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Abstract

Can governments address climate threats by deliberately redistributing damages
across space? We study the world’s largest flood-damage reallocation program, the
Flood Detention Basins (FDB) policy in China, which designates over 30,000 km² of
rural land as temporary flood storage zones. During severe floods, the government
can deliberately divert excess floodwater through gates and dams into FDBs to pro-
tect downstream cities. Combining a difference-in-differences design with a spatial
general equilibrium model, we quantify both local and aggregate effects. FDB pol-
icy causes persistent local economic losses in FDB-designated counties: an 11 percent
decline in firm entry and an approximately 10 percent reduction in nighttime light
intensity. Using a spatial model with trade linkages among FDB-designated counties,
FDB-protected cities, and other regions, we find that the policy increases total output
by 0.24 percent (equivalent to 15 billion USD). When migration frictions are relaxed,
aggregate gains double but inequality between rural FDB areas and protected cities
widens. Our results reveal the trade-off between efficiency and equity in deliberate
damage reallocation.
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1 Introduction

You are to bring into the Ark two of every kind...to keep them alive with you.

— Genesis 6:20

The story of Noah’s Ark marks humanity’s earliest attempt to make decisions in the face

of catastrophic flooding and the inevitable choice of who will be saved and who will suffer.

That ancient dilemma has now become central to modern disaster management. As climate

change intensifies, governments confront a similar challenge: how to distribute environmental

damages when universal protection is not feasible.

Floods already threaten more than 1.8 billion people worldwide, and the frequency of

severe floods is projected to double across about 40 percent of the Earth’s land surface

by 2050 (Arnell and Gosling 2016; Tellman et al. 2021). A key lesson from the disaster

literature is that losses are shaped not only by hazard exposure but also by institutions and

policies (Kahn 2005). As with many environmental policies that create winners and losers

(e.g., He et al. 2020; Taylor and Druckenmiller 2022), flood management interventions have

uneven distributional effects. Dams and levees, for example, generate asymmetric impacts

on upstream and downstream regions along a river (Duflo and Pande 2007). In managing

floods, governments face the challenge of whether to concentrate damages in less economically

productive areas in order to protect larger populations or key centers of economic activity.

Such spatial redistribution of damages raises important trade-offs between efficiency and

equity.

In this paper, we study a flood management policy that redistributes flood risk and

damage and thus creates both winners and losers: Flood Detention Basins (FDBs), the

last-resort instrument in flood control. During severe floods, when reservoirs reach capacity,

governments divert floods into FDBs, typically located in low-lying areas, to protect broader

regions from catastrophic damage. Outside of flood events, these FDB areas revert to regular

economic activities. An example of an FDB is the Birds Point-New Madrid Floodway in

Missouri, the United States, which is designed to “lower flood stages upstream and adjacent

to the floodway during major flood events”, according to the Army Corps of Engineers.1

1The Birds Point-New Madrid Floodway in Missouri is engineered to divert up to
550,000 cubic feet per second from the Mississippi River during an extreme flood event.

1



China operates the world’s largest Flood Detention Basin (FDB) program. In 2000, the

central government launched the national Flood Control Law and designated 98 basins, which

are largely located in rural counties, to protect downstream urban areas during severe floods.

These designated FDBs cover more than 30,000 km2 and house a resident population of over

15 million. Since the policy announcement, FDBs have been activated nine times to absorb

excess floodwater. Using a satellite-based flood dataset (Tellman et al. 2021), we construct

county-level proxies to measure flood exposure and find that the size of flood inundation in

counties with FDBs is over 45 percent larger compared to protected counties.

Two features make China an especially compelling case for analysis. First, the country

faces exceptionally high flood exposure: more than 395 million people are at risk, and a

substantial share of economic activity is concentrated in flood-prone regions. As a result,

floods generate considerable and persistent economic losses (Kocornik-Mina et al. 2020).

Second, the FDB program is a large-scale, nationally coordinated policy that has been in

place for more than two decades. This provides a unique opportunity to assess the long-term

consequences of systematically redistributing floods across space and populations. Taken

together, China’s flood-management experience offers a reference point for other countries

confronting the challenge of addressing floods in economically important regions.

This paper examines both the local and aggregate impacts of China’s Flood Detention

Basin (FDB) program by combining reduced-form evidence with a quantitative spatial model.

Using a difference-in-differences design, we first estimate the economic losses experienced by

FDB-designated counties. This approach allows us to measure the extent to which rural

and economically vulnerable counties have been designated to bear disproportionate costs

following the implementation of the FDB policy. We then develop a quantitative spatial

model that captures trade linkages between FDB-designated, FDB-protected, and other

counties. This framework allows us to quantify the benefits to protected regions and evaluate

whether the redistribution of flood damages may yield a net gain in total output.

We find that FDB designation has a negative and persistent effect on local economic de-

velopment. On average, designation significantly reduces annual nighttime light intensity by

approximately 10 percent. Based on the estimated elasticity of GDP with respect to night-

https://www.mvm.usace.army.mil/Missions/Emergency-Operations/Birds-Point-New-Madrid-Floodway/
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time lights (around 0.3; Henderson et al. 2012, Martinez 2022), this corresponds to an annual

GDP loss of roughly 3 percent. Our results are also robust to alternative control groups and

alternative difference-in-differences estimators (De Chaisemartin and d’Haultfoeuille, 2020;

Callaway and Sant’Anna, 2021; Gardner, 2022), and the estimate is consistent with findings

from hydrological studies (e.g., Wang et al. 2021). Event studies confirm parallel pre-trends

and document lasting post-treatment declines. Similar to Assunção et al. (2022), we also de-

tect spillover impacts beyond the direct policy effect: neighboring counties bordering FDB-

designated counties experience significant output losses, with the magnitude of the effect

diminishing with distance from the basin boundary. Together, these findings indicate that

the FDB policy imposes not only persistent costs on designated counties but also spillover

costs on their contiguous neighbors.

A key challenge in interpreting these results is the potential endogeneity of FDB site

selection. One might worry that counties with weaker economic prospects were chosen to host

basins. To address this concern, we exploit the fact that the Flood Control Law emphasizes

only geographical criteria for site selection and suggests that FDBs should be located in

low-lying areas hydrologically suited for absorbing floodwater. Our linear probability model

further supports the government’s claim and shows that FDB designation is significantly

associated with geographical factors but not with economic characteristics.

To investigate the mechanism behind the observed declines in local economic activity,

we exploit the 2010 policy change in which the government added 20 counties to the FDB

list. This policy change provides a quasi-experimental setting to examine how newly desig-

nated areas respond to increased flood risk. We find strong evidence that increased flood

risk discourages investment. Following designation, total firm entry in newly added counties

has declined by about 11.5 percent, with a larger decline of 14.3 percent among large manu-

facturing firms (turnover above 3 million RMB). These results are consistent with Jia et al.

(2022) and Balboni et al. (2023) who show that firms adjust location choices in response

to flood risk. We then turn to migration as another possible channel. Unlike prior studies

that document migration responses to flooding (e.g., Hornbeck and Naidu 2014), we find no

evidence of significant outflows from FDB counties after designation, likely due to mobility

restrictions in China. Taken together, the evidence indicates that firm responses are the
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primary driver of the persistent economic costs caused by FDB designation.

We then develop a spatial general equilibrium model to quantify the broader consequences

of the FDB policy. Following Fajgelbaum et al. (2019) and Jia et al. (2022), we model man-

ufacturing goods as tradable across regions, with firms making entry decisions based on

ex-ante flood-risk expectations. When floods occur, firms experience productivity losses.

The model captures three key mechanisms: (1) the sacrifice effect, which refers to direct eco-

nomic losses borne by FDB-designated counties; (2) the protection effect, which refers to flood

protection benefits accruing to downstream urban centers; and (3) market-based spillover ef-

fects, which refers to the general equilibrium effects across all regions through trade linkages.

For the quantitative implementation, we calibrate the model to match county-level eco-

nomic characteristics between 2000 and 2010. The model successfully replicates untargeted

moments such as capital investment and employment for manufacturing firms. We then

construct counterfactual scenarios in which FDBs are absent. Based on our empirical esti-

mates and hydrological simulations, we reallocate approximately 45 percent of the additional

floodwater absorbed by FDB-designated counties to downstream FDB-protected counties,

primarily located in urban areas. The spatial redistribution of floods changes the output

in FDB-designated and FDB-protected through productivity effects. These output changes

then propagate through trade linkages and leads to general equilibrium effects across other

counties. We compare the equilibrium output under the actual FDB policy with that in a

counterfactual scenario without FDBs.

We obtain four main findings. First, our quantitative results indicate that the FDB pol-

icy yields positive aggregate gains: total output increases by approximately 0.24 percent,

equivalent to about 15 billion USD in 2010. Second, despite these aggregate gains, the pol-

icy produces pronounced distributional effects. FDB-designated counties experience output

losses of nearly 1 percent (the sacrifice effect), while FDB-protected counties enjoy gains

exceeding 2.5 percent (the protection effect). Other regions, although not directly exposed

to flooding, experience modest negative spillovers due to business-stealing effects from ur-

ban centers (the market-based spillover effect). Third, when migration frictions are relaxed,

workers reallocate from flood-prone basins to safer and more productive urban areas. As a

result, the aggregate output gain doubles, reaching roughly 37 billion USD in 2010. However,
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greater labor mobility also exacerbates rural–urban inequality, as the output gap between

protected and basin counties widens further. Fourth, when we incorporate projected in-

creases in flood risk driven by climate change, the aggregate benefits of the FDB policy

rise sharply with risk intensity. This finding suggests that China’s FDB system plays an

important role in strengthening economic resilience to future floods.

This paper makes three contributions. First, we identify a previously less studied source

of disaster-related costs. Paradoxically, a policy designed to reduce aggregate flood damage

may itself impose substantial economic losses on particular regions. We find that the costs

borne by FDB-designated counties are comparable to, or even exceed, those caused by major

hurricanes in the United States (Strobl 2011; Hsiang and Jina 2014). While previous studies

have primarily examined the realized impacts of natural disasters in both developing and

developed settings (Strobl 2011; Cavallo et al. 2013; Hsiang and Jina 2014; Elliott et al.

2015; Desmet et al. 2021; Patel 2023; Balboni et al. 2025; Ficarra and Mari 2025), we show

that the government’s deliberate redistribution of flood damages can itself generate large

and persistent economic costs.

Second, our analysis contributes to the literature on adaptation to climate change (e.g.,

Fried 2022; Cruz and Rossi-Hansberg 2024) by providing causal evidence on adaptation to

climate risk and by quantitatively assessing the resulting general equilibrium effects. Ex-

ploiting the quasi-experimental variation generated by the FDB policy, we show that greater

flood risk discourages investment and firm entry, particularly among large manufacturing

firms, consistent with Jia et al. (2022) and Balboni et al. (2023). We also find little evidence

of population migration, which reflects how China’s institutional mobility constraints limit

household adaptation (Boustan et al. 2012; Hornbeck and Naidu 2014; Gröger and Zylber-

berg 2016; Boustan et al. 2020). In our counterfactual analysis, we show that the net output

gain increases when migration constraints are relaxed. This finding is consistent with Au

and Henderson (2006), Tombe and Zhu (2019), and Ma and Tang (2020), who demonstrate

that easing migration restrictions raises aggregate output and facilitates the reallocation of

labor toward more productive urban centers.

Finally, our work connects the study of disaster management to the broader discussion on

the distributional and aggregate effects of environmental and infrastructure policies. Prior
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research shows that such interventions often generate spatially heterogeneous impacts: up-

stream versus downstream (He et al. 2020), within watersheds (Taylor and Druckenmiller

2022), or between regions affected by dams and sea walls (Duflo and Pande 2007; Hsiao 2023;

Balboni 2025). We extend this literature by quantifying both the local trade-offs and the

general equilibrium consequences of redistributing flood damages. Our findings reveal that

while the FDB policy enhances aggregate output, it widens inequality between protected

urban centers and rural counties, consistent with evidence that adaptation infrastructure

and environmental regulation can produce uneven regional outcomes. The FDB policy pro-

vides new evidence about flood management from a developing economy and illustrates the

fundamental trade-off between efficiency and equity in disaster management.

This paper is structured as follows. Section 2 provides an overview of the research

background and introduces the data. Section 3 uses a difference-in-differences approach to

investigate economic costs for FDB counties. Section 4 estimates the aggregate impacts of

the FDB policy using a spatial general equilibrium model, and Section 5 concludes.

2 Background and Data

2.1 Flood Detention Basins

Flood Detention Basins (FDBs) function as last-resort mechanisms to absorb excess water

once reservoirs and levees reach capacity. During severe flood events, water is deliberately

diverted into these designated basins to mitigate downstream flooding and protect urban

areas. When upstream flooding threatens to cause significant damage downstream, the

government activates FDBs to temporarily store surplus water. In this process, floodwater

is released into the basins through control gates and dams. After the flood peak passes, the

retained water is gradually discharged back into river channels.

A well-known example is the Birds Point–New Madrid Floodway in Missouri, authorized

under the Flood Control Act of 1928 to divert water from the Mississippi River during major

floods.2 Comparable systems also exist in Europe. The Odenkirchen flood retention basin on

2https://www.mvm.usace.army.mil/Missions/Emergency-Operations/Birds-Point-New-Madrid-
Floodway/
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the River Niers in Germany was built approximately six decades ago in response to a severe

flood event (Haselsteiner and Mottner 2022), and the Jonenbach flood protection project in

Switzerland was launched in 2004 as a response to repeated flooding in the region3. These

examples demonstrate how detention, diversion, and controlled flooding are integrated into

broader flood management strategies alongside conventional levees and reservoirs.

2.2 China’s Flood Detention Basin Policy

China is among the countries most exposed to flooding worldwide, with nearly 400 million

people at risk annually. (World Bank 2021; Rentschler et al. 2022). From 2000 to 2017, floods

caused over USD 150 billion in economic losses, according to EM-DAT. Severe flood events

are expected to become more frequent in China (Arnell and Gosling 2016). Importantly,

China’s most economically significant regions, such as the Yangtze and Huai River basins,

face severe and recurrent flood risk.

China’s Flood Detention Basin (FDB) program is the largest and most systematic of its

kind worldwide. Its scale and scope make it a unique case for understanding how active flood

management strategies shape local economies as well as national aggregate development.

Table B2 offers an overview of the FDBs in China’s major river basins in 2000 and 2010.

In 2000, the Chinese government passed the Flood Control Law of the People’s Republic of

China, its first legislation dedicated to flood management. The law designated 98 detention

basins in 96 counties, covering over 30,000 km2 (about 0.3% of China’s land area) and directly

affecting more than 15 million residents. The stated purpose was to “safeguard the interests

of pivotal regions.” In 2010, the Ministry of Water Resources revised the earlier law in the

National Flood Detention Basin Construction and Management Plan. Under this new plan,

13 FDBs were added and 12 were removed. Consequently, the specific counties classified as

FDB counties changed, with 20 new additions to the list and 10 removed.

