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Abstract 

Estimates of climate impacts show that extreme temperatures have large and wide-
spread effects. To estimate these effects, a common approach counts days in 
different temperature ranges and considers how exposure to these distinct 
"bins" affects outcomes. This often produces non-linear, U-shaped results, in which 
high and low temperatures have the largest effects. The authors show that 
nonlinear approaches like these can generate spurious findings. Specifically, 
global warming induces trends in extreme temperature exposure that correlate 
mechanically with a location's baseline temperature. Substantial bias emerges if 
trends in the outcome variable also correlate with baseline temperature for any 
reason. The authors demonstrate this problem theoretically, in simulations, and 
with real outcomes. They then develop solutions. In applications using US data, 
some results in the literature are unaffected by these corrections, while other results 
change substantially. 
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1 Introduction

Amid rising attention to climate change and concern about the potantial economic im-

pacts of global warming, researchers have estimated the impact of temperature on a wide

range of economic outcomes. Since temperature variation across places can be correlated

with other factors, economists have turned to panel models to identify temperature’s

effects (e.g., Deschênes and Greenstone 2007; Dell et al. 2012; see Dell et al. 2014 for

a review). The panel approach leverages year-to-year or decade-to-decade fluctuations

in temperature, within a given place, to isolate idiosyncratic temperature variation and

reveal its impact on outcomes of interest.

When implementing panel approaches, researchers often consider potential nonlineari-

ties, where exposure to temperature extremes could be especially important. One common

approach, for example, is to count the number of days a location experiences each year in

distinct temperature bins (e.g., the number of days > 90◦F, the number of days 80−90◦F,

and so on) and estimate a panel regression with these day counts as regressors. A recur-

rent finding across a broad range of outcomes is that temperature damages are driven by

extreme hot days and/or cold days, often generating “U-shaped” or “inverse-U-shaped”

effects (e.g., Ranson, 2014; Graff Zivin and Neidell, 2014; Barreca et al., 2016; Hsiang

et al., 2017; Park et al., 2020; Cohen and Dechezleprêtre, 2022; Carleton et al., 2022).

For example, exposure to both very hot and very cold days have been shown to substan-

tially lower crop yields (e.g., Schlenker and Roberts, 2009) and increase mortality (e.g.,

Deschênes and Greenstone, 2011). These non-linear estimates have become influential;

for example, they have been used to assess the social cost of carbon (EPA, 2023).

In this paper, we consider a serious bias that can emerge in these regressions. Specif-

ically, in the presence of general warming, extreme hot and cold temperatures will, by

construction, exhibit place-specific trends that are strongly correlated with each location’s

initial temperature. If the outcome variable also has place-specific trends that are cor-

related with the location’s initial temperature for any reason, the extreme temperature

coefficients become biased. That is, the panel model is no longer identified by idiosyn-

cratic temperature shocks; instead, for extreme temperatures, one is in effect regressing

trends on trends. While we focus on binned temperature regressions in our main analy-

sis for analytical simplicity, the bias we discuss here is also an issue for other non-linear

transformations of daily temperature data, including polynomials of daily temperatures

summed across time and so-called ‘killing degree days’ (e.g., Butler and Huybers 2013).
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To see the issue intuitively, suppose that climate change is uniform, so that the mean

temperature in each location increases by the same amount each year. Different locations,

however, have different initial temperatures. This implies that the impact of overall

warming on exposure to each part of the temperature distribution will differ across space.

For example, a hot place like Phoenix, AZ, will experience a large increase in the number

of very hot days (e.g., days with a mean temperature above 90◦F), whereas a cold place,

like Boston, MA, will experience little such increase. These very hot days occur only in

the upper tail of Boston’s temperature distribution but are in a thicker part of Phoenix’s

distribution, as illustrated in Figure 1. The implication is that Phoenix, relative to Boston,

will have a steeper upward trend in its count of very hot days.

The same argument holds for very cold days. With general warming, a cold place

like Boston will experience a decline in the number of very cold days – say, days with a

mean temperature below 10◦F – whereas Phoenix never had such days to begin with. The

result is that Phoenix, compared to Boston, will exhibit a differential upward trend in the

number of very cold days (i.e., Phoenix has a less steep negative trend, which is equivalent

to a differential upward trend). In sum, Phoenix will appear to have a differential upward

trend in both very hot days and very cold days. Meanwhile, there will be little difference

in trends in intermediate temperatures, which are in the thick part of the temperature

distribution for both cities.

In this way, generalized warming creates differential trends in the hottest and coldest

temperatures, driven by how rising temperatures interact with differences in baseline

temperature. If the outcome variable also has differential trends that are correlated with

baseline temperature – for example, if hot parts of the country evolve in different ways

from colder parts of the country, as may be the case for completely unrelated reasons

– this generates bias. For example, let’s say that with the advent of air conditioning,

population has been moving south in the U.S., to places that were initially hot. Then,

taking the Phoenix and Boston logic above, an initially hot location’s differential upward

trend in population will be positively correlated with the hot location’s differential upward

trends in hot and cold bins, producing a U-shaped pattern in the panel regression. The

econometrician would then conclude that a year with more very hot days attracts inward

migration, while a year with more very cold days also attracts more inward migration.

This bias, driven by correlated differential trends, can thus generate U-shaped (or inverse-

U-shaped) coefficient patterns – shapes like those observed in the literature. This occurs

even if yearly temperatures have no causal effect on outcomes whatsoever.
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This paper explores this potential bias – which we term binning bias – in three steps.

In the first step, we document the econometric problem, using both theory and a series

of simulations. The theoretical treatment examines simple data generating processes

and develops explicit expressions for binning bias, demonstrating conditions and logic for

biased coefficients, including the “U-shaped” patterns that are common in existing work.

The simulations then demonstrate binning bias empirically, starting with synthetic data

and moving to real world temperature and outcome data. While we work primarily with

discrete bins of temperature, we also use simulations to show that the same bias arises in

other common nonlinear transformations of temperature.

The initial simulations consider synthetic outcomes and temperature processes. Tem-

peratures are drawn from normal distributions that differ in their means across locations.

Outcomes are iid random variables with place-specific trends but no relationship with

contemporaneous temperatures. When there is uniform warming and outcome trends

are correlated with a location’s baseline temperature, binned panel regressions generate

spurious U-shaped patterns as described above. That is, we would falsely conclude that

extreme hot and cold days in a given year had an impact on the outcome of interest, even

though – by construction – there is no such effect. We can generate either U-shapes or

inverted U-shapes, consistent with the theory, simply by switching the correlation of the

outcome trends with initial temperatures.

The next set of simulations turn to real-world temperature data, which has more com-

plicated features and dynamics than the simulated temperature distributions in the first

simulation. We use U.S. county-level temperature data since 1980. Our main simula-

tions use mean daily temperatures constructed from ERA-5-Land (Muñoz-Sabater et al.,

2021), though we also conduct simulations using other temperature series such as harmo-

nized PRISM data (Schlenker, 2024) and station-level data from GHCN (Menne et al.,

2012), with similar results. When we continue to use synthetic outcome variables with

trends that correlate with each county’s baseline temperature, binned panel regressions

again find spurious U-shaped effects. By contrast, when the outcome variable trends are

uncorrelated with baseline temperatures, the bias disappears. This finding underscores

that a correlation between outcome trends and baseline temperature is necessary to gen-

erate spurious effects, emphasizing that the relevance of binning bias is contingent on the

dynamics in the dependent variable and will thus depend on the outcome of interest.

To gauge the potential magnitude of bias in common applications, we further calibrate

outcome trends to real-world data, drawing on outcomes that have been studied in prior
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work: mortality rates, crime rates, and crop yields. The goal is to investigate whether

time trends in real data are sufficiently large in magnitude, and sufficiently correlated

with baseline temperatures, to generate levels of binning bias that are quantitatively

meaningful. We find that in all cases real-world time trends are sufficient to generate

binning bias, while the issue is more severe in some cases (e.g., mortality) than others

(e.g., crop yields). While these estimates do not yet imply that existing estimates are

biased, they do show that the bias we are investigating is quantitatively large enough to

potentially generate effects similar to the size reported in the literature.

We further study “adaptation.” In particular, many studies argue that places with

pre-existing exposure to extreme heat or extreme cold are likely to be more adapted to

these conditions. Thus, smaller effects of extreme heat in hot locations (or of extreme

cold in cold locations) are interpreted as evidence of adaptation and used to inform future

climate damages (e.g., Carleton et al., 2022; Hultgren et al., 2022). However, binning

bias may undermine this inference. Repeating our simulations separately for cold and

hot counties, we find larger spurious effects of hot days in colder counties and cold days

in hotter counties. Further, this finding is what one would expect when applying the

bias formulas from the theoretical treatment. Empirical patterns often interpreted as

“adaptation” may then be an artifact of binning bias.1

In light of these challenges, the second part of our paper explores potential solutions.

One approach focuses on the problematic dynamics in the binned temperature variables.

For causal identification, we need the identifying variation to be based on idiosyncratic

shocks. This suggests that if we can model the underlying temperature data generating

process, we can control directly for the expected number of days in each bin, place, and

time. Such expected bin counts provide counterfactual controls, accounting for any trends

induced by the binning process and allowing the estimates to identify causal effects from

idiosyncratic variation alone. This counterfactual-expectation control approach is in the

same spirit as suggestions by Wooldridge (2015) and Borusyak and Hull (2023).2

Implementing this procedure, however, requires constructing the counterfactual set of

possible temperature realizations that could have been realized in a given place and time.

This is not trivial, since each location may have different distributions of temperatures,

and constructing place-and-time specific distributions of potential temperatures is an

1Heterogeneity analyses may more generally exhibit bias if the margin of heterogeneity is correlated
with differences in trends or their variance.

2See in particular Borusyak and Hull (2023) section 3.2, which suggests controlling for the expectation
of each variable based on simulations.
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active area of research in climate science (see, e.g., Wang et al., 2024). We proceed with

a empirical approach that uses the realizations of all temperatures over the entire period

to construct counterfactuals for each location with non-parametric distributions.3

Our procedure for constructing counterfactuals is as follows. We take the realized

distribution of daily temperatures separately for each location-month.4 For each location-

month, we estimate a linear trend in the mean monthly temperature over the years stud-

ied, which we shrink using standard empirical Bayes techniques. We then recenter each

location-month distribution by subtracting off its estimated mean shift in any given year

and pool these re-centered distributions. With 40 years of data for each location and

30 days in a month, for example, the location-month distribution consists of 1,200 re-

centered data points. Finally, we project the location-month’s entire temperature distri-

bution forward each year, shifting the distribution uniformly to the right according to the

location-month-specific time trend. Once we have this predicted distribution in each year,

we count the expected number of days in each temperature bin in each location-year and

add these expected counts as control variables to the panel regression.5

We use our simulations—with observed temperature variables but simulated outcome

variables—to test whether this counterfactual control approach eliminates the bias. We

find that the counterfactual approach is successful. Moreover, when we add causal ef-

fects of extreme heat or cold to the data generating process, the counterfactual approach

successfully purges the binning bias and correctly estimates the true causal effects. We

further consider and present numerous alternative counterfactual approaches to modeling

local temperature distributions. The relatively straightforward approach outlined above

works especially effectively in U.S. data when compared to other approaches.

We also evaluate several reduced-form methods. First, we consider other approaches

common in the literature, including controlling for region-specific time dummies (e.g.,

state-by-year fixed effects), additional lags of left and/or right-hand side variables, and

place-specific linear trends. Second, motivated by the theoretical result that binning bias

is more severe in long panels, we investigate the impact of including county fixed effects

interacted with short (e.g., five year) calender year periods, to effectively use repeated

short panels for identification. This ‘short panel’ approach isolates variation across years

within narrower time windows where idiosyncratic variation is more likely to dominate

3We thank Peter Huybers for suggesting this data-driven approach to constructing counterfactuals.
4We work separately by month to allow flexibility for seasonality, which may differ by location.
5We provide code to create these counterfactuals using the cftemp Stata package, which is available

on our websites.
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variation driven by temperature trends. We evaluate these approaches using our baseline

simulated outcome with place-specific linear trends and with alternative place-specific

outcome dynamics (e.g., quadratics).6

We find that state-by-year fixed effects and lagged-variable approaches do not eliminate

the bias. Controlling for place-specific linear trends or five-year bin indicators interacted

with county fixed effects (i.e. the “short panel” approach), however, work in some contexts

and can be useful for gauging the extent of binning bias in applications, but are not always

applicable.7 Overall, the counterfactual approach, which works to solve the problem on

the right-hand side of the regression, appears to have quite general applicability, though

the ‘short panel’ approach is a useful reduced-form alternative when applicable.

The final step of our paper revisits a number of results in the literature. We examine

four sets of outcome variables: county-level population counts in each decade from the

U.S. Census, annual mortality rates at the county-level from the Centers for Disease

Control (CDC), county-level crop yields from the U.S. Department of Agriculture National

Agricultural Statistics Service (NASS), and county-level crime data from the FBI compiled

by Ranson (2014). Population movement, mortality, agricultural productivity, and crime

have all been major areas of focus in existing work estimating the economic impacts of

temperature change, and each has been proposed as a major contributor or adaptation

mechanism to climate damages. For each outcome variable, we estimate the impact of

temperature using the binned specification with county and year fixed effects and then

consider what happens to these estimates when we correct for binning bias.

We find that binning bias has the potential to affect substantive conclusions, but results

vary depending on the application. For population counts, our naive estimates generate

a U-shaped relationship whereby both extreme heat and extreme cold are associated

with population increases. After correcting for binning bias, however, the magnitudes

fall dramatically, and we observe (if anything) a negative effect of exposure to the top

temperature bin. This could be evidence of population movement away from extreme

heat; however, naive estimates would instead produce the opposite result. For mortality,

6Since in our benchmark simulations we generate a left-hand side variable with place-specific linear
trends, clearly including place-specific linear trends will solve the problem, but there is no reason to
suppose that the place-specific trends are in fact linear in the real world; we therefore consider quadratic
trends, and other functional forms to check the robustness of these various solutions.

