃ܦ௖௥ × ܶ̃௖௥) +  .௖௥ݑ



 

௖௥݃ :6ܿ݁݌ܵ = ߙ 1Δܶ̃௖௥ߛ+ + 2ߛ (Δܶ̃௖௥ × ܶ̃௖௥) + 1Δܲ̃௖௥ߨ + 2ߨ (Δܲ̃௖௥ × ܲ̃௖௥) +                                 (18) 
3ߨ (Δܲ̃௖௥ × ܶ̃௖௥) + ߶1Δ̃ܨ௖௥ + ߶2 (Δ̃ܨ௖௥ × (௖௥ܨ̃ + 2ߜ (Δ̃ܨ௖௥ × ܶ̃௖௥) + ௖௥ܦ1Δ̃ߜ 2ߜ + (Δ̃ܦ௖௥ × (௖௥ܦ̃ + 3ߜ (Δ̃ܦ௖௥ × ܶ̃௖௥) + ௥ߣ +  .௖௥ݑ

 

 Var̂(̂ߠ) clustered by (19)                                                                                                                                    .ݎ 
 

For forward projections, I use the temperature-only Specification 1 – 2 because they provide a 
transparent reduced-form mapping from warming to productivity growth impacts. Mechanism 
specification including precipitation, flood and drought are not used for projections because doing so 
would require explicit joint scenarios for non-temperature climate variables. Let Δܶ௦௖ denote the 
temperature increase under scenario ܿݏ relative to baseline. Holding non-temperature climate channels 
fixed at their centred value, the implied change in annualised growth is given by (20). Over a horizon ܪ years from the baseline year 2025 to future year 2100, the cumulative effect on log value added is 
computed as in (21).  

 Δ݃௖௥௦௖ = 1Δܶ̃௦௖ߛ + 2ߛ (Δܶ̃௦௖ × ܶ̃௖௥).                                                                                                               (20) 
 Δ lnܸܣ௖௥௦௖(ܪ) = Δ݃௖௥௦௖ ⋅  (21)                                                                                                                                 .ܪ
 

Clustered standard errors: standard errors are clustered at the regional level throughout the analysis. 
This choice is motivated by the structure of the data and the possibility that observations within the 
same geographical region are exposed to common climatic, institutional, and macroeconomic 
conditions.  

Leave-one-region-out (LORO) robustness: to test whether the estimated temperature-growth 
relationship is driven by any single WBES region, I re-estimate each specification six times, each time 
excluding one region ݎ. Formally, for each ݎ, I estimate the same long-difference OLS model on the 
subsample ܵ−௥ and compare ̂1ߛ,−௥ and ̂2ߛ,−௥ to full-sample counterparts. 

Let the baseline long-difference model estimated on the full sample of country-region cells be given by 
(22), where ݃௖௥ is annualised long-difference growth in ln -and ܺ௖௥ contains the centred long ,ܣܸ
difference climate variables Δܶ̃௖௥ and their centred interactions Δܶ̃௖௥ × ܶ̃௖௥.  
For each region ݎ ∈ ܴ , define a leave-one-out subsample in (23). Re-estimating the same specification 
on ܵ−௥ yields the parameter vector ̂ߠ−௥ in (24). I then compare ̂ߠ−௥ to the full-sample estimate ̂ߠ using 
the deviation measure in (25). inference is conducted using cluster-robust standard errors clustered at 
the region level and computed separately for each leave-one-out subsample in (26). If ̂ߠ−௥ stays close 



to ̂ߠ for all ݎ, results are not driven by any single region, and large deviations indicate that a given 
region contributes disproportionately to parameter identification. ݃௖௥ = ߙ + ܺ௖௥′ ߠ + ௖௥ .                                                                                                                                   (22) ܵ−௥ݑ = {(ܿ, :(⋅,′ݎ ′ݎ ≠ ௥−ߠ̂ (23)                                                                                                                                   .{ݎ = arg݉݅݊ ∑ (݃௖௥′−ߙ−ܺ௖௥′′ ೝ−࣭∋(′௖,௥)2(ߠ ఏ

.                                                                                                (24) 
Δ̂ߠ−௥ = ௥−ߠ̂ −  clustered by region.                                                                                                           (26)    (௥−ߠ̂)Var̂ (25)                                                                                                                                                . ߠ̂

Having established the data construction, empirical strategy, and robustness design, the follwoing 
section presents the estimated climate damage functions, scenario projections, and their implications 
for firm-level productivity under warming. 

