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1 Introduction

Rising attention to climate change and concerns about the potential economic conse-

quences of global warming have spurred extensive research on temperature’s economic

impacts. 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 ap-

proach leverages fluctuations in temperature over time, within a given place, to isolate

idiosyncratic variation in temperature and provide causal inference.

When implementing these approaches, researchers often consider potential nonlineari-

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

approach, for example, counts the number of days a location experiences each year in dis-

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

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

rent finding across a broad range of outcomes is that temperature impacts 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 that

has the curious result of producing spurious,“U shaped” patterns of the type frequently

observed in the literature. Specifically, under general warming, exposure to extreme hot

and cold temperatures will mechanically exhibit place-specific trends tied to a location’s

initial temperature. Warmer locations will accumulate more hot days over time than

colder locations, and colder locations will lose more cold days than warmer ones. As a

result, compared to cold areas, warm areas will exhibit relative upward trends in exposure

to both hot and cold days.1 When the outcome variable also has place-specific trends

that are correlated with initial temperature, for any reason, estimates of the effects of

temperature extremes become biased. Larger outcome trends in initially hot places thus

1The relative “upward” trend in cold days is subtler to see; it is because cold places see a faster
downward trend than hot places in the number of cold days.
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generate a spurious U-shaped relationship, with both hot days and cold days appearing to

be positively associated with the outcome. Smaller outcome trends in initially hot places

instead produce an inverted U shape. We refer to this phenomenon as U Bias.

We study this bias in three steps. First, we illustrate the bias and its broad scope.

Using real world temperature data from U.S. counties, we show substantive, place-specific

trends in exposure to temperature extremes that are mechanically related to a location’s

baseline temperature. We then study panel models with temperature bins, and show

using simulated outcome data that we indeed obtain spurious U-shaped effects of tem-

perature extremes, the same pattern that is common in the literature, even when the

there is no actual relationship between contemporaneous temperature and the outcome.

While we focus on binned temperature regressions in our main analysis, given their promi-

nence in the literature, we also show that the bias extends to other non-linear methods

for measuring temperature exposure, including polynomials of daily temperatures (e.g.,

Carleton et al., 2022) and so-called ‘killing degree days’ (e.g., Butler and Huybers 2013).

We further document that trends in several outcome variables studied in the literature

are sufficiently associated with local temperatures to generate substantial bias. We also

show that U bias can generate spurious findings of “adaptation,” which is often inferred

from differential effects of temperature shocks in hot versus cold locations (e.g., Hultgren

et al., 2025).

Second, we explore potential solutions. One approach focuses on counterfactual con-

trols. By controlling directly for the expected exposure to each part of the temperature

distribution, one can isolate random variation in temperature exposures. Implementing

this procedure requires constructing the counterfactual set of possible temperature real-

izations in each place and time. This is not trivial, since each location has a different

temperature distribution and trend; indeed, constructing such distributions is an active

and unresolved area of research in climate science (e.g., Wang et al., 2024). Nevertheless,

using location-by-month temperature distribution data, we develop a strategy that can

capture changing exposure to extreme temperatures and account for U bias in simulations.

An alternative approach leverages short-panel variation by including location-by-time-

window fixed effects. This approach isolates the identifying variation through temperature

fluctuations across nearby years, where variation in the idiosyncratic component of tem-

perature is more likely to dominate any trend component. This approach also performs

well, though it requires higher-frequency data, making its breadth of application more

limited. Finally, we explore the potential benefits of other controls that are variously
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included in other temperature damage studies, including lags of the dependent and in-

dependent variables, broader location-specific time fixed effects (e.g., state-by-year fixed

effects in a county-year panel), or location-specific linear trends. By and large, these sets

of additional controls do not successfully address the bias we uncover.

Third, we revisit several results in the literature and investigate how correcting for

this bias affects the estimates. We examine four outcome variables at the level of U.S.

counties: population counts in each decade from the U.S. Census; annual mortality rates

from the Centers for Disease Control; crop yields from the U.S. Department of Agriculture

National Agricultural Statistics Service; and crime data from the FBI compiled by Ranson

(2014). Correcting for bias has the potential to affect substantive conclusions, but results

vary depending on the application. For example, the U-shaped relationship between

temperature and mortality falls substantially when we account for bias. Extreme heat no

longer raises all-cause mortality and extreme cold has a positive but smaller effect. On the

other hand, the negative effects of extreme heat on crop yields is unaffected. The point of

these exercises is not to establish the final word on any of these outcomes. Rather, these

analyses illustrate how U bias can meaningfully affect empirical estimates by masking real

effects or generating spurious ones.

2 The Core Idea: U Bias

In this section, we first describe the baseline approach used to identify non-linear effects

of temperature. We then explain how general warming leads to differential trends across

locations in exposure to temperature extremes. Finally, we show how these mechanical

trends can generate “U-shaped” bias in temperature damage estimates.

Consider a panel regression that estimates the non-linear effects of temperature by

counting days in different temperature “bins” (i.e., days below 10◦F, days from 10◦-

20◦F, etc.) and including these counts as regressors. This approach engages the natural

possibility that hot days, temperate days, and cold days may have quite different effects.