7Specifically, place-specific linear trends work if the trend in the outcome variable is linear but will not
work as well when the trends are non-linear. The short panel approach appears more robust to different
functional forms of the trends, but cannot be used in settings where the outcome is not annual (i.e. with
decadal data) or when researchers want to estimate effects over longer time horizons.
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we find that the size of the U-shaped relationship between temperature and mortality falls

substantially when we account for binning bias. Extreme heat no longer raises all-cause

mortality and extreme cold has a positive but smaller effect. It is not always the case,

however, that correcting for binning bias dampens or reverses existing estimates. For

crop yields, we find the negative effects of high temperatures is unaffected by binning

bias. And for violent crime, we find that accounting for binning bias accentuates the

negative relationship between cold days and violent crime. This implies a larger potential

effect of warming on violent crime than would be uncovered absent the bias correction.

The point of these exercises is not to establish the final word on any of these outcomes.

Rather, it is to illustrate that binning bias can meaningfully affect empirical estimates

by masking real effects or generating spurious effects. More generally, we suggest that

accounting for this bias is an important issue for authors to consider when estimating the

effect of temperature on economic outcomes.

The remainder of the paper is organized as follows. Section 2 presents a simple theory

for binning bias, elucidating its logic and key forces that govern the bias. Section 3

describes the data we use and illustrates how place-specific trends in temperature bin

variables will emerge mechanically when there is general warming. Section 4 presents

simulations, showing how binning bias can generate the U-shaped patterns frequently

observed in this literature. Section 5 introduces and evaluates potential solutions. Section

6 examines applications of our solution to population counts, mortality, crop yields, and

crime. Section 7 concludes.

2 Theoretical Framework

In this section, we provide a formal analysis of binning bias. We develop explicit conditions

on when this bias will occur and analyze cases where U-shapes, inverted U-shapes, or other

forms of non-linear bias will emerge.

To begin, consider a standard panel regression featuring temperature bins. The idea is

that hot days, temperate days, and cold days may have quite different effects on outcome

variables of interest. This possibility is often analyzed in models of the following form:

Yit = αi + λt +
∑
k

βk × Tkit + uit (1)
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where Yit is the outcome variable for place i at time t, αi are place-specific fixed effects,

λt are time fixed effects, and Tkit represent counts of days in temperature bin k in a given

time and place. The bins consider different ranges of temperature, often 10◦F or 5◦C

wide. The βk are intended to provide the treatment effects of interest, estimating how

more days in any given bin affect the outcome.

2.1 The Outcome Variable

First consider the data generating process for the outcome variable. We will consider the

case where researchers run a panel model as in (1) but the true data generating process

for the outcome variable is

Yit = αi + λt +
∑
k

βk × Tkit + γit+ εit (2)

where the error is iid and E[ε|t, Tkit] = 0. The key here is the introduction of the γit,

which bring in potential place-specific trends in the outcome variable (and are omitted

in the regression specification (1)). These trends may covary with other place-specific

characteristics and are independent of the error terms, E[γiϵit] = 0.

2.2 The Temperature Bins

Now consider the data generation process for the temperature bins. For simplicity, con-

sider k = 3 temperature bins, where Cit is a count of cold days,Mit is a count of moderate

temperature days, and Hit is a count of hot days. Let periods be one year. The sum of the

day counts thus add up to 365 days in any given place and year; given this collinearity,

we drop the count of moderate days, Mit, from the regression. Estimates of treatment

effects of Cit and Hit will be interpreted as differences from the effect of moderate days.

Let the true data generating process for counts of cold days and hot days be

Cit = µC,i + δC,it+ vC,it (3)

Hit = µH,i + δH,it+ vH,it (4)

where the error terms are iid with E[v.,it|t] = 0, E[δ.,iv.,it] = 0, and variances σ2
C and σ2

H

respectively.8

8Note that, since total days in each year add up to 365, the bin-level error terms cannot be fully
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As with the dependent variable (see equation (2)), we have introduced the potential

for place-specific differential trends into these temperature variables, represented here by

δC,it and δH,it. As described in the introduction, these differential trends are a natural

consequence of global warming. In particular, if we think of warming as shifting the entire

distribution of temperature in a given place to the right, we expect fewer cold days with

time (δC,i < 0). But since initially hot places experience few if any cold days to start with,

this decline will inevitably be much less negative in initially hot places. Similarly, with

warming, we expect more hot days with time (δH,i > 0) but this increase will inevitably

be much smaller in initially cold places, which may still see very few very hot days (see

Figure 1). Thus these day counts will tend to have differential trends depending on the

baseline temperature of the place.

2.3 Forms of Bias

We can now consider biases that can result when econometricians implement a traditional

panel model. Namely, consider the panel regression

Yit = αi + λt + βCCit + βHHit + uit (5)

but where the true data generating processes are given by (2), (3), and (4).

Given the outcome variable’s data generating process, the error term in (5) is

uit = γit+ ϵit. (6)

Bias can then result when estimating (5) should the trending terms in either Cit or Hit

have any covariance with these error trends. Intuitively, time fixed effects cannot solve

this problem because, while they account for common dynamics across all places, they

do not account for these differential trends by place. The resulting biases are derived as

follows.

Result 1. For large T , the biases in the coefficient estimates are

Bias(β̂C) =
Var(δH,i)Cov(δC,i, γi)− Cov(δC,i, δH,i)Cov(δH,i, γi)

Var(δC,i)Var(δH,i)− (Cov(δC,i, δH,i))
2 (7)

independent across all bins. Here we let the errors for cold and hot days be iid, with the moderate
days being determined from these other independent processes. Extensions to the baseline model might
consider non-independent errors.
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Bias(β̂H) =
Var(δC,i)Cov(δH,i, γi)− Cov(δC,i, δH,i)Cov(δC,i, γi)

Var(δC,i)Var(δH,i)− (Cov(δC,i, δH,i))
2 . (8)

These biases admit U-shape patterns (both biases are positive), inverted U-shape patterns

(both biases are negative), or non-U-shape patterns, according to conditions summarized

in Figure 2.

Proof See Appendix.

Note that, from this result, the existence of place-specific trends in the outcome and

temperature bin variables does not necessarily imply bias. In particular, there will be no

bias if the place-specific trends in the outcome variable are not covariant with the place-

specific trends in the temperature variables (i.e., if Cov(δC,i, γi) = 0 and Cov(δH,i, γi) = 0).

However, a sufficient condition for bias is simply that at least one of the temperature

bin variables shows differential trends across place that are correlated with differential

outcome trends.

The bias formulas in equations (7) and (8), and the result in Figure 2, allow for

arbitrary correlations between trends in the temperature bins and trends in the outcomes.

But as discussed above, we are motivated by a particular case where place-specific trends

are correlated with initial temperature—i.e., where hot and cold day counts will have

trends that are correlated by construction with a place’s initial temperature (see discussion

above). In this case, we can derive more specific results.

Specifically, suppose there is a relationship between trends in the temperature bins

and initial temperature of a given place i, which we denote T0,i. Write:

δC,i = ψC + ωCT0,i + eC,i (9)

δH,i = ψH + ωHT0,i + eH,i (10)

γi = ψY + ωY T0,i + eY,i (11)

where the error terms e.,i are all iid with variances σ2
e. . Let the variance of T0,i be σ

2
T0
.

With warming, we expect ψC < 0, so that cold days are on average trending downwards,

and ωC > 0, so that places with initially low temperature will have the most rapid decline

in the number of cold days. Similarly, with warming, we expect that ψH > 0 so that

hot days are on average trending upwards, and ωH > 0 so that places with initially low

temperature will have smaller increases in the number of hot days. We then have the

following result:
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Result 2. With the trends defined in (9), (10), and (11), the biases in the coefficient

estimates are

Bias(β̂C) =
ωCωY

ω2
C + AC

AH
ω2
H + AH

(12)

Bias(β̂H) =
ωHωY

ω2
H + AH

AC
ω2
H + AC

(13)

where AC =
σ2
eC

σ2
T0

+ T−1
St

σ2
C

σ2
T0

, AH =
σ2
eH

σ2
T0

+ T−1
St

σ2
H

σ2
T0

and St =
∑T

t=1(t−t̄)2. The bias is U-shaped
if ωY > 0, the bias is inverted U-shaped if ωY < 0, and there is no bias if ωY = 0.

Proof See Appendix.

Result 2 elucidates several features of binning bias that we will explore in the next

sections. As a general intuition, the bias problem will naturally be worse when differential

trends on both sides of the regression are more tightly related. These trend relationships

depend on the trends’ correlations with baseline temperature (the ω parameters) and the

degree of noise (the σ2 parameters).

Consider four key features, focusing on the case where ωY > 0 (generating a U-shape).

First, bias increases in ωY . Intuitively, the larger the correlation between place-specific

outcome trends and initial temperature, the greater the bias will be. Second, the bias in

β̂C declines as σ2
eC

rises. Intuitively, as a temperature bin’s trends become driven more

by random noise than a systematic relationship to initial temperature, the bias for the

bin is attenuated. Third, and perhaps counter-intuitively, longer panels tend to make

binning bias worse. The reason is that idiosyncratic inter-annual variation (via σ2
C and

σ2
H), which provides the shocks to each bin’s day counts and which are intended to identify

temperature effects, becomes dominated by any trend the longer those trends proceed.9

Thus longer panels tend to amplify the binning bias problem.

Finally, the effect of ωC on the bias in β̂C is more subtle. On the one hand, a smaller

slope with initial temperature (smaller ωC) causes the signal to noise ratio to go down,

which works to reduce the bias (the same way that increasing the noise, σ2
eC
, reduces

bias). On the other hand, a smaller slope with initial temperature (smaller ωC) means

that smaller variations in day counts can now predict the given variation in the outcome,

resulting in larger bias. The latter force will actually dominate when noise is relatively

low (e.g., in longer panels or with small σ2
eC
). Overall, small but precise relationships

9In Result 2, as T increases, the AC and AH terms decline, since T/ST is decreasing in T .
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between temperature bin trends and initial temperature are especially pernicious, driving

large bias. We will see these features in practice in the empirical analyses to come.

3 Data and Differential Trends in Temperature Bins

In this section, we first describe our main data sources and describe the binning procedure.

We then provide concrete demonstrations of how binning the temperature data can lead

to differential trends in these variables, especially for temperature extremes.

3.1 Data Sources

Temperature Our main analyses use temperature data from the ERA5-Land database

(Muñoz-Sabater et al., 2021). This reanalysis data set combines weather observations

from around the world with a model to generate gridded (0.1-by-0.1 degrees), hour-by-

hour measurements since 1970. We also replicate our main results using alternative sources

of temperature data, including daily U.S. county-level data from Schlenker (2024), which

uses a balanced panel of weather stations from the PRISM database, as well as raw station

level data from the Global Historical Climatology Network (GHCN) (Menne et al., 2012).

We use the hourly temperature data to construct the average temperature in each

grid cell and day, focusing only on daytime hours (7am-6pm). We then assign each U.S.

county the grid cell that is geographically nearest to its centroid and, for each county and

year, count the number of days that fall within distinct temperature bins: below 10◦F,

10◦-20◦F, 20◦-30◦F, 30◦-40◦F, 40◦-50◦F, 50◦-60◦F, 60◦-70◦F, 70◦-80◦F, 80◦-90◦F, and over

90◦F. We use the number of days that fall within each bin in each county-year as our

main measure of exposure to moderate and extreme temperatures.

Outcome Data We further collect outcome data for the analyses of specific applications

in Section 6. In brief, to measure population changes across U.S. counties, we compile

data from each round of the U.S. Census from 1970 to 2010. To measure mortality rates

by county and age group, we compile data from the Centers for Disease Control (CDC)

compressed mortality files from 1970-2002. This database contains records of the universe

of U.S. deaths, broken down by year, county of residence, and age group (among other

characteristics).10 To measure crop yields, we use data from the U.S. Department of

10We use the public version of these data, which omit death counts in specific age ranges in specific
county-years when a particular category of deaths are rare. We focus on over-65 mortality, for which
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Agriculture National Agricultural Statistics Service on yearly output in each U.S. county

of corn, wheat, and soybeans from 1985 to 2006. To measure crime, we use data compiled

from FBI reports by Ranson (2014), covering years from 1960-2009. We count the number

of violent crimes—including murder, rape, and aggravated assault—and non-violent or

property crimes—including robbery and larceny—in each U.S. county, month, and year.

3.2 Illustration of differential trends in temperature bins

Using the county-level temperature dataset, we first illustrate how binning the tempera-

ture data introduces strong relationships between exposure to temperature extremes and

baseline temperature. Consider, for example, two U.S. cities: Boston and Phoenix. Table

1 shows counts of hot and cold days in each place during the 1970s and 2010s. During

the 1970s, Boston had 20 days with an average temperature below 10◦F. In the 2010s,

this number had dropped to 10. Meanwhile, in both decades, Boston experienced zero

days with a mean daytime temperature above 90◦F. Thus, global warming led Boston—a

cold place—to experience a large decline in exposure to the bottom temperature bin and

no change in exposure to the top temperature bin. Phoenix, by contrast, is a hot place.

In both the 1970s and 2010s, Phoenix had zero days below 10◦F, while the number of

days over 90◦F increased from 1,000 in the 1970s to 1062 during the 2010s. Phoenix thus

experienced no change in exposure to the bottom temperature bin yet a large increase

in exposure to the top temperature bin. The different baseline temperatures of the two

cities meant that—as temperatures increased—their changes in exposure to both ends of

the temperature distribution would be uneven.

This pattern is true more systematically and generates a mechanical, positive rela-

tionship between county-level baseline temperature and measured changes in exposure to

extreme temperatures across all U.S. counties. Figure 3 plots the cross-county relation-

ship between average temperature during the 1970s (x-axis) and changes in exposure to

cold (below 10◦F) and hot (above 90◦F) days (y-axis). Both trends are strongly upward

sloping (p ≤ 0.001). On average, colder counties mechanically experience larger declines

in exposure to extreme cold, leading to a positive correlation between baseline tempera-

ture and the change in exposure to extreme cold; meanwhile, hotter counties mechanically

experience larger increases in exposure to extreme heat, leading to a positive correlation

between baseline temperature and the change in exposure to extreme heat. Exposure

there is only 0.6% of the observations missing.
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to moderate temperature, on the other hand, does not strongly correlate with baseline

temperatures, since all counties had substantial exposure to moderate temperatures at

baseline, meaning that warming had a comparable effect on their changes in exposure.

Extreme temperature bins—commonly used variables in empirical analysis that are

often assumed to be exogenous—thus mechanically have trends that are strongly corre-

lated with baseline temperature. The next section will show, consistent with the theory,

that such differential trends can generate spurious regression results.

4 Simulations and Binning Bias

In this section, we use a series of simulations to study how non-linear transformations of

temperature can lead to spurious effects of temperature extremes on outcome variables.

