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Motivation



Risk

Low Income economies are characterized by a high degree of risk
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Risk

Low Income economies are characterized by a high degree of risk

• High reliance on rain-fed agriculture

• High exposure to natural disasters

• Commodity booms and busts

• Lack of formal social insurance programs

How do households manage that risk? What are the implications for production and

consumption? But first, some perspective...
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Arthur Cotton and the Godavari Delta
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Famine: A Historical Perspective
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Not Just Famine
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Fewer Storm Deaths?
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Despite Increasing Storm Severity
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Some Exceptions
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Model This:
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Outline for Today

Focus on Transitory Shocks

• Private Adaptation: Networks, Insurance, Migration

• Public Adaptation: Public Investments and Infrastructure

• Expectations: The Value of Forecasts

Next time: Climate Change Adaptation (or not)

• Start to think about why it might be different
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Risk and Private Adaptation



How do people cope with risk?

Monsoon rains in Mumbai 11



How do people cope with risk?

Timing Production Consumption

ex ante

ex post
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How do people cope with risk?

Timing Production Consumption

ex ante Technology choice, Save,

diversification, Buy formal insurance,

Occupational choice(s), Network insurance

Location choice

ex post Work supply, Borrow,

Migration Sell assets
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Deaton (1991)

A simple model:

V (xt) = max
c

∞∑
t=0

βtu(ct) (1)

xt+1 = R(xt − ct) + Yt

xt > 0

Y ∼ N(µ, σ2)

u(c) =
c1−γ

1− γ
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An extremely brief review of dynamic programming

We want to solve for a consumption policy function: c(xt). Notice that

V (xt) = max
c

u(ct) + βE [V (xt+1)] (2)

V (xt) = max
c

u(ct) + βE [V (R(xt − ct) + Yt)]

Value Function Iteration:

• First guess that V (xt) = 0.

• Make a grid of points for xt .

• Solve for above at each grid point.

• Take left side and plug in on right side.

• Repeat until convergence.
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Consumption Smoothing

Contrast with permanent income model:

15



Testing for incomplete insurance

The Townsend Regression (Townsend 1994):

log(cit) = β logYit + µi + eit (3)

Other variants:

log(cit) = β logYit + µi + γvt + eit

log(cit) = β logYit + µi + γct + eit

What is the interpretation of β?
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Testing for incomplete insurance

The Townsend Regression (Townsend 1994):

log(cit) = β logYit + µi + eit (3)

Other variants:

log(cit) = β logYit + µi + γvt + eit

log(cit) = β logYit + µi + γct + eit

What is the interpretation of β?

Typical values of β range from .1 to .3

But few bank accounts, formal insurance contracts, so how are people smoothing?
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Marriage and Migration

Problem: Agricultural income risk has a strong spatial dimension

• If I get a bad shock, likely that my neighbors did too.

• This makes mutual insurance schemes difficult.

• At the same time, hard to insure with people further away, because more difficult

to observe their income.
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Marriage and Migration

Rosenzweig and Stark (JPE 1989): Consumption Smoothing, Migration, and Marriage:

Evidence from Rural India

• Rural to Urban migration is low

• Rural to Rural migration is high (9% of men born outside village, 94% of women)

• Variance in consumption is largely explained by variance in rainfall → variance in

profits, however...

• Households with married women that come from further away have lower

consumption variance

• Not causal inference by modern standards, but a theory that can explain a few

stylized facts
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Urban-Rural Migration in India
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A Model of Migration and Informal Insurance

Assumptions: Households have preference over the mean and variance of their incomes:

MA = λMA
Mr < Mu (4)

Migrate if: U(Mu,Vu) > U(Mr ,Vr )

dVr

dNr
< 0

3 Predictions:

• Income is redistributed within castes

• Wealthy households within castes should be more likely to have migrant members

• Households with higher Vr are less likely to migrate
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Munshi and Rosenzweig (AER 2016)

Redistribution and Migration within Castes
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Munshi and Rosenzweig (AER 2016)

Migration vs Income Risk
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Risk Smoothing

• Households care about mean and variance of consumption

• Variety of methods for smoothing shocks:

• Loans: Udry (1994)

• Durable Assets (Livestock): Rosenzweig and Wolpin (1993)

• Remittances: Yang (2006)

• Brideprice: Tapsoba (2022)

Typical Regression:

Insuranceit = βShockit + µi + eit (5)

Concerns: Reverse causality, time trends
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Implications

Why do we need to know about informal insurance and risk aversion?

