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My research lies at the intersection of development and environmental economics, with a 

particular interest in how the structure of developing economies shapes the incidence of climate shocks 

and the possibilities for adaptation. My main dissertation project studies the propagation of flood shocks 

through informal economic networks in Indonesia. A large literature has shown that shocks can propagate 

through production networks in formal economies. In developing economies, however, the networks that 

matter for propagation may be quite different. Firms are often household enterprises, so a decline in one 

household’s income can reduce its consumption at other household firms, generating further rounds of 

income and demand losses. At the same time, households insure one another through informal financial 

and social networks. The economic incidence of a shock therefore depends jointly on the demand network 

through which losses propagate and the risk-sharing network through which they are absorbed.  

I study these mechanisms using a novel dataset that I have constructed through a partnership with 

one of Indonesia’s largest digital payments platforms. To answer this question, I have worked directly 

with the firm to construct a few types of spatial linkages from their payments data: a geocoded consumer–

merchant demand network; links between individuals’ household consumption accounts and the small 

firms they operate; and a geocoded peer-to-peer transfer network capturing informal financial transfers. 

The resulting data cover tens of millions of consumers and millions of microenterprises and allow me to 

observe, in the same setting, both the network through which shocks propagate and the network through 

which households insure them. I combine these data with high-frequency, geolocated flood exposure to 

estimate these mechanisms and develop a model of propagation and informal risk sharing. 

This project is part of a broader research agenda on climate adaptation in developing economies. 

In related work, I study how repeated climate shocks deplete the financial coping capacity of subsistence 

households; how gender-based distortions in agricultural production shape vulnerability to climate 

change; and how migration and urbanization can provide an important margin of adaptation when rural 

livelihoods become increasingly exposed. Across these projects, I am interested in how pre-existing 

economic structures mediate climate damages and constrain or enable adaptation.  

This workshop would be particularly valuable to me because many of the questions I am working 

through are questions in empirical network economics. Having constructed the network data and 

established the main reduced-form patterns, I am now tackling how best to: identify economically 

meaningful link strength from observed interactions; distinguish direct from higher-order network 

exposure; characterize interactions between multiple networks; and understand how network formation 

may respond endogenously as the distribution of shocks changes. I would particularly value feedback at 

this stage as I move from reduced-form evidence toward estimation of the network model and its 

counterfactuals. More broadly, I would benefit from learning how researchers at the frontier of empirical 

network economics approach related identification and measurement problems in development. 
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Extended Abstract: Beyond Local Exposure: Climate

Propagation and Insurance in Informal Economies

Erin Grela (MIT)

Motivation

Climate change poses a growing threat to economic activity in low- and middle-income countries.

A large literature documents the direct effects of climate shocks on agricultural productivity, labor

supply, income, and household welfare. A parallel literature on production networks shows that

localized shocks need not remain local: in formal economies, disruptions can propagate through

supply chains and generate aggregate losses well beyond the firms or places initially affected (Ace-

moglu et al. 2012; Barrot and Sauvagnat 2016; Carvalho et al. 2021). Much less is known about

how shocks propagate in developing economies, where economic activity is predominantly informal

and the networks linking households and firms look very different from formal production networks.

In informal economies, households and firms are often effectively the same economic unit. A

street vendor or small shop earns household income through the firm and finances consumption from

that income. A shock that reduces one household’s income can therefore reduce its spending at other

household firms, lowering their revenues and generating further rounds of income and consumption

losses. The natural propagation network is thus not only a supply chain, but a consumer demand

network linking household income to spending and firm revenue. At the same time, households

insure one another through informal social and financial relationships. Transfers can absorb part

of an income loss before it reaches consumption, damping the same demand propagation. The

economic incidence of a disaster therefore depends on the joint structure of the demand network

that propagates losses and the informal insurance network that offsets them.

These two networks may become especially important as the distribution of climate risk changes.

Informal risk-sharing works when shocks differ across linked households, but provides little protec-

tion when both sides of a link are hit together. More spatially correlated shocks can therefore both

generate broader contractions in household demand and weaken the informal insurance arrange-

ments that would otherwise absorb them. Where a disaster is economically most damaging, who is

most vulnerable, and how damages change as climate shocks grow more correlated depend on the

interaction between these two networks rather than on physical exposure alone.