The main finding is that binning daily temperature realizations or using other non-linear

functional forms can lead to “U” or “inverse-U” shaped results, even when there is no

causal relationship between the outcome variable and contemporaneous temperature, so

long as the trend in the outcome is correlated with baseline temperature.

4.1 Simulated data with uniform temperature change

Our first simulations consider synthetic temperature data and synthetic outcome data.

We generate temperature data with uniform warming, allowing for a 1.8◦F (i.e., 1◦C)

increase in the temperature of all U.S. counties over a 50-year period.11 Specifically, we

take the actual mean temperature of each county c in 1970, TempBase
c , and let these means

rise with time as follows:

µ̃ct = TempBase
c +

1.8

50
· (t− 1) (14)

where t ∈ {1, 50}. For each county and year, we draw 365 daily temperatures from a

normal distribution centered at µ̃ct with a common fixed variance. We then count the

number of days in each county-year in each temperature bin, defining the bins in 10◦F

intervals (less than 10◦F, 10-20◦F, etc.). This follows standard practice in the empirical

literature and further introduces many temperature bins, allowing us to see how the degree

of bias varies across more or less extreme temperature categories.

11This 1.8◦F increase is roughly the change in average U.S. temperature over the sample period.
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The outcome variable is simulated to have a linear trend correlated with baseline

temperature but no relationship with contemporaneous temperature bins:

Yct = t · TempBase
c + ϵct (15)

where ϵct is drawn from a normal distribution centered at zero and with variance σ2
ϵ .

12

With these data, we implement the standard panel model above, which is repeated

here for convenience:

Yct = αc + λt +
∑
k

βk × Tkct + uct (1)

where c indexes counties, t indexes years, k indexes temperature bins (less than 10◦F,

10-20◦F, etc.), Tkct are the counts of days in each bin in each county and year, and αc and

λt are place and time fixed effects.

For 1,000 draws of the simulated outcome and temperature realizations, we estimate

model (1). The estimates of βk are presented in Figure 4a, where each dot represents

the median coefficient estimate and the bars contain 95% of the coefficient estimates

across all draws. Strikingly, the coefficient estimates in Figure 4a imply large positive

effects of exposure to both hot and cold days despite there being no relationship between

contemporaneous temperature extremes and the outcome. A uniform, rightward shift in

the temperature distribution—combined with place-specific trends in the outcome that

are correlated with baseline temperature—generates a spurious U-shaped relationship.

Intuitively, when the trend in the outcome is negative (i.e., t is replaced with −t
in equation (15)) the panel model generates a spurious inverted-U-shaped relationship

between temperature exposure and the outcome (Figure 4b). That is, binning bias can

generate either U-shapes or inverted U-shapes, depending on the correlation of outcome

trends with baseline temperature. Finally, consistent with the theory, when there are no

differential trends in the outcome the spurious effects are absent (Figure 4c).

This first exercise—with both simulated temperature and simulated outcomes—suggests

that non-linear transformations of the temperature variable can generate spurious effects

of extreme heat and extreme cold. Even with a uniform trend in temperature across

locations, binning generates differential trends in the independent variables that are cor-

related with baseline temperature and are not absorbed by the time fixed effects. In the

12We set σ2
ϵ to be equal to the variance of t · TempBase

c over the entire sample, so that the error term
in the outcome is of similar variance to trends, but this is not essential.
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next section, we show similar patterns using real-world temperature data.

4.2 Real temperature data

Our next set of simulations use real temperature data. Observed temperature realizations

present more complex dynamics than the synthetic data analyzed above with uniform

warming. In this section, we investigate whether real temperature dynamics lead to similar

spurious effects of temperature extremes. To do so, we construct the binned temperature

variables from U.S. counties’ actual temperature data while again considering synthetic

outcome data – where, by construction, there is no contemporaneous effect of temperature

on outcomes.

Specifically, using the ERA-5-Land temperature data, we count the days in each

county-year that fell into each temperature bin (see Section 3.1). Thus, we now mea-

sure the actual exposure of each county in each year to all parts of the temperature

distribution. We then simulate the outcome with linear trends in baseline temperature,

using equation (15). Finally, for 1,000 draws of the outcome, we estimate (1) and plot

the resulting estimates and distributions of the βk. See Figure 5.

The regression estimates imply positive effects of exposure to hot and cold tempera-

ture bins, despite the fact that there is no actual relationship between contemporaneous

temperature and the outcome (see (15)). Looking across the many temperature bins,

binning bias becomes increasingly severe as we move toward the temperature extremes.

While Figure 5a presents a U-shaped bias, reversing the sign of the trend in the outcome

leads to inverse-U-shaped bias (Figure 5b), and removing the differential trend in the

outcome eliminates the bias (Figure 5c).

Intuitively, the magnitude of the spurious effects depends not just on the magnitude of

differential trends induced in the temperature variables through binning, but also on the

magnitude of the outcome trends. This can be seen formally in the theoretical treatment,

where the bias increases with ωY (see Result 2). To illustrate this dimension of the binning

bias problem with real temperature data and many temperature bins, we further simulate

outcomes using the following model:

Yct = β · t · TempBase
c + ξct (16)

where ξct ∼ N (0, σ) and where σ is the standard deviation of t · TempBase
c . We vary

β—governing the magnitude of outcome trends—across specifications, letting β range
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from 0.0001σ to 0.01σ. Coefficient estimates across all values for β are reported in Figure

A.1a. Analogous estimates for negative trends in the outcome are reported in Figure

A.1b. U-shapes and inverted U-shapes become more pronounced for higher β.

4.3 Real temperature data and calibrated outcomes trends

To gauge whether binning bias could be quantitatively meaningful in realistic settings, we

calibrate the trend in our simulated outcomes to those of variables that have been studied

in the context of climate damage estimates. To do so, we estimate:

Yct = δc + ηt + αc · t+ ϵct (17)

where Yct is actual outcome data and α̂c captures any county-specific time trend for that

outcome. After estimating county-specific trends using equation (17) for each outcome

variable, we run the following model:

α̂c = ω + ζ · TempBase
c + ϵc (18)

where ζ̂ captures any correlation between baseline temperatures and county-specific time

trends. For example, Figure A.2 plots the cross-county relationship between TempBase
c

and α̂c, when the outcome variable in equation (17) is the county-level annual mortality

rate for people age 65 and over. We estimate a positive and significant relationship,

indicating that mortality is declining relatively more rapidly in colder places.

Finally, we simulate Yct so that its trend in baseline temperature matches each outcome

of interest:

Ỹct = δ̂c + [ω̂ + ζ̂ · TempBase
c ] · t+ ξct (19)

where δ̂c is estimated from equation (17) and ω̂ and ζ̂ are estimated from equation (18).

Using these calibrated outcomes, together with the real temperature data, we then

estimate the standard panel model (1). By construction in (19), there is no actual con-

temporaneous relationship between temperature realizations and outcomes here, just dif-

ferential trends, so an unbiased model should estimate βk = 0 for all temperature bins.

We begin with the outcome calibrated to trends in mortality for people over 65 years

old. Figure A.3a reports the estimates: we find large, positive effects of both extreme heat

and extreme cold on the outcome calibrated to trends in mortality despite there being no

actual effect of contemporaneous temperature on the outcome in our simulation. That
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said, our results to this point do not imply that existing estimates are necessarily biased;

instead, they suggest that a standard panel model does not distinguish between a causal

effect of temperature and a spurious effect driven by differential trends.

The other panels in Figure A.3 report estimates of equation (1) in which the trends in

Ỹct are calibrated to other real world outcomes of interest, including crime rates by type

of crime and crop yields. In all cases simulations using these calibrated outcomes lead

to spurious U-shaped or inverse-U-shaped effects. That said, the magnitude of the effect

varies substantially across outcomes. The spurious effects are largest in magnitude when

the outcome is calibrated to trends in mortality; they are somewhat smaller when the

outcome is calibrated to trends in violent and non-violent crime; and they are very close

to zero when calibrated to trends in corn yields, since trends in corn yields have only a

weak relationship with baseline temperatures. These differences suggest that binning bias

could affect regression estimates very differently depending on the differential trend in

the outcome variable. This intuition is confirmed when we evaluate the actual extent of

binning bias in these outcomes, implementing various potential solutions to the binning

bias problem, in Section 6.

4.4 Heterogeneous effects and “adaptation”

There is growing interest in understanding potential mitigating effects of human adapta-

tion. A common strategy for studying adaptation estimates the effects of extreme heat

separately for already-hot locations, which have plausibly learned to adapt, and for colder

locations, which have not (e.g., Butler and Huybers, 2013; Carleton et al., 2022; Hultgren

et al., 2022). Weaker marginal effects of hot days in hotter locations are then interpreted

as adaptation. However, the extent of binning bias–and the temperature bins in which the

bias is most severe–may differ systematically between hotter and colder places (or more

generally, between any two sub-samples). This has the potential to generate spurious

results that look like “adaptation” but reflect different differential trend parameters.

Recall from the bias formulas (equations (12) and (13)) that bias depends on trends

with baseline temperature (the ω parameters) and noise in these trends (the σ2 param-

eters). These relationships will change when dividing the data into hot and cold sub-

samples, and we can examine these changes explicitly in the data. Specifically, we esti-

mate county-specific trends for cold days (days below 10◦F) and hot days (days above

90◦F) and relate these trends to baseline temperature separately for counties with below
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and above median baseline temperature. Figure 6a plots these relationships for trends

in cold days. Cold places (shown in blue) have a steeper slope in baseline temperature

(higher ωC) but also a much higher variance (higher σ2
eC
), compared to the hot places

(shown in red). Figure 6b shows that the converse is true for hot days, where hot places

show the steeper slope and higher variance when relating county-specific trends to baseline

temperature.

Now consider the resulting binning bias within these separate hot and cold county

samples. To gain intuition, we can substitute the estimated trend and variance parameters

from Figures 6a and 6b into the bias formulas (equations (12) and (13)).13 The bias

estimates, along with their components, are reported in Table A.2. For the cold bin, the

formula produces substantially larger bias in hot counties (28.58) compared to cold ones

(0.72). Interestingly, the larger bias among hot counties is not due to a steeper relationship

between cold day trends and initial temperature;14 instead, it is driven by by substantially

lower noise in these trends (σhot
eC

<< σcold
eC

; see Figure 6a). This is a case where trends

having a small but precise relationship to initial temperature can drive especially large

bias. Intuitively, precisely ordered, differential trends across the hot counties means that

smaller variations in cold day counts can now predict the given variation in the outcome

(i.e., generate a larger regression coefficient; see also the discussion following Result 2).

Meanwhile, for the hot bin, the bias estimate is larger for cold counties (6.41) compared

to hot ones (1.60), driven by substantially lower trend variance among the cold counties

and following similar logic (see Table A.2).

Overall, these are the patterns that might lead a researcher to conclude there is “adap-

tation” – hot temperatures have a larger effect in cold places, and cold temperatures have

a larger effect in hot places. However, this pattern is just an artifact of differential trends

in the binned temperature variables. Of course, the model in Section 2 and resulting

bias formula are stylized, with just three bins (cold, moderate, hot). What happens in

practice, with many temperature bins?

To investigate this, we return to the simulations of Section 4.2 and report estimates of

equation (1) separately for counties with above versus below median values of TempBase
c .

The relationship of the outcome variable trend to baseline temperature is taken to be

the same in both sets of places. The results are reported in Figure 6c. We find a larger

spurious “effect” of extreme cold in hotter counties and, to a lesser extent, a larger “effect”

13We simulate the outcome variable so that ωY = 1.
14The relationship with initial temperature is actually less steep among hot counties (ωhot

C < ωcold
C ).
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of extreme heat in colder counties.15 That is, we see spurious results that tend to look

like adaptation—the effect of extreme temperatures appears weaker in places when these

temperatures are more common hence ‘adapted’—but it is driven by differences in the

extent of binning bias.

4.5 Sensitivity and Extensions

We further consider alternatives to our baseline simulation analysis, exploring other non-

linear specifications of the temperature damage function, other units of aggregation, and

other temperature datasets.

Alternative non-linear temperature damage specifications. As a non-parametric

method, binning the data approximates non-linear representations of temperature vari-

ables. “Binning bias” will then intuitively extend to other non-linear methods, and is not

just about the specific binning approach per se. Here we consider several alternatives.

First, while our baseline specification uses bins that are ten degrees Fahrenheit wide,

we alternatively consider finer bins (five degrees wide) and coarser bins (twenty degrees

wide). See Figures 7a and 7b. Binning bias appears robustly.

Second, we consider “killing degree days” (KDDs), which counts the number of degree

days in excess of some temperature threshold. It is commonly used when studying the

exposure of crop species to extreme heat (e.g., Schlenker and Roberts, 2009; Butler and

Huybers, 2013). Figure 7c shows that if we replace binned temperature in our simulation

analysis with the number of KDDs in excess of 80, 85, 90, or 95◦ F, we obtain a spurious

positive effect, even when there is no actual effect of KDDs on the outcome.

Third, we consider polynomials in daily temperature realizations. While most esti-

mates of the non-linear effects of temperature rely on the binned specification outlined

in Section 2, some instead use a polynomial of daily temperatures, summed across the

year (e.g., Carleton et al., 2022). One motivation is to reduce the number of estimated

parameters (e.g., four when using a fourth-order polynomial compared to nine in our

binned specification). We conduct a version of the simulation from Section 4.2 using the

polynomial parameterization instead of bins and find similar levels of bias to our baseline

results (Figure 7d).

15Alternative specifications further show and can strengthen the apparent (but spurious) adaptation
result - see Figure A.4a and A.4b.
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Together, these results show that binning bias is a general issue for estimates of the

non-linear effects of temperature. Bias emerges for any bin size, for alternative weighting

schemes across daily realizations (e.g., killing degree days), and for alternative approaches

to aggregating daily temperature data (e.g., polynomials).

Other units of aggregation. So far, our results have focused on county-year panels

in the U.S.. A large share of existing work on climate change and climate adaptation

relies on this structure, but in other cases, researchers aggregate, either spatially (e.g., to

states) or temporally (e.g., to decades rather than years). Binning bias remains an issue

in both cases. Specifically, we show that we obtain a very similar bias when we instead

use U.S. states as the unit of analysis instead of counties (Figure A.5a) or when we instead

aggregate to the county-decade level (Figure A.5b).

