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Abstract

In village economies, small firm owners facing idiosyncratic shocks ad-
just production by cutting spending and reducing employment. House-
holds with whom they trade inputs and labor scale back their own
businesses and reduce consumption. As effects reverberate through lo-
cal economies, the aggregate indirect adverse effects are larger than the
direct effects. Propagation is more severe when transmitted through
labor networks as opposed to material supply-chain networks, and goes
beyond input-output/sectoral considerations as it varies with network
position, closeness to a shocked household, and network density. Par-
ticipation in gift-giving insurance networks mitigates direct and hence
indirect effects. Supply chain and labor networks are fragile as the
broken links are not easily replaced, leading to persistent damage. So-
cial gains from better-targeted safety nets are substantially higher than
private gains.
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1 Introduction

Economies are exposed to shocks at many levels, ranging from the aggregate

(such as booms or recessions) to the level of individual households or firms

(such as an inheritance windfall or illness). Shocks that do not directly affect

all agents may nonetheless propagate to others. For example, in advanced

economies the role of supply chains in spreading economic shocks is increas-

ingly well understood (e.g., Carvalho et al. 2021). However, material input-

output linkages are likely only part of the story. In low- and middle-income

countries (LMICs), households with multiple members typically engage simul-

taneously in self-employment—running small and medium enterprises—and

in wage work. This creates additional firm-to-firm linkages through labor: a

household firm hit with an adverse shock may cut both material inputs and

hired labor, reducing income and consumption among other households run-

ning their own firms. Thus, one can construct both networks of supply chain

material transactions and networks of these labor transactions. In advanced

economies, firms may rely on formal insurance and hedging contracts to cope

with shocks. In LMICs, households running firms may engage in informal risk-

sharing. Thus, one can construct another network, of insurance transactions.

We empirically study how these supply chain, labor, and insurance net-

works interact and contribute to the propagation or mitigation of shocks. To

the best of our knowledge, this is a relatively unexplored question. A related

open question is whether a household’s ability to cope with direct shocks mit-

igates propagation. Firms—particularly small, household-owned firms—are

heterogeneous in the extent to which they participate in different networks

and to which they can rely on markets for insurance, goods, and labor to miti-

gate shocks. This heterogeneity may give rise to instability: even if on average
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firms can buffer shocks, those with the greatest exposure or the least ability

to buffer may disproportionately drive aggregate impacts.

Just as there are different types of networks, networks vary in their struc-

ture. Yet little is known about the empirical role played by network structure

in mediating propagation. Denser networks may ease trade but may also in-

crease exposure to shocks. Shocks to firms which are central in a network, but

not necessarily large, may propagate less if such central firms are well insured,

or more if they have rigid or complex networks. Understanding these rela-

tionships can paint a more complete picture of the aggregate benefits of safety

nets such as employment protection programs (e.g., the US Paycheck Protec-

tion Program), workfare (e.g., India’s National Rural Employment Guarantee

Scheme), health insurance, cash transfers, etc. Such programs may benefit

from better targeting of those with key roles in the underlying networks.

Understanding how idiosyncratic shocks propagate through networks re-

quires identifying shocks which meet several criteria: exogeneity, a scale of

shock large enough to “move the needle,” and idiosyncrasy (i.e., that the di-

rect impact of the shock is isolated to a given firm). It also requires granular

data on who is linked to who, how, and when; as well as production- and

consumption-side panel data. And to measure how network structure ampli-

fies or mitigates shock propagation, we need to observe multiple networks.

We use a dataset that is uniquely suited to answer these questions. The

Townsend Thai data, constructed from 14 years of monthly panel survey data

on households in rural and peri-urban Thai villages, contain detailed informa-

tion regarding transactions among family-operated businesses, which we use to

construct labor and supply chain networks. The data also allow us to identify

large, idiosyncratic shocks to households’ budgets and labor endowments in

the form of shocks to health status, and to construct a valid counterfactual to
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obtain causal estimates. These elements together provide an ideal setting to

shed light on the role of networks in both propagating and mitigating shocks.

We first show that idiosyncratic shocks have significant effects on the busi-

ness activities of the shocked household. We follow Fadlon and Nielsen (2019)

and compare the changes in outcomes of shocked households before and after

the shock to those of other households who will experience a similar shock,

but later on.1 Shocked households reduce business spending by 23%, and al-

most entirely cut their demand for external labor (by 79%). These results are

robust to alternative definitions of the onset of a shock; when we define shocks

using interruptions to usual daily activities rather than spending; and when

we consider alternative control groups and estimation procedures.2

This paper is not the first to show that separation between the consumption

and production sides of households’ balance sheets fails to hold (see, e.g., Ben-

jamin 1992; LaFave and Thomas 2016; Jones et al. 2022). Our key contribution

is to show that the business-side adaptations by the directly-hit household lead

to indirect impacts on other, linked, local businesses and workers. To causally

identify these impacts, our first empirical strategy leverages variation in the

proximity of a given household to the shocked household through pre-shock

economic networks. We compare changes in outcomes before and after the

shock, between those more exposed (closer to the shocked household in the

pre-shock network) and less exposed (farther away). Households with greater

exposure see larger falls in total upstream and downstream transactions (a 21%

decline for a unit change in closeness), and therefore falls in income and con-

1The outcomes of these “later shocked” households inform the counterfactual outcomes
of the shocked households. For more discussion of how we construct the control group and
the placebo shocks assigned to the control group, see Section 3.

2Specifically, we provide results of a regression-based stacked difference-in-difference ap-
proach that uses not-yet-treated households in the same village as controls, and Callaway
and Sant’Anna (2021)’s doubly robust difference-in-difference estimator.
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sumption (12% and 4% declines for a unit change in closeness, respectively).3

A back-of-the-envelope calculation suggests roughly 170 Thai baht of indirect

effects for each 100 baht of direct effects, implying a multiplier of 1.7.

Two alternative identification strategies yield similar results: one in which

we compare those close to a shocked household vs. those close to a household

who will suffer a shock later on; and a triple-difference specification using those

with close connections to households experiencing a placebo shock as controls.

We provide novel evidence on how different types of networks contribute

to propagation. Transactions decline equally when shocks spread through

supply-chain and labor-market networks. But the indirect effects on income

and consumption are more severe for exposure through labor-market networks,

holding exposure through supply-chain networks constant. This suggests that

while inputs and final output can also be traded outside the village, the lo-

cal nature of labor markets may prevent indirectly shocked households from

adapting to the disruptions caused by the health shocks.4

Due to the potential amplifying effects of multiple, possibly interacting,

market frictions, an omnibus test for the presence of market failures is par-

ticularly useful. In the absence of market failures, the aggregate effects of

idiosyncratic shocks can be summarized by the market share of the shocked

firm/operating household or, in a roundabout economy, the input-output mul-

tiplier(Baqaee and Farhi, 2020; Hulten, 1978). We bring this idea to the data

and show that, after controlling for a shocked household’s market share, a

3We find indirect effects both upstream and downstream, as the costly adjustments taken
by the directly-shocked households reverberate through the local network. Although the
shocks dissipate through the networks, we find effects on indirectly-connected households
(two or more links away from the shocked household) as well as those directly linked.

4We also show that there is no indirect treatment effect on the provision of uncompen-
sated labor or on net gifts and loans, ruling out the concern that “propagation” is simply a
relabeling of the linked households providing insurance.

4



household’s pre-shock degree centrality and the village’s pre-shock network

density predict larger indirect effects. Thus, efficiency is rejected: market

frictions serve to amplify negative idiosyncratic shocks.

Our setting enables us to shed light on the link between shock propagation

and mitigation through insurance and labor markets. The health episodes

we identify may shock both spending needs and labor endowments. Further,

households vary in their vulnerability to each channel. We first show that hired

labor declines more when a household with limited ability to substitute house-

hold with external labor is hit. However, business spending declines equally,

regardless of a household’s ability to substitute household labor, suggesting

that there are other market frictions limiting a household’s ability to mitigate

shocks. We next show that shocks to households with limited participation in

insurance networks lead to large direct, and indirect, effects. In contrast, when

well-insured households are shocked, they buffer the direct shocks by receiving

transfers from other households; as a result, the direct and indirect effects

are more muted. Thus, supply-chain and labor networks propagate negative

shocks, but insurance networks mitigate propagation.

We further show that propagation occurs in a context rigid yet vulner-

able networks. Existing links are vulnerable to shocks, and replacing these

links appears challenging: suppliers struggle to find new customers when their

clients suffer a shock, and workers cannot easily find new jobs when existing

employers scale back demand. The indirect effects persist even two years later.

Our results are novel in several ways. First, they provide insights related

to the mechanisms behind multiplier effects—an increase in aggregate activity

greater than the direct effect alone. Several studies document multiplier effects

arising from large inflows of cash into local economies (Nakamura and Steins-

son, 2014; Chodorow-Reich, 2019). Our approach enables us to contribute
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with a novel insight: idiosyncratic shocks can amplify and generate multiplier

effects similar to those generated by large inflows of resources. In addition,

while recent work in developing contexts identifies equilibrium channels such

as wages (see, e.g., Egger et al. 2021; Franklin et al. 2021) and prices (e.g.,

Burke et al. 2019; Cunha et al. 2019) as important for indirect effects, less is

known about locally heterogeneous exposure to indirect effects via production

networks.5 Detailed data on networks enables us to estimate within-village

spillovers that are net of any effects on aggregate demand affecting wages or

prices; a crucial distinction for policy (Guren et al., 2021).

Second, existing evidence on how disturbances propagate through global

supply-chain networks comes largely from sectoral shocks and larger firms in

high-income countries.6 Less is known about local propagation though this is

receiving increased attention and supply chain disruptions persist. In LMICs,

small, family-operated firms participate in multiple networks; are exposed to

shocks not typically faced by large firms (e.g, shocks to family health and

wealth); and whose consumption and production decisions are intertwined.

Our contribution is to show that different networks serve distinct roles.

First, both supply-chain and labor-market networks increase a firm’s exposure

to others’ shocks, but shocks spread through labor-market networks can lead

to more severe indirect effects. Thus, extrapolating supply-chain results to ef-

fects via labor market linkages may underestimate the degree of propagation.

Second, while shocks propagate through production networks, risk-sharing net-

works play a mitigating role, helping households buffer their own shocks, and

5Angelucci and De Giorgi (2009) and Moscona and Seck (2021) show that cash transfers
via public programs spill over to non-eligible households via risk sharing networks; their focus
is not on production-side network spillovers, nor on shocks that are prima facie idiosyncratic
to individual households.

6See for instance, Carvalho et al. (2021); Barrot and Sauvagnat (2016); Caliendo et al.
(2017); Dhyne et al. (2021); Huneeus (2019).
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in turn limiting their spread.7 Our results suggest a key policy implication:

expanding insurance against shocks affecting households’ spending needs can

have large returns in terms of aggregate production.

Finally, observing multiple, independent village networks allows us to pro-

vide novel empirical evidence on the link between network structure and prop-

agation.8 We show that the aggregate impact of idiosyncratic shocks is larger

in villages with denser networks. Following Baqaee and Farhi (2020), this find-

ing indicates the presence of market failures in the economy, providing a novel

omnibus test of misallocation. In addition, this finding illustrates an impor-

tant policy tradeoff: encouraging more interconnection in village economies

may improve diffusion of information and encourage the adoption of new tech-

nology (Banerjee et al., 2013; Beaman et al., 2021) and strengthen insurance

networks (Feigenberg et al., 2013), but can also increase propagation.

2 Context and Data

2.1 Household data

The data used in this study come from the Townsend Thai Monthly Survey,

which covers approximately 45 households per village, representing 42% per-

cent of the village population. A baseline interview was conducted from July

to August 1998, collecting information on the demographic and financial sit-

uation of the households as well as ecological data on the villages. Monthly

7We also contribute by studying the extent to which the presence of complementarities
between external and household-provided labor amplify propagation.

8Allen and Gale (2000) and Elliott et al. (2014) examine the role of network structure
theoretically in the context of links between financial intermediaries while Bigio and La’o
(2020) examine the case of input-output networks. To our knowledge the role of network
structure in propagation in village economies has not previously been examined nor have
these effects been tested empirically.
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updates began in September 1998.9 The sample in this paper covers the period

between September 1998 and December 2012. We focus our analysis on the

subset of 509 households who responded to the interview throughout all sur-

vey waves. Table A1 Panels A and B characterizes sample households in terms

of demographic and financial characteristics. While households derive income

mostly from family farms, they also operate off-farm businesses and provide

labor to other households and businesses. Roughly 13% of total income comes

from the receipt of government transfers and/or gifts from other households.

2.2 Network data

The data includes detailed information on transactions among households cap-

turing different economic interlinkages. In each survey wave, interviewees iden-

tify all households in the village with whom they have conducted a given type

of transaction.10 We aggregate the monthly transactions by year to elicit three

types of networks for each year in the sample. Appendix Figure A1 depicts

both networks for one sample village in one year.

First, we recover the supply-chain networks that capture transactions of

output, inputs, and intermediate goods across businesses involving households

in the same village. Second, we recover labor networks that capture employer-

employee relationships within the village. Panel C of Table A1 shows statistics

on network participation across the sample as a whole. On average, just above

half (51%) of the households transact in the local village supply-chain network

9For more detail about the survey, see Samphantharak and Townsend (2010).
10The set of transactions includes relinquishment of assets, purchases or sales of inputs

or final goods, provision of paid and unpaid labor, and giving and receiving gifts and loans.
As is typically the case in networks based on survey data, our networks may look thinner
than those that would be elicited using census data (Chandrasekhar and Lewis, 2016). We
discuss the implications for our research design in Section 4.
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by trading inputs and final outputs (with 1.26 connections on average per

year), and 66% provide to or purchase labor from other households in the

village, with 3.33 connections on average. We also recover information on

local financial networks defined by gifts and loans across households in the

same village, which tend to be sparser (see Appendix Figure A1).

Households participate in several networks in a given period. For those

linked through gift/loan networks, over 60% also transact in supply-chain net-

works and over 70% of them transact in labor markets. Over 77% of house-

holds transacting in the village supply-chain networks also sell/purchase la-

bor locally, and 45% are linked through local financial markets. Likewise,

over 59% and 43% of households buy or provide labor locally transact in the

supply-chain and gift/loan village networks, respectively. Kinship networks

also overlap with these transaction-based networks; see Section 5.3.

Panel D concerns the size of sample villages and firms. The average vil-

lage has 161 households. There is evidence of excess kurtosis in the firm size

distribution (measured via gross revenues): average village-level kurtosis is 10

(excess kurtosis of 7). Following Gabaix (2011), excess kurtosis suggests that

idiosyncratic shocks may have important aggregate effects in our setting.

2.3 Constructing idiosyncratic shocks

To understand how shocks propagate to other households through village net-

works, we focus on idiosyncratic events associated with high levels of health

spending, which correspond to periods of high financial stress. These shocks

are well suited for our analysis for several reasons. First, serious health shocks

affect household finances and labor supply (Gertler and Gruber, 2002; Genoni,

2012; Hendren et al., 2018); the large magnitude of such shocks improves statis-
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tical power and moreover such shocks are of prima facie importance. Second,

because these shocks are uncorrelated across households (as shown below), we

are able to separate the direct idiosyncratic effect from indirect effects hitting

other connected households via propagation. Additionally, the timing of these

shocks is—as we show below—exogenous.

We identify shocks as follows (see Appendix B for details). For each house-

hold, we identify the month with the highest level of health spending over

the panel.11 We focus on the largest shocks, because they pose a significant

financial burden to the household. To account for potential anticipation ef-

fects, we define the beginning of an event by subtracting the number of months

preceding the episode of high health spending during which household mem-

bers reported health symptoms from the month corresponding to the episode.

Thus, although we use spending data to identify shocks, the timing of the

onset of the shock is coded based on changes in health status.12

We restrict this search to episodes occurring during years 3–12 of the panel

(out of 14 years). This enables us to observe at least two years both pre-

and post-shock. We identify 505 shocks, 1 per household. We exclude shocks

related to childbirth, which may be anticipated, leaving 470 shocks.

2.4 Characteristics of the shocks

Relationship between health spending and health status. A natural

question is how our spending-based shock measure correlates with changes

in health status. Figure B9 shows that self-reported symptoms and health

11Thailand has a universal health insurance program covering (some) health costs, so
these expenses are above and beyond those covered; see Appendix C.

12Appendix Figure B8 shows that, prior to the sudden increase in health spending, the
median number of consecutive months in which households report any health symptoms is
three. More details are in Appendix B.
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spending co-move, confirming that shocks are identifying decreases in house-

hold health. Figure B10 reports the distribution of types of symptoms reported

by shocked households during the year following a shock and during non-shock

periods. Usage of health facilities is substantially higher after shocks, showing

that the shocks capture severe changes in health. In addition, the likelihood

of visiting a health facility due to an accident is substantially higher during

post-shock periods, and there is a higher incidence of uncommon symptoms,

showing that shocks capture unexpected changes in health status.

