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Abstract

We study whether firms respond to local biodiversity policy risk and whether
those adjustments spill over to other regions through their plant networks. Using a
novel measure that links endangered species habitats to firm establishments, we find
that a conservation-oriented policy announcement leads exposed firms to cut toxic
releases and reduce presence in ecologically sensitive areas. Importantly, these changes
improve local vegetation and bird diversity. However, firms reallocate production and
toxic releases to non-sensitive areas, though this reallocation is imperfect. Thus,
while conservation policy improves priority habitats, it may simultaneously intensify
environmental harm in regions not covered by protections.
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I. Introduction

Biodiversity underpins essential ecosystem services including pollination, water purifica-

tion, and climate regulation, and its continued erosion!

is expected to impose substantial
economic costs—estimates suggest a reduction in global GDP of more than 2% per year
by 2030 (Johnson et al., 2021). Recognizing these risks, governments and international
bodies are increasingly proposing and adopting biodiversity protection measures, such as
land-use restrictions, habitat restoration programs, and conservation finance mechanisms.
The most prominent example is the “30 by 30” initiative with the goal of conserving 30%
of the planet’s land and oceans by 2030 (“30 by 30”) (Dinerstein et al., 2019) which the
United States joined the effort in 2021 via Executive Order 14008.2

Although prior work shows that investors price firms” biodiversity regulatory risk
(Garel et al., 2024; Xiong, 2023; Coqueret et al., 2025), far less is known about how firms
respond to these risks. Moreover, the existing literature neglects the inherently spatial
nature of biodiversity risks and instead focuses on firm-aggregate output measures. In-
stead, we argue that financial materiality stems from a firm’s proximity to endangered
biodiversity and its operations in habitats likely to face regulations. This perspective is
natural given that frameworks such as the Endangered Species Act (ESA) are geographic
in design: endangered species are listed, critical habitats are designated, and federal
3

agencies restrict activities that may damage those locations.

Using the introduction of “30 by 30” in the United States as a policy shock, we study

!Extinction rates are now estimated to be 10-100 times higher than the historical baseline over the past
10 million years (Marques et al., 2019).

2Subsequent initiatives under the Biden administration, including the Infrastructure Investment and Jobs
Act, Executive Order 14072, the Bureau of Land Management’s 2024 Public Lands Rule, and the Inflation
Reduction Act, further allocated substantial resources to biodiversity-related initiatives.

3Ecologically sensitive areas are widely recognized as priorities for conservation policy (Carroll and
Noss, 2022; Pulido-Chadid et al., 2023; Allan et al., 2022).



whether rms reallocate their toxic releases in response to heightened biodiversity con-
servation risk and examine the real spillover e ects of these adjustments. Our spatial
approach allows us to assess how rms respond in ecologically sensitive areas, whether
rms shift pollution to less exposed plants in the rm's internal network, and whether
such responses bene t biodiversity in the most vulnerable areas. In doing so, our study
sheds light on how rms interact with their local ecological environment when faced
with land-conservation regulations, and provides evidence relevant to policymakers for
evaluating the e ectiveness of conservation policy.

To de ne ecologically-sensitive areas, this paper introduces a novel, spatially based
measure of exposure to endangered biodiversity areas lacking formal protections. The
measure adapts tools from the environmental science literature to nance, building on
Hamilton et al. (2022), who combine information on species rarity, habitat range, and
existing legal protections to construct Protection-Weighted Range-Size Rarity (PWRSR)
scores for every 990m 990m grid in the U.S.* They further classify grid cells meeting a
PWRSR threshold as Areas of Unprotected Biodiversity Importance (AUBIs). We extend
this by linking AUBI areas to establishment-level data from Dun & Bradstreet ° and the
Environmental Protection Agency's (EPA) Toxic Release Inventory (TRI).

We validate that our measure captures biodiversity policy risk by examining its e ects
in nancial markets. Firms with high AUBI exposure in locally nature-dependent sectors
exhibit signi cantly higher implied volatility following the launch of 30 by 30. ' In addi-

tion, long short portfolios that buy high-exposure rms and shortlow-exposure rmsearn

4For each grid cell and each of 2,216 endangered species, they assess the likelihood of presence, weight
it by the species' total habitat size and degree of protection, and then aggregate across species to obtain a
PWRSR score.

SFirm-level exposure measure calculated by aggregating across establishments using employment
weights.



negative cumulative abnormal returns (CARS) after EO 14008 an e ect that reverses fol-
lowing the 2024 election.® These results are reassuring: the rms most dependent on local
natural resources and most exposed to endangered, unprotected biodiversity experience
the strongest adverse market reaction. Investors therefore perceive conservation-oriented
policy as detrimental to expected rm performance, with substantial heterogeneity linked

to spatial exposure.

Using detailed data on plant-level production, toxic releases, and abatement activities
from the EPA's TRI merged with our biodiversity measures, ’ we show that rms adjust
their behavior in response to anticipated conservation policy. Relative to less exposed
facilities, those in unprotected, endangered areas report signi cantly lower toxic releases
following the launch of 30 by 30 in 2021. Using a di erence-in-di erences approach,
we nd a one standard deviation increase in PWRSR is associated with a 1.4% decline in
total toxic releases at the facility level in the post-announcement period. Our dynamics
demonstrate no pre-trends and our speci cations include facility-by-chemical xed e ects,
parent company-by-chemical-by-year xed e ects, and state-by-chemical-by-year xed
e ects to control for time-invariant facility characteristics, rm-speci ¢ shocks, and local
policy or economic trends.

Our economic hypothesis is that, anticipating that toxic releases near endangered
biodiversity may attract regulatory action, rms engage in reallocations emissions away
from sensitive areas. Pro t-maximizing rms can do this through two broad channels:
(i) facility-level source reduction and (ii) reallocation, either within a facility or across the

rm's network of establishments.

5Returns are adjusted for the Fama French four factors and a green-minus-brown factor (Pastor et al.,
2022).
’Our primary dataset covers 14,313 manufacturing facilities operated by 4,143 rms from 2018 to 2024.



At the facility level, rms may lower production, invest in abatement technologies, or
improve waste-treatment abilities. While these mechanisms reduce toxic releases for a
given unit of output, they also impose short-run economic costs. Consistent with this, we
nd that a one standard deviation increase in PWRSR is associated with a 1.2% decline
in facility production, but no evidence of investment in abatement or waste treatment.
We view this pattern as validating: 30 by 30 and most biodiversity-oriented policies
under the Biden administration relies on monitoring and conservation incentives rather
than punitive regulation. Firms therefore appear reluctant to undertake costly, irreversible
technological upgrades, instead temporarily scaling back production to reduce releases.