I study these mechanisms in Indonesia using transaction-level records from a large digital pay-

ments platform. Consumer–merchant transactions identify where households spend and therefore

the demand network; peer-to-peer transfers identify informal financial relationships; and accounts

that operate as both consumers and merchants link firm revenue to the household that owns the

firm. I combine these data with high-frequency satellite-derived flood extent. I first estimate how

floods affect household spending, transfers, and merchant activity, and how losses travel through

the observed economic networks. I then develop a framework in which climate losses pass through

informal insurance, household consumption, and the demand network, allowing me to quantify total

damages, the extent to which informal insurance attenuates propagation, and how both change as
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the spatial distribution of flood risk changes.

Setting and data

Indonesia is a useful setting because both informality and flood exposure are widespread. Fifty-

nine percent of the workforce is informal, and roughly half of informal workers are in MSMEs.

Floods are the country’s most common natural disaster: BNPB recorded 3,062 flood reports over

2022–2025 across much of the archipelago (Figure 1).

Figure 1: Flood prevalence, 2022–2025

I use transaction-level records from a large Indonesian digital payments platform covering both

consumers and merchants (Table 1). KYC consumers are observed at GID-4, approximately the

village or urban-village level, together with demographics and transactions. Merchants are observed

at their own coordinates with sector and business structure. Three features of the data are especially

useful. Consumer–merchant transactions identify the demand network. Peer-to-peer transfers

identify the informal insurance network. Finally, 5.9 million accounts transact as both a merchant

and a consumer, 3.8 million of them as consumers in the last year, which links firm revenue to the

spending and resources of the household that owns the firm.

Table 1: Data structure

All Transacted

Account type time last year Data available

KYC users 46.6 M 19.1 M GID-4 location, occupation, birthplace, age,

marital status, gender; transactions: MSME,

P2P, deposits/withdrawals

MSMEs 7.9 M 636 k Sector, name, long/lat, business structure,

transactions

MSMEs w/ itemized receipts 820 k 47 k Price, quantity, item description

The main merchant sample contains 591,390 geolocated firms that transacted for at least two

months over 2022–2025 with geolocated consumers. These are overwhelmingly small household
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businesses: 97.8% are individual rather than corporate establishments and 70.7% are in food and

restaurants. This is the part of the economy in which the distinction between firm revenue and

household income is especially thin.

Platform coverage is broad but incomplete. The KYC consumer sample contains about 17%

of the national population. Conditional on use, platform spending is about 12% of demographic-

matched consumption in SUSENAS; the median user records 5% of matched consumption on the

platform and the 75th-percentile user 20% (Figure 2). Users are younger and more urban than

the SAKERNAS working-age population, with agriculture under-represented. I address partial

coverage using national survey outcomes, heterogeneity by the share of consumption observed

on platform, and merchant POS records that include transactions of all types rather than only

platform-mediated payments.

Figure 2: Platform spending as a percent of matched per-capita expenditure

Flood extent comes from Sentinel-1 radar change detection, using VV < −4 dB and VH <

−2.5 dB relative to a 90–30 day baseline and removing permanent water and slopes ≥ 5◦. Events

are sourced from the BNPB/SITABA monitoring dashboard. The resulting data contain 2,651

events with detected water over 2022–2025, covering 14,721 desa. I treat water as present from

seven days before to seven days after each report.

The spatial resolution of the flood measure matters. Earlier versions vectorised the 10m flood

mask onto a 100m grid, which promoted isolated detections to full 100m cells and inflated exported

polygon area by a median factor of 3.2 relative to the raster-measured water. Re-exporting at 10m

brings the polygon-to-raster area ratio to a median of 1.0000 while leaving the underlying flood

classification unchanged. This makes it possible to distinguish a merchant whose own coordinate

is under water from a merchant located in a desa in which some water is detected. Only 6.3%

of merchant-weeks in a flooded desa have the merchant itself in the water. I therefore use point

exposure for merchants where possible and desa-level exposure for consumers, who are not observed

more finely.
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Network structure

Let the demand network be the share of firm i’s revenue coming from consumer location j,

Aij =
xji∑︁
k xki

,

and let the insurance network be bilateral P2P flow scaled by household income,

Gij =
tij + tji

yi
, gi =

∑︂
j

Gij , ωG
ij =

Gij

gi
.