Magnitude of the shock. The shocks represent a substantial financial bur-

den to the households. On average, the highest level of monthly health spend-

ing within 6 months after the onset of the shock (THB 5314) accounted for

87% of the average monthly per-capita consumption during the 6 months pre-

ceding the shock (THB 6113) and was substantially larger than the average

monthly per-capita food consumption during this period (THB 2817).

Are the shocks idiosyncratic? Our analysis requires that the events be

idiosyncratic and their occurrence be uncorrelated with trends in household

behavior or network/sectoral shocks. The top panel of Appendix Figure B11

shows that event start dates are spread evenly through the periods in the

sample. Indeed, the bottom panel shows that in over 87% of the cases, shocks

affected only one household per village at any one month. In the bottom panel

of Appendix Table B14, we formally show that village-level trends have null

predictive power on the the occurrence of these events (p = 0.39).

Are the shocks exogenous? Column 1 in Appendix Table B14 shows

within-household correlations of the probability of experiencing a shock in

period t+ 1 and contemporaneous financial characteristics. We are unable to

reject the null of joint significance (p = 0.27). In addition, column 2 reports

p−values of the null hypothesis that the 12 lags of each household character-
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istic do not precede the onset of the shock (i.e., a Granger causality test). We

only reject this hypothesis at the 10% level for 1 out of the 13 variables.13

These patterns suggest that the timing of shocks is orthogonal to pre-shock

family and business financial decisions. The next section discusses our empir-

ical approach and addresses other potential concerns about endogeneity.

3 The direct effects of idiosyncratic shocks

To understand the indirect effects of shocks via network propagation, we first

must understand how they affect the directly shocked household. Because

the networks we study are defined by cross-household transactions of inputs,

output, and labor, our first-stage analysis focuses on estimating the direct

effects of shocks on business spending, labor demand, and production.

Estimating the effects of idiosyncratic shocks on household outcomes re-

quires a valid comparison group. We would like to compare shocked households

and otherwise-similar households who, by chance, were not simultaneously ex-

posed to a shock. To implement this comparison, we follow Fadlon and Nielsen

(2019) and exploit plausibly random variation in the timing of severe health

shocks.

We compare the behavior of households who experienced a shock in period

t (i.e., treated households) to that of households from the same age group and

village who did not experience a shock at time t, but did experience a similar

shock later on, in period t + ∆ (control households).14 Treated households

13Health spending in period t is negatively correlated with the onset of the shock in t+ 1.
This is by construction: when a shock starts (i.e., when when a household member starts
reporting symptoms) at time t + 1, households are very likely to experience their largest
level of health spending, hence spending in the previous month, t, will be lower.

14∆ is calibrated by taking the midpoint between the months associated with the first
and last shocks in each age group-village bin. See Appendix B.2 for a detailed description
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are those who experienced the shock during the first half of the panel; control

households experienced a shock during the second half.

We use a difference-in-difference approach to compare changes in outcomes,

before and after the shock, between treatment households (who experienced

an actual shock) and control households (who are assigned a placebo shock,

∆ periods before the occurrence of their actual shock).15 The underlying

assumption is that, in the absence of the shock, the treatment and control

groups would have followed parallel trends, which we validate using event-

study specifications that test for lack of systematic differences before the shock.

3.1 Estimation

We estimate the following generalized difference-in-difference specification, fol-

lowing Fadlon and Nielsen (2019):

yi,t =
τ=3∑

τ=−4,τ 6=−1

βτI[t = τ ]× Treatmenti +
τ=3∑

τ=−4,τ 6=−1

θτI[t = τ ] (1)

+Xi,tκ+ αi + δt + εi,t

where yi,t denotes the outcome for household i at t. Household- and month-

fixed effects (αi and δt) absorb time-invariant household characteristics and

aggregate time-varying shocks. Treatmenti is a time-invariant indicator of

whether the household is in the treatment group. As each household is either

observed in the treatment or comparison group, Treatmenti is absorbed by the

household-fixed effects. Time to treatment is denoted by τi,t and is measured

of the process.
15Thus, if a household in the control group experiences the actual shock in t′′, its placebo

shock is assigned to period t′′ −∆. See Appendix B.2 for additional details.
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in half years to increase precision. X is a vector of time-varying demographic

characteristics including the number of male and female household members,

age of the household head, and maximum years of schooling in the household.

The coefficients of interest are {βτ}τ=3
τ=−4, which compare differences in changes

in outcomes with respect to the period immediately preceding the shock (τ =

−1) between households in the treatment and control groups. We focus on a

two-year (i.e., four-half year) time window before and after the shock, because

our panel is fully balanced during this period. We also use a more parsimonious

differences-in-difference specification to compute average effects over a two-

year post period:

yi,t = βPosti,t × Treatmenti + θPosti,t +Xi,tκ+ αi + δt + εi,t (2)

where Posti,t is an indicator that takes the value of 1 in periods following the

shock and 0 otherwise. The parameter of interest, β, compares differences

in outcomes before and after the shock between households in the treatment

group and the comparison group. In both specifications, we cluster standard

errors at the household level, because our main source of variation comes

from cross-household variation in the timing of events and we want to account

flexibly for serial correlation.

Note that our approach addresses several issues that may arise in simple

event-study panel regressions without a stable comparison group—i.e., when

researchers regress outcomes on time- and household-fixed effects and a post-

shock dummy. A simple event-study approach would use all the households

who do not experience a shock at period t as a control group for those that

did, even those who were shocked before t. This could be problematic in

our setting, because such “staggered event timing” specifications may suffer
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from bias when effects are heterogeneous over time (Goodman-Bacon, 2018;

Baker et al., 2022). Our design, by virtue of using a control group which is

never treated before/during the comparison window, avoids these concerns.

However, this advantage comes at the cost of statistical power and limits the

number of available post-period observations as we only analyze the subset of

247 shocks that occurred earlier in the sample. Moreover, trends in outcomes

may vary by age and village due to different trajectories along the life cycle; by

constructing a comparison group within age group and village, our approach

constructs a comparison group of households with similar pre-shock trends and

similar risk profiles.

3.2 Direct effects: Results

A health shock can affect households in a number of ways. Here we focus on

changes in household production decisions—reducing spending on hired labor

and/or business inputs—because such dimensions are linked to cross-household

transactions that determine local economic networks.

Figure 1 reports flexible difference-in-difference estimates following the

specification in equation (1). Panel (a) shows that, relative to control house-

holds, shocked households experience a large and significant increase in the

probability of reporting health symptoms. Panel (b) shows that this coin-

cides with a sharp increase in total health expenditure.16 Panel (c) shows that

16Appendix Figure A2 provides evidence that the onset of the shock coincides with changes
in health status and health spending that are likely severe and unexpected. Panels (a)–(e)
show that the usage of and spending on outpatient and inpatient care increase and that
the probability of receiving medical care due to an accident also increases. These patterns
suggest that the shocks generate immediate spending needs that squeeze a household’s bud-
get. The non-financial consequences of the shocks may be persistent: panel (f) of Appendix
Figure A2 shows that the shocks increased the probability of suspending activities for more
than a week and that even though this effect declines over time, it persists for two years
after the onset of the shock.
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non-health consumption remains steady.

The remaining panels show that the shocks affect the household’s production-

side decisions. Panel (d) shows that, compared to households in the control

group, hired labor usage declines for shocked households, and Panel (e) shows

that input spending falls. Finally, Panel (f) shows that the reduction in in-

put spending coincides with a reduction in revenues. Note that the declines

in input spending and revenues coincide with the sharp increase in health

spending induced by the shock within a year from the shock occurrence. This

suggests that shocked households meet short-term liquidity needs in part by

drawing down working capital. The effects on input spending also persist over

time, likely reflecting the suspension of key activities in the household due to

the shock as shown in panel (f) of Appendix Figure A2.17 Both channels—

reduction in business investment and suspension of activities—suggest behav-

ior that is inconsistent with the separation theorem, reflecting the presence of

market frictions. The graphical evidence also documents parallel pre-trends

for all six outcomes.18

To provide a quantitative assessment of the overall impact of the health

shocks, in Table 1 we report difference-in-difference estimates of the effect of

the shock on outcomes over a 24-month post-shock period, corresponding to

equation (2). Panel A restricts the treatment sample to shocks occurring in

the first half of the period, ensuring the control group is never treated before

or during the comparison window. Column 1 shows that the shocks are asso-

17Note that a one-time health spending need can also generate persistent effects on busi-
ness spending. For example, shocked firms may not necessarily face the same demand for
their products after the shock as consumers deepen their links with other providers. Like-
wise, households may relinquish fixed assets, inducing a persistent reduction of a business’s
scale (column 3 in panel A on Appendix Table A10, finds large though not significant de-
clines in assets.).

18Appendix Figure A3 shows the same dynamics in the raw data.
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ciated with a significant increase in the likelihood of reporting a health issue

and column 2 shows that the shock leads to a large increase in health spend-

ing. While this is by construction, the magnitude, approximately THB 540, is

notable, representing a roughly 350% increase relative to the baseline mean.

Column 4 shows that during the two years following the shock, total spending

increases for shocked households, relative to control households, by approxi-

mately THB 620 on average, an amount close to the effect on health spending.

Thus, in terms of non-health spending (column 3), shocked households appear

to fully buffer the shocks.

Buffering consumption may entail costly adjustments by shocked house-

holds (Chetty and Looney, 2006). Indeed, in order to buffer non-health con-

sumption, affected households significantly decrease spending on business in-

puts (column 5) and reduce the use of external labor (column 6).19,20 House-

holds also appear to reduce the use of labor provided by household members

(column 7), though the effect is not significant when we restrict to shocks oc-

curring in the first half of the period. As a result of these reduced investments

in inputs and labor, there is a decrease in the revenues from family enterprises,

as seen in column 8, albeit imprecisely estimated (p-value = 0.107).21

19Households may also engage in other strategies to cope with the shocks, such as gift
reception, borrowing, relinquishing fixed and liquid assets, and using unpaid external labor.
See Appendix B.4. We discuss the effects on gift reception in more detail in Section 5.2.2.

20An alternative mechanism is that non-shocked household members reduced the time
allocated to the operation of family businesses in order to take care of the shocked household
member. However, Appendix Table A2 shows that the overall household-level number of
days dedicated to housework appears to decline as well.

21The point estimates of the effects on business spending and revenues are quite similar at
approximately 1,650 THB and 1,530 THB, respectively, suggesting that business profits are
unaffected. This can be a consequence of the reduced business scale induced by the decline
in business spending. As businesses reduce their scale and their demand for inputs, these
adjustments can lead to propagation as we discuss in Section 4. The zero effect on profits
may also reflect households responding to the reduction in earnings by taking costly actions
that in the short run reduce costs but are harmful in the long term (e.g., deferring needed
maintenance of equipment).
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Panel B reports results that also include early-shocked households as con-

trols for late-shocked households,22 which roughly doubles the number of events.

Reassuringly, the estimates are very similar to those in panel A but are esti-

mated with more precision.23

3.2.1 Robustness

Panel A of Table A3 shows robustness to alternative definitions of health

shocks.24 Columns 1 and 2 show that using the largest change in health

spending throughout the panel to identify episodes of high health spending

yields very similar results to the main specification, which is based on the

highest spending levels.25 One concern is that our approach may include shocks

that, based on their magnitude, are innocuous, despite being the largest shocks

experienced by the households throughout the panel. In columns 3 and 4,

we exclude shocks associated with expenditure levels that fall in the bottom

75% of the post-shock health spending distribution for control households; the

results are similar to those of our main specification. We also employ two

alternative ways of selecting shocks: a household-specific benchmark (health

spending larger than the pre-shock average food consumption) and a common

benchmark (health spending larger than the sample mean plus one standard

deviation). Columns 5 to 8 show that we obtain qualitatively similar results.

Both approaches select larger shocks and thus yield larger effect sizes, but also

22The treatment status of control households is held fixed around the 24-month analy-
sis window around each event. This addresses potential biases in difference-in-difference
frameworks that tend to arise when treatment status varies over time.

23The effects on household labor and revenues are now significant at conventional levels,
and all other outcomes remain significant.

24See Appendix Section B.2.1 for a detailed description of each shock definition.
25This similarity reflects the fact that while we use spending data to identify the episodes

(either maximum levels or changes), we use symptoms data to calculate the onset of the
shocks; see footnote 12 and Appendix B.
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use a smaller set of shocks, reducing statistical power.26

In columns 9 and 10, we define shocks based on whether a household mem-

ber suspended their main activities for at least one week. We use a one-week

threshold based on Gertler and Gruber (2002), who show that only severe

health shocks yield effects on household spending. As opposed to our main

specification, which by construction captures episodes of financial stress with

potential effects on time allocation, this alternative definition captures shocks

to time availability with potential financial implications. Reassuringly, the re-

sults are qualitatively similar.27 The results are robust to allowing for multiple,

non-overlapping shocks per household, as shown in Appendix Table A4.

The results are also robust to using alternative control groups. Appendix

Table A6 columns 1 and 2 show that the results are robust to randomly al-

locating the placebo shocks. Columns 3 and 4 use all not-yet-shocked house-

holds in the same village as controls to shocked households at time t using a

stacked difference-in-difference specification. This specification, namely that

the control group should be the not-yet-treated, is recommended in the recent

difference-in-difference literature (Baker et al., 2022). Columns 5 and 6 show

robustness to using not-currently-shocked households as controls in a standard

two-way fixed effects specification, columns 7 and 8 report point estimates us-

ing Callaway and Sant’Anna (2021)’s estimator with households treated in the

second half of the sample as controls,28 and columns 9 and 10 show that the

26In Appendix Table A4 we show that power is increased in these specifications when we
include multiple, non-overlapping shocks per household (columns 3 and 4). However, doing
so comes at the cost of imposing two additional identification assumptions. First, shocks
experienced earlier on should not affect the probability of experiencing another health shock
in the future and second, the effects of earlier shocks should not have long-lasting effects on
the trajectories of outcomes that can lead to violations of the parallel trends assumption.

27Note that the effects in columns 9 and 10 are less precisely estimated, because this
alternative definition identifies fewer shocks. We provide a brief discussion and robustness
to alternative definitions in Appendix Section B.2.1 and Appendix Table A5.

28The corresponding event-study estimates are reported in Appendix Figure A4.
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effects are unchanged when using an unbalanced panel of households for the

main specification. Reassuringly, results using these specifications are consis-

tent with the main specification. Details are in Appendix B.2.1.

Finally, Appendix Table A7 presents co-movements between health status

and spending using all households in the sample and all survey periods. As

expected, changes in health status coincide with changes in health spending.

Moreover, changes in health status driven by uncommon health conditions

(those more likely to happen around the shocks that we study) predict larger

changes in health spending and declines in business spending.

4 Economic networks and the propagation of

shocks

The results above show that health shocks meet the necessary criteria for

understanding propagation: their timing is exogenous, their occurrence is id-

iosyncratic, and the shocks have substantial effects on household production

decisions. Given the significant degree of interlinkage in the study villages,

we next examine whether these shocks propagate to other households. We

analyze two propagation channels. First, shocks could propagate through lo-

cal supply-chain networks: health shocks lead to decreases in the supply and

demand for inputs, which could lead to reductions in sales and revenue for

those households who trade with shocked households. Second, shocks could

propagate through local labor networks: as supply and demand for outside la-

bor decrease due to the shocks, households who exchange labor with shocked

households could suffer falls in hours, earnings, and revenue.
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4.1 Identifying propagation effects

We exploit two sources of variation to test whether idiosyncratic health shocks

propagated to other agents in the local economy. First, we use variation in

the timing of each household-level shock. Second, we use the fact that a

household’s exposure will depend on their network connections to the shocked

household, via the supply-chain or labor-market networks, or both. We as-

sess the propagation of idiosyncratic shocks to other local family businesses

by comparing households who, before the shock, shared closer market inter-

linkages with household j’s businesses to those who were not or less-connected

to household j before the shock, before vs. after the shock to household j.

Throughout our sample period, we observe multiple health shocks per vil-

lage. We construct a data set capturing information of non-shocked households

before and after each health shock in the sample. For each event, we take two

years of pre- and post-shock observations of households living in the same vil-

lage as the directly shocked household.29 We then stack the observations into

a data set at the household (i) by time (t) by event (j) level for each village.

We combine this data set with information on network connections between

the shocked household (j) and other households (i) in the village, measured

during the year preceding the shock to household j. We use pre-shock net-

works as links may respond to economic shocks themselves. The assumption

is that households who transacted with the shocked household during the pre-

period, on average, would have been more likely to transact with the shocked

households in the post-period, in the absence of the shock.30

29We restrict the analysis to two years before and after the shock to be consistent with
the analysis of the direct effects of the shocks and because we only have a fully balanced
panel for this time window.

30This is consistent with the evidence of persistence in the village networks discussed in
Section 5.3 and with evidence of the importance of time-invariant determinants of economic
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We measure exposure as the inverse distance in the undirected village

network between household i and the shocked household j: Closenessi,j =

1
disti,j

.31 As households are further away in the network from shocked house-

holds, exposure (closeness) decreases. We begin by computing overall closeness

based on transactions in the supply-chain or labor-market networks, because

households can be exposed through either network. To distinguish between

exposure in the supply-chain and labor-market networks, we also compute

measures of closeness in each separate network (see Section 5).

