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This Paper

Given what we know from behavioral finance, how do personality
traits moderate the effects of idiosyncratic shocks on financial
decisions?



This Paper

Given what we know from behavioral finance, how do personality
traits moderate the effects of idiosyncratic shocks on financial
decisions?

We answer this question by exploiting plausibly exogenous variation in the
exposure to temperature across countries and time, tracing out the investment
response.

28 European countries + Israel from 2004 to 2018 + over 140,000
individuals

Financial investments in bonds, stocks, mutual funds, and retirement
accounts

Geocoded locations at the NUTS1 level within a country - temperature link

Our identifying variation comes from tracing out the response of the same
individual to fluctuations in temperature in their country after controlling for all
shocks that are common within a given country X year (and other
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Background

We contribute to two primary literatures:

Personality characteristics and financial decision-making:
Barber and Odean (2001), Durand et al. (2008), Grinblatt et al. (2011),

Becker et al. (2011), Donnelley et al. (2012), Hirshleifer et al., (2016),
Hirshleifer et al. (2020), Maggiori et al. (2021)

Weather and economic growth:

Bloom and Sachs (1998), Rodrik et al. (2004), Robinson and Acemoglu
(2012)

Weather and financial decision-making:
Sanders and Brizzolara (1982), Hirshleifer and Shumway (2003),
Goetzmann and Zhu (2005), Goetzmann et al. (2014), Baylis (2020),
Makridis and Schloetzer (2021)



Data and Measurement Strategy

Empirical Strategy

Main Results

Robustnhess

Conclusion



Data and Measurement — Individual

Our primary data comes from six waves of the Survey of Health, Aging, and
Retirement (SHARE) in Europe from 2004 to 2018 across 140,000 individuals
ages 50 or older and 28 European countries + Israel.

Austria, Belgium, Bulgaria, Croatia, Cyprus, Czech Republic, Denmark,
Estonia, Germany, Finland, France, Greece, Hungary, Ireland, ltaly, Latvia,
Lithuania, Luxembourg, Malta, the Netherlands, Poland, Portugal, Romania,
Sweden, Slovenia, Slovakia, Spain, Switzerland, and Israel

Financial investments: bonds, stocks, mutual funds, and retirement accounts
Demographics: age, gender, location of residence, job situation

Personality traits: “what are your hopes for the future,” “in the last month,

have you been sad or depressed,” “have you felt enjoyment recently,”
“general interest”



Data and Measurement — Country

We use the European Centre for Medium-Range Weather Forecasts, which is
an independent intergovernmental organization that produces global numerical
weather predictions even disaggregating within the same country over time.

> We use the mean annual temperature measured in Celsius equal to the
average mean monthly temperature at the NUTS1 regional level

> We also use precipitation as the average mean monthly precipitation

We also gather some country*year characteristics from the World Bank.






Data and Measurement Strategy

Empirical Strategy

Main Results

Robustnhess

Conclusion



|dentification Strategy

We relate financial investment with logged temperature interacted with
personality characteristics, but we focus on optimism as the primary dimension:

Vije = YTEMPj, + ¢cije + E(TEMPyy X cij¢) + 0 + A + €41
where

y = indicator (or logged amt) of investment in bonds, stocks, mutual funds,
retirement

TEMP = logged average annual temperature
¢ = indicator of personality characteristics (i.e., optimism)
n and A = fixed effects on country and year

In an even stricter specification, we add person and country*year fixed effects.



Threats to Identification

To identify a causal effect of temperature on investment activity, we need
unobserved determinants of investments to be uncorrelated with changes in
temperature/traits.

Concern #1: Unobserved heterogeneity correlated with optimism could also be
correlated with financial investment behavior (e.g., positive selection).

Concern #2: Changes in weather could alter an individual's stated mood.

Concern #3: Time-varying unobserved country-specific shocks, like macro
events.



Threats to Identification

To identify a causal effect of temperature on investment activity, we need
unobserved determinants of investments to be uncorrelated with changes in
temperature/traits.