Specifically, consider the following equation:

Yct = αc + λt +
∑
k

βk × Tkct + uct (1)

where Yct is the outcome variable for place c at time t, αc are place fixed effects, λt are
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time fixed effects, and Tkct represent counts of days in temperature bin k in a given time

and place. If the number of days in each bin, location, and time period are as-good-as

random conditional on fixed effects αc and λt, then the βk provide causal estimates of

how the number of days in any given bin affects the outcome.

Existing work often finds large effects of temperature extremes, typically with U-

shaped patterns. That is, models like (1) often estimate large positive or negative values

of βk for the highest and lowest bins. However, as we now show, these U-shaped patterns

can be spurious. While we focus on the temperature-bin specification for simplicity and

given its prevalence, all our conclusions are similar for other non-linear approaches (see

Section 3.3). We next explain the intuition.

First, consider Figure 1a. This figure illustrates how warming shifts temperature

distributions. We show a hot place and a cold place, with hot and cold temperature bins

demarcated by vertical lines. We see that, even with uniform warming in both locations,

there is a larger increase in exposure to very hot days in the hot location. The hot bin

intersects with the dense part of the hot place’s temperature distribution, while very hot

days remain rare in the cold location. As temperatures shift to the right, this creates a

mechanical, positive relationship between initial temperature and trends in exposure to

extreme heat. The same argument holds, in reverse, for exposure to extreme cold, whereby

the cold location sees a larger decline in exposure to cold days over time because the cold

temperature bin intersects the thick part of the cold place’s temperature distribution.

Figure 1b demonstrates such differential trends studying all U.S. counties, using real-

world temperature data.2 For each county, we consider the change in the number of very

cold days (below 10◦F) and very hot days (above 90◦F), plotted against the county’s mean

temperature during the 1970s. Taking a cold county in the 1970s, we see a large decline

in the number of very cold days over time but little or no increase in the count of very hot

days. Taking a hot county in the 1970s, we see little or no decrease in very cold days but

a large increase in very hot days. The result is differential trends in exposure to extreme

temperatures that are correlated with a place’s baseline temperature.

The less obvious but key observation here is that, compared to a colder place, a hotter

place will exhibit relatively more hot days and relatively more cold days with time. The

latter point is less intuitive, but follows (see Figure 1b) because the cold place’s number

2We use the ERA5-Land database (Muñoz-Sabater et al., 2021) as the main source of temperature
data throughout the paper. We also replicate all results using daily U.S. county-level data from Schlenker
(2024) and raw station level data from the Global Historical Climatology Network (GHCN) (Menne et al.,
2012).

4



of cold days are declining while the hot place’s cold days are not. As a result, initially hot

places appear relatively more exposed to both hot and cold temperature extremes with

time.

Now return to the panel model in equation (1). We have just seen that warming

induces a mechanical, positive relationship between local temperature and trends in Tkct

for the extreme hot and cold bins. This will lead to biased estimates of βk whenever

outcomes trend in ways that are correlated with local temperature, for whatever reason.

For example, let’s say that outcomes are rising more in places that were initially hot. Then

estimating (1) would yield a U shape relationship, even when in fact there is no relationship

between contemporaneous temperature and the outcome. Conversely, if outcomes are

rising more in places that were initially cold, we would end up with an inverted U shape. In

both cases, we seem to have non-linear findings, but instead we have a potentially powerful

form of non-linear bias that can produce entirely spurious results. We demonstrate this

problem empirically in the following section.3

3 Simulations

3.1 Demonstrating U Bias with simulated outcomes and real

temperature data

To illustrate the potential for spurious results, we consider what happens when we estimate

equation (1) using real temperature data in U.S. counties (1970-2020) and simulated

outcome data. We use the actual ERA-5-Land temperature data and count the days

in each county-year in each temperature bin. For the outcome, we create data where,

by construction, there is no relationship between annual temperature realizations and

outcomes. The outcome variable is:

Yct = t · TempBase
c + ϵct (2)

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

4

We estimate the baseline panel model (1) for 1,000 draws of the outcome and plot the

3We further demonstrate the existence of U-bias using a simple econometric theory (Appendix Section
A).

4We 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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resulting distributions of the βk.

The estimates imply positive effects of exposure to temperature extremes—both hot

and cold days—despite there being no true relationship between between temperature bins

and the outcome (Figure 2a). Reversing the sign of the trend in the outcome leads to

inverse-U-shaped results (Figure 2b). In both cases, these “results” are entirely spurious.

A key ingredient to the bias is that the outcome has a trend that is correlated with

baseline temperature: removing the differential trend in the outcome eliminates the bias

(Figure 2c). Thus, the presence of U-bias will depend on the outcome being studied. On

the other hand, the differential trends in the temperature variables arise mechanically.

These differential trends are not due to some idiosyncratic features of warming patterns

across space—even uniform warming with would lead to U bias (Appendix B.1).