We elicit economic networks using survey instead of census data (Chan-

drasekhar and Lewis, 2016). Thus, it is possible that we underestimate the

closeness of some sample households to shocked households.32 Because we

may be underestimating exposure—classifying some households as not or less-

exposed when they are actually (more) exposed—our results could be biased

toward 0. Thus, we interpret our magnitudes as lower bounds of the indirect

effects of idiosyncratic shocks on other households.

Not all shocked households are active in the local markets for goods and not

all shocked households employ or work for other villagers. Thus, we analyze

the propagation of shocks through village networks by focusing only on events

corresponding to the 391 households who traded in either the supply-chain or

labor-market networks during the year preceding their shock; these represent

connections, such as kinship relations (Kinnan and Townsend, 2012), race, or caste (Munshi,
2014), and the existence of economic frictions such as contracting issues that may limit trade
between households (Ahlin and Townsend, 2007) or between firms (Aaronson et al., 2004)
in local economic networks.

31This measure equals 1 if household i has directly traded with the shocked household
j and 0 if household i does not have any direct or indirect connections with the shocked
household. The geodesic distance between two unconnected nodes is disti,j = ∞ and so
their closeness equals 0 in that case. We focus on undirected networks because the shock
can propagate both up- and downstream, as we document in Section 4.2. By undirected
networks we mean that we do not distinguish between incoming vs. outgoing transactions.
Likewise, we weight each transaction equally for our calculations.

32See footnote 10 for a discussion of this issue.
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83% of all the shocks in our sample.33

We estimate the following difference-in-difference specifications:

yi,t,j =
τ=4∑

τ=−4,τ 6=−1

βτI[t = τ ]× Closenessi,j + γClosenessi,j + Xi,t,jκ

+ αi + ωj + δt + θτ(j) + δt ×Degreei + εi,t,j (3)

yi,t,j =βPostt,j × Closenessi,j + γClosenessi,j + Xi,t,jκ

+ αi + ωj + δt + θτ(j) + δt ×Degreei + εi,t,j (4)

where y denotes the outcome of interest for household i in village v at time t

around the shock suffered by household j. In the “event-study” specification

(equation 3), τ denotes a half year, which may precede (τ < 0) or follow

(τ >= 0) the shock to household j. Closenessi,j denotes inverse distance

to the shocked household during the year preceding the shock to j.34 The

coefficients of interest in equation (3) are βτ , which capture relative changes in

outcomes corresponding to half year τ with respect to the half year preceding

the event (τ = −1) associated with one additional unit of closeness (i.e.,

between more- vs. less-exposed households). In the generalized difference-in-

difference specification, equation (4), Postt,j takes the value of 1 during the

two years following the shock to household j and 0 for the pre-period. The

coefficient of interest, β, captures differences in outcomes associated with one

additional unit of closeness, with respect to the pre-period.

Controls include household fixed effects (αi); month fixed effects (δt); shocked-

household fixed effects (ωj); time-to-shock fixed effects (θτ(j)), which account

33In Appendix Table A8 we report similar results when we also use shocks to unconnected
households (columns 3 and 4), coding closeness equal to 0 for all non-shocked households.

34Below we consider several definitions of Closeness: proximity in the overall network
pooling the supply-chain and labor-market networks, as well as proximity in either network.
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for village-specific time-varying shocks during the analysis window correspond-

ing to the shock to household j; and a vector of time-varying demographic char-

acteristics (Xi,t,j).
35 We also control for time-varying trends for more-central

households, who could also be more likely to be close to other households, by

including interactions of the number of links of household i (Degreei) during

the year preceding the shock to j with time fixed effects. Thus, we are in

essence comparing two households equally well-connected to the network, one

of whom happens to be closer to the shocked household. We use two-way

clustered standard errors at the event level j and household level i to allow for

flexible correlation across households during the periods preceding and follow-

ing event j and across responses of the same household i to different events.

In order to focus on indirect effects, we drop observations of directly shocked

households (where i = j) from the analysis and exclude observations of house-

holds who experienced their own shock within a year before or after the shock

to household j.

The identifying assumption underlying our strategy for estimating indirect

effects is that, in the absence of the shock to household j, the outcomes of

households i and i′, with differential closeness to j, would have evolved follow-

ing parallel trends, conditional on the vector of controls included in equations

(3) and (4). We validate this by testing for (lack of) differences in the pre-

period; namely, for τ < 0, we verify that βτ is not different from 0.36

35These are household size, gender composition, average age, and years of schooling.
36As discussed below, Table 4, which shows that proximity in the labor market does not

predict changes in supply-chain transactions and vice versa is additional evidence in support
of this assumption.
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4.2 Results: Propagation through economic networks

Figure 2 presents flexible difference-in-difference estimates following equation

3. Panel A analyzes total transactions. After a health shock, households

who are more connected to shocked households differentially reduce the num-

ber of transactions with other households in the village. Prior to the shock,

transactions are not different for closer vs. more-distant households. After

the shock, however, transactions decline more for households who are closer

to the shocked household. Panels B and C show that supply-chain and labor-

network transactions, respectively, each exhibit the same pattern seen for total

transactions. Panel D shows that, as local networks are shocked, total income

declines for households closer to the shocked household. In all four cases, the

pre-shock period shows no evidence of differential pre-trends. Finally, Panel E

shows an analogous result for total consumption expenditure, which declines

in the post-shock period (and exhibits no differential trend in the pre-period).

The effects on transactions, income, and spending are evident in all three

half-year periods following the shock and do not appear to shrink in magnitude

over time: the effects are quite persistent. In theory, indirectly hit households

might attenuate these effects over time by finding new local trading partners.

However, the evidence on the rigidity of local networks shown below (section

5.3) demonstrates that such reorganization of local ties is very difficult, at

least over the span of 1–2 years.

Table 2 shows difference-in-difference estimates corresponding to equation

(4). It documents significant post-shock declines in the number of monthly

transactions in the supply-chain (column 1) and labor-market networks (col-

umn 2), and in total transactions (column 3). These effects are large, rep-

resenting declines of 20%, 24%, and 21% relative to the pre-period means,
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respectively. Column 4 shows that these changes in turn reduce income: a

one-unit increase in Closeness is associated with a fall in income of THB 1232,

or 12% of the pre-period mean.37 In turn, consumption spending falls by THB

293, or 4% of its pre-period mean (column 5).38 The fall in consumption is

smaller than the fall in income, suggesting that indirectly shocked households

can partly, but not completely, smooth their indirect shock exposure.

4.2.1 Ripple effects of shocks

Indirectly connected households. The effects that we observe are strongest

for directly connected households—those one link from the shocked households—

but affect indirectly connected households as well (see Appendix Figure A5).39

When, due to a shock, those linked directly to shocked households reduce sales

of goods or labor (outgoing transactions to the shocked household), this leads

to declines in income and consumption. As households are consumers but

also operate firms, these indirect effects translate into fewer purchases (incom-

ing transactions) of goods, inputs and labor from other households, triggering

further propagation through the network.

Upstream vs. downstream propagation Table 3 shows that the fall in

37For comparison, Jarosch (2021) finds evidence of a 20% decline in the net-present value
of income over a 20-year period after a job loss using data from Germany. Our estimates
are smaller, but computed over a much shorter period. We discuss the role of persistence in
Section 5.3.

38Recall that these are effects associated with moving from Closeness = 0 (unconnected
to the directly shocked household) to Closeness = 1 (directly linked). The mean level of
Closeness = 0.42, so the average indirect effect is 42% of the coefficient.

39Figure A5 plots indirect effects decomposing the measure of closeness into 4 categories:
directly connected households (1 link away from the shocked households), households who
are 2 or 3 links away from the shocked households, those who are 4 or 5 links away from
the shocked households, and the base category, those who are 6 or more links away in
the network, including those who are unconnected to the shocked household. Although
the effects dissipate through the network, there are non-negligible propagation effects on
indirectly connected households.
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overall transactions documented above is driven by falls in both outgoing trans-

actions (sales of inputs and labor) and incoming transactions (purchases/hir-

ing). In sum, the health shocks that we study generate indirect effects both

upstream and downstream, as the costly adjustments taken by the directly

shocked household reverberate through local networks. Shocks that are prima

facie idiosyncratic are spread to other connected households.

4.2.2 Effects of supply-chain vs. labor-market exposure

In Table 4, we examine whether the effect of exposure through the supply-

chain network has different effects than exposure through the labor-market

network. If proximity through the supply chain (labor) network is associated

with changes in input/output (hired labor) transactions, and not vice versa,

this is supportive of the identification assumption, because many plausible con-

founds (e.g., differential trends between closer vs. more-distant households)

would manifest in both sets of outcomes. Because the two networks are corre-

lated, we analyze the effect of exposure to one controlling for the effect of the

other.40 Column 1 shows that, conditional on proximity in the labor-market

network, a 1-unit increase in proximity in the supply-chain network is asso-

ciated with a significant fall in input/output transactions of 0.23. There is

no effect on input/output transactions associated with proximity through the

labor-market network. Analogously, column 2 shows that proximity through

the labor-market network has a negative and significant effect (-0.21) on trans-

actions involving paid labor, while there is no effect seen via the supply-chain

40On average, 41% of households share a direct or indirect link to the shocked households
through both networks, 16% are directly or indirectly linked to the shocked household
through only the supply-chain network, 13% are directly or indirectly connected to the
shocked households through only the labor-market network and 30% of households are not
connected to the shocked households either network.
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network. In column 3, proximity via the supply-chain network or the labor-

market network generates negative and significant effects on the total number

of transactions of -0.20 and -0.24, respectively.

Columns 4 and 5 show that proximity via the labor-market network is

associated with large and significant drops in both income and consumption,

while the corresponding effects of proximity via the supply-chain network are

small and insignificant. Thus, while shocks propagate through both networks,

the severity of the impacts are larger when shocks transmit through labor-

market networks. This result underscores the importance of distinguishing

between networks and suggests estimates that consider supply-chain networks

alone may be lower bounds.

Why do we observe greater propagation via labor networks? A pos-

sible explanation is that, although the absolute effect of exposure via supply-

chain networks on input/output transactions is similar to the effect through

labor-market networks on labor transactions, the effect on labor-market trans-

actions is larger in relative terms. Labor-market transactions fall by 44.6%

relative to the pre-period level, while the decline in transactions of inputs and

final goods represents 23% of the pre-period mean. It may also be more diffi-

cult for households to adjust along the intensive margin: in the goods market,

fewer but larger within-village transactions or more out-of-village transactions

may substitute for the loss of transactions with the shocked household. In the

labor market, working more hours for other employers may be more difficult,

due to finite time in the day, travel costs, etc. In addition, as shocks rever-

berate through the networks, the demand for labor at the local level reduces

and so does the local availability of jobs. Selling labor in other villages can be

difficult, as migration can be costly (Bryan et al., 2014).
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4.2.3 Robustness

The indirect effects are robust to a battery of alternative specifications. Ap-

pendix Table A8 shows results controlling for village-month fixed effects (columns

1 and 2), including shocks to unconnected households during the pre-period

(columns 3 and 4), using an unbalanced panel of households to estimate indi-

rect effects (columns 5 and 6), and excluding shocks to large firms to attenuate

issues of granularity as in Gabaix (2011) (columns 7 and 8).41 The results

are also robust to utilizing alternative identification strategies (see Appendix

Section B.3 for details). Columns 9 and 10 report estimates from a triple-

difference specification using the placebo shocks from Section 3.1 as a control

group.42 Columns 11 and 12 show results from an alternative identification

strategy that parallels our strategy for estimating the direct effects. In this

alternative strategy, we compare households who are indirectly shocked for

the first time at time t to a control group of households who will be indirectly

exposed to a shock for the first time several years in the future. The results

are remarkably similar to those from our main specification. Finally, Panel B

of Appendix Table A6 shows that our main effects are qualitatively similar,

albeit less precisely estimated, when we use alternative definitions of shocks.43

41We drop shocks to firms with revenues (over the 12 months preceding the shock) that
are above the median revenues among shocked firms.

42In this case, we append data on households with different degrees of closeness to placebo
shocks to our data set on indirectly shocked households and fully interact equation (4) with a
Treatment/Placebo dummy. Columns 9 and 10 of Appendix Table A8 report the coefficient
on the triple interaction (Post× Closeness× Treatment).

43This is largely due to the fact that more-stringent definitions of shock identify fewer
shocks.
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4.3 The multiplier effect of idiosyncratic shocks

What is the total magnitude of indirect effects relative to that of direct ef-

fects? The former are larger on a per-household basis, but the latter can

potentially affect many more households. In order to compare their overall

magnitudes, and so obtain an estimate of the overall “multiplier effect’ of the

fall in spending associated with the shock, we perform a back-of-the-envelope

exercise to estimate the total indirect fall in consumption for each baht of

reduced business spending by directly affected households.

Table 5 summarizes the key values. The indirect effect on consumption as-

sociated with a 1-unit change in Closeness, from column 5 in Panel A in Table

2, is a fall of -293 baht (significant at 10%). The median level of Closeness

in the village network is 0.42 and the median number of indirectly exposed

households (i.e., households who are connected to the shocked household via

the network) is 23.44 The implied total indirect effect using mean values is

−293× 0.42× 23 = −2830 baht per month.

From column 5 in Panel A in Table 1, the fall in business costs for a

directly affected household is -1653 baht, so the indirect effects using median

closeness represent a multiplier effect of 1.71 (see column 1 in Panel C in Table

5). For comparison, Egger et al. (2021) estimate a consumption-expenditure

multiplier of 2.4 from cash transfers in Kenya, while in the United States,

Nakamura and Steinsson (2014) estimate an “open economy relative multi-

plier” of 1.5, Suárez Serrato and Wingender (2016) estimate a local income

multiplier of government spending of 1.7 to 2, and Chodorow-Reich (2019)

suggest a spending multiplier of 1.8 based on a survey of multiple studies.

44We prefer medians to means, because the median may be less sensitive to networks
with a high number of connections or many distant (low-Closeness) connections, where the
linear specification for Closeness may be less appropriate. However, in our data the median
and mean are in practice very similar.
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Barrot and Sauvagnat (2016) find that $1 of lost sales at the supplier level

leads to $2.40 of lost sales at the customer level. These estimates are quite

similar to ours despite their very different data and methods.

One key distinction is that we exploit within-village variation in exposure

to shocks based on distance to the shocked household in the village network.

Thus, our estimates of indirect effects are net of any changes in prices (which

would not differ by network distance) and as such our multiplier estimate may

be a lower bound; this is consistent with our estimate being at the lower end

of the range of other recent estimates. While our multiplier estimates are

admittedly back-of-the-envelope, they demonstrate that, because the indirect

effects are economically meaningful and affect many households for each di-

rectly affected household. Thus, the total indirect effects are of a similar order

of magnitude, and perhaps larger than, the direct effect itself.

5 Market failures and propagation

Thus far the paper has documented the existence of important indirect ef-

fects of idiosyncratic shocks. These effects may capture first-order reactions

stemming from shocked households transacting less with other households and

second-order effects due to market failures that amplify the indirect effects.

Baqaee and Farhi (2020) note that, in the absence of market failures, there

are no second-order propagation effects. In the no-distortion case, a sufficient

statistic to compute the aggregate implications of idiosyncratic shocks is the

shocked firm’s market share (Hulten, 1978).

To test the role of market failures in propagation, we note that the direct

effects correspond to a decline in business spending of 22.4% relative to the pre-

shock mean. The indirect effects, evaluated at mean closeness, imply a decline
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of 1.68% relative to the pre-shock mean; this yields an elasticity of 0.074 (see

Panel C of Table 5). We follow Baqaee and Farhi (2020) and compare this

elasticity to the median market share of shocked firms, 0.028,45 which suggests

that the first-order effects account for less than 50% of the aggregate effects

of idiosyncratic health shocks.46

5.1 Network structure and propagation

Our setting offers an additional test for the presence of market failures. If

there were no market failures—i.e., no second-order propagation effects—the

shocked firm’s market share would be a sufficient statistic to compute the ag-

gregate implications of idiosyncratic shocks. Then, after controlling for the

shocked firm’s market share, the magnitude of indirect effects would not de-

pend on the characteristics of the shocked firm nor of the local economic en-

vironment. We test this implication by estimating alternative specifications

which, instead of exploiting variation in closeness to the shocked household

within the village, use cross-village variation in shock exposure along two di-

mensions. First, we use the shocked household’s degree—the number of links

that it had in the pre-period network, which is the number of households in

the village who were exposed to the shock—as a measure of exposure. Second,

to understand how the overall village-level structure matters for the extent of

propagation, we exploit cross-village variation in network density (based on

45Following Hulten (1978), we compute a firm’s market share to be the firm’s non-labor
revenues as a share of aggregate value added.