Concern #1: Unobserved heterogeneity correlated with optimism could also be
correlated with financial investment behavior (e.g., positive selection).

We introduce person fixed effects.

Concern #2: Changes in weather could alter an individual’s stated mood.
Create a time-invariant measure based on their most frequently stated mood.

Concern #3: Time-varying unobserved country-specific shocks, like macro
events.

We introduce country*year fixed effects.
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Temperature ++ Bond Investment for Optimists



Also true for the intensive margin (amount in logs)




Temperature -- Investment in Stock for Optimists



Also true for the intensive margin (amount in logs)




Examining the Determinants of Optimism

Are these differences in optimism driven more by:

Trust in people (i.e., more optimistic people are just more trusting and
happy)

Risk aversion (i.e., attitudes about risk and uncertainty)
Demographics and health status



Examining the Determinants of Optimism

Optimist
(1) (2) (3) (4) Risk aversion
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No Evidence of Income Effects as Driving Force




Effects Are Concentrated in High Trust Countries 1/2

Note the
interaction effect
IS only present
in Panel A



Effects Are Concentrated in High Trust Countries 2/2




Putting in Perspective w/ Prior Work

In separate work with Jason Schloetzer, we use daily data on temperature
within a county to examine the effect on economic sentiment and well-being.



Putting in Perspective w/ Prior Work

In separate work with Jason Schloetzer, we use daily data on temperature
within a county to examine the effect on economic sentiment and well-being.



And, this was a robust relationship.



Similar Relationship with Stock Returns
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Conclusion

We know that personality characteristics are closely connected with financial
decision-making, but know much less about how they interact with different
types of shocks.

We exploit exogenous variation in temperature to assess the effects on
investments in different financial assets, allowing for heterogeneity for optimists
and pessimists.



Conclusion

We know that personality characteristics are closely connected with financial
decision-making, but know much less about how they interact with different
types of shocks.

We exploit exogenous variation in temperature to assess the effects on
investments in different financial assets, allowing for heterogeneity for optimists
and pessimists.

We find that hotter temperatures push optimists towards safer assets and away
from more risk assets—but we find null effects for pessimists. This is consistent
with models where optimists, or those with stronger expectations, are more
responsive.

Our results help discipline models with expectation formation and aggregate
behavior by showing how different types of individuals respond to idiosyncratic
shocks.



Michelle Escobar
Ph.D Candidate, Monash University

Temperature and Economic Preferences in
Developing Countries
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The Effects of Temperature on Economic Preferences

Michelle Escobar Carias
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BACKGROUND AND MOTIVATION

BACKGROUND & MOTIVATION

» Our willingness to take risks and our level of patience influence our future well-being:

» Risky choices like self-employment decrease with risk aversion (Ekelund, et al., 2005)

» Impatient individuals are less likely to take-up savings products (Ashraf, et al., 2006)

+ In the neoclassical theory preferences on time and risk are assumed to be static

Malleability of economic preferences:
» Higher risk-aversion after floods and earthquakes in Indonesia

* Men who experienced greater intensity during 2011 Japan Earthquake became more risk-tolerant,
gamble more

» Exposure to the Indian Ocean Earthquake tsunami increased patience in a sample of Sri Lankan wage
workers

MONASH MONASH
University BUSINESS
SCHOOL



BACKGROUND AND MOTIVATION

POTENTIAL CHANNELS

Cognition, sleep, and mood affect economic preferences
+ mathematical skills ) - time discounting and - risk aversion
+ sleep » - discounting rates and - loss aversion

+ aggression » + financial risk taking and + propensity towards risky driving behavior

Temperature affects cognition, sleep, and mood
+ number of hot days ) - rate of learning and skill formation
+ nighttime temperatures » - sleep duration by delaying its onset

+ uncomfortably hot temperatures » + propensity of aggression

@ MONASH MONASH
‘@ University BUSINESS
SCHOOL



BACKGROUND AND MOTIVATION

POTENTIAL CHANNELS

Takeaways

 All channels predict increased
impatience (higher
discounting rates)

