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Abstract

How do product perishability and market connectivity jointly determine the propaga-
tion of climate shocks through food supply chains? Using 6.7 million daily wholesale
price observations across 234 markets and 46 products in China (2017-2023) matched
to typhoon track data, this paper documents that typhoon exposure raises wholesale
prices by 4.1 percent within 100 km, with effects extending to 500 km but concentrated
among vegetables. A triple-interaction specification reveals that the price response in-
creases with operational perishability (31 > 0), decreases with market connectivity
(B2 < 0), and that connectivity buffers perishable goods disproportionately (Bg < 0).
Moving a market from the 25th to the 75th percentile of connectivity reduces approx-
imately 60 percent of the typhoon price impact on vegetables. These findings suggest
that distribution network density may serve as a form of climate adaptation for food

systems.
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1 Introduction

Extreme weather events are growing in frequency and intensity, imposing substantial eco-
nomic costs worldwide [Dell et al., 2014, Carleton and Hsiang, 2016, Hsiang et al., 2017].
Food prices constitute the most direct channel through which localized climate shocks trans-
mit into broad-based welfare losses: when a storm disrupts production or severs transport
links in one area, the resulting price spike can ripple across an entire supply network, rais-
ing the cost of basic consumption for millions of households far from the point of impact
[Burgess and Donaldson, 2010, Bellemare, 2015]. Yet despite the well-documented aggregate
relationship between weather and agricultural output [Schlenker and Roberts, 2009, Lobell
et al., 2011], a fundamental question remains poorly understood: what determines whether
a localized climate shock is absorbed locally or propagates widely—how far it reaches, how
large the price distortion becomes, and how long it persists? Answering this question re-
quires moving beyond average treatment effects and opening the black box of supply chain
structure. Two features of that structure are likely to matter most. The first is opera-
tional perishability: goods that cannot be stored or transported over long distances without
spoilage are inherently more exposed to supply disruptions, because the market’s ability
to buffer shocks through inventory drawdowns or spatial arbitrage is physically constrained
[Deaton and Laroque, 1992, Gouel and Legrand, 2025]. The second is market connectivity:
locations embedded in denser trading networks can source substitute supplies from unaf-
fected areas more readily, dampening the local price response [Donaldson, 2018, Allen and
Atkin, 2022]. Crucially, these two dimensions interact: network connectivity should matter
most precisely for those products where it is most needed—highly perishable goods for which
no local inventory buffer exists. This paper provides one of the first market-level tests of this
interaction, documenting how perishability and connectivity together shape the propagation
of climate-induced price shocks through a large-scale food distribution network.

Three distinct literatures bear on this question, yet none addresses the joint role of prod-

uct characteristics and network structure in shock propagation. The first, on climate and



economic outcomes, has established that temperature and precipitation extremes reduce
agricultural yields, industrial output, and economic growth across a wide range of settings
[Dell et al., 2012, Deschénes and Greenstone, 2007, Burke et al., 2015]. Recent work extends
these findings to food prices at the national level, demonstrating that weather anomalies
generate significant price movements in commodity markets [Gouel and Laborde, 2021, Bao
et al., 2023]. This literature overwhelmingly treats markets as homogeneous recipients of
shocks, estimating a single average effect without asking why some markets absorb the same
shock while others amplify it. The second literature, on spatial market integration and
trade networks, has shown that reductions in trade costs narrow interregional price gaps,
increase welfare, and reduce the sensitivity of local prices to local productivity shocks [Don-
aldson, 2018, Donaldson and Hornbeck, 2016, Jensen, 2007, Steinwender, 2018]. Allen and
Atkin [2022] demonstrate that India’s highway expansion weakened the negative correlation
between local prices and local yields—precisely the buffering mechanism that connectivity
should provide in theory. Yet this literature has focused on homogeneous or broadly defined
commodity categories, without examining how the physical properties of the traded good
condition the network’s ability to transmit or absorb shocks. The third literature, on sup-
ply chain disruptions and production networks, documents that firm-level shocks propagate
upstream and downstream through input-output linkages, with the degree of propagation
depending on input specificity and network topology [Barrot and Sauvagnat, 2016, Carvalho
et al., 2021, Acemoglu et al., 2012, Baqaee and Farhi, 2019]. This body of work, however,
focuses almost exclusively on manufacturing firms and durable intermediate inputs, leav-
ing open whether the same propagation logic applies to perishable agricultural commodities
whose physical decay imposes hard constraints on the feasibility of spatial arbitrage. The
gap at the intersection of these three literatures is clear: empirical evidence is lacking on
how the operational perishability of a product and the connectivity of the market in which
it is traded jointly determine the extent to which climate shocks propagate through food

supply chains. Recent work by Yim and Dall’erba [2025] documents that extreme weather



shocks propagate through U.S. interstate food trade networks, but does not examine how
product perishability conditions this propagation; the present paper shows that the same net-
work structure generates sharply heterogeneous price responses depending on the physical
properties of the traded good.

This paper fills the gap by combining two unusually rich data sources. The first is a
comprehensive panel of daily wholesale prices for 46 agricultural products across 234 whole-
sale markets in China, spanning 2017 to 2023 and totaling 6.7 million market-product-day
observations.! Wholesale markets—rather than retail outlets or farm gates—are the ideal
unit of analysis because they sit at the critical intermediation node where spatial arbitrage
actually occurs: traders at these markets decide whether to source from local producers,
redirect shipments from neighboring markets, or draw down inventories. The second data
source is the China Meteorological Administration’s Best Track archive, which records the
position, maximum sustained wind speed, and central pressure of every tropical cyclone at
six-hourly intervals. Each market is matched to each typhoon track by computing the Haver-
sine distance from the market’s coordinates to the nearest track point on each day, yielding a
continuous, market-level exposure measure—wind speed divided by distance—that captures
the physical intensity of the shock as experienced at each location. This continuous treatment
variable exploits the full spatial gradient of typhoon exposure rather than collapsing it into a
binary indicator, thereby preserving information that a simple “affected versus unaffected”
classification discards. The identification strategy absorbs all time-invariant heterogeneity
across market-product pairs through a saturated set of market x product fixed effects, and all
aggregate time-varying shocks—holidays, macroeconomic fluctuations, nationwide weather
patterns—through calendar-date fixed effects. In this demanding specification, identifica-
tion comes exclusively from within-market-product variation in typhoon exposure over time:
comparing the price of the same product in the same market on days when a typhoon passes

nearby versus days when it does not. Standard errors are clustered at the county level to

'Raw price records were collected from the National Agricultural Product Wholesale Market Information
Monitoring System (Quanguo Nongchanpin Pifa Shichang Xinxi Jiance Xitong).



account for spatial correlation in both exposure and prices across markets within the same
county.

Three sets of findings emerge. First, typhoon exposure causes substantial and spatially
extensive wholesale price increases. Markets within 100 kilometers of a typhoon track expe-
rience a 4.1 percent price increase on average, and the effect remains statistically significant
across mutually exclusive distance rings extending to 500 kilometers, with generally stronger
responses at shorter distances. These magnitudes are roughly twice as large as the retail-level
estimates reported by Bao et al. [2023], consistent with wholesale markets bearing the brunt
of supply-side disruptions before pass-through to consumers. Second, and central to the
paper’s contribution, the magnitude of the price response is jointly determined by product
perishability and market connectivity. A product-level perishability index and a market-
level connectivity index are constructed, and a triple-interaction specification is estimated
in which the typhoon shock is interacted with both indices and their product. All three
interaction coefficients carry the signs predicted by a simple spatial arbitrage framework:
the price response is increasing in perishability (more perishable products suffer larger price
spikes), decreasing in connectivity (better-connected markets experience smaller price in-
creases), and—crucially—the buffering effect of connectivity is concentrated among highly
perishable goods (the triple interaction is negative and significant). In economic terms,
moving a market from the 25th to the 75th percentile of connectivity reduces the price im-
pact of a typhoon on highly perishable goods by approximately 60 percent, while the same
improvement in connectivity has negligible effects on storable products such as meat and
eggs—whose national-scale, cold-chain-integrated supply chains are largely immune to lo-
calized weather disruptions in the first place. Third, supporting evidence from event-study
comparisons indicates that price responses are smaller and less persistent in well-connected
markets, consistent with faster spatial reallocation of supply through denser trade networks.