46At the 10% level, we are able to reject the null of an elasticity equal to the median
market share against the alternative of an elasticity exceeding the median market share of
shocked households (see Panel C of Table 5). Moreover, using the indirect effects on income
evaluated at mean closeness (5% with respect to the pre-shock mean), we get a much larger
elasticity (0.22), which strengthens our conclusion.
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pre-shock transactions). We estimate the following model:

yi,t,j =βPostt,j × Network Exposurej + γPostt,j ×Market sharej

+ Xi,t,jκ+ θτ(j) + αi + ωj + δt + εi,t,j (5)

where, as above, the unit of observation is a household i in period t around

the shock to household j; ωj absorbs village-level variables that are invariant

around the analysis window. Network Exposurej denotes exposure based on

either the shocked household’s degree or on network density during the pre-

period. The vector X includes the interaction of the number of households

in the village (number of nodes in the network) with Postt,j to account for

potential contemporaneous shocks correlated with village size.

The results are reported in Table 6. Panel A indicates that a 1 standard

deviation (SD) increase in the degree of the shocked household leads to an av-

erage of 0.035 (3.4%) fewer input/output transactions in the post-shock period

relative to the pre-shock period, 0.045 (9.3%) fewer labor market transactions,

and 0.08 (5.4%) fewer overall transactions (columns 1–3; all significant at 5%

or better). Accordingly, a 1 SD increase in the degree of the shocked house-

hold leads to a differential fall in income of 277 THB (2.6%), significant at

1% (column 4). In column 5, the point estimate indicates a differential fall in

consumption of 78 THB, or 1.1%, significant at 10%.

Panel B shows the results for variation by degree density. A 1 SD in-

crease in the network’s pre-shock degree density results in 0.054 (5.4%) fewer

input/output transactions in the post-shock period, 0.025 (5.3%) fewer labor

market transactions, and 0.078 (5.6%) fewer overall transactions (columns 1–

3; all significant at the 1% level). The corresponding effect on income is a fall

of 381 THB (3.6%) and the effect on consumption is a decline of 162 THB or

33



2.2% (columns 4 and 5). All of the results in Panel B are significant at 1%.

In summary, both the location of the shocked household within the network

and the network’s overall structure matter. Shocks to more-connected house-

holds lead to greater propagation as do shocks to denser networks, even after

controlling for a household’s market share in the local economy. These findings

suggest an important trade-off: while increasing linkages among households

may strengthen the insurance capacity of networks (Feigenberg et al., 2013),

our results show that such increased links may also decrease resilience to prop-

agation. Encouraging links with central households may promote information

diffusion (Beaman et al., 2021), but may increase shock propagation as well.

The results also demonstrate that both households and networks are heteroge-

neous in their propagation propensity. Understanding this variation can shed

new light on sources of fragility.

Additionally, this dependence of propagation on attributes of shocked house-

holds and local network structure demonstrates that the shocked household’s

market share is not a sufficient statistic for aggregate effects, revealing the

presence of distortion(s) in the economy. Specifically, Baqaee and Farhi (2020)

show that, as long as the elasticities of substitution of firms in an economy are

equal across firms, the propagation of shocks should not be related to network

structure. The fact that propagation is larger in denser networks suggests that

there is a large degree of heterogeneity in the ability of firms to substitute in-

puts amid a shock, and points out to the role of market failures preventing

the mitigation of shocks (e.g., incomplete labor and insurance markets). We

study the role of these frictions below.
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5.2 Lack of smoothing and the propagation of shocks

Our setting enables us to analyze how a household’s ability to smooth negative

shocks is linked to the degree of propagation. The indirect effects of shocks

stem from their direct effects: because the directly shocked household cannot

perfectly smooth its shock, it reduces investment in its business. This failure

of smoothing may result from failures in labor markets, financial/insurance

markets, or both. We discuss each in turn.

5.2.1 Labor market incompleteness.

Frictions in the market for labor may drive the direct—and in turn, indirect—

effects of shocks. The lost labor of an ill or injured household member (and of

other household members taking care of them) may not easily be replaced by

hired labor. Such frictions may arise from constraints in the ability to hire/

supply non-family labor (Jones et al., 2022). Indeed, we find declines in hired

labor coupled with similar declines in labor provided by household members

(columns 6 and 7 in Table 1) among directly shocked households, which are

not offset with incoming free external labor (column 5, Panel A of Appendix

Table A10). We confirm this result when we split the sample based on whether

an adult of working age was directly affected by the shock.47 Appendix Ta-

ble A12 shows that when the shock hits working-age members—those more

likely to operate businesses—there is a large decline in hired labor and a corre-

sponding decline in business spending. This result suggests that there may be

complementarities between labor provided by household members and hired

47We computed the age of affected household members during their actual and placebo
shocks (∆, periods away from the actual shock). We then separate households into two
groups based on whether the shocked household member was an adult of working age (18
to 60 years old, based on Thailand’s retirement age).
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labor.

To understand whether labor market frictions mediate propagation, we

split the sample by the degree of complementarity between household and

hired labor, measured as the pre-shock co-movement between the idiosyncratic

component of labor provided by household members (h) and labor hired ex-

ternally (l). Let ch,li denote this co-movement. If labor-market frictions play

a role, we expect to see larger effects for those households with above-median

ch,li (see Appendix Section B.5 for details).

Columns 1–3 of Table A9, Panel A present the results. The severity of the

shock, measured as spending on health, is not different for high- vs. low-ch,li

households (column 1). The fall in hired labor is over 3 times larger for high-

ch,l households (column 2), although the difference is not precisely estimated

(p = .194). However, the direct effects on business spending are remarkably

similar (column 3). Thus, while labor-market frictions do seem to lead to more-

severe direct effects on hired labor, they do not fully account for the declines

in direct spending. Turning to indirect effects in Panel B, when a high-ch,l

household is shocked, the indirect falls in transactions and consumption are

larger (columns 1 and 3), but the fall in income (column 2) is if anything

smaller. The results, in sum, suggest that while labor market frictions play a

role in mediating shock propagation, other factors are at play as well.

5.2.2 Incomplete insurance markets.

Informal insurance can help to buffer health shocks (de Weerdt and Dercon,

2006); indeed, we document an increase in incoming gifts for directly shocked

households in the first half year after the shock (see Appendix Figure A6).48

48This may raise the concern that the indirect effect on consumption (see Table 2, column
6) could be a consequence of a decline in cash on hand/liquidity arising from helping the
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However, this increase does not fully make up for the sharp increase in health

spending over the same time frame (see Figure 1b).49 If incomplete access to in-

surance plays a role in propagation, shocks to un- or under-insured households

may trigger larger declines in business activities and hence greater propaga-

tion. To test this idea, we split the sample of shocked households into those

with high vs. low pre-shock engagement in informal insurance networks.50

Columns 4–6 in Panel A of Appendix Table A9 report direct effects on

health spending, gift and loan receipt, and business spending by access to

informal insurance. Column 4 shows that shocks to the two groups are of

similar severity: the associated effects on health spending are almost identical.

Yet the responses to the shock differ: column 5 shows that households with

high access to informal insurance experience a significant increase in gifts and

loans after a shock, while the effect is small and insignificant for low-access

households. There are significant declines in input spending (column 6) for

low-access households, whereas these declines are small and insignificant for

better-insured households. These patterns suggest that incompleteness in local

insurance markets may be a driver of non-separability of household spending

and production decisions.51

Next, to investigate whether shocks to less-insured households propagate

directly shocked household. Appendix Table A11 shows that neither transfers nor loans
given by the indirectly shocked household to other households increase following the shock,
which suggests that households engage in risk sharing with households whose economic
activities are ex-ante unrelated. Moreover, the evidence below that better-insured shocks
propagate less helps to rule out this concern.

49The incoming gifts account for roughly two-thirds of the increase in health spending
during the first post-shock half year.

50Engagement in insurance is measured by pre-shock co-movements between the idiosyn-
cratic component of asset returns and net gifts (Samphantharak and Townsend, 2018). See
Appendix Section B.5 for details.

51Smoothing shocks via financial markets other than insurance, via changes in financial
or tangible assets is also possible. However, we find little evidence of adjustment along these
margins; see Appendix section B.4.
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differently, we estimate the effect of indirect exposure to shocks. As above, we

allow the effect to differ by whether the directly shocked household has a high

vs. low level of insurance. Panel B of Table A9 presents the results. The effect

on transactions is similar across the two samples (column 4), but when the

shocked household had low access to insurance in the pre-period, the fall in

income associated with 1 unit greater Closeness is approximately 60% larger

(column 5). In turn, the consumption of indirectly affected households falls

by 2.5 times more when exposed to an uninsured shock (column 6).52 In sum,

although differences across shocks to households with high and low access to

informal insurance cannot be estimated with precision, the magnitudes suggest

that incompleteness in informal insurance markets plays a role in the direct

and indirect effects of idiosyncratic shocks.53 In sum, different networks play

different roles: shocks propagate through labor and production networks and

are mitigated through risk-sharing networks.

5.3 Rigidities in local networks

The presence of frictions affecting directly shocked households, discussed above,

plays a key role in propagation. However, an additional condition for shocks to

propagate is that the indirectly affected households not be able to frictionlessly

shift to new transaction partners.54

52This decline is consistent with the finding of no impact on incoming gifts among indi-
rectly shocked households, possibly because, as idiosyncratic shocks become aggregate, the
effectiveness of local insurance networks declines. See Appendix section B.4.

53While we cannot reject equality of effects on business spending by access to insurance
at conventional levels (p-value=0.102), we are able to reject the null of equal or lower effects
for households with access to insurance at 10% (p-value=0.051). Likewise we are able to
reject the null of smaller indirect effects on consumption associated to shocks to insured
households at 10% (p-value=0.093).

54Evidence from other contexts suggests market frictions may limit transactions across
businesses. For instance, Johnson et al. (2002) highlights the role of limited legal enforce-
ment. Other frictions may stem from product specificity (Barrot and Sauvagnat, 2016),
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Frictions in rewiring economic networks may lead to a large degree of per-

sistence. To test for rigidities in the local networks, we construct a dyadic

data set that includes indicators of whether each pair of sample households

(dyads) transacted in year t either in the local goods, labor, or financial mar-

ket and estimate the extent to which past transactions predict future transac-

tions, conditional on measures of similarity and connections based on kinship

networks at baseline. (See Appendix B.6 for details.) Appendix Table A13

presents the results, showing that labor-market and supply-chain networks ex-

hibit a striking degree of rigidity over time. For instance, column 8 shows

that dyads linked through the labor-market network at period t − 1 are 33

percentage points more likely to transact in period t, relative to those who did

not transact in t− 1. This level of persistence is an order of magnitude above

the probability that two randomly chosen nodes in the network transact in a

given year in the labor market (0.061) or supply chain (0.051); the persistence

in the supply-chain and labor-market networks is also greater than that seen

in the gift and loan network (columns 9–12).55

6 Concluding remarks

Local networks among households are understood to help to smooth consump-

tion in the face of risks that households face directly (health, income, etc).

Yet such insurance networks are imperfect and not everyone participates. Be-

cause many households in low- and low-middle-income countries are also en-

relationship specificity (Elliott, 2015), and market power (Grant and Startz, 2022).
55One implication is that the indirect effects of shocks that propagate via these networks

may be quite persistent. Indeed, Figure A7 reports event-study estimates of equation 3
over a larger post-period time span of 4 years (8 half years). It suggests that the network
disruptions induced by the shocks are persistent in both supply-chain (Panel A) and labor-
market (Panel B) networks, showing no evidence of dissipating even 4 years post shock.
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trepreneurs, they are also embedded in another set of local networks, in supply

chains and in labor markets. These networks may increase exposure to shocks

faced by local trading partners. We leverage variation in the timing of health

shocks to quantify the interaction across these networks in mitigating and

propagating risk.

Health shocks put substantial pressure on household budgets and labor

endowments. As a result, under-insured shocked households adjust produc-

tion: they draw down working capital, cut input spending, and reduce labor

hiring. These adjustments propagate the shock to other households through

interlinkages in local supply-chain and labor-market networks. The aggregate

indirect effects imply a consumption multiplier of approximately 1.7.

We provide evidence that both direct and indirect effects are mitigated by

access to local risk-sharing networks. Because such access is heterogeneous,

shocks to underinsured households propagate. Network structure also shapes

propagation, with shocks in denser networks propagating more. These find-

ings are relevant in their own right and moreover serve as an omnibus test

of misallocation: in an efficient economy the shocked firm’s share of village

value added would be a sufficient statistic for the extent of aggregate impacts

(Hulten, 1978). That is not the case here. Small players, who are nevertheless

central in networks, can be a risk factor for the village economy, creating de

facto aggregate shocks.

Our findings suggest interventions that may be beneficial. First, investing

in preventative heath to reduce the severity of shocks benefits not only the

household whose health improves, but also others in the local network. In

addition, improved safety nets may help prevent granular shocks from propa-

gating via the incomplete insurance channel. Given that the ability to buffer

idiosyncratic shocks increases with the number of households participating in
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the insurance network, limited local networks alone may be unable to diver-

sify severe idiosyncratic risk. Formal commercial insurance contracts or social

insurance could enable better risk coping and thus reduce propagation. Elec-

tronic payment platforms that identify key players in network structure could

allow insurers to better target recipients who are key nodes in networks.

Because fully insuring against all idiosyncratic shocks is infeasible, pol-

icy interventions should also strive to improve the functioning of local labor

markets and to make production networks less rigid and more diversified. In-

terventions to improve contract enforcement (Fazio et al., 2020) or to broaden

the extent of product and factor markets beyond the local village market

(Park et al., 2021) may reduce the rigidity and sparsity of supply-chain and

labor-market networks and hence mitigate propagation and persistent adverse

impact.
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Figure 1: Direct effects of health shocks

Note: Each dot represents differences between treatment and control households
in changes in outcomes relative to the period preceding the beginning of the shock
(τ = −1).The estimating sample includes 2 years before and after the shock divided
in half-year bins. All specifications control for household time-variant demographic
characteristics, as well as household and month fixed effects. 90% confidence inter-
vals are computed using standard errors clustered at the household level. Costs and
revenues exclude costs and earnings associated with the provision of labor to other
households or firms. All variables measured in THB are winsorized with respect to
the 99% percentile.
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Table 1: Effects on spending and family businesses

Panel A: Using shocks occurring in the first half of the sample.
(1) (2) (3) (4) (5) (6) (7) (8)

Any health issues Health Spending Non health spending Total Spending Biz. Spending Hired labor (Hrs/Month) HH Labor (Hrs/Month) Revenues

Post X Treatment 0.0765 536.1 82.83 619.0 -1653.5 -14.66 -10.90 -1531.5
(0.0231) (91.62) (339.4) (363.6) (797.5) (7.730) (8.608) (1018.6)

Baseline mean (DV) 0.361 152.4 5277.6 5430.0 7333.5 17.73 151.8 14335.4
Observations 22804 22805 22805 22805 22805 22805 22805 22805
Number of events 247 247 247 247 247 247 247 247
Adj. R-Squared 0.230 0.0489 0.147 0.154 0.790 0.601 0.714 0.644

Panel B: Using all shocks
(1) (2) (3) (4) (5) (6) (7) (8)

Any health issues Health Spending Non health spending Total Spending Biz. Spending Hired labor (Hrs/Month) HH Labor (Hrs/Month) Revenues

Post X Treatment 0.0857 411.6 240.7 652.2 -1342.0 -9.934 -15.13 -1774.0
(0.0167) (61.47) (336.3) (342.0) (514.3) (4.937) (6.485) (666.9)

Baseline mean (DV) 0.344 157.8 5767.7 5925.6 7194.1 15.92 140.2 14348.4
Observations 43244 43246 43246 43246 43246 43246 43246 43246
Number of events 470 470 470 470 470 470 470 470
Adj. R-Squared 0.225 0.0438 0.0985 0.107 0.759 0.684 0.657 0.571

Note: The Table reports estimates of β from equation (2) for different outcomes. Each column reports differences between
treatment and control households in changes in outcomes before and after the shock. All regressions control for household
demographic characteristics, household and month fixed effects. Standard errors are clustered at the household level.
Costs, labor, and revenues are aggregated across all businesses operated by household members, and exclude revenues and
costs of wage labor provision to other businesses or households. Hired labor and labor provided by household members
are measured in hours/month.
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(a) Total transactions (b) Supply-chain (sales) network trans-
actions

(c) Labor network transactions (d) Total income

(e) Consumption Spending

Figure 2: Indirect effects on transactions, income and consumption

Note: The Figure presents flexible difference-in-difference estimates of the indirect
effects of idiosyncratic shocks on local businesses, following equation (3). All regres-
sions include household fixed effects, event fixed effects, month fixed effects, village-
and year-fixed effects, and household size, household average age and education,
and the number of adult males and females in each household. Each dot captures
differences in changes in outcomes with respect to the half-year preceding the shock
(-1) between more- and less-exposed households. Standard errors are two-way clus-
tered at the household (i) and shock level (j). All variables measured in THB are
winsorized with respect to the 99% percentile.
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Table 2: Propagation of idiosyncratic shocks

Propagation through village networks

(1) (2) (3) (4) (5)
Input/Output Hired labor All transactions Income Total spending

Post X closeness (village network) -0.20 -0.11 -0.31 -1,232 -293
(0.06) (0.04) (0.08) (422) (156)

Observations 411,535 411,535 411,535 411,535 411,535
R-squared 0.44 0.23 0.37 0.20 0.64
Pre-period Mean 0.997 0.469 1.466 10301 7220
Number of events 391 391 391 391 391

Note: The Table presents estimates of β from equation (4). Closenessi,j denotes
inverse distance to the shocked household during the year preceding the shock to
j. Each coefficient captures differences in changes in outcomes before and after
the shock between more- and less-exposed households, through village networks.
Each regression includes household (i), event j, and month fixed effects, as well
as demographic characteristics such as household size, average age, education and
number of male and female adults. Standard errors are two-way clustered at the
household (i) and event (j) level.

