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Firms in developing countries are embedded in supply chains and
labor networks. These linkages may propagate or attenuate shocks.
Using panel data from Thai villages, we document three facts:
as households facing idiosyncratic shocks adjust their production,
these shocks propagate to other households on both the production
and consumption sides; propagation is greater via labor than sup-
ply chain links; and shocks in denser networks and to more central
households propagate more, while access to formal or informal in-
surance reduces propagation. Social benefits from expanding safety
nets may be higher than private benefits.
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Most small enterprises in low- and middle-income countries (LMICs) are owned
by individual, un-hedged households. The resulting lack of separation between
production and consumption means that shocks to household spending needs can
lead to production-side adjustments (LaFave and Thomas, 2016). These adjust-
ments may in turn affect other firms, propagating shocks through local production
networks. Additionally, because households in LMICs often engage simultane-
ously in self-employment (running a firm) and wage work (working for others’
firms), these production networks go beyond supply chains. They also involve
firm-to-firm linkages through a labor market network of employer-employee trans-
actions. As shocks propagate, there may be both production- and consumption-
side indirect effects on the owners of other, linked, firms. Considering these re-
sponses — direct and indirect, and production- and consumption-side — together,
as well as the mechanisms behind them — propagation through supply chains or
labor networks— is crucial for a full understanding of the welfare consequences
of shocks and of safety nets.

We shed light on these issues, documenting three key facts. First, we empirically
show that health shocks to households lead to direct production-side adjustments,
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which in turn propagate through local networks, affecting linked household firms
in terms of production-side outcomes (e.g., local transactions, income) as well as
consumption. Second, we distinguish propagation via supply chains vs. via less-
studied labor networks, and show that the extent of labor network propagation
is greater. Third, we examine how the economic environment (network struc-
ture, access to formal and informal insurance, and frictions in labor markets)
determines to what extent shocks are amplified or attenuated.

The setting we study is uniquely suited to answer these questions. The Townsend
Thai data, constructed from 14 years of monthly panel survey data on households
in 16 rural and peri-urban Thai villages, contain detailed information regarding
intra-village transactions and transfers among family-operated businesses. We
use these data to construct employer-employee (labor) and supply chain (goods)
networks. We also have detailed information on firm performance and house-
hold consumption. The data additionally allow us to identify large, idiosyncratic
shocks in the form of changes in health status, and to construct a valid counterfac-
tual to obtain causal estimates of these shocks’ effects. These elements together
provide an ideal setting to shed light on the role of networks in propagating and
mitigating shocks.

We show that an idiosyncratic shock has a significant effect on the business
activities of the directly affected household. We follow Fadlon and Nielsen (2019)
and compare the changes in outcomes of shocked households before versus after
the shock, to those of other “control” households, who will experience a similar
shock, but later on.! Shocked households are able to smooth consumption (non-
health household spending). However, this smoothing is achieved by reducing
business spending (by 23%), and almost entirely cutting demand for external
labor (by 79%). This finding validates that in our setting, separation between
the consumption and production sides of households’ balance sheets fails to hold.

A lack of consumption-production separation has also been found in other set-
tings (see, e.g., LaFave and Thomas 2016; Jones et al. 2022). Our contribution is
to document three main findings. First, we leverage variation in the proximity of a
given household to the shocked household through pre-shock networks to causally
identify indirect impacts via propagation. We compare changes in outcomes be-
fore versus after the shock, between those more exposed (closer to the shocked
household in the pre-shock network) and less exposed (farther away). Thus, we
are able to quantify propagation at the micro level and trace its evolution within
a network (village).

We find that idiosyncratic shocks propagate on both the production and con-
sumption sides. Households with greater indirect exposure see larger falls in total
transactions (a 21% decline for a unit change in closeness), and falls in income

IThe 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 II.
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and consumption (12% and 4% declines for a unit change in closeness, respec-
tively). The indirect effects are largest for households located one link away from
the shocked households. However, these first-order indirect effects also propagate
further, affecting households located two or more links away from the shocked
household.

The presence of negative indirect effects demonstrates that the strategies used
to smooth consumption against direct shocks (cutting business spending on goods
and labor) are not only costly from a private perspective — the business scale of
the shocked household is slow to recover — but also from a social perspective: the
transactions, income and consumption of other households are also depressed. To
the best of our knowledge, documenting consumption-side effects of firm-to-firm
propagation is new in the literature.

We also provide evidence on how shocks propagate differentially through supply
chain and employer-employee networks. We show that the propagation effect is
stronger in labor market networks. While inputs and outputs can also be traded
outside the village, the local nature of labor markets and the high monetary
and non-pecuniary costs of temporary migration (Lagakos et al., 2022) may pre-
vent indirectly-shocked households from adapting to the labor market disruptions
caused by health shocks. This finding, is consistent with the theoretical insights
of Baqaee and Farhi (2020) that propagation is more severe when inputs are not
substitutable, and demonstrates that the effects of propagation via supply chain
networks cannot be directly extrapolated to propagation via other linkages. While
the propagation role of supply chains in advanced economies is increasingly well
understood (e.g., Carvalho et al. 2021), the role of labor market networks has not,
to our knowledge, been studied.

To contextualize our results, we show that propagation occurs in the context
of rigid local networks, in which the links between households exhibit a substan-
tial level of persistence. Indirectly shocked households do not appear to replace
“broken” links even two years after a shock. Existing links are vulnerable to
shocks, and replacing these links appears challenging: suppliers struggle to find
new customers when a client suffers a shock, and workers cannot easily find new
jobs when existing employers scale back demand. As shocks propagate through
village networks, their effects have important aggregate consequences. A back-of-
the-envelope calculation yields a multiplier of 1.7.

We additionally show how features of the economic environment affect the indi-
rect consequences of shocks. We first focus on whether shocks have larger indirect
effects in denser networks. It is a priori ambiguous how the density of a network
will affect propagation: on one hand, households interacting in denser networks
may be able to replace broken links with the shocked household more quickly
and easily. However, they may also be more exposed to the indirect effects of
such shocks. Using cross-village variation in density across the 16 village net-
works in our data, we find that the indirect effects of idiosyncratic shocks on
the average non-shocked household are amplified in denser networks, even after
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controlling for network size. Likewise, shocks to more central households—those
with more links to other households before the shock—lead to larger negative in-
direct effects. These results suggest that network structure mediates the extent to
which idiosyncratic negative shocks can translate into aggregate demand shocks,
and that policies aiming to minimize aggregate fluctuations due to idiosyncratic
shocks should be targeted either at more interconnected local economies or at
central households.? These findings suggest a tradeoff: while increasing linkages
among households may strengthen the insurance capacity of networks (Feigen-
berg, Field and Pande, 2013), increased links may also decrease resilience to
propagation. Likewise, encouraging links with central households may promote
information diffusion (Beaman et al., 2021), but may increase shock propagation
as well.

We provide suggestive evidence on the roles of formal and informal insurance in
attenuating propagation. Shocks to households who are better insured, formally
or informally, propagate less. Access to insurance for directly shocked households
can prevent costly production-side actions which drive propagation. These results
underscore the distinct roles of village networks: supply-chain and labor networks
contribute to propagation, while insurance networks contribute to attenuation.

Our work contributes to the literature analyzing the aggregate implications of
microeconomic shocks. Existing evidence largely focuses on the propagation of
sectoral shocks via supply chain networks among larger firms in high-income coun-
tries.®4 In LMICs, small, family-operated firms make intertwined consumption
and production decisions; are exposed to shocks not typically faced by large firms
(e.g, shocks to family health and wealth); and participate in multiple networks.
A unique setting allows us to document the consequences of these shocks for the
local economy. In our setting, households smooth consumption amid idiosyncratic
shocks by making costly production-side adjustments, which, in turn, negatively
affect the consumption levels of other households.

Finally, our results provide insights related to the mechanisms behind multiplier
effects—a change in aggregate activity greater than the direct effect alone. Several
studies document multiplier effects arising from large inflows of cash into local
economies in both high- and low-income countries (e.g., Nakamura and Steinsson
2014; Chodorow-Reich 2019; Egger et al. 2021). Our approach enables us to
contribute with a novel insight: idiosyncratic shocks can amplify and generate

2Allen and Gale (2000) and Elliott, Golub and Jackson (2014) examine the role of network structure
theoretically in the context of links between financial intermediaries while Bigio and La’o (2020) exam-
ine the case of input-output networks. To the best of our knowledge the role of network structure in
propagation among smaller firms has not previously been examined nor have these effects been tested
empirically.

3See for instance, Carvalho et al. (2021); Barrot and Sauvagnat (2016); Caliendo et al. (2017); Dhyne
et al. (2021); Huneeus (2019).

4Also related are several studies of the adjustment of larger, formal firms in LMICs to shocks, e.g.
Khanna, Morales and Pandalai-Nayar (2022), who examine how supply chain networks among registered
(i.e., larger) establishments within an Indian state respond to the aggregate shock of COVID-19 border
closures, and Felix (2022) who studies the labor market consequences of trade exposure in Brazil for
formal sector workers.
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multiplier effects similar to those generated by large inflows of resources. In
addition, while recent work in LMIC contexts identifies equilibrium channels such
as wages (see, e.g., Egger et al. 2021; Franklin et al. 2021; Breza and Kinnan
2021) and prices (e.g., Burke, Bergquist and Miguel 2019; Cunha, De Giorgi and
Jayachandran 2019) as important for indirect effects, less is known about locally
heterogeneous exposure to indirect effects via supply-chain and labor networks.?
Detailed data on networks enables us to estimate within-village spillovers that
are net of any effects on wages or prices; a crucial distinction for policy (Guren
et al., 2021).

I. Context and Data
A. Household data

Our data come from the Townsend Thai Monthly Survey, which covers 16 vil-
lages in Northern and Central Thailand. The sample includes approximately 45
households per village, representing on average 42% of the village population.
A baseline interview was conducted from July to August 1998, collecting infor-
mation on the demographic and financial situation of the households. Monthly
updates began in September 1998.5 We use data which covers the period between
September 1998 and December 2012 and focus our analysis on the subset of 510
households who responded to the interview throughout all survey waves.

Panels A and B of Table Al characterize sample households in terms of de-
mographic and financial characteristics. All households in the sample operate a
family firm. Households derive income mostly from family farms, but they also
operate off-farm businesses. At the same time, they supply labor to other firms
in the village or other external employers. In addition, roughly 13% of total
income comes from the receipt of government transfers and/or gifts from other
households.

B. Network data

The data includes detailed information on transactions among households cap-
turing different economic links. In each survey wave, interviewees identify all
households in the village with whom they have conducted a given type of trans-
action.” We aggregate the monthly transactions by year to elicit three types of
networks — supply chain, labor, and financial — for each year in the sample.

5 Angelucci 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.

6For more detail about the survey, see Samphantharak and Townsend (2010).

"The 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 III.
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The fact that households operate firms, sell and buy labor to other firms, and
provide and receive transfers to and from other households in their village, defines
three types of firm-to-firm linkages: input and output (supply chain), employer-
employee (labor market), and gifts (financial). Specifically, supply-chain networks
capture transactions of final and intermediate goods across firms operated by
households in the same village. Labor networks capture cross-household labor
flows within the village.® Financial networks are defined by gifts and loans across
households in the same village. We also construct kinship networks, which are
measured in the initial survey wave. Appendix Figure A1l depicts these networks
for one sample village in one year.