3https://www.zh.ch/de/news-uebersicht/medienmitteilungen/2004/06/146 spatenstich jonenbach.html
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Selection of FDBs

The selection of FDBs is determined by the central government and is guided primarily by

geographical indicators, making the policy plausibly exogenous to local economic conditions

and alleviating concerns about local political selection. According to the 2000 Flood Control

Law launched by the Ministry of Water Resources, FDBs must be located in “low-lying lands

that are hydrologically suitable for temporary storage of floodwater.” Hydrology research

similarly emphasizes the role of elevation and topography in optimizing basin placement

(e.g., Mays and Bedient 1982; Bennett and Mays 1985; Taur et al. 1987). In Table B4,

we examine the determinants of FDB designation using a linear probability model. The

results indicate that hydrological and geographical factors are strong predictors of selection,

with lower-lying counties significantly more likely to host an FDB. By contrast, proxies for

local socioeconomic development, such as average nighttime lights in 1995-2000, are not

significantly related to FDB designation. In Table B3, we show the descriptive statistics

of FDB-designated counties, FDB-protected counties, and other counties. We find that,

while FDB-designated counties are less populated and host fewer firm activities than FDB-

protected counties, they are more populated and exhibit comparable levels of firm activity

relative to other counties. This pattern is not surprising. FDB-designated counties are

typically located along major rivers and benefit from lower transportation and trade costs.

Many of them are also situated in historically wealthier regions (e.g., southern China) with

higher levels of economic development and better infrastructure. Nonetheless, unobserved

factors beyond our data may also have influenced the government’s decisions. We will return

to this concern when we discuss our identification strategy in Section 3.3.

Redistributing Floods under the FDB Policy

To illustrate how the FDB system operates in practice, we begin with the Huai River

Basin, one of the regions in China most prone to flooding and with a long history of flood

management interventions. As shown in Panel A of Figure 1, FDB counties are located

upstream, while downstream urban areas are designated as FDB-protected counties. During

severe floods, water can be diverted into FDB counties, thereby protecting downstream
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urban areas from extensive inundation. This institutional design explicitly creates winners

(protected cities) and losers (FDB counties).

(a) FDB-designated Counties and
FDB-protected Counties in Huai River Basin

(b) Flood Exposure (unit: days) in
FDB-designated and FDB-protected Counties

Figure 1: FDB and FDB Protected Counties

Note: (1) An FDB-designated county refers to a county that contains a government-designated Flood Deten-
tion Basin (FDB), whereas an FDB-protected county is one that receives flood protection from its upstream
FDB county during severe flood events; (2) Panel A illustrates the spatial distribution of FDB counties and
FDB-protected counties in the Huai River Basin, while Panel B compares the flood exposure of all FDB
counties and all FDB-protected counties across China; (3) Flood exposure refers to the average number of
flooding days experienced by non-permanent water pixels within a county; (4) Flood data are sourced from
Tellman et al. (2021), and the detailed construction of the flood exposure measure is described in Appendix
A.1.

We then turn to validation exercises to show that this institutional logic is reflected in the

data. Panel B of Figure 1 shows that flood exposure is substantially higher in FDB counties

than in protected counties. In years with little or no flooding, exposure levels are similar

across the two groups, but during major flood years the gap widens sharply, consistent with

the policy’s design to divert water only in severe events as a measure of last resort. Table B5

confirms this pattern: fixed-effects regressions show that the total size of flood inundation

is about 45% larger in FDB counties than in protected counties. Consistent with these

results, Table B.4 presents simulations from a hydrodynamic engineering model that also

show greater exposure in FDB counties. The magnitude is also similar to what we estimate

using fixed-effects regressions.
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Implications for Local Residents

During the flood detention period, residents are temporarily relocated to neighboring

counties. Unlike the case of building reservoirs, the government does not force residents in

FDB counties to leave. Although the government may encourage local residents to relocate,

the financial incentives provided are limited. According to a survey conducted in a Flood

Detention Basin, 73% of local residents are dissatisfied with the current migration incentive

scheme. We present more empirical findings about migration in Section 3.

Compensation for households in FDB counties during flood activation is limited. The

2000 Temporary Measures for the Use of Compensation in Flood Storage and Detention

Areas suggested that up to 70% of losses from flood detention should be reimbursed, but

the rules for eligibility are vague. In practice, compensation is uneven: households receive

no reimbursement for livelihood losses if assets are deemed “relocatable,” yet the criteria for

what counts as relocatable remain undefined. In a recent example, when Zhuozhou was used

for flood storage in 2023, families of victims received about $3,000 per fatality, compared to

an estimated statistical value of life in China of roughly $690,000 in 2019 (Cao et al. 2023).

2.3 Data

Flood Detention Basins and Protected Regions. The Ministry of Water Resources

announced the official list of FDBs in 2000 and revised it in 2010. We define counties contain-

ing these basins as FDB-designated counties, with the original policy documents provided in

Online Appendix B.1. According to the Flood Control Law, FDBs are intended to safeguard

large and economically important regions by diverting floodwater into designated basins.

Since no official list of protected counties exists, we construct one based on government

guidelines. Specifically, we identify all counties neighboring an FDB-designated county and

overlay them with river networks and flow directions to determine which are downstream.

The Standard for Flood Control, issued by the Ministry of Housing and Urban-Rural De-

velopment, outlines the criteria for cities to qualify for protection from severe floods (e.g.,

those with a 100-year return period), including requirements related to population size and

economic level. Using these criteria, we can identify the counties that are protected under
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the FDB policy.

Nighttime Light Intensity. A key input for our analysis is a consistent measure

of local economic activity. We rely on nighttime light intensity from PANDA-China as

the primary proxy because it offers broad spatial coverage, a long-run time series, and

alleviates concerns about the reliability of official GDP statistics from the National Bureau

of Statistics (NBS) (Martinez, 2022; Gong et al., 2025). Compared to other nighttime light

datasets such as DMSP-OLS (available only from 1992 to 2013, with saturation and blooming

problems) and VIIRS (available only since 2012), PANDA-China offers three advantages.

First, it provides the longest consistent annual series for China, spanning nearly four decades,

which is crucial for analyzing both the 2000 and 2010 FDB reforms. Second, the data are

temporally consistent and overcome sensor breaks that cause spurious fluctuations in earlier

products. Third, validation exercises show that PANDA-China exhibits stronger correlations

with socioeconomic indicators such as GDP and built-up areas than alternative nightlight

datasets, while maintaining high accuracy.

Floods. We use a global flood dataset from Tellman et al. (2021), which comprehensively

tracks floods worldwide from 2000 to 2018, and we restrict the sample to events occurring

within China. The database records 189 flood events in China and provides pixel-level

information (30m × 30m) on the number of days each pixel is flooded. It also identifies

permanent-water pixels, defined as areas with persistent surface water presence.

Using these data, we construct a county-level measure of size-adjusted flood exposure.

We first exclude permanent-water pixels, and then for each flood event we record the number

of days that each pixel within a county was inundated.4 Summing these flooded days across

all non-permanent water pixels gives the total flood duration for the county. Finally, we

divide this by the number of non-permanent water pixels in the county to obtain a size-

adjusted flood exposure. This captures the average flood duration per pixel and allows us

to compare counties with different land areas at risk. Full details of the construction are

provided in Appendix A.1.

Firm-level Outcomes. Firm-level data come from the National Enterprise Credit In-

4Floods in the Global Flood Database are reported as event periods; to translate these into flood days at
the pixel level, we use the duration information that records how many days each pixel was flooded during
a given event.
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formation Publicity System (NECIPS). NECIPS, administered by the State Administration

for Market Regulation (SAMR), provides annual registration records for all Chinese enter-

prises from 1960 to 2023. It reports key information such as establishment date, ownership

type, and geographical location, which allows us to track firm entry at the county level,

including in counties designated as Flood Detention Basins (FDBs).

Population Data. We use two proxies to measure population: county-level registered

population and county-level floating migration. The county-level registered population refers

to individuals officially recorded under a county’s household registration system, regardless

of their actual residence. These data are sourced from the County Statistical Yearbooks

of the National Bureau of Statistics (NBS). Additionally, we follow the approach outlined

in Chen et al. (2022b) to construct the county-level floating migration population. We use

individual-level micro census data drawn randomly from the 2000, 2005, 2010, and 2015

census, specifically using 1%, 20%, 3.30%, and 1% samples, respectively. Details on how we

construct the county-level outmigration ratio can be found in Appendix A.2.

Other Socio-economic Outcomes. Other county-level data are collected from the

County-level Statistical Annual Yearbooks from 1999 to 2022. The National Bureau of

Statistics (NBS) conducts a county-level survey each year. It is a longitudinal survey that

collects county-level socio-economic data for all counties in China. County-level variables

include county-level output disaggregated by agriculture, manufacturing, and services, as

well as indicators such as the number of large manufacturing firms and their aggregate

revenue.

Geographical Data. Elevation and slope data are drawn from the NASA ASTER

Global Digital Elevation Model (GDEM), which covers 99% of the Earth’s landmass between

83°N and 83°S. This allows us to compile detailed elevation measures for all counties and

towns in China. Precipitation data come from the Global Surface Summary of the Day

(GSOD), based on the Integrated Surface Hourly (ISH) dataset. GSOD provides daily

records from more than 9,000 stations worldwide, with comprehensive coverage since 1973.

From these data, we construct mean monthly precipitation at the county level. River data

are from the National Fundamental Geographic Information System (NFGIS).
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3 Evaluating Local Costs for FDB-designated Counties

The FDB policy simultaneously creates both winners and losers. FDB-protected counties

benefit from reduced exposure to severe flooding, whereas counties hosting FDBs (FDB-

designated counties) face heightened flood risk. Quantifying the local costs borne by FDB-

designated counties is central to evaluating the overall efficiency and equity implications of

the policy. Before turning to the aggregate effects in our general equilibrium model, we begin

by quantifying the direct economic impact of FDB designation on FDB-designated counties.

Our empirical analysis proceeds in two steps. We first estimate the causal impacts of FDB

designation on local economic activity using a difference-in-differences design. This approach

allows us to compare outcomes in designated FDB counties with those in otherwise similar

counties that were not selected into the FDB list. We then examine the channels through

which these effects take place. Specifically, we focus on sectoral composition, firm entry, and

population dynamics to understand how increased flood exposure in FDB counties translates

into persistent economic losses.

3.1 Empirical Strategy

Empirical Strategy. We first employ a traditional two-way fixed-effects (TWFE) ap-

proach to estimate the impact of the policy on FDB counties. The treatment is defined

as a county being designated by the government to host an FDB. In 2000, 98 basins were

designated as FDBs across 96 counties, and in 2010, an additional 20 counties were added

to the list.5 Accordingly, a county is considered treated from the year it was designated as

an FDB county. We first use the standard Two-Way-Fixed-Effects (TWFE) approach to

investigate the impact of FDB policy. The regression specification takes the form of:

Yikt = α+ β × FDBikt + γi + λkt + ϵikt,

5There are 20 counties that were designated as FDBs in 2000 but removed from the policy list after 2010.
We exclude these counties so that, in our analysis, all remaining FDB counties are consistently designated
as FDB counties over time.
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where Yikt measures the outcome of interest in county i, province k, and year t, the treatment

variable FDBikt is a dummy variable that equals one if county i has been designated as a

FDB county before year t, and 0 otherwise. The coefficient β measures the impact of FDB

designation on county-level outcomes. We include county fixed effects γi and year fixed effects

in all regressions, and we show that our results are robust when including province-by-year

fixed effects λkt. We cluster standard errors at the county level.

To test whether FDB-designated counties and our control counties have similar trends

prior to the FDB designation, we estimate event studies of the form:

Yikt = α+
10∑

τ=−10,τ ̸=−1

βτ × 1[t = τ + T FDB
ik ] + γi + λkt + ϵikt.

In this specification, T FDB
ik denotes the calendar year when county i was designated as

an FDB county for the first time. βτ represents differences in the outcome variables between

the FDB counties and control counties in each year.

A few potential concerns arise in the standard TWFE approach. The first is that FDB

designation may not be random, which could bias our estimates. As discussed in Section

2.2, although the government suggests that the FDB selection is decided by the geographical

factors and our empirical results in Table B4 confirm the government’s claim, there may

exist unobserved selection criteria. For example, if governments are intentionally selecting

counties of lower economic growth potential, we might expect a naive comparison between

FDB and control counties would result in an upward bias of β. To address this concern, we

use the DID estimator with matching weights (Arkhangelsky et al., 2021), which combines

attractive features of traditional difference-in-differences (DID) with the method of synthetic

control (SC) (Abadie et al., 2010). As in the SC approach, this approach balances treated

and control units on pre-treatment outcomes and limits researcher discretion in estimating

pre-trends (e.g., the choice of covariates, time periods, or deliberate choice of control units).

This approach mitigates possible concerns noted by Roth et al. (2023) and generally outper-

forms standard DID in avoiding spurious significance (Arkhangelsky et al., 2021). We also

implement alternative difference-in-differences estimators proposed by De Chaisemartin and

d’Haultfoeuille (2020), Callaway and Sant’Anna (2021), and Gardner (2022). Our results
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remain robust across specifications.

Constructing the Control Group. To avoid contamination of the control group, we

impose several restrictions to ensure that the control group is comparable to FDB-designated

counties. First, we exclude FDB-protected counties because they receive an opposite type of

treatment: rather than facing policy-induced increases in flood exposure, they benefit from

reductions in flood risk due to the protection provided by the FDB system.

Second, we address the concern that flood diversion may generate spatial spillovers.

Neighboring counties can be indirectly affected if floodwater extends beyond FDB boundaries

during detention periods. To mitigate potential bias arising from these spillovers, we exclude

two additional groups of counties: (1) those adjacent to FDB counties, which may experience

overflow flooding when basins are activated; and (2) those adjacent to protected urban areas,

which may receive implicit protection. Figure 2 provides an illustrative example of the

different categories of counties, while Figure 3 shows their actual geographical distribution.

After excluding these three types of counties in the first two steps, the remaining coun-

ties, which are neither directly targeted by the FDB policy nor exposed to potential flood

spillovers, serve as our control group in the two-way fixed-effects (TWFE) analysis.

Figure 2: Illustrating the Control Group Design
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Figure 3: FDB-designated, FDB-protected, and Their Neighboring Counties

Note: An FDB-designated county (marked in color red) refers to a county that contains a government-
designated Flood Detention Basin (FDB), an FDB-protected county (marked in color yellow) is one that
receives flood protection from its upstream FDB county during severe flood events, while neighboring counties
(marked in gray) are those bordered with FDB-designated or FDB-protected counties.

The first two steps yield a potential pool of comparable control counties. In the third

step, we further weight the control group to ensure that the control group shares similar pre-

treatment trends in the outcome variables. Differential pre-trends between FDB-designated
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and control counties pose an important threat to identification, as the two groups might

differ systematically in their baseline characteristics. To address this, we incorporate syn-

thetic weights into the difference-in-differences design following Abadie et al. (2010) and

Arkhangelsky et al. (2021), which balances pre-treatment outcomes between treated and

control counties. In our main DID specification, we employ all three of these steps to the

control group. Also, as shown in Section 3.2, our results remain robust when we redefine the

control group using alternative sample constructions.

3.2 Main Results: Impacts on Nighttime Light

To quantify the economic impact on FDB counties, we examine the policy’s effect on

nighttime light intensity. We use nighttime lights as a proxy for economic activity for two

reasons. First, high-quality county-level economic data are largely unavailable before 2000,

which limits us to directly compare pre- and post-treatment outcomes. Second, satellite-

based measures of nighttime luminosity provide a more reliable indicator of local economic

activity in China, as shown in recent studies (e.g., Martinez, 2022; Gong et al., 2025).