Table 3: Propagation effects on outgoing and incoming transactions

(1) (2) (3) (4) (5) (6)
Input/output Labor Total transactions

Outgoing Incoming Outgoing Incoming Outgoing Incoming

Post X closeness (village network) -0.08 -0.12 -0.09 -0.03 -0.16 -0.15
(0.04) (0.03) (0.03) (0.03) (0.05) (0.04)

Observations 411,535 411,535 411,535 411,535 411,535 411,535
R-squared 0.53 0.27 0.15 0.22 0.44 0.25
Pre-period Mean 0.496 0.500 0.181 0.288 0.678 0.788
Number of events 391 391 391 391 391 391

Note: The Table presents estimates of β from equation (4). Closenessi,j denotes
inverse distance to the shocked household during the year preceding the shock to
j. Each coefficient captures differences in changes in outcomes before and after the
shock between more- and less-exposed households, through village networks. Each
regression includes household (i), event j, month fixed effects, and demographic
characteristics such as household size, average age, education and number of male
and female adults. Standard errors are two-way clustered at the household (i) and
event (j) level.
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Table 4: Propagation of idiosyncratic shocks through supply-chain and labor-
market networks

(1) (2) (3) (4) (5)
Input/Output Hired Labor All transactions Total Income Total Spending

Post X closeness (supply-chain network) -0.23 0.02 -0.20 -107 57
(0.07) (0.04) (0.08) (468) (173)

Post X closeness (labor-market network) -0.03 -0.21 -0.24 -1,283 -477
(0.07) (0.04) (0.08) (426) (157)

Observations 411,535 411,535 411,535 411,535 411,535
R-squared 0.44 0.23 0.37 0.20 0.64
Pre-period Mean 0.997 0.469 1.466 10301 7220
Number of events 391 391 391 391 391

Note: The Table presents estimates of β from equation a variation of (4) where
Closenessi,j denotes inverse distance to the shocked household during the year pre-
ceding the shock to j, by type of network. Each coefficient captures differences in
changes in outcomes before and after the shock between more- and less-exposed
households, through supply-chain and labor-market networks. Each regression in-
cludes household (i), event j, and month fixed effects, as well as demographic char-
acteristics such as household size, average age, education and number of male and
female adults. Standard errors are two-way clustered at the household (i) and event
(j) level.

Table 5: Multiplier effects

Panel A: Pre-shock characteristics
Median

Market share (shocked household) 0.028
Avg. closeness (shocked household) 0.421

# of indirectly exposed households (pre-shock) 23

Panel B: Treatment effects
Point estimate

Direct effects on business spending (THB) -1653
Direct effects on business spending (% relative to pre-shock mean) -22.5

Indirect effects on consumption spending (THB) -293
Indirect effects on consumption spending at mean closeness (THB) -123
Indirect effects on consumption spending (% of pre-shock means) -1.68

Panel C: Aggregate effects
Estimate 95% CI 90% CI

Multiplier 1.71 [ 0.245, 7.866] [ 0.470, 5.569]
Elasticity 0.074 [ 0.011, 0.322] [ 0.021, 0.241]

Elasticity>Median Market share (p−value) 0.086

Note: Panel A reports medians across shocks. Median market share is computed as
the ratio of a shocked household’s total revenues during the year preceding its shock
(excluding labor income) divided by village aggregate value added measured during
the same period as in (Hulten, 1978). Avg. Closeness and the # of indirectly exposed
households are computed across all non-shocked households in the same village of a
shocked household. Households who suffer a direct shock themselves within a year
of the indirect shock are excluded from the calculations. Panel B reports direct and
indirect treatment effects based on column 5 of Table 1 and column 5 in Table 2.
Panel C reports back-of-the-envelope calculations. Confidence intervals are based
on percentiles of 500 bootstrap replications.
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Table 6: Propagation and network characteristics

Panel A:Village-level variation in degree of shocked household

(1) (2) (3) (4) (5)
Input/Output Hired labor All transactions Income Consumption

Post X Degree (z-score) -0.035 -0.045 -0.080 -277.522 -78.466
(0.014) (0.015) (0.022) (87.554) (40.804)

Observations 452,115 452,115 452,115 452,115 452,115
R-squared 0.423 0.209 0.355 0.203 0.627
Pre-period Mean 0.996 0.467 1.463 10321 7234
Number of events 389 389 389 389 389

Panel B: Village-level variation in pre-period network density

(1) (2) (3) (4) (5)
Input/Output Hired labor All transactions Income Consumption

Post X Density (z-score) -0.054 -0.025 -0.078 -381.301 -162.741
(0.015) (0.015) (0.023) (96.880) (34.763)

Observations 452,115 452,115 452,115 452,115 452,115
R-squared 0.423 0.209 0.355 0.203 0.627
Pre-period Mean 0.996 0.467 1.463 10321 7234
Number of events 389 389 389 389 389

Note: Panels A and B report results corresponding to equation (5) using degree cen-
trality of the shocked household and network density as proxies of village-level ex-
posure to shocks, respectively. All regressions include interactions of the post-shock
indicator with village size (number of households) and pre-shock Domar weights
(market share) of the shocked household computed by dividing the shocked house-
hold gross revenues during the 12 months preceding the shock by the village-level
aggregate value added during a similar time frame). Standard errors are clustered
at the event level.
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Online Appendix: Propagation and Insurance

in Village Networks Online Appendix

A Supportive evidence

(a) Supply chain (b) Labor

(c) Kinship (d) Financial

Figure A1: Socioeconomic Networks for a sample village

Note: The Figure depicts undirected, unweighted networks corresponding to a sample village
in our sample. Each dot represents a node. The size of the node increases with the number
of links of each node. Each link represents whether two households have transacted during
the reference period. The transaction networks are measured on an annual basis. The
reference period for is 2005. Supply chain networks include transactions of raw material
and intermediate goods as well as final goods between businesses operated by households
in the same village. Labor networks include relationships through paid and unpaid labor
between households in the same village. Kinship networks are measured at baseline in
1998, while transaction networks are measured on an annual basis. Financial networks are
constructed based on gifts and loans between households in the same village.
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Table A1: Summary statistics

Panel A: Household baseline characteristics
N Mean S.D. 10th %ile 90th%ile

Number of household members 510 4.53 1.87 2 7
Number of adults 510 2.87 1.38 1 5
Age (household head) 508 52.00 13.49 35 70
Age (household average) 510 34.19 12.14 21 52
Household head is male 508 0.77 0.42 0 1
Years of schooling: Household head 505 4.49 2.59 3 7
Years of schooling: Household maximum achievement 510 8.19 3.64 4 14
Years of schooling: Household average 510 5.09 2.17 3 8

Panel B: Household finance (annual data)
N Mean S.D. 10th %ile 90th%ile

Net Income in THB:
Farm 7650 134203.22 1377160.98 -151 316242
Off-farm business 7650 19061.31 115429.66 0 40654
Labor 7650 48537.08 102427.94 0 141428
Total from operations (farm+off-farm + labor) 7650 516020.23 2490777.97 15228 1104350
Gifts/transfers 7650 23935.48 184141.89 -11632 75635
Total net income (Operations+Gifts/Transfers) 7650 539955.71 2497465.40 29614 1116092
Consumption in THB
Food 7650 32916.51 21912.78 11865 60521
Total consumption 7650 98030.54 99438.08 24189 204476
Household Assets and Debt
Total Assets (THB) 7650 2345327.56 7351009.41 168188 4660295
Fixed Assets/ Total Assets (%) 7650 53.12 27.12 13 88
Total debt/Total assets (%) 7650 11.60 21.42 0 27

Panel C: Village networks
N Mean S.D. 10th %ile 90th%ile

Supply chain (sales) network: Degree (number of links) 7650 1.36 2.71 0 3
Supply chain (sales) network: Participation (any link) 7650 0.51 0.50 0 1
Labor-market network: Degree 7650 3.33 4.51 0 9
Labor-market network: Participation 7650 0.66 0.46 0 1
Financial network: Degree 7650 0.70 1.40 0 2
Financial network: Participation 7650 0.38 0.48 0 1
Baseline kinship network: Degree 7650 2.36 2.19 0 6
Baseline kinship network: Participation 7650 0.77 0.42 0 1

Panel D: Village and firm size
N Mean S.D. 10th %ile 90th%ile

Number of households in the village (Baseline census) 16 160.95 89.61 74 330
Village-level average firm size (based on annual gross revenues) 240 341049 397630 59966 620106
Village-level standard deviation of firm size (based on annual gross revenues) 240 618847 1452882 69877 1222209
Village-level kurtosis of average Village firm size (based on annual gross revenues) 240 10.13 5.92 4 19

Note: Panel A reports summary statistics on demographic characteristics measured at base-
line. Panel B reports household financial characteristics based on annual averages using a
balanced panel of 509 households. Farm income includes income from agriculture, livestock,
fish and shrimp. Off-farm income excludes earnings from labor provision. In both cases
income is net of operation costs. Gifts and transfers include transactions from both house-
holds inside and outside the village, as well as receipt of government transfers. Consumption
includes spending and consumption of home production. In Panel C, all networks are unval-
ued and undirected; all links have equal weight and the direction of the transaction is not
considered. Kinship networks are measured at baseline; transaction networks are measured
on an annual basis. Financial networks are constructed based on gifts and loans between
households in the same village. Supply chain networks include transactions of raw mate-
rial and intermediate goods between businesses operated by households in the same village.
Labor networks include relationships through paid and unpaid labor between households in
the same village. Degree: Number of households with whom each household transacted in
each year. Access: Takes the value of 1 if the household has participated in the network
in a given year and 0 otherwise. Panel D, reports characteristics at the village level (16
villages). Firm-size statistics are computed at village-year level.
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Figure A2: Direct effects of health shocks

Note: Each dot represents differences between treatment and control households
in changes in outcomes relative to the period preceding the beginning of the shock
(τ = −1).The estimating sample includes 2 years before and after the shock divided
in half-year bins. All specifications control for household time-variant demographic
characteristics, as well as household and month fixed effects. 90% confidence inter-
vals are computed using standard errors clustered at the household level.
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Figure A3: Changes in household outcomes before and after the shock

Note: The Figure plots means of average monthly health spending, total consump-
tion, business spending, hired labor, household labor and revenues for the four half-
years preceding and following the shock. All variables are normalized with respect
to the pre-shock mean. Period τ = −1 denotes the half-year preceding the shock
onset. Total consumption spending includes health spending. Revenues include in-
come streams from all household enterprises and exclude earnings from providing
wage labor to other households.
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Table A2: Direct effects on housework

Panel A: Using shocks occurring during the first half of the sample
(1) (2)

# of hh members # of days

Post X Treatment -0.0870 -3.326
(0.0572) (1.781)

Baseline mean (DV) 2.932 81.22
Observations 22805 22805
Number of events 247 247
Adj. R-Squared 0.801 0.775

Panel B: Using all shocks
(1) (2)

# of hh members # of days

Post X Treatment -0.100 -3.344
(0.0387) (1.199)

Baseline mean (DV) 3.034 85.42
Observations 43246 43246
Number of events 470 470
Adj. R-Squared 0.780 0.757

Note: The Table reports estimates of β from equation (2) for different out-

comes. Each column reports differences between treatment and control households

in changes in outcomes before and after the shock. All regressions control for house-

hold demographic characteristics, household and month fixed effects. # of days is

computed by adding across household members the number of days in which house-

hold member performed housework activities (e.g., cooking, cleaning, taking care of

children, etc.) Standard errors are clustered at the household level.
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Table A3: Direct and indirect effects: Alternative shock definitions

Panel A: Direct Effects

Max. Changes Highest Spending (excluding small spending levels) Health Spending >Avg. Food Spending Health Spending¿mean + SD Suspended activities > 7 days

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Health Spending Business Spending Health Spending Business Spending Health Spending Business Spending Health Spending Business Spending Health Spending Business Spending

Post X Treatment 467.4 -1662.5 664.6 -1896.8 829.5 -3669.1 719.7 -2947.2 398.9 -2267.4
(81.02) (780.7) (114.6) (897.6) (143.9) (1951.3) (120.4) (1535.8) (121.7) (1238.7)

Baseline mean (DV) 141.0 7032.4 169.0 8113.8 218.0 10387.8 228.9 9983.4 173.1 5759.5
Observations 22250 22250 20055 20055 7616 7616 8871 8871 10681 10681
Number of events 228 228 184 184 87 87 104 104 128 128
Adj. R-Squared 0.0610 0.803 0.0507 0.788 0.0500 0.819 0.0896 0.753 0.0792 0.836

Panel B: Indirect Effects

Max. Changes Highest Spending (excluding small spending levels) Health Spending >Avg. Food Spending Health Spending >mean + SD Suspended activities >7 days

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
# Transactions Income # Transactions Income # Transactions Income # Transactions Income # Transactions Income

Post X Closeness -0.307 -1224.4 -0.350 -1200.2 -0.446 -1149.9 -0.230 -663.1 -0.351 -916.4
(0.0804) (415.2) (0.0742) (499.8) (0.166) (1104.2) (0.107) (932.3) (0.0880) (669.8)

Baseline mean (DV) 1.427 10381.4 1.249 11531.1 1.116 14158.0 1.062 14508.1 1.252 10780.3
Observations 408709 408709 303440 303440 68781 68781 105907 105907 127003 127003
Number of events 389 389 284 284 142 142 181 181 224 224
Adj. R-Squared 0.379 0.201 0.357 0.193 0.336 0.195 0.357 0.188 0.395 0.196

Note: The table reports direct and indirect effects using alternative definitions of shocks. Columns 1 and 2 show

results corresponding to a definition of shocks based on the timing of symptoms that coincide with the largest monthly

change in health spending. Columns 3 and 4 report results from our main specification but excluding shocks associated

to a post-shock six-month cumulative health spending falls within the bottom 75% of the post-shock cumulative health

spending distribution among control households. Columns 5 and 6 report results of a shock definition based on whether

health spending is larger than the average food consumption for each household. Columns 7 and 8 report results of an

alternative shock definition based on whether health spending exceeds its sample average by more than one standard

deviation. Columns 9 and 10 report results based on alternative shock definition based on the number of days that a

household members suspended activities (>7 days). Standard errors in parentheses.
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Table A4: Direct effects: allowing for multiple, non overlapping shocks per household.

Shock (Spending>food spending) Shock (Activities)
Single Shock Multiple shocks Single Shock Multiple shocks

(1) (2) (3) (4) (5) (6) (7) (8)
Health spending Business spending Health spending Business spending Health spending Business spending Health spending Business spending

Post X Treatment 829.5 -3669.1 975.4 -4367.8 398.9 -2267.4 294.1 -2111.1
(143.9) (1951.3) (145.8) (1743.8) (121.7) (1238.7) (97.63) (1020.8)

Baseline mean (DV) 218.0 10387.8 316.5 12423.8 173.1 5759.5 197.3 6000.6
Observations 7616 7616 12622 12622 10681 10681 11038 11038
Number of events 87 87 184 184 128 128 162 162
Adj. R-Squared 0.0500 0.819 0.123 0.778 0.0792 0.836 0.0716 0.745

Note: The table reports results corresponding to specifications that allow for a single shock occurrence per household

(the first shock) and multiple, non-overlapping shocks per households. Columns 1 to 4 report results based on shocks

related to episodes of high health spending (larger than the household average food consumption). Columns 5 to 8

report results related to the shock definition based on having suspended activities for at least 7 days. Standard errors in

parentheses. Direct effects using a single shock are estimated using equation (2) while direct effects that allow for multiple

shocks are estimated using equation (6).
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Table A5: Direct and indirect effects: Shocks based on suspended activities

Panel A: Direct Effects

Suspension of activities due to sickness (household level)

At least one day 7 or more days One sd above mean disruption time

(1) (2) (3) (4) (5) (6)
Health Spending Business Spending Health Spending Business Spending Health Spending Business Spending

PostXTreat 48.44 -1205.8 398.9 -2267.4 435.7 -1943.0
(110.2) (859.3) (121.7) (1238.7) (141.1) (1044.4)

Baseline mean (DV) 184.2 6099.3 173.1 5759.5 205.0 6120.6
Observations 13261 13261 10681 10681 9757 9757
Number of events 215 215 128 128 117 117
Adj. R-Squared 0.0442 0.743 0.0792 0.836 0.0767 0.847

Panel B: Indirect Effects

Suspension of activities due to sickness (household level)

At least one day 7 or more days One sd above mean disruption time

(1) (2) (3) (4) (5) (6)
# Transactions Income # Transactions Income # Transactions Income

Post X Closeness -0.179 -753.3 -0.351 -916.4 -0.284 -593.7
(0.0904) (513.1) (0.0880) (669.8) (0.0967) (570.2)

Baseline mean (DV) 1.442 8914.7 1.252 10780.3 1.247 11189.6
Observations 222319 222319 127003 127003 108869 108869
Number of events 351 351 224 224 215 215
Adj. R-Squared 0.404 0.182 0.395 0.196 0.408 0.207

Note: The table reports direct and indirect effects using alternative definitions

of shocks based on a household member suspending their primary activities for at

least X days. Columns 1 and 2 report results for X > 0, columns 3 and 4 report

results for X ≥ 7 and columns 5 and 6 report results for X ≥ average disruption

length in days (9 days). Standard errors in parentheses.
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Table A6: Direct effects: Robustness to alternative control groups.