Alternative temperature data. In our main analysis, we use temperature data from

the ERA-5 database. However, similar results hold using other temperature data sets,

including U.S. county-level temperature data from Schlenker (2024), which uses a balanced

panel of weather stations from the PRISM database (Figure A.5c), and using raw station

level data from GHCN (Menne et al., 2012) (Figure A.5d).16 We find similar levels of bias

performing our simulations using both alternative temperature datasets.

5 Solutions to Binning Bias

In this section, we investigate potential empirical solutions to binning bias. In Section

5.1, we develop a method to directly control for the place-specific temperature dynamics

that generate binning bias. In Section 5.2, we consider reduced-form approaches. Across

these varied methods, we assess which have the potential to ameliorate binning bias, and

which do not appear to do so.

For each potential solution, we run the panel model following the simulation methods

in Section 4. Specifically, we use the real temperature data and 1,000 draws of the

outcome variable according to (15). We then report the bin coefficient estimates when

implementing the candidate solution. If the correction is successful, these coefficient

16We aggregate these data to the county level following the approach in Deschênes and Greenstone
(2011), which takes the inverse of the squared distance to the county centroid as the weights for each
station within a 200km radius.
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estimates should become centered around zero for every temperature bin. We also zoom

into the top (over 90◦ F) and bottom (below 10◦ F) bins and display the full distribution

of coefficient estimates and corresponding t-statistics across all 1,000 simulated runs. This

presentation allows us to see the resulting shape of the coefficient distribution and the

share of coefficient estimates that would spuriously reject a null effect. Finally, for each

potential solution, we also report the model-derived bias estimate and the components of

the bias formula (Table A.1). This makes it possible to directly compare any remaining

bias across potential solutions, as well as identify which components of the bias formula

are affected by each approach.

5.1 Controlling for non-random temperature exposure

Our first strategy seeks to control explicitly for the non-random component of temperature

exposure in each temperature bin and time period. To do so, we build a statistical

model of the counterfactual temperature distribution in each time and place. Using

this counterfactual distribution, the researcher can calculate the expected value of each

temperature bin variable and then add these as controls to the panel regression. Once

one controls for the non-random portion of each temperature bin in each time and place,

the identifying variation that is left is the random component of the realization—the

idiosyncratic shocks that motivated the panel approach in the first place.

This approach builds on work by Wooldridge (2015) and Borusyak and Hull (2023),

which show that controlling directly for the expected value of a non-random treatment

variable can remove the bias.17 This approach does not require knowing anything about

the functional form of the dependent variable, is more parsimonious econometrically than

the reduced-form approaches presented below, and could in theory be applied in any

context. The main challenge, however, is correctly estimating counterfactual temperature

distributions that can be used to construct the control variables.

To fix ideas, suppose that we know the distribution of temperature days in each

location-year; i.e., the distribution Fct(x), where x is a given temperature. From this

distribution, we can calculate the expected number of days in each temperature bin. In

particular, consider a bin k(x, x′) that counts the number of days in the temperature

17This is also related to the idea of a “propensity score” (Rosenbaum and Rubin, 1983).
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range between x and x′. The expected number of days in bin k is:

T̂k(x,x′),ct = 365× (Fct(x
′)− Fct(x)) (20)

For example, for the bin from 85 to 90 degrees, the expected number of days in that bin in

a given county-year is given by 365× (Fct(90)− Fct(85)). As shown above, this expected

day count will typically be on a faster upward trend for hotter counties, introducing bias.

The key point is that the stochastically realized number of days in each bin, Tkct,

is random conditional on controlling for the expected number of days in each bin, T̂kct.

Thus, we can estimate the augmented model that includes non-random exposure to each

temperature bin as a control:

Yct = αc + λt +
∑
k

βkTkct +
∑
k

ξkT̂kct + uct (21)

The fact that rising temperatures cause differential trends in different temperature bins

is now accounted for by T̂kct. Thus, the βk coefficients from estimates of equation (21) are

unbiased.

Simulations with a known temperature DGP. To validate this approach, we first

return to the simulation of Section 4.1 in which we directly specify the data generating

process for temperature. Since the independent variables are constructed from simulated

data with a known normal distribution, for each county-year we can compute the expected

number of days that fall into each temperature bin using (20). We then include the

expected number of days in each bin as controls in the panel model, as in equation (21).

If the approach in equation (21) is valid, estimates of each βk should be equal to zero.

Implementing this approach, we find indeed that controlling for the expected number

of days in each bin removes the bias (Figure A.6). The method is successful both when the

trend in the outcome is a linear function of baseline temperature (Figure A.6a) or when we

use more complicated, non-linear functional forms for both the outcome and temperature

variables (Figure A.6b). Moreover, when we add in actual time-specific effects (e.g.,

where extra days in the hottest and coldest bin do affect outcomes), we recover those

effects accurately (Figure A.6c). This suggests that this approach can work well, and

does not require specifying the correct functional form of the trend in the outcome.

The challenge, then, is applying this strategy to real-world temperature data, when
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the counterfactual distribution is not known. We turn to this next.

Constructing counterfactual temperature distributions. To apply the method

above with real-world temperature data, we build a statistical model of changes in ex-

pected (non-random) exposure to each temperature bin. Our statistical model of tempera-

ture realizations allows for flexible cross-sectional and temporal differences in temperature

distributions. Specifically, we allow temperature distributions, Fct(x), to be arbitrarily

different in different counties c to capture the fact that some places have a higher tem-

perature variance in a given year than others. We also allow temporal dynamics to be

arbitrarily different in each county to capture the fact that warming has not been uniform

across locations. Moreover, to allow for different temporal dynamics by season, we let the

warming process evolve separately for each county-month.18

Our counterfactual procedure is as follows:19

1. Define xcdmt as the observed temperature for county c, day d, month m and year t.

2. Construct the mean observed temperature, x̄cmt, for each county-month-year.

3. Estimate the linear time trend in mean temperature for each county-month across

all years using the following regression:

x̄cmt = µcm + γcm · t+ ϵcmt (22)

where γ̂cm is the estimated linear trend coefficient for month m in county c (e.g.,

the trend in mean January temperature in Suffolk county). In our main analysis,

we use empirical Bayesian methods to shrink our estimates of the γcm toward the

average estimate, though we show results with and without this step.20

18An alternative approach to building a statistical model could be to use a climate model to estimate
counterfactual temperature distributions. There is some existing work in atmospheric science and clima-
tology on approximating local temperature distributions; however, these “emulators” tend to not perform
as well for extreme temperatures, which are particularly important for our applications (e.g., Wang et al.,
2024) and building a climate model that could be incorporated into our analysis would be a non-trivial
task, given the state of the literature. For example, we implemented the emulator-based temperature
distribution functions from Wang et al. 2024 in our context using the approach in equation (21), and
they were not able to remove binning bias. That said, this could be a promising area of future work.

19We provide code to create these counterfactuals using any daily temperature dataset using the cftemp
Stata package, which will be available on our website.

20We construct a posterior value for the trend which is a weighted average of the actual estimate and
the average estimate across all counties, where the weight corresponds to the ratio between the variance
of all estimated coefficients and the sum of this variance and the estimated coefficient variance.
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4. Return to the actual daily temperature realizations, xcdmt, and subtract off the

county-month mean shift that has taken place up to time t, as estimated in (22):

xdetrendcdmt = xcdmt − γ̂cm · t (23)

5. Combine all de-trended temperature realizations in each county-month into a single

distribution. Denote this distribution Fcm(x). For example, with 31 days in January,

and 50 years of data, the distribution for January in Suffolk county will include

31 ·50 = 1550 de-trended temperature realizations. This allows us to use the full set

of data to flexibly capture the underlying temperature distribution in each county-

month.

6. To identify the potential empirical distribution for each county, month, and year,

we project the county-month distributions forward using the county-month specific

time trend γ̂cm. This generates an empirical distribution of potential temperature

realizations for each county, month, and year, denoted Fcmt(x).

7. Finally, we aggregate Fcmt(x) across months within each county-year to generate

the counterfactual temperature distribution at the county-year level, Fct(x). We

can then use equation (20) to estimate the share of the distribution in each county-

year that falls into each temperature bin. After normalizing by the number of days

in the year, this generates our estimate of non-random exposure, T̂kct.

As an alternative approach, rather than estimate a separate trend for each county-

month in equation (22), we can use a county-specific fourth-order Chebychev polynomial

to approximate seasonal variation in temperature (as in Schlenker and Roberts, 2006)

and estimate the place-specific time trend for each of the four Chebychev polynomial

terms.21 This has the advantage of requiring a smaller number of estimated parameters

(four per county instead of twelve per county) and allows temperature to vary smoothly

over the year instead of changing discontinuously in each month. In practice, however,

this approach performs similarly to the one outlined above.

21Specifically, let the normalized calendar day variable be x ∈ [−1, 1], so that January 1 is -1 and De-
cember 31 is 1. Then the nth order Chebyshev polynomial is defined recursively as T0(x) = 1, T1(x) = x,
and Tn(x) = 2x ·Tn−1(x)−Tn−2(x) for n ≥ 2. For each county separately, we regress daily temperatures
on these polynomials up to the fourth order and their respective interactions with the year variable,
estimating jointly with the constraint that the predicted temperatures on January 1 equals that of De-
cember 31. For identification, we omit December 31 from the regression. To construct our counterfactual
temperature distribution, we take the coefficients on these interaction terms and use them similarly to
the γ̂cm in the process described above, i.e., “de-trend” the temperature realizations to create a single
empirical distribution as in step 4, and project the distribution forward as in step 6.
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Correcting for binning bias. Once we have the expected day counts, T̂kct, in hand, we

can return to our simulations from Section 4.2—which used real temperature data—and

see whether controlling for T̂kct eliminates binning bias.

Adding T̂kct as controls, we find that the coefficient estimates are now all centered at

zero (see Figure 8a). Since there is no true effect of any temperature bin on the outcome,

this indicates that controlling for the non-random component of exposure to each bin

removed binning bias. Moreover, when there are causal effects of contemporaneous tem-

perature on the outcome, this approach accurately recovers the true effect (see Figure 8b).

Figure 9 plots the full coefficient and t-statistic distributions across simulations for the

top and bottom temperature bins. When we control for the counterfactual temperature

estimates, the extreme temperature coefficient estimates are centered around zero and

reject the null hypothesis at the appropriate rate. The results for our baseline approach

are shown in green; however, the results are similar if we exclude the trend shrinkage step

(orange in Figure 9) or use Chebychev polynomials (brown in Figure 9).

If we examine the bias formula in Table A.1, we find that these approaches reduce

coefficient bias not by reducing the residual trend in the outcome, which could change

across applications, but rather by fixing the binning bias on the “right hand side” of the

panel regression—by correcting for differential trends in exposure to extreme temperature.

This indicates that this approach could be applicable across a broad range of outcome

variables and contexts.

5.2 Reduced form strategies

There are a range of potential reduced-form refinements of the main regression specifi-

cation of interest (equation (1)), including specifications that include additional controls.

To the extent that additional controls successfully absorb trends in the right- or left-hand-

side variables that drive the bias, they could reduce the extent of binning bias and also

be easier to implement than the approach outlined in the previous section.

State-by-year fixed effects. First, studies occasionally include state-by-year fixed

effects when analyzing the county-level effects of temperature. While there is debate

whether including such fixed effects is best practice given that it absorbs much of the

variation in temperature (see, e.g., Fisher et al., 2012), we investigate whether their

inclusion solves binning bias. While the bias is somewhat attenuated, state-by-year fixed

effects do not eliminate spurious effects of temperature in simulations (see Figure 10a).

26



The bottom and top bins falsely reject zero (p <0.05) in 14% and 26% of the simulation

runs, respectively (see Figure 11; results with state-by-year fixed effects are shown in

orange). Furthermore, the reduction in false-rejections comes primarily from the fact that

state-year fixed effects increase noise, rather than reduce the mean bias in the coefficients,

and a large share of coefficient estimates are far from zero. Thus, while state-by-year

effects may reduce bias in cases where there is substantially less within-state variation in

outcome or bin trends, it does not appear to be a generally useful solution.

Lags of dependent and independent variables. Second, we investigate the inclu-

sion of lags of the dependent and independent variables as additional controls. Existing

work has shown that appropriately accounting for the relationship between contempo-

raneous temperature and its lags is important for isolating the exogenous component of

temperature shocks in cross-country growth regressions (Nath et al., 2024). However, we

find that in this case accounting flexibly for the lag structure of both temperature and the

outcome, by allowing for 5 lags of both Y and X variables, does not address binning bias

(see Figure 10b). The coefficients on the top and bottom temperature bins both falsely

reject zero over 90% of the time (Figure 11).22

Place-specific trends. Third, we consider the inclusion of location-specific linear trends.

For example, in a county-year regression, one could include a separate linear trend for

each county. This approach appears in some studies, though most papers do not include

place-specific trends.23 We find that the inclusion of county-specific linear trends solves

the problem in our baseline simulation (see Figures 10c and 11), but this is precisely be-

cause in our simulations the differential trend in the outcome is itself linear. Thus, adding

a linear county-specific trend as a control fully captures the trends in the outcome model.

This can be seen clearly in Table A.1, which shows that the including county-specific

trends fully removes residual trends in the outcome (column 5).

The broader issue, however, is that if one does not know the functional form of the

outcome trend, it is not clear that place-specific linear trends will work. For example, if

we conduct a modified version of our simulation in which the trends in the outcome are

22Intuitively, lags can help account for common dynamics in a panel but, like general time fixed effects,
are not well suited to dealing with differential, place-specific dynamics.

23Papers that implement place-specific trends include, for example, Barreca et al. (2016), who study
mortality at the U.S. state level and include quadratic trends at the state-month level, and Burke et al.
(2015), who study growth at the country level and include country-specific quadratic trends.
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quadratic rather than linear, the inclusion of place-specific linear trends does not perform

as well (see Figure A.7).24 The same is true for a cubic outcome trend (see Figure A.9).

Of course, a possible rejoinder to this is that adding quadratic or cubic place-specific

trends as a control would in turn solve this problem—and indeed, if the trends in the

outcome were in fact quadratic or cubic, this is true. However, there are two challenges

to this approach. First, it only works if the researcher is confident that they know the

functional form of the trend in the outcome variable. While in our simulations we gen-

erated the trends ourselves, in real-world applications the functional form of the trends

is unknown. Second, it comes with a substantial degrees-of-freedom cost. In a county-

by-year level regression, for example, adding county-specific linear trends requires adding

over 3,000 controls; place-specific higher order trends would add commensurately more.