3.0 Results and Discussion 

This study examines climate-productivity relationships using damage functions constructed from 
repeated cross-sectional WBES microdata linked to country-level climate exposures. The analysis 
focuses on medium-run productivity responses captured through annualised long-difference growth in 
aggregated log value added [7; 2; 18].  

3.1 Descriptive patterns and motivation for the long-difference approach 

The initial firm-level dataset consists of 232,152 observations from 125 countries distributed across 
eight geographical regions (Fig. S1; Fig. S2). After excluding observations with non-positive value 
added and applying winsorisation to log value added, the final firm-level sample contains 201,677 
observations. Summary statistics for the firm-level and climate variables are reported in Table S1. 

Contemporaneous relationships between log value added and the climate variables are generally weak 
(Table S2). Temperature, precipitation, and flood exposure show only very small positive correlations 
with log value added, while drought exposure is weakly negative. By contrast, precipitation and flood 
exposure are strongly positively correlated, which is expected because rainfall intensity is closely 
related to flood occurrence [19; 6]. These weak cross-sectional correlations reinforce the limits of short-
run or purely contemporaneous approaches for identifying climate damages. Instead, they support the 
use of a long-difference framework that is better suited to capturing persistent climate-induced 
productivity changes, consistent with growth-based climate-productivity models [12; 11]. 

The long-difference transformation yields 124 country-region cells. Multicollinearity diagnostics 
reported in Table S3 indicate no serious instability in the regressors, although some interaction terms 
show elevated VIF values, as expected by construction. These values may widen standard errors but do 
not invalidate the estimated coefficients [19; 6]. 

3.2 Climate effects on productivity growth 

The main regression results are reported in Table 1. At the global level, temperature effects are generally 
negative but statistically weak across specifications. Once regional heterogeneity is incorporated, 
however, a much clearer pattern emerges: climate effects on firm-level value added growth differ 
substantially across regions. 

Across the regional specifications, negative and statistically significant temperature effects are 
concentrated in Europe and Central Asia (ECA), Latin America and the Caribbean (LAC), Sub-Saharan 
Africa (SSA), and, in some specifications, Oceania and the Middle East and North Africa (MENA). By 



contrast, North and Central America (NCA) and South Asia (SA) exhibit positive and statistically 
significant temperature effects in the regional models (Table 1). This contrast between weak global-
average effects and pronounced regional responses is one of the central findings of the paper. It indicates 
that aggregate climate-productivity relationships conceal substantial heterogeneity and that a single 
global estimate cannot adequately represent climate damage dynamics across regions [23]. 

Precipitation, flood, and drought variables add useful information but do not overturn the core 
temperature result. Their coefficients are mostly small, and many are statistically weak, although the 
interaction between precipitation change and baseline temperature remains consistently negative and 
significant in the richer specifications (Table 1). Taken together, these results suggest that temperature 
remains the dominant reduced-form channel, while additional climate variables help illuminate 
mechanisms and mediation rather than fundamentally changing the estimated damage pattern. 

3.3 Climate damage functions 

The estimated climate damage functions are presented in Fig. 1. Across all six specifications, the 
implied relationship between baseline temperature and annualised growth in log value added is 
downward sloping and convex. This means that warming imposes increasingly large productivity 
growth losses in hotter baseline climates, which is consistent with the broader climate damages 
literature [3; 15]. The qualitative shape of the damage function remains stable when precipitation, flood, 
and drought variables are added and when regional fixed effects are included, indicating that the 
nonlinear temperature-growth relationship is not an artifact of omitted extreme-event variables. 

Additional diagnostics reported in Fig. S3 reinforce this interpretation. Across specifications, predicted 
growth declines as temperature increases, and the fitted relationships remain close to the underlying 
observed data. The implied threshold at which warming turns productivity growth negative generally 
lies in the range of roughly 1°C to 2°C, depending on specification. This pattern suggests that even 
relatively modest warming can generate meaningful firm-level productivity losses [17], especially in 
hotter baseline climates. More comprehensive specifications also produce tighter confidence intervals, 
indicating improved precision around the damage thresholds. 

These results provide direct support for the paper’s main argument which highlights the value of 
heterogeneous damage functions constructed from firm-level microdata. 

3.4 Scenario projections 

Forward-looking projections based on the temperature-only specifications are shown in Fig. 2 and in 
the supplementary projections (Figs. S4–S5). These specifications are used because they provide the 
clearest reduced-form mapping from warming to productivity growth losses without requiring explicit 
assumptions about the joint future evolution of precipitation, floods, and droughts. 