« Cognition and Sleep similar
effect on + risk aversion

« Anger would — risk aversion

MONASH MONASH
University BUSINESS
SCHOOL



BACKGROUND AND MOTIVATION

RELATED LITERATURE

Temperature and economic preferences:
1. Almas, et al. (2020). Destructive behavior, judgment, and economic decision-making under thermal stress. NBER
Working Paper

Lab experiment with 2,000 participants in Nairobi and USA finds no evidence that heat stress significantly increases risk-
taking, rational choice violations, patience, or time inconsistency

2. Wang (2017). An empirical study of the impacts of ambient temperature on risk taking. Psychology, 8

High ambient temperatures lead individuals to pursue high-risk and high-yield options

3. Cheema & Patrick (2012). Influence of warm versus cool temperatures on consumer choice. Journal of Marketing
Research, 49

Individuals operating in warmer temperatures are a) less likely to gamble, b) less likely to purchase innovative products

@ MONASH MONASH
University BUSINESS

SCHOOL



BACKGROUND AND MOTIVATION

RELATED LITERATURE: LAB STUDIES

Strengths Weaknesses

v/ Randomization I Sample Size

- Individuals exposed to high and low * 46 — 2000 individuals

temperatures likely very different | Sample Composition

. Address Selection Bias  University students, high SES,

young
v'Tight control of other stressors | Timing of Exposure to Treatment
* Humidity  Day versus nighttime
- Rainfall ,
Noi I Duration of Exposure to Treatment

" NOISE * 15-20 minutes not long enough

* Wind
MONASH MONASH

University BUSINESS
SCHOOL



DATA

DATA - INDONESIA FAMILY LIFE SURVEY

* A longitudinal survey, representative of about 83% of the Indonesian population
* Over 30,000 individuals living in 13/27 provinces
* [FLS1 was conducted in 1993/94 by RAND, followed by 4 more waves every 3-5 years.

» Survey info used in this study (51,000 observations from 2 waves):
» Adults age 15 — 90 of IFLS4 (2007-2008) and IFLSS (2014-2015)

« Staircase instruments measuring risk aversion, gamble aversion, impatience.
* Mechanism A: Global cognition score, Fluid Intelligence, Mental Intactness, Raven’s Matrix, Math
» Mechanism B: Sleep onset, sleep offset, total time in bed
* Mechanism C: Mood (angry, stressed, enthusiastic, happy)

 Restrictions:
 All IFLS5 adult respondents
» [FLS4 respondents who did not leave their villages in IFLSS
* Individuals living within 50 kms of nearest Merra-2 grid

MONASH MONASH
University BUSINESS
SCHOOL



DATA

Risk Preferences Flowchart Time Preferences Flowchart
31%
37% 62%
e BUSINESS

SCHOOL



DATA

DATA — VALIDATION OF TIME AND RISK MEASURES

Table 2. Accumulation decisions, risky choices and economic preferences
Accumulation

decisions Risky Choices
Savings Highe_zr Self Plan tln Start Use Number
Education Employed Business  Tobacco Cigarettes - Impatience is associated with lower
(1) (2) (3) (4) (5) (6) savings and educational attainment

Most Impatient -0.031***  -0.044***

(0.004) (0.004) » Risk aversion and gamble aversion

are significantly correlated with risky

Most Risk Averse 0.013**  -0.010** 0001  -0.262" choices

(0.005) (0.003) (0.004) (0.148)
* The correlation coefficient between

Gamble Averse -0.005 -0.011%** 0.003 -0.296** gamb|e aversion and impatience is
(0.004) (0.003)  (0.004)  (0.141) only 0.28

Outcome Mean 21.16% 48.09% 26.56% 6.62% 33.50% 11.65

R-squared 0.124 0.253 0.144 0.043 0.531 0.131

Observations 38463 52385 51778 49190 49574 16227

Note.— * p<0.1; ** p<0.05; *** p<0.01

MONASH

@ MONASH
‘@ University BUSINESS
SCHOOL



DATA

DATA - NASA MERRA2

» This reanalysis dataset integrates both station and satellite data. It provides global environmental
estimates for 0.5° x 0.625° (50x60 kms) cells at hourly and daily time scales from 1981 to 2021.