Panel C of Table A1 summarizes network participation across the sample as
a whole. Just above half (51%) of the households transact in the local village
supply-chain network by trading inputs and final outputs, with 1.36 connections
on average per year; and 66% exchange labor with other households in the village,
with 3.33 connections on average. An average of 38% of households participate
in the financial (i.e., gift/loan) village networks, and 77% of households have at
least one relative in the village.

Households participate in several networks within 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 households
transacting in the village supply-chain networks also sell /purchase labor locally,
and 45% are linked through local financial markets.

Table A1 Panel D concerns the size of sample villages and firms. The average
village 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.

C. 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, Shenoy and Townsend, 2018). The large magnitude of such shocks
improves statistical power and moreover such shocks are of prima facie impor-
tance. 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

8Qutgoing labor flows (labor sales) arise when some members work in the household business and
others work for other local businesses, or when the same household member(s) divide their time between
the household business and working in local labor markets. Incoming labor flows (labor purchases) arise
when household businesses hire from the local labor market.
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these shocks is—as we show below—plausibly exogenous.

We identify shocks as follows (see Appendix B for details). For each household,
we identify the month with the highest level of health spending over the panel.”
We focus on the largest shocks, because they pose a significant financial burden
to the household. To account for potential anticipation effects, we define the be-
ginning of an event by subtracting the number of months preceding the episode
of high health spending during which household members reported health symp-
toms from the month corresponding to the episode. Thus, although we use health
spending data to identify shocks, the timing of the onset of the shock is coded
based on changes in health status.'®

We restrict this search to health spending 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. By construction, we identify one shock per household,
ensuring that the propensity of experiencing a shock is not correlated with charac-
teristics such as health, income or network position. We exclude shocks related to
childbirth, which may be planned/anticipated before the onset of any symptoms,
leaving 470 shocks.

D. Characteristics of the shocks

Relationship between health spending and health status. A natu-
ral question is how our spending-based shock measure correlates with changes
in health status. Figure B2 shows that self-reported symptoms co-move with
health spending, confirming that shocks are identifying decreases in household
health. Figure B3 reports the distribution of behaviors and symptoms reported
by shocked households during the year following a shock and during non-shock
periods. Usage of health facilities, particularly hospitalization, is substantially
higher after shocks, and there is a greater likelihood of a household member sus-
pending their daily activities for one, seven, 14 or 21 days, consistent with shocks
capturing sharp changes in health. In addition there is a higher incidence of
uncommon symptoms (which tend to be more severe in this context).
Magnitude of the shock. These shocks represent a substantial financial burden
to affected households. On average, the highest level of monthly health spending
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 preceding
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 id-
iosyncratic and their occurrence be uncorrelated with trends in household behav-

9Thailand has a universal health insurance program covering (some) health costs, so these expenses
are above and beyond those covered; see Appendix C.

10 Appendix Figure B1 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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ior or network/sectoral shocks. The top panel of Appendix Figure B4 shows that
event start dates are spread evenly through the periods in the sample. Indeed, in
over 87% of the cases, shocks affected only one household per village at any one
month (bottom panel). In the bottom panel of Appendix Table B1, 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 of Appendix Table B1 shows within-
household correlations of the probability of experiencing a shock in period ¢ + 1
and contemporaneous financial characteristics, standardized with respect to the
sample mean and standard deviation. We are unable to reject the null of joint
significance (p = 0.27). In addition, the null is only rejected in one out of 13 cases
at 10%.'" The point estimates are also small; the largest point estimate suggests
that a 1 standard deviation increase in the value of land at ¢ would increase the
probability of experiencing a shock in ¢t 4+ 1 only by 0.002. Column 2 reports p-
values of the null hypothesis that the 12 lags of each household characteristic do
not precede the onset of the shock (i.e., a Granger causality test). This hypothesis
does not only require that households’ characteristics in ¢ do not predict the
occurrence of shocks in ¢t 4 1, but also that shocks occurring up to a year before
the shock do not predict shock occurrence. We only reject this hypothesis at
the 10% level for 1 out of the 13 variables. These patterns demonstrate that the
timing of shocks is orthogonal to pre-shock family and business financial decisions.
The next section discusses our empirical approach and addresses other potential
identification concerns.

II. 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 requires
a valid comparison group. We would like to compare shocked households to
otherwise-similar households who, by chance, were not simultaneously exposed 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 ¢, but did experience a similar shock

1 Specifically, health spending in period t is negatively correlated with the onset of the shock in ¢+ 1.
This is by construction: when a shock starts (i.e., when when a household member starts reporting
symptoms) at time ¢ + 1, households are very likely to experience their largest level of health spending,
hence spending in the previous month, ¢, will be lower.
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later on, in period ¢ + A (control households).'? Treated households are those
who experienced the shock during the first half of the panel; control households
experienced a shock during the second half.

We employ 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 A periods
before the occurrence of their actual shock).' The underlying assumption is that,
in the absence of the shock, the treatment and control groups would have followed
parallel trends, which we validate by testing for lack of systematic differences
before the shock (parallel pre-trends).

A. Estimation

We estimate the following generalized difference-in-difference specification, fol-
lowing Fadlon and Nielsen (2019):

T7=3 T=3
(1) Yit = Z B[t = 7] x Treatment; + Z 0.1t = 7]
T=—4,7#—1 T=—4,7#-1

+ Xtk + o+ 0 + €y

where y; ; denotes the outcome for household i at ¢t. Household- and month-fixed
effects (o and §;) absorb time-invariant household characteristics and aggregate
time-varying shocks. Treatment; 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, Treatment; is absorbed by the household-
fixed effects. Time to treatment is denoted by 7;; and is measured 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 house-
hold head, and maximum years of schooling in the household. The coefficients
of interest are {BT}:E?L 4, which compare differences in changes in outcomes with
respect to the period immediately preceding the shock (7 = —1) between house-
holds 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:

(2) Yit = BPost;y x Treatment; + 0Post; s + X; 1k + o + 0 + €54

12A is determined by taking the midpoint between the months associated with the first and last shocks
in each age group-village bin. Its value is approximately five years. See Appendix B.B2 for details.

13Thus, if a household in the control group experiences the actual shock in #”, its placebo shock is
assigned to period ¢/ — A. See Appendix B.B2 for additional details.
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where Post;; is an indicator that takes the value of 1 in periods following the
shock and 0 otherwise. The parameter of interest, 5, 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 to account flexibly for serial correlation.

Our approach addresses several issues that may arise in event-study panel re-
gressions without a stable comparison group—i.e., regressing outcomes on time-
and household-fixed effects and a post-shock dummy. A simple event-study ap-
proach would use all the households who did not experience a shock at period
t as a control group for those who did, even those who were shocked before ¢.
This could be problematic in our setting, because such “staggered event tim-
ing” specifications may suffer from bias when effects are heterogeneous over time
(Goodman-Bacon, 2018; Baker, Larcker and Wang, 2022). Our design, by virtue
of using a control group which is never treated, before or during the comparison
window, avoids these concerns. However, this advantage comes at the cost of sta-
tistical 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. More-
over, 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.

B. Direct effects: Results

A health shock can affect households in a number of ways. Here we focus
on changes in household production decisions—reducing outlays 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 of equation (1). Since
in some cases statistical precision is limited due to our empirically demanding esti-
mation strategy, the figure reports both 90% and 95% confidence intervals. Panel
(a) shows that, relative to control households, shocked households experience a
large and significant increase in the probability of reporting health symptoms.
Panel (b) shows that this coincides with a sharp increase in total health expen-
diture.!* Panel (c) shows that 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

14 Appendix 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 household
spending needs that squeeze a household’s budget. 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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group, hired labor usage declines for shocked households,'® and Panel (e) shows
that input spending falls. Finally, Panel (f) shows that the reduction in input
spending coincides with a reduction in revenues. The graphical evidence also
documents parallel pre-trends for all six outcomes.'6

The onset of the declines in input spending and revenues coincide with the sharp
increase in health spending induced by the shock in the half-year of the shock’s
occurrence. Over this same period, we observe a smooth trajectory of non-health
spending. This suggests that shocked households meet short-term liquidity needs
in part by drawing down working capital. The effects on input spending and
revenues also persist over time. This may partly reflect the suspension of key
activities in the household due to the shock, as shown in panel (f) of Appendix
Figure A2. A short-term health spending need can also generate persistent effects
on business spending through other channels. For instance, households may relin-
quish their fixed assets, inventories or livestock, inducing a persistent reduction
of a business’s scale, especially when they exhaust other sources of liquidity. By
event period 2, household assets appear to decline (see Appendix figure A5b),
although the declines are not estimated with precision.!” Likewise, shocked firms
may not necessarily face the same demand for their products after the shock if
consumers deepen their links with other providers. Both channels—reduction in
business investment and suspension of activities—suggest that, unlike the case of
large firms owned by a diversified set of investors, the business outcomes of small
firms owned by un-hedged households respond to health shocks affecting house-
hold endowments; a behavior that is inconsistent with the separation theorem
(Benjamin, 1992).

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 associated 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 spending. 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 approximately THB 620 on average, an amount close to
the effect on health spending. Thus, in terms of non-health spending (column 3),

150ne concern with Figure 1d is that at event period -4, hired labor appears higher for treated
households, relative to those experiencing a placebo shock. Appendix Figure A3 reports results including
one extra half year in the pre-period. The pre-trend at event time -4 appears to be a one-off deviation,
ruling out the concern that systematic pre-trends drive the results.

16 Appendix Figure A4 shows the same dynamics in the raw data.

17Column 3 in panel A on Appendix Table A15, finds a large though not significant decline in total
non-cash assets (fixed assets, livestock and inventories).
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shocked households appear to fully buffer the shocks.

Buffering consumption may entail costly adjustments by shocked households
(Chetty and Looney, 2006). Indeed, affected households significantly decrease
spending on business inputs (column 5) and reduce the use of external labor
(column 6).1819 Households 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 occurring 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).20

Panel B reports results that also include early-shocked households as controls
for late-shocked households,?! which roughly doubles the number of events. Re-
assuringly, the estimates are very similar to those in panel A but are estimated
with more precision.??

ROBUSTNESS

Panel A of Table A3 shows robustness to alternative definitions of health
shocks.?3 Columns 1 and 2 show that using the largest change in health spend-
ing 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.?* 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 asso-
ciated 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:

18Households may also engage in other strategies to cope with the shocks, such as receiving gifts,
borrowing, relinquishing fixed and liquid assets, and using unpaid external labor. See Appendix B.B5.
We discuss the effects on gifts in more detail in Section IV.C.

19 An 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.

20The point estimates of the effects on business spending and revenues are quite similar at approxi-
mately 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. The zero ef-
fect 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).

21The treatment status of control households is held fixed around the 24-month analysis window
around each event. This addresses potential biases in difference-in-difference frameworks that can arise
when treatment status varies over time.

22The effects on household labor and revenues are now significant at conventional levels, and all other
outcomes remain significant.

23Gee Appendix Section B.B2 for a detailed description of each shock definition.

24This 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 10
and Appendix B.
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a household-specific benchmark (health spending larger than the pre-shock aver-
age food consumption) and a common benchmark (health spending larger than
the sample mean plus one standard deviation). Columns 5 to 8 show that we ob-
tain qualitatively similar results. Both approaches select larger shocks and thus
yield larger effect sizes, but also use a smaller set of shocks, reducing statistical

power. 2

In columns 3 and 4 in Appendix Table A4, we define shocks based on whether
a household member 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 results
are qualitatively similar.26 The results are robust to allowing for multiple, non-
overlapping shocks per household, as shown in Appendix Table A5.