• Why is demand for formal insurance products so low? Casaburi and Willis (AER

2018)

• How does a migration subsidy affect risk sharing? How would the introduction of

an insurance product affect migration? Morten (JPE 2019), Meghir et al (Restud

2022)

• Do households prefer cash or in-kind subsidies? Gadenne et al (AER 2024)

• How should we target aid after natural disasters? Gordon (Forthcoming)
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What is the effect of getting hit by a hurricane?

Deryugina, Kawanao, and Levitt (AEJ: Applied 2018): The Economic Impact of

Hurricane Katrina on Its Victims: Evidence from Individual Tax Returns
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Deryugina et al (2018)

An event study with administrative tax data

Yit =
2013∑

t=1999

βtDtD
NO
i + αi + λt + eit (6)

• What exactly are we measuring? (external validity)

• What are threats to identification? (internal validity)

• Propensity score matching:

• Usually we are worried about unobservables - they have very rich data (age, marital

status, children, homeownership, employment, wages, total income...)

• NOLA is unique: draw donor pool from 10 comparison cities

• For more details on state of the art see Abadie 2021 NBER Summer Institute

Methods Lecture: Synthetic Controls
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Results: Income and Social Insurance
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Results: Migration
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Takeaways and Reflections:

Why didn’t they move before the storm? Is income = welfare?

• Nominal income vs real income (Housing prices grew faster than in other cities)

• Fixed costs of moving

• Other amenities (think back to previous papers)

29



Takeaways and Reflections:

Why didn’t they move before the storm? Is income = welfare?

• Nominal income vs real income (Housing prices grew faster than in other cities)

• Fixed costs of moving

• Other amenities (think back to previous papers)

29



Adaptation Policy



How can policy support adaptation?

Do public investments substitute or complement private actions?
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Moral Hazard and Adverse Selection

Wagner (2022 AEJ EP): Adaptation and Adverse Selection in Markets for Natural

Disaster Insurance

• Moral Hazard: In the US, subsidized flood insurance means that coastal
homeowners do not bear full cost of location decisions

• “As a result of cumulative damages from recent hurricanes, the NFIP is currently

over $20 billion in debt, despite regularly borrowing from the Treasury.”

• Proposed reform: remove subsidies

• Adverse selection: Homeowners can take private actions to reduce risk. This
reduces their WTP for insurance =⇒ those remaining in insurance pool have
higher (unobserved) risk.

• Akerlof (1970) Market for Lemons.
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Adaptation
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Empirical Tests

yit = ρpit + β1[adaptedi = 1] + λzt + νzdf + τfdt + eit (7)

yit : Insured, Filed a claim

• Impressive data collection (FOIA requests to get pit)

• Adapted = 1 for houses subject to minimum elevation requirements

• Instrument for price with congressional reform that increased prices for

non-adopted houses

Why do these regressions test for adverse selection?
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Results: Selection on Observables

Adapted Houses less likely to insure
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Adverse Selection

Adapted Houses Less Likely to Be Insured and less costly to insure
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Takeaways

She also quantifies take-up frictions: WTP for insurance is 30% below expected costs

• Usually our models say people are willing to pay a premium for insurance

• This behavioral bias means we can’t use WTP to infer welfare effects of price

change

Adverse selection means raising prices increases average costs to insurer

• Low WTP, low cost houses drop insurance. Remaining pool is higher cost.

In this setting, welfare optimal policy is to mandate insurance!

• Key is why are there behavioral frictions?
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What about Infrastructure?