The projections show cumulative declines in log value added under all warming pathways at both global 
and regional levels (Fig. 2; Table S4). The overall message is robust: higher warming scenarios imply 
larger long-run productivity losses. At the same time, the richer specifications that include precipitation 
and climate extremes tend to imply smaller projected losses than the temperature-only models (Fig. 3; 
Table S4). This suggests that part of the temperature effect may operate through additional climate 
channels that mediate, rather than uniformly amplify, long-run damages [9]. 

This finding differs from Waidelich et al. [20], who report larger projected losses when climate 
variability and extremes are incorporated into the temperature dose-response function. One possible 
explanation is that, in the present firm-level setting, non-temperature climate variables capture 
adjustment and transmission mechanisms that partially redistribute the estimated temperature effect 
rather than intensify it mechanically. For this reason, the broader specifications are best interpreted as 



mechanism-oriented extensions, whereas the temperature-only models remain the most transparent 
basis for scenario projection. 

3.5 Leave-one-region-out robustness 

The leave-one-region-out (LORO) analysis provides an important robustness check on identification. 
The results indicate that neither the linear temperature effect nor the interaction between temperature 
change and baseline temperature is driven by any single region. Although excluding ECA or SSA 
produces somewhat larger coefficient movements than excluding other regions, these shifts remain 
bounded and do not alter the qualitative conclusions. In particular, the nonlinear interaction term 
remains consistent with the interpretation that warming becomes more damaging in hotter baseline 
climates. 

This matters directly for the broader methodological debate motivating the paper. In aggregate macro-
climate studies, subdividing data spatially may create the appearance of precision without adding 
independent information when economic units move together [2; 18]. By contrast, the stability of the 
estimated damage function under LORO exercises suggests that the damage functions constructed from 
firm-level microdata are not an artifact of one influential regional cluster, but instead reflects structural 
patterns in the data. This strengthens confidence that the observed climate-productivity relationships 
reflect broad patterns within the data rather than the influence of a particular region. 

3.6 Interpretation and implications 

In general, the results point to four main conclusions. 

First, short-run or contemporaneous correlations between climate and firm performance are weak, 
which helps explain why cross-sectional approaches may miss climate damages. The long-difference 
design is therefore important because it captures persistent productivity responses rather than transient 
shocks [12; 11]. 

Second, the estimated climate damage function is clearly nonlinear. The downward-sloping and convex 
pattern implies that warming generates increasingly large productivity growth losses in hotter baseline 
climates. This is a central result because it shows that damage estimation based on a single average 
temperature response is likely to be misleading. 

Third, the regional results show that global averages obscure important heterogeneity. The strongest 
negative effects are concentrated in ECA, LAC, SSA, and in some specifications Oceania, while NCA 
and SA display positive estimated effects. This pattern suggests that baseline climate, institutional 
capacity, adaptation, and sectoral composition may all condition the productivity effects of warming. 
More broadly, it indicates that climate damages cannot be summarized adequately by a single global 
elasticity. 

Fourth, the robustness checks show that these findings are not fragile. The stability of the damage 
function across specifications, diagnostics, and LORO exercises suggests that the core relationship is 
not driven by model overfitting or by one dominant regional block. In this respect, the paper contributes 
to recent methodological debate [2; 18] by showing that climate damage functions constructed from 
microdata-derived productivity measures recover stable and interpretable climate-damage patterns.  

The results also have policy relevance. Because climate-related productivity risks are nonlinear and 
regionally heterogeneous, uniform climate stress assumptions may be inappropriate for financial risk 
assessment and long-horizon policy analysis. For regulators and financial institutions, this implies that 
climate risk evaluation, stress testing, and capital allocation frameworks should take baseline climate 
conditions and long-run productivity responses more seriously. The stability of the estimated firm-level 
damage functions also suggests that micro-level evidence can complement aggregate macroeconomic 
scenarios in climate-risk analysis. In addition, the smaller projected losses in specifications that include 



precipitation and extremes point to the potential importance of adaptation and resilience investments, 
strengthening the case for expanding climate adaptation finance alongside mitigation efforts. 