More generally, the magnitude of the spurious effects depends on the magnitude of

the outcome trends. To illustrate this phenomenon in the data, we simulate alternative

outcomes using equation (2) in which we vary the absolute value of the coefficient in front

of TempBase
c .5 Spurious effects of temperature extremes are more pronounced for larger

outcome trends. This motivates a potential diagnostic test for bias: bias is likely to be

stronger (weaker) if the correlation between outcome trends and location-level tempera-

ture is stronger (weaker).

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

we run additional simulations where we calibrate the magnitude of differential trends in

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

climate damage estimates (Figure A.4), including mortality, crime rates, and crop yields.6

We find that these calibrated outcome trends are sufficient to generate large, spurious

findings. For example, the magnitude of the bias for the outcome calibrated to mortality

trends is of similar size to effects reported in the literature (Deschênes and Greenstone,

2011) (see Figure A.4a). These results (thus far) do not necessarily imply that existing

estimates are biased; instead, they suggest that the bias we identify above could be large

enough to explain effects in prior work. While we find spurious U-shaped effects in all

cases, the magnitudes vary across outcomes. For example, spurious effects for trends

calibrated to crop yields are by far the smallest. These differences suggest that bias could

affect estimates differently depending on the differential trend in the outcome variable.

5We add a coefficient β in front of t, which we we let range from 0.0001σ to 0.01σ, where ϵct ∼ N (0, σ)
6Details of how we do this calibration can be found in Appendix B.2.
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3.2 Heterogeneous effects and “adaptation”

There is growing interest in potential mitigating effects of human adaptation to climate

change. 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., 2025). Weaker marginal effects of hot days in hotter locations are interpreted as

adaptation. However, the bias we document here—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 can generate spurious results that

look like “adaptation” but instead reflect differences in trend parameters.

To investigate this possibility, we estimate county-specific trends for cold days (days

below 10◦F) and hot days (days above 90◦F) and relate these trends to baseline temper-

ature separately for counties with below and above median baseline temperature. Figure

3a plots these relationships for trends in cold days. Cold places (shown in blue) have a

steeper slope in baseline temperature compared to the hot places (shown in red). Figure

3b shows that the converse is true for hot days. Thus, the key trends vary systematically

between hot and cold locations, and for the hot and cold temperature bins.

We next return to the simulations above and report estimates of equation (1) sepa-

rately for counties with above versus below median values of TempBase
c . The results are

reported in Figure 3c. We find a larger spurious “effect” of extreme cold in hotter counties

and, to a lesser extent, a larger “effect” of extreme heat in colder counties. This would be

interpreted as evidence of adaptation but is driven entirely by differences in the extent of

bias across sub-samples. Alternative specifications show even more obvious (but spurious)

evidence of adaptation (Figure A.5a and A.5b) in both hot and cold places.

3.3 Sensitivity and Extensions

We present a series of sensitivity checks of our main simulation analysis. First, we show

that our results extend to other non-linear parameterizations of temperature. This in-

cludes “killing degree days” (Figure A.6c), which count the number of degree days in

excess of some temperature threshold and are commonly used when studying the expo-

sure of crops to extreme heat (e.g., Butler and Huybers, 2013); using polynomials in daily

temperature realizations (Figure A.6d), which some papers use instead of binning to re-

duce the number of estimated parameters (e.g., Carleton et al., 2022); and using either
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finer or coarser temperature bins (Figures A.6a and A.6b);

We additionally consider other units of aggregation beyond the U.S. county-year level.

In some cases researchers aggregate either spatially (e.g., to states) or temporally (e.g.,

to decades). We find similar levels of bias when we run the simulations at the state-year

level (Figure A.7a) or county-decade level (Figure A.7b). Finally, we find similar results

using alternative sources of temperature data, including Schlenker (2024)’s balanced panel

of weather stations from PRISM (Figure A.7c) and raw station level data from GHCN

(Menne et al., 2012) (Figure A.7d).7

4 Solutions

In this section, we investigate potential solutions to U bias. In Section 4.1, we consider

commonly-used control strategies that are prevalent in existing work and investigate if

they remove the bias. In Section 4.2, we develop new approaches that are designed to

directly remove U bias. For each potential solution, we return to the simulation methods

in Section 3. For a correction to be successful, the coefficient estimates should be centered

at zero; if unsuccessful, the spurious U-shaped relationship persists.

4.1 Existing Control Strategies

Existing papers often include additional controls beyond the place and year fixed effects

in equation (1). To the extent that these controls successfully absorb trends in the right-

or left-hand-side variables that drive bias, they could present a potential solution.

State-by-year fixed effects. Some studies include state-by-year fixed effects when an-

alyzing the county-level effects of temperature.8. While the bias is somewhat attenuated,

state-by-year fixed effects do not eliminate spurious effects of temperature in simulations

(see Figure A.8a). The bottom and top bins falsely reject zero (p <0.05) in 14% and

26% of the simulation runs, respectively (Figure A.12). Furthermore, the reduction in

false-rejections comes primarily from the fact that state-year fixed effects increase noise

rather than reducing bias in the coefficients.