Hsiao: Sea Level Rise and Urban Adaptation in Jakarta

Quantitative Spatial Models: Allow us to study how policies affect spatial distribution

of economic activity, as well as spatial margins of adaptation (trade, migration)

• High resolution spatial data (satellites)

• Advances in structural estimation in IO and Trade - see references in this paper

Recent Examples:

• Tsivanidis: Evaluating the Impact of Urban Transit Infrastructure: Evidence from

Bogotá’s TransMilenio

• Cruz and Rossi-Hansberg: The Economic Geography of Global Warming
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Sea levels are rising and Jakarta is sinking
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A seawall could help
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Hsiao: Sea Level Rise and Urban Adaptation in Jakarta
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Government’s Commitment Problem

Developer

(0,0) Government

(.25,-.5) (-1,-1)

D
on
’t
B
ui
ld

B
uild

P
ro
te
ct

D
on’t

P
rotect
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And Development’s Response
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Model: Why?

• We want to understand the effect of a counterfactual: How would building a
seawall change exposure to flood risk?

• What are the costs and benefits of building?

• This depends on:

• Demand: Households preferences over locations and flood risk

• Supply: Developers costs of construction, and expectations over governments

response to flood

• Government: Costs of building seawall
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Model: Demand

This should look familiar:

Uijk = αrk + ϕfk + x ′kγ + ϵk︸ ︷︷ ︸
δk

+τmjk + eijk (8)

Choose parameters to match fraction of residents in each grid cell:

presjk =
exp(δk − τmjk)∑
k exp(δk − τmjk)

(9)

For IO folks, this is basically BLP (Berry, Levinsohn, Pakes 1995)
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Model: Supply

Developer Bellman:

V (D, L, ωkt) = r(D, ωkt)− c(d , l) + βE [V (D + d , L− l , ωkt+1)]

ωkt = {xkt , ϵkt ,D,L,Gt}

• Similar to demand, we will find parameters of V by matching moments (predicted

development to observed development)

• However, this is tricky, because for each set of parameters, you need to solve for

the value function, which is computationally intensive
• Kalouptsidi (2014): In some cases you can estimate the value function directly
from prices!

• Won’t go into this today, but you should take IO if interested in learning these

techniques.

45



Developers are expecting protection
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Takeaways

• Political economy can hinder adaptation

• Protective investments can create moral hazard

• Quantitative Spatial Models can be fun and not scary

• What about alternative instruments? Tax on development?
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Changing Expectations



Changing Expectations

So far we have focused on adaptive behaviors to deal with future uncertain shocks.

What if we can make those shocks less uncertain...
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Weather Forecasts are getting better

Shrader, Bakkensen, Lemoine. Fatal Errors: The Mortality Value of Accurate Weather

Forecasts
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Weather Forecasts are getting better

Molina and Rudik: The Social Value of Hurricane Forecasts
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Back to the Monsoon

Burlig et al - Long-Range Forecasts as Climate Adaptation: Experimental Evidence

from Developing-Country Agriculture

• RCT offering farmers long term forecasts of moonsoon onset dates

• Second treatment arm offering traditional insurance product
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Why is onset important?
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Forecasts vs Insurance
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Priors
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Posteriors
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Effects on Investments
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Takeaways

• Many investments are long-term, irreversible

• Better forecasts could improve allocation of investments

• How much better would your decisions be if you knew the future 6 months in

advance?

• Farmers were willing to pay for the forecasts

• BDM Elicitation: WTP about $1 for both forecast and insurance (pays out $190 if

monsoon is more than 1 month late)

• No effects on yield/profits - there were floods

• Low income economies are characterized by a high degree of risk

57



Next Time: Climate Change

“Throughout Asia, one of the ways in which communities have coped with extreme

weather has been to move...For regions that are threatened by climate change and

water-related risks, borders create barriers to mobility. ‘Climate refugees’ are much

discussed in current legal and political debates... Many of the region’s migrants today

come from places and communities that have been mobile in the past...Forced

immobility can be as dangerous, as traumatic as forced migration. Controls on mobility

have intensified...and they are likely to harden”

–Sunil Amrith, Unruly Waters
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Final Thoughts for Next Class

“Many of the measures taken to secure India against the vagaries of the

monsoon...have, through a cascade of unintended consequences, destabilized the

monsoon itself. When the geographers of the early 20th century wrote of ‘monsoon

Asia’ they saw the monsoon as sovereign – it shaped the lives of hundreds of millions

of people... Monsoon Asia means something quite different now, when the monsoon’s

behavior, increasingly erratic, responds to human intervention.”

–Sunil Amrith, Unruly Waters
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