This can reduce power in many practical applications. So while including place-specific

trends may be useful in some applications, it may not work in general.

Isolating short-panel comparisons. Fourth, motivated by the model, we consider the

inclusion of interactions between place and broader time-period fixed effects; e.g. including

county-by-five-year-interval fixed effects. This specification only allows for comparisons

among years in a given location within the same narrow time window, within which

trends in temperature or the outcome may be less stark. As T grows, the time trend

in temperature swamps the idiosyncratic variation in temperature; hence, conversely, by

restricting the analysis to comparisons within 5 year bins in a given place, the time trends

will be very small compared to the idiosyncratic variation, and so the bias will be limited.

While we are unaware of prior work that implements this approach, we find that it

entirely eliminates the bias in our baseline simulation (see Figure 10d). The simulated

coefficient estimates on the top and bottom bin are centered around zero and reject the

null at the appropriate rate (see Figure 11). This approach also performs well with more

complicated—quadratic and cubic—trends in the outcome (see Figures A.7 and A.9).

This approach seems to successfully eliminate binning bias in our simulations. This

is consistent with the theoretical finding that longer panels make binning bias worse (see

Result 2). However, there are two potential drawbacks. First, it remains ad hoc and

24We simulate outcome variables as Ỹc,t = t2 ·TBase
c +ϵc,t where ϵc,t is drawn from a normal distribution

centered at zero and with common variance. We simulate temperature variables as µ̃ct = TempBase
c +

( 9
250 )

2 · (t − 1)2 where t ∈ {1, 50}. For each year and county, we draw 365 daily temperatures from a
normal distribution centered at µ̃ct with a common fixed variance and assign these to their corresponding
temperature bins.
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it is not clear how effective it is as a general approach. This is especially true since it

seems to have reduced overall bias by eliminating the residual trend in the outcome (see

Table A.1), rather than the differential trend in baseline temperature (though, unlike

county-specific linear trends, it does so also for the more complicated outcome trends).

Second, this approach is only relevant in applications that use high-frequency (e.g., yearly)

temperature variation since it requires exploiting variation within slightly aggregated time

windows. This would not be applicable in situations when the unit of observation is

a location-by-decade (for example) or when using long-difference specifications. Some

outcome data do not exist at an annual frequency (e.g., the U.S. Population Census, as

we explore below, or the U.S. Census of Agriculture data, as in Moscona and Sastry, 2023).

Moreover, aggregating across time is a common strategy to understand the potential role

of human adaptation (e.g., Burke and Emerick, 2016) or simply to compare the effects of

long-run and short-run exposure to temperature extremes. Thus, this approach may not

be relevant for some contexts.

6 Applications

The final step of our analysis is to investigate how correcting for binning bias affects esti-

mates of the relationship between temperature bins and a variety of real-world outcomes.

We focus on four sets of outcomes that are relevant for understanding the economic con-

sequences of climate change: county-level population, mortality, crop yields, and crime.

For consistency, we use the same specifications, temperature data (ERA5-land; see

Section 3.1) and variable construction throughout.25 For each outcome, we first estimate

a naive specification, which includes counts of days in each temperature bin as well as

county and time fixed effects (equation (1)). We then estimate augmented versions that

include our suggested counterfactual controls for the expected number of days in each bin

(equation (21)). The results are shown in Figure 12. We also perform similar exercises

with the two reduced-form approaches that showed the most promise, county-specific

linear trends, shown in Appendix Figure A.11, and (where possible) the ‘short-panel’

25Different papers in the literature use different temperature datasets, and many use slight variants
on the specification in equation (1), including several of the approaches described in Section 5.2, such
as state-year fixed effects, lags, and county-specific trends. Replicating each paper’s exact specification
and exact temperature dataset for the hundreds (if not thousands) of papers in this literature is beyond
the scope of this paper. Rather, our goal here is to highlight the importance of ensuring binning bias
is addressed moving forward. We provide the code used to construct the counterfactual temperature
distributions so that other authors can use them in whatever context is of interest.
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approach using five-year bin indicators interacted with county fixed effects, shown in

Appendix Figure A.12.

Population We first examine total county-level population. The reallocation of pop-

ulation, including through migration, has long been considered an important potential

mechanism of adaptation to environmental change (e.g., McLeman and Smit, 2006; Cruz

and Rossi-Hansberg, 2024). We estimate the effect of exposure to extreme temperatures

on the log of county-level population in each decade from the U.S. census.

We report the effect of temperature extremes on log population, both with and with-

out our proposed solution to binning bias (Figure 12a). The blue points display the βk

estimates from the panel specification that does not control for non-random exposure to

each temperature bin. These estimates show a U-shape, and suggest that exposure to

both extreme cold and extreme heat is positively associated with increased population.

However, when we include the controls to correct for binning bias (red points), the es-

timates suggest a much flatter relationship between temperature and population, with

the exception of a significant, negative effect of the top temperature bin. Controlling

for county-specific linear trends also results in a substantially flatter relationship (Figure

A.11a). Including aggregated time fixed effects interacted with county fixed effects is not

possible in this context.26

Thus, the naive and bias-corrected estimates paint very different pictures of how popu-

lation patterns respond to temperature fluctuations. The former suggest that population

moves toward parts of the country with greater exposure to temperature extremes. This

could be driven by the fact that there has been an average movement toward warmer

parts of the U.S., like the Sun Belt and Florida, during the past decades, and these warm

regions also have steep positive trends in the upper temperature bins. When we account

for binning bias we find a much flatter relationship. Further, including counterfactual

temperature controls suggests that exposure to extreme heat causes population declines,

consistent with adaptation to extreme heat by moving away from the most heat-exposed

locations (Figure 12a).

26The unit of observation for population is a county-decade, making it impossible to exploit variation
within each decade or shorter periods. Hence it is not possible to deploy the county-by-five-year fixed
effect approach above. This illustrates the limitations of this approach for applications where outcome
data are not reported annually.
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Mortality The effect of temperature extremes on mortality has been studied extensively

(e.g., Deschênes and Greenstone, 2011; Barreca et al., 2016; Carleton et al., 2022) and

the estimated positive effect of extreme heat on mortality represents a large share of

predicted economic damages from climate change (Hsiang et al., 2017). We explore how

binning bias affects estimates of the relationship between extreme heat and mortality,

which we measure as the mortality rate (deaths per 100,000) for people age 65 and over

(the population shown to be most sensitive to extreme heat in prior work).

While naive estimates of the effect of temperature on mortality return the U-shaped

relationship that is familiar from the literature, where both high and low temperature

extremes increase mortality rates, we find much weaker evidence of this pattern when

we account for binning bias by controlling for the non-random component of exposure to

each bin (Figure 12b). The effects of temperature extremes are substantially smaller in

magnitude and (if anything) only marginally significantly different from the omitted bin

(even though the standard errors are smaller after controlling for non-random exposure).

In this particular specification, for example, the magnitude of the effects of the coldest

bins (below 10◦F and 10◦-20◦F) fall by more than half once we control for the expected

temperature realizations, and the effect in the highest bin (>90◦F) falls to 0. Both

reduced form methods to account for binning bias tell a very similar story (Figures A.11b

and A.12b), and the pattern is similar if we pool effects on mortality across all age groups

(see Figures A.13a, A.14a, and A.15a).27 These results suggest that the estimates of the

effect of extreme temperatures on mortality may be affected by binning bias.

Crop Yields The agricultural sector is perhaps most exposed to environmental change,

and a large literature has established a stark, negative effect of extreme heat on crop

yields (e.g., Schlenker and Roberts, 2009; Hatfield and Prueger, 2015; Hultgren et al.,

2022). We estimate the effect of temperature on corn yields and find a clear, inverted-U

shaped relationship both in the native specification and in the specification that controls

for non-random exposure to each temperature bin (Figure 12c). We continue to find the

same relationship after employing both reduced-form strategies to correct for binning bias

(Figures A.11c and A.12c). We replicate the same analysis for wheat and soybean yields

27This slightly more complicated pooled age-group specification is based on the empirical approach in
existing work used to take into account differing mortality trends and impacts across age groups (e.g.,
Deschênes and Greenstone, 2011). The pooled regression is the same specification as equation (1) but with
separate observations for each age group (ages < 1, 1-44, 45-64, and > 65), weighted by the population
of each age group-county-year.
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and again find little evidence that binning bias affects the estimates (Figures A.13b and

A.13c). Thus, estimates of the relationship between crop yields and temperature do not

seem biased (in either direction) by spurious trends, perhaps because yield trends across

countries are not strongly correlated with average temperature.

Crime Weather patterns have been shown to affect both non-violent and violent crime

(e.g., Brunsdon et al., 2009; Ranson, 2014; Cohen and Gonzalez, 2024). Studies propose

different mechanisms—ranging from changes in the opportunity cost of criminal activity

to direct psychological effects of high temperatures—but most find a positive relationship

between extreme heat and violence. To examine the relationship between temperature

and crime, we estimate an augmented version of the baseline panel model (equation (1))

in which, following the convention in the literature, the unit of observation is the county-

year-month and we include county, month and year fixed effects. We construct analogous

counterfactual measures of non-random exposure to each temperature bin at the county-

month level instead of the county-year level (see e.g., Ranson, 2014). We also modify

our reduced-form strategies by including county-month specific linear trends (instead of

county-specific linear trends) and interacting five-year bin fixed effects with each county-

month pair (instead of each county).

Naive estimates of the relationship between temperature and violent crime suggest that

violent crime rate is higher at high temperatures. There appears to be a negative effect

(relative to the omitted group) of cold days, but no significant effect of extremely cold

days (< 10◦F). When we control for non-random exposure to each bin, the effect of heat

on crime is smaller for the extremely hot temperature bin while substantially stronger in

the cold bins (Figure 12d). The reduced-form approaches also tell a similar story (Figures

A.11d and A.12d). In this case, the correction both moderates one conclusion from the

naive estimates (i.e., where extreme heat leads to more violent crime) and strengthens

what had been a weaker relationship (i.e., that cold reduces crime).

Turning to non-violent crime, the naive estimates suggest that exposure to cold days

substantially reduces crime rates while exposure to the hottest days increases crime rates.

Once we correct for binning bias, the negative effect of cold days on non-violent crime is

even larger in magnitude while the positive effect of hot days disappears (Figure A.13d).
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7 Conclusion

A large literature uses panel models to estimate temperature’s effects on various eco-

nomic outcomes. To investigate potential non-linear effects of temperature, existing work

often considers exposure to distinct temperature ranges—very cold days, moderately cold

days, moderately hot days, extremely hot days, and so on. A common finding is U-

shaped or inverted U-shaped relationships, where more extreme temperatures have larger

effects. These estimates have become important not only for informing the impacts of

temperature, but also for quantifying potential damages from global climate change and

computing the “social cost of carbon” that can guide policy intervention.

In this paper, we explore how warming itself may introduce econometric challenges

when estimating non-linear temperature effects. We show that warming mechanically

introduces place-specific trends in extreme temperature bins (i.e., counts of hot and cold

days) that are strongly correlated with the place’s initial temperature. If trends in out-

come variables also correlate with baseline temperatures for any reason, then panel models

can generate spurious U-shaped relationships between temperatures and outcomes, sim-

ilar to those seen in existing literature. Using theory, simulations, and real-world data,

we show when and how this bias can occur and argue that it may be relevant across

important applications.

We then turn to potential solutions. We develop a “counterfactual” approach that

controls for the expected number of days in each temperature bin in each place and time,

and we show how to feasibly calculate this counterfactual distribution using empirical

temperature realizations. In our simulations, this approach eliminates the bias and un-

covers the true effects of temperature. If the counterfactual temperature distribution is

not available, including place-specific linear trends or place-by-period fixed effects also

appear to substantially ameliorate the problem; however, these approaches are applicable

in a more limited set of contexts. Other off-the-shelf reduced-form solutions, including

richer time effects (e.g., state-by-year effects) or including lags of the dependent and

independent variables, do little to solve binning bias.

Finally, we apply our proposed corrections to a range of real empirical outcomes,

including population counts, mortality, crop yields, and crime. In some cases, results be-

come substantially weaker when the correction is applied. In other cases, the bias appears

to have masked important results. And in other cases, results seem unaffected. Over-

all, addressing and correcting for binning bias appears important for obtaining reliable
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estimates of the impact of temperature.