The corresponding network exposures are

EA
i =

∑︂
j

Aijsj , EG
i =

∑︂
j

ωG
ijsj ,

where EA
i is the exposure of a firm’s customers and EG

i is the exposure of a household’s insurance

partners.

The two networks have two features that are useful for the analysis. First, neither is especially

local, and the insurance network is more geographically dispersed than the demand network. Only

one quarter of merchant revenue comes from consumers in the same GID-4 area and one fifth of

P2P inflows come from the same area; even at the province level, nearly one third of merchant

revenue and more than 40% of transfers cross the boundary (Table 2). Geographic concentration

also varies substantially across regencies (Figure 3), so the same physical flood can map into very

different network exposure depending on where it occurs.

Table 2: Consumer demand networks are spatially disaggregated; informal insurance networks even more
so

Average share of inflows from same

geolevel, across GID-4 areas

Geolevel Merchant revenue Peer-to-peer transfers

GID-4 (village) 0.25 0.20

GID-3 (subdistrict) 0.38 0.28

GID-2 (district) 0.53 0.40

GID-1 (province) 0.69 0.58

Some merchants are not geographically diversified at all: 11% of MSMEs

have consumer bases entirely within their own GID-4.
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Figure 3: Geographic concentration of merchant–consumer linkages

Second, the two networks overlap in the raw data but much of that overlap is geographic.

The bilateral correlation between insurance shares and revenue shares is 0.613. With origin and

destination fixed effects, distance controls, and self-pairs removed, it falls to 0.084 at the subdistrict

level and −0.012 at the village level (Table 3). The insurance network is therefore not simply the

demand network under another name; conditional on geography, the same shock can load differently

on the two.

Table 3: Correlation between consumer demand links and insurance links

Bilateral revenue share

(1) (2) (3) (4)

Bilateral insurance share 0.613 0.084 0.086 −0.012

(0.015) (0.007) (0.008) (0.001)

Observations 42,679,835 42,673,375 5,862,293 19,283,926

Level GID-3 GID-3 GID-3 GID-4

Origin, destination FEs Yes Yes Yes Yes

Distance control No Yes Yes Yes

Exclude self-pairs No Yes Yes Yes

Sample Full Full Union Union

Reduced-form findings

(1) Floods reduce consumer spending on both margins. At the desa level over the full KYC

population, a flood week reduces the number of spenders by 0.7%, spending per spender by 1.0%,

and total spending by 1.5% (Table 5). At the subdistrict-month level, a flood in the preceding 60

days reduces aggregate consumption by 6.1% (s.e. 1.5). The response becomes weaker when the

sample is restricted to the most continuously active users, because that screen removes the marginal

spenders whose participation responds to the flood.

(2) Informal transfers respond to relative flood exposure. Regressing bilateral P2P in-

flows on the receiver’s flood exposure minus the sender’s gives a positive and precisely estimated
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coefficient that survives directed-pair fixed effects (Table 4). Conditional on pair identity, transfers

move toward the end of the link that is more exposed in a given month. This is the reduced-form

counterpart of a risk-sharing rule in which transfers depend on loss differentials rather than the

level of either household’s loss. It also implies that transfer responses weaken as the two ends of a

link become jointly exposed.

Table 4: Bilateral peer transfers between subdistrict pairs, monthly

ln(informal insurance inflow)

(1) (2)

Floodreceiver − Floodsender 0.006 0.007

(0.001) (0.001)

N 77,279,639 73,073,517

Fixed effects Sender, receiver Directed-pair

Month FE Yes Yes

(3) Merchant losses run almost entirely through the extensive margin. When a mer-

chant’s own coordinate is under water, the probability of transacting falls 1.4 percentage points,

revenue conditional on transacting does not move, and unconditional revenue falls 3.1% (Figure 4

and Table 5). The effect is sharper among merchants that normally transact every week, consistent

with the outcome being a participation margin. Floods with reported depth of at least 50 cm or at

least 100 houses flooded produce effects on the probability of transacting roughly three times the

average. Controlling for own-desa rainfall and its lag from CHIRPS leaves the estimates essentially

unchanged, while rainfall entered without the flood measure does little.