IFLS5 Villages

MONASH ® |IFLS5 Villages O MERRA-2 Grids MONASH
University BUSINESS
SCHOOL



Cumulative Sum of Surveyed Individuals

Date of Survey

Banten
South Sulawesi

West Java

Bali
South Sumatra

Central Java

METHODOLOGY

EMPIRICAL STRATEGY

Cumulative Distribution of Survey Days

Days to Rollout Survey

WNT
Lampung

Yogyakarta

South Kalimantan
DKI Jakarta

East Java

To identifying the effects of temperature on
time and risk preferences:

1. Individual and household characteristics do
not explain outdoor maximum (p = 0.0944)
and midnight (p = 0.6877) temperatures

2. We then exploit quasi-random variations in
temperature within provinces produced by
time to roll-out surveys

3. Province-level analyses allow for enough
variation in temperature

4. However, potential endogeneity issues by
simple comparison of all individuals within
province



METHODOLOGY

EMPIRICAL STRATEGY

Microclimates
285 Bins:

24 Provinces *
Dummy urban village*
4 Altitude groups *
3 Distance-to-the-coast groups

Altitude groups (<50 m, 50-100 m,
100-500 m, 500+ m)

Distance from the-coast groups (<30
km, 30-60 km, 60+ km)



MONASH
University

METHODOLOGY

NORTH SUMATRA & RIAU
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R Alt < 50 Co 30-60

R Alt < 50 Co 60+

R Alt 50-100 Co <30
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R Alt 100-500 Co <30
R Alt 100-500 Co 30-60
R Alt 100-500 Co 60+
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U Alt < 50 Co <30

U Alt < 50 Co 30-60

U Alt < 50 Co 60+

U Alt 50-100 Co <30
U Alt 50-100 Co 30-60
U Alt 50-100 Co 60+
U Alt 100-500 Co <30
U Alt 100-500 Co 30-60
U Alt 100-500 Co 60+
U Alt 500+ Co <30

U Alt 500+ Co 30-60
U Alt 500+ Co 60+



METHODOLOGY

 Environmental Data

Within-Bin Temperature Variations - Hourly and Daily records:
» Temperature

Relative Humidity
Wind Speed
Precipitation
PM 2.5
 Sulfur dioxide

Maximum Temp

Hour of Survey Temp
Midnight Temp

Density

Maximum Temperatures
 Range:
* Average:

Midnight Temperatures
 Range:
* Average:

Survey Temperatures

Temperature Variation  Range:
* Average:

Kernel = Epanechnikov, Bandwidth = 0.1688
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Risk Aversion, Gamble
Aversion, Impatience,
Cognition, Sleep, Mood

METHODOLOGY

EMPIRICAL STRATEGY

)

Max Temperature,
Temperature at Hour of Survey,
Midnight Temperature

Year FE control for

Month FE control
for seasonality

broad climate changes

~\

Location FEs control for
/' spatial heterogeneity

= a + ftemperaturep, + Aipye + Xippe + Pm + Ty, + Db t Eippe

Controls for
precipitation,
wind speed, and
particulate matter 2.5

religion, activity, education,
consumption, # children, # hhd

members, demographics of
head, day of week, hour when

Controls for age, gender,

survey began

(1),

Bins: province * village’s urban or rural status * 4 altitude groups * 3 distance-to-the-coast groups

@ MONASH
“®@" University

Altitude groups (<50 meters, 50-100 meters, 100-500 meters, 500+ meters)
Distance from the-coast groups (<30 km, 30-60 km, 60+ km)

Cluster standard errors on village level (Abadie et al., 2017)