Firms may also respond through reallocation. At the facility level, plants can shift
chemical waste from on-site disposal to o -site removal; at the rm level, production and
emissions can be moved from ecologically sensitive to non-sensitive facilities. While we
estimate positive e ects on o -site disposal, the results are not signi cant. Following
Giroud and Mueller (2015, 2019), we examine within- rm spillovers and nd strong
evidence of network reallocation: toxic releases at a given facility increase when other
facilities owned by the same rm are more exposed to unprotected biodiversity. This
pattern indicates that conservation policy aimed at sensitive areas induces displacement
of pollution toward less sensitive ones. Our CAR results suggest that markets view these
reallocations as imperfect and nancially costly for rms.

We also observe contractions in manufacturing presence in the most exposed coun-
ties following the policy announcement. Counties in the top 5% of PWRSR exposure
experience a 3.2% decline in facility presence relative to baseline counties, with the con-
traction increasing to 5.2% among counties in the top 2.5%. These results indicate that

rms respond not only by reducing toxic releases at existing sites but also by exiting or



avoiding entry into counties with the highest concentration of unprotected, endangered
biodiversity when conservation policy risk rises.

Crucially, we ask whether the shifts observed after Biden's "30 by 30" translate into
meaningful ecological improvements. To evaluate real environmental consequences, we
bring in two novel, high-resolution ecological datasets: NASA's MODIS Enhanced Vege-
tation Index (EVI), which measures vegetation health, and the North American Breeding
Bird Survey (BBS), an indicator of avian biodiversity. Leveraging these datasets, we show
that areas surrounding high-exposure facilities experience measurable ecological gains
following the policy announcement. & Speci cally, vegetation density increases and local
bird diversity rises signi cantly in the post-policy period. These results demonstrate that
conservation policy not only reshapes rm behavior but also yields tangible improve-
ments in local ecosystems an important validation that biodiversity policy can produce
ecological bene ts.

Importantly, we exploit an additional source of variation: President Trump's re-election
on November 5, 2024. Given his vocal opposition to environmental regulation and the
Biden administration's limited record of punitive enforcement one would expect a rever-
sal of the trends we document under the 30 by 30 policy regime. ° Consistent with this
prediction, we observe a clear shift in both nancial markets and rm behavior. The long
short nature-dependent portfolio earns positive CARs following the election, reversing
the negative returns experienced earlier. Similarly, our dynamic di erence-in-di erences
estimates show that the decline in on-site toxic releases among high-PWRSR facilities

emerges in 2021 2023 but dissipates in 2024, coinciding with the election outcome. The

8We nd that it is high-polluting facilities driving this result. High-polluting facilities are de ned as
the average total releases across facility-chemicals in the three years preceding the policy announcement.
High-exposure facilities are those that are in the top tercile based on PWRSR.

9President Trump rescinded Executive Order 14008 on his rst day in o ce, January 20, 2025.



combination of negative production and market responses to regulatory risk and sub-
sequent reversal following a deregulatory signal provides con rmation of our proposed
channels and exposure measure.

Overall, while our ndings demonstrate meaningful ecological gains in the most sensi-
tive areas, they also reveal that these improvements come with important trade-o s. The
spillover e ects induced by the "30 by 30" policy shock are not uniformly positive: rms
strategically use their internal networks to reallocate toxic releases away from ecologically
sensitive facilities toward those located in less sensitive counties. This segregation of
environmentally harmful economic activity from conservation-priority areas is a novel
and policy-relevant insight, highlighting that conservation policy can successfully pro-
tect vulnerable ecosystems while unintentionally intensifying pollution elsewhere. As
biodiversity loss worsens and policy increasingly concentrates on areas with remaining
endangered habitats, these dynamics become more salient. Atthe limit, they point toward
a future where conservation policy preserves high-value habitats but concentrates envi-
ronmentally harmful activity in less regulated areas, an outcome that underscores both

the promise and the limits of targeted biodiversity policy.

lI. Related Literature

We contribute to the nascent but growing literature on biodiversity policy risks in nance.
Despite rising attention from policymakers and investors, biodiversity remains largely
absent from leading nance journals (Karolyi and Tobin-de la Puente, 2023). Recent work
has begunto Ilthis gap. For example, Garel et al. (2024) introduce a measure of corporate

biodiversity footprint (CBF), which captures both direct and indirect biodiversity losses



due to land use, greenhouse gas (GHG) emissions, water pollution, and air pollution
using data from Iceberg Data Lab (IDL). They show that high-CBF rms experience lower
realized returns following major policy announcements, but higher implied costs of capital
(a proxy for expected returns) around signi cant policy events, suggesting that investors
anticipate new regulations or litigation targeting these rms. Similarly, Coqueret et al.
(2025) construct a biodiversity factor from IDL data and nd that it is not subsumed
by carbon emissions or standard Fama French factors. Xiong (2023) use MSCI data
augmented with corporate biodiversity incidents and highlight the importance of land
use in biodiversity transition risk. Finally, Giglio et al. (2023) employ textual analysis to
construct aggregate and rm-level biodiversity risk measures and show that returns on
sorted portfolios covary with innovations in their aggregate measure.

Our work is closely related to this literature but di ers in several key respects. First,
while prior measures emphasize rms' pollution or biodiversity footprints, we highlight
that policy risk also depends on a rm's geographic proximity to endangered biodiver-
sity that is likely to become a conservation priority. Most existing biodiversity- nance
work mirrors climate- nance methods, relying on non-spatial aggregate measures such
as emissions, land-use, or pollution footprints. We agree that intensity of usage is a
de ning characteristic of a rm's exposure to biodiversity policy risk but in this paper we
emphasize the spatial dimension of a rm's exposure. Greenhouse gas emissions have
similar e ects regardless of location; biodiversity impacts depend critically on where they
occur. An identical industrial project may have negligible direct consequences in a barren
desert but severe consequences in an endangered rainforest. Second, we extend the scope
of analysis well beyond equity returns, presenting evidence that biodiversity policy a ects

options markets and rm behavior. And third, we show that biodiversity policy generates



positive real environmental e ects in surrounding ecosystems, underscoring the tangible
consequences of biodiversity policy and exposure.

Our paper also contributes to the literature on the propagation of economic shocks and
their spillover e ects through rms' internal networks (Giroud and Mueller, 2015, 2019;
Giroud et al., 2024). More speci cally, we add to the subset of this literature that examines
how rms reallocate emissions in response to regulatory or political pressure (Ben-David
et al., 2021; Bartram et al., 2022; Bisetti et al., 2022). While existing work documents
reallocation under carbon regulation or political scrutiny, we show that similar patterns
arise in a biodiversity policy context and that they occur broadly across rms not only
among those facing nancial constraints. Moreover, we provide evidence that, despite
inducing spillovers, conservation policies remain e ective at safeguarding biodiversity in
the most sensitive areas.