The results are also robust to using alternative control groups (see Appendix
B.B2 for details). Appendix Table A6 columns 1 and 2 show that the results
are robust to randomly allocating the placebo shocks. Columns 3 and 4 use all
not-yet-shocked households in the same village as controls to shocked households
at time ¢ using a stacked difference-in-difference specification. This specification,
which uses the not-yet-treated as the control group, is recommended in the recent
difference-in-difference literature (Baker, Larcker and Wang, 2022). Columns
5 and 6 show robustness to using not-currently-shocked households as controls
in a standard two-way fixed effects specification, and columns 7 and 8 report
point estimates using Callaway and Sant’Anna (2021)’s estimator with households
treated in the second half of the sample as controls.?” Reassuringly, results using
these specifications are consistent with the main specification. Likewise, Appendix
Table A7 shows that the effects are unchanged when using an unbalanced panel
of households for the main specification.

Finally, Appendix Table A8 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 coincide with the spending shocks that we study) predict larger changes in
health spending and declines in business spending.

25In Appendix Table A5 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.

26Note that these effects 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.B2
and Appendix Table A4.

27The corresponding event-study estimates are reported in Appendix Figure A6.
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ITII. Economic networks and the propagation of shocks

The results above show that health shocks meet the necessary criteria for un-
derstanding propagation: their timing is exogenous, their occurrence is idiosyn-
cratic, and the shocks have substantial effects on household production decisions.
Given the significant degree of interlinkage in the study villages, we next ex-
amine whether these shocks propagate to other households. We analyze two
propagation channels. First, shocks could propagate through local 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 labor decrease due to the
shocks, households who exchange labor with shocked households could suffer falls
in hours, earnings, and revenue.

A. 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 assess the propagation
of idiosyncratic shocks to other local family businesses by comparing households
who, before the shock, shared closer market 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 village.
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 village as the
directly shocked household.?® We then stack the observations into a data set at
the household (i) by time (¢) 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 (7) in the village, measured during the
year preceding the shock to household j. We use pre-shock networks 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.?’

28We 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.
29This is consistent with the evidence of persistence in the village networks discussed in Section
IT1.C and with evidence of the importance of time-invariant determinants of economic 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
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We measure exposure as the inverse distance in the undirected village network
between household 7 and the shocked household j: Closeness;; = disltij 30 As
households are further away in the network from shocked households, éxposure
(closeness) decreases. We begin by computing overall closeness based on trans-
actions 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 III.C).

We elicit economic networks using survey instead of census data (Chandrasekhar
and Lewis, 2016). Thus, it is possible that we underestimate the closeness of some
sample households to shocked households.3! Because we may be underestimating
exposure—classifying some households as not or less-exposed when they are ac-
tually (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
83% of all the shocks in our sample.??

We estimate the following generalized difference-in-difference specification:

T=4
Yitj = Z B-1[t = 7] x Closeness; j + yCloseness; j + X 1 ik
T=—4,17#—1
(3) + @i +wj + 6 + 0.y + 0 X Degree; + €4

and the parsimonious difference-in-difference specification:

Yit,j =BPosty ; x Closeness; j + yCloseness; j + X, ¢ ik
(4) +a; +wj+ 6 + 0. + 0 X Degree; + €4

where y denotes the outcome of interest for household ¢ in village v at time
t around the shock suffered by household j. In the “event-study” specification

Townsend, 2007) or between firms (Aaronson et al., 2004) in local economic networks.

30This measure equals 1 if household i has directly traded with the shocked household j and 0 if
household ¢ does not have any direct or indirect connections with the shocked household. The geodesic
distance between two unconnected nodes is dist; ; = oo and so their closeness equals O in that case.
We focus on undirected networks because the shock can propagate both up- and downstream, as we
document in Section ITI.B. By undirected networks we mean that we do not distinguish between incoming
vs. outgoing transactions. Likewise, we weight each transaction equally for our calculations.

318ee footnote 7 for a discussion of this issue.

32In Appendix Table A10 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.
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(equation 3), 7 denotes a half year, which may precede (7 < 0) or follow (7 >= 0)
the shock to household j. Closeness;; denotes inverse distance to the shocked
household during the year preceding the shock to .33 The coefficients of interest
in equation (3) are (3., which capture relative changes in outcomes corresponding
to half year 7 with respect to the half year preceding the event (7 = —1) asso-
ciated with one additional unit of closeness (i.e., between more- vs. less-exposed
households). In the generalized difference-in-difference specification, equation (4),
Post; 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, 3, captures differences in
outcomes associated with one additional unit of closeness, with respect to the
pre-period.

Controls include household fixed effects («;); month fixed effects (d;); shocked-
household fixed effects (w;); time-to-shock fixed effects (6-(;)), which account for
village-specific time-varying shocks during the analysis window corresponding to
the shock to household j; and a vector of time-varying demographic characteristics
(Xit;)-2* 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 inter-
actions of the number of links of household i (Degree;) 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 ¢ to allow for flexible correlation across house-
holds during the periods preceding and following event j and across responses of
the same household 7 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 households 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 ef-
fects is that, in the absence of the shock to household j, the outcomes of house-
holds i and 7', with differential closeness to 7, would have evolved following 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: for 7 < 0,
we verify that 3, is not different from 0.3

B. Results: Propagation through economic networks

Figure 2 presents flexible difference-in-difference estimates following equation
3.35 Panel A analyzes total transactions. After a health shock, households who are

33Below 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.

34These are household size, gender composition, average age, and years of schooling.

35 As discussed below, Panel B of Table 2 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.

36Since in some cases statistical precision is limited due to our empirically demanding estimation
strategy, the figure reports both 90% and 95% confidence intervals.
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more connected to shocked households differentially reduce the number of trans-
actions 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, respec-
tively, 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 III.C) demon-
strates that such reorganization of local ties is very difficult, at least over the span
of 1-2 years.

Table 2 Panel A shows difference-in-difference estimates corresponding to equa-
tion (4). It documents significant post-shock declines in the number of monthly
transactions in the supply-chain (column 1) and labor-market networks (column
2), and in total transactions (column 3). These effects are large, representing
declines of 20%, 24%, and 21% relative to the pre-period means, 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.In turn, consumption spending falls by THB 293, or 4% of its
pre-period mean (column 5).37 The fall in consumption is smaller than the fall in
income, suggesting that indirectly shocked households can partly, but not com-
pletely, smooth their indirect shock exposure. Moreover, the consumption fall
increases over time, suggesting the depletion over time of consumption-smoothing
strategies (e.g., savings).®

37Recall 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.

38Why are directly shocked households able to smooth their consumption, while indirectly hit house-
holds are not? One explanation is that directly shocked households see economically and statistically
significant increases in transfers (see Appendix Figure A5a), while indirectly shocked households do not
(see Appendix Table A12). This difference in turn may be due to the fact that the direct shocks are
large increases in health spending, often 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. We return to this issue in
Appendix B.B5.
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C. Mechanisms
EFFECTS OF SUPPLY-CHAIN VS. LABOR-MARKET EXPOSURE

In Table 2 Panel B, 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 sup-
portive of the identification assumption, because many plausible confounds (e.g.,
differential trends between closer vs. more-distant households) would manifest
in both sets of outcomes. Because the two networks are correlated, we analyze
the effect of pre-shock exposure to one controlling for pre-shock exposure to the
other.?® Column 1 shows that, conditional on proximity in the labor-market net-
work, a l-unit increase in proximity in the supply-chain network is associated
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 transactions involving paid
labor, while there is no effect seen via the supply-chain 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 associ-
ated with large and significant drops in both income and consumption, while the
corresponding effects of proximity via the supply-chain network are small and in-
significant. 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 sug-
gests estimates that consider supply-chain networks alone may be lower bounds.
Why do we observe greater propagation via labor networks? A possible
explanation is that, although the absolute effect of exposure via supply-chain net-
works on input/output transactions is similar to the effect through labor-market
networks on labor transactions, the effect on labor-market transactions 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 difficult 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 or forming new employment connections may be more

390n 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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difficult, due to concerns of adverse selection (Barwick et al., 2019), finite time
in the day, travel costs, etc. In addition, as we discuss below, shocks reverber-
ate through the networks, reducing the demand for labor at the local level and
the local availability of jobs. Selling labor in other villages can be difficult, as
temporary migration can be costly (Bryan, Chowdhury and Mobarak, 2014).

THE 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 Figure 3).% 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 (incoming transactions) of goods,
inputs and labor from other households, triggering further propagation through
the network. As a result, what was initially a negative shock to one household
turns into a negative aggregate demand shock.

Upstream vs. downstream propagation Table 3 shows that the fall in overall
transactions documented above is driven by falls in both outgoing transactions
(sales of inputs and labor) and incoming transactions (purchases/hiring). 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.

DYNAMICS AND PERSISTENCE.

The indirect effects that we document appear to persist over time, despite the
transitory increase in health spending due to the health shocks. This is also true
when we expand the post-shock analysis window as in Appendix Figure A7.4!
The existence of relatively persistent declines in business activity among directly
shocked households, the inability of households to immediately replace broken
links, and the reduced demand for labor at the village level may explain the
highly persistent effects on indirectly shocked households.

40Figure 3 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.

4INote, however, that a causal interpretation of the results based on a larger analysis window impose
additional assumptions. By construction, none of the non-shocked households at event period 7 = 0
suffered a direct shock within two years. Thus, a longer-term analysis as in Figure A7 requires assuming
that no other household suffered a shock during the post shock period. This assumption is less plausible
for longer analysis windows.
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While the direct effect on health spending peaks within a half-year of the
changes in health status, there is evidence of longer term health consequences
(see Figures 1a and b). In addition, directly shocked households reduced business
spending and relinquished business assets (see Figures le and A5b), reducing the
business scale. To the extent that replacing such assets takes time, the reduction
in business scale may have generated a persistent decrease in labor demand, which
could explain the persistent indirect effects.

In addition, as directly shocked households reduce their demand for workers
and physical inputs, indirectly shocked households may struggle to replace the
broken links. Thus, frictions in rewiring economic networks may lead to a large
degree of persistence. To document the degree of rigidity in the local networks,
we construct a dyadic data set that includes indicators of whether each pair of
sample households (dyads) transacted in year ¢ either in the local goods, labor,
or financial market and estimate the extent to which past transactions predict
future transactions, conditional on measures of similarity and connections based
on kinship networks at baseline. (See Appendix B.B4 for details.) Appendix Table
A9 shows that labor-market and supply-chain networks exhibit a striking degree
of rigidity over time. Column 4 in Panel B shows that dyads linked through
the labor-market network at period ¢ — 1 are 33 percentage points more likely
to transact in period ¢, relative to unconnected dyads at ¢ — 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 (Panel C).42

Finally, as discussed in Section III.C, as the direct effects of the shocks ripple
through the networks, the local aggregate demand may have declined. This de-
cline in aggregate demand may have stronger consequences in local labor markets.
To the extent that replacing local employers with external employers is costly, the
decline in local economic activity may generate these persistent impacts.

D. Robustness

The indirect effects are robust to a battery of alternative specifications. Ap-
pendix Table A10 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).*3 The results are
also robust to utilizing alternative identification strategies (see Appendix Section
B.B3 for details). Columns 1 and 2 of Appendix Table A1l report estimates from

420ur results on persistence in labor market networks echo Felix (2022), who documents highly inelastic
within-market cross-firm substitution in Brazil.