MONASH
BUSINESS
SCHOOL



RESULTS

RESULTS — LINEAR EFFECTS OF TEMPERATURE ON PREFERENCES

Table 3. Linear Effects of Temperature on Time and Risk Preferences

Most Risk Gamble Most
Averse Averse Impatient
(1) (2) (3) - Each additional Celsius degree:
Panel A _ _
Max Temperature on Day of Survey 0.001 0.004*** 0.005*** - No effects on risk aversion
0.002 0.001 0.001 :
( ) ( ) ( ) - Increases gamble aversion by 2.6% — 3.6%
Panel B - Increases impatience by 0.8% — 1.9%
Temperature during hour of survey 0.002 0.008*** 0.005***
(0.002) (0.001) (0.002)
* Midnight temperatures:
Panel C
Midnight Temperature Yesterday 0.002 0.011*** 0.012** - Consistently larger effects
0.003 0.002 0.002 : :
( } ( ) ( ) - Completely dominate maximum temperature
Panel D
Max Temperature on Day of Survey 0.000 0.001 0.003 _ _ _
(0.002) (0.002) (0.002) » What is happening at night?
Midnight Temperature Yesterday 0.002 0.010*** 0.010***
(0.003) (0.002) (0.002)
p-value 0.6872 0.0389 0.0504
Outcome Mean 0.37 0.31 0.62
Observations 32119 48953 47566

Note. — * p<0.1; ** p<0.05; *** p<0.01 MONASH
BUSINESS

SCHOOL



RESULTS

RESULTS — NON PARAMETRIC ESTIMATES

Risk Aversion Gamble Aversion Most Impatient

Reference level: 14-21°C

Quasi-linear effects of midnight
temperature. Linear approximation in
Table 3 can be generalized

All forms of risk aversion and gamble
aversion show linear increase after
25°C of midnight temperature

Percentage Point Change

Monotonic increase in impatience after
22°C of midnight temperature

Midnight Temperature Bins

MONASH MONASH
University BUSINESS
SCHOOL



RESULTS

HETEROGENEITY
TEMPERATURE EFFECTS VARY BY SUB-SAMPLES

Risk Aversion Gamble Aversion Most Impatient

All

By Gender * No significant differences by age or gender
Male
Female

» Adults with primary education or less
By Age experience higher midnight temperature
Age<40 effects on gamble aversion (p = 0.001)

Age>=40

By Level of Education

* Night time heat makes poorer individuals
more gamble averse (p = 0.099) and
impatient (p = 0.074)

Primary or Lower
Secondary or Higher

By Consumption

Poor
Wealthy

Percentage Point Change

@ MONASH MONASH
‘@ University BUSINESS
SCHOOL



RESULTS

MECHANISMS — COGNITION, SLEEP AND MOOD

Table 4. Potential mechanisms behind temperature effects

Temperature at

o Outcome
Midnight Yesterday/
Outcomes Before Yesterday Mean . Cognition
(1) () ” L
Panel A - Cognition Each additional degr_e_e of midnight tengperature
Cognition global z-score -0.014* (0.006) 0 reduces globjal gognltlve scores by 1.4% of a
Fluid Intelligence z-score .0.016"** (0.006) 0 standard deviation
TICS z-score -0.003 (0.006) 0
Raven's Matrix z-score -0.020"** (0.005) 0 o Sleep
Math z-score -0.0127 (0.006) 0 Find not evidence that high midnight
Panel B - Sleep temperatures affect our measures of sleep
Sleep Onset -0.003 (0.011) 22.32 Caveat: these measures are unlikely to capture
Sleep Offset 0.001 (0.010) 5.12 sleep efficiency
Time in Bed 0.004 (0.011) 6.8
Panel C - Mood  Mood
Angry -0.001 (0.003) 0.31 o o
Stressed 0,004 (0.002) 0.21 Midnight temperatures do_ not have a S|gn_|f|cant
o effect anger, stress, happiness, or enthusiasm
Enthusiastic -0.002 (0.003) 0.58
Happy 0.000 (0.003) 0.64
Note. — * p<0.1; ** p<0.05; *** p<0.01 oneas