7We aggregate these station data to the county level following Deschênes and Greenstone (2011).
8There is debate over whether including such fixed effects is best practice (see, e.g., Fisher et al., 2012)
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Lags of dependent and independent variables. Some studies include lags of the

dependent and independent variables as controls (e.g., Nath et al., 2024). However, in-

cluding additional lags as controls does not address U bias (Figure A.8b). The coefficients

on the top and bottom temperature bins both falsely reject zero over 90% of the time

(Figure A.12).9

Place-specific trends. Some studies include location-specific trends as controls. For

example, in a county-year panel, one could include a separate linear trend for each county.

These are more common in estimates of the linear effect of temperature or studies focusing

on more aggregated geographic units (e.g., Burke et al., 2015). The inclusion of county-

specific linear trends solves the problem in our baseline simulation (Figures A.8c and

A.12); however, this is precisely because the differential trend in the outcome is itself

linear. 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 modified simulations

where the outcome trends in (2) are quadratic (Figure A.11) or cubic (Figure A.14), the

inclusion of place-specific linear trends does not perform as well.

While one could always include higher-order trends, there are two key challenges.

First, this only works if the researcher is confident that they know the functional form

of the trend in the outcome variable. In real-world applications, this functional form 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.

4.2 Alternative Approaches

4.2.1 Controlling for non-random temperature exposure

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

of temperature exposure. 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. 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. Importantly, this approach does not require knowing

9Intuitively, lags can help account for common dynamics but not place-specific dynamics or trends.
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anything about the functional form of the dependent variable; is more parsimonious than

the control strategies presented above; and could in theory be applied in any context.

The main challenge is correctly estimating counterfactual temperature distributions that

can be used to construct the control variables.10

In particular, we can estimate the augmented version of equation (1) that includes

non-random exposure to each temperature bin, T̂kct, as controls:

Yct = αc + λt +
∑
k

βkTkct +
∑
k

ξkT̂kct + uct (3)

The stochastically realized number of days in each bin, Tkct, is random conditional the

expected number of days in each bin, T̂kct, which captures the fact that rising temperatures

cause differential trends in different temperature bins. Thus, as shown by Borusyak and

Hull (2023) for example, estimates of the βk from equation (3) are unbiased.11 We verify

in simulations where we know the DGP (i.e. where we simulate both outcome variables

and temperatures) that indeed, this approach works if one can control for the correct T̂kct

(Appendix B.1.2). The challenge, then, is constructing T̂kct empirically.

Constructing counterfactual temperature distributions. To apply the method

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

pected exposure to each temperature bin, exploiting seasonal difference in both temper-

ature distributions and warming trends across space.12,13

Our procedure is as follows. The first goal is to capture a baseline temperature distri-

bution (independent from warming) for each county using all the data from our sample

10An alternative approach may have been to use an off-the-shelf climate model built to simulate the
distribution of possible temperatures in each place as a function of the global mean temperature. However,
these “emulators” are typically designed to forecast possible future climate, rather than being purpose-
built to back-cast possible counterfactual realizations, and tend to not perform as well for extreme
temperatures (e.g., Wang et al., 2024). Consistent with this, state-of-the-art emulator results from Wang

et al. (2024) perform poorly in our context when used to construct T̂kct. These results are available from
the authors upon request.

11Borusyak and Hull (2020) note weather as a potential application of their re-centering approach to
non-random right-hand side variables (see Appendix D.8 of the working paper version of their paper) when
weather is stationary. However, a key point of our analysis is that the non-stationarity in temperature
(i.e., global warming) is what generates differential trends and U bias. Therefore, the key challenge is to

determine an appropriate counterfactual for weather, i.e. to construct T̂kct, which we develop here.
12We thank climate scientist Peter Huybers for suggesting this approach.
13We provide code to create these counterfactuals using any daily temperature dataset using the cftemp

Stata package, available on our websites.
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period. To do so, first define xcdmt as the observed temperature realization for county c,

day d, month m and year t. We then construct the mean observed temperature, x̄cmt, for

each county-month-year, and estimate the linear time trend in x̄cmt separately for each

county-month across all years. Specifically, we use the following regression:

x̄cmt = µcm + γcm · t+ ϵcmt (4)

where γ̂cm is the estimated linear trend coefficient for month m in county c.14,15 Then, we

subtract off the mean shift that has taken place as of t from the daily realizations xcdmt:

xdetrendcdmt = xcdmt − γ̂cm · t (5)

Combining all de-trended temperature realizations generates our county-month level tem-

perature distributions, Fcm(x).

The second goal is to combine these distributions with county-month warming trends

in order to generate the counterfactual temperature distributions for each year. To do

this, we project each county-month distribution forward using its time trend γ̂cm. This

generates an empirical distribution of potential temperature realizations for each county,

month, and year, Fcmt(x), which can be aggregated across months to generate the counter-

factual distribution at the county-year level, Fct(x). We can then calculate 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 T̂kct.