Randomly selected Using not-yet-treated Using not currently Callaway & Main spec. with
placebo group as controls treated as controls San’t anna (2021) unbalanced panel

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Health Spending Biz. Spending Health Spending Biz. Spending Health Spending Biz. Spending Health Spending Biz. Spending Health Spending Biz. Spending

Treatment effect 467.1 -1016.5 416.6 -1383.4 844.8 -720.5 362.0 -1625.8 434.9 -1438.9
(64.64) (444.5) (59.09) (389.2) (126.0) (315.1) (59.45) (719.1) (64.52) (664.6)

Baseline mean (DV) 196.5 7542.0 140.8 6661.3 161.7 7626.1 68.52 4886.5 143.9 6796.4
Observations 43155 43155 132698 132698 21409 21409 N.A. N.A. 26559 26559
Number of events 470 470 353 353 470 470 247 247 292 292
Adj. R-Squared 0.0590 0.787 0.0533 0.782 0.0247 0.793 N.A. N.A. 0.0576 0.804

Note: The table reports results corresponding to alternative specifications using different control groups and estimation

strategies. Columns 1 and 2, report estimates using our main specification (equation (2)), but using control whose placebo

shock is allocated at random. Columns 3 and 4, use a stacked differences-in-difference specification under which the control

group for each household is made up of households in the same village that had not been treated yet, at the time of the

onset of the shock based on equation (7). Columns 5 and 6, present results using a standard two-way fixed effects

specification withing 2 years of the onset of the shock in which the control group is made up of households in the sample

who were not simultaneously treated based on equation (8). Columns (7) and (8) report (Callaway and Sant’Anna, 2021)’s

doubly-robust difference-in-difference estimates using households treated in the second half of the sample as controls for

households treated earlier on. Columns 9 and 10 report estimates from our main specification (using shocks in the first

half of the panel) using an unbalanced panel of 709 households (including 199 who either left the sample or entered the

sample later on as replacements). See Appendix Section B.2.1 for details. Standard errors in parentheses.
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Figure A4: Event-study estimates using Callaway and Sant’Anna (2021)’s
approach

Note: The figure depicts event-study estimates of the direct effects of shocks on
health and business spending using Callaway and Sant’Anna (2021)’s doubly robust
difference-in-difference estimator. The control group is made up of household who
suffer a health shock during the second half of the panel. Estimations control for
number of household members, average household age, and average household years
of schooling. Confidence intervals are based on standard errors, clustered at the
household level.

10



Table A7: Spending co-movements with health status

Panel A: Symptom - Health spending comovements
(1) (2) (3) (4) (5) (6) (7)
D.Health spending D.Health spending D.Health spending D.Health spending D.Health spending D.Health spending D.Health spending

D.Experienced any symptom 431.3 438.6 441.2
(44.99) (46.31) (44.90)

D.Experienced uncommon symptoms 734.9 747.1 742.3 775.8
(119.8) (123.6) (119.4) (118.1)

DV mean (no symptoms) -1.997 -0.574 -1.997 -0.574 -1.997 -0.574 -1.997
Observations 83266 83875 80647 81195 80647 81195 81195
Adj. R-Squared 0.00645 0.00504 0.00640 0.00499 0.00576 0.00444 0.00997

Panel B: Symptom - Business spending comovements

(1) (2) (3) (4) (5) (6) (7)
D.Business spending D.Business spending D.Business spending D.Business spending D.Business spending D.Business spending D.Business spending

D.Experienced any symptom -118.9 -122.8 -81.49
(98.10) (100.0) (97.75)

D.Experienced uncommon symptoms -427.5 -433.4 -380.3 -413.2
(203.7) (208.8) (207.0) (207.4)

DV mean (no symptoms) 99.84 96.05 99.84 96.05 99.84 96.05 99.84
Observations 83266 83875 80647 81195 80647 81195 81195
Adj. R-Squared 0.0191 0.0199 0.0195 0.0205 0.0635 0.0635 0.0637
Demographic characteristics No No Yes Yes Yes Yes Yes
Village X month FE No No No No Yes Yes Yes
Controls for other symptoms No No No No No No Yes

Note: The table reports co-movements between health status and spending. The estimates correspond to Gertler and
Gruber (2002)’s specification: ∆Spendingi,v,t = β∆Health Statusi,v,t + δv,t + εi,v,t. Where ∆Xi,v,t measures the changes
in X between months t and t− 1, δv,t denotes village-month fixed effects, and ε denotes an error term.

11



(a) Total transactions (b) Total income

(c) Spending

Figure A5: Indirect effects by distance to shocked households

Note: The figure depicts indirect effects of the shocks based on distance to the
shocked household in the pre-shock network. The coefficients correspond to a re-
gression of the dependent variable on a Post shock indicator, distance-to-shocked
household dummies, and interactions of the Post-shock indicator and the distance
dummies. The base distance category is households that are more than 5 links away
from the shocked households or that are unconnected to the shocked household. All
regressions include household fixed effects, event fixed effects, month fixed effects,
household size, household average age and education, the number of adult males and
females in each household, and control for degree centrality interacted with month
fixed effects. 95% confidence intervals are based on standard errors that are two-way
clustered at the household (i) and shock level (j). All variables measured in THB
are winsorized with respect to the 99% percentile.
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Table A8: Indirect effects: Robustness to alternative specifications

Diff-in-diff specification (Post X Closeness) Triple Difference Fadlon & Nielsen
approach

Village-month FE Unconnected households Unbalanced panel Only shocks to small firms (Post X Closeness X Treatment) (Post X Treatment)

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
VARIABLES Transactions Income Transactions Income Transactions Income Transactions Income Transactions Income Transactions Income

Treatment effects -0.19 -816 -0.18 -912 -0.24 -1,232 -0.24 -1,362 -0.18 -1,570 -0.22 -1,206
(0.04) (437) (0.06) (402) (0.06) (422) (0.08) (494) (0.09) (488) (0.11) (632)

Observations 411,535 411,535 445,621 445,621 411,535 411,535 195,822 195,822 832,155 832,155 20,730 20,716
R-squared 0.44 0.26 0.37 0.20 0.38 0.20 0.39 0.24 0.37 0.20 0.39 0.22
Pre-period Mean 0.936 10301 0.919 10571 0.709 9116 1.021 9119 1.389 10496 1.520 7202
Number of events 391 391 421 421 391 391 190 190 458 458 474 473

Note: Columns 1 to 8 present estimates of β from equation (4) Each coefficient captures differences in changes in outcomes
before and after the shock between more- and less-exposed households, through village networks. Columns 9 and 10 report
triple difference estimates corresponding to equation (9) of a triple interaction between closeness to the shocked household,
a post-shock dummy, and an indicator of whether the shock is an actual shock or a placebo shock (see Appendix Section
B.3.1 for details). In this case, we winsorized the number of transactions corresponding to the supply-chain networks.
Columns 11 and 12 report estimates corresponding to equation (2) using the subsample of households with a direct or
indirect connection to the shocked household; the control group is households with a direct or indirect connection to a
control household (see Appendix Section B.3.2 for details). Standard errors are two-way clustered at the household (i)
and event (j) level.
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Figure A6: Incoming gifts

Note: The figure reports coefficients from equation 1 for incoming gifts/transfers.
Each dot represents differences between treatment and control households in changes
in outcomes relative to the period preceding the beginning of the shock (τ = −1).The
estimating sample includes 2 years before and after the shock divided in half-year
bins. All specifications control for household time-variant demographic character-
istics, as well as household and month fixed effects. 90% confidence intervals are
computed using standard errors clustered at the household level.
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Table A9: Direct and indirect effects by household- and hired-labor comple-
mentarities and by engagement in risk-sharing networks

Panel A: Direct effects
By hired-household labor complementarities By engagement in risk-sharing networks

(1) (2) (3) (4) (5) (6)
Total hh spending in health Hired Labor Costs Total hh spending in health Gifts+Loans Costs

(1) Low 383.7 -3.193 -1244.9 411.2 280.2 -2350.6
(82.28) (4.201) (702.5) (73.27) (360.6) (973.6)

(2) High 438.9 -16.48 -1435.0 416.2 736.9 -409.0
(80.99) (9.075) (747.6) (109.0) (415.4) (594.3)

Difference (2)-(1) -55.15 13.29 190.1 -5.048 -456.7 -1941.6
S.E. Difference 107.5 10.22 1025.7 129.2 526.1 1186.0
P-value(H0:Difference=0) 0.608 0.194 0.853 0.969 0.386 0.102
P-value(H0:Difference≤0) 0.304 0.0972 0.427 0.484 0.193 0.0512

Baseline mean (DV) 157.8 15.92 7194.1 152.9 2906.3 7617.2
Observations 43246 43246 43246 39835 39835 39835
Adj.R-Squared 0.0438 0.684 0.759 0.0424 0.0463 0.762

Panel B: Indirect effects
By hired-household labor complementarities By engagement in risk-sharing networks

(1) (2) (3) (4) (5) (6)
Transactions Income Spending Transactions Income Spending

(1) Low -0.294 -1016.0 -201.5 -0.271 -1626.8 -457.6
(0.0888) (538.9) (187.5) (0.109) (520.9) (194.3)

(2) High -0.330 -1437.0 -392.0 -0.379 -1038.8 -168.0
(0.0995) (500.8) (186.4) (0.0890) (518.2) (193.2)

Difference (2)-(1) 0.0363 420.9 190.5 0.108 -588.0 -289.6
S.E. Difference 0.106 615.8 204.0 0.123 576.9 218.9
P-value(H0:Difference=0) 0.733 0.495 0.351 0.380 0.309 0.187
P-value(H0:Difference≤0) 0.367 0.247 0.176 0.190 0.154 0.0934

Baseline mean (DV) 1.466 10301.5 7220.2 1.466 10301.5 7220.2
Observations 411535 411535 411535 383404 383404 383404
Adj.R-Squared 0.372 0.202 0.638 0.370 0.202 0.636

Note: Panel A reports estimates of β1 and β2 from equation (10) in section B.5. Each
column reports differences between treatment and control households in changes
in outcomes before and after the shock. Panel B presents estimates of β1 and
β2 from equation (11). In columns 1 to 3, we split the sample by the degree of
complementarity between household and hired labor, measured as the pre-shock
co-movements between the idiosyncratic component of labor provided by household
members and labor hired externally. In columns 4 to 6, we split the sample by access
to informal insurance networks measured as pre-shock co-movements between the
idiosyncratic component of returns over assets and net gifts, as in Samphantharak
and Townsend (2018). In both cases “High” and “Low” refers to the directly-
shocked household and is defined with respect to the median (above vs. below) of
the pre-shock gift-returns co-movements and internal-external labor comovements.
Standard errors are clustered at the household level.
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Table A10: Response to shocks: coping mechanisms

Panel A: Direct effects

(1) (2) (3) (4) (5)
Gifts/Transfers Loans Fixed Assets Cash in Hand Unpaid labor

(Hrs/Month)

Post X Treatment 560.7 70.40 -6053.9 -13452.2 1.832
(214.4) (239.4) (5984.8) (22948.1) (1.557)

Baseline mean (DV) 1938.1 271.7 123322.2 368842.9 6.197
Observations 22805 22805 22805 22805 22805
Number of events 247 247 247 247 247
Adj. R-Squared 0.165 0.00972 0.892 0.882 0.212

Panel B: Indirect effects
Gifts/Transfers Loans Fixed Assets Cash in Hand Unpaid labor

(Hrs/Month)

Post X Closeness (village network) -90.16 -99.89 -6430.7 -11242.7 -0.974
(123.1) (120.2) (4482.9) (20699.1) (1.023)

Baseline mean (DV) 2274.0 67.80 124816.9 410614.0 5.841
Observations 411535 411535 411535 411535 411535
Number of events 391 391 391 391 391
Adj. R-Squared 0.141 0.0385 0.805 0.815 0.269

Note: Panel A reports estimates of β from equation (2) for different outcomes. Each
column reports differences between treatment and control households in changes in
outcomes before and after the shock. Panel B presents estimates of β from equation
(4). Closenessi,j denotes inverse distance to the shocked household during the
year preceding the shock to j. Each coefficient captures differences in changes in
outcomes before and after the shock between more- and less-exposed households
through village networks. Each regression in Panel B includes household (i), event
j, and month fixed effects, as well as demographic characteristics such as household
size, average age, education and number of male and female adults. Incoming unpaid
labor is in hours/month. All standard errors are two-way clustered at the household
(i) and event (j) level.
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Table A11: Indirect effects of health shocks on gift/transfers to other house-
holds

(1) (2) (3)
# of gifts Gift ($ THB) Gift+Loans ($ THB)

Post X Closeness (village network) -0.00602 -65.36 -90.7
(0.00686) (56.02) (64.91)

Baseline mean (DV) 0.0287 905.2 1019.9
Observations 411535 411535 411535
Number of events 391 391 391
Adj. R-Squared 0.0633 0.302 0.231

Note: The Table presents estimates of the indirect effect of the idiosyncratic health
shocks on gifts and transfers provided to other households in the village. The Table
presents estimates of β from equation (4). Closenessi,j denotes inverse distance to
the shocked household during the year preceding the shock to j. Each coefficient
captures differences in changes in outcomes before and after the shock between more-
and less-exposed households, through village networks. Each regression includes
household (i), event j, month fixed effects (odd columns), and village-month (even
columns), as well as demographic characteristics such as household size, average
age, education and number of male and female adults. Standard errors are two-way
clustered at the household (i) and event (j) level.

Table A12: Heterogeneous direct effects by age of shocked household member

(1) (2) (3) (4)
Health spending Business spending Hired labor (Hrs/Month) HH Labor (Hrs/Month)

Non working age 567.3 -700.0 0.365 -11.75
(116.3) (705.9) (1.366) (10.08)

Working age (18-60) 376.8 -1739.6 -19.23 -6.196
(56.72) (772.9) (10.50) (8.468)

Difference 190.5 1039.6 19.60 -5.551
S.E. Difference 129.1 1046.7 10.79 13.27
P-value Difference 0.141 0.321 0.0701 0.676
Baseline mean (DV) 154.8 7276.8 17.35 143.5
Observations 37100 37100 37100 37100
Adj.R-Squared 0.0427 0.773 0.691 0.674

Note: The Table reports estimates of β from equation (2) for different outcomes.
Each column reports differences between treatment and control households in
changes in outcomes before and after the shock. All regressions include controls
for demographic characteristics such as household size, average age, education and
number of male and female adults. Working age: Indicator that takes the value
of one if household i’s shock was suffered by a household member whose age was
between 18 and 60 years old - the Thai retirement age. Standard errors are clustered
at the household (i) level.
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Table A13: Persistence in transaction networks, by network type

Probability of a direct link at t

Supply chain Labor markets Gifts/loans

VARIABLES (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Lag Prob. of link at t− 1 (ρ) 0.469 0.460 0.378 0.378 0.427 0.401 0.333 0.333 0.260 0.258 0.209 0.209
(0.015) (0.014) (0.011) (0.011) (0.012) (0.013) (0.011) (0.011) (0.015) (0.015) (0.013) (0.013)

Kinship connection 0.100 0.100 0.110 0.110 0.091 0.091
(0.006) (0.006) (0.007) (0.007) (0.006) (0.006)

Demographic ( log euclidean distance) -0.019 -0.112 0.138
(0.119) (0.130) (0.071)

Net worth (log squared differences) -0.037 -0.006 -0.035
(0.027) (0.031) (0.017)

Mean DV 0.0508 0.0612 0.0122
Observations 234,192 234,192 234,192 234,192 234,192 234,192 234,192 234,192 234,192 234,192 234,192 234,192
Adjusted R-squared 0.221 0.227 0.268 0.268 0.189 0.207 0.241 0.241 0.067 0.069 0.102 0.102
Village-Year FE YES YES YES YES YES YES YES YES YES YES YES YES
Household i FE NO NO YES YES NO NO YES YES NO NO YES YES
Household j FE NO NO YES YES NO NO YES YES NO NO YES YES

Note: The table presents regression coefficients following the specification in equation (12). We model the probability that
a pair of households {i, j} trades in year t as a function of whether the couple traded in period t−1, by type of transaction.
Columns 1,5 and 9 present raw correlations, columns 2,6,and 10 include village-year fixed effects. Columns 3,7 and 11
control for kinship first-degree connections. Columns 4,8, and 12 also control for differences in baseline demographic
characteristics, differences in baseline wealth (e.g., assets net of liabilities), and household fixed effects. The coefficients
of Demographic and Net-worth distance are re-scaled by 100. All regressions are estimated over a sample of dyads of
households included in the survey sample that responded in all 172 monthly waves of the survey. Standard errors are
two-way clustered at the household i and j levels, and are presented in parentheses.
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(a) Supply-chain (sales) network trans-
actions

(b) Labor network transactions

Figure A7: Persistent indirect effects of shocks on transactions.

