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Abstract

This study shows that environmental policies can unintentionally disrupt ecosystems, af-
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1 Introduction

Environmental regulations can save lives by reducing pollution, but by reshaping ecosys-
tems and altering species dynamics, they can create new health risks that offset their intended
benefits—an important yet underexplored dimension in both academic research and policy de-
sign. Understanding how policies can trigger ecological disturbances with health consequences is
essential, given substantial evidence that changes in biodiversity, species interactions, and ecosys-
tem services can have profound and lasting effects on human well-being (Pecl et al., 2017; Frank
and Sudarshan, 2024; Frank et al., 2024). This paper makes two contributions. First, it identifies a
previously overlooked mechanism: a widely adopted environmental policy—the straw-burning
ban, designed to improve air quality—inadvertently created conditions that favored insect sur-
vival and reproduction, facilitating the spread of insect-borne diseases. Second, it shows that
effective straw recycling substantially mitigates these effects, advocating for complementary eco-
logical safeguards to preserve environmental gains while preventing unintended harm.

We exploit the staggered rollout of China’s straw-burning ban—a top-down air pollution con-
trol policy—as a natural experiment to causally identify the health impacts of policy-induced eco-
logical change. The ban is among China’s most stringent national measures to combat air pol-
lution.! While prior studies have examined the effects of straw burning on air quality, the ban’s
ecological consequences have been largely overlooked.

Figure 1 illustrates the influencing channel of our novel finding: how the ban may affect hu-
man health indirectly by altering land use and insect ecosystems. The straw-burning ban dis-
rupted an ecological equilibrium in which seasonal cropland fires suppress insect populations. By
banning burning and allowing crop residues to accumulate, the policy also enhanced overwinter-
ing habitats, increased insect survival and reproduction, and contributed to a rise in vector-borne
diseases.? These diseases, closely tied to insect population dynamics, account for 17% of all infec-
tious diseases globally and cause over 700,000 deaths annually (WHO, 2024), posing a significant
threat to public health.?

Figure 1 about here.

This study draws on multiple data sources, including a representative database of hospital-
ization records from public hospitals across China, biodiversity monitoring data, remote sensing

imagery of fires and land cover, and web search indices for related terms. For health outcomes,

1The rollout sequence was primarily determined by regional economic and social importance, rather than by health,
climate, or other regional characteristics, as discussed in Section 4.1.

2Natural science research shows that changes in land management influence vector populations, including ticks and
other arthropods (Allan, 2009; Samish and Alekseev, 2001; Gleim et al., 2014; Gallagher et al., 2022). Vector-borne dis-
eases are caused by pathogens—such as parasites, viruses, and bacteria—transmitted to humans and animals through
bites or contact with infected fluids from blood-feeding arthropods. We use the terms arthropod and insect interchange-
ably for ease of exposition. Additional details are provided in Section 2.2.

3Vector-borne diseases also impose significant economic burdens on healthcare systems, labor productivity, and
public budgets. For example, the annual cost of Lyme disease in the U.S. is estimated at $345-$968 million (2016 USD),
with average treatment costs of approximately $3,000 per patient (Hook et al., 2022).



we focus on vector-borne diseases, identified using ICD-10 codes (listed in Table C1-C2) and val-
idated through medical and epidemiological literature (WHO, 2024). We further examine the
policy’s effects on a subset of more severe conditions—tick-borne diseases—such as Lyme dis-
ease, tick-borne encephalitis, and severe fever with thrombocytopenia syndrome (SFTS), which
are among the most common vector-borne diseases in farmland activities.

We employ a Difference-in-Differences (DID) framework exploiting the staggered implemen-

tation of the straw-burning ban in China.*

The unit of analysis is the county-by-year-quarter
level. To address potential confounding effects from unobserved time-varying factors correlated
with both policy rollout and hospitalization outcomes, we incorporate fixed effects at the county,
year-quarter, and province-by-quarter levels. We also control for observable factors that may af-
fect both insect survival and hospitalization outcomes, including hospital characteristics, weather
conditions, forest fire incidence, economic conditions, medical infrastructure, and cropland scale.
We conduct several validation tests to support the causal interpretation of our results. First,
pre-trend analyses show that treated and untreated groups followed parallel trends prior to the
policy’s implementation. Second, we provide evidence for the exogeneity of the straw-burning
ban, which was imposed as a top-down air pollution control policy determined by administra-
tive hierarchies (Barwick et al., 2024). The rollout of the ban is strongly correlated with that of
the Air Pollution Monitoring and Disclosure Program but shows no correlation with local health
infrastructure. Moreover, air pollution levels are uncorrelated with the prevalence of vector-borne
diseases. Third, we find no evidence of concurrent ecological, health, or agricultural policies that
could confound the analysis. Finally, our results are robust to subsamples that exclude regions
potentially affected by spatial spillovers or periods confounding the COVID-19 pandemic.

Main Findings Our findings indicate that the straw-burning ban led to an unintended rise in
hospitalizations and medical expenditures for vector-borne diseases, amounting to roughly 50%
and 173% of the sample means, respectively. These effects persist for up to four years after the pol-
icy’s implementation, indicating a long-term ecological shift affecting human health. The results
remain robust across alternative model specifications and sub-samples. A back-of-the-envelope
calculation suggests that the additional hospitalization costs attributable to the policy exceed $388
million annually. This estimate represents a lower bound of the related economic burden, as it
excludes outpatient care and indirect costs such as productivity losses, implying substantial social
impacts.

Importantly, our analysis shows that the ecological feedback mechanisms triggered by the pol-
icy are not trivial. While the policy reduces medical expenditures for respiratory and cardiovas-
cular diseases because of improved air quality, our estimates suggest that increased vector-borne
disease costs offset 11% of these savings. These findings highlight the trade-offs embedded in en-

vironmental regulation: neglecting ecosystem feedbacks can undermine policy effectiveness and

“We apply multiple methods for estimation, such as Borusyak et al. (2024), Callaway and Sant’Anna (2021), Sun and
Abraham (2021), and de Chaisemartin et al. (2022), obtaining similar results.



generate secondary risks to public health and social welfare.

To validate our findings and empirically confirm the mechanism, we integrate multiple data
sources to trace the causal pathway: reduced agricultural burning — increased insect activity —
greater human infections of vector-borne diseases.

We separately test the impact of straw-burning ban on cropland fire, insect population, and
people’s behavior responses. Using high-resolution remote sensing data on land cover and fire
records, we construct county-level measures of straw-burning incidence and burned area. Apply-
ing the same DID specification, we find that the policy reduced the frequency of cropland fires
by 58% and burned area by 50% per county-year, equivalent to a decline of 45.8 km?, confirming
a substantial reduction in straw-burning activity. In addition, using taxonomic observation data,
we document a significant increase in reported sightings of arthropod species—including insects
and non-insect arthropods—groups frequently linked to agricultural ecosystems. This suggests
increased insect abundance post-intervention.

Furthermore, to capture behavioral responses and exposures not reflected in hospitalization
records, we analyze Baidu Search Index data for terms related to insect bites and sightings. The
results reveal sharp increases in search activity for insect-related queries and protective mea-
sures—such as bite-related medical information and vaccination—following the policy’s imple-
mentation. These findings likely reflect a rise in non-severe insect bites, heightened public aware-
ness, and increased household defensive investment. Taken together, these patterns offer further
support for the ecological pathway underlying the policy’s unintended health consequences.

We also conduct various heterogeneity analyses to corroborate the proposed channel of im-
pact. We find that the hospitalization effects of the policy are more pronounced: (1) among rural
residents, although some spillover is observed in urban areas; (2) in wheat-producing counties,
where straw burning was historically more common due to the lower economic value of wheat
straw; (3) in warm regions, where environmental conditions are more favorable for insect sur-
vival and disease transmission; and (4) during harvest seasons, when human exposure to fields

increases. These findings align with our hypothesized mechanism of impact.

Policy Implications Notably, we find that such unintended effects are not inevitable. Our re-
sults show that regions with strong straw-recycling policies—including subsidies, enforcement,
or infrastructure—do not experience statistically significant increases in vector-borne diseases.
This indicates that complementary ecological safeguards can effectively mitigate unintended con-
sequences while preserving environmental gains. Thus, while straw burning should not be re-
sumed, policies that recycle or reuse crop residues can reduce both air pollution and ecological
health risks.

Overall, our findings highlight that the overlooked ecological channels can undermine in-
tended policy goals. Improving straw management would not only mitigate ecological and health
risks but also support agricultural productivity and rural livelihoods. These lessons are broadly



applicable to other countries where straw-burning bans have been or will be implemented.’

Related Literature This paper contributes to the literature on the effects of biodiversity change.
A growing body of research examines how disruptions to biodiversity impact human health.
Frank and Sudarshan (2024) documents how the functional extinction of vultures in India in-
creased human mortality through deteriorated sanitation, while Frank et al. (2024) finds that spar-
row eradication during China’s Four Pests Campaign reduced crop yields and increased mortality
rates. Extending this strand of work, we provide one of the first empirical evidence on the unin-
tended biological consequences of public policies: straw-burning bans, an environmental policy
intended to improve air quality, can disrupt insect populations and, in turn, generate unintended
health consequences.

Second, we contribute to the literature on the ecological effects of socioeconomic activities.
Existing research has examined how transportation and energy infrastructure, environmentally
oriented place-based policies, economic production, improved market access, trade and agricul-
tural productivity affect ecological outcomes (Asher et al., 2020; Garg and Shenoy, 2021; ?; Taylor
and Mayer, 2023; Abman and Lundberg, 2024; Carreira et al., 2024; Costa et al., 2025). While most
studies focus on direct ecological consequences such as deforestation or declines in bird biodiver-
sity and their effects (Du et al., 2024; Meng et al., 2025), we broaden this scope by tracing impacts
through habitat-driven species changes and investigating how policy-induced habitat alterations
affect insect dynamics within agricultural and vector ecosystems.

Third, this paper contributes to the literature on ecosystems and human health (Garg, 2019).
Some literature shows that invasive species can disrupt local ecosystems, affecting human well-
being (Jones, 2019, 2023).% Our setting is distinct: the pathogen vectors in our study—arthropods—
are native species that have historically coexisted with humans without causing widespread harm.
This perspective advances understanding of how policy-induced ecological change can disrupt
native species dynamics and destabilize longstanding human-nature equilibria, unintentionally
amplifying public health risks.

Finally, this paper complements the literature on the health and labor market effects of agri-
cultural fires. Existing studies show that agricultural fires worsen health outcomes, including
increased mortality (He et al., 2020; Garg et al., 2024),” higher risks of hypertension (Pullabhotla
and Souza, 2022), adverse birth outcomes (Rangel and Vogl, 2019), and cognitive impairments
(Zivin et al., 2020; Lai et al., 2022), primarily due to increased PM,5. In terms of air pollution

5For example, in the United States, straw burning has been increasingly restricted since the 1990s to improve air
quality, with exceptions for fields affected by disease (see United States Department of Agriculture). In India, the
National Green Tribunal has imposed bans and penalties on straw burning across several states (see The Times of
India). Brazil’s Law 11.241, enacted in 2002, aimed to phase out sugarcane straw burning, initially covering 20% of
mechanized areas and reaching 100% by 2021 (Paraiso and Gouveia, 2015).

®Jones (2023) shows that deforestation driven by the emerald ash borer increased obesity and reduced physical
activity, while Jones (2019) finds that improved water quality following the die-off of zebra mussels increased birth
weight and gestation length.

’Garg et al. (2024) finds that rural roads cause movement of workers out of agriculture and induce farmers to use
fire, increasing infant mortality rate.


https://agresearchmag.ars.usda.gov/2002/apr/straw/
https://timesofindia.indiatimes.com/india/centre-doubles-penalty-for-stubble-burning/articleshow/115064096.cms
https://timesofindia.indiatimes.com/india/centre-doubles-penalty-for-stubble-burning/articleshow/115064096.cms

control, prior research has shown that providing economic incentives for straw recycling and pay-
ments for ecosystem services can significantly reduce pollution from agricultural burning (He et
al., 2020; Cao and Ma, 2023; Nian, 2023; Jack et al., 2025). However, this literature has overlooked
how reduced agricultural fires from policies can alter arthropod populations and introduce new
health risks unrelated to air pollution and how straw recycling can reduce this unintended health

risk.

The rest of the paper is organized as follows. Section 2 describes the background of straw-
burning ban policies in China and vector-borne diseases. Section 3 introduces the datasets. Sec-
tion 4 illustrates the empirical strategy. Section 5 describes the impact of the straw-burning ban
policy on hospitalizations of vector-borne and tick-borne diseases, heterogeneity analyses, and
robustness checks. Section 6 displays evidence on the impact pathway of the policy. Section 7

discusses the policy implications. Finally, Section 8 concludes.

2 Straw Burning, Ecosystem, and Vector-Borne Diseases

2.1 Straw-Burning Ban Policy

On-site straw burning, a traditional agricultural practice used to clear crop residues after har-
vest, has long been recognized as a major source of air pollution in China, particularly during
the harvest season in rural areas (He et al., 2020). To address its environmental and public health
consequences, China launched the straw-burning ban as part of a broader strategy to control air
pollution (Barwick et al., 2024). The policy was implemented in a staggered manner across re-
gions. Figure 2 shows the cumulative number of counties that adopted the ban over time. By the
year 2022, more than 1,400 counties had enacted formal straw-burning bans.? This staggered roll-
out provides a quasi-experimental setting that enables causal identification of the policy’s effects
using a difference-in-differences (DID) framework.

Two features of the policy design are crucial for our empirical strategy. First, the timing of pol-
icy adoption was not driven by local health trends but instead reflected a top-down administrative
hierarchy. Areas surrounding Beijing and other provincial capitals were prioritized in the early
stages of the rollout due to their political importance and alignment with national performance
targets (detailed in Appendix D). As illustrated in Figure D1, the ban was initially concentrated
in the North China Plain and gradually expanded to northeastern and other northern regions.
We show in Section 4.1 that the adoption timing is uncorrelated with pre-treatment health facility
characteristics, reinforcing the plausibility of our identification strategy.

Figure 2 about here.

Second, we focus on bans that included performance evaluations to ensure the measurement of

effective implementation. These evaluations, such as assessment criteria and reward-punishment

8The construction of the policy rollout measure is described in Section 3.



frameworks, have significantly improved local compliance.’ In addition, beginning in 2011, the
central government introduced a set of reforms to enhance compliance, including the use of
satellite-based remote sensing to monitor fire hotspots and the introduction of formal performance
metrics with reward-punishment mechanisms for local officials.!? These measures increased the
credibility and consistency of enforcement, allowing for a more accurate assessment of policy im-
pacts.

Following the policy rollout, cropland fires in China declined significantly. Figure F1 in the
appendix compares the distribution of cropland fires at the beginning and end of our study period,
illustrating a notable reduction in cropland fire incidents, particularly in regions that adopted the

ban earlier.!!

2.2 Arthropods and Vector-Borne Diseases

Arthropods, such as mosquitoes, flies, and ticks, are closely linked to human populations due
to their role as vectors of infectious pathogens including viruses, bacteria, and parasites.!> Many
arthropods thrive in warm, vegetated environments characterized by leaf litter, grasses, and dense
undergrowth. Post-harvest crop residues create such microhabitats, providing shelter, moisture,
and food that allow arthropod populations to survive through winter.

Arthropod-Related Health Outcomes Our primary health outcome variables are hospitaliza-
tions and medical expenditures associated with vector-borne diseases. Specifically, they include
infectious diseases transmitted by arthropods, along with allergic or toxic reactions resulting from
arthropod bites. The diseases included in our analysis were selected based on authoritative med-
ical textbooks and peer-reviewed literature explicitly focused on arthropod-related illnesses. The
full list is presented in Table C1.

We further distinguish tick-borne diseases as a separate category due to their distinct epidemi-
ological profile, characterized by severe health outcomes and their prominence as a representative
vector-borne disease in agricultural environments.!> Tick-borne diseases are particularly sensitive

to ecological changes, such as those caused by post-harvest straw retention, as many tick species

9Effective enforcement requires significant human and financial resources. For example, official reports from Henan
Province document the high cost of policy enforcement (see the official website of Chinese Government, in Chinese).
10According to the “Notice on Implementing the National Environmental Protection Standards Formulation and Revision
Projects,” the Satellite Environmental Application Center of the Ministry of Environmental Protection began revising
the Technical Specifications for the Application of Satellite Remote Sensing Monitoring of Straw Burning in 2011, implying
formal monitoring was already in use by then (see the technical specification, in Chinese).

'We observe limited increase in straw recycling and biomass power plants following the policy (2?). These develop-
ments are accounted for using fixed effects and further examined in our heterogeneity analysis (Table 8).

12The phylum Arthropoda includes multiple classes, most notably Insecta (e.g., flies, mosquitoes, beetles) and Arach-
nida (e.g., ticks, spiders, mites). Arthropods can transmit pathogens among livestock and wildlife, facilitate zoonotic
transmission to humans, and, in some cases, enable direct human-to-human transmission of diseases such as dengue
fever, malaria, and Zika virus. See Appendix B for details.

B3 Ticks feed on the blood of mammals, birds, and reptiles, often remaining attached to hosts for several days. Be-
cause tick bites are typically painless, early detection is difficult; delayed identification can lead to serious illness or
death. Vaccines are unavailable for most tick-borne diseases, and hospitalization may be necessary for tick removal or
treatment of complications.


https://www.gov.cn/xinwen/2017-11/22/content_5241523.htm
https://www.mee.gov.cn/gkml/hbb/bgth/201405/W020140512536749520443.pdf

overwinter in their adult stage rather than as eggs. The list of tick-borne diseases analyzed is
provided in Table C2, with representative examples including SFTS, Lyme disease, rickettsiosis,
tick-borne encephalitis, and tick paralysis.

The Lethal Risk of Vector-Borne Diseases: Evidence from SFTS SFTS is a highly virulent tick-
borne viral illness that exemplifies the severe health risks associated with ecological changes af-
fecting tick populations.!* While the primary mode of transmission is through the bite of an
infected tick, there is also a documented risk of human-to-human transmission via direct contact
with infected blood. Among older adults, the case fatality rate can reach up to 50% (Chen et
al., 2025), making it one of the most lethal vector-borne diseases currently circulating around the
world. In May 2022, in Xinyang, Henan Province, four elderly individuals were infected following
a single tick bite incident; all subsequently died."

3 Data

We construct a county-level panel dataset by integrating multiple sources, including hospital-
ization records, administrative policy documents, satellite-based detections of straw burning, in-
sect biodiversity observations, web search activity, agricultural land use, and environmental char-
acteristics. To ensure relevance to the policy context, we exclude remote counties with minimal
human presence or agricultural activity, particularly those that have never recorded any fire inci-
dents. Table 1 presents summary statistics for the main variables used in the analysis. Columns
(2) through (4) report sample size, time horizon, and data frequency; columns (5) and (6) summa-
rize the mean and standard deviation of key outcomes. Additional details on data sources and
variable construction are provided below and in Appendix A.