Correcting for bias. We use the simulations from Section 3 to see whether controlling

for T̂kct eliminates U bias. Adding T̂kct derived from the procedure above as controls,

we find that the coefficient estimates are now all centered at zero (Figure 4a, shown in

red squares). This indicates that controlling for the non-random component of exposure

to each bin removed the bias. The extreme temperature coefficient estimates are cen-

tered around zero and reject the null hypothesis at the appropriate rate (Figure A.10).16

14In our main analysis, we use empirical Bayesian methods to shrink our estimates of the γcm toward
the average estimate, though results are similar without this step.

15As an alternative with fewer parameters, rather than estimate a separate trend for each county-month
in equation (4), 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. In practice, this approach performs similarly.

16The results are also similar if we exclude the trend shrinkage step or use Chebychev polynomials to
capture seasonality (Figure A.10).
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Conversely, when alternatively simulate an outcome where we do add causal effects of

contemporaneous temperature on the outcome (of 5 for the bottom and top bin), this

approach accurately recovers the true effect (Figure 4b, again shown in red squares).

This approach reduces bias not by reducing the residual trend in the outcome variable,

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 suggests that this approach could be applicable across a

broad range of contexts.

4.2.2 Isolating short-panel comparisons

A alternative approach isolates comparisons among nearby years. Specifically, one can

include interactions between place and longer-time-period fixed effects; e.g. including

county-by-five-year-interval fixed effects. This strategy exploits the fact that in a small

time period, idiosyncratic temperature variation is likely to be large compared to the

trend, so the bias becomes smaller in practice.17

We find that this approach entirely eliminates the bias in our baseline simulation

(Figure A.8d, shown with green Xs). The simulated coefficient estimates on the top and

bottom bin are centered around zero and reject the null at the appropriate rate (Figure

A.12), including with more complicated—quadratic and cubic—trends in the outcome

(Figures A.11 and A.14).

While effective, there are also potential limitations to this approach. First, the choice

of time window remains ad hoc. Second, it is only relevant in applications that use

higher-frequency (e.g., yearly) temperature variation since it requires exploiting variation

within 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 adaptation (e.g., Burke and Emerick, 2016). The short-panel approach would

not help in such contexts.

17Longer panels allow trends to dominate the variation; this can also be seen in the theoretical result
that longer panels make U-bias worse (Appendix A, Result 2).
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5 Applications

The final step of our analysis is to investigate how correcting for U bias affects estimates 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 consequences

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

For consistency, we use the same specifications, temperature data (ERA5-land) and

variable construction throughout.18 We use data on each outcome from standard sources.

We compile county-level population data from each round of the U.S. Census from 1970 to

2010; mortality data by county and age group from the Centers for Disease Control (CDC)

compressed mortality files;19 yields for corn, wheat, and soybeans at the county-year level

from the U.S. Department of Agriculture National Agricultural Statistics Service; and

crime at the count-year level using data compiled from FBI reports by Ranson (2014).20

For each outcome, we first estimate a standard, un-corrected specification, which in-

cludes 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 coun-

terfactual controls for the expected number of days in each bin (equation (3), shown in

red squares). Where possible, we also report the “short-panel” correction approach by

including five-year bin indicators interacted with county fixed effects, shown in green Xs.

The results are shown in Figure 5.

5.1 Population

We first examine total county-level population. The reallocation of population, includ-

ing 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 report the effect of temperature extremes on log population, both

with and without our proposed solution to binning bias (Figure 5a).21 Uncorrected esti-

18Replicating each paper’s exact specification and exact temperature dataset for the hundreds 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.

19The public version of these data omits death counts for county-by-year-by-age group triplets when
there are few deaths. We focus on over-65 mortality, for which only 0.6% of the observations is missing.

20We 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.

21Our “short panel” approach is not possible in this context since the unit of observation for population
is a county-decade, making it impossible to exploit variation within shorter periods.
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mates show a U-shape, and suggest that exposure to both extreme cold and extreme heat

is positively associated with increased population. However, when we correct for U bias,

the estimates suggest a much flatter relationship between temperature and population,

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

naive estimates suggest that population moves toward parts of the country with greater

exposure to temperature extremes, but in fact, extreme positive heat in a decade actually

reduce population, consistent with out-migration as an adaptation mechanism.

5.2 Mortality

The effect of temperature extremes on mortality has been studied extensively (e.g., De-

schênes and Greenstone, 2011; Barreca et al., 2016; Carleton et al., 2022) and the esti-

mated positive effect of extreme heat on mortality represents a large share of predicted

economic damages from climate change (Hsiang et al., 2017). While naive estimates of

the effect of temperature on mortality (i.e., the mortality rate for people age 65 and over)

return the U-shaped relationship that is familiar from the literature, we find much weaker

evidence of this pattern when we account for U bias (Figure 5b). The effects of extreme

cold are substantially smaller in magnitude, and the effect of extreme heat disappears.

The pattern is similar if we pool effects on mortality across all age groups (see Figure

A.16a).22 These results suggest that estimates of the effect of U.S. temperature extremes

on mortality may be biased.