Further, we contribute to the literature on sustainable nance and ESG investing, with
a focus on the role of environmental risks in nancial markets. A large body of work
shows that climate-related risks are increasingly priced and in uence rm and investor
behavior. For example, climate policy uncertainty is priced in equity markets (Bolton
and Kacperczyk, 2021; Zhang, 2025), a ects option-implied volatility and slope (llhan
et al., 2021), raises credit spreads (Seltzer et al., 2022), alters investment and innovation
(Basaglia et al., 2025), shapes bank lending decisions (Delis et al., 2019), and reallocates
capital in venture capital markets (Noailly et al., 2022). Firms also adjust their activities
in anticipation of regulation: Barnett (2024) document preemptive responses to expected
policy changes. Our study extends this literature by examining biodiversity as a distinct
but related environmental risk. Our framing builds on Krueger et al. (2020) and Stroebel

and Wurgler (2021), who emphasize the nancial materiality of environmental regulatory



risks.

Ill. Background and Data

This section provides essential background on biodiversity conservation and the 30 by 30
Initiative, followed by a description of the datasets used in our analysis. 1° Our empirical
strategy requires assembling data at two complementary levels of analysis. At the rm

level, we construct measures of biodiversity importance by aggregating establishment-
level exposures and merging these with standard nancial datasets. At the facility level,

we combine information on annual toxic releases with static biodiversity exposure mea-
sures, geospatially matched vegetation indices observed at a monthly frequency, and bird
observation . Together, these datasets allow us to evaluate both nancial market and real

economic responses to biodiversity policy.

A. Biodiversity and the 30 by 30 Initiative

Biodiversity refers to the variety of life forms on Earth, including ecosystems, species, and
genetic diversity. It can be measured on various levels, from the genetic di erences within
a species to the number of species in a speci ¢ area. In simple terms, biodiversity is often
understood as the richness of species within an ecosystem.

The Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem Ser-
vices (IPBES) has reported that human activity now threatens more species with global

extinction than ever before (Diaz et al. (2019), Marques et al. (2019)). Nearly one-quarter

10Table IA.A.1 summarizes variable de nitions, and Table IA.A.4 details datasets that are well established
in the literature.



of animal and plant species face extinction, while local extinctions within speci ¢ ecosys-
tems are becoming more widespread. A report by the World Wildlife Fund (Fund (2020))
revealed a staggering 69% decline in the monitored wildlife on earth between 1970 and
2018.

This profound loss of biodiversity is likely to impact billions of people as the degra-
dation of natural systems presents a signi cant risk to quality of life. Additional studies
have supported these ndings (Jones et al. (2018), Pereira et al. (2024), Allan et al. (2022),
Senior et al. (2024)), showing that biodiversity loss can have serious economic conse-
guences (Blarel et al. (2023), WEF (2020)). Recent evidence shows that biodiversity loss
can have direct and measurable human and economic costs, as seen in the collapse of
vultures in India leading to higher mortality and sanitation costs (Frank and Sudarshan,
2024) and the decline of bats in North America increasing insecticide use, health risks,
and crop losses (Frank, 2024). Biodiversity loss could also lead to an increased risk of
future pandemics (Daszak et al. (2020)). To address accelerating biodiversity loss, the
30 by 30 initiative, which aims to conserve 30% of the Earth's land and marine areas by
2030, was rst proposed at the 2014 IUCN World Parks Congress and later championed
by the High Ambition Coalition for Nature and People. It has since been endorsed by
over 100 countries and was formally codi ed as Target 3 of the Kunming-Montreal Global
Biodiversity Framework, adopted at the 2022 COP15 conference, often described as the
Paris Agreement for Nature.

In addition to 30 by 30, the Biden administration has enacted several policy measures
that impact land conservation and biodiversity protection in the last few years. Executive
actions include Executive Order 14008 on January 27, 2021 (30 by 30) and Executive Order

14072 issued in 2022 which focuses on forest conservation and promoting biodiversity.

10



As of the end of 2021, less than 13% of the United States is permanently protected and
primarily managed to support biodiversity (U.S. Geological Survey (2021)). Panel A of
Figure 1 shows these protected areas color-coded by ownership types, such as federal,
state, regional agencies, NGOs, and private entities.

Legislative actions such as the In ation Reduction Act and the Bipartisan Infrastruc-
ture Law have allocated substantial funding to conservation programs and habitat restora-
tion, increasing compliance costs for businesses operating in sensitive ecological areast?
Identifying which rms 12 may be exposed to these policy and transition risks requires un-
derstanding which regions are most likely to be designated as conservation areas under

30 by 30 or future environmental regulation.

B. Environmental Data

In this section, we describe the environmental datasets that underpin our analysis. These
come from three sources. First, we draw on NatureServe, which provides geographically
precise, science-based information on species distributions, ecosystem vulnerability, and
climate exposure. These data allow us to construct establishment-level measures of biodi-
versity policy risk and associated climate controls. Second, we rely on NASA's Moderate
Resolution Imaging Spectroradiometer (MODIS) satellite products, which provide con-
sistent, high-frequency vegetation indices used to assess real ecological outcomes. And
lastly, we rely on data from the U.S. Geological Survey's (USGS) North American Breeding

Bird Survey (BBS), which track the status and trends of North American bird populations.

H1sSee here for Executive Order 14008; here for Executive Order 14072; here for In ation Reduction Act;
here for Bipartisan Infrastructure Law; here for Bureau of Land Management Regulation; here for ESA
Regulations; here for America the Beautiful Initiative.

12Firms have increasingly highlighted their commitments to biodiversity conservation in annual reports.
Table IA.A.2 presents a subset of disclosures.
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Together, these sources enable us to link rm activity to biodiversity policy exposure and

to measure environmental responses on the ground.

B.1 Biodiversity Data and Habitat Modeling

NatureServe plays a central role in biodiversity conservation by modeling the habitat
ranges of imperiled species and assessing ecosystem vulnerability. We incorporate these
datainto our rm-level and facility-level biodiversity policy exposure measures, described

in more detail below.

NatureServe is a nonpro t organization dedicated to advancing biodiversity conserva-
tion by providing high-quality, science-based data on species and ecosystems. Through its
expertise in species distribution, conservation status assessments, and ecosystem analysis,
NatureServe addresses critical data gaps that government agencies alone often cannot |I.

It collaborates with over 60 governmental and non-governmental organizations across
North America, working with a network of 1,000 conservation scientists to gather and
analyze biodiversity data. By o ering detailed biodiversity data, NatureServe supports
conservation planning and policy, thus assisting researchers, policymakers, and busi-
nesses in identifying high-priority areas for biodiversity protection.