Table 1 about here.

3.1 Data Sources

Hospitalization Data We use inpatient medical records from public hospitals across China from
2015 to 2022, obtained from the Data Center for High-Quality Hospital Management at Peking
University’s Institute for Global Health and Development. It was collected by an independent
anonymous third-party company for the purpose of monitoring electronic medical records. To
our knowledge, this dataset represents the most comprehensive collections of inpatient medical
records from public hospitals nationwide after 2015, covering approximately 21% of tier-2 and

14Caused by the SFTS virus, the disease typically presents with high fever, thrombocytopenia, and gastrointestinal
symptoms such as vomiting and diarrhea.
15Gee Sina News for details.


https://news.sina.cn/sh/2022-05-30/detail-imizirau5593009.d.html

tier-3 hospitals across 30 provinces.'® The data quality is reliably high, as hospitals have strong in-
centives to maintain accurate and complete digital records.!” The dataset includes hospitalization
records from all departments within each hospital. So we construct different disease categories,
such as vector-borne diseases, tick-borne diseases, and diseases commonly associated with air
pollution, such as respiratory and cardiovascular conditions.

Panel (a) in Figure 3 illustrates the distribution of vector-borne diseases in our dataset from
2015 to 2022. Because the data was not collected for administrative purposes, it is unlikely that
they are subject to selection bias. We show in Appendix A that there is no evidence the selection in
county, hospital, duration in sample, and having an infectious disease department correlates to the
timing of straw-burning ban policies, or city administrative hierarchy, as shown to be correlated
with the straw-burning ban rollout.

Each hospitalization record contains admission and discharge dates, ICD-10 codes of primary
and secondary diagnoses, patient demographics (gender, age, and insurance type), and hospital
characteristics, tier—2 and 3, class—A, B, and C, and type- general and specialized.18 We ag-
gregate these records to the county-by-year-quarter level, allowing for seasonal variation in dis-
ease transmission. More details on the data source, variable construction, and age distribution of

vector-borne disease patients are provided in Appendix A.1.

Policy Data We construct the policy treatment variable using official government documents
from the Peking University Law Database, the most comprehensive and authoritative archive of
Chinese policy texts.!” We begin by retrieving all local regulatory documents containing the key-
word “straw-burning ban.” Each document is manually reviewed and coded to identify whether
it includes clearly defined performance assessment measures and whether it is accompanied by
straw recycling measures or subsidies. Based on these classifications, we group policies into two
categories: (1) straw-burning prohibition policies with assessment mechanisms, which form the
basis of our benchmark analysis, and (2) policies that additionally include straw recycling mea-
sures, which are used in our heterogeneity analysis. Appendix Figures Figure Al to Figure A3
provide examples of these different policy types from a city in China.

To construct a county-level treatment variable consistent with the hospitalization data, we de-

fine a county as subject to the straw-burning ban beginning in the first year that either the county

16Tn China, public hospitals are the primary providers of inpatient care, whereas private hospital coverage is highly
limited in China. The number of hospitalizations in private hospitals accounts for less than 24% of that in public hos-
pitals (National Health Commission of the People’s Republic of China, 2022). Public hospitals are classified under a
three-tier system, where tiers (1, 2, 3) indicate ascending levels of capacity, service scope, and administrative over-
sight—with tier 3 being the highest. Hospitalizations of tier-1 hospitals accounts for only 5.7% of all public hospitals
(National Health Commission of the People’s Republic of China, 2023).

7Medical records serve as the foundation for both public and private insurance reimbursements. Hospitals risk
financial losses if patients are misclassified to inaccurate diagnoses. In addition, participation in the digital reporting
system is mandated by the National Health Commission. See more details in Appendix A.

18Hospitals in each tier is further divided into three classes (A, B, C), with class A representing the highest quality
in terms of facilities, staffing, and performance. There are two types of hospitals in China: general hospitals and
specialized hospitals.

Ohttps:/ /www.pkulaw.com.
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itself or its governing prefecture-level city implemented a ban.2’ Specifically: (1) if a county-level
government issued a ban, we assume it remains in effect from that year onward; (2) if no county-
level policy exists, we assign the policy date of the corresponding prefecture-level city. Given
that enforcement relies heavily on local capacity (He et al., 2020; Cao and Ma, 2023), national and
provincial-level policies are not treated as binding unless followed by concrete implementation at
the city level.!

In practice, some regions may issue multiple straw-burning ban directives. These typically
fall into two categories: repeated emergency notices and detailed implementation plans outlin-
ing supporting measures, such as personnel deployment and resource allocation. As a result, the
number of repeated policy issuances may reflect the intensity of enforcement. We therefore use the
cumulative number of straw-burning ban policies issued by a county as a proxy for policy inten-
sity in our robustness checks. More details of the variable construction are provided in Appendix
A2.

Straw Burning To measure straw-burning activity with high spatial and temporal precision, we
combine two satellite products: the MODIS Burned Area Product and the MODIS Land Cover
Type Product (MCD12Q1), covering 2001-2022. These datasets provide consistent and reliable
measurements for fire detection.’? We identify straw-burning events by overlaying MODIS fire
detections with cropland classifications from MCD12Q]1, following Assuncédoa et al. (2019) (see
Appendix A.3 for details). This method minimizes misclassification from forest fires and ensures
high-resolution coverage over our study period. We aggregate the number and area of cropland
fires to the county-year level. As a robustness check, we also construct analogous measures for
forest fires and include them as controls to isolate the effects of agricultural burning.

In our empirical analyses, we control for the quarterly/annual frequency and burned area of
forest wildfires. This mitigates measurement errors from the expansion of wildfires and enhances
the robustness of our results.

Insect observations We obtain species observation data across various taxonomic categories
from iNaturalist, an online social network and biodiversity platform. Specifically, we collect in-
sect biodiversity data for China between 2015 and 2022. iNaturalist provides one of the most
comprehensive sources of science-based species observations available nationwide. The platform
enables users to share geotagged observations of organisms, thereby contributing to a collabora-
tive database that supports scientific research, conservation efforts, and public education. This
community-generated dataset offers a valuable resource for analyzing ecological patterns across

20For simplicity, we refer to prefecture-level cities as “cities” throughout the paper.

21Costs include dispatching personnel to patrol fields and prevent burning; for example, a major agricultural county
in northeastern China incurred over 100,000 CNY (approximately 13,700 USD) in meal expenses for field personnel
during enforcement periods (Xinhua News).

22MODIS data are provided by NASA’s Land Processes Distributed Active Archive Center. The two products are
collected independently of Chinese administrative reporting and are widely used in remote sensing applications to
detect both fire events and burned areas, offering high spatial and temporal resolution.


https://www.xhby.net/content/s6606a776e4b0a2749b86f8ee.html

taxonomic groups.

Each iNaturalist record corresponds to a single observation of a species and includes informa-
tion on the observation date, geographic coordinates (latitude and longitude), a unique observer
ID, and the kingdom and phylum of the observed species.”> From 2015 to 2022, we compile a total
of 99,814 individual-by-species observations.

Although observation data may be subject to sampling bias due to spatial and temporal varia-
tions in observer effort and site accessibility, we address this concern by aggregating records to the
county-year level and controlling for observation effort using the number of unique contributors
per county-year as a proxy (?). This approach allows us to mitigate sampling bias and leverage
the dataset to investigate ecological changes following policy interventions, especially in regions
where systematic ecological monitoring is limited or unavailable.

We focus on observations of taxonomic groups relevant to vector-borne disease transmission,
including Arthropoda, Insecta, Arachnida, Chilopoda) (see Appendix B for more details). Our primary
outcome variables are constructed as the number of observation trips involving species from each

taxonomic group at the county-year level.?*

Web Searches We measure public awareness and residents’ behavioral responses using the Baidu
Search Index, which provides city-level daily search data from 2009 onward. We track search in-
tensity for terms related to straw-burning ban, insect bites, ticks, symptoms or treatment of insect
bites, protective behavior, and related vaccination. We calculate the quarterly indices by averaging
the daily indices and then summing the search intensities of all keywords within each category
to construct a composite index. Because search data are available only at the city level, we aggre-
gate the treatment variable to the city level to capture behavioral responses and public awareness
in later analysis, following an approach consistent with existing research using Baidu data. The

detailed lists of search terms for each category are provided in Appendix Table A4.

Other Control Variables Weather data (temperature and precipitation) are obtained from the
Global Summary of the Day (GSOD) dataset.”> We compute county-level weighted averages using
nearby stations, weighting by the inverse distance to the county centroid, and aggregate the data
to the county-quarter level for analysis. These controls account for climatic influences on both fire
activity and disease dynamics. Land cover data are drawn from Yang and Huang (2021), which
provide high-resolution cropland and forest coverage from 1985 to 2022. We aggregate these
measures to the county-year level. Land slope is calculated using the ASTER Digital Elevation
Model, sourced from China’s National Earth System Science Data Center, and serves as a time-

ZiNaturalist records do not include counts of individuals observed during a single trip.

2470 reduce the influence of extreme values, we winsorize the top 5% of arthropod observations. Since Insecta, Arach-
nida, and Chilopoda are all subgroups of the phylum Arthropoda, we winsorize their observations separately to ensure
that the value of each subgroup variable does not exceed the maximum value of the overall arthropod observation dis-
tribution.

25The GSOD database provides daily weather characteristics from over 9,000 weather stations worldwide, covering
the period from 1928 to the present.
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invariant control for geographic suitability for agriculture. Other control variables—including
county GDP, population, total number of hospital beds, and cropland area—are obtained from the
China County Yearbooks.

3.2 Data Visualization and Descriptive Evidence

We present visualization of data and their descriptive patterns before causal analysas. In Figure
3, Panel (a) displays the distribution of the number of hospitalizations of vector-borne diseases
across counties from 2015 to 2022. Panel (b) illustrates a negative correlation across regions: ar-
eas with more agricultural fires, such as northeastern China, tend to report fewer vector-borne
disease hospitalizations, whereas central, southern, and northwestern regions, with fewer fires,
show more hospitalization. Panel (c) classifies vector-borne disease hospitalizations, with insect
allergies, fly-borne diseases, and insect toxicity as the most common categories; tick-borne dis-
eases account for 5.6% of cases. Panel (d) displays the monthly trends in hospitalizations, with
seasonal pattern and peaks during the second and third quarters, consistent with insect ecology

and transmission cycles.
Figure 3 about here.

Figure F1 shows substantial reduction in cropland fires during 2011-2021. Biodiversity obser-
vations show an increase in insect abundance over time (??). ?? show that search activity related to
insect bites and ticks rose sharply, particularly in areas with strong policy enforcement (Figure D1).
These descriptive patterns provide preliminary evidence supporting the proposed ecological and
health impact pathway. Building on this, we turn to our empirical strategy to identify the causal
effects of the policy rigorously.

4 Empirical Strategy

We exploit the staggered implementation of China’s straw-burning ban using a difference-in-
differences (DID) framework to estimate its causal impact on hospitalizations and medical ex-
penditures related to vector-borne diseases. Traditional two-way fixed effects (TWFE) estimators
are known to yield biased estimates in settings with treatment effect heterogeneity across cohorts
or over time (Goodman-Bacon, 2021; Sun and Abraham, 2021). To address this issue, we adopt
the imputation-based estimator developed by Borusyak et al. (2024), which delivers well-defined
causal parameters that are robust to such heterogeneity.

Following Borusyak et al. (2024), our estimation proceeds in three steps. First, we estimate unit
and time fixed effects using only data from untreated observations—i.e., counties that are never
treated or not yet treated at a given time. Second, we use the estimated fixed effects to impute the
counterfactual untreated outcome for each treated observation. Third, we compute the treatment
effect as the difference between the observed and imputed counterfactual outcome and obtain the

tinal estimate by averaging these effects across treated units using pre-specified weights.
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This approach allows us to compare outcomes in counties affected by the straw-burning ban
with outcomes in counties that are never or not yet treated, while controlling for a rich set of
fixed effects and time-varying characteristics. Specifically, we control for county-level covariates,
county-by-year fixed effects, and province-by-year-quarter fixed effects. This estimator avoids
the negative weighting and “forbidden comparisons” problems that distort TWFE estimates, and
under standard DID assumptions, yields unbiased and efficient estimates even in the presence of
treatment effect heterogeneity across cohorts and over time.

We now formalize the estimation procedure. Let D8' be a binary treatment indicator and Y#
the outcome for group g in period f. In our context, group g denotes a set of counties with the
same policy adoption time, and D$! = 1[t > E£|, where E¢ is the period in which group g first
adopts the straw-burning ban. For never-treated groups, E$ = co. The set of treated observations
is defined as OOy = {(g,t) : D8' = 1}, with cardinality Ny = |()4].

Let Y8'(0) denote the potential outcome in the absence of treatment. The treatment effect
for treated observations is 8" = E[Y8' — Y8!(0)]. Given a vector of non-random weights w =
(w8") (g 4)cq,, the estimand is:

Ty = Z wst8t,
(&) e

In our dataset, each observation is indexed by county c, province p, year y, and quarter 4. To
make the notation explicit, we extend the indexing to include these components. The first step
involves estimating the untreated potential outcome model:

YE50(0) = Xyar + 1) + Oy, M

where Yggrfw denotes the outcome of interest (hospitalizations or medical expenditures from vector-
borne diseases), and X,,y, includes county-level time-varying controls such as hospital character-
istics, weather conditions, and forest fires. The fixed effects chyt and 5%51 absorb unobserved shocks
at the county-year and province-year-quarter level, respectively. This regression is estimated us-
ing only untreated observations.

In the second step, we impute the untreated counterfactual outcome for treated observations:

t 19t A A9t
Yyq(0) = Xcpygd + 08y + PM 2)

The estimated treatment effect for each treated observation is then given by:

A8t A8t gt
Tepyq = Yepyq — YCPW<O)

Finally, we compute the average treatment effect on the treated (ATT) using equal weights:

A ot ~gt gt 1
tw= Y, Wty where wi,, = N V(g t,c,p,y,9) €.
(gt)eM
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This yields:
TaTT = 1\1]1 Yt
(&tepyg) et

To assess the robustness of our findings, we implement three complementary estimation strate-
gies. First, we apply alternative methods including (Callaway and Sant’Anna, 2021; Sun and
Abraham, 2021), showing consistent estimates. Second, we apply the Poisson pseudo-maximum
likelihood (PPML) model as hospitalization numbers are count outcomes. Results from the PPML
method align with our benchmark estimates. Third, we explore the effect of treatment intensity,
measured by the accumulative number of straw-burning ban insurances. We estimate this effect
using the approach developed by de Chaisemartin et al. (2022) to accommodate continuous treat-
ment within a staggered DID framework. Further details on these robustness checks are provided
in Section 5.2.

4.1 Identification

The identification of the policy’s effects leverages the staggered rollout of the program across
counties. The key identification assumption is that, in the absence of the straw-burning ban, out-
comes in treated and untreated counties would have followed parallel trends. While this assump-
tion is not directly testable, we outline below a series of validation strategies that address potential
sources of bias—including policy endogeneity, omitted time-varying confounders, spillovers, and
concurrent policies—and demonstrate that they are unlikely to undermine our causal interpreta-
tion.

Pre-treatment Trend We assess the plausibility of parallel trends using event-study specifica-
tions (Figure 4). Results indicate no significant pre-treatment differences between treated and un-
treated counties. Robustness checks using alternative specifications for health outcomes, as well as
regressions for other outcomes—such as fires, insect populations, and residents’ responses—also

confirm the parallel trends assumption.

Assignment to Straw-Burning Ban Policy A central concern is that the policy may be endoge-
nously implemented in response to unobserved factors correlated with vector-borne disease out-
comes. To address this concern, we present evidence suggesting that the policy rollout was plausi-
bly exogenous to insect-related health trends and that potential confounders are unlikely to drive
our results. First, the straw-burning ban was part of China’s broader effort to mitigate air pollu-
tion. As shown in Figure D2, the rollout pattern of the straw-burning ban closely mirrors that of
the Air Pollution Monitoring and Disclosure Program, which has been shown to follow an admin-
istrative sequence (Barwick et al., 2024).

We further confirm that the rollout pattern is not correlated with local health infrastructure.
Table D1 and Table D2 examine socioeconomic and infrastructural characteristics across different
policy adoption waves. Earlier-treated counties tend to have higher GDP and larger populations,
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consistent with prioritization of higher-level administrative regions. However, other potentially
confounding factors—such as cropland area and healthcare infrastructure—do not explain the
timing of policy adoption, conditioning on administrative hierarchies. To address concerns that
air quality improvements induced by the policy may confound the estimated health effects, we
examine the relationship between PM; 5 concentrations and vector-borne disease hospitalizations.
Table D3 shows no statistically significant relationship between PM; 5 levels and vector-borne dis-
ease hospitalizations, suggesting that our health outcomes are unlikely to be driven by coincident

improvements in air quality.

Fixed Effects and Time-Varying Controls Our empirical specification includes county, year-
quarter, and province-by-quarter fixed effects to account for time-invariant regional character-
istics, macroeconomic trends, and regional seasonal patterns. These fixed effects absorb variations
related to changes in, for example, population age structure, industrial composition, agricultural
activities, and public health or climate policies.

To further mitigate concerns about potential confounding from quarterly-varying county-level
factors, we include a comprehensive set of controls grouped into four categories: First, we control
for hospital operational characteristics, as the recorded incidence of vector-borne diseases may
be affected by local healthcare capacity. Specifically, we include the number of hospitals by tier,
class, type, and total number of hospitals in each quarter, as well as the the average number of
annual hospitalization. Second, we control for weather conditions, including temperature and
precipitation, which can influence insect activity and human exposure. Third, we include socio-
economic characteristics that may affect health outcomes, such as GDP, population, cropland area,
and the total number of hospital beds. Finally, we control for forest fire incidence and area to

distinguish the effects of straw burning from broader ecological disturbances.

Concurrent Policies Several concurrent agricultural and health reforms overlapped with the im-
plementation period of the straw-burning ban. However, it is unlikely that these policies confound
our results for two main reasons. First, most were national in scope or implemented as provin-
cial pilot programs, which can be captured by the province-by-year-quarter fixed effects in our
empirical model. Second, none of these concurrent policies directly increase insect populations.
Appendix D provides additional details. To rule out the potential influence of the COVID-19 pan-
demic (2020-2022) on our results, we exclude these three years from the analysis and confirm that
the main findings remain robust (Table E10).