SCHOOL



Table 5. Test for Cumulative Effects of Midnight Temperature

Most Risk Gamble Most
Averse Averse Impatient
(1 (2) (3)
Panel A
Midnight Temp Yesterday 25C+ -0.012 0.026™** 0.019*
(0.011) (0.009) (0.008)
Panel B
Midnight Temp Yesterday 25C+ 0.001 0.023" 0.018
(0.018) (0.012) (0.013)
# Midnights Temp 25+ Last Week -0.003 0.008™* 0.006**
(0.003) (0.003) (0.003)
Midnight Temp Yesterday 25C+ * -0.001 -0.007 -0.006
# Midnights Temp 25+ Last Week (0.005) (0.005) (0.004)
F-test 0.77 3.22 2.07
p-value 0.4637 0.0402 0.1267

Note. — * p<0.1; ** p<0.05; *** p<0.01

MONASH
University

RESULTS

EVIDENCE OF CUMULATIVE EFFECTS

24% of individuals had midnight temperatures
above 25°C, and average of 1.65 nights
above 25°C in past week

Both midnight temperature, and the
cumulative number of hot nights during past
7/d increase gamble aversion

A cool night prior to survey could partially
offset the effect of a full week of intense heat
on gamble aversion

Col. 3 suggests effects of temperature on
impatience are mainly result of cumulative
heat exposure

MONASH
BUSINESS
SCHOOL



RESULTS

ROBUSTNESS CHECKS

« Sample Exclusions

« Excluding adults who were visited more than once to complete the time and risk
modules (19% of sample)

» Coefficient Stability after introduction of additional controls
» Concern: Confounding Ramadan and temperature
» Concern: Confounding temperature and humidity
» Concern: Temperature could have effects on the surveyor

* Placebo Tests
* In addition to main temperature treatment variable, add a 14 day temperature lead
» Confirm future temperatures have no effect on current time and risk preferences

@ MONASH MONASH
University BUSINESS
SCHOOL



CONCLUSIONS

CONCLUSIONS

1. Midnight temperatures significantly increase gamble aversion and impatience, risk aversion (IFLS4
only)

2. Quasi-linear increase in gamble aversion and impatience after 25° Celsius

3. Midnight temperatures significantly deplete cognitive functions, math skills in particular. Individuals
have to rely on lower-level processing and intuition, defaulting to safer option

4. Monotonic decrease in different cognitive functions after 25° Celsius as well

5. Adults with lower education experience larger increases in gamble aversion with temperature. Poorer
individuals become more gamble averse and impatient as temperatures rise

6. Individuals in low-income countries more likely to be affected by rising temperatures due to limited
ability to adapt

@ MONASH MONASH
University BUSINESS
SCHOOL



CONCLUSIONS

PoLICY IMPLICATIONS

1. Short-term Implications of High Temperatures
» Our days are full of small and big decisions

« Some of these include critical health investments and behaviors shaped by our willingness to take
risk and the way we value the future

» Temperature effects might be short-lived... but some short-term decisions have long-term
implications

2. Long-term implications of High Temperatures

» Global warming means some areas in the planet will reach temperatures close or beyond human
adaptability thresholds

« Can these temperature effects become permanent?
« Many more questions yet to be answered

@ MONASH MONASH
University BUSINESS
SCHOOL



Remy Levin

Visiting Assistant Professor, University of Connecticut

@remylevin

Risk Preference Adaptation to Climate
Change




RISK PREFERENCE ADAPTATION TO CLIMATE CHANGE

Remy Levin ' Wesley Howden ?