This paper makes three contributions. First, it documents a previously unexamined in-

teraction in which product-level operational perishability and market-level network structure



jointly determine the propagation of climate shocks in food supply chains. While prior work
has separately documented that weather affects food prices [Bao et al., 2023], that trade in-
tegration reduces price volatility [Allen and Atkin, 2022, Burgess and Donaldson, 2010], and
that network position conditions shock propagation in manufacturing [Barrot and Sauvagnat,
2016, Carvalho et al., 2021], no existing study estimates the joint effect or demonstrates
that the network’s buffering capacity depends critically on the physical characteristics of
the product being traded. Second, the continuous wind-field exposure measure and high-
frequency daily data allow the analysis to trace the spatial exposure gradient and temporal
dynamics of price shocks at a resolution that monthly or annual analyses cannot achieve,
providing a granular picture of how quickly different types of markets return to equilibrium
after a disruption. Third, the findings carry direct implications for climate adaptation pol-
icy. The conventional policy response to food price instability—government stockpiling and
emergency price controls—treats the symptom rather than the underlying structural vul-
nerability [Gouel, 2020, Hsiao et al., 2024]. The results point to a complementary strategy:
investing in the connective infrastructure of food distribution networks—market density,
transportation links between wholesale hubs, and cold-chain capacity that effectively lowers
a product’s operational perishability—as a durable form of climate adaptation. This im-
plication extends beyond the Chinese setting: any food system in which perishable goods
flow through spatially distributed wholesale networks is subject to the same perishability-
connectivity logic, whether the disruption originates from a typhoon, a flood, an earthquake,

or a pandemic-induced lockdown [Mahajan and Tomar, 2021, Yim and Dall’erba, 2025].

2 Conceptual Framework

Consider a setting with M wholesale markets indexed by m, each trading P agricultural
products indexed by p, observed at daily frequency t. Market m receives a climate shock

Tmt = 0 that reduces the local supply of all products. The equilibrium price response to this



shock depends on two structural parameters that vary across products and markets.

Supply with spatial arbitrage. In the absence of a shock, market m clears at a price
that equates local supply and demand. When a typhoon strikes, local supply falls by 7,,;.
The price increase is mitigated to the extent that the market can replace lost local supply by
sourcing from unaffected markets elsewhere. The rate at which such replacement occurs is
governed by a spatial arbitrage parameter fi,,,, which captures the ease with which product
p can flow into market m from neighboring markets in response to a price differential. A
higher p implies that even a small price increase in market m triggers rapid inflows from

connected markets, limiting the equilibrium price spike.

Two determinants of the arbitrage parameter. The arbitrage capacity p.,,, depends
on two observable features of the market-product pair. The first is market connectivity, de-
noted 7,,. Markets embedded in denser wholesale networks—with more neighboring markets
within feasible transport range, shorter average distances to trading partners, and greater
product variety—face lower effective trade costs and can source replacement supply more
readily. Higher n,, raises fi,,,, dampening the price response to any given shock.

The second is operational perishability, denoted ¢,, where higher values indicate greater
perishability. Perishable goods cannot be buffered through inventory drawdowns [Deaton and
Laroque, 1992, 1996] and face hard physical constraints on transport distance and duration.
These constraints reduce fi,,,: even a well-connected market finds it difficult to source leafy
vegetables from 300 kilometers away if the product wilts in transit. In contrast, storable
products such as meat and eggs flow through national-scale, cold-chain-integrated logistics

networks whose effective transport radius is largely independent of local market connectivity.

The interaction. The key insight is that connectivity and perishability are not additively
separable in their effect on arbitrage capacity. Connectivity matters most for products

where it is most needed—those too perishable to be buffered by storage. For a storable



product, local inventory provides a first line of defense against supply disruptions regardless
of network structure; connectivity adds little additional buffering. For a highly perishable
product with no inventory buffer, connectivity is the only available mechanism for absorbing
shocks, and its marginal value is correspondingly large. Formally, the cross-partial derivative
0?11/0n 0¢ > 0: the marginal contribution of connectivity to arbitrage capacity is increasing

in perishability.

Equilibrium price response. Under standard assumptions on downward-sloping demand
(Dt = Dmpt — b Py,) and the spatial arbitrage supply function described above, the

equilibrium price response to a unit shock satisfies:

oP, B 1 )
aTmt b+ :u(777m ¢p)

Since p is increasing in 7 and decreasing in ¢ (with a positive cross-partial), this frame-

work generates four testable predictions:

Prediction 1 (08/0¢ > 0): The price response to a typhoon shock is increasing in product
perishability.

Prediction 2 (0F/0n < 0): The price response is decreasing in market connectivity.
Prediction 3 (0*8/0n0¢ < 0): The buffering effect of connectivity is larger for more perish-
able products.

Prediction 4: Recovery speed is increasing in 7).

The framework abstracts from inventory dynamics [Deaton and Laroque, 1992, 1996,
Gouel and Legrand, 2025]. This abstraction is appropriate for the products that drive the
empirical results: perishable goods with shelf lives measured in days cannot be meaningfully
buffered through inventory drawdowns. For storable goods, inventory provides an additional
and sufficient buffer regardless of network structure, which is precisely why the model predicts
that ¢ conditions the relevance of 7. Any inventory adjustment by wholesale traders is

absorbed empirically by the marketxproduct fixed effects to the extent that it is time-



invariant, and by the date fixed effects to the extent that it is common across markets.

2.1 From Theory to Estimation

Linear parameterization of arbitrage capacity. To convert the theoretical structure
into an estimable empirical equation, a specific functional form for pu is required. The most

parsimonious parameterization that generates all four predictions is linear:

flmp = Ho + f117m — Ha®p + 3 (Nm X Bp), 2, 3 > 0 (2)

Each term carries a specific economic interpretation. g is baseline arbitrage capacity.
1, captures the facilitation of arbitrage by connectivity: markets embedded in denser
networks attract replacement supply more readily. —p2¢, captures the constraint imposed
by perishability: products that spoil quickly cannot be sourced from distant markets. f3(7,, ¥
¢p) is the critical interaction: the marginal contribution of connectivity to arbitrage capacity
is increasing in perishability, because connectivity’s value is greatest precisely when the
product lacks an inventory buffer.

Substituting (2) into (1) and computing partial derivatives yields the following sign re-

strictions on the conditional price effect f3,,,:

% >0 (3)
a5mp
. <0 (4)
aQﬁmp
M a¢p <0 (5>

Reduced-form regression equation. A first-order Taylor expansion of the nonlinear

price response function around mean values of ¢ and 7 yields a linear projection in the



shock, product characteristics, market characteristics, and their interactions:

111 Pmpt - amp + )\t + BOSmt + 51 (Smt X ¢p) + BQ(Smt X nm) + /83(Smt X gbp X nm) + 5mpt (6)

where o, denotes market x product fixed effects, \; denotes calendar-date fixed effects, and
St 1s the typhoon exposure measure for market m on day ¢. The level terms ¢, 7,,, and
¢p X N are time-invariant and therefore absorbed by ay,,. Identification of 3, 52, and 3
comes entirely from the cross of time-varying shock exposure with time-invariant product
and market characteristics.