Figure 4 presents the dynamic effects of the FDB policy on nighttime light intensity,

estimated using both the standard TWFE model and the DID estimator with matching

weights (Arkhangelsky et al., 2021). Before treatment, there is no statistically significant

difference between treated and control counties, which suggests that treatment group and

control group have similar trends before the FDB policy treatment. After the policy imple-

mentation, nighttime light intensity in FDB-designated counties declines persistently. Both

TWFE and DID estimators show similar magnitudes and trajectories. And the consistency

between the TWFE and DID estimates supports the robustness of our findings.
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Figure 4: Effects of the Policy on Nighttime Light Intensity

Note: (1) The figure depicts the event study coefficients from TWFE and DID approach as described in
Section 3.1; (2) Data: 1990-2020 Nighttime Light Intensity; (3) Outcome variable is the nighttime light
intensity with Inverse Hyperbolic Sine (IHS) transformation; (4) Treatment is FDB designation: 96 counties
were selected into the FDB list in 2000, while 20 counties were selected into the FDB list in 2010; (5) The
construction of the control group is discussed in Section 3.1; FDB-protected counties and neighboring counties
of FDB-designated and FDB-protected counties are excluded from the control group; (6) All regressions
include county, year, and province-by-year fixed effects; (7) Standard errors are clustered at the county level;
(8) 95% confidence intervals are plotted around point estimates.

In Table 1, we use both the TWFE approach and the Difference-in-Differences (DID)

with synthetic matching weights to estimate the impact of the FDB policy on nighttime

light intensity. In Panel B, we present our main results based on DID approach. Column

(4) of Panel B in Table 1 suggests that, on average, the nighttime light intensity in FDB-

designated counties decreases by 9.4 percent after the policy implementation. Based on

elasticities of GDP with respect to nighttime lights (0.277 in Henderson et al. 2012, 0.296

in Martinez 2022, and 0.312 for China in Martinez 2022), this corresponds to an implied

GDP decline of roughly 2.6-2.9 percent. These results align with hydrological simulations by

Wang et al. (2021), which estimate comparable output losses in FDB-designated counties.

We further demonstrate robustness to alternative control group selections and DID methods

in Online Appendix C.1. Column (4) in Panel B of Table 1 presents a conservative estimate.

Compared with Columns (1) and (3), the magnitude declines once we include province-
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by-year fixed effects, which absorb province-specific time-varying shocks. Because FDB

designations cluster within particular river basins and provinces (e.g., many FDBs located

in Anhui Province are designed to protect downstream areas in Jiangsu Province), province-

by-year dummies may absorb cross-province variation attributable to the policy and yield

more conservative estimates of the policy’s impact.

Table 1: Impacts of FDB Designation on Nighttime Light Intensity

Variables (in IHS) Nighttime Light Intensity

Panel A. Baseline Result (1) (2) (3) (4)

FDB −0.197*** −0.068*** −0.215*** −0.077***
(0.038) (0.029) (0.038) (0.031)

Method TWFE TWFE TWFE TWFE

Variables (in IHS) Nighttime Light Intensity

Panel B. Main Result (1) (2) (3) (4)

FDB −0.154*** −0.083*** −0.172*** −0.094***
(0.023) (0.017) (0.022) (0.019)

Method DID DID DID DID

For All Panels:
Observations 72,943 72,943 65,038 65,038
Sample Period 1990-2020 1990-2020 1990-2020 1990-2020
Fixed Effects

Year Y Y Y Y
County Y Y Y Y
Province × Year N Y N Y

Control Group Baseline Baseline
Neighbor
Excluded

Neighbor
Excluded

Note: (1) ‘TWFE’ represents the traditional two-way fixed effects estimation, while ‘DID’ repre-
sents the difference-in-differences estimation with synthetic matching weights (see Section 3.1 for
detailed discussion); (2) Treatment is FDB designation: 96 counties were selected into the FDB list
in 2000, while 20 counties were selected into the FDB list in 2010; (3) The ‘Baseline’ control group
excludes protected urban areas, while the ‘Neighbor Excluded’ control group further excludes first-
ring neighboring counties that border FDB counties and protected counties (see Section 3.1 for
detailed discussion); (4) Outcome variables are with Inverse Hyperbolic Sine (IHS) transforma-
tion; (5) Standard errors are clustered at the county level; (6) *, **, and *** respectively indicates
significance at the 10%, 5%, and 1% levels.
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Overall, the costs borne by FDB counties are economically substantial. Paradoxically,

this disaster-management policy, which is designed to mitigate flood damage, has generated

economic losses comparable to, or even exceeding, those caused by major hurricanes in the

United States (Strobl 2011; Hsiang and Jina 2014). This burden is particularly striking given

that China as a whole grew at an average annual rate of around 10 percent between 2000 and

2010. During this decade of unprecedented national growth and rapid urbanization, FDB-

designated counties, however, have been prevented from fully sharing in these gains. As these

counties are intrinsically less developed, the FDB policy has further widened the inequality

between urban and rural areas by concentrating the costs of national flood resilience on the

most vulnerable regions.

Proximity-Based Spillover Effect. We next examine whether the FDB policy gen-

erates spillover effects on neighboring counties. During flood detention, diverted waters

may extend beyond county boundaries and inundate nearby areas, creating what we term a

proximity-based spillover effect. We test for this type of spillover for two reasons. First, if

neighboring counties are affected, including them in the control group would bias our esti-

mates, as discussed in Section 3.1. Second, we seek to identify the geographical range over

which spillovers persist. If flood spillovers extend only to immediate neighbors, then we can

safely exclude those counties and still have a valid control group. But if the spillover extends

further, then our control group could be contaminated, because even those counties regarded

as control units are partially affected.
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Figure 5: Proximity-Based Spillover Effects and Robustness with Alternative Control Groups

Note: (1) Panels A and B follow the same DID regression specification as Column (4) of Panel B in Table 1;
(2) ‘FDB Effect’ represents the estimate from Column (4) of Panel B in Table 1; (3) ‘1st Ring’ neighbors share
a border with FDB counties, ‘2nd Ring’ neighbors border the first ring, and ‘3rd Ring’ neighbors border the
second ring; (4) In Panel A, we test the proximity-based spillover effect by estimating the treatment effect of
the FDB policy on neighboring counties of different ring orders; (5) In Panel B, we present robustness checks
of the main analysis by changing the control group to first-, second-, and third-ring neighboring counties,
respectively; (6) ATT of Panel A is reported in Table C5, and ATT of Panel B is reported in Table C1.

In Panel A of Figure 5, we classify counties into “rings” of proximity: first-ring neighbors

share a border with FDB counties, second-ring neighbors border the first ring, and third-ring

neighbors border the second ring. For each ring, we estimate the treatment effect of the FDB

policy on those neighboring counties. The control group excludes FDB-designated counties,

FDB-protected counties, and the corresponding ring(s) under analysis.6

Panel A of Figure 5 shows evidence of the proximity-based spillover effects: the FDB

policy has a negative and statistically significant effect on first-ring neighboring counties.

According to Column (2) of Table C5, nighttime light intensity in first-ring neighboring

counties has decreased by about 5 percent following the policy implementation, which is

roughly half the magnitude of the policy impact on FDB-designated counties. In contrast,

the estimated effects for second- and third-ring neighbors are small and statistically insignifi-

6For example, when examining the impact on first-ring neighboring counties, second- and third-ring
neighbors are excluded from the control group. Similarly, when examining the impact on second-ring neigh-
bors, first- and third-ring neighbors are excluded.
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cant. This pattern indicates that the FDB policy’s adverse effects diminish with distance and

already decays to non-significance for the second ring. Because first-ring neighbors are them-

selves negatively affected, they cannot serve as valid control units. Therefore, in Columns

(2) and (4) of Table 1, we exclude first-ring neighbors from the control group. Table C3

reports the corresponding coefficients of Panel A in Figure 5.

Robustness. As an additional robustness check, we examine how alternative definitions

of the control group affect our estimates. Neighboring counties of FDB-designated counties

may be comparable in geography, natural endowments, and economic structure, and thus

provide a possible counterfactual. We therefore replace the control group in Table 1 with

counties belonging to different neighboring-ring orders. Panel B of Figure 5 reports these

results. The first point estimate reproduces our main result from Column (4) of Panel B in

Table 1, while the second restricts the control group to first-ring neighbors. As anticipated,

the estimated effect becomes smaller. According to Column (2) in Panel B of Table C1, using

first-ring neighboring counties as the control group yields a policy effect of –4.4 percent,

which is roughly half the magnitude of our main estimate. That is because these counties

themselves experience negative spillover effects, as we show in Panel A of Figure 5. When we

instead use second- or third-ring neighbors as the control group, the results remain nearly

identical to the baseline. These findings confirm that our estimates are robust to alternative

control group definitions and that the spillover effects of the FDB policy are spatially limited.

We next assess robustness using alternative difference-in-differences estimators in Figure

C2 and Table C2. While we view our preferred DID estimator with synthetic matching

weights (Arkhangelsky et al., 2021) as best suited to our setting, we also apply the methods

of De Chaisemartin and d’Haultfoeuille (2020), Callaway and Sant’Anna (2021), and Gardner

(2022). Our results are robust across specifications.

Placebo Tests. In Figure C9, we implement three types of placebo tests: in-time, in-

space, and mixed. In the in-time tests, we shift the treatment date forward by several years to

assess whether our results are driven by temporal trends rather than the policy intervention.

Consistent with the event-study analysis in Figure 4, we find no evidence that challenges

the parallel trends assumption. In the in-space tests, we randomly assign treatment to units

that are never treated, which allows us to evaluate robustness against spatial confounding.
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The mixed placebo tests assign treatments to random units at random times. Across all

specifications, the estimated effects are centered around zero, which indicates that the results

are not driven by spurious temporal or spatial correlations.

3.3 Mechanisms

Having quantified the overall impact of the FDB policy on output in designated FDB

counties, we next examine two potential mechanisms, changes in the composition of the

local economy and population dynamics. These represent two key channels through which

economies typically adjust to shocks. The first decade of the 21st century has witnessed rapid

economic growth and structural transformation in China. We therefore investigate whether

FDB counties have been constrained from fully participating in structural transformation and

from shifting toward higher-value economic activities. We also examine population dynamics

to assess whether individuals’ location decisions respond to the FDB policy. Because detailed

data are available only after 2000, our DID analysis focuses on the 2010 policy revision, which

added 20 FDB-designated counties and provides a quasi-experimental setting for identifying

these mechanisms.

Economic Activities

To assess whether FDB counties are hindered in achieving structural transformation from

agriculture to manufacturing, we examine the policy’s impact on output in those sectors.

Panel A of Figure 6 shows that manufacturing output in FDB-designated counties has

declined within five years of the 2010 policy change, with the effect persisting over time and

showing no signs of recovery. In contrast, agricultural output remains largely unaffected by

the policy, as shown in Panel B of Figure 6. Columns (1) and (2) of Panel A in Table 2

report an economically significant decline in manufacturing output, ranging from approxi-

mately 10 to 20 percent across specifications. The effect remains economically large, though

statistically weaker, when province-by-year fixed effects are included. This pattern aligns

with the nighttime light results in Table 1 and confirms that the FDB designation leads to

persistent and negative impacts on the manufacturing sector. Columns (3) and (4) of Panel
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A in Table 2, however, show that the effect of the FDB policy on agricultural output is small

and statistically insignificant. Anecdotal evidence in Online Appendix C.2.1 suggests that

farmers have adapted to the FDB policy by cultivating more flood-resilient crops or relying

on multiple harvests to offset temporary flood-induced losses.7 Overall, these results indicate

that the economic costs of the FDB policy are concentrated in the manufacturing sector and

imply that FDB designation primarily constrains the manufacturing sector.

Given the larger decline observed in manufacturing output, we next examine firm dy-

namics to better understand the mechanisms behind this pattern. Columns (2) and (4) of

Panel B in Table 2 show that FDB designation has significantly reduced new firm entry by

11.5 percent and the number of large manufacturing firms by 14.3 percent. Panels C and

D of Figure 6 display a clear post-treatment downward trend, with no indication of pre-

existing differences before the policy change. These results align with prior evidence that

firms respond to heightened flood risk by changing their location decisions (e.g., Jia et al.

2022). Taken together, the evidence indicates that the FDB policy has led to a decline in

the manufacturing sector in designated counties.

Discussions. While our baseline results attribute the decline in firm activity to the

FDB policy, one potential concern is that other concurrent national or provincial initiatives

could have contributed to similar trends. To strengthen the causal interpretation, we exploit

the 2010 policy adjustment in which a small number of counties were removed from the FDB

list. This policy change provides a useful validation test: if the observed effects indeed stem

from FDB designation rather than from broader economic shocks, then counties removed

from the list should experience opposite effects once the policy constraint is lifted.

Figure C10 reports the dynamic effects of FDB removal on firm activity. Panel A shows

that the number of newly registered firms rises after removal, while Panel B shows a corre-

sponding increase in the number of large manufacturing firms. In both cases, the patterns

mirror those observed for newly designated counties in Table 2, with no visible pre-trends

and persistent post-removal gains. This symmetry provides additional confidence that the

7Due to data limitations, we are unable to apply similar regression specifications to further decompose
why the policy has no significant impact on the agricultural sector or to quantitatively assess farmers’ adap-
tive responses. However, in Online Appendix C.2.1, we present supporting evidence from policy documents
that outline government initiatives encouraging agricultural adaptation in FDB counties, as well as media
reports confirming that farmers have indeed adjusted their production practices in response to the policy.
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declines in manufacturing activity documented earlier are not driven by other contempora-

neous policies, but are a direct consequence of FDB designation itself.

Figure 6: Effects of the Policy on Economic Activities

Note: (1) The figure depicts the event-study coefficients from the DID regression; (2) Data for Panels A-C
are from the county-level statistical yearbook, and data for Panel D are from the National Enterprise Credit
Information Publicity System (NECIPS); (3) Outcome variables are with Inverse Hyperbolic Sine (IHS)
transformation; (4) Treatment is FDB designation in 2010: 20 counties were selected into the FDB list in
2010; (5) The construction of the control group is discussed in Section 3.1; FDB-protected counties and
neighboring counties of FDB-designated and FDB-protected counties are excluded from the control group;
(6) All regressions include county, year, and province-by-year fixed effects; (7) Standard errors are clustered
at the county level; (8) 95% confidence intervals are plotted around point estimates.
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Table 2: Impacts of FDB Designation on Economic Activities

Variables (in IHS) Manufacturing Output Agricultural Output

Panel A. Output (1) (2) (3) (4)

FDB −0.206* −0.100 −0.036 0.024
(0.108) (0.092) (0.047) (0.037)

Observations 38,703 38,703 38,703 38,703

Variables (in IHS) N (Registered Firms) N (Larger Manufacturing Firms)

Panel B. Firm Entry (1) (2) (3) (4)

FDB −0.137*** −0.115*** −0.222*** −0.143*
(0.041) (0.037) (0.081) (0.076)

Observations 52,542 52,542 38,703 38,703

For All Panels:
Sample Period 2000-2020 2000-2020 2000-2020 2000-2020
Fixed Effects

Year Y Y Y Y
County Y Y Y Y
Province × Year N Y N Y

Control Group
Neighbor
Excluded

Neighbor
Excluded

Neighbor
Excluded

Neighbor
Excluded

Note: (1) We use the difference-in-differences estimation (see Section 3.1 for detailed discus-
sion); (2) Treatment is FDB designation in 2010: 20 counties were selected into the FDB list
in 2010; (3) Data of manufacturing output, agricultural output, the number of larger manufac-
turing firms is from the county-level statistical yearbook, and data of the number of registered
firms is from the National Enterprise Credit Information Publicity System (NECIPS); (4) The
‘Neighbor Excluded’ control group excludes FDB-protected counties and first-ring neighboring
counties that border FDB counties and protected counties (see Section 3.1 for detailed discus-
sion); (5) Outcome variables are with Inverse Hyperbolic Sine (IHS) transformation; (6) Stan-
dard errors are clustered at the county level; (7) *, **, and *** respectively indicate significance
at the 10%, 5%, and 1% levels.