Future work may develop additional counterfactual methods and corrective strategies

and apply them in broader settings. We have focused here on candidate applications

using U.S. data, but applying and evaluating corrections in different spatial and temporal

settings across the globe, and for additional outcome variables, present important areas

for further research.
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Figure 1: Temperature Bins with Uniform Warming

Notes: This figure depicts the impact of rising temperatures on exposure to different temperature ranges
for a hypothetical “cold” location and a hypothetical “hot” location. The vertical lines delineate different
temperature bins, where days are counted in a cold bin, middle bin, and hot bin, respectively. With
warming, the number of hot days rises in the hot place but not in the cold place. Similarly, the number
of cold days declines in the cold place, but not in the hot place. The hot place will thus experience
differential upward trends in counts of both hot days and cold days, compared to the cold place.
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Figure 2: The Direction of Bias

Notes: This figure considers the sign of the biases on the coefficients β̂C and β̂H using Result 1. U-shapes
and inverted U-shapes are common, but upward and downward sloping biases are also possible, with the
bias directions indicated in red. The vertical and horizontal axes are ratios formed from the numerators
of the bias equations. The ratio RA = Var(δH,i)Cov(δC,i, γi)/[Cov(δC,i, δH,i)Cov(δH,i, γi)] is drawn from
the bias equation (7). The ratio RB = Var(δC,i)Cov(δH,i, γi)/[Cov(δC,i, δH,i)Cov(δC,i, γi)] is drawn from
the bias equation (8). The condition RARB > 1 is necessary and guarantees a non-singular regression
matrix. In the left panel, which features U shapes, we assume that the outcome trends are positively
covariant with the trends in both hot and cold days. In the right panel, which features inverted U shapes,
we assume that the outcome trends are negatively covariant with the trends in both hot and cold days.
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Figure 3: Baseline Temperature and Trends in Temperature Extremes

Notes: This figure plots the U.S. cross-county relationship between average temperature during the
1970s and changes in exposure to cold (< 10◦F) and hot (> 90◦F) days between the 1970s and 2010s.
Temperature is measured using the ERA-5 data set. Mean temperature on each day in each county is
computed as the average temperature between 7am and 6pm in the ERA-5 grid cell closest to the county
centroid. The relationship between baseline temperature and the change in the number of cold days in
each county is shown in blue, and the relationship between baseline temperature and the change in the
number of hot days in each county is shown in red. The counties that contain Boston and Phoenix are
highlighted in both scatter plots. Relative to initially cold places, initially hot places exhibit relative
upward trends in counts of extremely hot days and extremely cold days.
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Figure 4: Binned Regression Estimates with Simulated Outcome and Uniform Temperature Change

Notes: Each sub-figure reports estimates from the panel model (1), in which the outcome is simulated using the following equation: Yct = aTempbasec +
ϵct. The error term is drawn from a normal distribution centered at zero with variance equal to the variance of aTempbasec over the full sample. The
temperature data are drawn so that all counties have the same warming trend (1.8◦F over the sample period), starting with a normal distribution
centered at the county-level baseline temperature. In each sub-figure, we report the mean and 95% confidence intervals of each coefficient from (1)
taking 1,000 separate draws of the outcome and temperature variables. In Panel (a), the outcome is simulated to have a positive differential trend in
baseline temperature (i.e., a = t); in Panel (b), the outcome is simulated to have a negative differential trend in baseline temperature (i.e., a = −t);
and in Panel (c) the outcome has no relationship with baseline temperature (i.e., a = 0).
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Figure 5: Binned Regression Estimates with Real Temperature Data and Dynamics

Notes: Each sub-figure reports estimates from equation (1), in which the outcome is simulated using the following equation: Yct = aTempbasec + ϵct.
The error term is drawn from a normal distribution centered at zero with variance equal to the variance of aTempbasec over the full sample. The
temperature bins are constructed from historical, daily temperature realizations using the ERA-5 Land dataset. In each sub-figure, we report the
mean and 95% confidence intervals of each coefficient from (1) taking 1,000 separate draws of the outcome variable. In Panel (a), the outcome is
simulated to have a positive differential trend in baseline temperature (i.e., a = t); in Panel (b), the outcome is simulated to have a negative differential
trend in baseline temperature (i.e., a = −t); and in Panel (c) the outcome has no relationship with baseline temperature (i.e., a = 0).

41



Var = 0.0035, Slope = 0.0067 Var = 0.0004, Slope = 0.0027
-.4

-.3

-.2

-.1

0

C
ou

nt
y 

sp
ec

ifi
c 

tr
en

d

30 40 50 60 70 80
Baseline temperature

Below median Above median

(a) County-specific Trends in Cold Days

Var = 0.0003, Slope = 0.0015 Var = 0.0249, Slope = 0.0160

0

.2

.4

.6

.8

1

C
ou

nt
y 

sp
ec

ifi
c 

tr
en

d

30 40 50 60 70 80
Baseline temperature

Below median Above median

(b) County-specific Trends in Hot Days

-5

0

5

10

15

20

<10 10-20 20-30 30-40 40-50 50-60 60-70 70-80 80-90 >90

Below median baseline temperature Above median baseline temperature

(c) Binned Regression Estimates

Figure 6: Binned Regression Estimates and “Adaptation”

Notes: Panel (a) reports the relationship between baseline temperature and county-specific trends (1970s-2010s) in the number of days below 10◦F.
We report this relationship separately for countries with above and below median average temperatures, and report the slope and trend variance for
both sets of counties. Panel (b) reports the relationship between baseline temperature and county-specific trends (1970s-2010s) in the number of
days above 90◦F. We report this relationship separately for countries with above and below median average temperatures, and report the slope and
trend variance for both sets of counties. Panel (c) reports estimates of equation (1), separately for counties with above versus below median baseline
temperature. The outcome is simulated to have a positive differential trend in baseline temperature (Yct = tTempbasec + ϵct) and daily temperature
realizations are from the ERA-5 Land dataset. We report the mean and 95% confidence intervals for each coefficient estimate, taking 1,000 draws of
ϵct from a normal distribution centered at zero with variance equivalent to the in-sample variance of tTempbasec .
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Figure 7: Binning Bias: Alternative Nonlinear Specifications

Notes: We conduct the same exercise as Figure 5, which uses simulated outcome data and real temperature data, under a variety of alternative non-linear parameterizations of temperature
shocks. Panels (a) and (b) present results when daily temperatures are binned at 5◦F and 20◦F intervals, respectively. Panel (c) implements a regression of the simulated outcome on
killing degree days (KDDs). For a given threshold T ∗, KDD is defined as

∑
t=T∗

∑
d=1 1(t < Tempd ≤ t + 1)](t + 0.5 − T ∗) (i.e., the number of degree-days in a given year above

a threshold T ∗). We report the mean and 95% confidence intervals for the coefficient estimates on KDD from setting 80, 85, 90, and 95◦F as the threshold. Panel (d) present results
from the polynomial specification used in Carleton et al. (2022). This specification regresses the outcome variable on a fourth-order polynomial of daily temperatures with county fixed
effects and year fixed effects. Each polynomial term is constructed by raising the daily temperatures to that power and summing them within each county-year. This figure plots the
predicted values of the fourth-order polynomials at each ◦F, where we normalize by subtracting the predicted value of 55◦F. In all specifications, the outcome is simulated to have a
positive differential trend in baseline temperature (Yct = tTempbasec + ϵct) and daily temperature realizations are from the ERA-5 Land dataset. We report the mean and 95% confidence
intervals for each estimate, taking 1,000 draws of ϵc,t from a normal distribution centered at zero with variance equivalent to the in-sample variance of tTempbasec .
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(a) Counterfactual Control Correction, No True Effect

-5

0

5

10

<10 10-20 20-30 30-40 40-50 50-60 60-70 70-80 80-90 >90

No correction With counterfactual correction

(b) Counterfactual Control Correction, True Effect of Extreme Temperatures

Figure 8: Correcting for Binning Bias with Counterfactual Temperature Controls

Notes: Both sub-figures report estimates of equation (1) alongside estimates of equation (21) that also
include the expected counterfactual exposure to each temperature bin as controls. In Panel (a), the
outcome is simulated to have a positive differential trend in baseline temperature (Yct = tTempbasec + ϵct)
but no causal effect of exposure to any temperature bin. In Panel (b), the outcome has the same
differential trend but there is also a positive effect of 5 of exposure to the top and bottom temperature
bins. Daily temperature realizations used to construct each temperature bin are from the ERA-5 Land
dataset. For each regression specification, we report the mean and 95% confidence intervals for each
coefficient estimate, taking 1,000 draws of ϵc,t from a normal distribution centered at zero with variance
equivalent to the in-sample variance of tTempbasec .
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Figure 9: Comparison of Counterfactual Temperature Solutions with Simulated Outcome Variable (Linear Trends)

—— No correction (Under 10 Bin: 100.0%, Over 90 Bin: 100.0%)

- - - Counterfactual Temperature Control (5.4%, 5.5%)

- - - Counterfactual Temperature Control without Bayes (8.8%, 8.2%) - - - Chebyshev (8.4%, 4.9%)

Notes: We conduct the same exercise as Figure 5, which uses simulated outcome data and real temperature data. Here, we plot the density of
coefficients and t-statistics from estimating equation (5) 1,000 times, which only uses the two extreme temperature bins, alongside densities
from specifications that also include the expected counterfactual exposure to each temperature bin as controls. Each color and line plots
densities that use different methods to construct the counterfactuals, as indicated in the legend. The outcome is simulated to have a positive
differential trend in baseline temperature (Yct = tTempbasec + ϵct) and daily temperature realizations are from the ERA-5 Land dataset. Each
time, we take a draw of ϵc,t from a normal distribution centered at zero with variance equivalent to two-times the in-sample standard deviation
of tTempbasec . Numbers inside the parentheses in the legend denote the number of runs per 1,000 simulations that the coefficient is significant
at the 5% level, for the under 10◦F bin and the over 90◦F bin respectively.
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Figure 10: Correcting for Binning Bias with Reduced-Form Approaches

Notes: Simulations are the same as in Figure 8, but here we report estimates of equation (1) alongside estimates that employ alternative, reduced-form
corrective strategies as indicated in the title for each panel. Daily temperature realizations used to construct each temperature bin are from the ERA-5
Land dataset. The outcome is simulated to have a positive differential trend in baseline temperature (Yct = tTempbasec + ϵct). For each regression
specification, we report the mean and 95% confidence intervals for each coefficient estimate, taking 1,000 draws of ϵc,t from a normal distribution
centered at zero with variance equivalent to the in-sample variance of tTempbasec .
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Figure 11: Comparison of Reduced Form Solutions with Simulated Outcome Variable (Linear Trends)

—— No correction (Under 10 Bin: 100.0%, Over 90 Bin: 100.0%) - - - State-Year Fixed Effects (41.4%, 72.8%)

- - - With 3 Lags (100.0%, 100.0%) - - - County-Specific Linear Trends (5.4%, 4.5%)

- - - County-5 Year Fixed Effects (10.8%, 5.2%)

Notes: We conduct the same exercise as Figure 5, which uses simulated outcome data and real temperature data. Here, we plot the density of
coefficients and t-statistics from estimating equation (5) 1,000 times, which only uses the two extreme temperature bins, alongside densities
from specifications that use alternative reduced-form corrective strategies as indicated in the legend. The outcome is simulated to have a
positive differential trend in baseline temperature (Yct = tTempbasec + ϵct) and daily temperature realizations are from the ERA-5 Land
dataset. Each time, we take a draw of ϵc,t from a normal distribution centered at zero with variance equivalent to two times the in-sample
standard deviation of tTempbasec . Numbers inside the parentheses in the legend denote the number of runs per 1,000 simulations that the
coefficient is significant at the 5% level, for the under 10◦F bin and the over 90◦F bin respectively.
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Figure 12: Binning Bias with Real Outcome Data (Counterfactual Control Correction)

Notes: This figure reports estimates of (1) for a series of outcome variables, alongside estimate of (21) that also include the expected counterfactual
exposure to each temperature bin as controls. Daily temperature realizations in each county used to construct each temperature bins are from the
ERA-5 Land dataset. In Panel (a), the unit of observation is a county-decade and the outcome is log of population measured from the U.S. Census
(1970-2010). In Panel (b), the unit of observation is a county-year (1970-2002) and the outcome variable is the mortality rate for individuals over the
age of 65 (per 100,000 inhabitants), measured using the CDC mortality files. In Panel (c), the unit of observation is a county-year (1985-2006) and
the outcome variable is log of corn yield, measured using NASS Quickstats. In Panel (d), the unit of observation is a county-month (1970-2009) and
the outcome variable is violent crime rate (i.e., murder, rape, and aggravated assault) measured using data from the FBI. 95% confidence intervals
are reported and standard errors are clustered by county.
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Boston Phoenix

1970s 2010s 1970s 2010s

Days with daytime mean below 10◦F 20 10 0 0

Days with daytime mean above 90◦F 0 0 1,000 1062

Table 1: Changes in Extreme Temperature Exposure in Boston and Phoenix

Notes: This table reports the number of days below 10◦F and above 90◦F in Boston and Phoenix, during
both the 1970s and 2010s. Daily temperature realizations are from the ERA-5 Land dataset and the
daily temperature is defined as the average temperature between 7am and 6pm.
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Appendix

A Proofs

A.1 Proof of Result 1

We first remove place and time fixed effects by applying the two-way fixed effects transfor-
mation. We can then proceed to the estimated treatment coefficients from the residualized
regression specification, following the Frisch–Waugh–Lovell theorem. For the true model,
the adjusted (demeaned) outcome equation is:

Ỹit = βCC̃it + βHH̃it + γ̃it̃+ ε̃it (24)

Residual cold days are
C̃it = δ̃C,it̃+ ṽC,it (25)

where δ̃C,i = δC,i−δC,avg (and δC,avg =
1
N

∑N
i=1 δC,i) and where t̃ = t−t̄ (and t̄ = 1

T

∑T
s=1 s).

Residual hot days are
H̃it = δ̃H,it̃+ ṽH,it (26)

where δ̃H,i = δH,i − δH,avg (and δH,avg =
1
N

∑N
i=1 δH,i).

Residual place-specific trends in the outcome variable are

γ̃i = γi − γavg (27)

where γavg is the average place-specific trend across all places, γavg =
1
N

∑N
i=1 γi.

Thus, the two-way fixed effects eliminate unit intercepts and the common time pattern
but leave unit-specific deviations.

A.1.1 Estimating the Model without Individual-Specific Trends

When we estimate the model without accounting for the residual individual-specific trend
γ̃it̃, we have:

Ỹit = βCC̃it + βHH̃it + ũit (28)

where the error term is:

ũit = γ̃it̃+ ε̃it (29)

raising potential for bias if the residual trending terms in either C̃it or H̃it have any
covariance with the residual trend in the error term ũit.
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A.1.2 OLS Estimators

The OLS estimators for βC and βH are:(
β̂C

β̂H

)
=
(
D̃

′
D̃
)−1

D̃
′
Ỹ (30)

where D̃ is the matrix of adjusted treatment variables:

D̃ =


C̃11 H̃11

C̃12 H̃12

...
...

C̃NT H̃NT

 (31)

A.1.3 Bias in the Estimators

The bias in the estimated coefficients arises due to the correlation between ũit and the
treatment variables C̃it and H̃it.(

Bias(β̂C)

Bias(β̂H)

)
=
(
D̃

′
D̃
)−1

D̃
′
ũ (32)

Define V = D̃
′
D̃ and Z = D̃

′
ũ. In calculating the bias, we will focus on results for large

samples, where we deploy the weak law of large numbers and the continuous mapping
theorem.

A.1.4 Computing V

Define the elements of the matrix V as

V =

(
VCC VCH

VCH VHH

)
(33)
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The term VCC relates to the variance of C̃it.