The framework predicts 81 > 0, fs < 0, and [3 < 0.

Recovery dynamics. Prediction 4 concerns dynamic adjustment and cannot be tested
within the static interaction framework of equation (6). Following the theoretical specifica-
tion in which the residual disruption decays as 7, ;45 = 6?Ti,t with 9§/0n < 0, this prediction
is tested through an event-study design that traces lead and lag coefficients separately for

high- and low-connectivity markets.

Why reduced form. Equation (6) is a reduced-form specification rather than a structural
estimation of pg, 1, po, 3, and b. This is deliberate. Structural estimation would require
separately identifying the demand slope b from the arbitrage elasticity u, but the panel
regression framework identifies only their sum (b + p). The advantage of the reduced form
is that the sign predictions are invariant to the specific values of b and the u parameters: as

long as 1, ps, 43 > 0, the signs of £y, [, and f3 are uniquely determined.



3 Data

3.1 Wholesale Price Data

The empirical analysis draws on a novel dataset of daily wholesale agricultural prices con-
structed by the author.? The dataset covers 46 agricultural products across 234 wholesale
markets spanning January 2017 to December 2023, yielding 6,667,816 market-product-day
observations. Each record contains the daily average wholesale price (yuan per kilogram)
and the high and low prices for the day. The raw records were systematically cleaned: ob-
servations with zero or negative prices were dropped, product name codes were harmonized
across years, and market identifier inconsistencies were resolved.

Wholesale markets rather than retail outlets or farm-gate prices serve as the unit of
analysis for three reasons. First, wholesale markets are the central intermediation node in
China’s agricultural supply chain. Approximately 70 percent of fresh agricultural products
pass through wholesale markets for primary distribution, and spatial arbitrage decisions—
whether to redirect shipments from neighboring markets—are made at this level. Second,
wholesale prices respond more directly and rapidly to supply-side disruptions than retail
prices, which are dampened by terminal-channel markups, rent sharing, contract rigidities,
and adjustment inertia. Bao et al. [2023] estimate a typhoon price effect of approximately
+2.3% using monthly retail data; the present estimate of +4.1% using daily wholesale data
is consistent with wholesale markets absorbing the initial supply shock before partial pass-
through to consumers. Third, the geographic distribution of the 234 markets spans a wide
gradient from dense coastal clusters (the Yangtze River Delta contains over 20 wholesale
markets within any 200 km radius) to sparse inland regions (some markets in northwest-
ern China have no other wholesale market within 200 km), providing ample cross-sectional
variation for identifying heterogeneous effects of market connectivity.

The dependent variable is In P,,,;, the natural logarithm of the daily average wholesale

2Raw price records were collected from the National Agricultural Product Wholesale Market Information
Monitoring System.
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price.

3.2 Typhoon Track Data

Typhoon exposure is constructed from the China Meteorological Administration (CMA)
Best Track Dataset, the standard source for tropical cyclone research in the western North
Pacific basin [Ying et al., 2014]. The dataset provides six-hourly track records for every
named tropical cyclone, including center latitude and longitude, two-minute average maxi-
mum sustained wind speed (m/s), minimum central pressure (hPa), and intensity category.
The sample period 2017-2023 contains 198 named tropical cyclones and 6,270 six-hourly
track records.

The CMA reports two-minute average sustained wind speeds, which differ systematically
from the one-minute averages used by the U.S. Joint Typhoon Warning Center (JTWC); the
approximate conversion factor is 0.88. All analyses use CMA wind speeds without conversion

to avoid introducing additional measurement error.

3.3 Exposure Measurement

For each market-day pair (m,t), the Haversine great-circle distance from the market’s coor-
dinates to every active typhoon track point on that day is computed. The minimum distance
is recorded as dist,,;, along with the maximum sustained wind speed at the nearest track
point, wind,,;.

Of the 234 markets, 211 were geocoded directly from registered addresses. The remaining
23 were manually corrected by the author through cross-validation against administrative
codes and satellite imagery.

Two treatment variables are constructed:

Binary treatment: within_100,,; = 1[dist,,; < 100km]. A total of 5,366 market-product-
day observations fall within 100 km of a typhoon track.

Continuous treatment: wind_exposure,,, = wind,,;/dist,,;. This measure exploits the full

11



spatial gradient of exposure intensity. A market 50 km from a track with 40 m/s winds
receives an exposure value eight times larger than a market 200 km away with 20 m/s winds,
preserving information that a binary classification discards.

Five mutually exclusive distance-ring indicators (0-50 km, 50-100 km, 100-200 km, 200
300 km, 300-500 km) are also constructed for nonparametric estimation of spatial exposure
gradient. The reference group consists of all observations more than 500 km from any

typhoon track (99.6 percent of the sample).

3.4 Perishability Index (¢)

The product-level perishability index ¢, measures each product’s operational vulnerability
to local supply chain disruptions. The author scored all 46 products on a 1-10 scale based on
three dimensions: effective shelf life without cold-chain support, physical loss rates during
transport, and the feasibility of sourcing replacement supply from distant markets.

Leafy vegetables (Chinese cabbage, celery, lettuce, cauliflower, scallions) receive the high-
est score (10) due to shelf lives of 1-3 days and strictly limited transport radii. Gourd and
fruit vegetables (cucumber, eggplant, tomato, green pepper, white radish) receive 9. Live
fish products (8 varieties) require live-water transport vehicles; their operational vulnerabil-
ity is comparable to that of fruit vegetables despite biological shelf lives measured in hours,
because their specialized logistics networks provide partial insulation from general transport
disruptions. Root vegetables receive 7-8, fresh fruits 5, storable fruits 4, eggs 3, poultry 2,
and meat products (pork, beef, lamb) the minimum score of 1.

The scoring logic merits emphasis: ¢ captures operational supply chain vulnerability
rather than biological spoilage rates. The relevant distinction is whether a product’s supply
can be quickly replenished through long-distance sourcing when local transport is disrupted.
Leafy vegetables depend on local and short-haul supply; when a typhoon severs these links,
no distant source can deliver replacement supply before the product perishes. Meat prod-

ucts, by contrast, flow through national-scale cold-chain networks spanning thousands of

12



kilometers, and their effective supply radius is largely independent of local transport condi-
tions. This institutional distinction, rather than any ex post empirical result, motivates the
scoring.

The index is standardized to a z-score (mean zero, unit variance). Table Al reports the
complete scoring. As a robustness check, the appendix presents results using an alternative
index based on published shelf-life data from the UC Davis Postharvest Technology Center

and FAO cold-chain technical standards.

3.5 Market Connectivity Index (7))

The market-level connectivity index 7,, measures each market’s embeddedness in the national
wholesale network. It is the simple average of three standardized sub-indicators:

Network density: the number of other wholesale markets within a 200 km radius, 1n290m-
This is a purely geographic, pre-determined variable. Sample values range from 0 (remote
markets in northwestern China) to 22 (dense clusters in the Yangtze and Pearl River Deltas),
with a mean of 8.7.

Spatial friction: the inverse of the average Haversine distance to all other 233 markets,
1/d,,. Higher values indicate a market closer to the spatial center of the network, where
sourcing replacement supply entails shorter expected transport times and lower costs.

Market thickness: the number of distinct product varieties traded at the market during
the sample period, n,,,. Greater product variety signals a denser trader network, better
information flows, and stronger capacity to coordinate cross-product substitution when a
single product’s supply is disrupted.

Formally, 1, = (200.m + 1//\d_; + 7pm) /3, where tildes denote z-scores.