3.7 Limitations 

The analysis has several limitations. First, although the underlying productivity measures are 
constructed from firm-level observations, the empirical analysis is conducted on aggregated country-
region cells because the WBES consists of repeated cross-sectional surveys rather than a true 
longitudinal firm panel. Consequently, the estimated climate damage functions should be interpreted as 
regional productivity responses derived from firm-level microdata rather than as within-firm causal 
effects. Second, climate variables for the most recent survey years are extrapolated using country-
specific trends to maintain temporal consistency with survey observations. Third, forward projections 
focus primarily on temperature-driven effects and do not explicitly model future changes in 
precipitation and climate extremes. Finally, because the WBES primarily covers formal firms, the 
estimated damage functions may understate climate impacts in economies where informal production 
is substantial. 

 

 

Variable Spec1 Spec2 Spec3 Spec4 Spec5 Spec6 
Intercept 0.0162 0.0485*** 0.0170 0.0500*** 0.0171 0.0563*** 
 (0.0138) (0.0074) (0.0140) (0.0107) (0.0094) (0.0124) Δܶ̃௖௥ -0.0023 -0.0025 -0.0035 -0.0067 0.0021 -0.0003 

 (0.0231) (0.0239) (0.0219) (0.0234) (0.0285) (0.0308) Δܶ̃௖௥ × ܶ̃௖௥ -0.0016 -0.0012 -0.0023 -0.0019 -0.0015 -0.0012 

 (0.0024) (0.0031) (0.0026) (0.0034) (0.0031) (0.0041) Δܶ̃௖௥ (ܣܥܧ)  -0.0362-  ***0.0250-  ***0.0261** 

  (0.0023)  (0.0047)  (0.0129) Δܶ̃௖௥ (ܥܣܮ)  -0.0922-  ***0.0915-  ***0.0817*** 

  (0.0089)  (0.0131)  (0.0155) Δܶ̃௖௥ (ܣܰܧܯ)  -0.0237-  0.0065-  0.0052 

  (0.0090)  (0.0127)  (0.0230) Δܶ̃௖௥ (ܰܣܥ)  0.1030  ***0.0848  ***0.0700*** 

  (0.0088)  (0.0155)  (0.0217) Δܶ̃௖௥ (ܱܿ݁ܽ݊݅ܽ)  -0.0791***  -0.0626***  -0.0529 

  (0.0076)  (0.0090)  (0.0291) Δܶ̃௖௥ (ܵܣ)  0.0348  **0.0320  **0.0357* 

  (0.0112)  (0.0127)  (0.0150) Δܶ̃௖௥ (ܵܵܣ)  -0.0628-  ***0.0642-  ***0.0629*** 

  (0.0077)  (0.0101)  (0.0096) Δܲ̃௖௥   0.0000 -0.0000 0.0001 0.0000 

   (0.0000) (0.0000) (0.0000) (0.0000) Δܲ̃௖௥ × ܲ̃௖௥   0.0000 0.0000** -0.0000 -0.0000 

   (0.0000) (0.0000) (0.0000) (0.0000) Δܲ̃௖௥ × ܶ̃௖௥   -0.0000*** -0.0000*** -0.0000*** -0.0000*** 

   (0.0000) (0.0000) (0.0000) (0.0000) Δ̃ܨ௖௥     -0.0207 -0.0208 

     (0.0331) (0.0287) Δ̃ܨ௖௥ ×  ௖௥     0.0034 0.0066ܨ̃

     (0.0074) (0.0070) 



Δ̃ܨ௖௥ × ܶ̃௖௥     0.0016 0.0003 

     (0.0025) (0.0031) Δ̃ܦ௖௥     -0.0001 0.0001 

     (0.0020) (0.0025) Δ̃ܦ௖௥ ×  ௖௥     -0.0000 -0.0000ܦ̃

     (0.0000) (0.0000) Δ̃ܦ௖௥ × ܶ̃௖௥     -0.0004 -0.0003 

     (0.0002) (0.0003) 
N 124 124 124 124 124 124 
R-squared 0.001 0.056 0.019 0.078 0.037 0.096 

Notes: Dependent variable is annualised growth in log value added. Cluster-robust standard errors 
(Region clusters) in parentheses. * p<0.10, ** p<0.05, *** p<0.01. 

Table 1. Long-difference climate–value added regressions 

 

 

Figure 1: Estimated climate damage functions across specifications.  

 



 

Figure 2: Warming scenarios projection for specification 1 (global) and 2 (regional). 

 

Figure 3: Comparative cumulative percentage loss in log value added across time horizon, warming 
scenarios and model specifications computed as (Δg × H), where Δg is the scenario-minus-baseline 
difference in annualised growth of ln(VA). Sample baseline temperature used is 19.15°C. 