43We drop shocks to firms with revenues (over the 12 months preceding the shock) that are above the
median revenues among shocked firms.
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a triple-difference specification using the placebo shocks from Section II.A as a
control group.** Columns 3 and 4 show results from an alternative identification
strategy that parallels our strategy for estimating the direct effects. In this alter-
native strategy, we compare households who are indirectly shocked for the first
time at time ¢ 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 Ta-
ble A6 shows that our main effects are qualitatively similar, albeit less precisely
estimated, when we use alternative definitions of shocks.*®

IV. The aggregate effects of idiosyncratic shocks

So far, our analysis shows that idiosyncratic shocks propagate through economic
networks, and that shocks spread through labor market networks appear to have
larger negative indirect effects on income and consumption. A natural question is
whether these microeconomic effects can have important aggregate implications,
and, if so, which features of local networks contribute to the amplification or
attenuation of these shocks. In this section, we provide evidence to answer these
questions.

A. The multiplier effect of idiosyncratic shocks

What is the total magnitude of indirect effects relative to that of direct effects?
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 business
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 4 summarizes the key values. The indirect effect on consumption associ-
ated 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 vil-
lage 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 23.46
The implied total indirect effect using mean values is —293 x 0.42 x 23 = —2830
baht per month.

441n 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 A10 report the coefficient on the triple interaction
(Post x Closeness X Treatment).

45This is largely due to the fact that more-stringent definitions of shock identify fewer shocks.

46We 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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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 4). For com-
parison, 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 multiplier” of 1.5, Sudrez 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. 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 settings, data and
methods.*7

Because our calculations are based on economic responses of indirectly shocked
households, net of changes in prices or other village aggregate adjustments, our
multiplier estimates constitute novel partial equilibrium benchmarks for devel-
oping countries. The multiplier we estimate is therefore informative about the
degree of frictions in insurance, labor, and goods markets.*® 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 directly affected household, the total indirect effects are of a similar order
of magnitude, and perhaps larger than, the direct effect itself.

B. Network structure and the propagation of shocks

How does the structure of local networks affect propagation? Do shocks to
agents who differ in their network position propagate to different extents? Un-
derstanding which economic microstructures are conducive to the amplification
or attenuation of idiosyncratic shocks is relevant for targeting social protection
(e.g., cash transfers), forecasting under what circumstances shocks will propagate
to a greater or lesser extent, and gaining a deeper understanding of the ways in
which networks function.

We shed light on these questions 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, combined with pre-post vari-
ation. We consider two dimensions of network exposure: the network’s pre-shock
density, and the degree centrality of the directly shocked household. Specifically,

47Relative to previous estimates of multipliers in developing countries (e.g., Egger et al. 2021), 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). As such our multiplier estimate may be a lower bound, consistent with our
estimate being at the lower end of the range of other recent estimates.

48The value of partial equilibrium multipliers is highlighted by Guren et al. (2021), who argue that
partial equilibrium multipliers can be directly linked to specific mechanisms and be subject to a clearer
interpretation as opposed to general equilibrium multipliers which capture multiple mechanisms.
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we estimate the following model:

Yit,j =BPost; j x Network Exposure; + yPost; ; X Market share;
(5) + Xtk + 07(j) + @i +wj + 0 + 0 x Network Exposure; + € ;

where, as above, the unit of observation is a household 7 in period ¢ around the
shock to household j. Network Exposure;, which does not vary across households
1, measures either the shocked household’s degree or the network’s density during
the pre-shock period, based on the transactions in the labor market and the mar-
ket of inputs and final output. w; absorbs village-level variables that are invariant
around the analysis window, including the main effect of Network Exposure;. We
allow outcomes to vary over time differentially for villages with different structures
by including time-fixed effects d; interacted with Network Exposure;. The vector
X includes the interaction of the number of households in the village (number
of nodes in the network) with Post; ; to account for potential contemporaneous
shocks correlated with village size, as well as a measure of the household’s market
share in the local economy.®”

The parameter of interest is [, which captures the post- vs. pre-shock dif-
ferences in changes in outcomes of households in villages with higher pre-shock
network density (or shocked household degree centrality), relative to households
in villages with lower pre-shock network density/shocked household degree cen-
trality. It is useful to compare equation 4 with equation 5. Equation 4 leverages
within-village variation, comparing households with a distant, or no, network con-
nection to the shocked household versus those who are closer in the network. This
specification traces out how the direct effects travel through the network. Equa-
tion 5 instead compares average outcomes of non-directly-shocked households in
villages where network exposure differs; this specification sheds light on the in-
direct effects on the awverage non-shocked household, as a function of network
characteristics.

The sign of § is theoretically ambiguous. When we consider variation in net-
work density, on one hand, in denser networks the average household has more
transaction partners, potentially making it easier to make up for the loss of trans-
actions with the directly shocked household. On the other hand, being connected
with more transaction partners increases overall indirect exposure to shocks, and
may make shocks more “de facto aggregate.” Similarly, a shock hitting a higher-
centrality household may on one hand be better-insured or, due to homophily,
the contacts of a higher-centrality household may also be more central/better
insured; these mechanisms would suggest less propagation. On the other hand,
a higher-centrality household has, by definition, more first-degree connections,
which may cause the shock to propagate more.?”

4OFollowing Hulten (1978), we compute a firm’s market share to be the firm’s non-labor revenues as a
share of aggregate value added.
50Note that, because we are using only network-level variation in network density and in the centrality
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RESULTS: NETWORK DENSITY, POSITION AND PROPAGATION

We first examine the effect of network density on shock propagation: Panel
A of Table 5 shows that shocks in denser networks propagate more: a 1 SD
increase in the network’s pre-shock network 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 2.2%
(columns 4 and 5), also statistically significant at 1%.

Turning to the effect of the network position of the shocked household, Panel
B in Table 5 indicates that when a more central household is shocked, greater
propagation results. A 1 standard deviation (SD) increase in the degree of the
shocked household leads to an average of 0.035 (3.4%) fewer input/output trans-
actions per household 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 per-
household transactions (columns 1-3; all significant at 5% or better). Accordingly,
a 1 SD increase in the degree of the shocked household 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%.

These results show that both the structure of the network and the location of
the shocked household within it matter. Shocks to more centrally located 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 a tradeoff in promoting network interlinkages: while increasing linkages
among households may strengthen the insurance capacity of networks (Feigen-
berg, Field and Pande, 2013), such increased links may also decrease resilience to
propagation. Likewise, encouraging links with central households may promote
information diffusion (Beaman et al., 2021), but may increase indirect exposure to
shocks via propagation as well. These results suggest that policy efforts targeted
at attenuating the effects of shocks to central households may have high social
returns, as they may prevent propagation. We explore this idea further in the
next section.

C. Access to insurance and attenuation of propagation.

The above discussion illustrates features of the economic environment which
mediate the propagation of shocks, namely network density and the position of
the shocked household. It is also well known that insurance can help to buffer
health shocks. Both formal insurance (Finkelstein et al., 2012) and informal risk-
coping mechanisms (de Weerdt and Dercon, 2006) may play a role by helping

of the shocked household, we will not mechanically measure more propagation by virtue of more High-
Closeness individuals, as we would if we used a specification like equation 3.
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directly-hit households buffer shocks. By allowing shocked households to cope
without scaling back business activities, insurance can stop propagation before it
starts.5152

THE ROLE OF INFORMAL INSURANCE

We investigate the role of informal risk coping using heterogeneity in the strength
of local insurance networks. We do so by allowing the direct and indirect effects
of the shocks to vary based on whether the directly shocked household exhibits
gift-returns co-movements—a measure of engagement with risk sharing networks
proposed by Samphantharak and Townsend (2018)—during the pre-period that
are above or below the sample median.%

The results appear in Table A13. Panel A reports direct effects.?® Columns
1-2 confirm that the severity of health shocks, as measured by symptoms or
spending, does not differ by the baseline insurance network participation of the
shocked household. Column 3 shows that the magnitude of incoming gifts/loans
is roughly twice as high for high-insurance households (however the difference
is not statistically significant). Reflecting this greater access to insurance, the
falls in hired labor and business spending are roughly one third as large for high-
insurance households (cols 4-5). In order to examine heterogeneous effects with
more statistical precision, column 6 reports on an inverse covariance weighted
(ICW) index of labor and spending. The index falls by one third as much, 0.04 vs.
0.13 standard deviations (SD), for high- vs low-insurance households (p = 0.054
for a one-sided test).?®

Panel B presents the indirect effects, based on an specification similar to (5)
but that allows the indirect effects of shocks hitting denser networks (a proxy for
increased amplification of the shock) to vary by the shocked household’s pre-shock
engagement in insurance networks.’¢ Both labor and input/output transactions,

5lIndeed, we document a role for informal insurance in our context, namely an increase in incoming
gifts for directly shocked households in the first half year after the shock (see Appendix Figure Aba).
However, this increase does not fully make up for the sharp increase in health spending over the same
time frame (see Figure 1b). On average, the incoming gifts account for roughly two-thirds of the increase
in health spending during the first post-shock half year.

52The finding that directly shocked households see increases in net gifts and loans may raise the
question of whether 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 directly shocked household. However,
Appendix Table A12 shows that neither transfers nor loans given by the indirectly shocked household to
other households increase following the shock

53Because sections IV.C and IV.D together estimate three different sets of heterogeneity analyses for
direct effects and a corresponding effect for indirect effects, one may worry that some of the effects
will be spuriously significant. Therefore, for each set of heterogeneity analyses, we construct an inverse
covariance weighted index of key outcomes and compute Anderson (2008) g-values across the three indices
for direct effects and the three indices for indirect effects. These are reported in tables A13, A14 and
A17.

54Gpecifically, we estimate direct effects by estimating 81 and 32 from equation B6, which is a modified
version of (2). Details appear in Appendix B.B6

55We discuss one-sided p-values in this section in keeping with the one-sided alternative that better
access to insurance mitigates direct and indirect effects of shocks. Tables A13-A17 also report two-sided
p-values.

56We estimate indirect effects by estimating 51 and B2 from equation B7, which is a modified version
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hence total transactions, fall to a lesser extent for indirectly exposed households
when the directly shocked household has above-median access to informal insur-
ance (cols 1-3). The falls in income and spending are also lower (cols 4-5). An
ICW index of total transactions, income and spending falls by .02 vs .04 SD when
the shocked household is well insured vs not (p = 0.067). In sum, when shocks
hit households with better access to informal insurance, both the direct and in-
direct effects are mitigated. This result emphasizes the distinct roles of economic
networks: production networks (e.g., supply chains and employer-employee net-
works) appear to amplify idiosyncratic shocks but insurance networks contribute
to attenuate their effects.

THE ROLE OF FORMAL INSURANCE

To explore the role of formal insurance in mediating direct and indirect effects
of shocks, we explore heterogeneity across the four provinces in our sample. As
documented by Gruber, Hendren and Townsend (2014), Thailand’s “30 Baht”
program, which increased funding available to hospitals to care for the poor and
reduced copays to 30 Baht ( $0.75), was implemented more intensively and was
more impactful in poorer provinces.?” Thus, we examine whether the direct
and indirect effects of shocks differ between the poorer provinces in the sample
(Buriram and Sisaket), which were more intensively targeted by the 30 Baht
program, vs. the richer provinces (Chachoengsao and Lopburi). Of course, there
are many other important differences across provinces. While level differences
across provinces or villages will be absorbed by the household fixed effects, this
analysis should be regarded as suggestive.