Note: The Figure presents flexible difference-in-difference estimates of the indirect
effects of idiosyncratic shocks on local businesses, following equation (3). All regres-
sions include household fixed effects, event fixed effects, month fixed effects, village-
and year-fixed effects, and household size, household average age and education,
and the number of adult males and females in each household. Each dot captures
differences in changes in outcomes with respect to the half-year preceding the shock
(-1) between more- and less-exposed households. Standard errors are two-way clus-
tered at the household (i) and shock level (j). All variables measured in THB are
winsorized with respect to the 99% percentile. We exclude shocks that occurred
within 4 years of the end of the panel, to ensure a balanced panel throughout the
analysis window.
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B Identifying shocks and their effects

B.1 Identifying shocks

Here we provide additional details related to identifying idiosyncratic health

shocks.

We identify shocks as the month with the highest level of reported health

spending throughout the panel. We compute monthly health spending as

the sum of spending on medicines, transportation to medical facilities, and

spending on either inpatient or outpatient care.

In some cases, our approach identified more than such episode per household–

i.e., two levels of spending of the same magnitude. In such cases, we focus on

the first episode to avoid sample selection issues due to repeated shocks, and

to ensure that the responses to the shocks are not driven by responses to

preceding large shocks.

To identify and exclude events related to pregnancy and childbirth, we

exclude the 35 events that coincide with the inclusion of a new child in the

household roster within 12 months of the sudden increase in health spending.

To account for potential anticipation effects, we define the beginning of

each event by subtracting the number of months preceding the episode of high

health spending during which household members reported health symptoms

from the month corresponding to the episode. For example, if the episode of

high health spending was recorded in month 100 and the symptoms started

being reported three months before, the beginning of the event is month 97.

For 405 events, we can identify the health symptoms reported at the time of

the events, and when these symptoms were first reported. In the case of the 85

households for which we could not identify the beginning of the symptoms,1

1There were 19 households for which symptoms were repeatedly reported for two years
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we coded the beginning of the event as three months before the episode of

high total health spending (the median period between the observed increases

in health spending and the first time symptoms were reported).

Figure B13 plots means of health spending and the self-reported probability

that at least one household member experienced health symptoms over time,

for the treatment and control groups. It shows that the control group does not

experience any change in health spending or health status around the placebo

shock, as expected. In the case of the treatment group, the sharp increase in

health spending coincides with sharp increases in spending on inpatient and

outpatient care. The magnitude of the increase in health spending suggests

that health shocks were quite severe. The figure also demonstrates that, prior

to the shock, the treatment and control groups are on similar trajectories in

terms of spending, symptoms, and probability of receiving care, supporting

the parallel trends assumption.

or more, and 68 households who lack information related to symptoms.
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B.1.1 Characteristics of shocks

Figure B8: Distribution of symptom duration before the episodes of high
health spending

Note: The figure plots the distribution of the number of consecutive months prior
to the episodes of high health spending for which at least one household member
reported health symptoms. The dashed vertical line denotes the median number of
consecutive months reporting symptoms before the episode of high health spending.
The last bar to the right captures the density of symptoms that were experienced
24 months or more before the episode of high health spending.
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Figure B9: Health status and spending before and after health shocks.

Note: The figure reports averages of health and total spending for periods before
and after the health shocks (left axis). The right axis reports the probability that at
least one household member reports health symptoms in a given month, before and
after the shocks. The horizontal axis represents normalized time with respect to the
event realization (time 0). Each time bin corresponds to quarters. All averages are
computed over a balanced panel of 505 households.
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Experienced other symptoms

Experienced chest pains/heart problems

Experienced infections

Experienced rheumatism

Experienced skin
disorders/scabies/ulcers/boils

Experienced diarrhea

Experienced fever/chills

Experienced respiratory problem/asthma

Experienced nausea/heartburn/abdominal
pains

Experienced cough/cold/influenza

Experienced toothache

Experienced eye sore

Experienced headache or dizziness

Suspended activities for 21 days or more

Suspended activities for 14 days or more

Suspended activities for 7 days or more

Suspended activities for at least one
day

Hospitalized

Outpatient care

Visited health facility due to accident

Post-shock year

Any year

Figure B10: Incidence of health conditions during shock and off-shock periods.

Note: The figure reports the proportion of symptoms experienced during the year
following the episodes of high-health spending and during any year. The sample
includes all households that ever experience a health shock according to our main
shock definition.
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(a) Distribution of initial event periods

(b) Distribution of shocks by number of simultaneously affected households in the
same village

Figure B11: Distribution of events by initial event period and number of
affected households

Note: The top panel plots a histogram capturing the distribution of survey months
associated the beginning of the health shocks across the full sample period.The
bottom panel plots the distribution of events by the number of households simulta-
neously affected in the same village.
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Table B14: Timing of health shocks and village and household characteristics

(1) (2)
Shock occurrence at t+1 P-value (Granger causality - 12 lags)

Income 0.00201 0.130
(0.00164)

Business Reveneues 0.00325 0.665
(0.00237)

Business Spending -0.00429 0.654
(0.00356)

Non health consumption 0.000310 0.810
(0.00163)

Health spending -0.135 0.628
(0.0763)

Borrowing 0.00584 0.711
(0.00599)

Lending -0.415 0.181
(0.343)

Incoming gifts -0.00331 0.427
(0.00412)

Outgoing gifts 0.000849 0.957
(0.0123)

Livestock -0.000660 0.0868
(0.00103)

Cash in hand -0.0000856 0.514
(0.0000702)

Fixed assets 0.0000836 0.129
(0.000289)

Land 0.000138 0.578
(0.0000942)

Observations 83875 77755
Adj. R-Squared -0.00458
P-value (Joint significance) 0.267
P-value (Hausman Test Village X month fixed effects) 0.392

Note: Column 1 reports OLS coefficients from a regression of the probability that a
shock occurs on t+1 on lagged household and business characteristics, controlling for
household and village fixed effects. The bottom panel reports p-values of an F-stest
of joint significance of all regressors, and p-values for the joint significance of the
village fixed effects computed using a Hausman specification test. Column 2 reports
p-values corresponding to a test of joint significance of the 12 lags of each household
and business outcomes. These p-values are computed based on the coefficients of a
regression of the probability of experiencing a shock at t+ 1 on the first 12 lags of
household and business characteristics, controlling for household and business fixed
effects. Standard errors are clustered at the household level to control for serial
correlation.
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Table B15: Time use in pre-shock periods: Count of days dedicated to different
activities

Number of days per month More than 15 days
Average Share

Cultivation 3.43 0.08
Livestock 6.55 0.21
Fish/Shrimp 1.13 0.02
Off-farm business 1.83 0.07
Housework 22.85 0.78
School or training 2.06 0.05
Positions in village organizations 0.15 0.00
Funerals/Weddings 0.56 0.00
Labor exchange outside home 0.02 0.00
Unpaid labor outside home 0.39 0.01
Paid labor outside home 3.94 0.12
Looking for a job 0.03 0.00
Sick 0.10 0.00

Note: The table reports participation in several activities for a subsample of indi-
viduals that reported being sick during the periods in which their household experi-
enced the shock. Column 1 reports the number of days in which household members
reported participating in each activity, during the month preceding the shock. Col-
umn 2 reports the share of affected individuals that dedicated more than 15 days
to each activity, during the month preceding the shock. The sample is restricted
to the month-preceding the shock and corresponds only to household members that
reported being sick during the shock. These activities are not mutually exclusive,
so the total days per month across categories add up to more than 30.
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Figure B12: Age at shock

Note: The figure plots a histogram capturing the distribution of age of family mem-
bers reporting health symptoms during the month associated to the beginning of
each shock. The figure includes observations corresponding to the 405 shocks for
which we found households reporting non-pregnancy/non-birth health symptoms.
The dashed vertical line denotes the median age of household members reporting
symptoms during the month preceding the beginning of each shock.
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Figure B13: Health status and spending in the treatment and control samples

Note: The figure reports averages of health and total spending for periods before
and after the health shocks (left axis). The right axis reports probabilities of report-
ing health symptoms before and after the shocks. The horizontal axis represents
normalized time with respect to the event realization (time 0). Each time bin cor-
responds to quarters.
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B.2 Treatment and control groups for direct effects

We operationalize our approach for estimating the direct effects of idiosyncratic

shocks in three steps. First, we split households into two age groups—i.e.,

below and above the median household age at baseline (1997).2 By comparing

households in the same village and age group, we isolate contemporaneous

village-specific shocks and potential differences in the trajectories of business

and household-finance outcomes that could vary along the life cycle. Given

our sample size, we choose two age group bins to ensure that we have multiple

observations per bin in each village.

Second, for each age group within each village, we split the panel in two

equal-length sub-samples {θ1, θ2} by taking the midpoint between the months

associated to the first and last shocks in each age group-village bin (∆), such

that those households suffering a shock between periods t and tmed = t + ∆

belong to the treatment group (θ1), and those experiencing the shock between

periods tmed and t̄ belong to the control group (θ2).3 By construction, there is

no overlap between the two groups.

Third, we assign a placebo shock to each household in the control group ∆

periods before they experienced their actual shock. Thus, if a household in the

control group experiences the actual shock in t′′, its placebo shock is assigned

to period t′′ −∆. Because the timing of the shocks is evenly distributed over

time (see Appendix Figure B11), the placebo shocks occur within the domain

of the actual shocks. As 243 out of 473 shocked households experienced a

2One alternative way of assigning households into cohorts is by focusing on the age of
the household head. However, that approach ignores the age structure of the household as
in several cases several families are part of the household.

3We define ∆ as ∆ = t̄−t
2 for each age-group-village bin. On average, each sub-sample

covers 66 months. We exclude shocks occurring during the first and last 24 survey waves to
ensure that we observe pre and post outcomes for at least two years for all households—i.e.,
t >= 24 and t̄ <= 148.
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shock in the earlier part of the panel, this process yields 243 households in the

treatment group and 230 in the control group.

By using households that experience a shock ∆ periods (approximately 5

years) in the future, this process ensures that none of the households in the

control group experienced a shock themselves during the analysis period. This

is potentially important as households that experience illness are more likely

to experience other illness episodes in the future (Hendren et al., 2018). This

approach reduces the threat of biases arising from contemporaneous shocks

affecting the control group, but comes at the cost of precision since we do not

exploit the occurrence of the actual shocks in the second part of the sample.

To increase power, we also report estimates exploiting the variation associated

with shocks to households in the second half of the sample for robustness. In

this case, the comparison group consists of households that suffered the shock

earlier on and their corresponding placebo shock occurs in period t′ + ∆; ∆

periods after their actual shock. Including this variation does not materially

alter the point estimates, but it increases statistical power.

Another advantage of constructing the control group in this way is that

the treatment-control comparisons are within-village. This ensures that vil-

lage aggregate shocks are differenced out. If the timing of health shocks was

endogenously chosen based on village-level conditions (for instance, timing a

surgery for the post-harvest period when labor demand is low), then any spu-

rious “effects” driven by endogenous timing based on village-level conditions

will be common to the treatment and control, and will not affect the estimator.
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B.2.1 Direct effects: Robustness

Robustness to using shocks occurring in the second half of the panel.

Our main analysis uses households who experienced the shock in later periods

as a comparison group for households that experienced the shock earlier on.

To increase power, we also report results using households who experienced

the shock in the earlier periods as a comparison group for households who

suffered the shock in later periods. Panel B of Table 1 replicates the results

from Section 3 and shows results that are quantitatively similar, but estimated

with higher precision since we now use 473 shocks as opposed to only 243, as

in Table 1. By adding more shocks we are able to detect significant declines

in household labor, and revenues.

Robustness to defining shocks based on changes in spending. One

concern is that because we identify events based on levels of spending, as

opposed to sudden changes, the timing of the shock may be endogenous. We

argue that this unlikely in our case: while the event is identified based on the

maximum level of spending, the date of the event is a function of changes in

health status. Columns 1 and 2 of Panel A in Appendix Table A3 show that

our results are robust to identifying events using the highest monthly change

in health spending, as opposed to the highest level of health spending. The

coefficients are remarkably similar to those of our main specification suggesting

that episodes with the maximum levels of spending are strongly correlated with

the largest change in health spending.

Robustness to defining shocks based on household-specific thresh-

olds. One concern is that our empirical approach could be simply picking up

events associated to small, innocuous levels of spending. To show that this is

unlikely, we use a specification that selects events during which the maximum
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level of health spending is relatively larger than a household’s average level of

food consumption. This approach is substantially more restrictive as it selects

a total of 142 events (87 in the first half of the sample).Columns 5 and 6 of

Panel A in in Appendix Table A3 show that the effects on health and business

spending are larger, but imprecise.

Robustness to defining shocks based on global thresholds. Another

concern is that despite the shocks being large , relative to a household’s budget,

they may not be large in general. We selected events based on whether health

spending exceeded the sample average by at least 1 standard deviation. We

chose the first shock in the case this approach identified multiple events for

the same household. Columns 7 and 8 show that the results are qualitatively

similar to those in our main specification, but less precisely estimated due to

the fact that this approach selects less events.

Robustness to defining shocks based on disruptions to main activi-

ties. Another concern is that households may select when to spend on health

based and thus, the timing of the shocks that we analyze can be correlated

with other determinants of business spending. To rule out these concerns, we

report results of an alternative approach to identifying shocks based on the

first time in the sample when a household member has to suspend activities

for at least one day, for seven days, and for more days than 9.5 days—the

average number of suspended activities in the sample. Appendix Table A5

reports results related to this alternative definitions. Consistent with Gertler

and Gruber (2002), it shows that only severe shocks (those implying more days

of suspended activities) lead to effects on spending.

Robustness to allowing a same household to experience multiple,

non-overlapping shocks. One concern is that our empirical specification

only analyzes one shock per household (the largest throughout the panel),
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which may limit power. An alternative approach is to allow for multiple shocks

per household, under the idea that some households may be exposed multiple

times throughout the panel. However, allowing for multiple shocks per house-

hold comes at the cost of imposing two additional identification assumptions.

First, that shocks experienced earlier on do not affect the probability of expe-

riencing another health shock in the future. Second, that the effects of earlier

shocks do not have long-lasting effects on the trajectories of outcomes that

can lead to violations of the parallel trends assumption.

We estimate the following equation:

yi(k),t = βPosti(k),t × Treatmenti(k) + θPosti(k),t +Xi(k),tκ+ αi + δt + εi(k),t

(6)

where Posti(k),t is an indicator that takes the value of 1 in periods following

the k-th shock to household i, and 0 otherwise. In this case k ≥ 1 for all

treated households.4 We exclude shocks that occur less than 24 months after

the preceding shock, to minimize violations to the parallel trends assumption.

As in our main specification we focus on a two-year time window before and

after each shock. In Appendix Table A4 we report robustness to include

multiple, non overlapping shocks per household based on two definitions of

shocks: changes in health status that precede levels of health spending that

are larger than the household-specific food consumption (columns 3 and 4)

and shocks based on whether a household member had to suspend activities

for more than 7 days due to illness (columns 7 and 8). The results in both

cases are very similar to those from our specifications that only allow for one

shock (the first) per household. As expected, they are estimated with more

4Households who do not experience any shock according to a given threshold are dropped
from this specification.
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precision.

Alternative definitions of comparison groups. We report three robust-

ness checks that rely on different comparison groups for our analysis. Our

main specification assigns placebo shocks ∆ periods away from the actual

shocks, within village-age groups bins. An alternative approach would be to

randomly allocate the placebo event within each village bin. The main differ-

ence between these approaches is that our main specification ensures that the

control group does not suffer a shock during the two-year comparison window.

In contrast, the random assignment of the placebo event could coincide with

other shocks. Columns 1 and 2 in Appendix Table A6 report results using

the random placebo assignment, based on a uniform distribution between the

months of the first and last shock in each village. The results are qualitatively

similar to those from our main specifications.