The study period coincides with several national and local initiatives that could potentially
confound the estimated effects of the straw burning ban. While the central government launched
the Sloping Land Conversion Program —these programs were broadly awarded across ... and not
explicitly linked to environmental objectives. In contrast the straw burning ban was a punitive
policy focused on environmentally .... To mitigate confounding, all regressions include ... and

year fixed effects. We further account for the influence of concurrent environmental regulations
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—such as provincial SO, reduction targets, national energy conservation campaigns, and clean air
mandates—by excluding affected regions and sectors in a battery of robustness checks (Appendix
Table xxx). The estimated effects remain consistent in both magnitude and significance. These
identification strategies collectively reinforce that our results are not driven by contemporaneous
policy interference.

Spillover Effects Within-county spillovers (i.e., rural-to-urban exposure) are captured in our
aggregated county-level measures. However, inter-county spillovers remain a potential concern
if treatment in one county affects outcomes in neighboring untreated counties. Due to the cu-
mulative and dynamic nature of spillovers under staggered adoption, conventional parametric
spillover estimators are inapplicable in our framework. To address this, we conduct a robustness
check in Section 5.2, where we exclude geographically adjacent treatment and control counties to
find the direct effect. The results support the validity of our identification.

4.2 Pathway Analyses

We conduct two efforts to verify the impact pathway. First, we apply the same DID specifica-
tion to a range of related outcomes, including agricultural fires, insect populations, and responses
in awareness and defensive investment to insect exposure. Second, if the impact operates through
changes in agricultural fires and insect population dynamics, we would expect to see heterogene-
ity along closely related dimensions. To test this, we examine whether the policy’s effects vary
by rural versus urban populations, by major crops that differ in pre-ban straw burning practices,
by climate patterns that affect insect populations, and by harvest versus non-harvest seasons that
shape human exposure to agricultural fields. Together, these analyses substantiate the proposed

mechanism of impact.

5 Result

5.1 Straw-Burning Ban and Vector-Borne Diseases

We first examine the impact of the straw-burning ban on the incidence of vector-borne diseases.
Table 2 presents the results. Panel A reports the effects on all vector-borne diseases, while Panel B
focuses specifically on tick-borne diseases—a medically severe subset that includes illnesses such
as Lyme disease and SFTS. The dependent variables are the inverse hyperbolic sine (IHS) trans-
formations of hospitalization counts and expenditures. Columns (1)—(5) use the number of hospi-
talizations as the dependent variable. Column (1) includes county and year-quarter fixed effects
and shows that the ban significantly increases hospitalizations for vector-borne diseases. Column
(2) adds province-by-quarter fixed effects, and Columns (3)—(5) progressively incorporate addi-
tional controls. The results remain robust across specifications. In Column (5), the estimated effect

implies a 50.2% increase relative to the sample mean, corresponding to 12 additional cases per
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county per quarter (23.812 x 0.502). Columns (6)—(10) examine medical expenditures, revealing
that the ban leads to a 173.2% increase relative to the sample mean, or approximately 203,365 yuan
(117,461 x 1.732, approximately 0.28 million U.S. dollars) per county per quarter. The estimates
for tick-borne diseases also show statistically significant effects, albeit with smaller magnitudes.

Table 2 about here.

To assess the economic impact, a back-of-the-envelope calculation suggests that, across the
1,403 counties where the ban was implemented, the annual increase in hospitalization costs for
vector-borne diseases amounts to 2.81 billion CNY (approximately 388 million U.S. dollars).2® Of
this amount, 69.3 million CNY is attributable to tick-borne diseases (7,569 x 0.703 x 4 x 1,403 x
2.32 = 69.3 million, approximately 9.6 million U.S. dollars). Our estimates likely represent a lower
bound on the total economic burden, as outpatient data is unavailable.

Medical Burden Compared to Benefits from Air Pollution-related Diseases Reduction Al-
though we do not have outpatient data and thus cannot directly assess the absolute magnitude
of the health costs, we leverage our dataset to estimate the impact of the straw-burning ban on
diseases known to be sensitive to air pollution. This allows for a meaningful comparison with
findings from prior literature. Existing studies have identified respiratory and cardiovascular
diseases—corresponding to ICD-10 codes J00-J99 and 100-199 —as major categories affected by
air pollution.

We estimate the effect of the ban on these diseases. As shown in Table F1 in the Appendix,
hospitalizations and medical expenditures for respiratory and cardiovascular diseases declined
following the ban. The reduction in medical expenditures attributable to improved air quality is
approximately 1.86 million yuan per county per quarter for respiratory diseases and 1.67 million
yuan for cardiovascular diseases (the latter being statistically insignificant).

Comparing these savings with the estimated increase in vector-borne disease-related expen-
ditures, we find that the additional cost offsets about 10.96% of the respiratory benefits. This

unintended health cost is nontrivial and warrants serious consideration in future policy design.

Event Study We implement an event study framework to test for parallel trends prior to the pol-
icy and examine its dynamic effects post-implementation. The upper and lower panels of Figure 4
display estimates for vector-borne disease-related hospitalizations and medical expenditures, re-
spectively. The x-axis shows quarters relative to the policy rollout, with the vertical dashed line

26The calculation proceeds in two steps. First, since our dataset does not cover all hospitals within each county, we
extrapolate our estimates to the national level by applying a multiplier based on hospital coverage. Specifically, we
use the ratio of the full national system (14,668 tier-2 and tier-3 hospitals across 2,843 counties) to the hospitals covered
in our data (2,788 tier-2 and tier-3 hospitals across 1,252 counties), as reported by National Health Commission of the
People’s Republic of China (2023), yielding a multiplier of 2.32. Total medical expenditure is calculated as 203,365 x 4
x 1,403 x 2.32 = 2.65 billion CNY. Second, since total hospitalizations of tier-1 hospitals accounts for 6.2% of those in
tier-2 and tier-3 hospitals, we calculate the hospitalization cost for tier-1 hospitals as 2.65 x 6.2% billion = 0.16 billion
CNY. The combined total is 2.81 billion CNY.
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marking the quarter of implementation. The y-axis reports estimated treatment effects relative to
untreated counties, along with 95% confidence intervals.

Figure 4 about here.

The insignificant pre-treatment coefficients support the parallel trend assumption and the per-
sistently positive post-treatment coefficients indicate a sustained rise in hospitalization and med-
ical expenditures post policy implementation. Figure E1 shows similar patterns in the policy’s
dynamic effects on tick-borne diseases, Figure E2 shows consistent results from using the CSDID
estimator (Callaway and Sant’Anna, 2021), and Figure E3 shows the results using (Sun and Abra-
ham, 2021), further validating the persistence and magnitude of the policy’s unintended health

consequences.

5.2 Alternative Concerns and Robustness Checks

To ensure the robustness of our results, we conduct a series of robustness checks. For brevity,
we present the detailed regression results are reported in Figure E2 and Figure E3, as well as
Table E3 through Table E10 in the appendix.

Spillover Effects We recognize that DID estimates may be biased when spillover effects occur
across county borders: adjacent treatment and control counties may lead to biased treatment ef-
fects if they are indirectly affected through the ecological spread of insects.”’ To mitigate these
concerns, we exclude geographically adjacent treatment and control counties.?® Figure F2 illus-
trates the spatial and temporal distribution of treated counties after removing adjacent counties
across treatment waves and between treatment and control groups. We then re-estimate our base-
line models using this restricted sample.

The results, presented in Table E3, remain substantial and statistically significant, and are com-

parable in magnitude to the average effects reported in Table 2.

Alternative Estimation Models To validate the robustness of our two-stage staggered DID es-
timates, we employ two widely used alternative approaches. First, we implement the methods
proposed by Callaway and Sant’Anna (2021) and Sun and Abraham (2021), which address treat-
ment effect heterogeneity and correct for potential bias in staggered adoption settings. As shown
in Table E5 and Table E6, the results closely align with those from our benchmark model, while
the event study plots (Figure E2 and Figure E3) further confirm the persistence of the treatment
effects for up to four years after the ban.

271t is worth noting that our analysis is conducted at the county level, and we are therefore unable to directly observe
or disentangle potential spillover effects occurring within counties. However, in Section 6.4, we perform a heterogeneity
analysis comparing urban vs. rural health outcomes, which further implies the existence of within county spillovers.

2Explicitly estimating spillover effects under a staggered adoption model is challenging due to the cumulative nature
of spillovers and the inapplicability of parametric approach for staggered model.
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Second, although the inverse hyperbolic sine (IHS) transformation is suited for the outcome
variables, we also present results using alternative specifications, specifically log(1 + x) transfor-
mations for robustness check. We also use a PPML model which provides efficient estimator for
count data (Correia et al., 2020). The results, reported in Table E7 and Table E8, remain consistent

with our baseline findings.

Alternative Policy Measurement: Treatment Intensity A potential concern in evaluating policy
effects is variation in treatment intensity across regions and over time. To account for this, we
construct a measure for policy intensity as the cumulative number of straw-burning ban docu-
ments issued.”’ Table E9 presents the estimation results using this intensity-based measure. We
use the method proposed by de Chaisemartin et al. (2022) to integrate treatment intensity within

a staggered DID framework. The findings remain consistent with our baseline estimates.

Alternative Sample As an additional robustness check, we re-estimate our main models using
a subsample from 2015 to 2019, which excludes the period of the COVID-19 pandemic. The re-
sults, reported in Table E10, remain consistent with our baseline estimates and continue to show

significant effects of the straw-burning ban on hospitalizations of vector-borne diseases.

6 Pathway of Impact

To empirically validate the mechanism through which the straw-burning ban affects insect
population and the associated health outcomes, we trace the full causal pathway linking environ-
mental policy to disease outcomes.

6.1 Straw Burning

We begin by examining the policy’s impact on agricultural burning. Using county—year-level
data on cropland fires, we apply the difference-in-differences imputation estimator of Borusyak et
al. (2024). The primary dependent variables are the frequency and total burned area of cropland
fires during the harvest season. To ensure consistency with the main analyses on hospitalization
data, we restrict the sample period to 2015-2022. The specification includes county and year fixed
effects, as well as controls for weather conditions, wildfire characteristics, grain planting area,
GDP, and population. Estimation results are reported in Table 3, and the corresponding event-
study plots are presented in Figure 6.

Table 3 indicates substantial annual reductions in both the frequency of agricultural fires (-0.21
fires, 119.8% of the sample mean) and total burned area (-0.496 km?, 91.2% of the sample mean)

2L 0cal governments sometimes issue repeated documents—such as emergency notices and enforcement announce-
ments—to signal increased urgency and stronger implementation efforts. The cumulative number of such documents
serve as a meaningful proxy for government engagement and enforcement intensity.
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per county following the straw-burning ban.> These findings remain consistent across alternative
estimation strategies (Table E12).

Table 3 about here.

Panels (a) and (b) of Figure 6 suggest that the parallel trends assumption holds and that the
ban’s effect on fire incidence persists for at least six years after implementation. As a robustness
check, we replicate the event-study analysis using fire data from 2001-2022. Panels (c) and (d)
of Figure 6 confirm both the validity of the parallel trends assumption and the persistence of the

policy’s impact.

Figure 6 about here.

6.2 Insect Observations

We next examine whether the straw-burning ban led to insect proliferation. To assess changes
in the abundance of disease-relevant species, we use species observation data and apply an in-
verse hyperbolic sine (IHS) transformation to account for the skewed distribution in the number
of species and observers. We evaluate the policy’s effect across multiple arthropod taxonomic
categories.

First, we estimate the impact of the straw-burning ban on the total number of Arthropoda ob-
servations. Second, since Insecta contains the largest number of species within the Arthropoda, we
examine the effect of the policy on the total number of Insecta observations.! Third, since non
Insecta species certain arthropods linked to severe health risks such as ticks, we also estimate the

effect of the policy on observations of non-Insecta species such as Arachnida and Chilopoda.
Table 4 about here.

Our DID model includes county and year fixed effects and time-varying controls such as the
number of unique observers, GDP, weather controls, and forest fire characteristics. As shown
in Table 4, we find significant increases in Arthropoda observations following policy implemen-
tation, including both insect and non-insect species. The increase is especially pronounced for
Insecta observations that are closely associated with disease transmission. Figure 7 presents the
event study estimates of the ban’s impact on insect populations. The results show no significant

pre-trends, supporting the parallel trend assumption, and reveal a persistent increase in insect

30Agricultural fires are detected using remote sensing data, counting any burning activity within a 1 km x 1 km
cropland grid in a given month as one event. This approach reduces measurement error arising from variation in
cropland size and from the possibility that residues are removed through multiple burns or spatially scattered burning
within the same plot. In our estimation sample, the average annual county-level values are 0.178 fire events and 0.648
km? of burned area.

31For instance, within Insecta, insect orders such as Diptera (e.g., flies, mosquitoes, horseflies), Lepidoptera (e.g., sting-
ing caterpillars), Hymenoptera (e.g., bees), and Coleoptera (e.g., rove beetles) widely recognized as disease vectors or as
species associated with dermatological, allergic, or toxicological health conditions via bites or stings (see Appendix B
for more details). Thus, species in Insecta are known to be linked to vector-borne health outcomes.
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abundance following the policy implementation. These patterns are consistent with ecological lit-
erature suggesting that reduced fire activity results in lower mortality of insect eggs and improves

overwintering conditions for arthropods, thereby increasing their survival rates.
Figure 7 about here.

We also test robustness using alternative empirical specifications and controls such as using
log transformation of the number of species observation trips and controlling for weather charac-

teristics in the last period or the number of unique bird observers (see Table E13).

Discussing Magnitude of Impact We find that insect populations increased by less than 5%, yet
hospitalizations rose by over 50% and medical expenditures by 173%. This seemingly striking
pattern can be explained by epidemic theory, drawing on insights from Kilpatrick and Randolph
(2012) and Smith et al. (2012), which show that even modest increases in vector abundance can
trigger disproportionately large rises in human infections due to nonlinear exposure dynamics.
Once vector density exceeds a critical threshold—causing the basic reproductive number (Rp) to
surpass 1—the frequency of human-vector contact can rise sharply (Anderson and May, 1991),
thereby amplifying disease transmission even in response to seemingly minor ecological changes.

Several mutually reinforcing mechanisms help explain this nonlinearity. First, even without a
large increase in the overall vector population, insects may become more spatially concentrated
near human activity zones, such as cropland edges or residential areas. This spatial redistribution
raises the effective exposure rate. Our later finding that the policy’s impact is more pronounced
during harvest seasons—when people interact more frequently with fields—supports this mech-
anism (see ??). Second, the accumulation of straw residues may improve insect survival, extend
lifespans, or increase biting frequency, potentially enhancing the proportion of vectors carrying
pathogens and thereby intensifying transmission efficiency, even if total insect counts remain rel-
atively stable. Third, there may be a behavioral lag in protective responses. Because the straw-
burning ban was designed primarily for air quality improvement, the public likely did not antic-
ipate heightened vector-borne disease risks. As a result, individuals may have lacked timely and
adequate protective behaviors—such as using insect repellents, protective clothing, or vaccines—
leading to concentrated outbreaks in the early stages of policy enforcement.

6.3 Web Search for Insect Awareness and Defensive Investment

To examine behavioral responses, we complement the health data with Baidu Search Indices,
which proxy for public concern and non-hospitalized health impacts. Using a DID specification
at the city-quarter leve, we analyze search activity for keywords related to straw-burning ban,
awareness of insect bites, and defensive investment.?? The regressions include city and province-

by-year-quarter fixed effects to account for regional and seasonal variation in media attention,

32 Although Baidu data are only available at the city level and may be influenced by media coverage, they represent
the best available measurements for non-hospitalized health outcomes and individual risk perception of vector-borne
diseases.
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internet access, and socioeconomic conditions. We also control weather patterns and forest fires
in the regressions. As shown in Column (1) in Table 5, the policy led to significant increases in
search activity related to the straw-burning ban, suggesting that the Baidu Search Index effectively
captures real-world responses. Columns (2)—(4) examine public awareness using three categories
of keywords: insect bites, ticks, and seeking help after being bitten. The results indicate that
search volumes increased by 40% to 110% relative to the sample means, with particularly sharp
increases in searches related to ticks. Although indirect, these search patterns reflect heightened

public concern and exposure, supporting that the observed ecological changes were salient.
Table 5 about here.

We further assess policy-induced defensive behavior and preventive investment. Since not
all insect-related illnesses lead to hospitalizations, our baseline estimates likely understate the full
economic burden. The analysis of Baidu search activity thus complements the hospitalization data
by capturing broader public responses and potential non-severe cases. We classify search activity
into two categories: protective measures (e.g., mosquito nets, coils, repellents), and vaccines for
vector-borne diseases (e.g., tick-borne encephalitis, yellow fever). Columns (5) and (6) in Table 5
show that the policy significantly increased search activity in both domains, indicating additional
health-related costs and behavioral responses beyond hospitalizations.

We also present event study analyses for all six keyword categories in Figure 8. We observe
parallel pre-trends for most measures of public awareness and defensive investment. A slight
pre-trend appears for searches related to the “straw burning ban,” which may reflect anticipatory
responses to policy implementation. These findings indicate that heightened exposure prompted
behavioral responses and greater demand for protective measures. Yet, the persistence of health
effects over time suggests that such measures were insufficient to fully offset the associated risks.

Figure 8 about here.

6.4 Supporting Evidence from Heterogeneity Analysis

To further corroborate the channel analysis, we investigate heterogeneity in the policy’s ef-
fects along three dimensions: (i) rural and urban residents, (ii) the type of major grain cultivated,
(iii) regional climate characteristics, and (iv) human exposure to farmland activities captured by
harvest and non-harvest seasons. These factors capture variation in population affected, crop-
specific ecological interactions, and environmental conditions that influence vector-borne disease

transmission, providing additional evidence on the mechanisms underlying our results.

Rural and Urban Residents The straw-burning ban policy naturally has a direct impact on rural
residents who work in agricultural fields. However, increased insect populations may also spill
over into urban areas, either through migration or via infected animals, potentially exposing urban

residents to similar health risks. To examine this possibility, we conduct a heterogeneity analysis
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based on each hospitalized individual’s health insurance type. We use two categories: the New
Rural Cooperative Medical Scheme (NCMS), which covers rural residents, and those under the
Urban Employee Basic Medical Insurance (UEBMI), which covers urban employees.>®

Table E1 presents the heterogeneous effects of the straw-burning ban on hospitalizations for
vector-borne and tick-borne diseases. Columns (1) and (2) show significant increases in vector-
borne diseases hospitalizations for individuals covered by NCMS and UEBMI, with similar mag-
nitude of impact. Columns (3) and (4) shows the impact on tick-borne diseases is more significant
and of larger magnitude for rural residents. This can be intuitively explained by the ecological
characteristics of ticks, since ticks are incapable of flight and have a limited range of activity, typi-
cally only several tens of meters. These findings suggest that the straw-burning ban has spillover

effects beyond rural areas, potentially affecting urban populations as well.