Table A14 presents the results. Direct effects are presented in Panel A. De-
spite health shocks in poorer provinces being slightly more severe as measured
by symptoms (col 1), the rise in health spending is less than half as large (col 2,
p < 0.01). Given that the shocks require less out of pocket expenditure, incoming
gifts/loans are smaller in poorer provinces (col 3). Cols 4 and 5 show that in
the poorer provinces, where formal health insurance was more robust, the falls
in both hired labor and business transactions are roughly one third the size as in
other provinces. Accordingly, the index of labor and spending falls by .036 SD in
poorer provinces vs .13 SD in richer provinces (p = 0.059).

Panel B presents the indirect effects. Transactions (labor, goods, and total)
fall to a lesser extent for indirectly shocked households in poorer provinces (cols
1-3). Accordingly, income and consumption also fall to a lesser extent. An index
of total transactions, income and spending falls by 0.09 SD in richer provinces vs.
0.03 SD in poorer provinces (p < 0.01). Thus, in areas where formal insurance
was implemented more robustly, direct effects of health shocks are buffered and
therefore, propagate to a lesser extent.

of equation (5). Details appear in Appendix B.B6
57 A key aim of the policy was to reduce geographical disparities in the provision of public healthcare.
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D. The role of 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 other
members taking care of them) may not easily be replaced by hired labor. We find
declines in hired labor coupled with similar declines in labor provided by house-
hold members among directly shocked households (cols 6-7 of Table 1), which are
not offset with incoming free external labor (col 5, Panel A of Appendix Table
A15). Moreover, Appendix Table A16 shows that when a shock hits working-
age members—those more likely to operate businesses—there is a large decline in
hired labor and a corresponding decline in business spending. This suggests that
there may be complementarities between labor provided by household members
and hired labor and hence, when household labor declines due to a shock, demand
for hired labor will fall as well.

To further investigate to what extent demand-side frictions in local labor mar-
kets mediate propagation, we split the sample by the degree of complementarity
between household and hired labor, c?’l, measured as the pre-shock co-movement
between the idiosyncratic component of labor provided by household members
(h) and labor hired externally (7). If labor-market frictions play a role, we expect
to see larger effects for those households with above-median cl}-b’l (see Appendix
Section B.B6 for details).

Panel A in Table A17 first shows that the severity of the shock, measured
via symptoms and by spending on health, is not different for high- vs. low—c?’l
households (cols 1-2). The degree of informal insurance is also similar (col 3).
However, the fall in hired labor is over 5 times larger for high-¢! households (col
4) (p = 0.073). In contrast, the direct effects on business spending are similar
(col 5), indicating that the difference is specific to labor, not goods, demand.

However, turning to the indirect effects (Panel B), there is little evidence of
heterogeneity by the degree of complementarity (C?’l) of the shocked household:
the falls in transactions, and consumption are similar when high- and low—c?’l
households are shocked. Although the indirect effects on income appear to differ
(though not significantly), the impacts on the ICW index of total transactions,
income and spending are remarkably similar. The results, in sum, suggest that
while labor market frictions play a role in shock propagation, as shown by the
greater effects of labor market vs supply chain exposure in Table 2 Panel B, the
degree of internal-external labor complementarity of the shocked household is not
a key mediator of these indirect effects. This may indicate that the predominant
channel for propagation is the expenditure-side impacts of health shocks combined
with supply-side frictions in local labor markets (e.g. costs of migrating outside of
the village), rather than impacts to household labor endowments and attendant
frictions on the demand for hired labor.
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V. Concluding remarks

In developed economies, firms are often owned by diversified investors and em-
bedded in global supply chains. In contrast, small firms in LMICs are often
operated by un-hedged households and are tightly linked to other businesses and
households through local economic networks defined by labor as well as product
market transactions. These key differences may imply that the way in which
firms cope with shocks to their owners, and the mechanisms through which these
shocks propagate through the local economy may also be different to the behavior
documented in the literature studying larger firms.

Our analysis reveals three novel facts. The first is that the adjustments that
households make to cope with severe idiosyncratic shocks not only affect their
business outcomes, but also the incomes and spending levels of other other house-
holds. In our setting, health shocks put substantial pressure on household bud-
gets and labor endowments. As a result, shocked households adjust production:
drawing down working capital, cutting input spending, and reducing 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.

The second fact we document is that, while these shocks propagate through both
local supply chain and local labor markets, propagation through labor linkages is
more consequential in terms of indirect effects on consumption. This distinction
points at important labor market frictions: once a link between and employer
and an employee is broken, it is quite hard to replace it, either locally or by
selling/buying labor outside the network.

Thirdly, we document that economic microstructures also shape propagation:
shocks in denser networks propagate more, as do shocks to actors who are central
in networks. Additionally, access to insurance (either formal or informal) mediates
the spread of shocks, by decoupling the strategies that households use to cope
with shocks and their productive decisions. As such, insurance appears to mitigate
propagation by “stopping it before it starts”.

Our findings suggest several interventions that may be beneficial. First, invest-
ing in preventative heath to reduce the severity of shocks benefits not only the
household whose health improves, but also others linked in the local network.
In addition, improved safety nets may help cut the link between production and
the strategies that business owners use to cope with shocks, preventing granular
shocks from propagating. Safety nets such as workfare (e.g., India’s National Ru-
ral Employment Guarantee Scheme), health insurance (e.g. Thailand’s 30 Baht
Program), cash transfers (e.g, Mexico’s Oportunidades), and others benefit not
only the directly targeted household but also its network connections; either by
reducing propagation or by reducing its negative second-order effects. Second,
where such programs are not universal, they may benefit from targeting those
with key roles in the underlying networks, or areas (networks) where the eco-
nomic activities of their members are more interconnected (i.e., higher network
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density). Electronic payment platforms that identify key players in the network
structure could allow insurers to better target recipients who are key nodes in
local networks.

Finally, policy interventions should also strive to improve the functioning of
local labor markets and to make production networks less rigid and more diver-
sified. Interventions to improve contract enforcement (Fazio et al., 2020) or to
broaden the extent of product and factor markets beyond the local village mar-
ket (Park, Yuan and Zhang, 2021) may reduce the rigidity and sparsity of local
supply-chain and labor-market networks and hence mitigate the propagation and
persistent adverse impacts of idiosyncratic shocks.
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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 (7 = —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% and 95%

confidence intervals 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.



Table 1—: Effects on health, spending and family businesses

Panel A: Using shocks occurring during the first half of the sample

1) 2) ®3) (4) (5) (6) ) ®)
Reported Health ~ Non-health Total Business  Hired Household Revenues
symptoms spending  spending  spending Spending labor labor
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) ©) ®)
Reported Health ~ Non-health Total Business  Hired Household Revenues
symptoms spending  spending  spending Spending labor labor
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 8 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. Business spending, labor, and revenues are aggre-
gated 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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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 regressions 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 3,%6 half-year preceding the shock (-1) between more-
and less-exposed households. Standard errors are t¥b-way clustered at the household () and shock level
(j)- All variables measured in THB are winsorized with respect to the 99% percentile.



Table 2—: Propagation of idiosyncratic shocks

Panel A: Propagation effects through village networks.
(1) (2) 3) 4) ()

Input/Output  Hired Labor  All transactions Total Income Total Spending

Post X Closeness -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

Panel B: Propagation effects 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 -0.23 0.02 -0.20 -107 57
(supply-chain network) (0.07) (0.04) (0.08) (468) (173)
Post X Closeness -0.03 -0.21 -0.24 -1,283 -477
(labor-market network) (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: Panel A presents estimates of 3 from equation (4). Closeness; 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. Panel B presents estimates of 3 from equation a variation of (4) where Closeness; ;

denotes inverse distance to the shocked household during the year preceding the shock to j, by type of

network. Standard errors are two-way clustered at the household (i) and event (j) level.
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Table 3—: Propagation effects on outgoing and incoming transactions

(1) (2) (3) (4) (5) (6)
Input/Output Labor All transactions
Outgoing Incoming Outgoing Incoming Outgoing Incoming

Post X Closeness -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 8 from equation (4). Closeness; ;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 (%), 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.

Table 4—: 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) -1607
Direct effects on business spending (% relative to pre-shock mean) -22.0
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 176 [0.245, 7.866] [ 0.470, 5.569]
Elasticity 0.076  [0.011,0.322] [0.021, 0.241]
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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Figure 3. : 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 regression 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 5—: Propagation and network characteristics

Panel A: Aggregate shock amplification and network density

(1) (2) (3) (4) (5)

Input/Output Hired Labor All transactions Total Income Total Spending

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

Panel B: Aggregate shock amplification and shocked household degree

(1) (2) ®3) (4) (5)

Input/Output Hired Labor All transactions Total Income Total Spending

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

Note: Panels A and B report results corresponding to equation (5) using network density as proxies
of village-level exposure to shocks and degree centrality of the shocked household, 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
household 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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Table A1—: Summary statistics

Panel A: Household baseline characteristics

count mean sd pl0 p90
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)

count mean sd pl0 P90
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
Food consumption 7650 32916.51 21912.78 11865 60521
Total consumption 7650  98030.54 99438.08 24189 204476
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

count mean sd pl0 P90
Supply chain network: Degree (number of links) 7650 1.36 2.71 0 3
Supply chain 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

count mean sd pl0 p90
Number of households in the village 16 160.95 89.61 74 330
Village-level average firm size 240 341048.59  397630.43 59966 620106
Village-level standard deviation of firm size 240 618846.47  1452881.89 69877 1222209
Village-level kurtosis of average village firm size 240 10.13 5.92 4 19

Note: Panel A reports summary statistics for baseline demographic characteristics. Panel B reports
household financial characteristics (annual averages using balanced panel of 509 households). Farm in-
come 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 transac-
tions from households inside and outside the village and receipt of government transfers. Consumption
includes spending and consumption of home production. In Panel C, all networks are unweighted and
undirected. Kinship networks are measured at baseline; transaction networks are measured on an annual
basis. Financial networks are based on gifts and loans between households in the same village. Supply
chain networks include transactions of raw material and intermediate goods between businesses operated
by households in the same village. Labor networks include paid and unpaid labor between households
in the same village. Degree: Number of households with whom each household transacted in each year.
Access=1 if the household has participated in the network in a given year; 0 otherwise. Panel D reports
characteristics at the village level (16 villages). Firm size statistics are computed at village-year level
using gross annual revenues as a proxy for firm size.



(¢) Kinship (d) Financial

Figure Al. : 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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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 (7 = —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% and 95%
confidence intervals are computed using standard errors clustered at the household level.
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Figure A3. : Hired labor (extended analysis window)

Note: Each dot represents differences between treatment and control households in changes in outcomes
relative to the period preceding the beginning of the shock (7 = —1).The estimating sample includes 5
half 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% and 95%
confidence intervals are computed using standard errors clustered at the household level.
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Figure A4. : Changes in household outcomes before and after the shock

Note: The Figure plots means of average monthly health spending, total consumption, 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 7 = —1 denotes the half-year
preceding the shock onset. Total consumption spending includes health spending. Revenues include
income streams from all household enterprises and 6xclude earnings from providing wage labor to other

households.