To categorize species, NatureServe uses a system of conservation status ranks, ranging
between GH (possibly extinct), G1 (critically imperiled), G2 (imperiled), G3 (vulnerable),
G4 (apparently secure), and G5 (secure). This ranking system has been used by U.S.
agencies as a valuable tool for identifying species and ecosystems at risk and for shaping
both policy decisions and practical conservation strategies. 13

While the Endangered Species Act (ESA) similarly addresses at-risk species, federal

Bt also aligns closely with international standards, such as the IUCN Red List, ensuring consistency in
global biodiversity risk assessments.
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limitations in sta and resources prevent comprehensive assessments for all species Na-
tureServe considers at risk. NatureServe therefore supplements federal listings by pro-
viding a broader set of observations for assessing the health of additional species and
ecosystems at various scales. These ranks also supply critical status information for
species that have not yet been listed or are under evaluation for listing under the ESA.

Traditional biodiversity assessments typically rely on coarse-range maps, which de-
pict broad species distribution ranges. While informative at a general scale, these maps
lack the spatial precision needed to capture speci ¢ habitat features and environmental
variations critical to accurately identifying high-priority conservation areas. This limi-
tation is particularly signi cant for rare or at-risk species, which often inhabit smaller,
specialized environments that coarse mapping cannot adequately represent. To overcome
these limitations, Hamilton et al. (2022) * employ habitat suitability models (HSMs) en-
hanced by machine learning. HSMs predict suitable habitats by analyzing environmental
variables such as climate, land cover, and soil types, to identify areas that best support a
species' survival and reproduction. Machine learning enables accurate habitat suitabil-
ity estimates even in data-sparse regions and produces nely detailed habitat suitability
maps.

The study speci cally focuses on 2,216 imperiled species from four taxonomic groups:
vertebrates, vascular plants, freshwater invertebrates (such as mussels and cray sh), and
pollinators (including bumble bees, butter ies, and skippers). Only species classi ed as
critically imperiled (G1) or imperiled (G2) by NatureServe, or listed as endangered under
the U.S. Endangered Species Act, were included. By concentrating on these high-priority

species, the assessment identi es regions with urgent conservation needs, aligning with

14Although not formally published by NatureServe, the top three coauthors of this study are a liated
with NatureServe, underscoring the organization's involvement in developing the methodology.

13



our research goal to evaluate policy risks for areas likely to receive protection under

initiatives like 30 by 30.

B.2 Climate Exposure Data

We utilize two geographical climate datasets from NatureServe: the Climate Change Ex-
posure Score and the Habitat Climate Change Vulnerability Index (HCCVI) score. These
variables are included to emphasize that our biodiversity exposure measure captures a
risk distinct from physical climate risks. The Climate Change Exposure Score evalu-
ates the stress induced by climate change on ecosystem-speci ¢ processes, focusing on
changes in temperature and precipitation patterns. This score incorporates baseline cli-
mate conditions, historical climate variability, and future climate projections, emphasizing
deviations from historical norms. It is based on two measures of climate vulnerability:
Climate Departure, which predicts shifts in temperature and precipitation between mid-
20th-century averages and future 21st-century estimates, and Climate Sensitivity, which
evaluates changes in modeled habitat suitability over time.

The Habitat Climate Change Vulnerability Index (HCCVI) score assesses the climate
change vulnerability of various habitats and ecosystems within a hexagonal spatial unit.
The Climate Change Exposure Score serves as a critical input to the HCCVI framework,
which provides average scores across 99 habitat types. Higher HCCVI scores re ect
lower vulnerability (high resilience or low exposure), while lower scores indicate greater
vulnerability (low resilience or high exposure). Both datasets include two temporal as-
sessments: mid-to-late century and near-century projections, o ering insights into the
evolving impacts of climate change on natural habitats.

We perform the same steps as how we calculate rm-level biodiversity policy risk

14



measures to obtain rm-level climate change exposure score and HCCVI score. The maps
of these scores are plotted in Figures IA.A.1 and IA.A.2. In our regressions, we include
three climate-related controls: the Climate Change Exposure Score for both mid-to-late
century and near-century projections, and the Habitat Climate Change Vulnerability Index
(HCCVI) for the mid-to-late century. We omit the HCCVI near-century score because it is

a linear combination of the other three variables.

B.3 Vegetation Indices

For our analysis of the real e ects of biodiversity policy, we rely on vegetation data from
NASAs Moderate Resolution Imaging Spectroradiometer (MODIS). MODIS produces
vegetation indices at 16-day intervals and multiple spatial resolutions, enabling consistent
temporal and spatial comparisons of vegetation canopy greenness across the globe. These
indices synthesize spectral re ectance in the red, near-infrared, and blue bands to capture
composite properties of vegetation, such as leaf area, chlorophyll concentration, and
canopy structure.

MODIS produces the Enhanced Vegetation Index (EVI), which corrects for canopy soil
background noise, incorporates atmospheric resistance coe cients, and leverages the blue
band to reduce distortions from aerosols. The resulting index provides robust detection
of vegetation changes across a wide range of ecological conditions. The EVI is calculated

as.
INIR R°
INIRT ;1 R > BI1lo

EVI =

where NIR, R, and B denote near-infrared, red, and blue re ectance values, respectively;

I is a canopy background adjustment factor; 1and ; are aerosol resistance coe cients;
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and isagainfactor.'®> We implement these data through Google Earth Engine, lteringto
retain only pixels with VI quality assurance ags 1'% and aggregating 16-day composites

to monthly means at the facility level using establishment coordinates.

B.4 Breeding Bird Survey

To measure ecological responses to biodiversity policy, we rely on avian population data
from the North American Breeding Bird Survey (BBS), a long running multinational
monitoring program coordinated by the U.S. Geological Survey in collaboration with
Canada and Mexico. The BBS provides the primary source of large-scale, long-term
information on breeding-season bird populations across the continent, supplying annual
indices of abundance and species richness for more than 700 bird species.

Each year during the peak breeding season, skilled volunteer observers conduct stan-
dardized roadside surveys along xed 25-mile routes. Each route contains 50 point counts,
and at each point an observer records all birds seen or heard within a 0.25-mile radius
during a 3-minute interval. More than 4,800 routes span the continental United States,
Canada, and northern Mexico, and route boundaries do not cross state lines.

For each route-year observation, the BBS provides measures of abundance (the total
number of individual recorded across all point counts) and diversity (the number of
unique species observed). These metrics form the outcome variables in our ecological
analyses.