6 4 2 0 2
Effect of the merchant's own location being under water

P(transact)
(percentage points)

ln revenue | transacted
(percent)

Revenue incl. zeros
(percent)

Figure 4: Merchant revenue falls on the extensive margin

The point exposure measure matters quantitatively. Moving from desa-level flood exposure to

whether the merchant’s own coordinate is under water roughly doubles the estimated effect on the

probability of transacting and on unconditional revenue, holding the merchant sample, weeks, and

outcomes fixed (Figure 5).
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Figure 5: The attenuation ladder: desa-level exposure understates the merchant effect by about half

Table 5: Main effects of a week with flood water up

Coef. (SE)

Merchants, own coordinate under water

P(transact), percentage points −1.44 (0.49)

ln revenue | transacted, percent −0.25 (1.22)

Revenue including zeros, percent −3.07 (1.50)

Consumers, desa flooded, aggregate

Spender count, percent −0.68 (0.15)

ln spend per spender, percent −0.97 (0.31)

Total desa spending, percent −1.49 (0.39)

Merchant rows: merchant and kabupaten × week fixed effects,

clustered on desa, top 10% continuity stratum, 16.7m merchant-

weeks. Consumer rows: desa and kabupaten × period fixed effects

over the full KYC population (49,232 desa), clustered on desa.

(4) Consumer and merchant losses have different spatial footprints. Entering mutually

exclusive distance rings jointly against units with no flood active within 30 km, the merchant effect

is confined to shops in the water and within roughly 500m. Consumer spending falls by 2–3% in

desa one to two kilometres from the water, about as much as at the water’s edge, and decays only

over several kilometres (Figure 6). The locator, distance rings, weeks, and flood windows are the

same across the two series; only the outcome population differs.
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Figure 6: Households cut spending when a flood is nearby; shops lose revenue only when the water reaches
them

This wedge is the central reduced-form fact. A flood destroys purchasing power over a larger

area than the area in which it prevents firms from operating. The spending lost in the outer

rings must therefore fall on merchants elsewhere, wherever the affected households normally shop.

A merchant’s physical location is informative about whether the shop can open, but not about

whether its customers were hit.

The usual fixed-effect structure can absorb part of this propagation. With kabupaten ×
week fixed effects, control merchants share a kabupaten-week with directly exposed merchants,

so kabupaten-wide consequences of the flood are differenced out. Moving to province × week

fixed effects leaves the innermost effect roughly stable while shifting the outer rings. A separate

kabupaten-wide exposure term also points toward spillovers: merchant revenue falls with the share

of the merchant’s kabupaten under water, −0.72 (s.e. 0.30), although the quintile dose-response is

not monotone, so I treat this evidence as suggestive.

(5) Preliminary estimates using the demand network point in the same direction.

Replacing geographic distance with consumer-weighted flood exposure, EA
it =

∑︁
j AijFloodjt, gives

a much larger response to customers’ exposure than to the firm’s own subdistrict exposure in a

preliminary subdistrict-month specification (Table 6). The estimate uses the earlier 100m flood

geometry, predates merchant-level exposure, and does not control for flood size, so I do not treat

it as a main finding. Its role here is to show that the network exposure object is measurable and

moves in the direction implied by the spatial evidence; the merchant-week specification on corrected

flood outlines is the next step.
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Table 6: Preliminary: subdistrict-level revenue, monthly

(1) (2) (3)

Share open ln(Rev) ln(Rev) if open

Flood in subdistrict, last 60 days 0.003 −0.021 −0.018

(0.002) (0.130) (0.059)

Consumer-weighted flood, last 60 days −0.014 −0.592 −0.306

(0.006) (0.280) (0.157)

N 153,309 153,309 113,030

p-value (direct) 0.206 0.874 0.766

p-value (consumer-weighted) 0.029 0.035 0.051

GID FE Yes Yes Yes

Month FE Yes Yes Yes

Taken together, the reduced forms imply that local flood exposure is not a sufficient statistic

for economic incidence. Floods reduce consumption over a wider area than they directly disrupt

merchants, and transfers respond to the distribution of exposure within the insurance network.

Quantifying total damages therefore requires following the shock through insurance, consumption,

firm revenue, and back into household income.

Model

I use a simple framework to organize these channels. Flood losses first pass through a predetermined

informal insurance network G. The residual loss changes consumption according to the household’s

marginal propensity to consume. Consumption losses then reduce firm revenue through the ob-

served demand network A; because firms are owned by households, this creates a new household

income loss and closes the loop.