Heterogeneity by Major Grain The effects of the straw-burning ban are expected to manifest
primarily in regions where open-field burning of straw residues was common prior to the policy.
Such variation is largely driven by differences in post-harvest straw management practices across
crop types. Two representative cases are wheat and corn. Wheat straw—owing to its low market
value and high collection costs—was almost always burned on-site before the ban. In contrast,
corn straw has higher economic value and is frequently collected for use as fodder or fuel, making
open-field burning relatively rare.>* ?? presents the heterogeneous effects of the ban across coun-
ties with different dominant grain types. Column (1) reports the baseline results for all counties.
Column (2) shows that the effect is significantly stronger in wheat-producing regions. In contrast,

column (3) indicates no discernible impact in corn-dominated regions.

Heterogeneity by Climate ?? examines heterogeneity in the health effects of the straw-burning
ban across counties with different climatic conditions—specifically precipitation and tempera-
ture—both of which are ecologically relevant to vector-borne disease transmission.*®> We classify
counties by median of their average annual precipitation or temperature during 2015-2022.

The results show that the straw-burning ban significantly increases hospitalizations in both
high- and low-precipitation areas, as well as in warm regions. In contrast, the estimated effects
are smaller and statistically insignificant in low-temperature counties. These findings provide in-
direct support for the proposed mechanism: the policy’s impact on insect-related health outcomes
is more pronounced in warmer regions, where unburned straw likely improves insect habitats

33Before 2016, urban non-employed residents were covered by the Urban Resident Basic Medical Insurance (URBMI).
After 2016, to reduce disparities in healthcare access between urban and rural populations, the NCMS and URBMI were
gradually integrated into the Urban and Rural Resident Basic Medical Insurance (URRBMI). Therefore, we do not use
URBMI to identify urban residents. See Appendix A.1 for details.

34Wheat straw is typically returned to the field, whereas corn straw is often collected for further utilization (Wu et
al., 2021).

35Wet and warm environments are well-documented to enhance vector survival, reproduction, and activity. See
Tanaka and Tanaka (1982), Bale and Hayward (2010), Miao et al. (2019), Franca et al. (2020), Ma et al. (2025) for refer-
ences.
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and increases vector abundance. In colder regions, vector survival and activity are naturally con-
strained, weakening the ecological and health effects of the ban. The lack of differential effects
by precipitation may reflect offsetting forces—while humid conditions favor insect survival, drier
regions tend to experience more open burning prior to the policy, potentially mitigating the con-

trast.

Heterogeneity by Human Exposure If the ban affects disease incidence by increasing insect pop-
ulations, then human exposure should be a key factor amplifying health risks. One period of par-
ticularly high exposure is the harvest season, when people spend more time working in the fields.
We test this implication by comparing the ban’s effects between harvest and non-harvest seasons,
using data aggregated at the county-month level. As shown in the results (see ??), the impact
of the ban on vector-borne diseases is significantly larger during harvest months. This finding
suggests that increased human exposure plays an important role in translating ecological changes
into health risks, further supporting our proposed mechanism.

7 Role of Straw Residue Management and Policy Implications

The results above reveal an unintended ecological and health consequence of China’s straw-
burning ban: an increase in vector-borne diseases with substantial medical costs. A critical ques-
tion, then, is how to avoid these negative health impacts while still achieving the air pollution re-
ductions that the ban targets. Given that open-site straw burning remains widespread in many de-
veloping countries—and similar bans may be implemented elsewhere for environmental reasons—
it is important to draw policy implications for designing effective and balanced interventions in
comparable contexts.

An important but often overlooked aspect in practice is how straw residues are managed af-
ter burning bans are implemented. As illustrated in Figure F3, regions in China varied widely in
their post-ban handling of straw residues. In some areas, straw was left to accumulate on cropland
and later crushed and buried into the soil before the next planting season. In other regions, how-
ever, local capacity enabled more effective removal or recycling of straw. The primary methods
involve baling and collecting straw for use as livestock feed or as fuel for biomass power plants.
Because the cost of collection and processing often exceeds the market value of recycled straw, the
extent of recycling is highly dependent on government subsidies (He et al., 2020) and industrial
demand, particularly from biomass energy facilities (Cao and Ma, 2023; Nian, 2023). Since accu-
mulated straw residues improve overwintering conditions for insects, regions where straw was
not removed are more likely to experience negative health consequences. To test this hypothesis,
we examine whether improved straw management practices—such as removal or recycling—can

mitigate these unintended effects.

Figure F3 about here.
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We construct multiple measures to capture the extent of straw residue removal and recycling.
First, for straw recycling subsidies, we use two approaches. Following He et al. (2020), we consider
the central government’s 2016 incentive-based policy that subsidized individuals and enterprises
to recycle straw from fields. Under this policy, ten provinces received subsidies totaling 1.3 billion
RMB (approximately 186 million USD). We treat counties within these provinces as part of the
subsidized group. As an alternative measure, we identify counties covered by straw-burning pro-
hibition policies that explicitly mention subsidies for straw recycling in their policy documents.3®
Second, we use the number of biomass power plants per county as a proxy for recycling capac-
ity. Biomass power plants incentivize farmers to collect straw residues for electricity generation,
thereby reducing residue accumulation in fields (Cao and Ma, 2023; Nian, 2023). These measures
capture institutional and infrastructural efforts to reduce straw residues, which may mitigate eco-
logical conditions conducive to vector-borne disease transmission.?”

Table 8 presents the heterogeneous effects of the straw-burning ban based on straw recycling
measures. Columns (1) and (2) examine the role of recycling subsidies as province level policy,
finding that the effect is statistically insignificant in counties receiving such support, while the
effect is significantly larger in counties that did not receive support. Columns (3) and (4) compare
the effects of the ban in counties with and without formal recycling policies. The estimated health
effects are significantly smaller in regions with recycling policies, suggesting that straw removal
mitigates disease risks. Consistent with these findings, columns (5) and (6) show that counties
with greater recycling capacity—measured by the number of biomass power plants—also exhibit
statistically insignificant policy effects on vector-borne disease hospitalizations.

Table 8 about here.

We plot event studies for groups classified using all three recycling measures. Across specifi-
cations, we find no significant differences in pre-trends between the two groups. After the policy
implementation, however, counties without recycling subsidies, without explicit recycling poli-
cies, or with fewer biomass power plants show a clear increase in vector-borne diseases, while the

impact is much smaller in counties with stronger recycling capacity.
Figure 10 about here.

These results confirm that effective straw recycling reduces exposure to disease vectors by
removing crop residues and thus limiting favorable ecological conditions for insect survival. As
such, straw recycling and biomass utilization represent a promising dual-benefit strategy: they not
only reduce air pollution, as documented in the literature, but also mitigate the unintended public

36See Appendix A.2 for details of policy definition.

37These recycling indicators are plausibly exogenous to insect-related health outcomes, as their adoption was pri-
marily driven by straw management needs (He et al., 2020), rather than concerns about insect-borne diseases. To
further address potential endogeneity related to government responsiveness or local socioeconomic factors, all speci-
fications include controls for hospital characteristics, weather conditions, and forest fire frequency, along with county,
year-quarter, and province-by-quarter fixed effects to absorb jurisdiction-specific policy and environmental trends.
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health costs of straw-burning bans. Existing studies have shown that the health benefits from
air pollution reduction due to straw recycling subsidies exceed the subsidy costs. Our findings
further demonstrate that these subsidies also substantially reduce the harm from vector-borne
diseases caused by the straw-burning ban.

Therefore, our results do not imply a recommendation to reintroduce straw burning. Instead,
they point to the need for more comprehensive and context-sensitive straw management strategies
that reconcile environmental goals with ecological and public health outcomes. Providing targeted
subsidies and incentives for farmers to adopt these alternatives could help reduce both ecological
and public health risks.

8 Conclusion

This paper examines unintended health consequences of China’s straw-burning ban, which
was originally implemented to reduce air pollution but has increased insect populations and the
prevalence of vector-borne diseases. The medical costs are substantial, amounting to roughly
11% of the health benefits gained from air pollution reduction. We provide evidence on how this
occurs by showing that while the ban effectively reduced cropland fires, it also increased insect
abundance and heightened public concern and defensive investment related to insect bites and
vector-borne diseases. Importantly, we find that these health harms can be largely mitigated when
straw residues are removed from croplands—such as in regions with effective straw recycling
policies or widespread biomass power plants.

These findings offer important insights for future straw-burning bans in developing coun-
tries. While such policies have clear environmental benefits, they can unintentionally disrupt
ecosystems and harm human health. However, these negative impacts can be avoided with well-
designed policies that manage straw residues effectively. At the individual level, low-cost pro-
tective measures—such as using insect repellents, bed nets, and wearing protective clothing—can
reduce exposure to insect bites. At the government level, strengthening public health education,
improving disease surveillance, and expanding healthcare access are essential. Moreover, our
results show that a one-size-fits-all approach is suboptimal. The harm is especially pronounced
in wheat-producing regions and warmer areas. Therefore, straw-burning regulations should be
crop-sensitive and climate-responsive, with policies tailored to local agricultural practices and
ecological risks.

As abroad general insight, this paper illustrates the complex and often overlooked interactions
between human interventions and ecological systems. Our findings call for a more integrated
approach to environmental policy design—one that considers ecosystem feedback loops to avoid
merely shifting health and environmental risks elsewhere.
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Figure 1: Ecological Framework Linking Straw-Burning Bans with Human Health

Notes: This figure illustrates the key mechanism linking the straw-burning ban to unintended health outcomes: (i) the ban
reduces the incidence of agricultural fires, resulting in the accumulation of crop residues; (ii) these residues create favorable
habitats for arthropods, including insects and non-insect species such as ticks; and (iii) the increased vector populations

contribute to a rise in vector-borne infectious diseases, including a severe subset—tick-borne diseases.
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Figure 2: Rollout of the China’s Straw-Burning Ban Across Counties

Notes: This figure shows the number of counties that implemented the straw-burning ban policy with explicit evaluation
criteria over time. The data are drawn from the Peking University Law Database (https://www.pkulaw.com), which are

described in detail in Appendix A.2.
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Figure 3: Distribution of Vector-Borne Disease Hospitalizations

Notes: Panel (a) displays the spatial distribution of hospitalizations for vector-borne diseases from 2015 to 2022. Panel (b) illustrates
the negative spatial correlation between agricultural fire incidents and vector-borne disease hospitalizations in 2022. Panel (c) catego-
rizes vector-borne disease hospitalizations by primary transmission vector. Panel (d) shows the total number of vector-borne disease
hospitalizations by month.
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(a) Event Study of Hospitalizations for Vector-Borne Diseases
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(b) Event Study of Medical Expenditure for Vector-Borne Diseases
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Figure 4: Effects on Vector-Borne Diseases: Event Study Plots

Notes: This figure illustrates the dynamic effects of the straw-burning ban on vector-borne disease hospitalizations using the im-
putation difference-in-differences event-study approach (Borusyak et al., 2024). The dependent variables are the inverse hyperbolic
sine (IHS) transformation of the number of inpatient admissions (Panel (a)) and the IHS transformation of total medical expendi-
tures (Panel [b]) for vector-borne diseases, measured at the county-by-year-quarter level. The regression includes county fixed effects,
province-by-quarter fixed effects, and year-quarter fixed effects. Control variables include the total number of hospitals, the counts
of secondary, tertiary, Class B, Class C, and general hospitals, average number of annual hospitalizations, average temperature and
precipitation, frequency and burned area of forest wildfires, cropland area, GDP, population, and the number of hospital beds. The
x-axis is quarters relative to treatment. The y-axis displays estimated treatment effects relative to non-treated observations, with 95%
confidence intervals.
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Figure 5: Robustness Checks

Notes: This figure presents results from various robustness checks on the impact of the straw-burning ban on hospitalizations for
vector-borne diseases. Squares represent point estimates, and lines indicate 95% confidence intervals. The regression results are
detailed in Table E1 through Table E10. The coefficient from the PPML model is interpreted as the marginal effect of the policy on the

percentage change in the outcome variable, calculated as (eB — 1) % 100% from the point estimate reported in Table E8. For the effect
of policy intensity, the reported estimate in Table E9 reflects the impact of one additional policy document. To compute the average
effect for treated observations, this estimate is multiplied by the average cumulative number of policies (1.74) in those regions.

32



(a) Event Study of Cropland Fire Frequency
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Figure 6: Effects on Cropland Fires: Event Study Plots

Notes: This figure illustrates the dynamic effects of the straw-burning ban on frequency and burned area of cropland fires using the
imputation difference-in-differences event-study approach (Borusyak et al., 2024). The dependent variables are the inverse hyperbolic
sine (IHS) transformation of the frequency of cropland fire in harvest seasons (Panel a) and the IHS transformation of burned area
of cropland fires in harvest seasons (Panel b), measured at the county-year level. The analysis uses data from 2001 to 2022. The
regression includes county and province-by-year fixed effects. Control variables include average temperature and precipitation, the
frequency and burned area of forest wildfires, lagged wheat and corn areas, log GDP, and log population. The x-axis is years relative
to treatment. The y-axis displays estimated treatment effects relative to non-treated observations, with 95% confidence intervals.
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(a) Event Study of Arthropoda Population (b) Event Study of Insecta Population
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Figure 7: Effects on Insect Population: Event Study Plots

Notes: This figure illustrates the dynamic effects of the straw-burning ban on insect population using the imputation difference-in-
differences event-study approach (Borusyak et al., 2024). The dependent variables are the inverse hyperbolic sine (IHS) transformation
of the number of observations for arthropoda, insecta, arachnida, and chilopoda species, measured at the county-year level. The
regression includes county and year fixed effects. Control variables include the IHS transformations of the number of unique observers
and GDP, average temperature and precipitation, and frequency and burned area of forest wildfires. The x-axis is years relative to
treatment. The y-axis presents the estimated treatment effects relative to non-treated observations, with 95% confidence intervals.
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(a) Event Study of Straw-Burning Ban Searches (b) Event Study of Insect Bite Searches
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Figure 8: Effects on Baidu Search Index: Event Study Plots

Notes: This figure illustrates the dynamic effects of the straw-burning ban on Baidu Search Index of various terms, a proxy for public
attention and concerns. The examined terms include straw-burning ban, insect bites, ticks, insect bite-related inquiries, pest control,
and relevant vaccinations. The detailed words for search terms are listed in Table A4. The unit of observation is at the city-by-year-
quarter level. The regression includes city fixed effects and province-by-year-quarter fixed effects. Control variables include average
temperature and precipitation, frequency and burned area of forest wildfires, cropland area, GDP, population, and the number of
hospital beds. The x-axis is quarters relative to treatment. The y-axis displays estimated treatment effects relative to non-treated
observations, with 95% confidence intervals.
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(a) Event Study of Number of Machine (b) Event Study of Total Value of Machine
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Figure 9: Effects on Machine Procurements: Event Study Plots

Notes: This figure illustrates the dynamic effects of the straw-burning ban on straw recycle machine procurements using the imputa-
tion difference-in-differences event-study approach (Borusyak et al., 2024). The dependent variables are the inverse hyperbolic sine
(IHS) transformation of the number of machine procurements (Panel [a]), the IHS transformation of total value of machine procure-
ments (Panel [b]), the IHS transformation of subsidies of machine procurements (Panel [c]), and the IHS transformation of unit price
of machine procurements (Panel [d]), measured at the county-by-year-quarter level. The regression includes county fixed effects,
province-by-quarter fixed effects, and year-quarter fixed effects. Control variables include average temperature and precipitation,
frequency and burned area of forest wildfires, cropland area, GDP, population, and the number of hospital beds. The x-axis is quarters
relative to treatment. The y-axis presents the estimated treatment effects relative to non-treated observations, with 95% confidence
intervals.
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Figure 10: Event Study of Straw-Burning Ban by Recycling Program

Notes: This figure shows the dynamic effects of the straw-burning ban on straw-recycling machine procurement and vector-borne
diseases, by the presence of recycling support. Panels (a)-(d) report event-study estimates for the inverse hyperbolic sine (IHS) of the
number, total value, subsidy amount, and unit price of straw-recycling machine procurements, measured at the county—year—quarter
level. Panels (e) and (f) report event-study estimates for the IHS of the number of inpatient admissions and medical expenditures for
vector-borne diseases, also at the county—year—quarter level. In all panels, we compare the effects of the straw-burning ban between
counties with and without the straw-recycling subsidy program described in He et al. (2020). The treatment groups consist of counties
outside and inside the straw recycling subsidy program, respectively. In counties with a recycling program, the treatment group
includes only observations with both a ban and a recycling program. The fixed effects and control variables are the same as in
Figure 4, Figure 6, and Figure 9. The x-axis shows quarters or years relative to treatment, and the y-axis displays estimated treatment
effects relative to non-treated observations, with 95% confidence intervals.
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Table 1: Summary Statistics

Years

Observations Available Frequency Mean  SD
Panel A: Vector-Borne Diseases
Hospitalizations: Vector-Borne 5,557 2015-2022 Quarterly 24.779  49.362
Hospitalizations: Tick-Borne 5,557 2015-2022 Quarterly  1.548 6.691
Medical Expenditure: Vector-Borne (1,000 CNY) 5,557 2015-2022 Quarterly 122973 334.453
Medical Expenditure: Tick-Borne (1,000 CNY) 5,557 2015-2022 Quarterly  7.600 42.453
Panel B: Straw Burning
# Straw Burning 17,218 2001-2022  Yearly 36.285  160.709
Burned Area (10,000 hectare) 17,218 2001-2022  Yearly 0.252 1.204
Panel C: Insect Observation
# obs. of species within Arthropoda 10,288 2015-2022  Yearly 1.290 3.219
# obs. of species within Insecta 10,288 2015-2022  Yearly 1.204 3.126
# obs. of species within Arachnida 10,288 2015-2022  Yearly 0.162 1.063
# obs. of species within Chilopoda 10,288 2015-2022  Yearly 0.016 0.290
Panel D: Web Search Reactions (prefectural-level city level)
Baidu Index: Straw-burning ban 12,849 2009-2022 Quarterly  2.246 3.041
Baidu Index: Insect bites 12,849 2009-2022 Quarterly  2.540 4.383
Baidu Index: Tick 12,849 2009-2022  Quarterly  8.479 10.964
Baidu Index: Bite-related inquiries 12,849 2009-2022 Quarterly  1.972 4.355
Baidu Index: Pest control 12,849 2009-2022 Quarterly  3.584 6.123
Baidu Index: Vaccination 12,849 2009-2022  Quarterly  1.127 2.214

Notes: Our data are nationally representative in scope. Health data are derived from hospitalization records. Agricul-
tural data are obtained from satellite-based sources, including MODIS, MCD12Q1, and NDVI. Insect observation data are
sourced from Global Biodiversity Information Facility (https://www.gbif.org). Baidu Search index data are sourced from

https://index.baidu.comand data are available at the prefectural city level. The other datasets are constructed at the county

level. We summarize the samples for our empirical analysis, excluding (i) remote areas with no fire records, (ii) regions that

had already been treated with the straw-burning ban at the start of the study period, and (iii) outside the policy implementa-

tion window used in our analysis. See Section 3 and Appendix A for details. Column (2) reports sample size, while columns