To link ecological conditions to rm activity, we spatially join manufacturing facilities

to the nearest BBS route. We construct a 50-kilometer radius around each route's starting

15gee here and here for more details.

16The MODIS VI Quality Assurance (QA) bits categorize pixel reliability: 0 indicates highest quality, 1
indicates marginal quality, and values 2 represent snow/ice or clouds. We retain pixels with QA 1
following standard practice.
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point and assign a facility to the closest route whose starting point lies within this radius.
Routes are state-speci ¢ and do not cross borders.

The BBS has been instrumental in documenting long-term declines in North American
bird populations, identifying species of conservation concern, and informing regional and
national management actions. In our context, the breadth and temporal consistency of
the data enable credible measurement of ecological changes surrounding manufacturing

facilities exposed to biodiversity policy.

V. Measures of Biodiversity Importance

Hamilton et al. (2022) introduce three distinct measures to capture di erent aspects of
biodiversity importance: Range-Size Rarity (RSR), Protection-Weighted Range-Size Rar-
ity (PWRSR), and Areas of Unprotected Biodiversity Importance (AUBI). In this study,
we employ PWRSR and AUBI to analyze how biodiversity policy risks in uence rms'
nancial outcomes, behavior, and their environmental impact. Below, we introduce each

measure in detail.

Range-Size Rarity (RSR). Range-Size Rarity (RSR) is designed to quantify the rarity of
species within a given geographic area. The measure is calculated in two steps: rst, the
inverse of the modeled habitat area is computed for each species, 4, and second, these
values are summed across all species within the geographical area, 6, to obtain the RSR
score at the geographical level.

o) o 1
Habitat Areas
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A higher range-size rarity indicates that a species has a smaller habitat, making it more
vulnerable to threats. By highlighting areas with greater ecological sensitivity, RSR serves
as a critical tool for identifying biodiversity hotspots. The data for RSR are available at
a resolution of 990 meters, enabling ne-grained spatial analysis across the continental

United States.

Protection-Weighted Range-Size Rarity (PWRSR).  Protection-Weighted Range-Size Rar-
ity (PWRSR) extends the RSR metric by incorporating the extent of habitat protection for
each species. Protected areas, as de ned in the study, are those classi ed with GAP Status
1 or 2 in the Protected Areas Database for the United States, which are areas mandated
for biodiversity conservation. For each species, 4, the PWRSR score is calculated as the
product of its RSR score and the proportion of its habitat that remains unprotected. These
scores are then summed across all species within a geographic area,6, to produce the

PWRSR score at the geographical level.

@) ) 1
%,'(" 6= %,'(" 46=
4 4

; Percentage Unprotectgd
Habitat Area g 9 P §

Overall, protection-weighted Range-Size Rarity (PWRSR) signi es the vulnerability of
a species based on its habitat range and the degree to which its habitat remains unpro-
tected. A higher PWRSR score indicates a species with a small, rare habitat that is largely
unprotected, making it especially susceptible to extinction risks. Thus, this measure iden-
ti es not only regions with ecologically rare species but also those where such species
face signi cant conservation gaps. By integrating protection data, PWRSR highlights re-
gions with high biodiversity risks due to inadequate conservation measures. Like RSR,

PWRSR is computed at a 990-meter resolution, providing detailed insights into biodiver-
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sity vulnerabilities at the local level. Panel B of Figure 1 overlays PWRSR onto protected

areas.

Areas of Unprotected Biodiversity Importance (AUBI). Areas of Unprotected Biodi-
versity Importance (AUBI) is a binary measure derived from PWRSR score. A region is
classi ed as AUBI if its summed PWRSR score equals or exceeds a threshold of 0.0005;
otherwise, it is assigned a value of 0. This PWRSR value of 0.0005 corresponds to a single
species with a 500 km? range that is 25% unprotected, a species with a smaller range of
20 km? that is 1% unprotected, or multiple co-occurring species with lower individual
PWRSR values. This binary classi cation pinpoints regions where biodiversity risks are
both signi cant and unprotected, making them priorities for conservation e orts.

AUBIs spanned 510,521.3 kn%, or 6.3% of the contiguous United States (CONUS). These
AUBIs often included habitats for multiple threatened species: 86% of AUBIs contained
more than one imperiled species, with an average of 4.8 species ( = 3.21) predicted in
each area. Overall, habitats for 2,124 species, representing 96% of all modeled species,
were expected to occur within AUBIs. California stands out with the highest percentage
of land area designated as AUBIs (27.6%), while Florida, Georgia, and Tennessee each had
nearly 20% of their land overlapping with AUBIs. Except for Rhode Island, every state
included AUBIs, with 90% of the CONUS population residing within 50 kilometers of one.
These three measures, RSR, PWRSR and AUBI, cover the entire continental United States
at a resolution of 990 meters. Figure 2 plots these measures.

The biodiversity layers are treated as time-invariant over our sample. This re ects
both data limitations and the slow-moving nature of habitat suitability, species distribu-

tions, and protection status. Our measures draw on extensive historical information on
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ranges, habitat characteristics, and conservation actions, capturing long-run ecological
conditions rather than short-term land-use changes. We use the 2020 spatial surface as
a representative baseline throughout the sample. Accordingly, these measures should
be interpreted as a forward-looking proxy for structural, geography-based exposure to

biodiversity regulation, not as a real-time re ection.

A. Firm-Level AUBI Exposure

Building on the biodiversity risk measures above, we construct a rm-level proxy for
exposure to Areas of Unprotected Biodiversity Importance (AUBIS). Employee-Weighted
AUBI Exposure captures the share of a rm's workforce located within AUBIs. 17

We obtain establishment-level data for US public rms from Dun & Bradstreet, which
provides detailed information on rm establishments, including the parent company
name, establishment name, location and number of employees. Using Google Maps API,

we geocode each establishment's coordinates and match these locations to a grid from

NatureServe which has RSR, PWRSR, and AUBI scores.

Employee Weighted AUBI Exposure.  We assign a binary value of 1 to establishments
located in an AUBI and O otherwise. To account for the relative size of each establishment,
we weigh the biodiversity policy risk exposure by the number of employees at each

establishment. For example, suppose Caterpillar, Inc has two establishments: one with
400 employees located in an AUBI, and another with 600 employees outside such areas.

In this case, the weighted average biodiversity policy risk exposure for Caterpillar, Inc

17Using establishment-level presence to measure environmental risk exposure is consistent with prior
work in climate nance. Acharya et al. (2022) use establishment-level geographic distribution data to
estimate rm exposure to regional heat stress.
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would be 0.4, re ecting the proportion of its workforce in an AUBI region.