In our main specification, the control group is made of households who

will suffer a shock ∆ periods into the future. This approach excludes some

not-yet-treated households who will suffer a shock in less than ∆ periods into

the future. One advantage of this approach is that the control group size does

not systematically vary across shocks occurring earlier vs. later in the sample.

An alternative approach would be to use all the not-yet-treated households in

the village at the time of each shock as controls. This approach would increase

the size of the control group and statistical power, but the size of the control

group will shrink in the case of shocks occurring later in the sample.

Specifically, we follow Baker et al. (2022) and construct a dataset at the

event level h. Each dataset includes observations of the shocked household and

not-yet-treated households in the same village and age group of the shocked

household. Note that this is an alternative estimator that, as our main spec-

ification, also avoids the issues with traditional two-way fixed effects models
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(see Section 4.2. in Baker et al. (2022)). We then estimate:

yi,t,h = βPostt,h × Treatmenti,h + θPosti,t,h +Xi,t,hκ+ αi + δt + εi,t,h (7)

Columns 3 and 4 in Appendix Table A6 report results from a stacked

difference-in-difference specification using not-yet-treated households in the

shocked household’s village and age group as controls. Reassuringly, the results

are similar to those from our main specification.

We also report results from the following two-way fixed effects panel spec-

ification:

yi,t = βPosti,t +Xi,tκ+ αi + δt + εi,t (8)

Here, we regress the outcome of interest on a Post dummy over a sample

of shocked households including 2 years before and after the shock. This

specification uses households that are not simultaneously shocked as controls.

Reassuringly, the results are very similar to those from our main specification

(see columns 5 and 6 of Appendix Table A6).

Additionally, we report robustness to estimating treatment effects using

Callaway and Sant’Anna (2021)’s difference-in-difference estimator. This spec-

ification utilizes households that were shocked in the first half of the sample as

a treatment group and uses households treated in the second half of the sam-

ple as controls. By excluding already treated units from the control group,

this approach allays concerns related to difference-in-difference designs with

staggered entry into treatment (Goodman-Bacon, 2018).

Finally, in columns 9 and 10 of Appendix Table A6 we leverage shocks to

a larger sample of households (including the 510 continuously-observed house-
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holds that are always in the sample and adding 199 who either left the sample

or entered the sample later on as replacements). Once again, results are similar

to the main specification.

Co-movements of health status and spending. One concern is that the

relationship between health spending and the timing of the shock is only a

feature of the identification of the shocks. In Panel A of Appendix Table

A7 we report the relationship between changes in health status and changes

health spending using data from all the households in the sample and all

time periods, controlling for village-month fixed effects to ensure that we are

capturing within household’s co-movements net of the influence of village-level

shocks as in Gertler and Gruber (2002). Changes in health spending co move

with changes in health status, suggesting that this relationship holds beyond

the events that we analyze in our main specification. Interestingly, when we

use changes in health status associated to uncommon health symptoms—those

that are more prominent around the shocks used for our main specification—

the changes in health spending seem substantially larger. Moreover, in Panel

B, we show that these uncommon health conditions are the ones that also

predict declines in business spending as we find in our main specification.

B.3 Indirect effects: Alternative empirical approaches

B.3.1 Triple difference estimates of indirect effects

To allay any remaining concerns regarding the identifying assumption underly-

ing equation 3 and 4, we present a second research design that uses the placebo

shocks used as controls to identify the direct effects as controls to identify the
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indirect effects. We estimate the following equation:

yi,t,j = β1Postt,j × Closenessi,j × Treatmenti + β2Postt,j × Treatmenti+

β3Postt,j × Closenessi,j + γ1Closenessi,j × Treatmenti + γ2Closenessi,j+

γ3Treatmenti + θPostt,j + Xi,t,jκ+ αi + ωj + δt + θτ + δt ×Degreei,j + εi,t,j

(9)

where we compare a household i with given closeness to a treated household j

versus a household i′ who is equally close to a control household j′. In this case,

j′ is a household who directly experience a shock, but later in the future. The

parameter of interest, β1, compares differences in outcomes before and after

the shock, between a household close to a shocked household in the treatment

group, versus the analogous change for a household close to a household in the

control group.

The advantage of this specification is that it does not compare households

who are closer vs. more distant to a given household but instead compares

households who are equally close to a shocked household, with the difference

that one is close to a household that suffers the shock earlier on (Treatmenti)

and the other is close to a household that suffers a contemporaneous placebo

shock, but will suffer an actual shock later in the future. The disadvantage,

however, is that household’s connected to households experiencing a placebo

shock (i.e., the control group) may have already been exposed to an indirect

shock or might as well be connected to households suffering an actual shock.

These two issues may compromise the validity of the parallel trends assump-

tion. In the next section, we discuss a more data-demanding identification

strategy that circumvents these concerns. That said, Columns 7 and 8 in Ap-

pendix Table A8 report estimates that are very similar to those of our main
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specification.

B.3.2 Measuring indirect effects à la Fadlon and Nielsen (2019)

A potential concern with the first approach to measuring indirect effects is

that we are comparing households who are closer vs. farther from the shocked

household and, a priori, those with different network positions may be dif-

ferent. (Though recall that we are flexibly controlling for Degreei,j ×month

fixed effects and that both groups exhibit parallel pre-trends.) An alternative

approach, in the spirit of the design used to study direct effects, is to compare

households that are close to a household (j) that experienced a shock in pe-

riod t to households that were also close to a control household (j′): one whose

shock occurs later in the data. In this design, both treatment and comparison

households are similarly close to a shocked household but treated households

are exposed to the shock during the analysis window while control households

experience a placebo shock.

In the spirit of the design used to study direct effects, we compare house-

holds that are close to a household (j) that experienced a shock in period

t to households that were also close to a control household (j′): one whose

shock occurs later in the data. In this design, both treatment and comparison

households are similarly close to a shocked household but treated households

are exposed to the shock during the analysis window while control households

experience a placebo shock.

The intuition of this approach is similar that of our approach in Section

3.1. However, its implementation is more challenging. Because households

share links with many households, some households may be indirectly exposed

to shocks more than once. For this reason, we focus on the first shock to
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which a household is indirectly exposed throughout the panel (either directly

or indirectly).5

With these modifications to the sample and to the definition of treatment

(indirect exposure vs. direct exposure), we use the same specification as in

equation (2) to estimate the effects of being indirectly exposed to a health

shock. In this case, however, the sample only includes observations of house-

holds that were connected to a shocked household. The coefficient of interest,

β, compares differences in outcomes before and after their first indirect ex-

posure to a shock (actual or placebo), between households in the treatment

group and the comparison group.

The advantage of this specification is that it does not compare households

who are closer vs. more distant to a given household but instead compares

households who are equally close to a shocked household, with the difference

that one is close to a household that suffers the shock earlier on (Treatmenti)

and the other is close to a household that suffers a contemporaneous placebo

shock, but will suffer at a different time.

The results appear in columns 9 and 10 of Appendix Table A8. The effect

on total transactions (column 9) of -0.22 is quite similar to the -0.315 from table

2. The effects on income THB -1206 are also quite close to the estimates from

Table 2 (THB -1232). The similarity of the two sets of results, using different

designs for identifying indirect effects, serves as a sort of over-identification

test, suggesting that both identifying assumptions are valid.

5We focus on households either directly or indirectly connected to shocked households
through the pre-period network for two reasons. Fist, Figure A5 shows that there are
non-negligible propagation effects to households that are more than one link away from
the shocked households. Second, only focusing on households with a direct link to the
shocked household reduces substantially the number of available observations. Note that this
approach excludes households without connections to shocked households, so the number of
observations drops.
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B.4 Direct and indirect coping mechanisms

What, if any, coping mechanisms do households use when hit by the direct or

indirect effects of health shocks? Appendix Table A10 examines the response

of gifts, borrowing, fixed and liquid assets, and incoming unpaid labor. In

principle, all of these mechanisms may be helpful in smoothing shocks, but it

is an empirical question to what extent they are actually used.

Panel A presents results from direct shocks, corresponding to equation (2).

Column 1 shows that incoming gifts increase by THB 570, or approximately

29%.6 Columns 2 to 4 show that although borrowing increases and fixed and

liquid assets decline, the changes are not significant.7 Finally, column 5 shows

that there is no response in terms of the amount of incoming unpaid labor. This

is important as it demonstrates that the reductions in paid labor documented

above are not reflections of a substitution to unpaid labor. Panel B presents

results from indirect exposure to shocks, corresponding to equation 4. There

are no significant effects associated with indirect shock exposure on any of the

five mechanisms. This helps to explain why consumption falls for indirectly

shocked households—other coping mechanisms appear to be unavailable.

Why do directly shocked households see economically and statistically sig-

nificant increases in transfers, while indirectly shocked households do not?

First note that, in addition to receiving transfers, directly shocked households

take other costly steps to buffer consumption, namely scaling back on busi-

ness activities. Two other factors may help explain the divergence in transfer

6Note that this is on the same order as the direct effect on health spending in Table 1;
however, comparing Figure 1, Panel c and Figure A6 shows that the timing of gifts does
not match that of health spending; with gifts in the half-year of the shock meeting less than
half of the roughly THB 2000 of spending needs in that half-year.

7Health spending needs emerge suddenly and so arranging for loans or asset sales may
take too long; alternatively households may desire to preserve these financing options as
last-resort buffer stocks and so finance the shock out of business investment instead.
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behavior. First, the direct shocks are large increases in health spending, of-

ten associated with changes in health symptoms. These shocks are salient

and relatively observable. The indirect shocks, on the other hand, arise from

reductions in supply and demand facing household businesses. Such shocks

are likely less salient and potentially more subject to concerns of effort and

verifiability, hence potentially less insurable. Moreover, because the indirect

shock, by its nature, affects many interlinked households, the shock becomes

de facto aggregate, which makes the potential for insurance via gifts from other

villagers more limited.

B.5 Effects of health shocks by participation in informal

insurance networks and by hired-household labor

complementarities

To examine the effects of health shocks by participation in informal insurance

networks, we follow Samphantharak and Townsend (2018) who observe that

if households are active members of local insurance networks, incoming gifts

should co-move with declines in household idiosyncratic income. We bring this

idea to the data by using pre-shock time series data to estimate, household

by household, the sensitivity of net incoming gifts to idiosyncratic income.

Specifically, we regress net gift reception as a share of asset’s on province-

month fixed effects and recover the residuals of such regression. Next, for each

household, we regress the residuals on returns over assets using pre-period

data and recover a household-specific measure of gifts-returns co-movements.

We then classify households with above median pre-shock gift-to-income

sensitivity as having “high” access to informal insurance, and others as having

“low” access to informal insurance. We replicate this process using pre-period
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data with respect to actual and placebo shocks. We then estimate a triple

differences model, modifying equation 2 to allow the effect of a shock to vary

by access to informal insurance:8

yi,t =β1Posti,t × Treatmenti × Lowi + β2Posti,t × Treatmenti ×Highi
(10)

+ θ1Posti,t + θ2Posti,t ×Highi +Xi,tκ+ αi + δt + εi,t

where yi,t, Treatment and Post are defined as in Section 3.1. Highi takes

the value of 1 for households with high access to informal insurance networks

before the shock (either actual or placebo); Lowi is defined analogously. The

coefficient β1 captures the effect of a shock for households with low access to

insurance networks, and β2 captures the direct effect of a shock for households

with high access.

Next, to investigate whether shocks to less-insured households propagate

differently, compared with those to better-insured households, we estimate the

following model:

yi,t,j = β1Postt,j × Closenessi,j × Lowj + β2Postt,j × Closenessi,j ×Highj

+ β3Postt,j ×Highj + β4Closenessi,j ×Highj + γClosenessi,j

+Xi,t,jκ+ αi + ωj + δt + θτ + εi,t,j (11)

whereHighj is an indicator of whether directly shocked household j had above-

8We estimate the gifts-to-income sensitivity using the 24 months preceding each shock
(both actual and placebo). To increase statistical precision, in these regressions we use
households that experience a shock in the second half of the period as additional treatment
observations, with the demographically similar households experiencing the shock in the
first half as placebo observations.
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median pre-period access to informal insurance networks, defined as above.

Also as above, Closenessi,j denotes the inverse distance between household i

and directly shocked household j during the year preceding the shock. The

coefficient β1 measures the change in outcomes after the shock associated with

a one-unit change in proximity to the shocked household when that shocked

household has below-median access to informal insurance (Lowj = 1), and β2

captures the effect of indirect effects when the shocked household had above-

median access to informal insurance networks (Highj = 1).

We repeat a similar approach to estimate the effects of shocks by a house-

hold’s degree of complementarity between hired labor and labor provided by

household members. For this, we regress total hours of hired labor and total

hours of household-provided labor on province-time fixed effects and obtain

the residuals. Next, for each household, we estimate the co-movements (ch,li )

between both residualized versions of household and hired labor using pre-

period data. We next classify households on high vs. low complementarities

based on whether ch,li is above or below the median. Finally, we estimate

equations (10) and (11).
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B.6 Persistence in transaction networks

To test for rigidities in the local networks, we construct a dyadic dataset includ-

ing indicators of whether each pair of sample households (dyads) transacted

in year t either in the local goods, labor or financial market. We then use this

dataset to estimate the following model:

Linki,j,t =ρLinki,j,t−1 + γ1Kinshipi,j + γ2Demographic distance i,j

+ γ3Net-Worth distance i,j + δv,t + αi + αj + εi,j,t (12)

where Linki,j,t is an indicator of whether households i and j transacted in

period t. Kinshipi,j is an indicator that takes the value of 1 when households

i and j share a direct link in the local kinship network (e.g., first-degree rel-

atives), which is measured during the baseline survey in 1998.9 We include

controls for distance with respect to demographic characteristics and a mea-

sure of distance between each pair of households based on baseline net worth

(e.g., total assets net of liabilities).10 Finally, we also include household-fixed

effects. The parameter of interest is ρ, which captures the persistence of the

economic interactions between each pair of sample households.

Table A13 shows that there is an important degree of persistence in the

labor-market and supply chain networks, with raw auto-correlation coefficients

of 0.47 and 0.42 (see column (1) in each sub-panel). These are substantially

higher than that of the financial network (0.26). The estimated levels of per-

sistence are also orders of magnitude above the probability that two randomly-

9Two households share a link if they are first-degree relatives (including parents-in-law).
10Demographic distance is measured as the euclidean norm of a vector of household at-

tributes capturing household size, gender and age composition, as well as average age and
education corresponding to members of the household at baseline. We then take logs of the
resulting norm. Net worth distance is constructed by taking logs of the squared net-worth
difference within each pair.
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chosen nodes in the network transact in a given year (0.051, 0.061 and 0.012

in the supply chain, labor market and gift/loan networks, respectively). In

the case of the labor market and the supply chain networks, having transacted

during the previous period explains one-fifth of the overall variation in the

current probability of trading. This pattern contrasts sharply with the case

of the transactions in the financial markets (gifts and loans) as transactions

in period t − 1 only explain 7% of the overall variation in the probability of

transacting at t. One explanation is that financial networks are less active,

and, as the results from Section B.4 suggest, are probably responding to either

unexpected business opportunities or shocks. Persistence remains substantial

after controlling for village-year fixed effects, suggesting that economic linkages

respond mostly to within-village variation (see column (2) in each sub-panel).

In columns (3) and (4), we analyze whether persistence is related to kinship

relationships, differences in demographic characteristics or differences in en-

dowments (net worth). Although, in all three networks, controlling for baseline

kinship links reduces the persistence coefficients, they are still high. Persis-

tence does not seem to respond to including measures of differences in terms

of demographic characteristics or initial wealth. In all cases, pairs that share

kinship connections are 10 percentage points more likely to trade. The prob-

ability of trade in the supply chain and labor networks does not respond to

differences in distance or wealth between the two households. In contrast, the

probability of trading in the local financial network increases when households

are different in terms of demographic characteristics, but decreases when there

are differences in baseline wealth in the pair. This pattern highlights two fea-

tures of local financial networks. First, among those households with similar

wealth, households that differ in demographic characteristics are more likely

to transact, suggesting that one motive for trading is diversification, as shock
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type and occurrence may vary with demographics. Second, similarly wealthy

households are more likely to trade, which suggest that, although diversifica-

tion takes place, it is restricted to household pairs for whom insurance is more

likely to be actuarially fair.
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C The Thai healthcare system

Thailand has a universal health insurance program, so these expenses are

above and beyond those covered. Only 6% of households received insurance

payments within three months of experiencing the shock. The insurance pro-

gram covers expenses related to basic healthcare services, which include med-

ical visits at registered primary healthcare facilities (which must be located

in the same area as each patient’s registered residential address), transferred

patients from a primary facility to secondary or tertiary facilities for com-

plicated cases, emergency cases at non-registered facilities, expenses for in-

patients staying for less than 180 days for the same illness, and prescrip-

tions of medicines as listed in the National List of Essential Drugs. For de-

tails, see Thailand’s National Health Security Office (NHSO), Administrative

Manual, 2014 (in Thai). http://www.oic.go.th/FILEWEB/CABINFOCENTER3/

DRAWER091/GENERAL/DATA0000/00000367.PDF
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