(3) and (4) summarize the temporal coverage and frequency. To reduce the influence of measurement errors and random fac-

tors, we aggregate health outcomes and Baidu search indices at the quarterly level and straw burning and insect observation

variables at the annual level. Columns (5) and (6) present the mean and standard deviation.
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Table 2: Effects of Straw-Burning Ban Policies on Vector-Borne and Tick-Borne Diseases

Panel A: Vector-Borne Diseases

Hospitalizations Medical Expenditure
@ 2 (©) (4) ®) (6) @) 8) 9 (10)

Treatment (=1) 0.552%** 0.564*** 0.460*** 0.465%** 0.502*** 1.912%** 1.956*** 1.715%** 1.731*** 1.732%**

(0.157) (0.157) (0.154) (0.153) (0.155) (0.445) (0.441) (0.323) (0.320) (0.339)
Mean of Hosp./Exp. 24.779 122,973
S.D. of Hosp./Exp. (49.362) (334,453)
County FE v v v v v v v v v v
Year-Quarter FE v v v v v v v v v v
Province-Quarter FE v v v v v v v v
Hospital Characteristics v v v v v v
Weather and Forest Fire v v v v
Socio-economic Controls v v
Observations 5,557 5,557 5,557 5,531 5,395 5,557 5,557 5,557 5,531 5,395

Panel B: Tick-Borne Diseases
Hospitalizations Medical Expenditure
¢y 2 (©) (4) ©) (6) @) 8) ) (10)

Treatment (=1) 0.252%** 0.253*** 0.217** 0.213** 0.212** 0.898* 0.909** 0.721* 0.701* 0.703*

(0.093) (0.093) (0.087) (0.088) (0.089) (0.462) (0.462) (0.417) (0.418) (0.426)
Mean of Hosp./Exp. 1.548 7,600
S.D. of Hosp./Exp. (6.691) (42,453)
County FE v v v v v v v v v v
Year-Quarter FE v v v v v v v v v v
Province-Quarter FE v v v v v v v v
Hospital Characteristics v v v v v v
Weather and Forest Fire v v v v
Socio-economic Controls v v
Observations 5,557 5,557 5,557 5,531 5,395 5,557 5,557 5,557 5,531 5,395

Notes: This table presents the estimated effects of straw-burning ban policies on vector-borne disease hospitalizations using the imputation difference-in-differences estimator of
Borusyak et al. (2024). The treatment variable is set to 1 for counties that have implemented a straw-burning ban with policy assessment. The dependent variables include the inverse
hyperbolic sine (IHS) transformation of the number of inpatient admissions (Columns [1] to [5]) and medical expenditures (Columns [6] to [10]) for vector-borne (Panel A), and tick-

borne diseases (Panel B). The relative effect (as a percentage of the sample mean) is calculated as ( 8- /1 + 72/ y‘) - 100%, where B is the estimated coefficient on the treatment indicator

and 7 is the sample mean of the number of hospitalizations or medical expenditure. The relative effects are discussed in detail in the main text. The regression sample spans from 2015
to 2022, covering four years (sixteen quarters) prior to and four years (sixteen quarters) after policy implementation. Hospital characteristics include the total number of hospitals, the
counts of secondary, tertiary, Class B, Class C, and general hospitals, along with the average number of annual hospitalizations. Weather characteristics include the average temperature
and precipitation. Forest fire is measured by the occurrence and burned area of forest wildfires. Socio-economic controls include cropland area, GDP (in logarithmic form), population
(in logarithmic form), and the number of hospital beds. Standard errors (in parentheses) are clustered at the county level. *** p <0.01, ** p <0.05, * p <0.1.



Table 3: Effects of Straw-Burning Ban Policies on Straw Burning

Fires in Harvest Seasons All Fires

) @ ®) 4)

# Straw Burning Burned Areas # Straw Burning Burned Areas

Treatment (= 1) -0.270*** -0.058"** -0.347*** -0.039**
(0.060) (0.012) (0.094) (0.018)
Effect relative to sample mean -28.75% -85.49% -34.74% -27.74%
Mean of # burning or burned area 2.731 0.068 21.393 0.142
S.D. of # burning or burned area 14.735 0.508 122.075 0.891

County FE, province-year FE, control variables included

Observations

36,340 36,340 36,340 36,340

Note: This table presents the effects of straw-burning ban policies on the number and burned area of agricultural fires using the

imputation difference-in-differences estimator of Borusyak et al. (2024). The dependent variables include the inverse hyperbolic sine

(IHS) transformation of the number of agricultural fires and burned areas in harvest seasons in Columns (1) and (2), and the IHS
transformation of the number of agricultural fires and burned areas in Columns (3) and (4). We use harvest seasons from He et al.
(2020). Burned area is measured in 10,000 hectare, and measured at the county-year level. The regression sample spans from 2001 to
2022, and covers ten years prior to and twelve years after policy implementation. The relative effect (as a percentage of the sample
mean) is calculated as ( B-/1+72/ y‘) - 100%, where B is the estimated coefficient on the straw-burning ban policy variable, and 7 is
the mean of the number or burned area of agricultural fires in the estimation sample. The model includes county and province-by-

year fixed effects. Control variables include weather characteristics (average temperature and precipitation), wildfire characteristics
(occurrence and burned areas of forest wildfires), lagged wheat and corn planting areas, GDP (in logarithmic form), and population
(in logarithmic form). Standard errors (in parentheses) are clustered at the prefectural city level. *** p <0.01, ** p <0.05, * p <0.1.
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Table 4: Effects of Straw-Burning Ban Policies on Insect Population

(1) 2) 3) 4)
Arthropoda Insecta Arachnida Chilopoda
Treatment (=1) 0.030** 0.027** 0.004 0.001*
(0.015) (0.014) (0.003) (5.33e-04)
Effect relative to sample mean 3.796% 3.511% 2.547% 7.144%
Mean of # insect obs. 1.290 1.204 0.162 0.016
S.D. of # insect obs. 3.219 3.126 1.063 0.290
County FE, year FE, control variables included
Observations 10,288 10,286 10,278 10,286

Notes: This table presents the effects of straw-burning ban policies on insect observation using the imputation difference-in-differences
estimator of Borusyak et al. (2024). The dependent variable is the inverse hyperbolic sine (IHS) transformation of the number of
recorded observations of species within each taxonomic category per county-year. The regression sample spans from 2015 to 2022,
and covers six years prior to and six years after policy implementation. The relative effect (as a percentage of the sample mean) is
calculated as (ﬂ 1+ 7/ y‘) - 100%, where B is the estimated coefficient on the straw-burning ban policy variable. 7 is the sample
mean of the number of insect population. The model includes county and year fixed effects. Control variables include the number
of unique observers (IHS-transformed), weather characteristics (average temperature and precipitation), wildfire characteristics
(occurrence and burned area of forest wildfires), and GDP (IHS-transformed). Standard errors (in parentheses) are clustered at the

prefectural city level. *** p <0.01, ** p <0.05, * p <0.1.
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Table 5: Effects of Straw-Burning Ban Policies on Insect Awareness and Defensive Investment

) ) ®) 4) Q) (6)
Baidu Search Index
Straw-Burning Insect Awareness Defensive Investment
Ban
Bite-Related Inquiries ~ Tick  Insect Bite Pest-control Vaccination

Treatment (=1)  0.378"** 0.413*** 1.110**  0.484*** 0.358** 0.191*
(0.111) (0.158) (0.473) (0.139) (0.148) (0.101)

Mean of index 2.246 2.540 8.479 1.972 3.584 1.127

S.D. of index 3.041 4.383 10.964 4.355 6.123 2.214

City FE, province-year-quarter FE, control variables included
Observations 12,849 12,849 12,849 12,849 12,849 12,849

Notes: This table presents the effects of straw-burning ban policies on Baidu Search Index, a proxy for public attention and concerns,
using the imputation difference-in-differences estimator of Borusyak et al. (2024). We examine the impact on multiple topics includ-
ing the straw burning ban, insect bites, ticks, insect bite-related inquiries, pest control, and vaccination. The detailed words for search
terms are listed in Table A4. The unit of observation is at the city-year-quarter level. The analysis spans four years (sixteen quarters)
prior to and six years (twenty-four quarters) after policy implementation. The model includes city fixed effects and province-by-year-
quarter fixed effects. Control variables include weather characteristics (average temperature and precipitation), wildfire characteris-
tics (occurrence and burned area of forest wildfires), cropland area, GDP (in logarithmic form), population (in logarithmic form), and
the number of hospital beds. Standard errors (in parentheses) are clustered at the prefectural city level. *** p <0.01, ** p <0.05, * p <0.1.
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Table 6: Pathway-Based Heterogeneity: Straw Management, Winter Temperature, and Harvest
Season

Vector-Borne Diseases Hospitalization

@ @ ®) (4) (5) (6)

by Major Crop by Winter Temperature by Agricultural Season
Main Wheat Others > 0°C <0°C Harvest Non-Harvest
Treatment (=1) 1.189*** 0.389**  0.813*** 0.087 0.452%** 0.312**
(0.405) (0.162)  (0.191) (0.306) (0.122) (0.144)
county, province-quarter, year-quarter FE county, province-month, year-month FE
and control variables included and control variables included
Observations 1,222 4,173 3,876 1,519 7,508 7,445

Notes: This table reports the heterogeneous effects of straw-burning ban policies on hospitalizations for vector-borne diseases across
counties with different characteristics. The dependent variable is the inverse hyperbolic sine (IHS) transformation of hospitalization
counts. Columns (1) and (2) examine counties in China’s major wheat-producing provinces versus the rest counties. According to
the China Statistical Yearbook, the major wheat-producing provinces—Henan, Shandong, Anhui, Hebei, Jiangsu, Hubei, Sichuan,
Shaanxi, Shanxi, and Chongqing—together accounted for 82.8% of China’s total wheat planting area in 2015. Columns (3) and (4)
present results for subsamples split by whether the average temperature in the coldest month (2015-2022) is above or below 0°C, re-
spectively. For Columns (1)—(4), the unit of observation is at the county-by-year—quarter level, covering four years (sixteen quarters)
before and after policy implementation. Columns (5) and (6) examine harvest versus non-harvest months, with the unit of observa-
tion at the county-by-year—-month level. Harvest months are defined as May-July and September-November, consistent with He et
al. (2020). The sample spans four years (forty-eight months) before and after the ban. Control variables remain consistent with the
baseline setting, including hospital characteristics, weather characteristics (average temperature and precipitation), wildfire charac-
teristics (occurrence and burned area of forest wildfires), cropland area, GDP (in logarithmic form), population (in logarithmic form),
and the number of hospital beds. Standard errors (in parentheses) are clustered at the county level. *** p <0.01, ** p <0.05, * p <0.1.
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Table 7: Effects of Straw-Burning Ban Policies on Straw Recycle Machine Procurement

Machine Procurement

Straw Burning Ban

All counties With recycle program  Without recycle program

) @ ©) ) ©) (6)

Coefficient % Change Coefficient % Change Coefficient % Change

(Mean) (Mean) (Mean)
Number of machines 0.095*** 27.6% 0.122%** 35.0% 0.035 27.2%
(0.034) (0.367) (0.047) (0.372) (0.030) (0.130)
Total procurement value 0.652*** 65.2% 0.909*** 90.9% 0.146 14.6%
(0.212) (4,966.360) (0.281) (5,042.955) (0.268) (1,383.857)
Subsidy amount 0.551*** 55.1% 0.758*** 75.8% 0.134 13.4%
(0.175) (1,253.083) (0.229) (1,273.18) (0.226) (284.473)
Average unit price 0.603*** 60.3% 0.852%** 85.2% 0.118 11.8%

(0.198) (818.441) (0.258) (826.845) (0.267) (416.788)

County FE, province-quarter FE, year-quarter FE, control variables included

Observations

4,022 3,946 2,412

Notes: This table reports the effects of straw-burning ban policies on the procurement of straw recycle machines.

The dependent variable in each row is the inverse hyperbolic sine (IHS) transformation of the corresponding outcome

(number of machines, total procurement value in CNY, subsidy amount, or average unit price in CNY). “All counties”

includes all treated counties; “with recycle program” and “without recycle program” split the sample according to

participation in the provincial straw recycling subsidy program. The unit of observation is the county-year—quarter.

All regressions control for wildfire characteristics, cropland area, log GDP, log population, and the number of hospital
beds. Standard errors (in parentheses) are clustered at the county level. *** p < 0.01, ** p < 0.05,* p < 0.1.
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Table 8: Straw-burning Ban, Recycle Measures, and Vector-Borne Diseases

Vector-Borne Diseases

Hospitalizations Medical Expenditure
@ @) ®) )
without Recycle with Recycle without Recycle with Recycle
Treatment (=1) 0.876*** 0.001 2.372%** 0.925***
(0.173) (0.252) (0.385) (0.480)

County FE, province-quarter FE, year-quarter FE, control variables included

Observations 4,444 5,132 4,444 5,132

Notes: This table presents the heterogeneous effects of straw-burning ban policies on hospitalizations for vector-borne diseases
across counties with and without straw recycling subsidy program. The dependent variable is the inverse hyperbolic sine (IHS)
transformation of hospitalization counts at the county-by-year-quarter level. We compare counties outside and inside the provincial
straw recycling subsidy program described in He et al. (2020); Columns (2) and (4) restricts the treatment group to counties that
implemented a ban and participated in a provincial recycling program. The analysis spans four years (sixteen quarters) before and
after policy implementation. The model includes county, province-quarter, and year—quarter fixed effects. Control variables include
hospital characteristics, weather conditions (average temperature and precipitation), wildfire characteristics (occurrence and burned
area of forest wildfires), cropland area, GDP (in logarithmic form), population (in logarithmic form), and the number of hospital beds.
Standard errors (in parentheses) are clustered at the county level. *** p <0.01, ** p <0.05, * p <0.1.
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Appendices

This online appendix provides additional details on the data cleaning process, the construction
of key variables, tests of the identification assumptions, and robustness checks for the empirical
analysis.

A Data Cleaning

A.1 Health Data

The data quality is reliably high, as hospitals have strong incentives to maintain accurate and
complete digital records. First, medical records serve as the foundation for both public and pri-
vate insurance reimbursements. For example, the National Healthcare Security Administration
of China requires that patients be assigned to payment groups based on primary and secondary
diagnoses and primary procedures recorded in their medical files. Each group receives standard-
ized medical insurance payments, and hospitals risk financial losses if patients are misclassified
due to inaccurate records. Second, participation in the digital reporting system is mandated by
the National Health Commission. Local health commissions conduct regular performance evalu-
ations of hospitals, which include assessments of their digital medical record systems. To ensure
accuracy and consistency, medical records are typically completed by attending physicians and
verified by clinical coders, who standardize diagnosis and procedure codes (Huang et al., 2023).

We aggregate these records to the county-by-year-quarter level, allowing for seasonal varia-
tion in disease transmission, following a three-step procedure. First, we extract all hospitalization
records with a primary diagnosis of vector-borne diseases, excluding observations with implau-
sibly low (below 100 RMB) or excessively high (above 8 million RMB) medical expenditures.!
We then aggregate these records to the hospital-day level, summing inpatient admission counts
and total medical expenditures. Second, for hospital-day combinations with missing values for
vector-borne disease admissions, we differentiate between true zeros and missing data. If a hos-
pital recorded at least one inpatient admission for any infectious disease during a given year,
we treat unrecorded vector-borne disease hospitalizations as zeros; otherwise, we classify them
as missing. Third, in order to reduce the influence of measurement errors and random factors,
at the same time capture the seasonal variations in the vector-borne diseases, we aggregate the
cleaned hospital-day level data to the county-by-year-quarter level for use in the main analysis.

Hospitalizations for tick-borne diseases are constructed using the same procedure.

Addressing Selection of Data To assess potential concerns regarding sample selection, we con-
duct several tests. First, we construct a balanced county-year-quarter panel dataset and create an
indicator variable for whether a county-year-quarter observation appears in our main estimation

sample (i.e., the dataset used in Table 2). We then examine whether this indicator is affected by

Such outliers are typically the result of data entry errors, such as misplaced decimal points.



the straw-burning ban policy or by the administrative level of a city. The results are presented in
columns (1) and (2) of Appendix Table Al. In column (1), we control for county, year-by-quarter,
and province-by-quarter fixed effects. In column (2), we omit county fixed effects because the
administrative level of a city varies only at the city level.

Second, using the same balanced county-year-quarter panel dataset, we construct hospital-day
counts, which serve as the basis for calculating the county-year-quarter measures of hospitaliza-
tions and medical expenditures in our main sample. We then test whether the inverse hyperbolic
sine (IHS) transformation of this count variable is influenced by the straw-burning ban policy
or the administrative level of a city. The results are shown in columns (3) and (4) of Appendix
Table Al.

Third, we compile a balanced hospital-year-quarter panel dataset and examine whether the
presence of an infectious disease department in a hospital is affected by the straw-burning ban
policy or by the administrative level of a city. The results are reported in columns (5) and (6) of
Appendix Table Al.

Across all specifications, the results indicate that neither the straw-burning ban policy nor the
administrative level of a city has a statistically significant effect on any of the dependent variables
in Appendix Table Al. These results suggest that selection issues are minimal.



Appendix Table Al: Examining the effects of straw-burning ban policy or city administrative level

(1) ()

)

4)

(5) (6)

county-year-quarter in

IHS hospital-day counts in

infectious department in

main sample (0/1) each county-year-quarter hospital (0/1)
Treatment (=1) 0.021 0.071 -0.017
(0.021) (0.105) (0.019)

Administrative Level 1 -0.007 0.021 0.002

(0.026) (0.139) (0.014)
Administrative Level 2 0.007 0.033 0.006

(0.022) (0.133) (0.015)
County FE v v
Province-by-Quarter FE v v v v v v
Year-by-Quarter FE v v v v v v
Hospital FE v
Observations 46,302 73,396 46,302 73,396 42,332 73,348
R-squared 0.150 0.155 0.085

Notes: To assess potential sample selection issues, we construct a balanced county-year-quarter panel dataset. In columns (1) and (2), the
dependent variable is an indicator for whether a county-year-quarter observation appears in our main estimation sample. In columns
(3) and (4), the dependent variable is the inverse hyperbolic sine (IHS) transformation of hospital-day counts. In columns (5) and (6),
the dependent variable is an indicator of whether a hospital contains an infectious disease department.



Medical Insurance Distribution China’s public medical insurance system has historically com-
prised three main schemes: the Urban Employee Basic Medical Insurance (UEBMI) for formally
employed urban residents; the New Rural Cooperative Medical Scheme (NCMS) for rural res-
idents; and the Urban Resident Basic Medical Insurance (URBMI) for urban residents without
formal employment. To reduce disparities in healthcare access between urban and rural popula-
tions, the NCMS and URBMI were gradually integrated, culminating in the establishment of the
Urban and Rural Resident Basic Medical Insurance (URRBMI) at the end of 2016.