Population

A natural hypothesis is that rational individuals would respond to higher flood risk

by leaving FDB counties. To test this, we examine two population-related outcomes: the

number of registered population and the net outmigration ratio. Columns (1) and (2) of
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Table 3 show that FDB designation has no significant effect on the number of registered

residents. This suggests that the number of individuals holding a local Hukou, which is

the formal proof of residency, remains unchanged. However, registered population is not

a perfect measure of migration because individuals may relocate without transferring their

Hukou status.

To capture migration more accurately, we follow Chen et al. (2022b) and construct a

county-level net outmigration ratio using micro Census data from 2000, 2005, 2010, and 2015.

The construction of this proxy is described in Appendix A.2. This measure, commonly used

in the migration literature (e.g., Boustan et al. 2012; Hornbeck and Naidu 2014), reflects the

share of people leaving a county, net of arrivals and deaths, over a given period. A positive

value indicates net population loss, while a negative value implies net inflow. Columns

(3) and (4) of Table 3 show that although the estimated coefficients are positive, they

are statistically insignificant, suggesting that FDB designation does not induce significant

outmigration.

The absence of population movement is consistent with China’s institutional constraints

on mobility. First, China’s land system creates substantial frictions to permanent relocation.

Since the 1980s, the Household Responsibility System has granted rural households land-use

and income rights tied to their place of registration (Adamopoulos et al., 2024). Because

leaving an FDB county typically means forfeiting these rights, rural residents face strong

disincentives to migrate. Second, the government provides only limited financial support

for resettlement. Under the 2017 migration subsidy scheme, FDB residents received roughly

$2,400 per person, which is far below the $8,100 provided under the Relocation for Poverty

Alleviation program, a nationwide initiative designed to support permanent resettlement

of rural populations from environmentally vulnerable areas. This gap suggests that FDB

compensation is designed primarily as a temporary relief measure rather than a tool for

long-term relocation. Survey evidence from the Huai River Regulation Commission further

supports this interpretation: 93% of residents in the Mengwa FDB express dissatisfaction

with the subsidy, and 94% are unhappy with designated relocation sites. Together, limited

financial incentives and strong institutional frictions help explain why few residents move

despite elevated flood risk.
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Table 3: Impacts of 2010 FDB Policy Change on Population

Variables ln(Registered Population) Net Outmigration Ratio (%)

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

FDB −0.020 −0.023 0.070 0.143
(0.047) (0.044) (0.117) (0.118)

Sample Period 2000-2020 2000-2020 2000-2020 2000-2020
Observations 38,703 38,703 4,749 4,749
Fixed Effects

Year Y Y Y Y
County Y Y Y Y
Province × Year N Y N Y

Control Group
Neighbor
Excluded

Neighbor
Excluded

Neighbor
Excluded

Neighbor
Excluded

Note: (1) We use the difference-in-differences approach (see Section 3.1 for de-
tailed discussion); (2) Treatment is a county being selected into the 2010 FDB list:
20 counties were selected into the FDB list in 2010; (3) The ‘Neighbor Excluded’
control group excludes FDB-protected counties and first-ring neighboring coun-
ties that border FDB counties and protected counties (see Section 3.1 for detailed
discussion); (4) Data of ‘Registered Population’ is from the county-level statisti-
cal yearbook, and data of the net outmigration ratio is from individual-level micro
census data and we introduce how we construct the net outmigration ratio in On-
line Appendix A.2.

Summary

Taken together, the evidence highlights a sharp asymmetry between firms and individ-

uals in their responses to FDB designation. On the one hand, firms are mobile and adjust

their location decisions to avoid flood risk in FDB counties. As a result, there are significant

declines in new firm entry and manufacturing output in FDB counties. By contrast, agricul-

ture shows little adjustment and population remains relatively immobile due to migration

frictions. As a result, FDB counties are trapped: people remain in place, but firms and in-

vestment do not. These patterns motivate our model, in which firms rather than households

play the central role in shaping the long-run consequences of the FDB policy.

28



4 Quantification of the General Equilibrium Effect

In Section 3, we find that FDB designation results in sizable declines in local economic

activity, primarily driven by reductions in manufacturing output. In Section D.1, we build

a partial equilibrium model to illustrate the underlying tradeoffs of the policy. Then, we

extend our analysis to the general equilibrium framework to include three forces simultane-

ously: the sacrifice effect, the protection effect, and the market-based spillover effect. Our

reduced form analysis in Section 3 provides evidence of the sacrifice effect borne by FDB-

designated counties. But at the same time, the institutional design of the policy generates

the protection effect for downstream urban centers. It is difficult to isolate this effect solely

using reduced form estimations because important urban cities are treated by various favor-

able policies simultaneously. Beyond these two effects, there is also a market-based spillover

effect : changes in production and prices in both FDB and protected counties transmit to

other regions through trade linkages. To quantify the aggregate impacts of FDB policy

on outputs, in this section, we embed flood-induced productivity shocks and endogenous

manufacturing firm entry into a spatial general equilibrium model.

4.1 Model Setup

Consider an economy with N counties subject to regional flood shocks.

Floods

We assume that at each time t, a flood event st happens, which can be described by a

vector of county-specific flood exposure st = {f1,t, f2,t, . . . , fN,t}. We define S as the set of

all possible flood events st, with each flood event occurring with a probability pr(st).
8

We assume that, in a flood event st, if region n is flooded, the flooding will negatively

affect the productivity of local manufacturing firms. Following Jia et al. (2022), we model

8In theory, the cardinality of the set is 2N . However, many flood events are naturally impossible.
For example, it is unlikely to have floods in regions located in deserts. Therefore, in the calibration and
counterfactual sections, we only consider flood events observed in historical data.
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the flood-contingent productivity zMn (st) as:

zMn (st) = z̄Mn exp(−ϵMfn,t), (1)

where z̄Mn denotes the region-specific productivity during non-flooding times (fn,t = 0), and

ϵM denotes the percentage productivity loss with respect to flood exposure fn,t.

Workers

In each region n, there is a unit mass of hand-to-mouth workers Ln, who are immobile

across regions.9 Workers supply one unit of labor inelastically in the region where they live.

After observing the flood event st, workers choose their consumption on agricultural goods,

Cw,A
n (st), manufacturing goods, Cw,M

n (st), and service goods, Cw,S
n (st), to maximize their

utility, subject to the budget constraint:

max
{Cw,A

n (st),C
w,M
n (st),C

w,S
n (st)}

U(Cw,A
n (st), C

w,M
n (st), C

w,S
n (st)),

s.t. PA
n (st)C

w,A
n (st) + PM

n (st)C
w,M
n (st) + P S

n (st)C
w,S
n (st) = wn(st).

(2)

The utility U(·) takes a Cobb-Douglas form such that U(·) = ξA log(Cw,A
n ) + (1 − ξA −

ξS) log(C
w,M
n ) + ξS log(C

w,S
n ), where ξA is the share of income spent on agricultural goods,

ξS is the share of income spent on service goods, and 1 − ξA − ξS is the share of income

spent on manufacturing goods. wn(st) is the wage rate in region n, and PA
n (st), P

M
n (st), and

P S
n (st) represent the prices of agricultural goods, manufacturing goods, and service goods,

respectively, in region n. All wages wn, prices Pn, and consumptions Cw
n are contingent on

flood event st because, in different flood events, the equilibrium wage, prices, and people’s

optimal consumption could change in response to floods.

9The assumption of abstracting from migratory response of labor is consistent with our empirical evidence
showing no significant migration (Section 3.3). In the extension section we consider a setting where we allow
for migration.
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Capital Owners

During time period t, capital owners in region n maximize their expected life-time dis-

counted utility by deciding how much to invest for the next period, an,t+1, before the realiza-

tion of the flood event st. Hence, the asset position decision is independent of st, reflecting

the fact that investment choices are forward-looking and adjust only to long-term changes

in flood risk, rather than to the realization of a single-period flood event.

Vn(an,t) = max
{Co,A

n (st),C
o,M
n (st),C

o,S
n (st),an,t+1}

EstU(Co,A
n (st), C

o,M
n (st), C

o,S
n (st)) + βVn(an,t+1),

s.t. PA
n (st)C

o,A
n (st) + PM

n (st)C
o,M
n (st) + P S

n (st)C
o,S
n (st) + an,t+1

= [1 + r(st)]an,t + In,tπn(st).

(3)

The income of capital owners comes from two sources. First, they get their return from

the last period investment [1 + r(st)]an,t, where r(st) is the national interest rate. Second,

capital owners obtain all the profits of manufacturing firms In,tπn(st), where In,t is the number

of manufacturing firms and πn(st) is the average profit of manufacturing firms in region n.

After the realization of the flood event st, capital owners optimize their consumption bundles

subject to the budget constraint, and their preferences are identical to those of the workers,

such that U(·) = ξA log(Co,A
n ) + (1− ξA − ξS) log(C

o,M
n ) + ξS log(C

o,S
n ).

Production

In this economy, there are three sectors producing distinct consumption goods: agricul-

ture Y A
n (st), manufacturing Y M

n (st), and services Y S
n (st). The agricultural sector uses labor

lAn (st) as the only input, supplying non-tradable agricultural goods with linear production

technology to the local market. It operates in a perfectly competitive way, so the price of

agricultural goods is determined by the local wage and agricultural productivity. The profit

maximization problem for the agricultural sector during flood event st is given by:

max
{lAn (st)}

PA
n (st)Y

A
n (st)− wn(st)l

A
n (st),

s.t. Y A
n (st) = zAn (st)l

A
n (st).

(4)
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We assume the service sector also supplies non-tradable goods in the local market in a

perfectly competitive way. However, unlike the agricultural sector, the service sectors use

both labor lSn(st) and capital kS
n(st) in a Cobb-Douglas production technology, with the factor

share of labor denoted by α. The maximization problem for the service sector is given by:

max
{lSn(st),kSn(st)}

P S
n (st)Y

S
n (st)− wn(st)l

S
n(st)− rn(st)k

S
n(st),

s.t. Y S
n (st) = zSn (st)l

S
n(st)

αkS
n(st)

1−α.

(5)

The manufacturing sector is the key focus of this paper, and therefore, we model this

sector in greater detail to better capture the mechanisms identified in the empirical results.

Firstly, we describe the demand for manufacturing goods and model consumers in region n as

consuming a variety of manufacturing goods produced by heterogeneous firms from different

regions, using a CES aggregator:

Y M
n (st) =

[ N∑
i=1

Ii,ty
M
in (st)

σ−1
σ

] σ
σ−1

, (6)

where σ measures the elasticity of substitution across manufacturing goods produced by

different firms, yMin (st) is the quantity of manufacturing goods produced in region i and sold

to region n, and Ii,t is the number of manufacturing firms in region i. Denote PM
in (st) as

the price of manufacturing goods produced by region i and sold to region n. Then, one

can easily show that the price index of manufacturing goods sold in region n is PM
n (st) =[∑N

i=1 Ii,tP
M
in (st)

1−σ

] 1
1−σ

.

On the supply side, firms in region n hire labor lMni (st) and capital kM
ni (st) to produce

manufacturing goods yni using a Cobb-Douglas technology with productivity zMn (st). Man-

ufacturing goods can be traded from region n to region i, subject to the iceberg cost dni,

meaning that to ship one unit of goods, firms need to produce dni units. The profit for each

firm in region n is given by:

πn(st) = max
{lMni(st),k

M
ni (st)}Ni=1

N∑
i=1

[
PM
ni (st)y

M
ni (st)− wn(st)l

M
ni (st)− r(st)k

M
ni (st)

]
,

s.t. dniy
M
ni (st) = zMn (st)l

M
ni (st)

αkM
ni (st)

1−α.

(7)
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To operate and earn profit πn(st) at time t, manufacturing firms must first decide whether

to enter the market before the realization of the flood event st. We also assume there is a

probability η that the manufacturing firm will exit the market in the next period. Therefore,

the value of a manufacturing firm in region n, V s
n,t, is the expected profit in period t plus the

discounted value of the firm in the next period, conditional on survival:

V s
n,t = Estπn(st) + β(1− η)V s

n,t+1. (8)

Then the free entry condition requires that the value of manufacturing firms should equal to

the entry cost cfn.

V s
n,t = cfn. (9)

Market Clearing Conditions

There are three sets of market clearing conditions.

1. National capital market: The flood-event-specific interest rate r(st) equalizes the ag-

gregate flood-event-specific capital demands and the aggregate asset holdings:

N∑
n=1

In

N∑
i=1

kM
ni (st) +

N∑
n=1

kS
n(st) =

N∑
n=1

an,t. (10)

2. Local labor markets: The flood-event-specific wage rates wn(st) equalize flood-event-

specific labor demands to labor supply in each region:

lAn (st) +
N∑
i=1

lMni (st) + lSn(st) = Ln. (11)

3. Local final good markets: The final good markets are assumed to be perfectly com-

petitive, so prices PA
n (st), P

M
in (st) and P S

n (st) satisfy that the final good demands and

supplies are equalized in all regions:

LnC
w,A
n (st) + Co,A

n (st) = Y A
n (st), (12)
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LnC
w,S
n (st) + Co,S

n (st) = Y S
n (st), (13)

LnC
w,M
n (st) + Co,M

n (st) =

[
PM
in (st)

PM
n (st)

]σ
yMin (st). (14)

Equilibrium

The spatial general equilibrium consists of capital owners’ asset positions {an,t} and con-

sumption bundles {Co,A
n (st), C

o,M
n (st), C

o,S
n (st)}, workers’ consumption bundles {Cw,A

n (st),

Cw,M
n (st), C

w,S
n (st)}, sector-specific factor demands {lAn (st), lMin (st), lSn(st), kM

in (st), k
S
n(st)}

and outputs {Y A
n (st), y

M
in (st), Y

S
n (st)}, manufacturing firm counts {In,t}, and prices {wn(st),

r(st), P
A
n (st), P

M
in (st), P

S
n (st)}, such that, given the distribution of workers {Ln}

1. Before the realization of flood events st

(i) {an,t} satisfy capital owners’ optimal investment decisions in Equation 3;

(ii) {In,t} satisfy the free entry condition in Equation 9;

2. After the realization of flood event st

(i) {Co,A
n (st), C

o,M
n (st), C

o,S
n (st)} and {Cw,A

n (st), C
w,M
n (st), C

w,S
n (st)} satisfy capital

owners’ and workers’ utility maximization problems in Equation 2 and 3;

(ii) {lAn (st), lMin (st), lSn(st), kM
in (st), k

S
n(st)} and {Y A

n (st), y
M
in (st), Y

S
n (st)} satisfy sec-

tors’ profit maximization problems in Equation 4, 5, and 7;

(iii) {wn(st), r(st), P
A
n (st), P

M
in (st), P

S
n (st)} clear the factor and product markets in

Equation 10 - 14.