We merge the resulting dataset with CRSP-Compustat. The merge is performed using
a combination of rm names and geographic proximity. Speci cally, we geocode rm
headquarters from CRSP and match them to public company establishments in the Dun
& Bradstreet NETS database. Our nal sample includes 1,039 public rms, each assigned
a xed AUBI exposure score based on 2021 employment footprints and 2020 spatial biodi-
versity risk. We merge this with CRSP-Compustat and OptionMetrics data spanning 2016
to 2024 to construct the nancial markets data used in our analyses. Figure 3 displays the
geographic distribution of rm establishments overlaid on Areas of Unprotected Biodi-
versity Importance. We provide summary statistics of the nal datasets 18in Tables 1 and

2.

Locally Nature-Intensive and Nature-Dependent Firms. We categorize rms into two
groups: those that are locally nature-intensive and nature-dependent, and those that are
not. Locally nature-intensive and nature-dependent rms are those whose core operations
rely directly on exploiting land and natural capital in sensitive areas. This conceptis closely
related to land usage, but with two important distinctions: we de ne it locally excluding
upstream or downstream supply-chain e ects and we emphasize the rm's reliance

on the surrounding natural environment. For example, consider an oil drilling rm
and a technology rm with facilities in an AUBI region. If conservation policy restricts
industrial activity in such areas, the oil rm would face substantial operational disruptions

or compliance costs because its activity both, depends on, and exploits the local natural

resources, whereas the technology rm would face far less risk. Financial materiality

Bsummary statistics for less pertinent datasets are detailed in Table IA.A.5.
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arises both from proximity to endangered biodiversity and from relying on activities near
sensitive habitats that are likely to be deemed harmful and subject to regulatory constraint.

To capture this heterogeneity, we classify rms based on their primary industry. While
this industry-level segmentation is coarse, our aim is to demonstrate the importance of
location-based policy exposure rather than to nely measure sectoral intensity. Speci -
cally, we de ne locally nature-dependent rms as those classi ed under two-digit NAICS 19
code 33, which includes Agriculture, Forestry, Fishing, and Hunting; Mining, Quarry-
ing, and Oil & Gas Extraction; Utilities; Construction; and Manufacturing. These indus-
tries depend heavily on land use, resource extraction, and proximity to natural ecosystems,
making them especially sensitive to local environmental regulation. Firms in other sec-
tors are assumed to be less reliant on physical geography and thus less exposed to direct
biodiversity policy. We maintain this distinction throughout our validation and report
counts for each sectoral category in Table IA.A.3.

Although our de nition of nature-dependent industries is intuitive, we validate it sta-
tistically using the ENCORE database of ecosystem service dependencies. Speci cally,
we perform a principal components analysis (PCA) of industry-level dependence on EN-
CORE's 25 ecosystem services, treating Not Applicable as zero following Garel et al.
(2025). Because ENCORE is based on ISIC classi cations, we map our NAICS-de ned
sectors to their ISIC counterparts: A (Agriculture, forestry, shing), B (Mining), C (Man-

ufacturing), D (Utilities), E (Water and waste management), and F (Construction). Figure

19We classify rms using the North American Industry Classi cation System (NAICS), a standardized
framework developed by U.S., Canadian, and Mexican statistical agencies to categorize businesses by
economic activity. Each rm is assigned a NAICS code ranging from two to six digits, where additional
digits denote increasing speci city. For instance, the 2-digit code 23 refers broadly to the Construction sector,
236 to Construction of Buildings, 2362 to Nonresidential Building Construction, and 236210 to Industrial
Building Construction. This hierarchy illustrates that ner-grained codes often re ect more specialized but
closely related operations, suggesting diminishing within-sector heterogeneity beyond the 2-digit level.
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IA.B.1 shows industry loadings on the rst two principal components. The ISIC groups
corresponding to our nature-dependent industries (red dots) cluster tightly in the upper-
right quadrant, distinct from most other sectors (gray dots), providing reassurance that

our chosen industries are indeed naturally grouped and nature-dependent. 2°

A.1 Predictability of Firm-level AUBI Exposure

We assess whether AUBI exposure could have been predicted using pre-2020 rm-level
data, in order to evaluate the empirical novelty of our measure and establish that it
captures a distinct regulatory risk channel. Since the underlying NatureServe biodiversity
data were released in 2020, we construct our AUBI exposure measure by linking rm
establishments to spatial biodiversity risk data that were not publicly available before
2020. This raises the question: to what extent could rm-level AUBI exposure have been
anticipated using observable rm characteristics prior to the release of the NatureServe
data?

To address this, we regress AUBI exposure on a broad set of pre-2020 observables, using
rm-level averages from 2016-2019. We estimate these regressions separately for nature-
dependentindustries and all other sectors. For each group, we estimate four speci cations:
(1) physical climate risk only, using NatureServe's Climate Change Exposure Scores; (2)
climate transition risk, using Scope 1, 2, and 3 emissions; (3) nancial fundamentals,
including total assets, leverage, investment intensity, and pro tability; and (4) a pooled
model with all covariates. All regressions include 2-digit NAICS industry xed e ects to
account for sectoral di erences that may be correlated with both geography and regulation.

As shown in Table 3, explanatory power is uniformly low across all speci cations and

20A nearby cluster of gray dots corresponds to pharmaceuticals, which are resource-dependent but not
necessarily locally nature-dependent.
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industry segments. Even in the fully saturated models (Columns 4 and 8), adjusted ' 2
values remain below 5.8% for nature-dependent rms and are negative for most speci -
cations among other rms. Most individual coe cients are statistically insigni cant and
economically small. These patterns suggest that AUBI exposure is not simply a function
of rm size, capital expenditures, emissions, or proximity to climate-vulnerable ecosys-
tems. It is orthogonal to standard rm-level observables, uncorrelated with traditional
measures of physical and transition climate risk, and exhibits minimal within-industry
predictability. This supports our interpretation of AUBI as a novel, spatially-rooted chan-
nel of biodiversity-related policy risk and distinct from the climate channels explored in

prior work (e.g., Acharya et al., 2022; Bolton and Kacperczyk, 2021).

V. Measure Validation

The central question we test in this section is whether our measure is viewed as nancially
material by investors. Thisis notobvious: in climate nance, greenhouse gas emissions are
systematically reported and widely accessible through public and private data providers,
making them straightforward inputs for investors. By contrast, endangered biodiversity
exposure data are fragmented, di cult to construct at high resolution, and have not been
available in any nancial context. Moreover, climate risk often becomes salient through
extreme weather events that draw intense media attention (Choi et al., 2020), whereas
biodiversity loss lacks a similarly catastrophic and attention-grabbing counterpart. These
features make it an open question whether investors recognize and respond to biodiversity
policy through this exposure channel. We show below that they do, validating our

measure in option and equity markets.
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A. Option-Implied Volatility

Implied volatility re ects the market's forward-looking uncertainty regarding a rm's
future cash ows and risk exposure, and is therefore a natural proxy for investor-perceived
policy risk. 2

We implement a di erence-in-di erences framework that compares changes in implied
volatility for rms with high exposure to Areas of Unprotected Biodiversity Importance
(AUBI) to changes for low-exposure rms, before and after the announcement. Our
primary outcome variable is 30-day and 365-day at-the-money (ATM) implied volatility,
averaged across puts and calls at the rm-day level.