Currently, China’s public insurance system is primarily composed of UEBMI for urban em-
ployees and URRBMI—which encompasses both former NCMS and URBMI participants—for all
other residents. Since our data span 2011-2022, overlapping with the period of insurance inte-
gration, regional differences in classification limit our ability to consistently distinguish between
NCMS and URBMI. As shown in Table A2, approximately 55% of hospitalizations for vector-borne
diseases are covered by either NCMS or URBMI, 19% by UEBMI, and 16% involve patients with-
out any insurance coverage. The remaining 10% are covered by other schemes, such as commercial

medical insurance.

Appendix Table A2: Distribution of Hospitalizations: by Medical Insurance Type

Vector-Borne Diseases Tick-Borne Diseases
Freq. Percent Freq. Percent
NCMS/URBMI 170,170 54.79% 12,475 60.59%
UEBMI 59,010 19.00% 3,142 15.26%
No insurance 49,223 15.85% 3,272 15.89%
Others 32,183 10.36% 1,701 8.26%

Notes: The category Others includes medical poverty assistance, commercial health insurance, etc.

Age Distribution Table A3 presents the age distribution of hospitalizations for vector-borne and
tick-borne diseases. The results indicate that cases occur across all age groups, highlighting the
broad population vulnerability to these illnesses.

Appendix Table A3: Distribution of Hospitalizations: by Age Group

Vector-Borne Diseases Tick-Borne Diseases

Freq. Percent Freq. Percent
0 15,111 4.87% 973 4.74%
1-4 34,759 11.19% 5,915 28.73%
5-19 51,892 16.71% 1,956 9.50%
20-39 53,889 12.58% 2,590 17.35%
40-59 87,818 28.27% 4,439 21.56%
60+ 67,117 21.61% 4,714 22.89%




A.2 Policy Data Cleaning Details

The data on straw-related policy documents are sourced from the Peking University Law Database
(https:/ /www.pkulaw.com). We retrieved all local government regulatory documents containing
the keyword “straw-burning ban,” yielding a total of 1,381 policy documents issued between
March 1993 and September 2024. Each document was manually reviewed and coded to identify
whether it included assessment mechanisms for enforcement and whether it featured straw recy-
cling subsidies. The initial coding underwent a second round of review and verification to ensure
accuracy and consistency. Among these documents, 1,015 policies included assessment mecha-

nisms for straw-burning prohibitions, and 741 policies also included straw recycling measures.

Examples of Policy Documents Figure Al to Figure A3 show examples of different types of
policies from one city in China. The straw-burning ban policy without assessment measures, as
shown in Figure Al, states: “Across the entire city, all entities and individuals are strictly pro-
hibited from burning crop straw or engaging in any other open-field burning activities.” This
type of policy targets individuals directly involved in burning activities and assigns enforcement
responsibilities to environmental protection departments.

In contrast, the policy with assessment measures (see Figure A2) outlines specific disciplinary
actions for government officials. It stipulates demotions for township governments ranked among
the bottom or those with more than 8 (weekly), 10 (biweekly), or 14 (monthly) fire spots. For
example, the policy states: “If 14 or more fire points occur in a month and the township ranks last
citywide, an organizational adjustment of the party secretary is again recommended.”

As shown in Figure A3, the policy with support measures explicitly includes provisions such
as: “Subsidies will be provided for costs related to straw and weed removal, transportation, and
straw return-to-field practices,” and “Investments will be increased in the adoption of new agri-

cultural machinery and practical technologies for comprehensive straw utilization.”


https://www.pkulaw.com
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Appendix Figure Al: A Typical Straw-burning Ban Policy
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Appendix Figure A2: A Typical Straw-burning Ban Policy with Assessment Measures
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Appendix Figure A3: A Typical Straw-burning Ban Policy with Straw-Utilization Support

Policy Documents of Different Levels of Government Of the 1,015 identified policies with as-
sessment mechanisms, 196 were issued at the provincial level, 705 at the prefecture-level city level,
and 114 at the county level. Note that in the early stages, at the national level, the Chinese govern-
ment issued 12 regulatory documents addressing straw burning controls between 1997 and 2012.
These national-level policies had two main features. First, they were largely advisory in nature,
lacking mandatory enforcement mechanisms. Second, most of these regulations did not target
specific regions but instead focused on limiting straw burning in areas where smoke posed risks
to transportation safety. For example, in 1999, the National Environmental Protection Agency
(NEPA), the Ministry of Agriculture, and four other departments jointly issued the Regulations
on the Management of Straw Burning Prohibition and Comprehensive Utilization, which explic-
itly defined prohibited zones. These included areas within a 15-kilometer radius of airports, a
2-kilometer buffer zone on both sides of highways and railways, and a 1-kilometer buffer zone

along national and provincial roads.?

A.3 Supplementary Datasets

Straw Burning and Forest Wildfire Satellite imagery is widely used to quantify agricultural
burning and forest wildfires. Two remote sensing-based datasets capable of detecting fire and
land use in China are the Moderate Resolution Imaging Spectroradiometer (MODIS) Burned Area
product and the Land Cover Type Product (MCD12Q1).

The MODIS Burned Area product is a widely used satellite dataset that records the presence
of fire, the date of burning, and burned area extent. The dataset has been validated by comparison

2See Ministry of Ecology and Environment of China for details.
3Data sources: Up-to-date information on datasets, formats, and quality is available from the Land Processes DAAC
at the Land Processes DAAC for MCD12Q1 and University of Maryland for the MODIS Fire and Burned Area products.


https://www.mee.gov.cn/gkml/zj/wj/200910/t20091022_171920.htm
https://doi.org/10.5067/MODIS/MCD12Q1.006
https://modis-fire.umd.edu/

with Landsat 8 Operational Land Imager (OLI) imagery. According to the product guide, the
standard errors of accuracy metrics are below 6% globally. Errors of omission and commission
largely offset each other, as indicated by the coefficient of determination (r? > 0.70), slope (> 0.79),
and intercept (-0.0030) of the regression between the MCD64A1 product and independent Landsat
reference data. Full validation details can be found in Smith et al. (2016) and Roy et al. (2019).

To address a common limitation of burned area products—low reliability in detecting agricul-
tural burning—we refine the identification of agricultural fires by overlaying burned area pixels
with land cover classification data. By integrating MODIS burned area data with land cover prod-
ucts, we improve the accuracy of forest fire and agricultural burning estimates. Following the
methodology of Assungdoa et al. (2019) and using ArcGIS, we overlay land cover grid metrics
with MODIS burned area data to distinguish between agricultural burning and forest wildfires.
This integration enhances the precision of fire detection by associating burning events with spe-
cific land classifications.

Web Searches We track search intensity for terms related to straw-burning ban, insect bites,
ticks, symptoms or treatment of insect bites, protective behavior, and related vaccination. The
detailed lists of search terms for each category are provided in Table A4.

Appendix Table A4: Specific Search Terms on Baidu

Category Terms for Baidu Search Index

Straw utilization jie2gan3lidyong4, jie2gan3da3baoljil,
jie2gan3mei2cheng2xing?jil, jie2gan3fen3suidjil,
jie2gan3zonglhe2lidyong4, jie2gan3kelli4jil,
jie2gan3sidliao4kellidjil

Insect bites chong?2yao3, chong2yao3pi2yan2, chong2yao3xing4pi2yan2,
wen2chong2dinglyao3, du2chong?

Ticks pi2, pi2chong?, pi2chong2dinglyao3, cao3pi2zi0, cao3pa2zi0,
gou3dou4zi0, bi2shil, niu2shil, ying4pi2, bian3shil

Symptoms or treatment of insect bites What medicine quickly reduces swelling and itching after
insect bites; How to quickly reduce swelling and itching after a
mosquito bite; What are the symptoms after a tick bite (in
Chinese)

Protective behaviors fang2wen2, fang2wen2shalchuangl, fang2wenZ2tiel,
wen2zhang4, wen3xiangl, bi4wen2an1, diandwen2xiangl

Vaccination senllin2nao3yan2, yi3nao3yi4miao2,
huang?2re4bing4yidmiao2, denglge2redyi4miao2,
nao4yan2yidmiao2, liu2xing2xing4chulxie3re4yi4dmiao2




Crop Planting We use crop planting information to support our heterogeneity analyses. The
data are derived from high-resolution winter wheat and corn planting maps developed by Dong
et al. (2020) and Peng et al. (2023), covering 11 provinces that account for over 98% and 99%
of China’s winter wheat and corn production, respectively. We aggregate both wheat and corn
planting areas to the county-year level for the period 2011-2022. These measures capture regional
variation in straw availability and burning pressure.

Dong et al. (2020) applied a phenology-based approach to distinguish winter wheat from other
crops by comparing the seasonal variations of satellite-based NDVI across all croplands. This
product enables large-scale early-season winter wheat mapping and generates high-resolution
(30 m) maps for 2001-2023, covering 11 provinces that account for more than 98% of China’s
winter wheat production. Validation using survey samples yields producer and user accuracies
of 89.30% and 90.59%, respectively. Peng et al. (2023) produced the annual corn planting map at
30m resolution for 2001-2023 across 22 provinces and municipalities, using a high spatiotemporal
resolution fused dataset and a phenology-based method known as Time-Weighted Dynamic Time
Warping. Validation based on field study samples showed average user and producer accuracies
of 77.32% and 80.98%, respectively.

Pollution and Biomass Power Plant Monthly PM; 5 concentrations are obtained from the Global
Annual PM; 5 Grids derived from satellite data by ?. ? estimate ground-level PM; 5 by combin-
ing Aerosol Optical Dept (AOD) retrevals from the NASA MODIS, MISR, and SeaWiFS, which
are subsequently calibrated to global ground-based observations of PM, 5 using Geographically
Weighted Regression (GWR). The raster grids of this ground calibrated PM, 5 data have a high grid
cell resolution of 0.01° x 0.01°. Several studies on air pollution have used this data and verified its
validity (??). To identify biomass power plant activity, we obtain the list of registered companies
in the biomass power industry from the Industrial and Commercial Firm Registry Database. Fol-
lowing Cao and Ma (2023), we retain firms whose business scope includes electricity generation
through direct combustion or gasification of agricultural and forestry waste. Using this informa-

tion, we construct a county-year measure of newly established biomass power plants.



B Additional Background of the Link between Arthropods and Vector-

Borne Diseases

Arthropods, including both insect and non-insect species, represent a diverse range of disease
vectors. We provide an overview of key arthropod taxa and their associated health risks to il-
lustrate how ecological changes—such as those triggered by straw-burning bans—can affect the

incidence of vector-borne diseases.

Insects and Vector-Borne Diseases In the class of Insecta, several orders of insects are associated
with vector-borne diseases. For instance, in the order Diptera, there are some of the most signif-
icant vectors of infectious diseases. Mosquitoes (Culicidae) are the primary vectors for malaria,
dengue fever, Zika virus, chikungunya, yellow fever, Japanese encephalitis, and lymphatic filari-
asis—diseases responsible for substantial global morbidity and mortality (WHO, 2024). Similarly,
houseflies (Musca domestica) and other dipteran species mechanically transmit pathogens caus-
ing dysentery, hepatitis A, typhoid, cholera, anthrax, and various parasitic infections (Forster et
al., 2009). These insects thrive in environments with poor sanitation or accumulated organic waste,
conditions potentially exacerbated by agricultural burning bans.

In the order Lepidoptera, stinging caterpillars—larval forms of butterflies and moths—pose
medical risks primarily due to their venomous setae (bristles or spines), which can penetrate
human skin. Exposure can lead to caterpillar dermatitis, characterized by erythematous rashes,
itching, and occasionally systemic allergic reactions (Hossler, 2010). These dermatological and al-
lergenic effects may strain local healthcare systems, especially in regions experiencing ecological
changes that favor caterpillar proliferation.

Insects from the order Hymenoptera, including bees, wasps, and hornets, are widely recognized
for their venomous stings. These stings can result in a spectrum of health outcomes ranging from
localized pain, swelling, and irritation to systemic toxic effects and severe allergic reactions such
as anaphylaxis, a potentially fatal condition (Golden, 2003).

The order Coleoptera contains several species of public health significance. Although beetles are
not primary vectors of human pathogens, certain species, such as Paederus, cause irritant contact
dermatitis through the toxin pederin, resulting in blistering and inflammation upon skin con-
tact (Frank and Kanamitsu, 1987). Occupational exposure to beetles like Tenebrio molitor has been
linked to allergic reactions, including asthma and dermatitis, particularly among agricultural and
food-processing workers (Jeebhay et al., 2005). Additionally, ingestion of blister beetles (Meloidae)
can lead to cantharidin poisoning, posing risks to both humans and livestock (Tagwireyi et al.,
2000).

Non-insect Arthropods and Vector-Borne Diseases Non-insect arthropods, particularly ticks

and mites within the class Arachnida, also significantly contribute to the transmission of vector-

borne diseases. Ticks are second only to mosquitoes regarding global public health impact (So-
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nenshine and Roe, 2014), transmitting numerous bacterial, viral, and protozoal pathogens. For
example, Ixodes scapularis (the black-legged tick) transmits Borrelia burgdorferi, the causative agent
of Lyme disease, which incurs substantial healthcare costs and chronic morbidity (Adrion et al.,
2015; CDC, 2022). Ticks also transmit pathogens causing babesiosis, anaplasmosis, ehrlichiosis,
and tick-borne encephalitis (ECDC, 2025).

Mites, another arachnid group, transmit scrub typhus (Orientia tsutsugamushi) via chigger
mites (Trombiculidae) and can cause allergic reactions through direct infestation (Koh et al., 2010).
Additionally, some mite species mechanically transmit fungal spores or bacteria, particularly in
agricultural settings.

In addition, another non-Insecta class of Arthropoda—Chilopoda—can cause local dermatologi-
cal reactions, allergic responses, and envenomation-related symptoms due to their venomous bites
although they are not vectors of pathogens such as viruses, bacteria, or protozoa (Undheim et al.,
2015).

Ecological changes that enhance ground vegetation, moisture retention, or rodent popula-
tions—conditions likely resulting from accumulated straw residues—are known to improve habi-
tat suitability and reproduction rates (Allan et al., 2003). Controlled burning practices have been
shown to reduce tick and mite populations; thus, banning these practices may inadvertently create
conditions favorable for their survival and pathogen transmission (Gleim et al., 2019).

Taken together, ecological changes resulting from straw-burning bans—including increased ac-
cumulation of crop residues and the preservation of arthropod eggs that would otherwise be re-
duced by fire—can substantially enhance habitats for insect and non-insect arthropods. Conse-
quently, these habitat alterations may inadvertently amplify vector populations, elevating disease
transmission risks and the associated healthcare burden.
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C Disease Categories for Empirical Analyses

Appendix Table C1: ICD-10 codes for Vector-Borne Diseases

Disease name

ICD-10 codes

Relapsing fever, unspecified
Tularemia

Brucellosis

Arthropod-borne viral encephalitis, unspecified

Toxic effect of venom of other arthropods

Q fever

Bartonellosis

Typhus fever, unspecified
Unspecified viral encephalitis

Plague

Unspecified contact dermatitis due to other agents

Dengue

Malaria

Mosquito-borne viral encephalitis
Chikungunya virus disease
Yellow fever

Zika virus disease

Myiasis

Onchocerciasis

Mansonelliasis

Gongylonemiasis pulchrum
Acanthocephaliasis

Typhus fever due to Rickettsia typhi
Teniasis

African trypanosomiasis

Loiasis

Leishmaniasis

Sandfly fever

Scabies

Acarine dermatitis

A68.9

A21

A23

A85.2

T63.4

A78

A44

A75.9

A86

A20
1L25.800x001
A90; A91
B50; B51; B52; B53; B54
A83

A92.0

A95

A92.8

B87

B73

B74.4
B83.800x002
B83.800
A75.2

B68

B56

B74.3

B55

A93.1

B86
B88.000x004; B88.000x006
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ICD-10 codes for Vector-Borne Diseases, cont.

Disease name

ICD-10 codes

Rickettsialpox due to Rickettsia akari
Hemorrhagic fever with renal syndrome (HFRS)
Paederus dermatitis

Epidemic louse-borne typhus fever due to Rickettsia
prowazekii

Louse-borne relapsing fever

Trench fever

Typhoid and paratyphoid fevers

Shigellosis

Other bacterial intestinal infections

Other bacterial foodborne intoxications, not elsewhere clas-
sified

Cholera

Anthrax

Acute amebic dysentery

Ascariasis

Enterobiasis

Cysticercosis

Hookworm disease

Acute poliomyelitis

Acute hepatitis A

Trachoma

Pruritus

Rubella [German measles]

Allergic contact dermatitis, unspecific cause
Urticaria

Conjunctivitis

Papule

Typhus fever due to Rickettsia tsutsugamushi
Leptospirosis

Chlamydia psittaci infection

A79.1
A98.5
L.24.800x002
A75.0

A68.0
A79.0
A01
A03
A04
A05

A00
A22
A06.0
B77
B80
B69
B76
A80
B15
A71
L29
BO6
L23.9
L50
H10.1
R23.800x001
A75.3
A27
A70

Note: Vector-borne diseases include all diagnoses in this table and tick-borne diseases as listed in Appendix Table C2. This table is ob-
tained from a cross-reference of relevant literature. See Fang et al. (2005), Jiang et al. (2011), WHO (2024), Bishopp (1915), Hu (1965),
Norval et al. (1983), Wilson and Sutherst (1986), Xue (1988), Xue et al. (1989), Xue et al. (1990), Dryden and Broce (1991), Lawler and
Dritz (2005), Lawler and Dritz (2006), Jia and Wu (2008), De Oliveira et al. (2012), Ke et al. (2013), Neoh and Bong (2017), and Wang et

al. (2017).
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Appendix Table C2: ICD-10 codes for Tick-Borne Diseases

Disease name

ICD-10 codes

Lyme disease
Human granulocytic anaplasmosis [HGA]
Tick-borne viral encephalitis [TBE]

Severe fever with thrombocytopenia syndrome [SFTS]

Crimean-Congo hemorrhagic fever
Rickettsiosis

Babesiosis

Omsk hemorrhagic fever

Kyasanur forest disease

A69.2

A93.8

A84

A93.8

A98.0

A77; A79.9; A79.8
B60.0

A98.1

A98.2
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D Supplementary Analyses Supporting Identification Strategy

The straw-burning ban represents one of China’s most stringent efforts to reduce air pollution.
Like other major environmental initiatives—such as the Air Pollution Monitoring and Disclosure
(APMD) program—its implementation was largely top-down, shaped by pre-existing administra-
tive hierarchies and political priorities, rather than by local health or ecological conditions (Bar-
wick et al., 2024).