4.2 Calibration

In this section, we calibrate our model to match the county-level characteristics of Chinese

counties averaged over the period between 2000 and 2010.
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Externally Calibrated Parameters

Panel A of Table 4 shows parameter values obtained directly from literature and data.

We treat each region as a county, and there are N = 2072 counties in the calibration10.

We standardize labor force L̄ to be 1,000. Following previous literature (Head et al. 2014;

Jia et al. 2022), we set the elasticity of substitution across varieties, σ, as 5. We choose

a discount factor, β, to be 0.95 to generate an aggregate steady-state interest rate of 5%.

We further match the shares of sector-specific consumption with the real data provided by

2000-2010 Chinese NBS. To be specific, the share of agricultural consumption, ξA, is 11.7%,

and the share of service consumption, ξS, is 42.2%. We choose a factor share of capital,

1−α, to be 0.5 for both the manufacturing and service industry. This is consistent with the

national-level sector specific factor share in China, calculated by Chinese input and output

tables and national accounts, sourced from Chinese NBS.

Transportation Cost. The calculation of transportation costs, dni, is based on geodesic

distances τni (in kilometers) between counties n and i. For within-county transportation,

we follow Redding and Venables (2004), Au and Henderson (2006), and Balboni (2025),

and calculate the average distance from evenly distributed points within a circle (with the

same area as the county) to its center, given by 2
3
(area/π)1/2. Transportation costs are then

specified as dni = exp(ϕτni), with the minimum transportation cost being normalized to one.

We set ϕ = 0.362 so that the average implied trade cost in our data matches the calibration

in Egger et al. (2023)11.

Probability of Each Flood Type. Precipitation is a primary determinant of flooding:

extreme rainfall is strongly predictive of flood occurrence, particularly in river basins with

limited storage capacity. Prior work in hydrology and climate science has shown that pre-

cipitation anomalies are reliable predictors of flood risk (e.g., Houze Jr 2012; Hirabayashi

et al. 2013; Kundzewicz et al. 2014). Building on this insight, we estimate flood probabilities

10The total number of counties in China is 2,846. However, to calibrate each county’s local productivity,
we need information about labor and output from county level statistics, which is only available for 2,072
counties during this period. The 2,072 counties account for 97.0% of China’s total GDP, so the missing
counties will have limited impact on our final results.

11Egger et al. (2023) estimate trade costs at the city level using a gravity model based on inter-city trade
flows and travel times. Because our analysis is at the county level, their calibrated trade costs cannot be
directly applied. We therefore follow their calibration logic and adjust ϕ to match their average trade cost
in our setting.
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pr(st) by linking observed flood events to the historical distribution of precipitation.

Specifically, we use county-level precipitation data for the flood season (June–September)

from 1980–1999 to estimate the distribution of rainfall, thereby constructing an empirical

probability density function Pr(Prect). Each year from 2000-2010 is then classified into

one of these precipitation intervals12. Within each interval, we compute the conditional

probability of a flood event, Pr(st | Prect), by dividing evenly across the number of observed

flood years that fall into that range. Finally, by the law of total probability, the unconditional

probability of a flood event is pr(st) = Pr(st | Prect) · Pr(Prect)
13.

Productivity Loss. We estimate the flood-induced productivity loss in the manufac-

turing sector by regressing the log of labor productivity on flood exposure. Reduced form

results suggest that when the average days of flood in a county increases by one day, then

the productivity in manufacturing sector would decrease by 5.9% (Table E2). This estimate

aligns closely with prior evidence from China’s manufacturing sector. Li et al. (2018) find

that production capacity losses from an extreme storm flood in Shanghai amounted to 5.3%

of annual industrial output (about US$23 billion). Likewise, Hu et al. (2019) report that

large flood events have a lagged effect on labor productivity around 5.4%.

Internally Calibrated Parameters

We internally calibrate the remaining parameters {z̄An , ¯zMn , z̄Sn , c
f
n} to match county-level

data. Specifically, we calibrate sectoral productivity {z̄An , ¯zMn , z̄Sn} so that the model re-

produces county-level real outputs in agriculture, manufacturing, and services.14 We then

calibrate county-level firm entry costs cfn to match county-level manufacturing firm counts.

The resulting parameters are reported in Panel B of Table 4.

12This procedure yields probabilities that incorporate both the climatological likelihood of heavy rainfall
and the conditional likelihood of flooding given rainfall levels. We assume precipitation in 2000-2010 is drawn
independently from the same distribution as in 1980-1999, abstracting from potential changes due to climate
change.

13Here, we assume that if flood event st happened in a year with precipitation Prect, then the conditional
probability Pr(st|not Prect) = 0 for any other precipitation scenario.

14We normalize total national GDP and firm counts to 1,000 in the baseline calibration. The calibration
uses the 2006 distribution as the reference year, but the results are unaffected as long as the cross-county
distribution remains stable.
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Table 4: Calibration Targets

Parameter Numbers Value Source/Targeted Moments

Panel A: Exogenously Calibrated Parameters Source:
N - Number of regions 1 2072 Number of counties
σ - Elasticity of substitution across varieties 1 5 Head et al. (2014)
β - Discount factor 1 0.95 Steady-state interest of 5%
ξA - Share of agricultural consumption 1 0.117 Chinese National Bureau of Statistics
ξS - Share of service consumption 1 0.422 Chinese National Bureau of Statistics
pr(st) - Flooding event probability 11 0.09(0.04) Precipitation and flood event (2000-2010)
dni - Transportation costs N2 1.57(0.41) Geodesic distances
α - Factor share of labor 1 0.5 Factor shares of different sectors
η - Exit Rate of Firms 1 0.05 Standard Calibration
ϵM - Flood-induced productivity loss 1 -0.059 Estimation (Table E2)

Panel B: Internally Calibrated Parameters Targeted Moments:

z̄An - County-level agriculture productivity N 0.52(0.52) County-level agriculture outputs
¯zMn - County-level manufacturing productivity N 0.15(0.11) County-level manufacturing outputs

z̄Sn - County-level service productivity N 0.09(0.11) County-level service outputs

cfn - Firm entry cost N 33.08(73.65) County-level manufacturing firm counts

Note: for flooding event probability, transportation costs, internally calibrated productivity and firm entry cost, the
value in the table indicates the average value across all regions, and the standard error is in the parenthesis.

Model Fit

To evaluate the model’s ability to replicate observed patterns, we compare its simulated

outcomes with actual data. For the manufacturing sector, we first examine county-level

fixed assets. Figure 7 shows data points clustered around the 45-degree line, suggesting

that the model aligns well with the empirical distribution. A regression of model-generated

values on the actual data in Table E3 yields a coefficient of 0.804 and an R2 of 0.718. We

conduct a similar exercise for the number of manufacturing workers and again find a close

correspondence: the regression in Table E3 reports a coefficient of 1.292 with an R2 of 0.678.
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Figure 7: Model Fit

Note: The capital and worker variables measure average values across all years, both in the data and in the
model. Both variables have been normalized so that aggregate capital and aggregate workers equal 1. The
figure plots the log values of these normalized variables. Each emerald dot represents one county, and the
gray line indicates the 45-degree line.

4.3 Simulation and Counterfactual Practices

In this section, we evaluate how economic outcomes would differ under alternative sce-

narios. We begin by asking what output would have been in the absence of the FDB policy,

which allows us to benchmark its overall impact. We then relax the migration constraint by

considering a setting without the Hukou system, shedding light on the role of labor mobility

in shaping regional adjustment. Finally, we examine how future climate change scenarios

might alter the policy’s consequences. Together, these exercises provide insight into both the

historical importance of the FDB program and its implications under changing institutional

and environmental conditions.

Net Output Change from FDB Policy

To quantify output in a scenario where FDB-designated counties no longer protect down-

stream urban areas, we proceed in two steps (Table E1 provides a road map of how we con-

struct the counterfactual scenario). First, we construct counterfactual flood exposure across

counties by redistributing water that would otherwise be detained.15 Empirically, we find

that FDB-designated counties experience about 45% higher flood exposure after the imple-

15See Online Appendix B.4 for details of the hydrological simulations and econometric estimates under-
lying this redistribution.
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mentation of the policy (see Online Appendix B.3). In the counterfactual scenario without

the FDB system, we therefore reallocate this 45% of floodwater from each FDB county to the

counties it protects, distributing the inflow evenly across protected counties.16 This proce-

dure yields a set of counterfactual flood events, S ′ = {s′1, s′2, . . . , s′J}. In the second step, we

map these counterfactual exposures into manufacturing outcomes: since flood exposure re-

duces productivity, lower exposure in FDB-designated counties increases their output, while

higher exposure in protected counties reduces theirs. This allows us to quantify aggregate

output in the absence of the FDB policy.17

In Figure 9, we compare simulated output under the actual FDB policy with the counter-

factual output without the policy, respectively for FDB-designated counties, FDB-protected

counties, and all other counties as defined in Section 3. These comparisons capture the total

impact of the policy in each group, combining both its direct effect and the general equilib-

rium effect transmitted through trade and capital markets. Panel A reports average output

per county, while Panel B aggregates total output across counties within each group.

For FDB-designated counties, the policy reduces average output per county from 0.346

to 0.343 (-0.87%). While this decline reflects the sacrifice effect emphasized in Section 3.2, it

also incorporates business stealing as protected urban areas gain from enhanced protection.

For FDB-protected counties, output per county rises from 1.933 to 1.984 (+2.57%), driven

by the protection effect – lower local flood exposure – together with additional agglomera-

tion effects through increasing return to scale and love-of-variety preferences. For all other

counties, average output falls slightly by 0.21%. This small decline reflects a market-based

spillover effects, primarily business stealing transmitted through goods and capital markets,

though the magnitude is modest. Taken together, Panel B of Figure 9 shows that total out-

put across all counties increases from 997.70 to 1000.00, a net gain of 0.24% as a result of the

FDB policy. Using China’s 2010 GDP (6.19 trillion USD) as a reference, this corresponds to

16Alternative allocation rules, such as distributing water proportional to county size or population, yield
quantitatively similar results. Moreover, this redistribution approach is consistent with both observed pat-
terns in the hydrological data and the stated policy design. This method also maintains the empirical
intuition that FDB-designated counties remain naturally more flood-prone even after redistribution. Our
main results are robust to varying the redistribution rate.

17Please note that, in the following analysis, we focus specifically on output as our key result, which is
measured as the absolute value averaged over the period between 2000 and 2010, with the national aggregate
standardized to 1,000.
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an output gain of roughly 15 billion USD.

These results highlight several important insights. First, the aggregate gain of 0.24%

indicates that the FDB policy does generate a net positive effect on output by redistributing

flood risk and limiting damage in urban centers. Yet the benefits are highly uneven. The

largest gains accrue to FDB-protected counties, where output rises by 2.67%, reinforcing

the advantages of already more developed urban regions. By contrast, FDB-designated

counties bear output losses, and other counties outside the system experience only small

negative spillovers, leaving them without meaningful gains. In practice, this means that

the aggregate improvement comes almost entirely from urban areas, amplifying existing

disparities between protected cities and vulnerable rural regions. This outcome is consistent

with China’s broader development strategy in the early 2000s, which prioritized safeguarding

urban centers during rapid urbanization, even at the cost of widening urban-rural inequality.

(a) Output per County (b) Total Output

Figure 8: Output of FDB-designated, FDB-protected, and Other Counties in Actual and
Counterfactual Scenarios

Note: The maroon bars represent the counterfactual scenario without the FDB policy, while the emerald bars
represent the simulated outcomes under the actual implementation of the FDB policy. Output is calculated
separately for FDB-designated counties, FDB-protected counties, and other counties.

Relaxing the Migration Constraint

Migration is a potentially important adjustment channel in the presence of natural disas-

ter shocks, as it allows individuals to move away from high-risk areas and reallocate toward

regions with better economic opportunities. We then examine how limited mobility shapes
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the distributional and aggregate effects of the FDB policy, and how relaxing these constraints

might enhance its economic benefits.18

First, we examine full mobility, where residents face no migration restrictions. To im-

plement this, we follow Artuç et al. (2010) and Balboni (2025) and incorporate a dynamic

migration decision into the workers’ problem.19 Specifically, the workers’ Bellman equation

can be described by:

vwn = max
{CA

n (st),CM
n (st),CS

n (st),n′∈N}
EstU(Cw,A

n (st), C
w,M
n (st), C

w,S
n (st)) + {βvwn′ +Bn′ + bn′,t}, (15)

where Bn denotes the amenity of county n, and bn,t denotes the idiosyncratic preference

shocks that are assumed to follow a Gumbel distribution with parameters (−γυ, υ). Taking

expectation with respect to bn,t yields the following expression:

V w
n = max

{CA
n (st),CM

n (st),CS
n (st)}

EstU(Cw,A
n (st), C

w,M
n (st), C

w,S
n (st)) + υ log

∑
n′∈N

[exp(βV w
n′ +Bn′)

1
υ ].

(16)

We use the pre-FDB population distribution to calibrate implied amenities {Bn}. Holding

these amenities fixed, we then simulate the full equilibrium by feeding the FDB-induced flood

damage redistribution to the economy, allowing workers to adjust their migration decisions.

Figure E2 shows that under free migration, population in FDB-designated counties falls

by 1.63 percent, population in protected counties rises by 15.20 percent, and population in

other regions declines slightly by 1.31 percent. Residents leave flood-prone FDB-designated

counties for protected urban areas with better economic opportunities, and agglomeration

forces further attract workers in other counties into these FDB-protected urban centers.

This reallocation substantially magnifies the aggregate gains of the FDB policy. Total

output rises from 997.70 in the no-FDB, no-migration baseline to 1023.96 under free migra-

tion, a 2.63 percent increase. Using China’s 2010 GDP as a benchmark, this corresponds

18In practice, however, Table 3 shows little evidence of actual migration in response to FDB designation.
This reflects institutional frictions: residents of FDB-designated counties face strict restrictions on mobility,
as the government neither permits free out-migration under the Hukou system nor provides strong incentives
for relocation. To evaluate the potential role of migration absent these frictions, we conduct counterfactual
exercises that relax the constraint in this section.

19Here, we assume the workers make their migration decisions before the realization of the flood event st
to capture the idea that direct floods have limited long-run impacts on the economy (Jia et al., 2022).
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to an output gain of roughly 163 billion USD, and it is over ten times larger than the 15

billion USD gain under baseline. These results highlight how complementary policy bun-

dles can generate multiplier effects, but also reveal how the Hukou system sharply limits

the effectiveness of the FDB policy. At the same time, free mobility exacerbates existing

inequalities. Rural FDB-designated counties lose population as residents relocate to safe ur-

ban protected counties. Agglomeration forces further reinforce this divergence, as protected

counties attract both migrants from FDBs and workers from other regions. As a result,

the average output of FDB-protected counties becomes 6.39 times that of FDB-designated

counties under free migration, compared to 4.78 times larger in the baseline scenario with

migration frictions.