 Gifts

o
3 i
— : T
o [
o |
o |
- [
|
o |
2 I
) |
I I
'_
odlfe—____ |- __ & i _____
|
|
o |
o 4
[tp) |
! I
o |
[=] - |
© |
A\ T T T T T T T T
-4 -3 - - 0 2 3
Time to event (half year)
—@— Coef ——— 90% ClI
=———4 95% Cl
(a) Incoming gifts
o Fixed assets, livestock and inventories
S i
o
= [
[
[
o
o |
S [
o
N |
[
[
m
ToH-—-————t-————- e — — — - ————————
= |
|
o |
=3 |
o 4
o |
& [
|
g | ’ .
S |
< T T T T T T T T
"4 -3 -2 2 3

-1 0
Time to event (half year)

—@— Coef ——— 90% ClI
=———4 95% ClI

(b) Fixed assets, livestock, and inventories
Figure A5. : Effects on incoming transfers and assets

Note: The figure reports coefficients from equation 1. Each dot represents differences between treatment
and control households in changes in outcomes relative to the period preceding the beginning of the shock
(r = —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 and 95% confidence intprvals are computed using standard errors clustered
at the household level.



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 -0.09 -3.33

(0.06) (1.78)

Baseline mean (DV) 2.93 81.22

Observations 22805.00 22805.00

Number of events 247.00 247.00

Adj. R-Squared 0.80 0.77
Panel B: Using all shocks

&) 2)

# of hh members # of days

Post X Treatment -0.10 -3.34

(0.04) (1.20)

Baseline mean (DV) 3.03 85.42

Observations 43246.00 43246.00

Number of events 470.00 470.00

Adj. R-Squared 0.78 0.76

Note: The Table reports estimates of 8 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. #
of days is computed by adding across household members the number of days in which household member
performed housework activities (e.g., cooking, cleaning, taking care of children, etc.) Standard errors are
clustered at the household level.



Table A3—: Direct and indirect effects: Alternative shock definitions

Panel A: Direct Effects on household spending

1) ) ®3) (4) (5) (6) M ®)
Max. Changes Excluding small shocks ~ Health exp.>Avg. Food exp. Health exp.>mean 4+ SD
Health Business Health Business Health Business Health Business
PostXTreat 467.4 -1662.5 664.6 -1896.8 829.5 -3669.1 719.7 -2947.2
(81.02) (780.7) (114.6) (897.6) (143.9) (1951.3) (120.4) (1535.8)
Baseline mean (DV) 141.0 7032.4 169.0 8113.8 218.0 10387.8 228.9 9983.4
Observations 22250 22250 20055 20055 7616 7616 8871 8871
Number of events 228 228 184 184 87 87 104 104
Adj. R-Squared 0.0610 0.803 0.0507 0.788 0.0500 0.819 0.0896 0.753
Panel B: Indirect Effects
(1) @) 3) (1) ) (©) (7) (8)
Max. Changes Excluding small shocks ~ Health exp.>Avg. Food exp. Health exp.>mean + SD
# 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
(0.0804) (415.2) (0.0742) (499.8) (0.166) (1104.2) (0.107) (932.3)
Baseline mean (DV) 1.427 10381.4 1.249 11531.1 1.116 14158.0 1.062 14508.1
Observations 408709 408709 303440 303440 68781 68781 105907 105907
Number of events 389 389 284 284 142 142 181 181
Adj. R-Squared 0.379 0.201 0.357 0.193 0.336 0.195 0.357 0.188

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. Standard errors in parentheses.



Table A4—: Direct and indirect effects: Shocks based on suspended activities

Panel A: Direct effects on spending

1) 2) 3) (1) (5) (6)
Suspension of activities due to sickness
> 0 days > 7 days > mean +1sd days
Health Business Health Business Health Business
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
M 2) 3) (4) (5) (6)
Suspension of activities due to sickness
> 0 days > 7 days > mean +1sd days

# 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.

10



Table A5—: Direct effects: allowing for multiple, non overlapping shocks per
household.

1) 2 (3) (4) () (6) (7) (8)
Shock(health>food spending) Shock(activities)
Single shock Multiple shocks Single shock Multiple shocks
Health Business Health Business Health Business Health Business

Post X Treatment  829.5  -3669.1 9754  -4367.8  398.9  -2267.4 2041  -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 (B1).

Table A6—: Direct effects: Robustness to alternative control groups.

Randomly selected Using not-yet-treated Using not currently Callaway &
placebo group as controls treated as controls San’t anna (2021)
(1) (2) 3) (4) (5) ©) (7) (8)
Health Business Health Business Health Business Health  Business
Treatment effect 467.1 -1016.5 416.6 -1383.4 844.8 -720.5 1344 -4475.3
(64.64) (444.5) (59.09) (389.2) (126.0) (315.1) (335.3) (1977.8)
Baseline mean (DV)  196.5 7542.0 140.8 6661.3 161.7 7626.1 68.52 4886.5
Observations 43155 43155 132698 132698 21409 21409 N.A. N.A.
Number of events 470 470 353 353 470 470 247 247
Adj. R-Squared 0.0590 0.787 0.0533 0.782 0.0247 0.793 N.A. N.A.

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 (B2). 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 (B3). 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. See Appendix Section B.B2 for
details. Standard errors in parentheses.
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Table A7—: Direct effects: Robustness to using an unbalanced panel

(1) 2)

Health spending Business spending
Post X Treatment 434.9 -1438.9
(64.52) (664.6)
Baseline mean (DV) 143.9 6796.4
Observations 26559 26559

Number of events 292 292

Adj. R-Squared 0.0576 0.804

Note: The table reports 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). Columns 1 and 2, report estimates using our main specification
(equation (2)). See Appendix Section B.B2 for details. Standard errors in parentheses.

Table A8—: Spending co-movements with health status

Panel A: Symptom - Health spending comovements

) 2 ®3) (4)

®) (6) (M)

A Experienced any symptom 431.3 438.6 441.2
(44.99) (46.31) (44.90)
A 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

™ 2 ®3) 4) (®) (6) (M

A Experienced any symptom -118.9 -122.8 -81.49
(98.10) (100.0) (97.75)
A 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: ASpending; ., = BAHealth Status; o, + 0u,¢ + €5,0,¢-
Where AX; , + measures the changes in X between months ¢ and ¢ — 1, §,,¢+ denotes village-month fixed
effects, and e denotes an error term. Standard errors are reported in parenthesis and are clustered at the

household level.
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Figure A6. : Event-study estimates using Callaway and Sant’Anna (2021)’s ap-
proach

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 households 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.
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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 regressions 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 jhje half-year preceding the shock (-1) between more-
and less-exposed households. Standard errors are two-way clustered at the household () and shock level
(). We exclude shocks that occurred within 4 years of the end of the panel, to ensure a balanced panel
throughout the analysis window.



Table A9—: Persistence in transaction networks, by network type

Panel A: Supply chain transactions

1) 2) (3) 4)

Lag Prob. of link at t — 1 (p) 0.469 0.460 0.378 0.378
(0.015)  (0.014) (0.011) (0.011)
Kinship connection 0.100 0.100
(0.006)  (0.006)
Demographic ( log euclidean distance) -0.019
(0.119)
Net worth (log squared differences) -0.037
(0.027)
Observations 234,192 234,192 234,192 234,192
Adjusted R-squared 0.221 0.227 0.268 0.268
Mean DV 0.0508  0.0508  0.0508  0.0508

Panel B: Labor market transactions

1) 2) (3) 4)

Lag Prob. of link at ¢t — 1 (p) 0.427 0.401 0.333 0.333
(0.012)  (0.013) (0.011) (0.011)
Kinship connection 0.110 0.110
(0.007)  (0.007)
Demographic ( log euclidean distance) -0.112
(0.130)
Net worth (log squared differences) -0.006
(0.031)
Observations 234,192 234,192 234,192 234,192
Adjusted R-squared 0.189 0.207 0.241 0.241
Mean DV 0.0612  0.0612  0.0612  0.0612

Panel C: Gifts/loans transactions

(1) 2) (3) 4)

Lag Prob. of link at t — 1 (p) 0.260 0.258 0.209 0.209
(0.015) (0.015) (0.013) (0.013)
Kinship connection 0.091 0.091
(0.006)  (0.006)
Demographic ( log euclidean distance) 0.138
(0.071)
Net worth (log squared differences) -0.035
(0.017)
Observations 234,192 234,192 234,192 234,192
Adjusted R-squared 0.067 0.069 0.102 0.102
Village-Year FE YES YES YES YES
Household i FE NO NO YES YES
Household j FE NO NO YES YES
Mean DV 0.0122  0.0122 0.0122 0.0122

Note: The table presents regression coefficients following the specification in equation (B5). 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 presents raw correlations, column 2 includes
village-year fixed effects. Column 3 adds kinship first-degree connections as a control. Column 4 controls
for differences in baseline demographic characteristies, 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.



Table A10—: Indirect effects: Robustness to alternative specifications

© ® ®) @ ) ©) @ ®)
Village-month FE Unconnected households Unbalanced panel Only shocks to small firms
Transactions Income Transactions Income  Transactions Income Transactions Income
Post X closeness -0.19 -816 -0.18 -912 -0.24 -1,232 -0.24 -1,362
(village networks) (0.04) (437) (0.06) (402) (0.06) (422) (0.08) (494)
Observations 411,535 411,535 445,621 445,621 411,535 411,535 195,822 195,822
R-squared 0.44 0.26 0.37 0.20 0.38 0.20 0.39 0.24
Pre-period Mean 0.936 10301 0.919 10571 0.709 9116 1.021 9119
Number of events 391 391 421 421 391 391 190 190

Note: Columns 1 to 8 present estimates of 8 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. Standard errors are two-way clustered at the household (i) and event (j) level.

Table A11—: Indirect effects: Robustness to alternative estimation approaches

1) (2) 3) 4)
Triple difference Fadlon & Nielsen approach
Transactions Income Transactions Income
Post X closeness (village networks) X indirect exposure -0.18 -1,570
(0.09) (488)
Post X Indirect exposure -0.22 -1,206
(0.11) (632)
Observations 832,155 832,155 20,730 20,716
R-squared 0.37 0.20 0.39 0.22
Pre-period Mean 1.389 10496 1.520 7202
Number of events 458 458 474 473

Note: Columns 1 and 2 report triple difference estimates corresponding to equation (B4) 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.B3 for details). In this case,
we winsorized the number of transactions corresponding to the supply-chain networks. Columns 3 and
4 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.B3 for details). Standard errors are two-way
clustered at the household (¢) and event (j) level.
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Table A12—: Indirect effects of health shocks on gift/transfers to other house-
holds (outflows)

(1) (2) 3)
# of gifts Gift ($ THB) Gift+Loans ($ THB)

Post X Closeness (village network)  -0.00602 -65.36 -90.70
(0.00686) (56.02) (64.91)
Baseline mean (DV) 0.0287 905.2 1019.9
Observations 411535 411535 411535
Number of households 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 5 from equation
(4). Closeness; ; 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 (z) and event (j) level.
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Table A13—: Direct and indirect effects by participation in risk-sharing networks.