We estimate the following regression:
IVOL g= o.|. 1 1Postc HighAUBI 80.[ g- 8—CL.|. 96 8.|. C.l. &c (l)

where IVOL gcdenotes the implied volatility of rm  8on day C Posic HighAUBI 4 is
an interaction term equal to one for rms in the top tercile of employee-weighted AUBI
exposure in post-policy periods; - g_q is a vector of lagged rm-level controls including
size, leverage, pro tability, investment, past return volatility, and momentum; gccaptures
industry-by-day xede ects;  gdenotes rm xede ects;and  ccapturesday xed e ects.
The coe cient 1 measuresthe di erential change inimplied volatility for high-AUBI rms
relative to low-AUBI rms following the policy announcement.

Table 4 reports the results of the implied volatility di erence-in-di erences analysis.
The sample spans from January 2020 to December 2021, covering the year prior to and fol-

lowing the 30 by 30 Executive Order. In our speci cation we control for rm and 4-digit

21Both Hassan et al. (2019) and Sautner et al. (2023) use implied volatility to con rm their measures
capture rm-level risks.
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industry-by-day xed e ects. For Columns (1) and (3) the interaction term 1 IS positive
and highly statistically signi cant, indicating a consistent increase in perceived risk for
rms highly exposed AUBIs. This suggests that, following the 30 by 30 announcement,
rms with high AUBI exposure experienced signi cantly larger increases in short-term

implied volatility relative to their low-exposure counterparts. 22

B. Cumulative Abnormal Returns of Sorted Portfolios

To illustrate the di erential market response to biodiversity regulatory shocks, we con-
struct an equal-weighted long-short portfolio that buys rms in the top tercile of AUBI
exposure and shorts those in the bottom tercile.?® Figure 4 presents cumulative abnormal
returns (CARSs) for our long-short portfolios around the January 27, 2021 executive order.
We report results for three groups of rms: the full sample, a subset of nature-dependent
sectors, and a residual group comprising all other sectors. Solid lines correspond to es-
timates from the FFC4 model, dotted lines include controls for the green-minus-brown
(FFC4 + G) portfolio, and dashed lines additionally control for carbon (FFC4 + G + C)
portfolios sorted by emissions intensity. These speci cations demonstrate robustness to
broader green and carbon transition risks.

Following the executive order we observe a pronounced divergence in returns. Specif-
ically, the long-short nature-dependent portfolio experiences an immediate and sustained

negative CAR. This indicates signi cant underperformance by high-AUBI rms relative to

220urresults are robust to several alternative speci cations. Table IA.C.1 repeats the analysis excluding the
period between the 2020 U.S. presidential election and the 30 by 30 announcement to rule out confounding
election-related factors. Table 1A.C.2 conducts a placebo test around the U.S. withdrawal from the Paris
Climate Agreement and nds no signi cant e ects.

23Firms in our sample have zero exposure up to roughly the 36th percentile, so the short leg e ectively
captures the bottom 36% of the distribution.
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low-AUBI rms, consistent with investors rapidly repricing biodiversity policy risks asso-
ciated with the 30 by 30 initiative. In contrast, di erential CARs in non-nature-dependent

industries exhibit only mild movements, remaining relatively at overall. 24

VI. Firm Response and Reallocation

Having established the nancial materiality of exposure to biodiversity policy, we next
examine how rms adjust their behavior in response to policy signals. Speci cally, we
study changes in facility-level toxic releases following the issuance of Executive Order
14008. We draw on the Environmental Protection Agency's (EPA) Toxic Release Inventory

(TRI) and restrict the analysis to manufacturing facilities.

A. Facility Toxic Releases

If rms anticipate heightened constraints in areas of high biodiversity importance, they
may reduce their releases accordingly. To test this hypothesis, we implement a di erence-
in-di erences design and dynamic event-time regressions, using Protection-Weighted
Range-Size Rarity (PWRSRJ® as a continuous measure of facility-level exposure to endan-
gered species habitats.

We estimate the following di erence-in-di erences speci cation:

24\We further test a set of placebo policy dates, including President Trump's rst election and inauguration,
the U.S. withdrawal from the Paris Climate Accord on June 1, 2017, and President Biden's 2020 election.
Figure IA.D.1 presents CARs around each of these placebo events. We do not observe any meaningful
separation between the two portfolios for any event.

25AUBI is de ned as an indicator for rms with PWRSR exposure greater than 0.0005. Atthe rm level, we
relied on this threshold to construct a continuous measure, while at the facility level we use the underlying
continuous PWRSR directly.
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loglReleases®= ol 1 !Postc PWRSR°I 1 g»d &>c (2)

where log'Releases® denotes the natural logarithm of toxic releases (on-site, o -site, or
total) reported by facility : inyear G PWRSR is the facility's exposure to unprotected en-
dangered species habitats, and Postis an indicator equal to one for years after 2020. The
coe cient 1 captures whether releases decline more signi cantly post-policy among fa-
cilities with higher biodiversity exposure. The speci cation includes facility-by-chemical
xed e ects ( .»), and parent rm-by-chemical-by-year xed eects ( g2 In some spec-
i cations, we also include state-by-year xed e ects. Standard errors are clustered at the
facility level.

Table 5 reports the results using a sample of 2018-2023 sample. Columns (1) and (2)
focus on on-site releases; Columns (3) and (4) on o -site releases; and Columns (5) and
(6) on total releases. In columns (7) and (8) we change the dependent variable to be the
natural logarithm of on-site/o -site emissions. In each pair, the rst column excludes
state-by-year xed e ects, while the second includes them. Across all speci cations, we
nd that facilities with greater PWRSR exposure signi cantly reduce on-site and total
toxic releases after 2020. The coe cients for on-site releases range from 6¢780t0 5974
(both signi cant at the 1% level), for o -site releases range from 1<309to 1878 and for total
releases from 6¢538to 6104 (signi cant at 1%). Under our tightest speci cation, a one
standard deviation increase in facility PWRSR (= 0400222 corresponds to a 1.32% de-
cline in on-site releases, a 0.29% increase in o -site releases (though this is not signi cant),
and a net reduction of 1.35% in total releases. These ndings suggest both within-facility
and across-facility reallocation. Within facilities, rms reduce on-site releases while in-

creasing o -site transfers, indicating a shift in how pollution is managed rather than a
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pure reduction. Across facilities, multi-plant rms reduce toxic releases at high-PWRSR
locations, e ectively decreasing the relative contribution of these ecologically sensitive
sites to overall rm-level releases after 2020.