Second, recognizing that full mobility is not always a feasible policy option, we consider

partial mobility following Tombe and Zhu (2019) who find that around 12% of the population

is able to move despite institutional frictions. Figure E2 reports the resulting population

distribution and implications for output distribution. As expected, the aggregate effects lie

between the extremes of no migration and full migration. Specifically, total output increases

by 0.61% (approximately 37 billion USD), doubling the gain in the baseline with migration

frictions. In this scenario, the average output of FDB-protected counties is 4.97 times that

of FDB-designated counties, compared to 4.78 in the baseline. Taken together, these results

suggest that even partial relaxation of mobility constraints can substantially amplify the

aggregate benefits of the FDB policy, though at the cost of greater rural-urban inequality.
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(a) Average Output per County (b) Total Output

Figure 9: Output of FDB-designated, FDB-protected, and Other Counties in Free Migration
and Limited Migration Scenarios

Note: The maroon bars represent the counterfactual scenario without the FDB policy, while the emerald bars
represent the simulated outcomes under the actual implementation of the FDB policy. Output is calculated
separately for FDB countries, FDB-protected counties, and other counties.

Future Climate Change

In the face of climate change, future flood risk and flood damage are expected to rise

substantially relative to current levels. To examine this, we scale our model’s flood damage

(measured by the flood exposure) using projections from the World Resources Institute’s

Aqueduct Floods20, which reports annual expected urban damage as a percentage of urban

asset value. For 2030, 2050, and 2080, we compute the ratio of expected damage relative

to the 2010 baseline and apply this ratio to rescale our flood exposure parameters. The

results show that the output gains from the FDB policy increase as flood risk intensifies:

without the policy, total output is 1000.55 under the mild-risk 2030 scenario, 992.18 under

the medium-risk 2050 scenario, and 968.27 under the severe-risk 2080 scenario; with the

policy in place, output rises by 0.41%, 0.49%, and 1.24%, respectively. The implied gains

grow with risk severity, indicating that the effectiveness of the FDB policy is magnified in

higher-risk environments and underscoring its role in strengthening economic resilience under

climate change.

20https://www.wri.org/applications/aqueduct/floods/, which reports that the percentage of annual
expected urban damage is 0.22% in 2010, 0.23% in 2030, 0.37% in 2050, and 0.81% in 2080.
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Discussions

We next turn to the question of whether the FDB policy is optimally designed. How-

ever, such optimization is not feasible at this stage due to our constraints in hydrological

knowledge. An economically optimal design may not be geographically or hydrologically

viable. For instance, assigning an inland county far from major rivers as an FDB area would

be implausible. And simulating where water would go in the absence of FDBs requires

substantial hydrological knowledge. Despite these challenges, assessing policy optimality

remains important. We adopt a second-best approach to evaluate whether the government

has over-protected urban centers by designating an excessive number of FDB-designated

counties.

First, we rank FDB-designated counties by their exposure-standardized productivity.

Second, we progressively remove higher-productivity counties from the FDB list and compute

total output in each counterfactual scenario. Third, we measure the relative contribution of

each productivity group by comparing its counterfactual output with the actual case. Figure

E3 presents the net output gains from successively adding counties of higher productivity.

While total output increases monotonically with the inclusion of more counties, the marginal

contributions decline sharply at the upper end of the productivity distribution. Counties in

the 10–40% productivity range contribute over 25% to net output gains, whereas those in the

top 20% contribute little—0–3%. These results suggest that, although expanding the FDB

list does not reduce total output, the additional benefits from including high-productivity

counties are minimal. It implies that the government may be over-protecting urban areas by

designating too many FDB-designated counties and excluding higher-productivity counties

from the FDB list would yield negligible output losses.

5 Conclusion

Flood disasters, especially common in developing countries like China, India and Bangladesh,

have profound impacts on the overall economy. In China, one approach to mitigating severe

river floods is the construction of Flood Detention Basins (FDBs). Strategically located

in low-lying areas, FDBs are designed to temporarily hold excess floodwaters, thereby pro-
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tecting downstream regions but also increasing flood risk for those within the designated

basins. While this policy may increase economic resilience against floods, it requires a closer

examination of the economic costs and its uneven distributional impacts.

The Chinese government states that residents living in FDB-designated counties have

made substantial sacrifices for the greater good. Our study quantitatively examines the

economic costs and output gains of the FDB policy. We find that although the policy has

improved the economic resilience to floods, it has also induced economic inequality between

FDB-designated counties and their non-FDB counterparts. Firstly, our empirical results

show that FDB-designated counties experience persistent negative policy effects on their

economic development. On average, nighttime light intensity in FDB-designated counties

declines by roughly 10 percent annually over the long term. Secondly, in studying the

mechanism, we find that firms have fewer incentives to enter and invest in FDB-designated

counties due to their increased flood risk. Thirdly, our general equilibrium model shows that

the FDB policy has yielded an overall increase in net output, though at the cost of widening

inequality between FDB and protected urban areas.

Our research has two major policy implications. First, our research highlights a critical

insufficiency in the Chinese government’s compensation for FDB-designated counties. Since

2000, many counties have started to absorb floodwaters, thereby protecting other regions

from flood damage. The compensation, however, focuses solely on compensating direct flood

losses, such as damage to agricultural crops. Our findings suggest that this compensation

falls markedly short of addressing the total economic costs induced by the FDB policy. The

substantial long-term economic costs have not been adequately compensated by the Chinese

government.

Second, the findings of our study on China’s Flood Detention Basin (FDB) policy offer

insights for other nations considering similar flood risk management strategies. The evidence

suggests that while such policies can provide broader regional protection from floods, they

may come with significant long-term economic costs for areas designated to absorb more

flood risk. For countries considering the adoption of similar policies, it is crucial to recognize

the potential for creating economic inequalities and to weigh these against the intended

benefits of reducing overall flood damage. Policymakers should ensure that compensatory
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mechanisms are in place to support regions that take more damage. In sum, while such

policies can be an effective component of a comprehensive flood risk management strategy,

they should be implemented with careful consideration of the trade-off between equality and

efficiency.
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Online Appendix

A Supplementary Materials of Data

A.1 Data about Floods

To measure floods, we use the Global Flood Database (GFD) by Tellman et al. (2021),

which is a comprehensive dataset offering high-resolution data on flood events worldwide

from 2000 to 2018. Using satellite imagery and machine learning, it captures over 900 flood

events with a spatial resolution of 30 meters, allowing for detailed analysis of flood exposure

and impacts at localized levels. For China, it documents a total of 189 flood events within

China. Given GFD offers satellite maps that record flood events for every county (see Figure

A1), we collect data regarding the length of flooding experienced by each pixel (30m × 30m).

Additionally, the database allows us to identify whether a pixel includes permanent water

bodies, which “are consistently identified with the presence of surface water for the majority

of observations in 2000-2018 at 30 meter resolution which was resampled to 250m resolution

in Google Earth Engine using nearest neighbor resampling.”, according to GFD. We then

construct three county-level proxies of flood exposures.

Figure A1: An Illustrative Example of Global Flood Database

Note: Blue areas indicate permanent water bodies, while red areas represent flooded regions. The intensity

of the red color reflects the degree of flood inundation.
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Size of Flood Inundation (total size of inundation in a flood event in a county)

Size of Inundationift =
∑
j∈Ai

I(Flood Durationjft) > 0

whereAi represents pixels that have not contained permanent water in county i, Flood Durationjft

indicates the flood duration in a non-permanent water pixel j in flood event f at time t.

Flood Duration (total flood duration experienced by all non-permanent water pixels in a

flood event in a county)

Total Flood Durationift =
∑
j∈Ai

Flood Durationjft

Size-Adjusted Flood Exposure (average flood duration of each non-permanent water pixel

in a flood event in a county)

First, we identify all the pixels within a county that are not occupied by permanent

water bodies. Next, we look at every flood event individually, adding together the duration

of flooding for each non-permanent water pixel to get the county’s total flood duration for

each flood event. Finally, to proxy flood risk of each county, we divide the county’s flood

duration by the count of non-permanent water pixels. We believe that this index provides a

nuanced quantification of flood risk, adjusted for the spatial extent of the county’s land area

susceptible to flooding.

Following this thought, we define the size-adjusted flood duration as

AdjustedF loodExposureift =

∑
j∈Ai

FloodDurationfjt

|Ai|

where AdjustedF loodExposureift indicates the size-adjusted flood exposure at flood

event f that happened at time t. Ai represents pixels that have not contained perma-

nent water in county i. FloodDurationfjt is the number of flooded days experienced by

non-permanent water pixel j at the flood event f of time t. It will be 0 if the non-permanent

water pixel has not been flooded at the flood event. And it will take a positive value if that

non-permanent water pixel has been flooded at the flood event. Here, we define a pixel as a
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flood-pixel at a flood event f if that pixel: (i) has not contained permanent water previously,

which means j ∈ Ai; (ii) but has been marked as flooded by Global Flood Database in the

flood event f of time t. Hence,
∑

j∈Ai
FloodDurationfjt measures the total sum of flood

duration experienced by non-permanent water pixels in county i at flood event f of time t.

By dividing this sum by total number of non-permanent water pixels |Ai|, we adjust the total

sum of flood duration by the size of non-permanent water in county i. Panel B of Figure

1 demonstrates that size-adjusted flood exposure is higher in FDB counties. From 2000 to

2018, FDB counties consistently experience higher levels of flood exposure. Notably, the

peaks in the graph around 2003, 2006, 2010, and 2014 highlight periods where FDB counties

face substantially increased flood risk, due to flood water detention.

A.2 Data about Population

We follow the approach by Chen et al. (2022b) to construct the county-level net outmi-

gration ratio that we use in Section 3.3. In the work of Chen et al. (2022b), they distinguish

two types of migrants in China: those who migrate to an new county but do not possess

the local household registration (floating migrants), and those who migrate and possess the

local household registration (registered migrants). In our paper, we only construct the float-

ing migrants. We then use 1%, 20%, 3.30%, and 1% individual-level data randomly drawn

from the 2000, 2005, 2010, and 2015 census, respectively. We calculate the net outmigration

ration following the equation below:

NetOutmig[15,60]ct =
Pop[15,60]ct − Pop[20,65]c,t+5

− D̂[15,60]c,t

Pop[15,60]c,t

× 100

where NetOutmigc,t represents the net-outmigration ratio for individuals aged [15, 60]

over the five-year period starting from year t in county c; Pop[15,60]c,t denotes the total

population aged [15, 60] in county c at the beginning of the five-year interval that begins in

year t, while Pop[20,65]c,t+5
refers to the population of the same cohort five years later, and

D̂[15,60]c,t provides an approximation of deaths in that population during the five-year period.

Additionally, we adopt the method from Chen et al. (2022b) to approximate the death count

for each county.
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B Supplementary Materials of Research Background

in Section 2

B.1 Supplementary Materials of the FDB Policy

Figure B1: Before and After Flood Detention in an FDB County

Table B1: Flood Detention Basins in the Main River Basins of China (2000)

River Basin Number of FDBs Affected Population Total Area Storage Capacity
(million) (km2) (billion m3)

Yangtze 40 6.12 11,959 63.6
Yellow 5 3.18 5,212 12.9
Hai 26 4.40 9,597 17.2
Huai 26 1.61 3,674 14.1

Total 97 15.3 30,443 107.7
% of China 1.1% 0.3%

Note: (1) This table reports the number of FDBs, affected population, total FDB areas,
and the storage capacity of FDBs in 2003; (2) ‘% of China’ refers to the percentage of
affected population to the whole population in China and the percentage of total area to
the total area of China.
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Table B2: Number of FDBs under 2000 and 2010 Policy

FDBs Located in:

Rivers N(FDBs) N(Provinces) N(Municipalities*) N(Cities) N(Counties)

2000 Policy
Yangtze 40 4 0 10 28
Hai 26 3 2 11 37
Huai 26 2 0 9 19
Yellow 5 2 0 6 12
Total 97 8 2 36 96

2010 Policy
Yangtze 44 5 0 11 31
Hai 28 3 2 11 39
Huai 21 3 0 14 24
Yellow 2 2 0 5 8
Songhua 2 1 0 2 3
Zhu 1 1 0 1 1
Total 98 11 2 44 106
∆(2010-2000 ) 1 3 0 8 10

Note: (1) The term ‘2000 Policy’ refers to the National Flood Control Law implemented by
China’s Ministry of Water Resources in 2000, and ‘2010 Policy’ to its subsequent update in
2010; (2) The ‘Total’ number might differ from the simple sum because some basins span
multiple provinces, cities, and counties; (3) The term ‘Municipalities*’ denotes municipal-
ities directly governed by China’s Central Government, specifically Beijing and Tianjin in
this study; (4) Under the 2000 Policy, provinces designated as Flood Detention Basin (FDB)
regions included Hunan, Hubei, Anhui, Henan, Hebei, Shandong, Jiangxi, and Jiangsu. The
2010 Policy expanded this list to include Heilongjiang, Jilin, and Guangdong.
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Figure B2: Flood Detention Basins in 2000 (Original Policy Document)
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Figure B3: Flood Detention Basins in 2010 (Original Policy Document)
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Figure B4: Flood Detention Basins in 2010 (Original Policy Document), continued

B.2 FDB Selection Criteria

According to the Chinese government, FDBs are located in low-lying lands that are hy-

drologically feasible to collect flood water. Table B3 presents summary statistics comparing

FDB counties, protected counties, and other counties. FDB counties are, on average, located

at substantially lower elevations and have gentler slopes than other counties. In contrast,

nighttime light intensity in 1999 is similar between FDB and protected counties and moder-

ately higher than in other counties.
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Table B3: Descriptive Statistics of FDB-Designated, FDB-Protected, and Other Counties

Types of Counties:

FDB-Designated FDB-Protected Others
(in logarithm) (1) (2) (3)

Economic Characteristics:
1999 Nighttime Light 13.359 13.369 12.510

(0.808) (0.801) (1.299)
2000 Population 6.281 7.303 5.319

(0.555) (1.145) (1.693)
2000 N(Firms) 6.484 7.336 6.532

(1.608) (1.556) (1.661)
2000 N(Larger Manufacturing Firms) 3.734 4.266 3.262

(0.756) (0.841) (1.033)

Geographical Characteristics:
Elevation 3.396 3.641 5.785

(0.793) (1.067) (1.597)

Slope 1.748 1.865 2.428
(0.267) (0.368) (0.545)

Observations 97 131 2,612

Note: (1) Means are reported with standard deviations in parentheses. All variables are
in natural logarithms; (2) Nighttime light intensity data is from Chen et al. (2022a), pop-
ulation, number of firms, and number of larger manufacturing firms data is from the 2000
county-level statistical yearbook, geographical data is from the NASA ASTER Global
Digital Elevation Model (GDEM).