Panel A: Direct effects

(1) 2) 3) (1) (5) (©)
Any health Health Incoming Hired  Business ICW Index

symptom spending gifts/loans  labor  spending (4-5)

Low participation X 0.0763 406.9 300.4 -13.24 -2249.9 -0.129
Post X Treatment (0.0245) (72.91) (362.8) (7.184)  (941.9) (0.0509)
High participation X 0.0914 408.9 695.8 -5.200 -506.1 -0.0391
Post X Treatment (0.0230) (117.7) (418.5) (5.057)  (540.4) (0.0326)
Difference 0.0151 2.035 395.4 8.042 1743.8 0.0895
S.E. Difference 0.0323 140.1 529.3 7.376 1089.1 0.0556
P-value(HO: Difference=0) 0.641 0.988 0.456 0.276 0.110 0.108
P-value(HO: Difference<0) 0.320 0.494 0.228 0.138 0.0550 0.0541
Q-value (HO: Difference<0) 0.063
Baseline mean (DV) 0.351 152.9 2906.3 13.31 7617.2 0.00351
Observations 39833 39835 39835 39835 39835 39835
Adj.R-Squared 0.230 0.0435 0.0469 0.560 0.762 0.680

Panel B: Indirect effects
W @) ®) @ (©)
# transactions Income Spending ICW Index

Hired labor Input/Output All (3-5)
Low participation X -0.0529 -0.0636 -0.116 -316.8 -157.2 -0.0380
Post X Density transactions (z-score)  (0.0291) (0.0324) (0.0467)  (240.7)  (57.78) (0.0117)
High participation X -0.0217 -0.0264 -0.0480 -276.3 -115.7 -0.0215
Post X Density transactions (z-score) (0.0308) (0.0351) (0.0545)  (195.7)  (58.26) (0.0114)
Difference -0.0312 -0.0372 -0.0685 -40.59 -41.46 -0.0165
S.E. Difference 0.0267 0.0272 0.0398 162.0 65.91 0.0111
P-value(HO:Difference=0) 0.242 0.173 0.0861 0.802 0.530 0.137
P-value(HO:Difference<0) 0.121 0.0863 0.0431 0.401 0.265 0.0686
Q-value (HO:Difference<0) 0.074
Baseline mean (DV) 0.467 0.996 1.463 10320.8 7233.7 -0.0302
Observations 421520 421520 421520 421520 421520 421520
Adj.R-Squared 0.222 0.421 0.359 0.205 0.625 0.448

Note: Panel A reports estimates of 81 and 2 from equation (B6) in section B.B6. Each column reports
differences between treatment and control households in changes in outcomes before and after the shock.
Panel B presents estimates of 81 and B2 from equation (B7). “High” and “Low” denote whether the
directly shocked household exhibits gift-returns co-movements during the pre-period that are above (high)
or below (low) the sample median. Standard errors are clustered at the household level.
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Table A14—: Direct and indirect effects by differential exposure to formal insur-

ance
Panel A: Direct effects
1 2) 3) (4) &) (6)
Any health Health Incoming  Hired  Business ICW Index
symptom spending gifts/loans  labor  spending (4-5)
Less poor provinces X 0.0596 563.2 939.7 -15.09 -1985.7 -0.129
Post X Treatment (0.0216) (110.3) (437.7) (8.185)  (801.7) (0.0519)
Poorer provinces X 0.114 217.3 165.4 -3.472 -667.9 -0.0361
Post X Treatment (0.0257) (43.92) (316.3) (4.470)  (667.3) (0.0288)
Difference 0.0539 -345.9 -774.3 11.62 1317.8 0.0930
S.E. Difference 0.0335 119.0 534.6 9.250 1044.5 0.0593
P-value(HO: Difference=0) 0.108 0.00383 0.148 0.210 0.208 0.118
P-value(HO: Difference<0) 0.0542 0.00191 0.0741 0.105 0.104 0.0589
Q-value (HO: Difference<0) 0.063
Baseline mean (DV) 0.344 157.8 2828.1 15.92 7194.1 0.00262
Observations 43244 43246 43246 43246 43246 43246
Adj.R-Squared 0.233 0.0443 0.0548 0.684 0.763 0.712
Panel B: Indirect effects
(@) 2) ®3) (4) Q) (6)
# transactions Income Spending ICW Index
Hired labor Input/Output All (3-5)
Less poor provinces X -0.145 -0.0799 -0.225 -1426.8 -367.3 -0.0916
Post X Density transactions (z-score) (0.0370) (0.0475) (0.0673)  (445.0)  (133.5) (0.0216)
Poorer provinces X -0.0480 -0.0450 -0.0930 -329.1 -122.0 -0.0314
Post X Density transactions (z-score)  (0.0263) (0.0284) (0.0434)  (183.0)  (44.25) (0.00912)
Difference -0.0966 -0.0349 -0.132 -1097.8  -245.3 -0.0601
S.E. Difference 0.0286 0.0396 0.0555 394.8 124.8 0.0198
P-value(HO:Difference=0) 0.000815 0.379 0.0183 0.00569  0.0501 0.00251
P-value(HO:Difference<0) 0.000407 0.190 0.00915  0.00285  0.0250 0.00126
Q-value (HO:Difference<0) 0.004
Baseline mean (DV) 0.467 0.996 1.463 10320.8  7233.7 -0.0302
Observations 452115 452115 452115 452115 452115 452115
Adj.R-Squared 0.233 0.447 0.382 0.219 0.628 0.466

Note: Panel A reports estimates of 31 and B2 from equation (B6) in section B.B6. Each column reports
differences between treatment and control households in changes in outcomes before and after the shock.
Panel B presents estimates of 81 and Sz from equation (B7) “Poor” and “Less poor” denote whether
the shock occurred in a relatively poorer province or a less poor one, based on the average province-level
income. Standard errors are clustered at the household level.
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Table A15—: Response to shocks: coping mechanisms

Panel A: Direct effects

(1) ) 3) (4) (5)

Gifts/Transfers ~ Loans Fixed Assets Cash in Hand  Unpaid labor
livestock & inventories (Hrs/Month)
Post X Treatment 560.7 70.40 -13846.6 -13452.2 1.832
(214.4) (239.4) (9667.3) (22948.1) (1.557)
Baseline mean (DV) 1938.1 271.7 224084.7 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 0.923 0.882 0.212
Panel B: Indirect effects
Gifts/Transfers ~ Loans Fixed Assets Cash in Hand  Unpaid labor
livestock & inventories (Hrs/Month)
Post x Closeness (village network) -90.16 -99.89 -18123.9 -11242.7 -0.974
(123.1) (120.2) (6410.4) (20699.1) (1.023)
Baseline mean (DV) 2274.0 67.80 248900.2 410614.0 5.841
Observations 411535 411535 411535 411535 411535
Number of households 391 391 391 391 391
Adj. R-Squared 0.141 0.0385 0.881 0.815 0.269

Note: Panel A reports estimates of 8 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 3 from equation (4). Closeness; ; 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

(¢) and event (j) level.
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Table A16—: Heterogeneous direct effects by age of shocked household member

(1) (2) (3) (4)
Health  Business  Hired labor  Household Labor
spending spending (Hrs/Month) (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 8 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 A17—: Direct and indirect effects by internal-external labor complemen-
tarities.

Panel A: Direct effects

1 2 ®3) (4) (5) (6)
Any health Health Incoming  Hired  Business ICW Index
symptom spending gifts/loans  labor  spending (4-5)
Low complementarities X 0.0830 381.8 442.1 -2.310 -1088.7 -0.0453
Post X Treatment (0.0217) (85.13) (358.7)  (3.273)  (698.9)  (0.0272)
High complementarities X 0.0923 443.3 609.4 -16.40 -1469.3 -0.137
Post X Treatment (0.0246) (81.03) (432.6) (8.985)  (747.6) (0.0452)
Difference 0.00931 61.51 167.3 -14.09 -380.6 -0.0922
S.E. Difference 0.0324 114.5 553.3 9.675 996.4 0.0526
P-value(HO: Difference=0) 0.774 0.591 0.762 0.146 0.703 0.0804
P-value(HO: Difference<0) 0.387 0.296 0.381 0.0730 0.351 0.0402
Q-value (HO: Difference<0) 0.063
Baseline mean (DV) 0.344 157.8 2828.1 15.92 7194.1 0.0198
Observations 43244 43246 43246 43246 43246 43246
Adj.R-Squared 0.225 0.0444 0.0507 0.684 0.760 0.727
Panel B: Indirect effects
1 () ®3) (4) (5) (6)
# transactions Income Spending ICW Index
Hired labor Input/Output All (3-5)
Low complementarities X -0.0491 -0.0398 -0.0890 -158.3 -128.1 -0.0281
Post X Density transactions (z-score)  (0.0296) (0.0325) (0.0485)  (183.5)  (58.16) (0.0103)
High complementarities X -0.0271 -0.0399 -0.0670 -344.5 -147.0 -0.0284
Post X Density transactions (z-score)  (0.0291) (0.0308) (0.0452)  (221.8)  (52.31) (0.0106)
Difference -0.0220 0.0000517 -0.0220 186.2 18.95 0.000268
S.E. Difference 0.0253 0.0268 0.0370 153.3 62.87 0.0104
P-value(HO:Difference=0) 0.385 0.998 0.553 0.225 0.763 0.979
P-value(HO:Difference<0) 0.193 0.499 0.277 0.113 0.382 0.490
Q-value (HO:Difference<0) 0.196
Baseline mean (DV) 0.467 0.996 1.463 10320.8 7233.7 -0.0302
Observations 452115 452115 452115 452115 452115 452115
Adj.R-Squared 0.221 0.427 0.362 0.205 0.627 0.450

Note: Panel A reports estimates of 51 and 2 from equation (B6) in section B.B6. Each column reports
differences between treatment and control households in changes in outcomes before and after the shock.
Panel B presents estimates of 81 and B2 from equation (B7). “High” and “Low” denote whether the
directly shocked household exhibits hired-internal labor co-movements during the pre-period that are
above (high) or below (low) the sample median. Standard errors are clustered at the household level.
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IDENTIFYING SHOCKS AND THEIR EFFECTS
B1. 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 spend-
ing throughout the panel. We compute monthly health spending as the sum of
spending on medicines, transportation to medical facilities, and spending on ei-
ther 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,®® 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 B6 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 ex-
pected. 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.