Figure D1 plots the geographic sequence of policy rollout, revealing that early adoption con-
centrated in the North China Plain, followed by expansions into northeastern, northern, and
southwestern regions. Figure D2 further compares the rollout timing of the straw-burning ban
and the APMD program. The left panel shows a strong correlation between the two: counties that
adopted the APMD program early also implemented the straw-burning ban early. The right panel
isolates regions that never adopted the ban and shows that most were late adopters of air quality
monitoring, supporting the notion of administrative inertia in environmental governance.

These patterns suggest that rollout timing was not driven by local health needs or ecological
conditions but followed a national sequence of administrative hierarchy and political prioritiza-

tion. This provides support for the plausibility of our identification strategy.
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Appendix Figure D1: Roll-out of China’s Straw Burning Ban Policies

Notes: This figure illustrates the rollout of straw-burning policies. The data are obtained from the Peking University Law
Database (https://www.pkulaw.com) and are described in detail in Appendix A.2.
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Appendix Figure D2: Straw Burning Ban and Air Pollution Monitoring and Disclosure Program
Rollouts
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Notes: The data are obtained from Barwick et al. (2024) and the Peking University Law Database
(https:/ /www.pkulaw.com), which are described in detail in Appendix A.2.

Policy Rollout and Regional Covariates Table D1 summarizes the economic and health facilities
attributes of counties across different rollout waves of the straw-burning ban. First, since the
rollout followed a top-down administrative hierarchy, earlier-adopting regions tend to have larger
GDP and population. Second, while the policy targets agricultural burning, which may relate
to cropland area, we find that although treated regions generally have more cropland, earlier
adopters do not necessarily have larger cropland areas than later ones—suggesting that cropland
size was not the primary determinant of rollout timing.

Table D1 summarizes baseline economic, agricultural, and health infrastructure characteris-
tics by rollout wave. Three patterns emerge: first, since the rollout followed a top-down admin-
istrative hierarchy, earlier-adopting counties tend to have higher GDP and larger populations,
consistent with rollout sequencing favoring more economically and politically prominent regions.
Second, while treated counties generally have more cropland—reflecting the policy’s targeting of
agricultural burning—earlier adopters do not have systematically more cropland than later ones.
This suggests that cropland area was not the primary driver of rollout timing. Third, we examine
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whether health infrastructure differs across counties with varying policy rollout timing. While
treated counties exhibit more total hospital beds than untreated ones, there are no significant dif-
ferences in per capita bed counts or in the number of hospitals, suggesting similar baseline health
system capacity across treatment status.

Table D2 provides further evidence. Conditional on administrative tier, county-level hospital
bed counts do not significantly predict the policy’s rollout wave or adoption status. This supports
the claim that health infrastructure did not determine rollout, indicating that policy adoption is

plausibly exogenous to baseline health conditions.

Air Pollution Improvements as a Potential Confounder One potential concern is whether ob-
served health effects related to vector-borne diseases are confounded by improvements in air
quality resulting from the ban. However, Table D3 presents placebo tests showing no significant
relationship between PM; 5 reductions and hospitalization rates for vector-borne diseases. This

suggests that our estimated health effects are not simply driven by changes in general air quality.

Concurrent Agricutural and Health Policies Another concern is whether other policies imple-
mented during the same period confound our results. Several major agricultural reforms—such
as agricultural tax abolition, land transfer pilots, and insurance subsidies—overlapped temporally
with the straw-burning ban. However, most of these were either national in scope or provincial
pilot programs whose timing and geography were not aligned with the straw-burning rollout.
More importantly, none of them directly affect insect ecology or vector-borne disease pathways.

Likewise, no concurrent health interventions plausibly influence our outcome of interest, i.e.,
ecological shifts and vector-borne diseases. The centralized drug procurement program (launched
in 2020) targeted prices of drugs for cancer, cardiovascular, and psychiatric conditions—unrelated
to vector-borne diseases. The Diagnosis-Related Group (DRG) reform altered hospital billing in-
centives but had no expected effect on disease incidence.

Our placebo tests on unrelated conditions—such as non-arthropod-related dermatoses, bone
fractures (typically due to accidents), and neoplasms (linked to long-term biological processes).
As shown in Table F2, we detect no significant treatment effects for these outcomes, confirming
that the observed effects are not driven by concurrent health policies, concurrent changes in the
health system or unrelated disease trends.
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Appendix Table D1: Characteristics of Counties by Roll-out Waves of Straw-Burning Bans

)] (@ (©) 4) ©) (©)

Policy Adoption Time Before 2011 2011-2014 2015-2018 2019-2022 Ever Treated Never-Treated
Number of Counties 514 338 366 161 1379 1334
GDP (10° CNY) 36.21 24.54 23.20 12.20 27.05 19.79
(32.38) (36.79) (22.50) (8.56) (30.44) (24.11)
Population (10%) 565.51 474.74 466.47 348.60 491.42 431.79
(327.85) (300.83) (278.85) (249.65) (307.49) (379.23)
Cropland (100 km?) 671.10 914.15 930.37 709.09 804.94 575.90
(522.05) (1,078.51) (1,010.98) (765.95) (861.87) (597.03)
Hospital Beds 1,242.22 970.15 1,052.52 752.58 1,067.31 838.37
(720.61) (597.66) (644.69) (533.33) (669.48) (695.13)
Hospital Beds per 10° People 2.66 2.64 2.86 2.76 2.72 2.37
(2.15) (2.38) (3.42) (2.96) (2.69) (2.29)
Number of Hospitals Observed 2.65 2.67 2.66 2.61 2.66 2.63
(0.37) (0.37) (0.37) (0.39) (0.37) (0.39)

Notes: The table reports the characteristics of counties in different rollout waves of the straw-burning ban policy. Cropland size,
population, number of hospital beds, and hospital beds per 1000 people are measured by the 2001-2011 average. GDP is the average
during 2013-2021 due to data availability. The last row refers to the average number of observed hospitals in each county in our
dataset. Standard deviations are in parentheses.
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Appendix Table D2: Determinants of Straw Burning Ban Roll-out Waves

Roll-out Waves

Indicator for Treatment

@ 2 3 4 ()] (6)
Wave Wave Wave Ever-Treated Ever-Treated Ever-Treated
Administrative Level 1 -0.753*** -0.325%** 0.229*** 0.120***
(0.060) (0.063) (0.023) (0.025)
Administrative Level 2 -0.436™** -0.219*** 0.268*** 0.172%**
(0.069) (0.065) (0.023) (0.025)
Hospital Beds (103) -0.025 0.012 -0.009 -0.010
(0.058) (0.059) (0.021) (0.021)
Cropland (10* km?) -0.003 -0.002 0.010*** 0.009***
(0.002) (0.002) (0.001) (0.001)
GDP (10° CNY) -0.004*+* -0.006"** 0.000 0.001*
(0.001) (0.001) (0.000) (0.000)
PM, 5 (ug/m3) 00247+ -0.026"* 0.010*** 0.011*+*
(0.002) (0.002) (0.001) (0.001)
R? 0.095 0.232 0.217 0.061 0.178 0.160
Observations 1,403 1,331 1,331 2,751 2,621 2,621

Notes: This table presents the determinants of the straw-burning ban roll-out. In Columns (1)-(3), the dependent variable is the
roll-out wave, coded as a continuous variable taking values 1, 2, 3, or 4, corresponding to adoption before 2011, during 2011-2014,
2015-2018, and 2019-2022, respectively. In Columns (4)—(6), the dependent variable is a treatment-group indicator. Following Bar-
wick et al. (2024), the dummy variable ‘Administrative Level 1" denotes cities in the Jing-Jin-Ji Metropolitan Region, the Yangtze River
Delta Economic Zone, the Pearl River Delta Metropolitan Region, directly administered municipalities, and provincial capitals; the
dummy variable “Administrative Level 2" denotes the 2007-designated Environmental Improvement Priority Cities and the 1997-2007
National Environmental Protection Exemplary Cities. Cropland size, number of hospital beds, and PM; 5 are measured using the
2001-2011 averages. GDP is averaged over 2013-2021 due to data availability. Robust standard errors are reported in parentheses. ***
p <0.01, ** p <0.05, * p <0.1.
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Appendix Table D3:

PM, 5 and Vector-Borne Diseases

Vector-Borne Hospitalizations

@ 2 3 @
PM, s 0.178 0.178 0.174 -0.175
(0.145) (0.145) (0.145) (0.145)
County FE v v v v
Province-Year-Quarter FE v v v v
Hospital Controls v v v
Weather Controls v v
Forest Fire Controls v
Observations 15,850 15,850 15,850 15,850

Note: This table presents the association between PM, 5 and hospitalizations of vector-borne diseases. The model includes county and

province-by-year-quarter fixed effects. Hospital controls include the total number of hospitals, the counts of secondary, tertiary, Class

B, Class C, and general hospitals, along with the average number of annual hospitalizations. Weather controls include the average
temperature and precipitation. Forest fire is measured by the occurrence and burned area of forest wildfires. Robust standard errors

are in parentheses. *** p <0.01, ** p <0.05, * p <0.1.
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E Robustness Checks and Heterogeneity Analysas

(a) Hospitalization of Tick-Borne Diseases
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(b) Medical Expenditure of Tick-Borne Diseases

-6~ Pre-trend coefficients -8~ Treatment effects

Coefficients of Treatment Effects

-10-¢ 8 7 6 5 4 3 2101 2 3 4 5 6 7 &8 9 10 1 12 13 14
Quarters Relative to Treatment

Appendix Figure E1: Effects on Tick-Borne Diseases: Event Study Plots

Notes: This figure illustrates the dynamic effects of the straw-burning ban on tick-borne disease hospitalizations using the imputation
difference-in-differences event-study approach (Borusyak et al., 2024). The dependent variables are the inverse hyperbolic sine (IHS)
transformation of the number of inpatient admissions (Panel [a]) and the IHS transformation of total medical expenditures (Panel
[b]) for tick-borne diseases, measured at the county-by-year-quarter level. The regression includes county fixed effects, province-by-
quarter fixed effects, and year-quarter fixed effects. Control variables include the total number of hospitals, the counts of secondary,
tertiary, Class B, Class C, and general hospitals, average number of annual hospitalizations, average temperature and precipitation,
frequency and burned area of forest wildfires, cropland area, GDP, population, and the number of hospital beds. The x-axis is quar-
ters relative to treatment. The y-axis displays estimated treatment effects relative to non-treated observations, with 95% confidence
intervals.
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(a) Hospitalizations of Vector-Borne Diseases (b) Medical Expenditure of Vector-Borne Diseases
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(c) Hospitalizations of Tick-Borne Diseases (d) Medical Expenditure of Tick-Borne Diseases
~e- Pre-Trend Coefficients 4~ Treatment Effcets —e- Pre-Trend Coefficients &~ Treatment Effcets
3 20

Coefficients of Treatment Effects

Coefficients of Treatment Effects

6 5 4 3 =2 4 0 1 2 3 4 5 & T & 9 10 1M 12 6 5 4 3 2 4 0 1 2 3 4 5 & T 8§ 9 1 1M 1
Quarters Relative fo Treatment Quarters Relative to Treatment

Appendix Figure E2: Effects on Vector-Borne Diseases and Tick-Borne Diseases: Event Study Us-
ing Callaway and Sant’Anna (2021)

Notes: This figure illustrates the dynamic effects of the straw-burning ban on vector-borne and tick-borne diseases using the method
of Callaway and Sant’Anna (2021). The dependent variables are the inverse hyperbolic sine (IHS) transformation of the number of
inpatient admissions and total medical expenditures, with the unit of observation at the county-by-year-quarter level. The model
includes county and province-by-quarter fixed effects.

Control variables include the total number of hospitals, the counts of secondary, tertiary, Class B, Class C, and general hospitals,
average number of annual hospitalizations, average temperature and precipitation, frequency and burned area of forest wildfires,
cropland area, and GDP. The x-axis is quarters relative to treatment. The y-axis presents the estimated treatment effects relative to
never-treated and not-yet-treated counties, with 95% confidence intervals.
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(a) Hospitalizations of Vector-Borne Diseases (b) Medical Expenditure of Vector-Borne Diseases
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Appendix Figure E3: Effects on Vector-Borne Diseases and Tick-Borne Diseases: Event Study Us-
ing Sun and Abraham (2021)

Notes: This figure illustrates the dynamic effects of the straw-burning ban on vector-borne and tick-borne diseases using the method
of Sun and Abraham (2021). The dependent variables are the inverse hyperbolic sine (IHS) transformation of the number of inpatient
admissions and total medical expenditures, with the unit of observation at the county-by-year-quarter level. The model includes
county and province-by-year-quarter fixed effects. Control variables include the total number of hospitals, the counts of secondary,
tertiary, Class B, Class C, and general hospitals, average number of annual hospitalizations, average temperature and precipitation,
frequency and burned area of forest wildfires, cropland area, GDP, population, and the number of hospital beds. The x-axis is quarters
relative to treatment. The y-axis presents the estimated treatment effects relative to never-treated and not-yet-treated counties, with
95% confidence intervals. This figure shows that significant effects emerge later than in Figure 4, which is estimated using the Borusyak
et al. (2024) estimator. A potential reason lies in their different handling of “forbidden comparisons” in TWFE regressions between
early- and late-treated cohorts. Specifically, Sun and Abraham (2021) construct interaction-weighted estimators that compare each
cohort of treated units with appropriate never-treated or not-yet-treated controls. If some cohorts are observed only in the later
post-periods, this method does not estimate early lags for them. As a result, early-period estimates rely heavily on a small subset of
early adopters, and the early post-treatment coefficients are often imprecisely estimated and insignificant. As more treated cohorts
accumulate in later periods, the estimates gain statistical power and often become significant. By contrast, Borusyak et al. (2024)
predict untreated potential outcomes for each unit in every period and then average the treatment effect across all units in each
relative period. This estimator “borrows strength” more directly across cohorts, often yielding smoother and more precise estimates
in early periods even with fewer adopters.
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Appendix Figure E4: Event Study of Straw-Burning Ban by Alternative Recycling Measures

Notes: This figure illustrates the dynamic effects of the straw-burning ban on vector-borne diseases by different recycling measures.
The dependent variable is the inverse hyperbolic sine (IHS) transformation of the number of inpatient admissions for vector-borne
diseases, measured at the county-by-year-quarter level. Panel (a) estimates the effects of straw-burning ban policies with assessment
criteria and with accompanying recycling support measures. In policies with support measures, the treatment group includes only
observations with both a ban and accompanying recycling measures. Panel (b) divides the sample by the number of biomass power
plants, comparing counties below and above the national median (two biomass power plants per county). The fixed effects and
control variables are the same as in Figure 4. The x-axis shows quarters relative to treatment, and the y-axis displays estimated
treatment effects relative to non-treated observations, with 95% confidence intervals.
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Appendix Table E1: Effects on Vector-Borne Diseases for Rural and Urban Residents

Hospitalization
Vector-Borne Diseases Tick-Borne Diseases
1) (2) 3) 4)
Rural Urban Rural Urban
Treatment (=1) 0.362* 0.359*** 0.317*** 0.051*
(0.188) (0.113) (0.077) (0.030)

County FE, province-quarter FE, year-quarter FE, control variables included

Observations 4,702 5,101 4,702 5,101

Notes: This table presents the heterogeneous effects of straw-burning ban policies on hospitalizations and medical expenditures for
vector-borne diseases by rural-urban status, as indicated by individuals” medical insurance. The dependent variables are the IHS
transformations of hospitalizations and medical expenditures for vector-borne and tick-borne diseases. The unit of observation is the
county-by-year-quarter level. Columns (1) and (3) use the sample of patients covered by the New Rural Cooperative Medical Scheme
(NCMS), whereas Columns (2) and (4) use the sample of patients covered by the Urban Employee Basic Medical Insurance (UEBMI).
See Appendix A.1 for more details. The number of observations is smaller than in the benchmark results reported in Table 2 because
some hospitals do not record patients’ types of medical insurance. Control variables include the total number of hospitals, the counts
of secondary, tertiary, Class B, Class C, and general hospitals, average number of annual hospitalizations, average temperature and
precipitation, frequency and burned area of forest wildfires, cropland area, GDP, population, and the number of hospital beds. Stan-
dard errors (in parentheses) are clustered at the county level. *** p <0.01, ** p <0.05, * p <0.1.
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Appendix Table E2: Straw-burning Ban, Recycle Measures, and Vector-Borne Diseases: Alterna-
tive Recycle Measures

Vector-Borne Disease Hospitalization

by Policy Type by Biomass Power Plants
1) 2) 3) 4)
Benchmark With Recycle < median > median
Treatment (=1) 0.502*** 0.122 1.627*** 0.050
(0.155) (0.111) (0.115) (0.214)

County FE, province-quarter FE, year-quarter FE, control variables included

Observations 5,395 4,925 2,110 3,285

Notes: This table presents the heterogeneous effects of straw-burning ban policies on hospitalizations for vector-borne diseases
across counties with different straw recycling policies. The dependent variable is the inverse hyperbolic sine (IHS) transformation of
hospitalization counts at the county-by-year-quarter level. Columns (1) reproduces the results from the baseline analysis. Column
(2) restricts the treatment group to counties with both a straw-burning ban and accompanying straw recycling support measures.
Columns (3) and (4) report estimates for subsamples where the density of biomass power plants (per grain planting area) is below
and above the national median (two plants per county), respectively. The analysis spans four years (sixteen quarters) before and
after policy implementation. The model includes county, province-quarter, and year-quarter fixed effects. Control variables include
hospital characteristics, weather conditions (average temperature and precipitation), wildfire characteristics (occurrence and burned
area of forest wildfires), cropland area, GDP (in logarithmic form), population (in logarithmic form), and the number of hospital beds.
Standard errors (in parentheses) are clustered at the county level. *** p <0.01, ** p <0.05, * p <0.1.