To formally examine these patterns, we estimate the following cross-sectional linear prob-

ability model:

FDBic = α+ β1Elevationic + β2Slopeic + β3Light
95−00
ic + γc + ϵic

where FDBic is a dummy variable that equals 1 if the county i in city c is designated as

an FDB county in 2000, and 0 otherwise. Elevationic and Slopeic represents the elevation

and slope of county i, respectively. Light95−00
ic measures the 1995-2000 average nighttime

light intensity of county i. γc refers to the city fixed effects. Standard errors are clustered

at the county level. The regression results in Table B4 confirm that elevation is a strong

predictor of FDB designation: counties with higher elevation are significantly less likely to

be chosen as FDBs, even after controlling for slope, light intensity, and city fixed effects.
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In contrast, slope and nighttime light intensity are not statistically significant predictors.

The empirical results confirm that hydrological suitability is the primary criterion in FDB

designation decisions.

Table B4: FDB Selection Criteria: Linear Probability Model

Variables Selection into 2000 FDB List

(in logarithm) (1) (2) (3)

Elevation −0.071*** −0.075*** −0.075***
(0.013) (0.019) (0.019)

Slope 0.011 0.010
(0.029) (0.030)

95-00 Average Light −0.002
(0.004)

N(obs) 1,873 1,873 1,873

Fixed Effects
City Y Y Y

Note: (1) The dependent variable is a dummy FDBic that equals 1 if the county
i in city c has been designated to host a Flood Detention Basin in 2000, and
equals 0 if not; (2) Standard errors are clustered at the city level; (3) *, **, and
*** respectively indicates 10%, 5%, and 1% significance level.

B.3 FDB Policy and Flood Redistribution

Panel B of Figure 1 straightforwardly demonstrates that the size-adjusted flood exposure

is much higher in FDB counties, compared to non-FDB counties. We then use the following

specification to determine whether the flood exposure in FDB counties is significantly higher

than FDB-Protected and other counties.

ln(Exposureijt) = α+ β1FDBijt + β2Xijt + γj + θt + ϵi

where ln(Exposureijt) is the proxy of flood exposure in county i, city j, at year t. In

our setting, we use two proxies to investigate the impact of FDB policy on flood exposure.

The first proxy is the size of inundation area. And the second one is the size-adjusted flood

exposure (detailed explanation can be found in Section A.1), which measures the average
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days of flood inundation of a county in a flood event. FDBijt is a dummy that equals 1 if the

county i is a FDB county, and 0 if not. γj represents the city fixed effect, and θt represents

time fixed effect. ϵi is the standard error that is clustered at city level. Xijt contains

geographical controls (precipitation, elevation and slope), which are important determinants

of floods. β1 then measures whether FDB counties have a higher flood exposure than other

counties in a given city, holding geographical factors constant.

Table B5: FDB and Flood Risk Redistribution

Variables (in IHS) Number of Flooded Pixels

Panel A. Flood Size (1) (2) (3) (4)

FDB 0.583*** 0.530*** 0.460*** 0.460***
(0.096) (0.093) (0.116) (0.116)

Observations 47,367 47,367 4,674 4,674

Variables (in IHS) Number of Flooded Days

Panel B. Flood Exposure (1) (2) (3) (4)

FDB 0.049*** 0.043*** 0.025* 0.025*
(0.011) (0.010) (0.013) (0.013)

Observations 47,367 47,367 4,674 4,674

For All Panels:
Sample Period 2000-2020 2000-2020 2000-2020 2000-2020
Sample All All FDB+Protected FDB+Protected
Controls N Y N Y
Fixed Effects

Year Y Y Y Y
City Y Y Y Y

Note: (1) We introduce how we measure flood size and flood exposure in Section A.1; (2) ‘All’ rep-
resents that our samples include all types of counties, while ‘FDB+Protected’ represents that our
sample only includes FDB-designated and FDB-protected counties; (3) controls include precipita-
tion, elevation, and slope; (4) ‘FDB’ is a dummy variable that equals one if the county is an FDB-
designated county; (5) Since flood data are unavailable before 2000, we cannot employ a difference-
in-differences approach to estimate the impact of the 2000 FDB implementation on flood exposure.
Instead, this table presents a cross-sectional comparison of flood size and exposure between FDB-
designated counties and other counties within the same city.
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As indicated in Column (1) and (2) of Panel A in Table B5, we find that after controlling

for important geographical controls, the size of flood inundation area in FDB counties is more

than 50% higher in FDB counties than other counties in the same city. Column (1) and (2)

of Panel B also suggest that the size-adjusted flood exposure is around 2.5-4.9% higher in

FDB counties, compared to other counties in the same city. This empirical evidence supports

the claim that FDB policy induces flood risk redistribution across different regions. In other

words, FDB counties tend to absorb more flood water according to the policy design.

B.4 Hydrological Analysis based on Hydro-Dynamic Model

According to a hydro-logical research by Mingkai and Kai 2017, “inundated farmland

in the downstream would be increased to 2530 hectares, with an increased area of 1340

hectares more than the use of the Mengwa Detention Basin.” To rigorously quantify the

level of floodwater redistribution, we incorporate an interdisciplinary approach and employ

a hydro-dynamic engineering model developed under the supervision of the Danish Hydraulic

Institute (DHI) to measure the flood exposure redistribution rate during a real flood event.

The hydro-dynamic model is a sophisticated tool used for simulating water flow, particularly

in river basins and floodplain areas. It accounts for variables such as topography, water

velocity, flow rates, and human interventions, making it highly suitable for assessing the

impacts of floodwater management policies like the Flood Detention Basin (FDB) policy.

We specifically choose Wuhan for this analysis because of its economic importance, and its

size is comparable to that of the FDB counties. This makes it easier to translate the flood

protection benefits observed in Wuhan to the flood water absorbed by the FDB regions.

The process of implementing the model consists of several key steps. First, we collect

high-resolution geographical shape data, river runoff data, and detailed policy information

on floodwater diversion. These inputs are essential to build an accurate representation of

the river system and floodplain in question, including the areas designated as FDB zones.

The geographical data defines the physical characteristics of the region, while the runoff data

provides insight into how much water the rivers and floodplains can handle during heavy

rainfall or extreme flood events. The FDB policy details, on the other hand, establish the

parameters of water diversion in our model. Next, we calibrate the model using histori-
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cal flood data to ensure its accuracy. This involves adjusting model parameters until the

simulated outcomes closely match the observed data from past flood events. Calibration is

a crucial step because it ensures that the model is reliable and that its predictions reflect

real-world conditions. By checking the consistency of model predictions with actual flood

patterns, we validate the model’s capacity to predict the effects of floodwater redistribution

accurately. After calibration, we simulate a counterfactual scenario where the floodwater are

not diverted to the FDB areas. This simulation allows us to assess what would happen in

the absence of the flood diversion policy. The model predicts how floodwater would behave

if allowed to flow freely without the designated intervention, providing us with a comparison

between the actual and hypothetical scenarios. Finally, we compare the size of the inunda-

tion area in Wuhan City between the actual scenario, where floodwater are diverted into the

FDB regions, and the counterfactual scenario without diversion. As shown in Figure B5, the

inundation area in Wuhan, an important city intended to be protected by the FDB policy,

increases by 45% in the absence of floodwater diversion.

(a) Actual Case: with FDB (b) Counterfactual Case: without FDB

Figure B5: Inundation Map in Wuhan City (Actual v.s. Counterfactual)

Note: (1) The map is drawn using MIKE hydrological modelling software launched by Danish Hydraulic

Institute (DHI); (2) Model: hydro-dynamic model; (3) We select Wuhan city because this city is a major

protected city by FDBs in Yangtze Rivers.
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C Supplementary Materials of Cost Estimation in Sec-

tion 3

C.1 Robustness Check

Figure C1: Robustness Check of Figure 4
(FE: County FE and Year FE)

Note: (1) This figure serves as a robustness check of Figure 4, re-estimating the difference-in-differences

model with only county and year fixed effects included (see Section 3.1 for details); (2) All other details

remain the same as in Figure 4.
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(a) Panel A: FE - County FE and Year FE

(b) Panel B: FE - County FE, Year FE, and Province by Year FE

Figure C2: Robustness Check of Figure 4
(Alternative DID Approaches)

Note: (1) This figure serves as a robustness check of Figure 4, re-estimating the difference-in-differences

model using alternative DID approaches; (2) ‘C&D’ refers to the two-way fixed effects estimators with

heterogeneous treatment effects proposed by De Chaisemartin and d’Haultfoeuille (2020), ‘Gardner’ refers

to the two-stage DID approach by Gardner (2022), ‘C&S’ refers to the DID with multiple time periods by

Callaway and Sant’Anna (2021); (3) Panel A includes county FE and year FE, Panel B includes county FE,

year FE, and province by year FE; (4) All other details remain the same as in Figure 4.
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Figure C3: Robustness Check of Figure 5
(FE: County FE and Year FE)

Note: (1) This figure serves as a robustness check of Figure 5, re-estimating the difference-in-differences

model with only county and year fixed effects included (see Section 3.1 for details); (2) ATT is reported in

Table C1; (3) All other details remain the same as in Figure 5.

Figure C4: Robustness Check of Figure 6
(FE: County FE and Year FE)

Note: (1) This figure serves as a robustness check of Figure 6, re-estimating the difference-in-differences

model with only county and year fixed effects included (see Section 3.1 for details); (2) All other details

remain the same as in Figure 6.
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Table C1: Robustness Check of Table 1 (Changing Control Group)

Variables (in IHS) Nighttime Light Intensity

Panel A. Method - TWFE (1) (2) (3) (4) (5) (6)

FDB -0.148*** -0.077** -0.185*** -0.107*** -0.119*** -0.083*
(0.041) (0.035) (0.042) (0.037) (0.043) (0.043)

Variables (in IHS) Nighttime Light Intensity

Panel B. Method - DID (1) (2) (3) (4) (5) (6)

FDB -0.109*** -0.044*** -0.151*** -0.078*** -0.140*** -0.088***
(0.023) (0.016) (0.035) (0.017) (0.025) (0.029)

For All Panels:
Observations 8,184 8,184 9,052 9,052 9,021 9,021
Sample Period 1990-2020 1990-2020 1990-2020 1990-2020 1990-2020 1990-2020
Fixed Effects

Year Y Y Y Y Y Y
County Y Y Y Y Y Y
Province × Year N Y N Y N Y

Control Group
1st-Ring
Neighbor

1st-Ring
Neighbor

2nd-Ring
Neighbor

2nd-Ring
Neighbor

3rd-Ring
Neighbor

3rd-Ring
Neighbor

Note: (1) This table serves as a robustness check of Figure 1, re-estimating the difference-in-differences
model by changing the control group (see Section 3.1 for details); (2) ‘1st Ring’ neighbors share a bor-
der with FDB counties, ‘2nd Ring’ neighbors border the first ring, and ‘3rd Ring’ neighbors border the
second ring; (3) All other details remain the same as in Table 1.
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Table C2: Robustness Check of Table 1 using Alternative DID Methods

C&D Gardner C&S

(1) (2) (3) (4) (5) (6)

FDB -0.115*** -0.051*** -0.182*** -0.063** -0.147*** -0.081***
(0.030) (0.016) (0.064) (0.032) (0.040) (0.020)

Observations 65,038 65,038 65,038 65,038 65,038 65,038
Sample Period 1990-2020 1990-2020 1990-2020 1990-2020 1990-2020 1990-2020
Fixed Effects

Year Y Y Y Y Y Y
County Y Y Y Y Y Y
Province × Year N Y N Y N Y

Control Group
Neighbor
Excluded

Neighbor
Excluded

Neighbor
Excluded

Neighbor
Excluded

Neighbor
Excluded

Neighbor
Excluded

Note: (1) This figure serves as a robustness check of Table 1, re-estimating the difference-in-
differences model using alternative DID approaches; (2) ‘C&D’ refers to the two-way fixed effects
estimators with heterogeneous treatment effects proposed by De Chaisemartin and d’Haultfoeuille
(2020), ‘Gardner’ refers to the two-stage DID approach by Gardner (2022), ‘C&S’ refers to the
DID with multiple time periods by Callaway and Sant’Anna (2021); (4) All other details remain
the same as in Table 1.
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Table C3: Robustness Check of Table 2 Changing Control Group

Variables (in IHS) Manufacturing Output Agricultural Output

Panel A. Output (1) (2) (3) (4)

FDB −0.198* −0.100 −0.025 0.033
(0.110) (0.079) (0.047) (0.040)

Observations 43,050 43,050 43,050 43,050

Variables (in IHS) N (Newly Registered Firms) N (Larger Manufacturing Firms)

Panel B. Firm Entry (1) (2) (3) (4)

FDB −0.142*** −0.131*** −0.218*** −0.126*
(0.041) (0.049) (0.081) (0.073)

Observations 57,876 57,876 43,050 43,050

For All Panels:
Sample Period 2000-2020 2000-2020 2000-2020 2000-2020
Control Group Baseline Baseline Baseline Baseline
Fixed Effects

Year Y Y Y Y
County Y Y Y Y
Province × Year N Y N Y

Note: (1) This figure serves as a robustness check of Table 2, re-estimating the difference-in-
differences model using alternative control group; (2) The ‘Baseline’ control group excludes
protected urban areas but does not exclude neighboring counties (see Section 3.1 for detailed
discussion); (3) All other details remain the same as in Table 2.
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Table C4: Robustness Check of Table 3 Changing Control Group

Variables ln(Registered Population) Net Outmigration Ratio (%)

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

FDB −0.020 −0.017 0.074 0.205*
(0.039) (0.036) (0.117) (0.116)

Observations 43,050 43,050 5,340 5,340
Sample Period 2000-2020 2000-2020 2000-2020 2000-2020
Fixed Effects

Year Y Y Y Y
County Y Y Y Y
Province × Year N Y N Y

Control Group Baseline Baseline Baseline Baseline

Note: (1) This figure serves as a robustness check of Table 3, re-estimating the
difference-in-differences model using alternative control group; (2) The ‘Baseline’
control group excludes protected urban areas but does not exclude neighboring
counties (see Section 3.1 for detailed discussion); (3) All other details remain the
same as in Table 3.
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C.2 Additional Results

C.2.1 Additional Anecdotal Evidence

Figure C5: Policy Document that Encourages Adaptation in the Agricultural Sector

Figure C6: News Reports about Agricultural Adaption in FDB Counties
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C.2.2 Additional Empirical Results

Figure C7: Placebo Test

Note: (1) This figure presents results of three distinct types of placebo tests of the TWFE: the in-time

placebo test, the in-space placebo test, and the mixed placebo test; (2) In the in-time placebo tests, we

forward the treatment time by several years, using fake treatment times to assess if our results are driven by

temporal trends rather than the actual intervention; (3) For the in-space placebo tests, we assign treatment

to randomly selected units that did not receive the intervention, testing the robustness of our findings against

spatial confounding factors; (4) The mixed placebo tests combine both approaches by randomly assigning

fake treatment units and times.
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(a) Panel A: FE - County FE and year FE

(b) Panel B: FE - County FE, Year FE, and Province by Year FE

Figure C8: Dynamic Impacts of 2000 and 2010 FDB Policy on Nighttime Light Intensity

Note: (1) The figure depicts the event study coefficients from DID approach as described in Section 3.1;

(2) Treatment is 2000 and 2010 FDB designation, respectively, for the left figure and for the right figure:

96 counties were selected into the FDB list in 2000, while 20 counties were selected into the FDB list in

2010; (3) Panel A adds county FE and year FE into the DID, while Panel B adds county FE, year FE, and

province by year FE into the DID. (4) All other details remain the same as in Figure 4.
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Figure C9: Heterogeneous Impact of FDB Policy on Nighttime Light Intensity

Note: (1) The figure depicts the event study coefficients from DID approach as described in Section 3.1;

(2) We classify FDB counties into three categories: Important, General, and Reserved according to the

government classification. The likelihood of being flooded is the highest for Important FDBs, and the lowest

for Reserved FDBs; (3) All other details remain the same as in Figure 4.