A potential concern is that product variety n,,, may be endogenous to market size.
To address this, an alternative geographic connectivity index 7ge, = (R200,m + 1//277”) /2 is
constructed using only the two purely geographic sub-indicators. The correlation between n

and 7y, is 0.88. Table A3 shows that the triple interaction Bg maintains a consistent negative

13



sign across both versions. Table A2 reports the full correlation matrix among sub-indicators.

A deeper identification concern is whether n captures spatial arbitrage capacity specifi-
cally or correlated institutional attributes more broadly. Markets in denser networks tend to
be located in wealthier, more institutionally developed regions; if local government disaster
response capacity or emergency logistics mobilization is correlated with 7, the buffering effect
attributed to trade connectivity may partly reflect institutional capacity. Two features of the
results address this concern. First, the triple interaction Bg < 0 is specific to the prediction
of the spatial arbitrage framework: institutional disaster response (road clearing, emergency
supplies) should buffer all products roughly equally, not disproportionately buffer perishable
goods. The concentration of connectivity’s buffering effect among high-¢ products is consis-
tent with the physical arbitrage mechanism and difficult to reconcile with an institutional
story. Second, Table A6 reports a horse-race specification that simultaneously controls for
the interaction of the typhoon shock with a proxy for local economic development; the triple
interaction @3 remains negative and significant, indicating that the connectivity mechanism

operates independently of regional wealth.

3.6 Sample Composition

The final analysis sample contains 6,667,816 observations (6,667,782 after dropping 34 sin-
gletons), covering 234 markets, 46 products, and 218 counties. The panel contains 4,729
market X product fixed-effect groups and 2,556 calendar-date fixed effects. Standard errors

are clustered at the 218 county-level units.
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4 Empirical Strategy

4.1 Baseline Specification

The baseline regression equation is:
In Popt = Qmp + At + B - Shockys + Empt (7)

where a,,, denotes market x product fixed effects, A\; denotes calendar-date fixed effects, and
Shock,,,; is either within_100,,; or wind_exposure,,,. Standard errors are clustered at the
county level (218 counties) to accommodate spatial correlation in both exposure and prices
across markets within the same administrative unit [Cameron et al., 2011]. High-dimensional

fixed effects are estimated using the reghdfe package [Correia, 2016].

4.2 Identification

The two sets of fixed effects absorb distinct classes of potential confounders.

Market x product fixed effects c,,,, absorb all time-invariant characteristics of each market-
product pair: geographic location, elevation, distance to the coast, local economic develop-
ment, cold-chain infrastructure, the product’s baseline price level, seasonal price patterns,
and long-run producer-consumer matching. Any time-invariant feature that simultaneously
affects both typhoon exposure probability and price levels is fully absorbed. The perishability
index ¢, and connectivity index 7, are themselves time-invariant; they enter the regression
only through interactions with the time-varying shock.

Calendar-date fixed effects A\; absorb all shocks common to all markets on a given day:
nationwide weather systems, public holidays, macroeconomic fluctuations, national policy
interventions (such as strategic pork reserve releases), and day-of-week effects. Under date
fixed effects, the coefficient 3 is identified exclusively from within-day, cross-market variation

in typhoon exposure: comparing the price of the same product in the same market on days

15



when a typhoon passes nearby versus days when it does not.

The causal interpretation of 3 requires that, conditional on w,,, and A;, a typhoon’s
proximity to a given market on a given day is uncorrelated with that market’s potential price
outcome. Typhoon tracks are determined by large-scale atmospheric circulation patterns;
conditional on a market’s geographic location (absorbed by a,), the day-to-day variation in
whether a track passes within 100 km carries sufficient quasi-randomness to support causal

inference.

4.3 Why No Additional Controls

No rainfall, temperature, or humidity controls are included. Typhoon-induced precipitation,
strong winds, and flooding are the transmission mechanisms through which the shock affects
agricultural supply, not confounding factors. Controlling for them would strip out the causal
channels of interest, constituting a “bad controls” problem [Angrist and Pischke, 2009]. Date
fixed effects already absorb all nationwide daily weather variation; the remaining identifying
variation comes from differential typhoon proximity across markets within the same day.
The same logic applies to other candidate controls. Market infrastructure variables are

time-invariant and absorbed by market fixed effects.

4.4 Spatial Exposure Gradient

To nonparametrically estimate the decay of the price effect with distance, the continuous

treatment is replaced with five mutually exclusive distance-ring indicators:

5
In Prpt = mp + A¢ + Z Vi - Ringy g + Empt (8)
k=1

If the effect operates through physical disruption, the prediction is y; > 5 > -+ > 5 > 0.

16



4.5 'Triple Interaction

The core mechanism test augments the baseline with interactions between the shock and

both the perishability and connectivity indices:

ln Pmpt = amp + )\t + ﬁOSmt + ﬁl (Smt X ¢p) + ﬁQ(Smt X nm) + 53(Smt X (bp X nm) + 5m}ot (9)

where S,,,; = wind_exposure,,,. Level terms ¢,, 7,,, and ¢, X 1, are time-invariant and ab-
sorbed by a,,,. The progressive addition of interaction terms (Table 5, Columns 1-5) allows
the reader to assess whether each layer of heterogeneity alters the preceding coefficients;

stability across columns provides evidence against multicollinearity-driven instability.

4.6 Recovery Speed

Prediction / is tested via an event-study design. Typhoon onset is defined as the first day
market m enters the 100 km zone (within 100,,; = 1 and within_100,,;,—y; = 0). Lead and
lag indicators spanning k = —7 to k = +14 days (with £ = —1 as the reference period) are

estimated separately for above-median and below-median connectivity subsamples:

I Pyt = Qo+ A4 D O L= £ = K] + (10)
k#A—1

Pre-event coefficients (k < 0) provide a diagnostic for the parallel-trends assumption.

4.7 Clustering

Standard errors are clustered at the county level (218 counties) rather than at the market
level (234 markets) or the prefecture level (~80 prefectures). Markets within the same
county share typhoon exposure paths and exhibit correlated price dynamics, threatening
the independence assumption at the market level. Clustering at the prefecture level would

reduce the number of clusters below standard reliability thresholds. With 218 clusters, the
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county level provides a conservative yet well-powered inferential framework.

5 Results

5.1 Main Effect

Table 2 reports the baseline estimates. Column 1, with market xproduct and year-month
fixed effects, yields a coefficient of 0.031 (¢ = 3.37, p = 0.001): wholesale prices rise by
approximately 3.1 percent when a typhoon passes within 100 km. Column 2 replaces year-
month with date fixed effects; the coefficient increases to 0.041 (¢t = 4.38, p < 0.001), indicat-
ing that failure to control for daily confounders attenuates the estimate. Column 3 employs
the continuous exposure measure, confirming that the price response scales with storm in-
tensity (B = 0.035, p = 0.035). Column 4 introduces province x year-month fixed effects, and
the coefficient drops to —0.002 (p = 0.693). This attenuation is expected: because typhoons
affect large portions of a province simultaneously, province x year-month fixed effects absorb
the within-province variation that identifies the treatment. This specification is reported as

a transparency check confirming that the identifying variation in Columns 1-3 comes from

within-province differences in typhoon proximity, not cross-province comparisons.

5.2 Spatial Gradient

Table 3 and Figure 1 decompose the effect into mutually exclusive distance rings. All five co-
efficients are positive and significant at the 1 percent level, with generally stronger responses
at shorter distances, though the gradient is not strictly monotonic. The 100-200 km ring co-
efficient is slightly larger than the nearer rings, which may reflect spatial substitution effects:
when markets directly in the storm path experience severe disruption, markets 100-200 km
away absorb redirected demand from affected areas, temporarily tightening their own supply
conditions. Columns 2 and 3 split the sample at the median of the perishability index ¢.