4.0 Conclusion 

Using productivity measures constructed from World Bank Enterprise Survey microdata and a long-
difference framework, this study estimates climate damage functions across 125 countries. The results 
indicate a nonlinear and heterogeneous relationship between climate change and productivity growth, 
with warming becoming increasingly damaging in hotter baseline climates. While the analysis does not 
eliminate all concerns regarding aggregation and spatial dependence, it provides complementary 
evidence that climate damages vary substantially across regions and climate conditions. These findings 
contribute to the growing literature on climate-economy interactions by highlighting the importance of 
heterogeneity in the estimation of climate damage functions. 

Future work could extend this analysis by explicitly modelling firm-level adaptation and resilience 
investment, exploiting higher-resolution spatial climate data, and linking climate-induced economic 
losses to financial outcomes such as credit risk or investment behaviour. Integrating firm-level damage 
functions into macro-financial or integrated assessment models would further strengthen climate policy 
and financial stability analysis. 
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      Δ T ~  c r ×       T ¯ ~  c r ,         Δ P ~  c r ×       P ¯ ~  c r ,         Δ F ~  c r ×       F ¯ ~  c r ,         Δ D ~  c r ×       D ¯ ~  c r   .                                                                                                                               ( 12 )


  S p e c 1


  S p e c 1 :     g  c r = 𝛼 +   𝛾 1     Δ T ~  c r +   𝛾 2  (      Δ T ~  c r ×        T ¯ ~  c r ) +   u  c r   .                                                                                                                                                                   ( 13 )


  S p e c 2 :     g  c r = 𝛼 +   𝛾 1     Δ T ~  c r +   𝛾 2  (      Δ T ~  c r ×        T ¯ ~  c r ) +   𝜆  r +   u  c r   .                                                                                                                                               ( 14 )


  S p e c 3 :        g  c r = 𝛼  +   𝛾 1     Δ T ~  c r +   𝛾 2  (     Δ T ~  c r ×       T ¯ ~  c r ) +   𝜋 1     Δ P ~  c r +   𝜋 2  (     Δ P ~  c r ×       P ¯ ~  c r ) +    


                                                                                    𝜋 3  (     Δ P ~  c r ×       T ¯ ~  c r ) +   u  c r   .                                                                                                                                                                                           ( 15 )


  r ( i )


                                                                                    𝜋 3  (     Δ P ~  c r ×       T ¯ ~  c r ) +   u  c r   .                                                                                                                                                                                           ( 15 )


  S p e c 4 :        g  c r = 𝛼  +   𝛾 1     Δ T ~  c r +   𝛾 2  (     Δ T ~  c r ×       T ¯ ~  c r ) +   𝜋 1     Δ P ~  c r +   𝜋 2  (     Δ P ~  c r ×       P ¯ ~  c r ) +                                                                                  


                                                                                𝜋 3  (     Δ P ~  c r ×       T ¯ ~  c r ) +   𝜆  r +   u  c r .                                                                                                                                                                           ( 16 )


                                                                                𝜋 3  (     Δ P ~  c r ×       T ¯ ~  c r ) +   𝜆  r +   u  c r .                                                                                                                                                                           ( 16 )


  S p e c 5 :        g  c r = 𝛼  +   𝛾 1     Δ T ~  c r +   𝛾 2  (     Δ T ~  c r ×       T ¯ ~  c r ) +   𝜋 1     Δ P ~  c r +   𝜋 2  (     Δ P ~  c r ×       P ¯ ~  c r ) +                                                                    ( 17 )


    𝜋 3  (     Δ P ~  c r ×       T ¯ ~  c r ) +   𝜙 1     Δ F ~  c r +   𝜙 2  (     Δ F ~  c r ×       F ¯ ~  c r ) +   𝛿 2  (     Δ F ~  c r ×       T ¯ ~  c r ) +   𝛿 1     Δ D ~  c r +


    𝜋 3  (     Δ P ~  c r ×       T ¯ ~  c r ) +   𝜙 1     Δ F ~  c r +   𝜙 2  (     Δ F ~  c r ×       F ¯ ~  c r ) +   𝛿 2  (     Δ F ~  c r ×       T ¯ ~  c r ) +   𝛿 1     Δ D ~  c r +


    𝛿 2  (     Δ D ~  c r ×       D ¯ ~  c r ) +   𝛿 3  (     Δ D ~  c r ×       T ¯ ~  c r ) +   u  c r .


    𝛿 2  (     Δ D ~  c r ×       D ¯ ~  c r ) +   𝛿 3  (     Δ D ~  c r ×       T ¯ ~  c r ) +   u  c r .