"Department of Economics, University of Connecticut

2Department of Economics, University of Arizona



» Climate change involves significant uncertainty about the future

» Risk preferences affect optimal response to climate change
> Dietz, Gollier, Kessler (2018); Cai, Lontzek (2019); Lemoine (2020)



» Climate change involves significant uncertainty about the future

» Risk preferences affect optimal response to climate change
> Dietz, Gollier, Kessler (2018); Cai, Lontzek (2019); Lemoine (2020)

» Standard assumption: preferences are fixed, unaffected by environment



» Climate change involves significant uncertainty about the future

» Risk preferences affect optimal response to climate change
> Dietz, Gollier, Kessler (2018); Cai, Lontzek (2019); Lemoine (2020)

» Standard assumption: preferences are fixed, unaffected by environment

» This paper: Lifetime climate change experiences = A individual risk aversion



MODEL: RISK PREFERENCE ADAPTATION

» EU maximizer, two income lotteries: endogenous + exogenous
» Foreground risk & Background Risk are substitutes
» Background risk stationary Gaussian, unknown mean and variance

» Bayesian agent learns from observed realizations about both moments

Predictions: Foreground risk aversion...



MODEL: RISK PREFERENCE ADAPTATION

» EU maximizer, two income lotteries: endogenous + exogenous

» Foreground risk & Background Risk are substitutes

» Background risk stationary Gaussian, unknown mean and variance

» Bayesian agent learns from observed realizations about both moments
Predictions: Foreground risk aversion...

1. 1 in mean of background risk

2. T in variance of background risk



EMPIRICS

» Panel surveys, Indonesia & Mexico (total n=24,393)

» Two elicited measures of risk aversion, same subjects, years apart

> + State-level, lifetime temperature & precipitation statistics

Results:
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> + State-level, lifetime temperature & precipitation statistics

Results:

1. 7 temp & precip mean =- | risk aversion in both settings
2. Ttemp variance = 7 risk aversion in Indonesia

3. 1 precip variance =- 7 risk aversion in Mexico



EMPIRICS

» Panel surveys, Indonesia & Mexico (total n=24,393)

» Two elicited measures of risk aversion, same subjects, years apart

> + State-level, lifetime temperature & precipitation statistics

Results:
1. 7 temp & precip mean =- | risk aversion in both settings

2. Ttemp variance = 7 risk aversion in Indonesia
3. 1 precip variance =- 7 risk aversion in Mexico

4. Variance effects first order: 0.7 — 1.6 X mean effects



WELFARE AND ADAPTATION

» New method to estimate whether A preference = 1 welfare = adaptation

» Two estimates: overall risk pref adaptation + climate-induced pref adaptation

Results:



WELFARE AND ADAPTATION

» New method to estimate whether A preference = 1 welfare = adaptation

» Two estimates: overall risk pref adaptation + climate-induced pref adaptation

Results:
1. Indonesia: overall A preference = 6.1% 1 welfare (adaptation)
2. Mexico: overall A preference = 8.2% | welfare (maladaptation)

3. Both: climate-induced A preference = 0.8% - 1% 1 welfare (adaptation)



EMPIRICS



IFLS

» Born after 1976
> InIFLS4 ('07-'08) & IFLS5 ('14)

MXFLS

» Born after 1940

> In MXFLS2 ('05-'06) &
MXFLS3 ('09-'12)

Climate Data
» GHCN CAMS (Temp) + GPCC
(Precip) Grid (.5° x monthly)

» Livneh et al (2015) CONUS
Grid (6km x daily)



RISK AVERSION MEASURES

» Hypothetical, high-stakes choices between sure income, 50-50 gamble

» Staircase design

» Construct ordinal measure of relative risk aversion Rj

Identification advantages:



RISK AVERSION MEASURES

» Hypothetical, high-stakes choices between sure income, 50-50 gamble

» Staircase design

» Construct ordinal measure of relative risk aversion Rj

Identification advantages:
1. Odds & payoffs known = foreground beliefs fixed

2. Lotteries exogenous to own history



CLIMATE EXPERIENCE VARIABLES

1. Construct monthly temperature/precipitation series by state
> match gridded data to state/province boundaries
> collapse to state-by-month panel
2. Assign subjects to climate time series from birth to measurement