5.3 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; Hultgren et al., 2025). We estimate the effect of temper-

ature on corn yields and find a clear, inverted-U shaped relationship both in the native

specification and corrected specifications (Figure 5c). The conclusion is similar for wheat

and soybean yields (Figures A.16b and A.16c). Thus, estimates of the relationship be-

tween crop yields and temperature do not seem biased (in either direction) by spurious

trends. This is consistent with our prior result that yield trends across counties are not

22The all-age group specification takes 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, weighted by group-county-year population.
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strongly correlated with temperature (see Section 3).

5.4 Crime

Weather has been shown to affect both violent and non-violent crime (e.g., Ranson, 2014;

Cohen and Gonzalez, 2024). Following the convention in the literature, we estimate an

augmented version of equation (1) where crime observations are at the county-year-month

level and we include county, month, and year fixed effects. We construct analogous coun-

terfactual measures of non-random exposure to each temperature bin. Naive estimates

suggest that the violent crime rate is higher at high temperatures, with a weaker, negative

effect of cold days. After correcting for bias, the positive effect of heat on crime is smaller

while the negative effect of cold is substantially larger (Figure 5d). Thus, correcting for

bias moderates one conclusion from the naive estimates (i.e., that heat leads increases

crime) and strengthens another (i.e., that cold reduces crime). Turning to non-violent

crime, naive estimates suggest that cold days reduce crime rates while hot days do the

opposite. Once we correct for bias, the negative effect of cold days on non-violent crime

is even larger while the positive effect of hot days disappears (Figure A.16d).

6 Conclusion

A large literature uses panel models to estimate temperature’s non-linear effects on various

economic outcomes. Common findings are U-shaped or inverted U-shaped relationships,

where more extreme temperatures have larger effects. These estimates have become im-

portant for informing the impacts of temperature, quantifying potential damages from

global climate change, and guiding policy intervention.

In this paper, we show that warming itself can bias these estimates – what we call “U

bias” - by introducing non-random, place-specific trends in extreme temperature exposure.

We show how generalized warming can lead to this non-linear form of bias and argue that

it may be relevant across important applications. We then develop solutions, including

approaches that isolate short-panel comparisons or control directly for the non-random

component of temperature fluctuations. We apply our proposed corrections to a range

of real-world outcomes. In some cases, results become substantially weaker when the

correction is applied. In other cases, bias appears to have masked important results. And

in other cases, results seem unaffected. Overall, addressing and correcting for U bias
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appears important for obtaining reliable estimates of temperature effects.
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Figure 2: 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).
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Figure 3: 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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Notes: Both sub-figures report estimates of equation (1) alongside estimates of equation (3) that also
include the i) expected counterfactual exposure to each temperature bin or ii) 5-year times county fixed
effects 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 5: Real Outcome Data (Counterfactual Control Correction)

Notes: This figure reports estimates of (1) for a series of outcome variables, alongside estimate of (3) that also include the i) expected counterfactual
exposure to each temperature bin or ii) 5-year times county 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 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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Appendix

A Theoretical Framework

In this appendix, we provide further analysis of U-bias using a formal model. We develop
conditions for 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 (6)

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.

A.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 (6) but the true data generating process
for the outcome variable is

Yit = αi + λt +
∑
k

βk × Tkit + γit+ εit (7)

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 (6)). These trends may covary with other place-specific
characteristics and are independent of the error terms, E[γiϵit] = 0.

A.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,
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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 (8)

Hit = µH,i + δH,it+ vH,it (9)

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.23

As with the dependent variable (see equation (7)), 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 1a). Thus these day counts will tend to have differential trends depending on the
baseline temperature of the place.

A.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 (10)

but where the true data generating processes are given by (7), (8), and (9).
Given the outcome variable’s data generating process, the error term in (10) is

uit = γit+ ϵit. (11)

Bias can then result when estimating (10) 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

23Note that, since total days in each year add up to 365, the bin-level error terms cannot be fully
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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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 (12)

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 . (13)

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 A.1.

Proof See Online 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 (12) and (13), and the result in Figure A.1, 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 (14)

δH,i = ψH + ωHT0,i + eH,i (15)

γi = ψY + ωY T0,i + eY,i (16)

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 (14), (15), and (16), the biases in the coefficient
estimates are

Bias(β̂C) =
ωCωY

ω2
C + AC

AH
ω2
H + AH

(17)

Bias(β̂H) =
ωHωY

ω2
H + AH

AC
ω2
H + AC

(18)

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 Online 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.24

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

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.

24In Result 2, as T increases, the AC and AH terms decline, since T/ST is decreasing in T .
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B Additional Simulation Details

B.1 Uniform Warming with Simulated Temperatures

To model the effects of U bias under uniform warming, we consider synthetic temperature
data and synthetic outcome data in order to home in on the mechanism of interest. We
generate temperature data with uniform warming across U.S. counties, in which the aver-
age temperature in each county increases by 1.8◦F (i.e., 1◦C) from its baseline in 1970.25

For each county and year, we draw 365 daily temperatures from a normal distribution
centered at the average, 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. We
generate the outcome using equation (2).