58There were 19 households for which symptoms were repeatedly reported for two years or more, and
68 households who lack information related to symptoms.
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CHARACTERISTICS OF SHOCKS

Symptoms' duration before the episode of high health spending
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Figure B1. : 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 B2. : 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.
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Visited health facility due to accident
Outpatient care

Hospitalized

Suspended activities for at least one
day
Suspended activities for 7 days or more

Suspended activities for 14 days or more
Suspended activities for 21 days or more

Experienced headache or dizziness

Experienced eye sore

_ Post-shock year

Any year

Experienced toothache

Experienced cough/cold/influenza

Experienced nausea/heartburn/abdominal
pains

Experienced respiratory problem/asthma

Experienced fever/chills

Experienced diarrhea

Experienced skin
disorders/scabies/ulcers/bails

Experienced rheumatism
Experienced infections
Experienced chest pains/heart problems

Experienced other symptoms

Figure B3. : Incidence of health conditions during shock and non-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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Table B1—: Timing of health shocks and village and household characteristics

Panel A: Correlates Shock in t+1 an covariates at t

) 2

Shock occurrence at t+1 P-value (Granger causality - 12 lags)

Income 0.000509 0.130
(0.000414)

Business Revenues 0.000993 0.665
(0.000724)

Business Spending -0.000847 0.654
(0.000702)

Non health consumption 0.0000385 0.810
(0.000202)

Health spending -0.000416 0.628
(0.000235)

Borrowing 0.000481 0.711
(0.000493)

Lending -0.000425 0.181
(0.000352)

Incoming gifts -0.000376 0.427
(0.000467)

Outgoing gifts 0.0000204 0.957
(0.000295)

Livestock -0.000332 0.0868
(0.000519)

Cash in hand -0.000615 0.514
(0.000505)

Fixed assets 0.000130 0.129
(0.000450)

Land 0.00274 0.578
(0.00187)

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. All regressors
are standardized with respect to the sample mean and standard deviation. 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 B2—: 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 individuals that reported
being sick during the periods in which their household experienced the shock. Column 1 reports the
number of days in which household members reported participating in each activity, during the month
preceding the shock. Column 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 B4. : 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 sampjg period.The bottom panel plots the distribution of
events by the number of households simultaneously affected in the same village.
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Figure B5. : Age at shock

Note: The figure plots a histogram capturing the distribution of age of family members 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 B6. : 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 reporting health symptoms before and after the
shocks. The horizontal axis represents normalized time with respect to the event realization (time 0).
Each time bin corresponds to half years.
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B2.  Treatment and control groups for direct effects

We implement our approach for estimating the direct effects of idiosyncratic
shocks in three steps. First, we split households into two age groups—i.e., be-
low and above the median household age at baseline (1997).> By compar-
ing 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 {#', 6?} by taking the midpoint between the months associated
to the first and last shocks in each age group-village bin (A), such that those
households suffering a shock between periods ¢t and t,,.q = t + A belong to the
treatment group (#!), and those experiencing the shock between periods ¢,,cq and
t belong to the control group (#?).%° By construction, there is no overlap between
the two groups.

Third, we assign a placebo shock to each household in the control group A
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’ — A. Because the timing of the shocks is evenly distributed over
time (see Appendix Figure B4), the placebo shocks occur within the domain of
the actual shocks. As 243 out of 473 shocked households experienced a 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 A 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 im-
portant as households that experience illness are more likely to experience other
illness episodes in the future (Hendren, Shenoy and Townsend, 2018). This ap-
proach 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 pre-
cision, 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 com-
parison group consists of households that suffered the shock earlier on and their
corresponding placebo shock occurs in period ¢’ + A; A periods after their actual
shock. Including this variation does not materially alter the point estimates, but

590ne 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.

60We define A as A = % 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 t <= 148.
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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 village ag-
gregate shocks are differenced out. If the timing of health shocks was endoge-
nously chosen based on village-level conditions (for instance, timing a surgery for
the post-harvest period when labor demand is low), then any spurious “effects”
driven by endogenous timing based on village-level conditions will be common to
the treatment and control, and will not affect the estimator.

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 II 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 con-
cern 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 iden-
tifying 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 thresholds.
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 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 con-
cern 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.

33



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 activities.
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 days of
suspended activities in the sample. Appendix Table A4 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 ana-
lyzes one shock per household (the largest throughout the panel), which may limit
power. An alternative approach is to allow for multiple shocks per household, un-
der the idea that some households may be exposed multiple times throughout the
panel. However, allowing for multiple shocks per household comes at the cost
of imposing two additional identification assumptions. First, that shocks experi-
enced earlier on do not affect the probability of experiencing 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:

(B1)
Yitk),t = BPostixy s x Treatment;qy + 0Post;x) s + Xy ok + i + 01 + €y

where Post;4,), 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 house-
holds.! 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 A5 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

61Households who do not experience any shock according to a given threshold are dropped from this
specification.
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that only allow for one shock (the first) per household. As expected, they are
estimated with more precision.

Alternative definitions of comparison groups. We report three robustness
checks that rely on different comparison groups for our analysis. Our main spec-
ification assigns placebo shocks A 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 difference 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 assign-
ment, 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 A periods into the future. This approach excludes some not-
yet-treated households who will suffer a shock in less than A 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, Larcker and Wang (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 specifi-
cation, also avoids the issues with traditional two-way fixed effects models (see
Section 4.2. in Baker, Larcker and Wang (2022)). We then estimate:

(B2)  yitn = BPostyy, x Treatment; p, + 0 Post; 1, + Xt pk + 0 + 0 + €0

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 house-
hold’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 specifica-
tion:

(B3) Vit = BPost;y + X1k + o + 0 + €5

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
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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 Call-
away and Sant’Anna (2021)’s difference-in-difference estimator. This specification
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 sample as controls.
By excluding already treated units from the control group, this approach al-
lays concerns related to difference-in-difference designs with staggered entry into
treatment (Goodman-Bacon, 2018).

Finally, in Appendix Table A7 we leverage shocks to a larger sample of house-
holds (including the 510 continuously-observed households 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 re-
lationship 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 A8 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 Gru-
ber (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 associ-
ated to uncommon health symptoms—those that are more prominent around the
shocks used for our main specification—the changes in health spending seem sub-
stantially 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.

B3. Indirect effects: Alternative empirical approaches
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
indirect effects. We estimate the following equation:

Yit,j = B1Post;j x Closeness; j x Treatment; + S Post; ; x Treatment;+
B3Post; ; x Closeness; j + v1Closeness; j x Treatment; + v2Closeness; j+
(B4)
v3Treatment; + 0Post; j + Xt jk + a; + wj + 0¢ + 0 4 04 X Degree; j + €1 ;
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where we compare a household ¢ with given closeness to a treated household j
versus a household i’ who is equally close to a control household j’. In this case,
4" is a household who directly experience a shock, but later in the future. The
parameter of interest, 51, 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 (T'reatment;) 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 assumption. In the next section, we discuss a more
data-demanding identification strategy that circumvents these concerns. That
said, Columns 7 and 8 in Appendix Table A10 report estimates that are very
similar to those of our main specification.

MEASURING INDIRECT EFFECTS A 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 different.
(Though recall that we are flexibly controlling for Degree; ; x 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 period ¢ 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 households
that are close to a household (j) that experienced a shock in period ¢ 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 II.A.
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 which a household
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is indirectly exposed throughout the panel (either directly or indirectly).5?

With these modifications to the sample and to the definition of treatment (in-
direct 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 households that were con-
nected to a shocked household. The coeflicient of interest, 3, compares differences
in outcomes before and after their first indirect exposure 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 (Treatment;) 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 A10. 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.

62We focus on households either directly or indirectly connected to shocked households through the
pre-period network for two reasons. Fist, Figure 3 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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B4. Persistence in transaction networks

To test for rigidities in the local networks, we construct a dyadic dataset in-
cluding 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:

Link; j =pLink; j 1 + v1Kinship; j + y2Demographic distancem
(B5) + 3 Net-Worth distance; j + 0y + 0 + o + € ¢

where Link; j; is an indicator of whether households 7 and j transacted in period
t. Kinship;; 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 relatives),
which is measured during the baseline survey in 1998.% We include controls for
distance with respect to demographic characteristics and a measure of distance
between each pair of households based on baseline net worth (e.g., total assets net
of liabilities).%* Finally, we also include household-fixed effects. The parameter of
interest is p, which captures the persistence of the economic interactions between
each pair of sample households.

Table A9 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 panel). These are substantially higher than that
of the financial network (0.26). The estimated levels of persistence are also orders
of magnitude above the probability that two randomly-chosen nodes in the net-
work 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 pat-
tern 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 ¢. One explanation is that financial
networks are less active, and, as the results from Section B.B5 suggest, are proba-
bly 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 panel).

In columns (3) and (4), we analyze whether persistence is related to kinship rela-
tionships, differences in demographic characteristics or differences in endowments
(net worth). Although, in all three networks, controlling for baseline kinship links

63Two households share a link if they are first-degree relatives (including parents-in-law).

64Demographic distance is measured as the euclidean norm of a vector of household attributes cap-
turing 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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reduces the persistence coeflicients, they are still high. Persistence does not seem
to respond to including measures of differences in terms of demographic charac-
teristics or initial wealth. In all cases, pairs that share kinship connections are
10 percentage points more likely to trade. The probability 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 features of local financial networks. First, among
those households with similar wealth, households that differ in demographic char-
acteristics are more likely to transact, suggesting that one motive for trading is
diversification, as shock type and occurrence may vary with demographics. Sec-
ond, similarly wealthy households are more likely to trade, which suggest that,
although diversification takes place, it is restricted to household pairs for whom
insurance is more likely to be actuarially fair.

B5.  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 A15 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%.95 Columns 2 to 4 show that although borrowing increases and fixed and
liquid assets decline, the changes are not significant.®® 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 signif-
icant 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 business activ-

65Note that this is on the same order as the direct effect on health spending in Table 1; however,
comparing Figure 1, Panel ¢ and Figure A5 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.

66Health 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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ities. Two other factors may help explain the divergence in transfer behavior.
First, the direct shocks are large increases in health spending, often associated
with changes in health symptoms. These shocks are salient and relatively ob-
servable. 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.

B6.  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 Samphantharak and Townsend (2018)’s measure of idiosyncratic 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 sensi-
tivity as having “high” access to informal insurance, and others as having “low”
access to informal insurance. We replicate this process using pre-period 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 in-
surance:®” 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.

(B6) v+ =B1Post;y x Treatment; x Low; + BaPost;+ x Treatment; x High;
+ 01 Post; 1 + QQPOStw x High; + Xk + o; + 0t + 0 X High; + €it

where y; 1, Treatment and Post are defined as in Section II.A. High; takes the
value of 1 for households with high access to informal insurance networks before
the shock (either actual or placebo); Low; is defined analogously. The coefficient
B1 captures the effect of a shock for households with low access to insurance

67We estimate the gifts-to-income sensitivity using the 24 months preceding each shock (both actual
and placebo).
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networks, and (o captures the direct effect of a shock for households with high
access.

Next, to investigate whether shocks to less-insured households lead to larger
aggregate effects, we estimate the following model:

(B7)  yi; =P1Post; x Density; x Low;j + faPost, j x Density; x High;
+yPosty j x Highj + X1 ik + 05y + o + w;j
+0¢ + 0 x Density; + 6y x Highj + €4 ;

where High; is an indicator of whether directly shocked household j had above-
median pre-period access to informal insurance networks, defined as above. Den-
sity measures the standardized network density of the shocked village during the
year preceding the shock. The coefficient $; measures the change in outcomes
after the shock associated with a one-standard-deviation change in proximity to
the shocked household when that shocked household has below-median access to
informal insurance (Low; = 1), and f» captures the effect of indirect effects when
the shocked household had above-median access to informal insurance networks

We repeat a similar approach to estimate the effects of shocks by a household’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 (c?’l) between both
residualized versions of household and hired labor using pre-period data. V}\Z/el

next classify households on high vs. low complementarities based on whether c;

is above or below the median. Finally, we estimate equations (B6) and (B7).
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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 program covers
expenses related to basic healthcare services, which include medical visits at reg-
istered primary healthcare facilities (which must be located in the same area
as each patient’s registered residential address), transferred patients from a pri-
mary facility to secondary or tertiary facilities for complicated cases, emergency
cases at non-registered facilities, expenses for in-patients staying for less than 180
days for the same illness, and prescriptions of medicines as listed in the National
List of Essential Drugs. For details, see Thailand’s National Health Security Of-
fice (NHSO), Administrative Manual, 2014 (in Thai). http://www.oic.go.th/
FILEWEB/CABINFOCENTER3/DRAWER091/GENERAL/DATA0000/00000367 . PDF
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