VCC =
N∑
i=1

T∑
t=1

C̃2
it

=
N∑
i=1

T∑
t=1

(δ̃C,it̃+ ṽC,it)
2

=
N∑
i=1

T∑
t=1

δ̃2C,it̃
2 +

N∑
i=1

T∑
t=1

2δ̃C,it̃ṽC,it +
N∑
i=1

T∑
t=1

ṽ2C,it

Take the probability limits for large N , so that each summation over i converges to
its expectation. Define St =

∑T
t=1 t̃

2 where time is deterministic. Note that E[δ̃2C,i] =

Var(δC,i), and E
[
ṽ2C,it

]
= (1 − 1/T )σ2

C .
28 The (true) error terms, vC,it and vH,it, are iid,

so that E
[
δ̃C,iṽC,it

]
= 0. Then it follows that

VCC → NStVar(δC,i) +N(T − 1)σ2
C (34)

The term VHH relates to the variance of H̃it. Following similar steps we have

VHH → NStVar(δH,i) +N(T − 1)σ2
H (35)

The term VCH relates to the covariance between C̃it and H̃it, which is computed as:

VCH =
N∑
i=1

T∑
t=1

C̃itH̃it (36)

=
N∑
i=1

T∑
t=1

(δ̃C,it̃+ ṽC,it)(δ̃H,it̃+ ṽH,it) (37)

=
N∑
i=1

T∑
t=1

δ̃C,iδ̃H,it̃
2 +

N∑
i=1

T∑
t=1

t̃δ̃C,iṽH,it +
N∑
i=1

T∑
t=1

t̃δ̃H,iṽC,it +
N∑
i=1

T∑
t=1

ṽC,itṽH,it (38)

Again, taking probability limits, and noting that the true errors (v) are iid and mean
zero conditional on regressors, it follows that all summations converge to zero except the
first, which is the covariance of δ̃C,i and δ̃H,i. Thus

VCH → NStCov(δC,i, δH,i) (39)

28We are not (yet) assuming large T, so the empirical variance of the idiosyncratic disturbances that
depend on both i and t are not identical to the true variance in short T panels.
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A.1.5 Inverting the Matrix V

The inverse of V is:

V−1 =
1

det(V)

(
VHH −VCH

−VCH VCC

)
(40)

where the determinant of V is:

det(V) = VCCVHH − V 2
CH (41)

Taking probability limits and using the above results, we have

det(V) →
(
NStVar(δC,i) +N(T − 1)σ2

C

) (
NStVar(δH,i) +N(T − 1)σ2

H

)
− (NStCov(δC,i, δH,i))

2

(42)

= N2S2
t

((
Var(δC,i) +

(T − 1)σ2
C

St

)(
Var(δH,i) +

(T − 1)σ2
H

St

)
− (Cov(δC,i, δH,i))

2

)
(43)

A.1.6 Computing Z

The covariance vector Z = D̃
′
ũ has elements

Z =

(
ZC

ZH

)
(44)

which we compute as follows.

ZC =
N∑
i=1

T∑
t=1

C̃itũit (45)

=
N∑
i=1

T∑
t=1

(δ̃C,it̃+ ṽC,it)(γ̃it̃+ ε̃it) (46)

=
N∑
i=1

T∑
t=1

t̃2δ̃C,iγ̃i +
N∑
i=1

T∑
t=1

δ̃C,iε̃itt̃+
N∑
i=1

T∑
t=1

γ̃iṽC,itt̃+
N∑
i=1

T∑
t=1

ṽC,itε̃it (47)

Taking probability limits, and noting that the true errors (v and ϵ) are iid and mean
zero conditional on regressors, it follows that all summations converge to zero except the
first, which incorporates the covariance of δ̃C,i and γ̃i. Thus
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ZC → NStCov(δC,i, γi) (48)

Similarly for ZH .

ZH → NStCov(δH,i, γi) (49)

A.1.7 Computing Bias

Recall that the bias is: (
Bias(β̂C)

Bias(β̂H)

)
= V−1Z (50)

Using the matrix definitions, we have

Bias(β̂C) =
1

det(V)
(VHHZC − VCHZH) (51)

Using the probability limits calculated for each term above, and assuming a non-zero
determinant (full rank), this bias converges to

Bias(β̂C) →
(NStVar(δH,i) +N(T − 1)σ2

H) (NStCov(δC,i, γi))− (NStCov(δC,i, δH,i)) (NStCov(δH,i, γi))

N2S2
t

((
Var(δC,i) +

(T−1)σ2
C

St

)(
Var(δH,i) +

(T−1)σ2
H

St

)
− (Cov(δC,i, δH,i))

2
)

Or, simplifying, we can write this in terms of variances and covariances as

Bias(β̂C) →

(
Var(δH,i) +

T−1
St
σ2
H

)
(Cov(δC,i, γi))− (Cov(δC,i, δH,i)) (Cov(δH,i, γi))(

Var(δ̃C,i) +
T−1
St
σ2
C

)(
Var(δH,i) +

T−1
St
σ2
H

)
− (Cov(δC,i, δH,i))

2
(52)

Similarly, we calculate Bias(β̂H) as

Bias(β̂H) =
1

det(V)
(VCCZH − VCHZC) (53)
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which converges for large N as

Bias(β̂H) →

(
Var(δC,i) +

T−1
St
σ2
C

)
(Cov(δH,i, γi))− (Cov(δC,i, δH,i)) (Cov(δC,i, γi))(

Var(δC,i) +
T−1
St
σ2
C

)(
Var(δH,i) +

T−1
St
σ2
H

)
− (Cov(δC,i, δH,i))

2
(54)

A.1.8 Bias with Large T

For large T , St grows on the order of T 3. Therefore, the terms involving T/St become
negligible compared to other terms. Simplifying on these grounds, we then have

Bias(β̂C) =
Var(δH,i)Cov(δC,i, γi)− Cov(δC,i, δH,i)Cov(δH,i, γi)

Var(δC,i)Var(δH,i)− (Cov(δC,i, δH,i))
2 (7)

Bias(β̂H) =
Var(δC,i)Cov(δH,i, γi)− Cov(δC,i, δH,i)Cov(δC,i, γi)

Var(δC,i)Var(δH,i)− (Cov(δC,i, δH,i))
2 (8)

as was to be shown.

A.1.9 Bias Map

With these results, we can consider the direction of the bias. Rearranging the numerators
of the bias equations (7) and (8), define the ratios

RA =
Var(δH,i)Cov(δC,i, γi)

Cov(δC,i, δH,i)Cov(δH,i, γi)
(55)

RB =
Var(δC,i)Cov(δH,i, γi)

Cov(δC,i, δH,i)Cov(δC,i, γi)
(56)

Further note that that a positive determinant of the matrix V implies that

RARB > 1 (57)

The potential bias cases are summarized in Figure 2. ■
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A.2 Proof of Result 2

Consider the trend processes given by (9), (10), and (11), as repeated here:

δC,i = ψC + ωCT0,i + eC,i

δH,i = ψH + ωHT0,i + eH,i

γi = ψY + ωY T0,i + eY,i

It then follows that the covariances are

Cov(δC,i, δH,i) = ωCωHσ
2
T0

Cov(δC,i, γi) = ωCωY σ
2
T0

Cov(δH,i, γi) = ωHωY σ
2
T0

and the variances are

Var(δC,i) = ω2
Cσ

2
T0

+ σ2
eC

Var(δH,i) = ω2
Hσ

2
T0

+ σ2
eH

Plug these variance and covariance results in to the finite T results above (equations
(52) and (54)). Collecting terms and simplifying leads to the forms:

Bias(β̂C) =
ωCωY

ω2
C + AC

AH
ω2
H + AH

(58)

Bias(β̂H) =
ωHωY

ω2
H + AH

AC
ω2
H + AC

(59)

where we define AC =
σ2
eC

σ2
T0

+ T−1
St

σ2
C

σ2
T0

and AH =
σ2
eH

σ2
T0

+ T−1
St

σ2
H

σ2
T0

.

Since ωC > 0 and ωH > 0 and all terms in the denominator are positive, it follows
by inspection that the biases are both positive (a U-shape) if ωY > 0 and the biases are
both negative (an inverted U-shape) if ωY < 0. Further, by inspection, there is no bias if
ωY = 0.

■
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Figure A.1: Magnitudes of Outcome Trend and Spurious Effects

Notes: Each sub-figure reports estimates from equation (1), in which the outcome is simulated using the
following equation: Yct = β · t · Tempbasec + ϵct, ϵct ∼ N (0, σ), and σ equals the standard deviation of
tTempbasec over the full sample. The temperature bins are constructed from historical, daily temperature
realizations using the ERA-5 Land dataset. In Panel (a), the outcome is simulated to have a positive
differential trend in baseline temperature (i.e., β ∈ [0.0001σ, 0.01σ]); in Panel (b), the outcome is simu-
lated to have a negative differential trend in baseline temperature (i.e., β ∈ [−0.01σ,−0.0001σ]). In each
sub-figure, we report the mean of each coefficient from (1) taking 1,000 separate draws of the outcome
variable for each value of β and highlight four examples in red (β = ±0.0001σ), blue (β = ±0.0025σ),
green (β = ±0.005σ) and purple (β = ±0.01σ).
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Figure A.2: Mortality Trend vs. Baseline Temperature

Notes: This figure reports the cross-county relationship between baseline temperature (TempBase
c ) and

county-specific trends (α̂c) from equation (17), when the outcome variable is the county-level annual
mortality rate for people age 65 and over (per 100,000 inhabitants, for the period 1970-2002). TempBase

c is
constructed from historical, daily temperature realizations using the ERA-5 Land dataset and corresponds
to the average daily temperature in the 1970s. Mortality rate for individuals over the age of 65 is measured
using the CDC morality files.
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(d) Outcome Calibrated to Corn Yields

Figure A.3: Simulation with Calibrated Outcomes and Real Temperature

Notes: Each sub-figure reports estimates from equation (1), in which the outcome is calibrated to real data using equation (19). The temperature
bins are constructed from historical, daily temperature realizations using the ERA-5 Land dataset. In each sub-figure, we report the mean and 95%
confidence intervals of each coefficient from (1) taking 1,000 separate draws of the outcome variable. In Panel (a), the outcome is calibrated to the
mortality rate for people age 65 and over using CDC mortality files. In Panels (b) and (c), the outcome is calibrated to violent/non violent crime
rate respectively (i.e., murder, rape, and aggravated assault for Panel (b) and larceny and robbery for Panel (c)) measured using data from the FBI.
In Panel (d), the outcome variable is calibrated to log of corn yield, measured using NASS Quickstats.
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(b) Binned Regression Estimates: Omitting the 60-70◦F Bin

Figure A.4: Binned Regression Estimates and “Adaptation”: Alternative Binning

Notes: We report estimates of equation (1), separately for counties with above versus below median base-
line temperature. The outcome is simulated to have a positive differential trend in baseline temperature
(Yct = tTempbasec + ϵct) and daily temperature realizations are from the ERA-5 Land dataset. In Panel
(a), the dataset is constructed in Celsius, and the 20-25◦C (68-77◦F) bin is omitted for normalization. In
Panel (b), the dataset is in Fahrenheit but we omit the 60-70◦F bin instead of the 50-60◦F bin as in Figure
6c. We report the mean and 95% confidence intervals for each coefficient estimate, taking 1,000 draws
of ϵct from a normal distribution centered at zero with variance equivalent to the in-sample variance of
tTempbasec .
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Figure A.5: Binning Bias: Sensitivity and Extensions to Alternative Levels of Aggregation and Temperature Datasets

Notes: We conduct the same exercise as Figure 5, which uses simulated outcome data and real temperature data, under a variety of aggregation
levels and temperature datasets. Each sub-figure reports estimates of equation (1). The outcome is simulated to have a positive differential trend
in baseline temperature (Yct = tTempbasec + ϵct) and daily temperature realizations are from the ERA-5 Land dataset for Panels (a) and (b). We
report the mean and 95% confidence intervals for each coefficient estimate, taking 1,000 draws of ϵc,t from a normal distribution centered at zero with
variance equivalent to the in-sample variance of tTempbasec . Panel (a) presents results when the outcome and temperature variables are aggregated at
the state level; Panel (b) presents results when the outcome and temperature variables are aggregated at the decade level. Panels (c) and (d) present
results when daily temperature realizations are from PRISM and GHCN datasets, respectively.
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Figure A.6: Counterfactual Temperatures as a Solution to Binning Bias

Notes: Each sub-figure reports estimates of equation (1), alongside of estimates of the same equation that include the expected counterfactual exposure
to each temperature bin as controls. In Panels (a) and (c), the outcome is simulated to have a differential linear trend in baseline temperature,
Yct = t · Tempbasec + ϵct. The error term is drawn from a normal distribution centered at zero with variance equal to the variance of tTempbasec over
the full sample. In Panel (b), the outcome is simulated to have a differential quadratic trend in baseline temperature Yct = t2 · TBase

c + ϵct. The error
term is drawn from a normal distribution centered at zero with variance equal to the variance of t2Tempbasec over the full sample. The temperature
data are drawn so that all counties have the same warming trend (1◦C over the sample period), starting with a normal distribution centered at the
county-level baseline temperature. In Panels (a) and (c) the 1◦C increase follows a linear trend over the period, while in Panel (b) the 1◦C increase
follows a quadratic trend. In Panel (c), the outcome has the same differential trend in the outcome variable as Panel (a) but there is also a positive
effect of 50 of exposure to the top and bottom temperature bins. We report the mean and 95% confidence intervals for each coefficient estimate from
(1), taking 1,000 draws of the outcome variable.
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Figure A.7: Comparison of Reduced Form Solutions with Simulated Outcome Variable (Quadratic Trends)

—— No correction (Under 10 Bin: 100.0%, Over 90 Bin: 100.0%) - - - State-Year Fixed Effects (31.2%, 71.5%)

- - - With 3 Lags (100.0%, 100.0%) - - - County-Specific Linear Trends (40.5%, 4.5%)

- - - County-5 Year Fixed Effects (14.3%, 5.6%)

Notes: We conduct the same exercise as Figure 5, which uses simulated outcome data and real temperature data. Here, we plot the density of
coefficients and t-statistics from estimating equation (5) 1,000 times, which only uses the two extreme temperature bins, alongside densities
from specifications that use alternative reduced-form corrective strategies as indicated in the legend. The outcome is simulated to have a
positive quadratic differential trend in baseline temperature (Yct = t2Tempbasec + ϵct) and daily temperature realizations are from the ERA-5
Land dataset. Each time, we take a draw of ϵc,t from a normal distribution centered at zero with variance equivalent to two times the
in-sample standard deviation of t2Tempbasec . Numbers inside the parentheses in the legend denote the number of runs per 1,000 simulations
that the coefficient is significant at the 5% level, for the under 10◦F bin and the over 90◦F bin respectively.
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Figure A.8: Comparison of cftemp Solutions with Simulated Outcome Variable (Quadratic Trends)

—— No correction (Under 10 Bin: 100.0%, Over 90 Bin: 100.0%)