B.1.1 U Bias with Uniform Warming

With these data, we estimate a version of equation (1) in which i indexes counties and
t indexes years for 1,000 draws of the simulated outcome and temperature realizations.
Estimates of βk are presented in Figure A.2a, 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 A.2a imply large positive effects of exposure
to both hot and cold days despite there being no relationship between contemporaneous
temperature extremes and the outcome.

Thus, a rightward shift in the temperature distribution—combined with place-specific
trends in the outcome that are correlated with baseline temperature—generates a spu-
rious U-shaped relationship even with completely uniform, trends in temperature. As
in our main results, when the trend in the outcome is negative (i.e., t is replaced with
−t in equation (2)) the panel model generates a spurious inverted-U-shaped relationship
between temperature exposure and the outcome (Figure A.2b), and when there are no
differential trends in the outcome the spurious effects are absent (Figure A.2c).

B.1.2 Validating the Non-Random Temperature Exposure Controls

To validate the approach in Section 4.2.1, we exploit the fact that in this uniform-warming
simulation we know the exact data generating process (DGP) for temperature. Since the
independent variables are constructed from simulated data we can compute the expected
number of days that fall into each temperature bin. We then include the expected number
of days in each bin as controls in the panel model, as in equation (3). We find indeed that
controlling for the expected number of days in each bin removes the bias (Figure A.9). The
method is successful both when the trend in the outcome is a linear function of baseline
temperature (Figure A.9a) or when we use more complicated, non-linear functional forms

25This 1.8◦F increase is roughly the change in average U.S. temperature over the sample period.
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(Figure A.9b). 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.9c). Thus, this approach correctly purges bias from the estimates.

B.2 Calibrated Outcome Trends

To calibrate differential outcome trends in our simulation analysis to those of real-world
outcomes, we first estimate:

Yct = δc + ηt + αc · t+ ϵct (19)

where Yct is actual outcome data (e.g., the mortality rate in a county c and year t) and
α̂c captures any county-specific time trend for that outcome.

We then run the following model:

α̂c = ω + ζ · TempBase
c + ϵc (20)

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

Finally, we simulate Yct so that its trend in baseline temperature matches that of each
real-world outcome of interest:

Ỹct = δ̂c + [ω̂ + ζ̂ · TempBase
c ] · t+ ξct (21)

where δ̂c is estimated from equation (19) and ω̂ and ζ̂ are estimated from equation (20).
Finally, using these calibrated outcomes and actual temperature data, we again estimate
equation (1)). Again, by construction, there should be no actual relationship between
temperature realizations and outcomes.
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Online Appendix

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 (22)

Residual cold days are
C̃it = δ̃C,it̃+ ṽC,it (23)

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 (24)

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 (25)

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.

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 (26)

where the error term is:

ũit = γ̃it̃+ ε̃it (27)

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.

OLS Estimators

The OLS estimators for βC and βH are:
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(
β̂C

β̂H

)
=
(
D̃

′
D̃
)−1

D̃
′
Ỹ (28)

where D̃ is the matrix of adjusted treatment variables:

D̃ =


C̃11 H̃11

C̃12 H̃12

...
...

C̃NT H̃NT

 (29)

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 (30)

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.

Computing V

Define the elements of the matrix V as

V =

(
VCC VCH

VCH VHH

)
(31)

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
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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 .
26 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 (32)

The term VHH relates to the variance of H̃it. Following similar steps we have

VHH → NStVar(δH,i) +N(T − 1)σ2
H (33)

The term VCH relates to the covariance between C̃it and H̃it, which is computed as:

VCH =
N∑
i=1

T∑
t=1

C̃itH̃it (34)

=
N∑
i=1

T∑
t=1

(δ̃C,it̃+ ṽC,it)(δ̃H,it̃+ ṽH,it) (35)

=
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 (36)

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) (37)

Inverting the Matrix V

The inverse of V is:

V−1 =
1

det(V)

(
VHH −VCH

−VCH VCC

)
(38)

where the determinant of V is:

det(V) = VCCVHH − V 2
CH (39)

26We 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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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

(40)

= N2S2
t

((
Var(δC,i) +

(T − 1)σ2
C

St

)(
Var(δH,i) +

(T − 1)σ2
H

St

)
− (Cov(δC,i, δH,i))

2

)
(41)

Computing Z

The covariance vector Z = D̃
′
ũ has elements

Z =

(
ZC

ZH

)
(42)

which we compute as follows.

ZC =
N∑
i=1

T∑
t=1

C̃itũit (43)

=
N∑
i=1

T∑
t=1

(δ̃C,it̃+ ṽC,it)(γ̃it̃+ ε̃it) (44)

=
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 (45)

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

ZC → NStCov(δC,i, γi) (46)

Similarly for ZH .