Appendix Table E3: Effects of Straw-Burning Ban Policies on Vector-Borne and Tick-Borne Dis-
eases: Excluding Adjacent Counties with Staggered Policy Timing

Vector-Borne Diseases

Hospitalizations Medical Expenditure
Treatment (=1) 0.333* 1.285%**
(0.190) (0.344)

County FE, province-quarter FE, year-quarter FE, control variables included

Observations 5,267 5,267

Notes: This table presents the effects of the straw-burning ban excluding geographically adjacent counties with non-synchronous
policy adoption. The dependent variables are the IHS transformations of hospitalizations and medical expenditures for vector-borne
diseases. The unit of observation is the county-by-year-quarter level. Control variables include the total number of hospitals, the
counts of secondary, tertiary, Class B, Class C, and general hospitals, average number of annual hospitalizations, average temperature
and precipitation, frequency and burned area of forest wildfires, cropland area, GDP, population, and the number of hospital beds.
Standard errors (in parentheses) are clustered at the county level. *** p <0.01, ** p <0.05, * p <0.1.
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Appendix Table E4: Robustness Checks: Controlling for Vegetation and Excluding “Sponge Cities”

Vector-Borne Disease Hospitalizations Vector-Borne Disease Medical Expenditure
@ (2) ®) )
Vegetation Controls Exclude Sponge Cities Vegetation Controls Exclude Sponge Cities
Treatment (=1) 0.517** 0.494*** 1.765*** 1.664***
(0.156) (0.155) (0.342) (0.332)

County FE, province-quarter FE, year-quarter FE, control variables included

Observations 5,328 5,296 5,328 5,296

Notes: This table presents robustness tests accounting for potential confounding effects from concurrent greening policies. The unit
of observation is the county—year—quarter level. Columns (1) and (3) control for vegetation growth (e.g., increased greenness from
reforestation or greenfield expansion). Columns (2) and (4) exclude the 16 pilot cities in China’s Sponge City Program to rule out
confounding effects from concurrent changes in urban water and green infrastructure. Control variables include the total number of
hospitals, the counts of secondary, tertiary, Class B, Class C, and general hospitals, average number of annual hospitalizations, average
temperature and precipitation, frequency and burned area of forest wildfires, cropland area, GDP, population, and the number of hospi-
tal beds. Standard errors (in parentheses) are clustered at the county level. *** p <0.01, ** p <0.05, * p <0.1.

Appendix Table E5: Effects of Straw-Burning Ban Policies Estimated Using Callaway and
Sant’Anna (2021)

Vector-Borne Diseases Tick-Borne Diseases
) @) ) (4)
Hospitalizations =~ Medical Expenditure =~ Hospitalizations =~ Medical Expenditure
Treatment (=1) 1.411** 5.460*** 0.849*** 4.602%**
(0.551) (1.596) (0.163) (0.838)

County FE, province-quarter FE, control variables included

Observations 6,772 6,772 6,772 6,772

Notes: This table presents the impacts of straw-burning ban policies on vector-borne and tick-borne diseases using the method of
Callaway and Sant’Anna (2021). The unit of observation is at the county-by-year-quarter level. The dependent variables are the IHS
transformation of the hospitalizations and medical expenditure for vector-borne and tick-borne diseases. Observations never treated
and not yet treated are used as the control group. Control variables include the total number of hospitals, the counts of secondary,
tertiary, Class B, Class C, and general hospitals, average number of annual hospitalizations, average temperature and precipitation,
frequency and burned area of forest wildfires, cropland area, and GDP. Standard errors (in parentheses) are clustered at the province
level. *** p <0.01, ** p <0.05, * p <0.1.
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Appendix Table E6: Effects of Straw-Burning Ban Policies Estimated Using Sun and Abraham
(2021)

Vector-Borne Diseases Tick-Borne Diseases
) @) ) (4)
Hospitalizations =~ Medical Expenditure = Hospitalizations =~ Medical Expenditure
Treatment (=1) 0.726*** 1.466*** 0.208 0.996**
(0.130) (0.475) (0.137) (0.392)

County FE, province-year-quarter FE, control variables included

Observations 1,982 1,982 1,982 1,982

Notes: This table presents the impacts of straw-burning ban policies on vector-borne and tick-borne diseases using the method of Sun
and Abraham (2021). The unit of observation is at the county-by-year-quarter level. The dependent variables are the IHS transforma-
tion of the hospitalizations and medical expenditure for vector-borne and tick-borne diseases. Observations never treated and not yet
treated are used as the control group. Control variables include the total number of hospitals, the counts of secondary, tertiary, Class
B, Class C, and general hospitals, average number of annual hospitalizations, average temperature and precipitation, frequency and
burned area of forest wildfires, cropland area, population, GDP, and the number of hospital beds. Standard errors (in parentheses)
are clustered at the province level. *** p <0.01, ** p <0.05, * p <0.1.

Appendix Table E7: Effects of Straw-Burning Ban Policies on Vector-Borne and Tick-Borne Dis-
eases: Log of the Dependent Variables

Vector-Borne Tick-Borne
) @) ) (4)
Hospitalizations =~ Medical Expenditure = Hospitalizations =~ Medical Expenditure
Treatment (=1) 0.407*** 1.634** 0.176** 0.663"
(0.139) (0.321) (0.071) (0.397)

County FE, province-quarter FE, year-quarter FE, control variables included

Observations 5,395 5,395 5,395 5,395

Notes: This table presents the impacts of straw-burning ban policies on hospitalizations and medical expenditures for vector-borne
and tick-borne diseases. The dependent variables are the logarithmic transformations (log(1 + y)) of the outcome variables. The unit
of observation is the county-year—quarter level. Control variables include the total number of hospitals, the counts of secondary,
tertiary, Class B, Class C, and general hospitals, average number of annual hospitalizations, average temperature and precipitation,
frequency and burned area of forest wildfires, cropland area, GDP, population, and the number of hospital beds. Standard errors (in
parentheses) are clustered at the county level. *** p <0.01, ** p <0.05, * p <0.1.
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Appendix Table E8: Effects of Straw-Burning Ban Policies on Vector-Borne and Tick-Borne Dis-
eases: Fixed-Effects PPML Estimation

Vector-Borne Tick-Borne
) @) ) (4)
Hospitalizations =~ Medical Expenditure = Hospitalizations =~ Medical Expenditure
Treatment (=1) 0.160* 0.157 0.338** 0.440***
(0.092) (0.098) (0.133) (0.136)

County FE, province-quarter FE, control variables included

Observations 6,612 6,612 4,995 4,995

Notes: This table presents the impacts of straw-burning ban policies on vector-borne and tick-borne diseases estimated using the
PPML method (Correia et al., 2020). The unit of observation is at the county-by-year-quarter level. Control variables include the total
number of hospitals, the counts of secondary, tertiary, Class B, Class C, and general hospitals, average number of annual hospital-
izations, frequency and burned area of forest wildfires, average temperature, precipitation, and relative humidity. Robust standard
errors are in parentheses. *** p <0.01, ** p <0.05, * p <0.1.

Appendix Table E9: Effects of Intensity of Straw-Burning Ban Policies on Vector-Borne and Tick-
Borne Diseases using de Chaisemartin et al. (2022)

Vector-Borne Diseases Tick-Borne Diseases
(1) @) ®) (4)
Hospitalizations =~ Medical Expenditure =~ Hospitalizations =~ Medical Expenditure
ATT 0.216*** 0.349*** 0.018 0.240*
(0.047) (0.123) (0.028) (0.144)

County FE, year-quarter FE, control variables included

Observations 4,525 4,525 4,525 4,525

Notes: This table presents the impacts of the intensity of straw-burning ban policies on vector-borne and tick-borne diseases by esti-
mating the Weighted Average Slope (WAS) parameters introduced in de Chaisemartin et al. (2022). The unit of observation is at the
county-by-year-quarter level. The explanatory variable is the cumulative number of straw-burning bans with policy assessment that
have been implemented, with the average number of policy documents in treated counties being 1.74. The dependent variables are
the ITHS transformation of the hospitalizations and medical expenditure for vector-borne and tick-borne diseases. Control variables
include the total number of hospitals, the counts of secondary, tertiary, Class B, Class C, and general hospitals, average number of
annual hospitalizations, average temperature and precipitation, frequency and burned area of forest wildfires, cropland area, forest
area, wheat planting area, GDP, population, value added of the primary industry, and number of hospital beds. *** p <0.01, ** p <0.05,
*p <0.1.
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Appendix Table E10: Effects of Straw-Burning Ban Policies on Vector-Borne and Tick-Borne Dis-
eases: Alternative Sample Periods (2015-2019)

Vector-Borne Diseases Tick-Borne Diseases
) @) ) (4)
Hospitalizations =~ Medical Expenditure = Hospitalizations =~ Medical Expenditure
Treatment (=1) 0.622%** 1.816"** 0.256** 0.872
(0.173) (0.474) (0.123) (0.572)

County FE, province-quarter FE, year-quarter FE, control variables included

Observations 3,030 3,030 3,030 3,030

Notes: This table presents the impacts of straw-burning ban policies on vector-borne and tick-borne diseases, using data from 2015-
2019, excluding the COVID-19 pandemic period. The unit of observation is at the county-by-year-quarter level. The dependent
variables are the IHS transformation of the hospitalizations and medical expenditure for vector-borne and tick-borne diseases. Con-
trol variables include the total number of hospitals, the counts of secondary, tertiary, Class B, Class C, and general hospitals, average
number of annual hospitalizations, average temperature and precipitation, frequency and burned area of forest wildfires, cropland
area, GDP, population, and the number of hospital beds. Standard errors (in parentheses) are clustered at the county level. *** p <0.01,
**p <0.05,* p <0.1.

Appendix Table E11: Effects of Straw-Burning Ban Policies on Straw Burning: Alternative Mea-
sures

Fire Points Orginal Value Aggregated Fire Points (< 1km?)
1) () 3) 4)
# Straw Burning Burned Areas # Straw Burning Burned Areas
Treatment (=1) -2.299%** -0.086™** -0.177+** -0.053***
(0.804) (0.024) (0.046) (0.012)

County FE, province-year FE, control variables included

Observations 35,101 35,101 35,101 35,101

Notes: This table presents the effects of straw-burning ban policies on the number and burned area of agricultural fires using differ-
ent measures of fire. The dependent variables are the original value of the number of agricultural fires in harvest seasons in Column
(1) and the burned area in harvest seasons (10,000 hectares) in Column (2). In Columns (3) and (4), we use aggregated cropland fire
points in harvest seasons within 1 km? as the measure. Each observation is at the county—year level. The model includes county and
province-by-year fixed effects. Control variables include average temperature and precipitation, frequency and burned area of forest
wildfires, lagged wheat and corn planting areas, GDP (logarithmic), and population (logarithmic). Standard errors (in parentheses)
are clustered at the city level. *** p <0.01, ** p <0.05, * p <0.1.
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Appendix Table E12: Effects of Straw-Burning Ban Policies on Straw Burning Using Callaway and
Sant’Anna (2021)

Fire in Harvest Seasons All Fire
) @ ) 4)
# Straw Burning Burned Areas # Straw Burning Burned Areas
Treatment (= 1) -0.425%* -0.064*** -0.520*** -0.075**
(0.093) (0.023) (0.143) (0.032)

County FE, control variables included

Observations 39,655 39,655 39,655 39,655

Notes: This table presents the effects of straw-burning ban policies on the number and burned area of agricultural fires using the
method of Callaway and Sant’Anna (2021). The dependent variables include the inverse hyperbolic sine (IHS) transformation of the
number of agricultural fires and burned areas in harvest seasons in Columns (1) and (2), and the IHS transformation of the number
of agricultural fires and burned areas in Columns (3) and (4). Harvest seasons are defined following He et al. (2020). Burned area is
measured in 10,000 hectare, and measured at the county-year level. The regression sample spans from 2001 to 2022. Control variables

include average temperature and precipitation, frequency and burned area of forest wildfires. Standard errors (in parentheses) are
clustered at the city level. *** p <0.01, ** p <0.05, * p <0.1.
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Appendix Table E13: Robustness Check: Effects of Straw-burning Ban on Insect Population

) ) ®) 4)
Arthropoda Insecta Arachnida Chilopoda
Panel A: Log transformation of insect observation
Treatment (=1) 0.023* 0.021* 0.003 0.001*
(0.013) (0.011) (0.003) (4.0e-04)

County FE, year FE included
log observer No., other baseline control variables included

Observations 10,288 10,286 10,278 10,286

Panel B: Alternative control variables: including bird observer No.

Treatment (=1) 0.026* 0.023* 0.004 0.001*
(0.015) (0.014) (0.004) (5.1e-04)

County FE, year FE, baseline control variables included
IHS bird observer No. included

Observations 9,922 9,920 9,913 9,921

Panel C: Alternative control variables: including population

Treatment (=1) 0.028* 0.025* 0.004 0.001*
(0.015) (0.014) (0.003) (5.5e-04)

County FE, year FE, baseline control variables included
IHS population included

Observations 10,202 10,200 10,192 10,200

Notes: This table presents the effects of straw-burning ban policies on insect observations using data from 2015 to 2022. The dependent
variable is the number of recorded observations for species within each taxonomic category per county—year, transformed using the
logarithm in Panel A and the inverse hyperbolic sine (IHS) in Panels B and C. The log transformation takes the form log(variable+1).
In Panel A, the number of unique observers and GDP are in logarithmic forms. Compared with the benchmark results, Panel B ad-
ditionally includes the number of unique bird observers. Panel C additionally includes population. Standard errors (in parentheses)
are clustered at the city level. *** p <0.01, ** p <0.05, * p <0.1.
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Appendix Figure F1: Changes in Cropland Fire 2015-2022
Notes: This figure illustrates the distribution of changes in cropland fire activity during the harvest season between 2015

and 2022 (the main sample period for our hospitalization analyses). A similar reduction in fires is observed when using
the full fire data from 2001 to 2022.
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Appendix Figure F2: Roll-out of China’s Straw Burning Policies without across Borders Spillovers

Notes: This figure illustrates the distribution of roll-out of straw burning policies excluding geographically
adjacent treatment and control counties. The data are obtained from the Peking University Law Database
(https:/ /www.pkulaw.com), which are described in detail in Appendix A.2.
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Without Recycling Measures With Recycling Measures

Straw residues are left in
piles and subsequently
shredded and
incorporated into the soil
prior to sowing.

Straw collection, baling, and
shredding after harvesting.

Appendix Figure F3: Illustration of Straw Residue Management After the Burning Ban

Notes: This figure illustrates different practices of straw residue management. After onsite burning is banned, the most common and
economical practice is to leave straw residues to accumulate on cropland and later crush and incorporate them into the soil before the
next planting season. In regions with stronger local capacity, residues are more effectively removed or recycled. Primary recycling
methods include baling and collecting straw for use as livestock feed or as fuel for biomass power plants.
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Appendix Table F1: Effects of Straw-Burning Ban Policies on Respiratory and Cardiovascular Dis-
eases

Respiratory Diseases Cardiovascular Diseases
1) @) ) (4)
Hospitalizations =~ Medical Expenditure = Hospitalizations =~ Medical Expenditure
Treatment (=1) -0.113** -0.077** -0.114*** -0.070*
(0.046) (0.033) (0.044) (0.070)

County FE, province-year-quarter FE, control variables included

Observations 5,672 5,672 5,672 5,672

Notes: This table presents the impacts of straw-burning ban policies on hospitalizations for respiratory and cardiovascular diseases.
The dependent variables are the IHS transformations of the number of inpatient admissions and medical expenditures for respiratory
and cardiovascular diseases. The unit of observation is the county—year—quarter level. Control variables include the total number of
hospitals, the counts of secondary, tertiary, Class B, Class C, and general hospitals, average number of annual hospitalizations, aver-
age temperature and precipitation, frequency and burned area of forest wildfires, cropland area, GDP, population, and the number of
hospital beds. Standard errors (in parentheses) are clustered at the province level. *** p <0.01, ** p <0.05, * p <0.1.

Appendix Table F2: Placebo Test on Unrelated Diseases

Hospitalizations Medical Expenditure
@) 2) ®) (4) ®) (6)
Other Dermatosis  Fracture Neoplasm Other Dermatosis Fracture Neoplasm
Treatment (=1) -0.001 -0.014 0.011 0.005 -0.011 0.005
(0.009) (0.021) (0.026) (0.006) (0.038) (0.036)

County FE, province-quarter FE, year-quarter FE, control variables included

Observations 5,864 5,864 5,864 5,864 5,864 5,864

Notes: This table presents the impacts of straw-burning ban policies on hospitalizations for diseases unrelated to vectors. The de-
pendent variables are the IHS transformations of hospitalizations and medical expenditures for non-arthropod-related dermatoses,
fractures, and neoplasms. The unit of observation is the county-year—quarter level. Control variables include the total number of
hospitals, the counts of secondary, tertiary, Class B, Class C, and general hospitals, average number of annual hospitalizations, aver-
age temperature and precipitation, frequency and burned area of forest wildfires, cropland area, GDP, population, and the number of
hospital beds. Standard errors (in parentheses) are clustered at the county level. ** p <0.01, ** p <0.05, * p <0.1.
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Appendix Table F3: Effects of Straw-Burning Ban Policies on Air Pollutants

Treatment (=1)

1) 2)
PMy5 PMjyg
-1.247*** -2.266***
(0.388) (0.565)

County FE, year FE, control variables included

Observations

10,135 10,095

Notes: This table presents the impacts of straw-burning ban policies on PM; 5 and PM;jy. The unit of observation is at the county-year
level. The model includes county and year fixed effects. Control variables include average temperature, precipitation, relative hu-
midity, and cloud gray, as well as frequency and burned area of forest wildfires, cropland area, and population. Standard errors (in

parentheses) are clustered at the county level. ** p <0.01, ** p <0.05, * p <0.1.

Appendix Table F4: Effects of Cropland Fires on Vector-Borne Diseases Using Instrument Variable

Method
Cropland Fires Vector-Borne Diseases
First Stage Hospitalizations Medical Expenditure
Treatment (=1) -0.051 **
(0.011)
Cropland Fires Area -8.680* -18.115*
(4.783) (10.920)

County FE, year FE, control variables included

First stage F-stat

Observations

6.455
2,461 2,461 2,461

Notes: This table presents the effects of cropland fires on vector-borne disease hospitalizations using the straw-burning ban policy as
an instrumental variable (IV). The main explanatory variable in Columns (2) and (3) is the IHS transformation of the burned area of
cropland fires. The IV is the straw-burning ban with policy assessment. The unit of observation is the county-year level. Control
variables include the total number of hospitals, the counts of secondary, tertiary, Class B, Class C, and general hospitals, average
number of annual hospitalizations, average temperature, relative humidity, and precipitation, frequency and burned area of forest

wildfires, forest area, cropland area, GDP, population, and the number of hospital beds. Robust standard errors are in parentheses.
4 b <001, p <0.05,* p <0.1.
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Appendix Table F5: Effects of Straw-Burning Ban Policies on Agricultural Outcome

1) (2) ®)
Cropland Forest %Wheat Planting
Treatment (= 1) -1,529.534*** -1.594 -0.012*
(385.723) (2.442) (0.007)

County FE, year FE, control variables included

Observations 36,141 33,770 11,843

Notes: This table presents the effects of straw-burning ban policies on agricultural outcomes, including cropland area, forest area, and
the percentage of land planted with wheat. Cropland and forest areas are measured in square kilometers (1 km? = 100 hectares).
Wheat shares are defined as the proportion of wheat planted area relative to total cropland. Control variables include lagged wheat
planting areas, average temperature and precipitation, frequency and burned area of forest wildfires. Standard errors (in parentheses)
are clustered at the county level. *** p <0.01, ** p <0.05, * p <0.1.
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