Household block and the insurance operator

Households i = 1, . . . , N have common preferences u with u′ > 0, u′′ < 0, and u′′′ > 0, and

hold liquid assets with gross return R subject to a borrowing limit. Floods st generate losses

dit = di(st) ≥ 0 that are spatially correlated within a month. Let G = (V,E) be the undirected

network of transfer relationships, with incidence matrix B, so that [Bτ ]i is household i’s net transfer

inflow. Each edge has strength Ke > 0, the inverse of a transfer friction, with cost τ2e /2Ke. I take

G and K as predetermined with respect to the current flood and current saving choice; an event

study of network topology around floods provides a direct test of this assumption.

Within a month, floods realize and give pre-transfer cash on hand xit = Rait + y0it − dit;

transfers execute; households then choose consumption and saving out of post-transfer cash on

hand mit = xit + [Bτ∗t ]i. Transfers solve

τ∗t = argmax
τ

∑︂
i

v
(︁
xit + [Bτ ]i

)︁
−
∑︂
e

τ2e
2Ke

.

Expanding around the no-shock reference x0it = Rait + y0it, where B′v′(x0) = 0, and writing D̄ ≡
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−v′′(x0) > 0 for local curvature gives

τ∗ =
(︁
D̄B′B +K−1

)︁−1
D̄B′d.

Residual post-transfer losses ℓ = d−Bτ∗ can therefore be written

ℓ = H(G,K)d, H(G,K) =
[︁
I+ D̄BKB′]︁−1

=
[︁
I+ D̄LK(G)

]︁−1
,

where LK(G) = BKB′ is the weighted graph Laplacian.

Two properties do most of the work. First, H1 = 1: because [LKd]i =
∑︁

j Kij(di−dj), a shock

common to all members of the network generates no transfer response. Insurance therefore absorbs

relative shocks but not the common component. Second, Hij can be non-zero when i and j are

not directly linked, because a loss changes transfers along chains of relationships. The full operator

therefore allows for indirect adjustment that a pairwise approximation misses.

For an isolated pair with Kij = K, the transfer rule simplifies to

τij = ϕij(di − dj), ϕij =
D̄K

2D̄K + 1
∈
[︁
0, 12

]︁
.

The dyadic transfer response identifies ϕij directly, and D̄Kij = ϕij/(1 − 2ϕij) then maps the

pairwise estimate into H.

Consumption responds to post-transfer resources at a common local marginal propensity to

consume µ,

∆c = −µHd.

Demand propagation and equilibrium

Let X0
fj be pre-period spending by household j at firm f , let c0j =

∑︁
f X

0
fj , and let Dc = diag(c0j ).

Holding merchant shares fixed, a consumption loss qjt ≡ −∆cjt reduces revenue at firm f by

X0
fjqjt/c

0
j , so firm revenue losses are rt = X0D−1

c qt. With P the firm-to-owner mapping from the

linked merchant-consumer accounts, demand-induced household income losses are

dAt = BAqt, BA ≡ PX0D−1
c .

Total losses are dt = d0t + BAqt, where d0t are direct climate-induced income losses. Substituting

into the household block gives

qt =
[︁
I− µHBA

]︁−1
µHd0t =

∞∑︂
k=0

(µHBA)
kµHd0t , ρ(µHBA) < 1.

The sequence is income loss → post-insurance loss → consumption loss → demand-induced income

loss. The multiplier [I−µHBA]
−1 is the central object: H determines how much of a shock survives

insurance, µ determines how much of that reaches spending, and BA determines where the spending

loss lands.

Writing L = [I−µHBA]
−1, the row sums of LµH give a household-level measure of vulnerability

to shocks elsewhere in the economy, while the column sums give the aggregate consumption effect

of a shock at each node. The interaction between A and G can be summarized in several ways.

10



Bilateral edge overlap measures whether the same pair is connected through demand and insurance;

centrality overlap measures whether households that are important in the demand network are also

central in the insurance network; and shock-exposure overlap measures whether a firm’s customers

and those customers’ insurance partners are flooded together. A compact local statistic is

Ωi =
∑︂
j

Aijω
G
ij ,

which is high when the same locations matter for both demand and insurance. These objects are

observed rather than imposed by geography.

From model to estimation

Each structural object maps to a distinct source of variation.

• Damages d. A first stage maps flood intensity, extent, and duration into rupiah income and

revenue losses,

Yit = αi + δt + δ′Floodit + εit.