ZH → NStCov(δH,i, γi) (47)

Computing Bias

Recall that the bias is:
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(
Bias(β̂C)

Bias(β̂H)

)
= V−1Z (48)

Using the matrix definitions, we have

Bias(β̂C) =
1

det(V)
(VHHZC − VCHZH) (49)

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
(50)

Similarly, we calculate Bias(β̂H) as

Bias(β̂H) =
1

det(V)
(VCCZH − VCHZC) (51)

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
(52)

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 (12)
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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 (13)

as was to be shown.

Bias Map

With these results, we can consider the direction of the bias. Rearranging the numerators
of the bias equations (12) and (13), define the ratios

RA =
Var(δH,i)Cov(δC,i, γi)

Cov(δC,i, δH,i)Cov(δH,i, γi)
(53)

RB =
Var(δC,i)Cov(δH,i, γi)

Cov(δC,i, δH,i)Cov(δC,i, γi)
(54)

Further note that that a positive determinant of the matrix V implies that

RARB > 1 (55)

The potential bias cases are summarized in Figure A.1. ■

Proof of Result 2

Consider the trend processes given by (14), (15), and (16), 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
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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
(50) and (52)). Collecting terms and simplifying leads to the forms:

Bias(β̂C) =
ωCωY

ω2
C + AC

AH
ω2
H + AH

(56)

Bias(β̂H) =
ωHωY

ω2
H + AH

AC
ω2
H + AC

(57)

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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with initial temperature
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with initial temperature

Figure A.1: 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 (12). 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 (13). 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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(a) Positively Correlated Outcome Trend
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(b) Negatively Correlated Outcome Trend
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Figure A.2: 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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(a) Spurious Effects by Magnitude of Positive Outcome Trend

-4
0

-3
0

-2
0

-1
0

0
10

<10 10-20 20-30 30-40 40-50 50-60 60-70 70-80 80-90 >90

β = -0.0001 σ β  = -0.0025 σ β  = -0.005 σ β  = -0.01 σ

(b) Spurious Effects by Magnitude of Negative Outcome Trend

Figure A.3: 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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(a) Outcome Calibrated to Mortality for Ages 65+
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(b) Outcome Calibrated to Violent Crime Rates
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(c) Outcome Calibrated to Nonviolent Crime Rates
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(d) Outcome Calibrated to Corn Yields

Figure A.4: 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 (21). 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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(a) Binned Regression Estimates: Celsius
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(b) Binned Regression Estimates: Omitting the 60-70◦F Bin

Figure A.5: 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
3c. 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.6: Binning Bias: Alternative Nonlinear Specifications

Notes: We conduct the same exercise as Figure 2, 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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Figure A.7: Binning Bias: Sensitivity and Extensions to Alternative Levels of Aggregation and Temperature Datasets

Notes: We conduct the same exercise as Figure 2, 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.

44



-2

0

2

4

6

<10 10-20 20-30 30-40 40-50 50-60 60-70 70-80 80-90 >90

No correction With State-Year FEs

(a) State-Year Fixed Effects

-2

0

2

4

6

<10 10-20 20-30 30-40 40-50 50-60 60-70 70-80 80-90 >90

No correction With  3 lags

(b) Lags of Dependent/Independent Variables

-2

0

2

4

6

<10 10-20 20-30 30-40 40-50 50-60 60-70 70-80 80-90 >90

No correction With linear trends

(c) County-Specific Linear Trends

-2

0

2

4

6

<10 10-20 20-30 30-40 40-50 50-60 60-70 70-80 80-90 >90

No correction With County-5 Year FEs

(d) Five-Year Indicators × County Fixed Effects

Figure A.8: Correcting for Bias with Reduced-Form Approaches

Notes: Simulations are the same as in Figure 4, 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 A.9: 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.10: 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 2, which uses simulated outcome data and real temperature data. Here, we plot the density of
coefficients and t-statistics from estimating equation (10) 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 A.11: 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 2, which uses simulated outcome data and real temperature data. Here, we plot the density of
coefficients and t-statistics from estimating equation (10) 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.12: 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 2, which uses simulated outcome data and real temperature data. Here, we plot the density of
coefficients and t-statistics from estimating equation (10) 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 A.13: 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%) - - - Cheby-
shev (22.0%, 5.2%)

Notes: We conduct the same exercise as Figure 2, which uses simulated outcome data and real tem-
perature data. Here, we plot the density of coefficients and t-statistics from estimating equation (10)
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.14: 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 2, which uses simulated outcome data and real temper-
ature data. Here, we plot the density of coefficients and t-statistics from estimating equation (10) 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 devi-
ation 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.15: 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%) - - - Cheby-
shev (64.7%, 7.9%)

Notes: We conduct the same exercise as Figure 2, which uses simulated outcome data and real tem-
perature data. Here, we plot the density of coefficients and t-statistics from estimating equation (10)
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.16: Additional Real Outcomes (Counterfactual Controls with Empirical Bayes and County-5 Year Fixed Effects)

Notes: This figure reports estimates of (1) for outcome variables not reported in Figure 5, alongside estimates of (3) that also include the i) expected
counterfactual exposure to each temperature bin or ii) 5-year times county 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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