  S p e c 6 :        g  c r = 𝛼  +   𝛾 1     Δ T ~  c r +   𝛾 2  (     Δ T ~  c r ×       T ¯ ~  c r ) +   𝜋 1     Δ P ~  c r +   𝜋 2  (     Δ P ~  c r ×       P ¯ ~  c r ) +                                                                      ( 18 )


  c


    𝜋 3  (     Δ P ~  c r ×       T ¯ ~  c r ) +   𝜙 1     Δ F ~  c r +   𝜙 2  (     Δ F ~  c r ×       F ¯ ~  c r ) +   𝛿 2  (     Δ F ~  c r ×       T ¯ ~  c r ) +   𝛿 1     Δ D ~  c r +


    𝜋 3  (     Δ P ~  c r ×       T ¯ ~  c r ) +   𝜙 1     Δ F ~  c r +   𝜙 2  (     Δ F ~  c r ×       F ¯ ~  c r ) +   𝛿 2  (     Δ F ~  c r ×       T ¯ ~  c r ) +   𝛿 1     Δ D ~  c r +


    𝛿 2  (     Δ D ~  c r ×       D ¯ ~  c r ) +   𝛿 3  (     Δ D ~  c r ×       T ¯ ~  c r ) +   𝜆  r +   u  c r .


    𝛿 2  (     Δ D ~  c r ×       D ¯ ~  c r ) +   𝛿 3  (     Δ D ~  c r ×       T ¯ ~  c r ) +   𝜆  r +   u  c r .


   Var ^  (   𝜃 ^ )  clustered by  r .                                                                                                                                                                                                                                                                         ( 19 )


  Δ   T  s c


  s c


  H


  Δ   g  c r  s c =   𝛾 1     Δ T ~  s c +   𝛾 2  (      Δ T ~  s c ×        T ¯ ~  c r ) .                                                                                                                                                                                                                               ( 20 )


  Δ  ln ⁡    V A  c r  s c  ( H ) = Δ   g  c r  s c ⋅ H .                                                                                                                                                                                                                                                                   ( 21 )


  C l i m   a t e  c , t =   𝛼  c +   𝜌  c t +   𝜀  c , t , t ≤ 2023 ,                                                                                                                                                                                                                   ( 1 )


  r


  r


    S  − r


      𝛾 ^  1 ,   − r


      𝛾 ^  2 ,   − r


    g  c r


     ln ⁡  V A ¯


    X  c r


      Δ T ~  c r


      Δ T ~  c r ×       T ¯ ~  c r


    𝛼  c


  r ∈ R


    S  − r


      𝜃 ^  − r


      𝜃 ^  − r


    𝜃 ^


      𝜃 ^  − r


    𝜃 ^


  r


    g  c r = 𝛼 +   X  c r ′ 𝜃 +   u  c r   .                                                                                                                                                                                                                                                                       ( 22 )


    S  − r =  {  ( c ,   r ′ , ⋅ ) :   r ′ ≠ r } .                                                                                                                                                                                                                                                                       ( 23 )


    𝜌  c


    S  − r =  {  ( c ,   r ′ , ⋅ ) :   r ′ ≠ r } .                                                                                                                                                                                                                                                                       ( 23 )


      𝜃 ^  − r =  arg ⁡      m i n ⁡    ∑   ( c ,   r ′ ) ∈   𝒮  − r     (    g  c   r ′ −  𝛼 −    X  c   r ′ ′ 𝜃 ) 2  𝜃 .                                                                                                                                                                                                 ( 24 )


      𝜃 ^  − r =  arg ⁡      m i n ⁡    ∑   ( c ,   r ′ ) ∈   𝒮  − r     (    g  c   r ′ −  𝛼 −    X  c   r ′ ′ 𝜃 ) 2  𝜃 .                                                                                                                                                                                                 ( 24 )


  Δ     𝜃 ^  − r =     𝜃 ^  − r −   𝜃 ^   .                                                                                                                                                                                                                                                                                                 ( 25 )


  Δ     𝜃 ^  − r =     𝜃 ^  − r −   𝜃 ^   .                                                                                                                                                                                                                                                                                                 ( 25 )


   Var ^ (     𝜃 ^  − r )     clustered by region.                                                                                                           (26)


   Var ^ (     𝜃 ^  − r )     clustered by region.                                                                                                           (26)


      Δ T ~  c r


      Δ T ~  c r ×       T ¯ ~  c r


      Δ T ~  c r   ( E C A )