The severity gradient in the reduced forms supplies the identifying variation. Applying the

fitted mapping to historical CHIRPS/ERA5 and hazard data gives the spatial loss covariance

Σd; applying it to projected flood risk gives Σfuture
d .

• Insurance strength and H. Persistent pre-period P2P links define G. A Townsend-style

specification decomposes losses into relative exposure and network-common exposure,

∆cit = −βI(dit − EG
it )− βGE

G
it + αi + δt + εit,

while the dyadic regression

tji,t = αij + γ(dit − djt) + δt + εijt

identifies the shock-responsive component of transfers. Pair fixed effects remove routine bi-

lateral exchange. Fitted ϕ̂ij map to D̄Kij and build ˆ︁H. Adding the donor’s exposure through

other partners tests whether pairwise adjustment is sufficient or whether the full network

operator is needed.

• The MPC µ. Realized transfers cannot be used directly because they respond to unobserved

need. Instead, the fitted insurance operator generates predicted residual losses ℓ̂t = ˆ︁Hd̂t.

Regressing consumption changes on predicted residual losses recovers the common local MPC

µ.

• Demand propagation. The demand matrix A is observed directly. At the reduced-form

level I estimate

Yit = αi + δt + β0dit + βAE
A
it + βAGE

AG
it + εit,

where

EA
it =

∑︂
j

Aijdjt, EAG
it =

∑︂
j

Aij

∑︂
k

ωG
jkdkt.

11



βA captures losses arriving through customers, while βAG measures whether those losses are

larger when customers’ insurance partners are also exposed. The specification is estimated at

the merchant-week level using the corrected flood outlines and a fixed-effect structure that

does not difference out the spillovers of interest.

• Revenue-to-income pass-through and overidentification. The linked household-firm

accounts identify the mapping P and the share of firm revenue that becomes owner income,

with itemized merchant records used for validation. Combining µ̂, ˆ︁H, A, and P gives predicted

district-level consumption and revenue responses that can be compared with freely estimated

reduced forms. The structural pipeline is therefore required to reproduce moments that were

not used to fit it.

Two supporting exercises discipline the interpretation. An event study of network topology

around routine floods tests whether flows respond while links remain fixed, with rewiring after tail

events interpreted as evidence of belief updating. Regressing estimated ϕ̂ij and link formation on

the historical spatial correlation of shocks, distance, social similarity, and Aij tests whether the

existing insurance network is itself climate-diversifying and provides the inputs for the endogenous-

network extension.

Quantities and counterfactuals

The framework delivers three main quantities. First, it decomposes total damages into direct

losses, losses absorbed by transfers and saving, and losses propagated through consumer demand.

The value of the insurance network is the difference between total consumption damages at the

estimated H and at H = I,

1′
[︁
I− µBA

]︁−1
µd0 − 1′

[︁
I− µHBA

]︁−1
µHd0.

This provides a direct estimate of how much conventional local-exposure measures miss once de-

mand propagation and informal insurance are allowed for.

Second, for d ∼ (0,Σd), the household-level insurable share is

ISi = 1− e′iHΣdH
′ei

e′iΣdei
,

the fraction of household i’s climate risk removed by its observed transfer network. I compute this

under both historical and projected flood covariance. Because H is disciplined by observed transfer

behavior rather than by geography or link volume alone, this evaluates the existing multi-purpose

network specifically against climate risk.

Third, the model gives policy and adaptation counterfactuals. I compare relief targeted on direct

geographic exposure with relief targeted on network vulnerability or systemic importance. I then

evaluate welfare as the distribution of extreme events becomes more frequent, severe, and spatially

correlated. The first counterfactual holds behavior and networks fixed. The second allows savings

to re-optimize with G fixed. The final extension endogenizes G by valuing a link at the net present

value of its future insurance services under projected climate risk, with link costs determined by

distance, the existing network, and historical climate (Morten 2019). The difference between the

fixed-network and endogenous-network cases measures the adaptive capacity of informal insurance.
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The broader point is that a flood’s economic footprint and its physical footprint are different

objects. The reduced forms show household spending falling outside the narrow area in which

merchants are directly disrupted. The model uses the observed demand and insurance networks

to measure where those losses go, how much informal insurance absorbs, and how both margins

change when flood risk becomes more spatially correlated.
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