For high-¢ products (vegetables, live fish, fresh fruits), all five ring coefficients are signifi-
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cant with magnitudes roughly twice the full-sample estimates. For low-¢ products (storable
fruits, eggs, poultry, meat), none of the five coefficients is statistically distinguishable from

Zero.

5.3 Product Heterogeneity

Table 4 confirms this pattern using the baseline specification. High-¢ products exhibit a price
increase of 7.2 percent (¢t = 5.23) under the binary treatment and 6.1 percent (¢t = 2.61) under
continuous exposure. Low-¢ products show economically negligible and statistically insignifi-
cant effects in both specifications. Figure 4 provides non-parametric validation by estimating
the typhoon effect separately for each of eight biological product categories, without relying
on any continuous index. The resulting coefficient plot displays a clear staircase pattern:
leafy vegetables (+6.9%) and gourd/fruit vegetables (+5.6%) show the largest and most
significant effects, root vegetables are intermediate, and all remaining categories (live fish,
storable fruits, eggs, poultry, meat) are indistinguishable from zero. This ordering aligns
precisely with the ¢ index and confirms that the heterogeneity is driven by product-level

variation in operational vulnerability rather than by the specific index construction.

5.4 Mechanism: The Triple Interaction

Table 5 presents the core results. Column 5, the full triple-interaction specification, yields:

By = 0.0470"**, B, = 0.0536™*, By = —0.0543"*, 33 = —0.0538**

All three interaction coefficients carry the predicted signs, confirming Predictions 1-3.
Coefficients are stable across the progressive build-up from Column 1 to Column 5.
The economic magnitudes are substantial. For a highly perishable product (¢ = +10) in

a poorly connected market (n = —10), the predicted price impact is 0.047 4+ 0.054 + 0.054 +
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0.054 = 0.209, or approximately 21 percent.®> For the same product in a well-connected
market (7 = +10), the effect falls to approximately zero. Connectivity eliminates the price
impact entirely for perishable goods. For a storable product (¢ = —10), the effect is near
zero regardless of connectivity.

Figures 2 and 3 visualize these conditional marginal effects. Figure 2 plots the effect as a
function of perishability for high- and low-connectivity markets; Figure 3 plots the effect as
a function of connectivity for high- and low-perishability products. Both figures display the
cross-pattern predicted by the theory: steep gradients along one dimension are compressed

to near-zero by favorable values of the other.

5.5 Robustness of the Connectivity Measure

Table A3 replaces the composite n with individual geographic components. Using only the
number of markets within 200 km, 83 = —0.026 (p = 0.050). Using only inverse average
distance, Bg = —0.027 (p = 0.051). Using the geographic composite 7o, 5’3 = —0.037
(p = 0.063). The sign pattern is preserved throughout. The perishability interaction B,
remains strongly significant in all specifications, confirming that product heterogeneity does

not depend on how connectivity is measured.

5.6 Recovery Dynamics (Supporting Evidence)

Appendix Figure A1 presents the event study separately for above-median and below-median
connectivity subsamples. Pre-event coefficients for the high-connectivity group are small
and insignificant across all leads; a joint F-test of the six lead coefficients fails to reject
the null hypothesis that all are simultaneously zero (p > 0.10). The low-connectivity group
exhibits somewhat elevated pre-event coefficients at longer leads (k = —5 to k = —7),

which may reflect the greater exposure of geographically isolated markets to approaching

. 3These rounded values use 3-digit precision; exact estimates are BO = 0.0470, 31 = 0.0536, /3’2 = —0.0543,
B3 = —0.0538.
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storms. At shorter leads (kK = —3 to k = —2), pre-event coefficients for both groups converge
toward zero. Upon onset, both groups exhibit significant price increases, but magnitudes
differ: approximately 2 percent for high-connectivity markets versus 5-7 percent for low-
connectivity markets. Over the subsequent 14 days, high-connectivity markets maintain a
modest, stable elevation, while low-connectivity markets display larger and more persistent
distortions. Neither group fully returns to baseline within the 14-day window. These patterns
are consistent with Prediction 4 but should be interpreted as supporting evidence rather than
as the paper’s primary source of causal variation, given the limited pre-event balance of the

low-connectivity subsample.

6 Robustness

The core Conclusion—ﬁl > 0, Bg <0, Bg < 0—is stable across all alternative specifications.

Detailed regression results are reported in the appendix.

6.1 Alternative Connectivity Measures

Section V.E documents that the sign pattern of the triple interaction is preserved when
the composite 7 is replaced with any single geographic component or the geographic com-
posite 74e. The perishability interaction Bl remains strongly significant regardless of how
connectivity is measured, ruling out the alternative hypothesis that results are driven by

market-size endogeneity in the connectivity index.

6.2 Binary Treatment

Table A4 replicates the mechanism estimation using the binary indicator within_100,,, in
place of the continuous exposure variable. The perishability interaction is 0.036 (p < 0.001),
fully consistent with the main results. The triple interaction is —0.019 (p = 0.112); the

loss of precision is expected given that the binary indicator discards continuous variation in
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distance and wind speed. This result supports the decision to use continuous exposure as

the preferred treatment measure.

6.3 Fixed-Effect Gradient

Table 2 already displays the fixed-effect gradient from year-month (Column 1) through date
(Column 2) to provincexyear-month (Column 4). The increase in the coefficient from year-
month to date fixed effects indicates that daily confounders attenuate the estimate when
uncontrolled. The collapse under province x year-month fixed effects confirms over-controlling

rather than fragility: the identifying variation is within-province, across-market, within-day.

6.4 Alternative Perishability Indices

A potential concern is that the judgment-based perishability index ¢ encodes the mecha-
nism it is intended to test. Three alternative constructions address this. First, an objective
shelf-life-based index replaces the operational vulnerability scores with published ambient
shelf-life data (FAO Compendium on Post-Harvest Losses; UC Davis Postharvest Technol-
ogy Center), defining ¢o,; = 2z(— In(shelf_life_days)). In the triple-interaction specification
using ¢op; and the purely geographic connectivity measure 7,.,, all coefficients carry the
predicted signs: B (¢op;) = +0.055 (p = 0.001), Ba(nge0) = —0.053 (p = 0.041), B3 = —0.032
(p = 0.144). The triple interaction retains its sign and approximate magnitude but loses
precision, as expected when replacing a multi-dimensional operational measure with a single
biological proxy. Importantly, under alternative functional forms of exposure (w?/d, w/d?,
w®/d), the triple interaction with ¢, is significant in three of four specifications (p < 0.05;
Table A5). The correlation between the judgment-based and shelf-life-based indices is 0.66,
confirming that the hand scoring captures genuine variation in product vulnerability rather
than arbitrary assignment. Second, the non-parametric category-level analysis (Figure 4)
assigns each product to one of nine biological categories based solely on product names, with

no continuous index involved. The resulting coefficient plot displays a clear staircase: leafy
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vegetables (+6.9%) and gourd/fruit vegetables (+5.7%) exhibit the largest effects, while
meat (+0.3%) and fresh fruit (—0.4%) are indistinguishable from zero. Third, replacing con-
tinuous ¢ with three perishability-tier dummies (High/Medium/Low) confirms that high-tier

products experience the largest effects with statistically significant differences across tiers.

6.5 Geographic Connectivity

The composite connectivity index 7 includes a “number of products traded” component that
may proxy for market size rather than network position. Table A3 reports the main specifi-
cation using 7., constructed solely from the number of markets within 200 km and inverse
average distance—both determined entirely by geographic coordinates. The correlation be-
tween 1 and 74¢, is 0.90. Under 74¢,, the sign pattern is preserved: Bg < 0 and 53 < 0, though

precision declines as expected when discarding the product-variety information dimension

(Bs3: p=0.063).