Figure C10: Impacts of FDB Selection and FDB Removal on Firm Entry

Note: (1) The figure depicts the event study coefficients from DID approach as described in Section 3.1;

(2) In each figure, we present results of two treatments: selection into the 2010 FDB list, and removal from

the 2010 FDB list. In 2010, 20 counties were designated as FDB counties, while 10 were removed from the

list; (3) We include county FE and year FE into our regressions; (4) All other details remain the same as in

Figure 6.
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Table C5: Proximity-Based Spillover Test

Variables (in IHS) Nighttime Light Intensity

(1) (2) (3) (4) (5) (6)

1st-Ring × Post -0.118*** -0.050***
(0.021) (0.018)

2nd-Ring × Post -0.025 0.003
(0.024) (0.020)

3rd-Ring × Post -0.004 0.024
(0.027) (0.022)

Observations 78,773 78,773 80,253 80,253 80,290 80,290
Fixed Effects

Year Y Y Y Y Y Y
County Y Y Y Y Y Y
Province × Year N Y N Y N Y

Control Group
All-Neighbor
Excluded

All-Neighbor
Excluded

All-Neighbor
Excluded

All-Neighbor
Excluded

All-Neighbor
Excluded

All-Neighbor
Excluded

Note: (1) This table reports the ATT corresponding to Panel A of Figure 5 and replicates Table 1, redefining the treat-
ment group as the neighboring counties of FDB-designated and FDB-protected counties. The objective is to examine
the presence of proximity-based spillover effects; (2) ‘1st Ring’ neighbors share a border with FDB counties, ‘2nd Ring’
neighbors border the first ring, and ‘3rd Ring’ neighbors border the second ring; (3) The ‘All-Neighbor Excluded’ con-
trol group excludes all FDB-designated, FDB-protected, and 1st/2nd/3rd-ring counties. For instance, in column (2),
2nd-ring and 3rd-ring neighboring counties are excluded from the control group; (4) All other details remain the same
as in Table 1.
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Table C6: Main Results: Impacts of FDB Designation on Nightime Light Intensity

Variables (in IHS) Nighttime Light Intensity

Panel A. 2000 Policy Effect (1) (2) (3) (4)

2000 FDB −0.159*** −0.056** −0.121*** −0.094***
(0.035) (0.026) (0.015) (0.019

Sample Period 1990-2010 1990-2010 1990-2010 1990-2010
Observations 41,580 41,580 41,580 41,580

Variables (in IHS) Nighttime Light Intensity

Panel B. 2000 Policy Effect (1) (2) (3) (4)

2010 FDB −0.083** 0.002 −0.064* −0.009
(0.043) (0.036) (0.038) (0.038)

Sample Period 2010-2020 2010-2020 2010-2020 2010-2020
Observations 42,231 42,231 42,231 42,231

For All Panels:
Method TWFE TWFE DID DID
Fixed Effects

Year Y Y Y Y
County Y Y Y Y
Province × Year N Y N Y

Control Group
Neighbor
Excluded

Neighbor
Excluded

Neighbor
Excluded

Neighbor
Excluded

Note: (1) This table reports the ATT corresponding to Figure C8; (2) In Panel A, the treatment
is defined as selection into the 2000 FDB list, while in Panel B, it is defined as selection into the
2010 FDB list; (3) All other details remain the same as in Table 1.
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Table C7: Heterogeneous Impacts of FDB on Nightime Light Intensity

Type of FDBs:

Reserved General Important

(1) (2) (3) (4) (5) (6)

FDB -0.308*** -0.231*** -0.166*** -0.084** -0.116*** -0.047*
(0.079) (0.039) (0.043) (0.042) (0.043) (0.027)

Observations 69,316 69,316 69,998 69,998 69,657 69,657

Fixed Effects
Year Y Y Y Y Y Y
County Y Y Y Y Y Y
Province-Year N Y N Y N Y

Control Group
Neighbor
Excluded

Neighbor
Excluded

Neighbor
Excluded

Neighbor
Excluded

Neighbor
Excluded

Neighbor
Excluded

Note: (1) We estimate the impact of FDB policy on three different types of FDB-designated
counties: Important, General, and Reserved. According to the government classification, the
likelihood of being flooded is the highest for Important FDBs, and the lowest for Reserved
FDBs; (3) All other details are the same in Table 1.

D Additional Results of the General EquilibriumModel

in Section 4

D.1 An Illustrative Partial Equilibrium Model

We begin by concretizing the ‘firm response effect’ using an illustrative partial equilib-

rium model. While our comprehensive general equilibrium model accounts for interactions

between different counties by including the flow of capital and manufacturing goods, this sim-

pler model offers more straightforward economic intuitions regarding the trade-off between

equality and efficiency in designing this flood risk redistribution policy. We then extend our

analysis to the full general equilibrium model, which we use for counterfactual scenarios and

to assess the benefit to cost ratio of FDB policies.
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Flood Risk and Firm Investment Decision

In a two-period model, we assume that there are two types of counties, i = s, p. County s

represents FDB counties that are sacrificed for protecting other counties, county p represents

counties that are protected by FDB counties.

In period 1, the risk-neutral investor is endowed with an initial wealth, W , that can be

used for consumption, investments in different counties, and investment in bonds. In period

2, investors consume the investment returns from the first period. The optimization problem

is characterized below.

max
c0,c1,as,ap,b

c0 + βEµc1

s.t. c0 +
∑
i=s,p

ai + b = W

c1 =
∑
i=s,p

(1 + ri)ai + (1 + rf )b

Here, c0 and c1 represent the consumption at period 1 and period 2, respectively. as and

ap represent investors’ period-one investment in sacrificed county and in protected county. b

represents the bond investment. ri is the return of assets, or the marginal benefit of investing

in assets. rf is the risk-free interest rate.

The production problem is characterized as:

max
ki

zik
α
i − r̄iki

Here, ki is the capital input in county i. zi represents the productivity in county i. r̄i

represents the effective cost of investment in county i.

At each flood event, µ = {τs, τp}, where τi is a dummy that equals 1 if the county is

flooded at the flood event, and 0 if not. We consider flood as independent event in two types

of counties. The flood probability of each county is Pr(τi = 1) = pi. Flood event will create

a wedge between return of asset, ri, and effective cost of investment, r̄i such that

ri = r̄i − τid
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where d is the damage per asset caused by flood. Here, we assume that flood will cause

proportional damages per asset that are identical across sacrificed and protected county.

The market clearing condition requires ri,t to clear the local capital market such that:

ki = ai

Following the above conditions, the optimal investment can be characterized as below:

αzia
α−1
i − rf = pid

We can also consider the optimally condition as the characterization of flood risk pre-

mium. Here, the marginal product of capital is MPKi = αzia
α−1
i . Hence, the difference

between MPKi and rf can be interpreted as the flood risk premium, which equals the ex-

pected damage caused to the county i. Hence, the optimal investment ai is determined by the

flood probability pi. Specifically, when flood probability increases, the amount of investment

will decrease.

Impact of FDB Policy

We believe that the key function of FDB policy is to redistribute flood risk. To be

more specific, the FDB policy aims to increase the flood risk in sacrificed county by ∆p

and decrease the flood risk in protected county by ∆p. Hence, in sacrificed county, the

FDB-adjusted flood probability will be p′s = ps +∆p. And in protected county, In protected

county, the FDB-adjusted flood probability will be: p′p = pp −∆p.

Proposition 1 (Trade-off in Equality and Efficiency ) Assume zp
(ppd+rf )2−α > zs

(psd+rf )2−α ,

then we have: d(ap+as)

dp
> 0 and d(ap−as)

dp
< 0.

zp
(ppd+rf )2−α > zs

(psd+rf )2−α indicates that the damage standardized productivity in protected

county is higher than that in sacrificed county. In other words, it specifies that a government

that prioritizes efficiency has correctly identified counties worth to be protected.

The implication of this proposition are twofolds. First, FDB policy will bring an increase

in total investment and will improve the economic resilience towards floods. The flood risk
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redistribution from protected to sacrificed counties will increase the total investment ap+as.

Second, FDB policy will also bring the inequality between sacrificed counties and protected

counties because the investment gap ap − as will increase as well. We provide proof of this

proposition in the Appendix D.2.

D.2 Proof of Proposition 1

Given flood event µ = {τs, τp}, we can rewrite the investor’s optimization problem in

state-contingent form:

max
c0,as,ap,b,c1(µ)

c0 + βEµc1(µ)

s.t. c0 +
∑
i=s,p

ai + b = W

c1(µ) =
∑
i=s,p

(1 + ri(µ))ai + (1 + rf )b

The first-order conditions of the optimization problem yields the optimal asset positions

{ai}i=s,p:

∑
µ

Pr(µ)[1 + ri(µ)] = 1 + rf

where the actual investment returns ri(µ) are determined by intrinsic capital productivity

in the local area r̄i and flood damage under event µ:

ri(µ) = r̄i − FloodDamage(µ)

Plugging the actual investment return expressions into the Euler equation yields:

r̄i − rf =
∑
µ

Pr(µ)FloodDamage(µ)

Assume that the county-specific events τi are independently distributed, then we get the

pricing functions for county-specific assets {ai}i=s,p are given by:
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r̄i − rf = pid (17)

The intrinsic capital productivity of county i is given by the following optimization prob-

lem:

max
ki

zik
α
i − r̄iki

Combined with market clearing conditions ki = ai, the intrinsic capital return r̄i is given

by:

r̄i = αzia
α−1
i

Plugging it into equation (21), it yields:

ai =
αzi

rf + pid

1
1−α

Consider a FDB policy that reallocates dp > 0 flood risk from protected county dpp = −dp

to sacrificed county dps = dp. Assume that zp
(ppd+rf )2−α > zs

(psd+rf )2−α . The impacts on

aggregate capital investments and investment gap can be described by:

d(ap + as)

dp
=

d

1− α

[
αzp

(rf + ppd)2−α

1
1−α − αzs

(rf + psd)2−α

1
1−α

]
> 0

d|ap − as|
dp

=
d

1− α

[
αzp

(rf + ppd)2−α

1
1−α

+
αzs

(rf + psd)2−α

1
1−α

]
> 0

E Additional Results

E.1 Direct Protection Effect

In Table E1, we first estimate the direct protection effect by running the regression

lnLighticpt = α+β1Floodedicpt+β2Flooded×FDBicpt+β3Flooded×Protectedicpt+Xicpt+γpt+λc+ϵc
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where lnLighticpt is the ln(nighttime light intensity) of county i in city c, province p, at time

t. Floodedicpt is a dummy variable that equals 1 if the county is flooded in year t, and 0 if

not. FDBicpt is a dummy variable that equals 1 if the county is an FDB county, and 0 if not.

Protectedicpt is a dummy variable that equals 1 if the county is an FDB-Protected county,

and 0 if not. Xicpt are controls. γpt is province-year fixed effect, ηt is time fixed effect, and λc

is city fixed effect. ϵc is the standard error, which is clustered at the city level. Following this

specification, β2 measures the impact of a county being designated as FDB county, while β3

measures the impact of a county being protected by FDB counties. As shown in Table E1,

we find that a protected county tends to suffer around 10% less when being hit by floods.

However, an FDB county tends to suffer around 18% more when being hit by floods. This

results indicates that FDB-Protected counties are direct ly protected in flood events.

Table E1: Reduced Form: Direct Protection Effect

ln(Nighttime Light Intensity)

Flooded −0.053** −0.048* −0.055* −0.059*
(0.027) (0.027) (0.031) (0.032)

Flooded × FDB −0.177* −0.180*
(0.092) (0.067)

Flooded × Protected 0.105* 0.104*
(0.061) (0.067)

Observations 5,242 5,242 5,242 5,242
Fixed Effects

Province-Year Y Y Y Y
City Y Y Y Y

Controls
Demographic Y Y Y Y
Geographical Y N Y N

Note: (1) FDB is a dummy that equals 1 if the county i is a FDB-Designated
county, and equals 0 if not; (2) All regressions control for city fixed effects,
province-by-year fixed effects, and a set of county-level controls (land area,
population, and precipitation); (3) Standard errors are clustered at the county
level.
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E.2 Elasticity between Flood and Productivity

Productivity Loss. We estimate productivity loss in manufacturing sector based on

the estimation below:

Yit = α+ βF loodExposurei,t + γc + λt + ϵi,t.

In this estimation, Yit represents the log labor productivity in county i and year t, measured

as output per worker in a given industry. FloodExposureit indicates the size-adjusted flood

exposure, which is the average days of flood, as described in Section 2, in county i and year

t. λc and ηt represent city and time fixed effects. Standard errors are clustered at city level.

Table E2: Flood Impact on Productivity

(ln) Total Productivity Manufacturing Productivity

Flood Exposure −0.043** −0.059*
(0.021) (0.032)

Observations 1,283 1,283
Fixed Effects

Year Y Y
City Y Y

Note: (1) ‘Flood Exposure’ represents the size-adjusted flood exposure
of a county at flood event that happened at time t, detailed construc-
tion is introduced in Appendix A.1; (2) ‘Total Productivity’ represents
the total local output per worker, ‘Manufacturing Productivity’ repre-
sents the manufacturing output per worker; (3) All regressions control
for city fixed effects and year fixed effects; (4) Standard errors are clus-
tered at the county level.
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E.3 Model Fit: Comparing Data Outcomes and Data Generated

Outcomes

Table E3: Model Fit

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

Capital (Data) 0.784*** 0.948***
(0.009) (0.002)

Labor (Data) 1.147*** 1.001***
(0.018) (0.003)

Observations 1,827 1,827 1,827 1,827
Adjusted R-square 0.795 0.993 0.687 0.980
With Constant Y N Y N

Note: (1) The dependent variable is the model-generated outcome for capital (Column 1
and 2) or labor (Column 3 and 4), regressed on corresponding data outcomes; (2) Columns
1 and 3 include a constant term, while Columns 3 and 4 are estimated without a constant;
(3) Both model-generated outcome and data outcomes are in log. (4) Standard errors are
clustered at the county level.

34



E.4 Illustration of the Counterfactual Practice

(a) Actual Case: With Flood Detention Basin

(b) Counterfactual Case: Without Flood Detention Basins

Figure E1: Mind Map: Constructing the Counterfactual Scenario
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E.5 Alternative Counterfactual Practice: Migration

(a) Average Population per County

(b) Total Population

Figure E2: Population of FDB-Designated, FDB-Protected, and Other Counties in Actual
and Counterfactual Scenarios

Note: The maroon bars represent the counterfactual scenario with the FDB policy in place, but with

migration restricted such that only 12% of individuals who wish to migrate are ultimately able to migrate.

The emerald bars represent the simulated outcomes under the FDB policy with free migration. Output is

reported separately for FDB countries, FDB-Protected counties, and other counties.
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E.6 Alternative Counterfactual Practice: Relative Contribution

of Different FDB Counties

Figure E3: Relative Contribution of Different Productivity Groups
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