» Ex: bornin 1992 in West Java
» |[FLS4: WJ time series 1992—-2007
» [FLS5: WJ time series 1992-2014

3. Calculate A experienced Mean, Std Dev of temperature/precipitation
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EMPIRICAL SPECIFICATION

ARy = a+ B1AA + B2AVy + ~vInflations + €

Where

» Rj;: Measured risk aversion for subject i, year t
> A; & Vi;: Temp/precip mean & standard deviation
» Inflations: Province/region s inflation between waves

» ¢;: Clustered at state-of-birth by birth-year level



MAIN RESULTS

Dep. Var: A Risk Aversion (1) (2) (3) (4) (5) (6)
Indonesia Mexico

A Mean Temp -3.7511 -4.231 1167 -1.19f1
(.49) (.57) (.22) (.22)

A Std. Dev. Temp 1.54  6.82** -0.10  -0.35
(2.32) (2.37) (.48) (.49)

A Mean Precip -0.25** -0.21*  -1.14 -3.99**
(.09) (.10) (.93) (1.15)

A Std. Dev. Precip -0.44  -0.27 1.17*  2.58***
(.25) (.28) (.55) (.69)

Observations 16267 16267 16267 8126 8126 8126

Measured Risk Aversion: 1-5, 5 highest. Province (Indonesia) or regional (Mexico) inflation in
all regressions. * p < .05, ** p < .005, ***p < .0005, T p < 5x 1077, T p < 5 x 1071,



ADDITIONAL RESULTS

1. Highly robust to controls

> A Demographics, income, assets, savings, violence, natural disasters, macro
conditions

2. Mixed evidence on effects on risky behavior

> Migration, smoking, self-employment, cash crops



WELFARE & ADAPTATION



ARE OBSERVED CHANGES IN PREFERENCES ADAPTIVE?

» Often think that adaptation = change. Strictly, adaptation = change + 1 welfare
» Therefore, A welfare are instructive about adaptation

» But, A welfare with changing preferences is non-trivial



ARE OBSERVED CHANGES IN PREFERENCES ADAPTIVE?

» Often think that adaptation = change. Strictly, adaptation = change + 1 welfare
» Therefore, A welfare are instructive about adaptation
» But, A welfare with changing preferences is non-trivial

» Our approach: take empirical measure of risk preferences at face value



DETECTING ADAPTATION: METHOD

1. Eden (2020): under EU, Equally Distributed Equivalent (EDE) can always be
constructed given consumption C; & risk pref (R;) distributions.

2. Structurally estimate R1 and R in our data (assuming CRRA)
3. Using our main regression results, estimate RS, counterfactual set of prefs had
climate change not occurred

o _ EDE(Cy,Ro)—EDE(C,,
4. Wo = w(Cz)

5. W°¢ = EDE(CZ’R%(ESDE(CZ’R‘): climate-induced A welfare from A prefs

R1): overall A welfare from realized A prefs

Note: results sensitive to structural estimation assumptions = explore sensitivity



ADAPTATION RESULTS

Indonesia
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CONCLUSIONS



CONTRIBUTIONS

1. First direct evidence lifetime A climate risk = A individual risk preferences

2. Focus on long-run experiences, not one-off events, allows:

» Separation, scaling, aggregation of tail and “body” effects

> Better prediction of effects given world-wide heterogeneity in climate change

3. New method for detecting adaptation using empirical preference measures



Coming up Tomorrow!

Break-out 5| 8:30-10am PT

The Cumulative Costs  Heat Vulnerability Affecting Innovative Toolkits
of Climate Change Workers, Healthcare, and for Urban Heat
Neighborhoods Adaptation

Break-out 6 | 10:15-11:45am PT

- - e

Emerging Research on Wading into the Equitable Adaptation

Financial Adaptations Economic Impacts of to Climate-Related
to Climate Impacts Climate Change on Flood Risks: Part 2

Water

Housing and Hazards:
How Should We Protect
Vulnerable Homes?
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