6.6 Clustering Sensitivity

Re-estimating the main specification with market-level clustering (234 clusters) yields mod-
estly smaller standard errors, strengthening all significance levels. Prefecture-level clustering
(~80 clusters) increases standard errors by 20-30 percent; Bl remains significant at the 1

percent level, BQ at the 5 percent level, and Bg at the 10 percent level.

6.7 Functional Form of Exposure

The continuous exposure measure wind_exposure = wind/distance assumes a specific func-
tional relationship between meteorological intensity and economic impact. The wind damage
literature typically models destructive potential as a convex function of wind speed [Hsiang,
2010, Strobl, 2011]. Table A5 reports the triple-interaction results under three alternative

functional forms: wind?/distance (quadratic destructiveness), wind/distance® (faster spatial
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exposure gradient), and wind®/distance (cubic destructiveness). The sign pattern £ > 0,
Bg < 0, Bg < 0 is preserved across all alternatives, confirming that the mechanism does not

depend on the specific parameterization of the meteorological shock.

6.8 Institutional Capacity as an Alternative Channel

A competing explanation for the connectivity-buffering result is that markets in denser net-
works are located in wealthier regions with better institutional disaster response, and that
it is this institutional capacity rather than spatial arbitrage that drives faster price recovery.
Table A6 addresses this concern by augmenting the triple-interaction specification with the
interaction of the typhoon shock and a proxy for local economic development (nighttime
light intensity, z-scored). The correlation between n and the institutional proxy is only 0.26,
indicating low multicollinearity. In the full horse-race specification (Table A6, Column 3),
the triple interaction Bg remains negative and significant (—0.059, p = 0.013), and is in fact
slightly larger in magnitude than the baseline estimate (—0.054). The direct institutional
interaction (S x Institutional) is small and insignificant (—0.002, p = 0.753). The cross-
partial S x ¢ x Institutional is negative and significant (—0.010, p = 0.009), suggesting that
institutional capacity provides some additional buffering for perishable goods; however, this
effect complements rather than substitutes for the connectivity channel. Column 4 drops
connectivity entirely and retains only institutional interactions: the institutional terms alone
cannot replicate the explanatory power of the connectivity mechanism. These results con-
firm that the spatial arbitrage interpretation of 7 is not an artifact of correlated institutional

quality.
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7 Discussion

7.1 Economic Magnitudes

The triple-interaction coefficient structure permits computation of model-implied conditional
price effects at any point in the (¢,n) distribution. These counterfactual magnitudes are
based on the estimated linear interaction model and should be interpreted as illustrative
rather than as direct predictions of specific policy interventions. Consider raising a low-
connectivity market (n at the 25th percentile, approximately —0.5¢) to the sample median
(n = 0): the predicted price impact of a typhoon on highly perishable goods (¢ = +10)
declines from 15.5 percent to 10.1 percent, a reduction of roughly 35 percent. Raising
connectivity further to the 75th percentile (n = +0.50) reduces the impact to 4.7 percent, a
cumulative reduction of approximately 60 percent.

Relative to the literature, the baseline full-sample estimate (+4.1%) is roughly twice the
retail-level estimate of Bao et al. [2023]. More importantly, the present analysis reveals
enormous heterogeneity masked by that average: up to +21% for perishable goods in poorly
connected markets, and effectively zero for storable goods everywhere. A single average

treatment effect obscures the true exposure of the most vulnerable nodes in the food system.

7.2 Policy Implications

The findings point to an underrecognized climate adaptation strategy: investing in the con-
nective infrastructure of food distribution networks.

Conventional food price stabilization relies on two instruments: government reserves
(strategic stockpiles of grain, pork, and selected vegetables) and emergency price controls.
The former is limited in scope—reserves cannot cover leafy vegetables or live seafood [Gouel,
2020]. The latter risks distorting price signals and suppressing the market’s own incentive
to attract outside supply [Hsiao et al., 2024].

The findings are consistent with a third pathway. Connectivity’s buffering effect operates

25



through decentralized market arbitrage, requires no post-disaster government mobilization,
and is effective precisely for the product categories that reserves cannot cover. Three margins
are suggested by the analysis.

First, market density: establishing mid-scale wholesale hubs in currently sparse areas
(primarily inland and western provinces where nago ,, ranges from 0 to 3) directly raises the
network density component of 7. Second, transport links: reducing effective inter-market
distances through road quality improvements, sustained enforcement of agricultural product
green-channel policies, and rapid expressway repair capacity during typhoon season increases
1/d,,. Sotelo [2020] estimates that rural road paving in Peru raised agricultural productivity
by 4.9 percent; the present findings add a new benefit dimension—reduced food price vul-
nerability to climate shocks. Third, cold-chain capacity: because high perishability drives
vulnerability, any technology that functionally reduces operational perishability should yield
high adaptation returns. Cold-chain deployment achieves this by extending viable transport
radii, effectively lowering ¢ for products currently constrained by shelf-life limits while si-
multaneously raising n by bringing more distant markets into the feasible sourcing range.
China’s current cold-chain penetration for vegetables is approximately 22 percent, far below
the 904 percent in developed economies, though direct empirical verification of this channel
requires market-level cold-chain data not available in the present study.

All three investments are structural and pre-emptive. Their benefits compound with each
extreme weather event, making them a durable form of climate adaptation with increasing

marginal returns as storm frequency rises.

7.3 External Validity

The perishability-connectivity mechanism documented here is not specific to Chinese ty-
phoons. Two conditions suffice for the logic to apply: (1) the traded goods face physical
shelf-life constraints that limit the feasibility of spatial arbitrage, and (2) market connectiv-

ity varies across locations. Both conditions are met in food systems worldwide. Mahajan

26



and Tomar [2021] document that COVID-19 lockdowns in India generated large price spikes
in tomatoes by severing inter-market transport links—the lockdown playing the same role
as a typhoon in disrupting spatial arbitrage. Yim and Dall’erba [2025] find that extreme
weather events propagate through U.S. interstate trade networks but that supply chains
exhibit resilience, consistent with the high-connectivity recovery pattern documented here.
The mechanism extends to any regional supply disruption—floods, earthquakes, volcanic
eruptions, port strikes, armed conflicts—that impairs the spatial reallocation of perishable

goods.

7.4 Limitations

Three limitations deserve note. First, the analysis covers wholesale prices only; the pass-
through from wholesale to retail, mediated by retail channel structure, contracts, and retailer
inventory behavior, remains to be directly verified. Second, the connectivity index 7 is
constructed from the static spatial distribution of markets and does not capture actual
trade-flow adjustments during storms. Ideal data would track the daily sourcing origins of
each market’s inbound shipments; such data are not currently available. Third, the reduced-
form framework does not permit full counterfactual welfare computation. Quantifying the
aggregate welfare gain from connectivity infrastructure investments requires a structural
model with explicit trade costs, supply elasticities, and market-clearing conditions, in the

spirit of Donaldson [2018] and Sotelo [2020].

8 Conclusion

Climate shocks do not affect all markets and all products equally. This paper exploits 6.7
million daily wholesale price observations across 234 markets and 46 products in China,
combined with CMA typhoon track data, to provide evidence that operational perishability

and market connectivity jointly determine the propagation of climate-induced price shocks
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through food supply chains.

Three findings emerge. First, typhoon exposure raises wholesale prices by approximately
4.1 percent within 100 km, with effects radiating to 500 km, but the effect is driven by
vegetables—which score highest on the operational perishability index, with price impacts
of 6.1 percent—while meat, eggs, and poultry are unaffected. Second, a triple-interaction
specification confirms that the price response increases with perishability (51 > (), decreases
with connectivity (BQ < 0), and that connectivity buffers perishable goods disproportionately
(Bg < 0). The model-implied counterfactual suggests that moving a market from the 25th
to the 75th percentile of connectivity would eliminate approximately 60 percent of the ty-
phoon price impact on highly perishable goods. Third, supporting evidence from event-study
comparisons indicates that price responses are smaller and less persistent in well-connected
markets, consistent with faster spatial reallocation of supply.

