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Climate & violence across scales of social organization

Tanzanian villages
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We now understand how to compute changes in risk

Conflict
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2009 (183) Saharan optimal annual temperature, trends in temperature by 2030 increases annual
Africa realized temperatures increased the annual incidence of war by 54%
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Hsiang et al.  Civil conflict  Global 1950-2004 Relative to the optimal state,
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civil conflicts between
s A9B0AIG 2008 e
Ranson 2014  Violent crime USA 1980-2009 Relative to each county’'s Predicted climate change*
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Carleton & Hsiang (Science, 2016)
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We have many public tutorials on how to combine climate data and
econometric methods for social and economic impact analysis

What is the physical problem?
“An Economist’s Guide to Climate Change Science”
* Hsiang & Kopp, (J. Econ Perspectives, 2017)

How do we look at the data for that problem?
“Using Weather Data & Climate Model Output in Economic Analyses of C.C”
* Auffhammer et al. (Rev. of Env. Econ. & Policy, 2013)

How does one analyze that data to learn about the problem?
“Climate Econometrics”

* Hsiang (Annual Rev. of Env. and Resource Econ., 2016)

What have we learned overall?
“Social and Economic Impacts of Climate”
* Carleton & Hsiang (Science, 2013)

What do we know about climate and conflict?
“Climate and Conflict”

* Burke, Hsiang & Miguel (Annual Rev. of Econ, 2015)



Do we need to understand mechanisms?

We do not need to understand mechanisms to infer that

“climatic changes are a cause of conflict”.



Do we need to understand mechanisms?

We do not need to understand mechanisms to infer that

“climatic changes are a cause of conflict”.

e.g. pushing car accelerator or smoking
(Hsiang & Burke, Climatic Change 2014)



Do we need to understand mechanisms?

We do not need to understand mechanisms to infer that

“climatic changes are a cause of conflict”.

e.d. pushing car accelerator or smoking
(Hsiang & Burke, Climatic Change 2014)

We do need to understand mechanisms to

strategically design policies that interfere with the linkage.

e.g. fixing a car engine or medical treatment for smoking
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Figure 4

Summary of meta-analysis for studies reanalyzed with distributed-lag structure, showing estimated precision-
weighted mean effects and 95% confidence intervals for (a) intergroup and (b) interpersonal conflict, for both
contemporaneous (zero lag) and one-period lagged temperature (red, left offset) and precipitation (blue, right offset).
Combined effects equal the sum of the contemporaneous and one-period lagged effects for studies for which the
calculation was possible. The number of studies contributing to each estimate is given in parentheses.

Intergroup conflict
temp: 11.3% per +s.d.
precip: 3.54% per + s.d.

Burke, Hsiang, Miguel (Annual Review of Economics, 2015)
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Warming (RCP 4.5): 1C over 30 years
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Example: Syria

“Between 2007 and 2010, the greater Fertile Crescent experienced the worst
drought in the instrumental record. Crop yields plummeted, nutrition-related
disease rates rose, and school enroliment fell; the number of drought-induced
internally displaced people is estimated to be 1.5 million” (Kelly et al., 2014)

Kelley et al (PNAS, 2014)
March 2011 marked the beginning of the ongoing Syrian civil war.

How would we have assessed the risk of conflict in Syria if we
were writing a report in January of 2011?



15— Estimated anthropogenic Estimated natural
component of Syrian drought component of Syrian drought 14.5%
(Kelley et al. 2015) (Kelley et al. 2015)
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Seasonal intergroup conflict forecast

Excess risk attributable to temperature and rainfall

[PRELIMINARY]

Climate Impact Lab (in progress)



What explains these patterns?
Hypothesis 1: External economic factors
— e.g. deteriorating agricultural labor markets

Hypothesis 2: External logistical factors
— e.g. individuals come into contact outdoors during summer

Hypothesis 3: Internal psychological factors
— e.g. mechanics of decision-making changes

Global Policy Lab, UC Berkeley



North American self-harm suggests psychological pathway

Percentage change in suicide rate
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Burke et al. (Nature Climate Change, 2018)
Note: Self-harm causes more deaths globally than all forms of

interpersonal + intergroup violence combined. In top 5 causes of
death in USA, ages 10-54.



North American self-harm suggests psychological pathway

Burke et al. (Nature Climate Change, 2018)

Global Policy Lab, UC Berkeley



Self-harm in India implicated economic factors
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Global Policy Lab, UC Berkeley
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60k suicides attributable to warming that already occurred

Carleton (PNAS, 2017)
Global Policy Lab, UC Berkeley



Scrutinizing decision-making mechanics w/ lab experiments

o We ran two parallel large-scale behavioral experiments in Berkeley,
USA (N = 903) and Nairobi, Kenya (N = 1015).

o Randomly assign subjects to Hot (30°C / 86°F) or Control (22°C/
71°F) environments.

o Deployed a battery of 14 standard tests to understand if / how
temperature affected social / economic decision-making

— e.g. charitableness, patience, trust, “joy of destruction”

Global Policy Lab, UC Berkeley



Kenyan presidential election is “stolen” during experiment

This was not planned.

Almas et al (in review)

Global Policy Lab, UC Berkeley



Unexpected findings of experiment x political context

Luo - felt election was stolen; Kikuyu - won election

Other Other y
Luo . Kikuyu
pro-opposition pro-government
(p = 0.003)**

(p=0.014)* '

‘ (p=0.060) !
Treatment effect 0.147 0.098 0.055 -0.030
(Standard error) (0.047) (0.034) (0.030) (0.035)

0.4-

0.3-
0.2~ I Condition

Control
- . I h
0.0

N 195 298 251 193

Joy of Destruction, share destroyed

Note: No effect in Berkeley. We interpret this cautiously.

Almas et al (in review)
Global Policy Lab, UC Berkeley
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