- - - Counterfactual Temperature Control (33.6%, 5.2%)

- - - Counterfactual Temperature Control without Bayes (19.3%, 5.9%) - - - Chebyshev (22.0%, 5.2%)

Notes: We conduct the same exercise as Figure 5, which uses simulated outcome data and real temperature data. Here, we plot the density of
coefficients and t-statistics from estimating equation (5) 1,000 times, which only uses the two extreme temperature bins, alongside densities
from specifications that also include the expected counterfactual exposure to each temperature bin as controls. Each color and line plots
densities that use different methods to construct the counterfactuals, as indicated in the legend. The outcome is simulated to have a positive
quadratic differential trend in baseline temperature (Yct = t2Tempbasec + ϵct) and daily temperature realizations are from the ERA-5 Land
dataset. Each time, we take a draw of ϵc,t from a normal distribution centered at zero with variance equivalent to two times the in-sample
standard deviation of t2Tempbasec . Numbers inside the parentheses in the legend denote the number of runs per 1,000 simulations that the
coefficient is significant at the 5% level, for the under 10◦F bin and the over 90◦F bin respectively.
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Figure A.9: Comparison of Reduced Form Solutions with Simulated Outcome Variable (Cubic Trends)

—— No correction (Under 10 Bin: 100.0%, Over 90 Bin: 100.0%) - - - State-Year Fixed Effects (21.3%, 68.3%)

- - - With 3 Lags (99.0%, 100.0%) - - - County-Specific Linear Trends (81.2%, 6.0%)

- - - County-5 Year Fixed Effects (13.5%, 5.4%)

Notes: We conduct the same exercise as Figure 5, which uses simulated outcome data and real temperature data. Here, we plot the density of
coefficients and t-statistics from estimating equation (5) 1,000 times, which only uses the two extreme temperature bins, alongside densities
from specifications that use alternative reduced-form corrective strategies as indicated in the legend. The outcome is simulated to have a
positive cubic differential trend in baseline temperature (Yct = t3Tempbasec + ϵct) and daily temperature realizations are from the ERA-5 Land
dataset. Each time, we take a draw of ϵc,t from a normal distribution centered at zero with variance equivalent to two times the in-sample
standard deviation of t3Tempbasec . Numbers inside the parentheses in the legend denote the number of runs per 1,000 simulations that the
coefficient is significant at the 5% level, for the under 10◦F bin and the over 90◦F bin respectively.
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Figure A.10: Comparison of cftemp Solutions with Simulated Outcome Variable (Cubic Trends)

—— No correction (Under 10 Bin: 100.0%, Over 90 Bin: 100.0%)

- - - Counterfactual Temperature Control (76.2%, 6.8%)

- - - Counterfactual Temperature Control without Bayes (61.3%, 6.2%) - - - Chebyshev (64.7%, 7.9%)

Notes: We conduct the same exercise as Figure 5, which uses simulated outcome data and real temperature data. Here, we plot the density of
coefficients and t-statistics from estimating equation (5) 1,000 times, which only uses the two extreme temperature bins, alongside densities
from specifications that also include the expected counterfactual exposure to each temperature bin as controls. Each color and line plots
densities that use different methods to construct the counterfactuals, as indicated in the legend. The outcome is simulated to have a positive
cubic differential trend in baseline temperature (Yct = t3Tempbasec +ϵct) and daily temperature realizations are from the ERA-5 Land dataset.
Each time, we take a draw of ϵc,t from a normal distribution centered at zero with variance equivalent to two times the in-sample standard
deviation of t3Tempbasec . Numbers inside the parentheses in the legend denote the number of runs per 1,000 simulations that the coefficient
is significant at the 5% level, for the under 10◦F bin and the over 90◦F bin respectively.
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Figure A.11: Binning Bias with Real Outcome Data (County Specific Linear Trends)

Notes: This figure reports estimates of (1) for a series of outcome variables, alongside estimate of (21) that also include the county-specific linear
trends as controls. Daily temperature realizations in each county used to construct each temperature bins are from the ERA-5 Land dataset. In
Panel (a), the unit of observation is a county-decade and the outcome is log of population measured from the U.S. Census (1970-2010). In Panel (b),
the unit of observation is a county-year (1970-2002) and the outcome variable is the mortality rate for individuals over the age of 65 (per 100,000
inhabitants), measured using the CDC mortality files. In Panel (c), the unit of observation is a county-year (1985-2006) and the outcome variable is
log of corn yield, measured using NASS Quickstats. In Panel (d), the unit of observation is a county-month (1970-2009) and the outcome variable is
violent crime rate (i.e., murder, rape, and aggravated assault) measured using data from the FBI. 95% confidence intervals are reported and standard
errors are clustered by county.
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Figure A.12: Binning Bias with Real Outcome Data (County-5 Year Fixed Effects)

Notes: This figure reports estimates of (1) for a series of outcome variables, alongside estimates that also include county-5 year fixed effects as
controls. Daily temperature realizations in each county used to construct each temperature bins are from the ERA-5 Land dataset. In Panel (a), the
outcome is log of population measured from the U.S. Census (1970-2010). We do not report estimates with county-5-year fixed effects because the
unit of observation is county-decade. In Panel (b), the unit of observation is a county-year (1970-2002) and the outcome variable is the mortality
rate for individuals over the age of 65 (per 100,000 inhabitants), measured using the CDC mortality files. In Panel (c), the unit of observation is a
county-year (1985-2006) and the outcome variable is log of corn yield, measured using NASS Quickstats. In Panel (d), the unit of observation is a
county-month (1970-2009) and the outcome variable is violent crime rate (i.e., murder, rape, and aggravated assault) measured using data from the
FBI. 95% confidence intervals are reported and standard errors are clustered by county.
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Figure A.13: Binning Bias with Real Outcome Data: Additional Outcomes (Counterfactual Controls with Empirical Bayes)

Notes: This figure reports estimates of (1) for outcome variables not reported in Figure 12, alongside estimates of (21) that also include the expected
counterfactual exposure to each temperature bin as controls. Daily temperature realizations in each county used to construct each temperature bins
are from the ERA-5 Land dataset. In Panel (a), the unit of observation is a age group-county-year (1970-2002) and the outcome variable is the
mortality rate for each age group, measured using the CDC mortality files. The age groups are constructed as ages < 1, 1-44, 45-64, and > 65
following Deschênes and Greenstone (2011). In Panels (b) and (c), the unit of observation is a county-year (1985-2006) and the outcome variable is log
of soybean yield (b) and log of wheat yield (c), measured using NASS Quickstats. In Panel (d), the unit of observation is a county-month (1970-2009)
and the outcome variable is nonviolent crime (i.e., robbery, larceny) measured using data from the FBI. 95% confidence intervals are reported and
standard errors are clustered by county.
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Figure A.14: Binning Bias with Real Outcome Data: Additional Outcomes (County Specific Linear Trends)

Notes: This figure reports estimates of (1) for outcome variables not reported in Figure A.11, alongside estimates of (21) that also include county
specific linear trends as controls. Daily temperature realizations in each county used to construct each temperature bins are from the ERA-5 Land
dataset. In Panel (a), the unit of observation is a age group-county-year (1970-2002) and the outcome variable is the mortality rate for each age group,
measured using the CDC mortality files. The age groups are constructed as ages < 1, 1-44, 45-64, and > 65 following Deschênes and Greenstone
(2011). In Panels (b) and (c), the unit of observation is a county-year (1985-2006) and the outcome variable is log of soybean yield (b) and log of
wheat yield (c), measured using NASS Quickstats. In Panel (d), the unit of observation is a county-month (1970-2009) and the outcome variable is
nonviolent crime (i.e., robbery, larceny) measured using data from the FBI. 95% confidence intervals are reported and standard errors are clustered
by county.
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(d) Nonviolent Crime

Figure A.15: Binning Bias with Real Outcome Data: Additional Outcomes (County-5 Year Fixed Effects)

Notes: This figure reports estimates of (1) for outcome variables not reported in Figure A.12, alongside estimates of (21) that also include county-5
year fixed effects as controls. Daily temperature realizations in each county used to construct each temperature bins are from the ERA-5 Land
dataset. In Panel (a), the unit of observation is a age group-county-year (1970-2002) and the outcome variable is the mortality rate for each age
group, measured using the CDC mortality files. The age groups are constructed as ages < 1, 1-44, 45-64, and > 65 following Deschênes and Greenstone
(2011). In Panels (b) and (c), the unit of observation is a county-year (1985-2006) and the outcome variable is log of soybean yield (b) and log of
wheat yield (c), measured using NASS Quickstats. In Panel (d), the unit of observation is a county-month (1970-2009) and the outcome variable is
nonviolent crime (i.e., robbery, larceny) measured using data from the FBI. 95% confidence intervals are reported and standard errors are clustered
by county.
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Table A.1: Comparison of Different cftemp Methods (ERA 5 (1970-2019))

Dataset Method Coef t-Stat ωC or H σ2
eC or H

ωY Bias

ERA 5 (1970-2019)

σ2
T0

= 84.86

Under 10 Bin

No correction
4.69935 9.19458 .0058857 .0017149 1.0008 3.35236

[3.80523, 5.6083] [7.4216, 11.11126] [.0056941, .0060774] [.96583, 1.03348] [3.23523, 3.46182]

State-Year Fixed Effects
1.88201 1.75086 .0005417 .0007959 .12241 .03996

[-.4247, 4.07439] [-.38996, 3.74433] [.0004121, .0006713] [.11016, .1347] [.03597, .04397]

With 3 Lags
3.36309 6.1794 .0041661 .0018307 .83614 2.0432

[2.27861, 4.38841] [4.19969, 8.08953] [.0039682, .0043641] [.80168, .87139] [1.95899, 2.12933]

County-Specific Linear Trends
.01339 .02541 1.52e-18 1.30e-32 0 0

[-1.01502, 1.02644] [-1.98966, 2.02286] [9.91e-19, 2.05e-18] [0, 0] [0, 0]

County-5 Year Fixed Effects
.38822 .69757 .0003486 .0000155 .00974 .00211

[-.71123, 1.42908] [-1.29829, 2.58425] [.0003304, .0003668] [.00624, .01324] [.00135, .00287]

Counterfactual Temp. Control without Bayes
.2641 .52361 .0002517 .0004394 .31611 .04929

[-.75707, 1.30544] [-1.48777, 2.5788] [.0001547, .0003487] [.29577, .33555] [.04612, .05232]

Counterfactual Temp. Control
.06665 .13149 -6.60e-06 .0005889 .24296 -.00097

[-.95401, 1.1317] [-1.89087, 2.19296] [-.0001174, .0001042] [.22567, .26012] [-.00104, -.0009]

Chebyshev
.23994 .46297 .0001891 .0004579 .29047 .03403

[-.77675, 1.27405] [-1.5282, 2.54045] [.0000901, .0002882] [.27004, .30838] [.03164, .03613]

Over 90 Bin

No correction
4.26788 10.24993 .0091595 .0123849 1.0008 5.81209

[3.4888, 5.05203] [8.31996, 12.30084] [.0086446, .0096745] [.96583, 1.03348] [5.60902, 6.00186]

State-Year Fixed Effects
1.70329 2.52727 .0013078 .0061324 .12241 .11244

[.34653, 3.00607] [.53288, 4.49999] [.0009482, .0016674] [.11016, .1347] [.10119, .12373]

With 3 Lags
2.963 7.10831 .0070156 .0073426 .83614 3.99881

[2.14093, 3.75624] [5.10124, 9.06581] [.0066191, .0074122] [.80168, .87139] [3.834, 4.16739]

County-Specific Linear Trends
-.02138 -.04966 -9.17e-18 2.61e-32 0 0

[-.82123, .81351] [-1.91309, 1.90497] [-9.92e-18, -8.43e-18] [0, 0] [0, 0]

County-5 Year Fixed Effects
-.02427 -.04951 3.67e-06 .0000149 .00974 .00003

[-1.01834, .89936] [-2.09792, 1.88826] [-.0000142, .0000215] [.00624, .01324] [.00002, .00004]

Counterfactual Temp. Control without Bayes
.1789 .42668 .0003218 .0009305 .31611 .07663

[-.63344, 1.02585] [-1.48377, 2.45267] [.0001806, .0004629] [.29577, .33555] [.0717, .08134]

Counterfactual Temp. Control
.03298 .07682 .0000737 .0009549 .24296 .01314

[-.78326, .86426] [-1.86125, 2.05716] [-.0000674, .0002147] [.22567, .26012] [.0122, .01406]

Chebyshev
-.00944 -.02265 .0000547 .000719 .29047 .012

[-.82895, .83396] [-1.92314, 1.99029] [-.0000693, .0001788] [.27004, .30838] [.01116, .01274]

Notes: All temperatures are in ◦F. The sample period is 1970-2019 for ERA Land 5. All columns report statistics related to our main simulation exercise. Panel A reports statistic
related to the under-10 degree bin and Panel B reports statistics related to the over-90 degree bin. All terms are as defined in Section 2 and the bias formula is presented in equations
(12) and (13).



Table A.2: Adaptation Specification with Bias Formula

Dataset County Coef t-Stat ωC/H σ2
eC/H

ωY Bias

ERA 5 (1970-2019)

σ2
T0C

= 23.2

σ2
T0H

= 23.05

Under 10 Bin

Cold Counties
1.15085 1.96219 .0063107 .0028002 1.00083 .71705

[.02995, 2.27833] [.0515, 3.92957] [.0056687, .0069526] [.91083, 1.09079] [.65257, .7815]

Hot Counties
14.71374 4.34773 .002728 .0002188 1.00192 28.62393

[8.46642, 21.51152] [2.5078, 6.3566] [.0025359, .0029201] [.90989, 1.08813] [25.99485, 31.08701]

Over 90 Bin

Cold Counties
2.56201 1.3624 .0016414 .0003176 1.00083 6.42263

[-1.17933, 6.46276] [-.63144, 3.4819] [.0014252, .0018576] [.91083, 1.09079] [5.8451, 6.99991]

Hot Counties
1.52085 3.28932 .0168816 .0232782 1.00192 1.60316

[.63091, 2.44204] [1.36722, 5.26493] [.0149002, .0188631] [.90989, 1.08813] [1.45591, 1.74112]

Notes: All temperatures are in ◦F. The sample period is 1970-2019 for ERA Land 5. The first column reports the coefficient from running 1,000
simulations as described in Section 4.2 with three bins – hot, medium, and low – separately for cold and hot counties.
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