These findings carry a policy implication. Conventional food price stabilization tools—
government reserves and emergency controls—cannot effectively target perishable products,
which are precisely the products most vulnerable to climate disruptions. The evidence
suggests that the connectivity of food distribution networks functions as an insurance mech-
anism: denser surrounding networks are associated with smaller and less persistent price
distortions. Investing in wholesale market density, inter-market transport links, and cold-
chain coverage may therefore constitute a structural form of climate adaptation, though
quantifying the cost-effectiveness of such investments requires data and methods beyond the
scope of this paper.

Future work can extend the analysis in three directions: tracking post-storm trade-flow
reallocation using daily sourcing data as market information systems improve; construct-
ing a structural model to quantify the aggregate welfare returns to connectivity infras-
tructure investment; and testing the perishability-connectivity mechanism in other disrup-
tion contexts—floods, earthquakes, pandemic lockdowns—to assess its generality beyond

typhoons.
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Table 1: Summary Statistics

Variable N Mean SD Min Max

In(wholesale price) 6,667,816 1.480 1.028 —2.659 6.551
Wholesale price (yuan/kg) 6,667,816 8.578 16.434 0.07 700

Typhoon exposure

Within 100 km 6,667,816  0.001  0.028 0 1

Wind exposure 6,667,816  0.001  0.037 0 14.09
Product characteristics

Perishability score (1-10) 6,667,816  7.659  2.644 1 10

¢ (z-score) 6,667,816 0.486 0.949 —1.903 1.326

Vegetable indicator 6,667,816  0.682  0.466 0 1

Market characteristics
n (connectivity, z-score) 6,667,816  0.215 0.683 —1.673 1.450
Markets within 200 km 6,667,816  8.727  5.806 0 22
Products traded 6,667,816 24.669  8.288 1 41

Notes: Wind exposure = wind speed (m/s)/distance (km). Perishability scores
range from 1 (meat) to 10 (leafy vegetables). ¢ and n are standardized to z-scores.
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Table 2: Main Results: Typhoon Exposure and Wholesale Prices

(1) (2) (3) (4)
YM FE Date FE Continuous ProvxYM FE

Within 100 km 0.0309*** 0.0414*** —0.0020

(0.0092) (0.0094) (0.0051)
Wind exposure 0.0346**

(0.0163)

Market x Product FE Yes Yes Yes Yes
Time FE Year-Month Date Date ProvxYM
Observations 6,667,782 6,667,782 6,667,782 6,667,782
Clusters 218 218 218 218
Adj. R? 0.8971 0.8981 0.8981 0.9014

Notes: Standard errors clustered at the county level in parentheses. *p < 0.10, **p <
0.05, **p < 0.01. The dependent variable is In(wholesale price). Column 4 absorbs
province X year-month variation, leaving insufficient within-group exposure variation.
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Table 3: Spatial Exposure Gradient by Perishability

(1) (2) (3)
Distance ring Full sample  High ¢ Low ¢

0-50 km 0.0558***  0.0912**  0.0085
(0.0140)  (0.0194)  (0.0136)

50-100 km 0.0554***  0.0962*  0.0048
(0.0100)  (0.0147)  (0.0097)

100-200 km  0.0604***  0.1055*  0.0088
(0.0079)  (0.0115)  (0.0067)

200-300 km  0.0487"*  0.0815**  0.0067
(0.0070)  (0.0112)  (0.0055)

300-500 km  0.0433**  0.0706*  0.0075"
(0.0054)  (0.0083)  (0.0044)

Observations 6,667,782 3,639,682 3,028,100
Clusters 218 207 217
Adj. R? 0.8981 0.6850 0.9463

Notes: All specifications include market xproduct and
date fixed effects. Standard errors clustered at the county
level. High ¢ = above-median perishability index (in-
cludes vegetables, live fish, fresh fruits). Low ¢ = below-
median (storable fruits, eggs, poultry, meat). Refer-
ence group: markets >500 km from any typhoon track.
*p < 0.10, **p < 0.05, **p < 0.01.
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Table 4: Product Heterogeneity by Perishability Index

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

High ¢, binary High ¢, continuous Low ¢, binary Low ¢, continuous

Within 100 km 0.0715*** 0.0040
(0.0137) (0.0088)
Wind exposure 0.0605*** —0.0006
(0.0232) (0.0067)
Observations 3,639,682 3,639,682 3,028,100 3,028,100
Clusters 207 207 217 217
Adj. R? 0.6849 0.6849 0.9463 0.9463

Notes: High ¢ = above-median perishability (vegetables, live fish, fresh fruits). Low ¢ = below-
median (storable fruits, eggs, poultry, meat). All specifications include marketxproduct and date
fixed effects. Standard errors clustered at the county level. *p < 0.10, **p < 0.05, ***p < 0.01.
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Table 5: Mechanism Estimation: Perishability, Connectivity, and Their Interaction

(1) (2) (3) (4) (5)
Shock (Sn)  0.0346™  0.0188  0.0788***  0.0630**  0.0470**
(0.0163)  (0.0128)  (0.0168)  (0.0153)  (0.0141)

S x ¢ 0.0265" 0.0262*  0.0536**
(0.0081) (0.0081)  (0.0150)

S x —0.0860"* —0.0855"** —0.0543**
(0.0243)  (0.0245)  (0.0219)

Sx¢xn —0.0538"*
(0.0242)

Observations 6,667,782 6,667,782 6,667,782 6,667,782 6,667,782

Clusters 218 218 218 218 218

Adj. R? 0.8981  0.8981 0.8981 0.8981 0.8981

Notes: Sy, = wind_exposure,,;,. ¢ = operational perishability (z-score). n =
market connectivity (z-score). Level terms ¢, 7, and ¢ x n are absorbed by
market x product fixed effects. All specifications include marketxproduct and date
fixed effects. Standard errors clustered at the county level. *p < 0.10, **p < 0.05,
**p < 0.01. Conditional marginal effect at (¢,n) = (+10,—10): 0.047 4 0.054 +
0.054+0.054 = 0.209; at (¢,n) = (+10,+10): 0.04740.054—0.054—0.054 = —0.007.
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Spatial Exposure Gradient
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Figure 1: Spatial Exposure Gradient of Typhoon Impacts on Wholesale Prices
Notes: Point estimates and 95% confidence intervals from mutually exclusive
distance-ring indicators. Reference group: markets >500 km from any typhoon
track. All specifications include marketxproduct and date fixed effects. Standard
errors clustered at the county level.
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Price Impact by Perishability and Connectivity
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Figure 2: Marginal Effect of Typhoon Exposure by Perishability and Connectivity
Notes: Lines show the model-implied marginal effect of a unit increase in wind
exposure on In(price) as a function of the perishability index ¢, evaluated at high
connectivity (n = +1o, solid) and low connectivity (n = —1o, dashed). Based on
Table 5, Column 5.
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Price Impact by Connectivity and Perishability
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Figure 3: Marginal Effect of Typhoon Exposure by Connectivity and Perishability
Notes: Lines show the model-implied marginal effect of a unit increase in wind
exposure on In(price) as a function of market connectivity 7, evaluated at high
perishability (¢ = 410, solid) and low perishability (¢ = —1o0, dashed). Based on
Table 5, Column 5.
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Price Impact by Product Category

Categories from product names; no index construction
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Figure 4: Non-Parametric Validation: Price Impact by Product Category
Notes: Each coefficient is estimated from a separate regression of In(price) on wind
exposure within a single product category, with marketxproduct and date fixed
effects. Standard errors clustered at the county level. Categories are defined by bio-
logical taxonomy from product names (e.g., “Chinese cabbage” — Leafy vegetables;
“Fuji apple” — Storable fruit); no continuous perishability index is used. The stair-
case pattern—Ileafy and gourd/fruit vegetables at the top, meat and fresh fruit at
the bottom—confirms that the heterogeneity is driven by operational perishability
rather than index construction.
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Appendix (For Online Publication)

Table A1l: Product Perishability Scores

Category Representative products Score ¢ (z-score)
Leafy vegetables Chinese cabbage, celery, cauliflower, scallions 10 1.33
Gourd /fruit vegetables Cucumber, eggplant, tomato, green pepper 9 0.88
Live fish Grass carp, crucian carp (8 species) 8 0.43
Root vegetables (high) Carrots, onions 8 0.43
Root vegetables (low)  Potatoes 7 —0.02
Fresh fruits Peach, grape, watermelon, mango, pineapple 5 —0.93
Storable fruits Apple, pear, kiwi, mandarin 4 —1.38
Eggs Eggs 3 —1.83
Poultry White-feather chicken, yellow-feather chicken 2 —1.90
Meat Pork, beef, lamb 1 —1.90

Notes: Scores based on operational supply chain vulnerability: effective shelf life without cold chain,
physical loss rates during transport, and feasibility of long-distance sourcing. ¢ is the z-score standard-
ization of the raw score. Full 46-product listing available in the replication package.
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Table A2: Connectivity Index Component Correlations

nao  1/d my n Ngeo
Markets within 200km (ng90) 1.000

Inverse avg. distance (1/d) 0.581 1.000

Products traded (n,) 0.099 0.018 1.000
Composite 7 0.801 0.763 0.533 1.000
Geographic 1y, 0.889 0.889 0.066 0.880 1.000

Notes: Correlations computed across 234 markets. 1 = (fi200 + 17;{_+ np) /3.
Ngeo = (ﬁgoo + 1/(;)/2
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Table A3: Mechanism with Alternative Connectivity Measures

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

Composite 7 mgg only  1/d only Ngeo
Shock (.5) 0.0470** 0.0389** 0.0188* 0.0336**
(0.0141) (0.0173) (0.0114)  (0.0148)
S X ¢ 0.0536™** 0.0476*  0.0278*  0.0463***
(0.0150) (0.0138) (0.0086)  (0.0142)
S X —0.0543** —0.0237* —0.0186  —0.0273
(0.0219) (0.0133) (0.0159)  (0.0192)
S X Xy —0.0538*  —0.0256™ —0.0269* —0.0369*

(0.0242) (0.0130) (0.0137)  (0.0198)
Observations 6,667,782 6,667,782 6,667,782 6,667,782

Notes: All specifications include market x product and date FE. SE clustered

at county. *p < 0.10, **p < 0.05, ***p < 0.01. n; denotes the connectivity
measure used in each column.
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Table A4: Mechanism with Binary Treatment

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

Within 100km  0.0414**  0.0261*  0.0443*  0.0241**
(0.0094)  (0.0091)  (0.0110)  (0.0105)

W100 x¢ 0.0294** 0.0362"*
(0.0076) (0.0093)

W100 x7 —0.0095  0.0021
(0.0163)  (0.0152)

W100 xé x 7 —0.0186
(0.0117)

Observations 6,667,782 6,667,782 6,667,782 6,667,782

Notes: Treatment = 1[dist < 100km]. All specifications include
market xproduct and date FE. SE clustered at county. *p < 0.10, **p <
0.05, ***p < 0.01.
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Table A5: Mechanism with Alternative Exposure Functional Forms

(1) (2) (3) (4)
Exposure measure w/d w?/d w/d? w3 /d
S 0.0649***  0.0031*** 0.0594*** 0.0001***
(0.0198)  (0.0009)  (0.0138)  (0.0000)
S X Gob; 0.0545**  0.0024*** 0.0514*** 0.0001***
(0.0165)  (0.0007)  (0.0156)  (0.0000)
S X Ngeo —0.0534** —0.0034*** —0.0802*** —0.0001***
(0.0260)  (0.0012)  (0.0185)  (0.0000)
S X Pobj X Ngeo —0.0320  —0.0023** —0.0682***  —0.0001**
(0.0218)  (0.0010)  (0.0209)  (0.0000)
Sign pattern (+,+, —, —) Yes Yes Yes Yes
Observations 6,667,782 6,667,782 6,667,782 6,667,782

Notes: w = wind speed (m/s), d = distance to track (km). ¢op; = z(— In(shelf life_days))
based on FAO/USDA published data. 14, = geographic connectivity (number of markets
within 200 km and inverse average distance). Column 1 reproduces the baseline. All specifi-
cations include marketxproduct and date FE. SE clustered at county. *p < 0.10, **p < 0.05,
**p < 0.01.
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Table A6: Connectivity vs. Institutional Capacity: Horse-Race

(1) (2) (3) (4)
Baseline  +SxInst Full horse-race Inst only
Shock (5) 0.0470**  0.0639*** 0.0516** 0.0213
(0.0141) (0.0217) (0.0211) (0.0274)
S X ¢ 0.0536**  0.0538*** 0.0739*** 0.0370***
(0.0150) (0.0149) (0.0201) (0.0116)
S xn —0.0543** —0.0563** —0.0543**
(0.0219) (0.0248) (0.0233)
SX¢pxn —0.0538"*  —0.0545** —0.0589**
(0.0242) (0.0241) (0.0234)
Sx Institutional —0.0080 —0.0020 —0.0011
(0.0062) (0.0064) (0.0112)
S x ¢x Inst —0.0097*** —0.0057
(0.0037) (0.0053)
Observations 6,667,782 6,667,782 6,667,782 6,667,782
Clusters 218 218 218 218

Notes: Institutional capacity = z-scored In(nighttime light intensity), 2017-2023

county mean.

#*p < 0.01.

Correlation(n, Institutional) = 0.26.
market xproduct and date FE. SE clustered at county.
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Table A7: Mechanism with Revealed Perishability

(1) (2) (3)
Hand ¢ (full) Hand ¢ (2020-23) Revealed ¢ (2020-23)
Shock (.5) 0.0336** 0.0637** 0.0701**
(0.0148) (0.0184) (0.0170)
S X ¢ 0.0463*** 0.0325** 0.0268***
(0.0142) (0.0109) (0.0075)
S X Ngeo —0.0273 0.0004 —0.0103
(0.0192) (0.0207) (0.0200)
S X ¢ X Ngeo —0.0369* —0.0234 —0.0071
(0.0198) (0.0159) (0.0090)
Observations 6,667,782 4,013,540 3,995,663
Clusters 218 198 198

Notes: Revealed ¢ = cross-market price coeflicient of variation for each product, com-
puted from 2017-2019 non-typhoon observations. Correlation(hand ¢, revealed ¢) = 0.38.
Temporal split: Column 3 uses ¢ constructed from 2017-2019 data applied to 20202023
regressions, avoiding mechanical correlation. All specifications include market x product
and date FE with 7gc,. SE clustered at county. *p < 0.10, **p < 0.05, ***p < 0.01.
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Recovery Speed: High vs. Low Market Connectivity
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Figure A1l: Recovery Dynamics: High vs. Low Market Connectivity
Notes: Event-study coefficients with 95% confidence intervals. The event day is
the first day market m enters the 100 km exposure zone. Reference period: k =
—1. Estimated separately for above-median (7 > median, diamonds) and below-
median (7 < median, triangles) connectivity subsamples. All specifications include
market x product and date fixed effects. Standard errors clustered at the county
level.
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