To assess the dynamics of these responses and test for pre-trends, we estimate a
dynamic version of the baseline speci cation by interacting year indicators (relative to
2020) with the continuous PWRSR exposure measure. This event-study framework allows
us to trace how releases evolved before and after the 30 by 30 Executive Order, using the
full 2016 2023 sample. The regressions are estimated at the facility-chemical-year level,
and include facility-by-chemical xed e ects and parent rm-by-chemical-by-year xed
e ects.?® Standard errors are clustered at the facility level. Figure 5 plots the estimated
dynamic coe cients, which capture the di erential change in releases for facilities with
higher PWRSR exposure in each year relative to 2020. Panel A displays the dynamic e ects
for on-site releases, Panel B for o -site releases, and Panel C for total releases. We observe
no discernible trend in the pre-policy period, suggesting parallel trends. In the years
following the 2021 Executive Order, we nd a sharp and statistically signi cant decline in
the e ect of PWRSR exposure on both on-site and total releases, particularly in 2022 and
2023. These results corroborate the static DiD estimates and reinforce the interpretation
that rms in biodiversity-sensitive areas responded to the policy signal by reducing local

releases.

26Figure 1A.E.1 plots the dynamics including state-by-year xed e ects while Figure IA.E.2 runs the
dynamics with the independent variable now de ned as an indicator variable if PWRSR is greater than
0.0015. Interpretations of results are largely the same.
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B. Within Firm Reallocation

Building on prior work on rm networks and spatial reallocation (Giroud and Mueller,
2015, 2019; Bartram et al., 2022; Bisetti et al., 2022), we investigate whether rms use
their internal production networks to shift environmentally harmful activity away from
ecologically sensitive locations. Our hypothesis is that, when faced with heightened
biodiversity conservation risk, rms strategically reallocate toxic releases from highly
exposed facilities to less sensitive ones within the same corporate network in order to
limit potential regulatory exposure.

Following Giroud and Mueller (2019), we construct a measure of how vulnerable other
facilities within a network are relative to a facility. For each parent company, this measure
is constructed by summing the PWRSR values of all other facilities owned by the same
parent, explicitly excluding the focal facility's own PWRSR. This variable captures the
broader exposure of the parent rm's network outside of the focal facility.

We estimate the following di erence-in-di erences speci cation:

log'Releases,®= ol 1 Postc PWRSR,' | 1 28d &2c (3)

where log'Releases,® denotes the natural logarithm of toxic releases (on-site or total)
reported by facility : for chemical 2in year C PWRSF%‘::0 Is a leave-one-out measure of
parent-level exposure to unprotected endangered species habitats, constructed as the sum
of PWRSR values across all other facilities owned by parent rm 8 excluding facility
. itself. Postcis an indicator equal to one for years 2021 and onward. The coe cient
1 captures whether releases decline more sharply after 2020 among facilities whose

parent rms have greater biodiversity exposure elsewhere in their internal network. The
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speci cation includes facility-by-chemical xed e ects ( .») and chemical-by-county-by-
year xed e ects (2} In some speci cations, we don't include chemical-by-county-by-
year xed e ects and opt for either county-by-year or chemical-by-year xed e ects.

Table 6 reports the estimates. Columns (1)-(3) examine on-site releases, while Columns
(4)-(6) use total releases as the dependent variable. Across both outcomes, our most strin-
gent speci cation which includes facility-by-chemical xed e ects, county-by-year-by-
chemical xed e ects, and clusters standard errors at the county level yields statistically
signi cant estimates of 1 at the 10% level for on-site releases and the 5% level for total
releases (Columns 1 and 3, respectively).

The magnitude of the estimated coe cients is economically meaningful. A one-
standard-deviation increase in ex-facility parent-level PWRSR exposure ( = 0401669
is associated with a 1.85% increase in on-site toxic releases and a 2.48% increase in total
releases after 2020. These results indicate that facilities belonging to parents whose other
facilities are more exposed to endangered biodiversity areas exhibit relatively larger in-
creases in emissions, consistent with within- rm reallocation of environmentally harmful
activity.

Such reallocation behavior can limit the e ectiveness of biodiversity policy in reduc-
ing total environmentally harmful activity. However, unlike the conclusion reached by
Bartram et al. (2022), reallocations in a biodiversity context still yield important posi-
tive outcomes. In contrast to climate policy, where the geographic location of emissions
is largely irrelevant for the ultimate environmental impact, limiting releases near endan-
gered biodiversity provides meaningful bene ts. Shifting pollution away from high-value

habitats can therefore represent a desirable outcome, even if aggregate releases do not fall.
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C. Reduction Mechanisms

Following Akey and Appel (2021); Bisetti et al. (2022), we investigate three primary mech-

anisms by which facilities can reduce toxic releases; the rm can reduce production, invest

in new abatement technologies to reduce emissions from the production process, or the
rm could increase its post-production treatment and recycling activity.

We estimate the following di erence-in-di erences speci cation:

Mechanism.c= ol 1 'Postc PWRSRO°I 1 god &oc 4)

where Mechanism.c denotes the mechanism of speci ¢ interest (Production Ratio, Log
of Cumulative Production, Abatement, or Post-Production Reduction Ratio) reported by
facility : in year G PWRSR is the facility's exposure to unprotected endangered species
habitats, and Postcis an indicator equal to one for years after 2020. The speci cation
includes facility-by-chemical xed e ects(  .2), and parent rm-by-chemical-by-year xed
e ects ( g2p Standard errors are clustered at the facility level.

Table 7 reports how facilities adjust di erent toxic-release reduction mechanisms in
response to biodiversity policy risk. Column (1) examines changes in the production ratio,
a measure of how much the production process that generates a given toxic chemical
increases or decreases year-over-year. We nd a large and statistically signi cant decline
in production among high-PWRSR facilities after 2021, consistent with exposed plants
scaling back activity in ecologically sensitive areas. Column (2) turns to cumulative
production, constructed as the multiplicative accumulation of prior production ratios and
normalized to one in the rst year of our sample. The estimates indicate substantial

reductions in overall output among exposed facilities, reinforcing the view that rms
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curtail operations in sensitive locations following conservation-oriented policy. Further,
Table IA.E.1reruns Table 6 with the natural log of cumulative production as the dependent
variable. We nd evidence that production is reallocated away from sensitive areas in a
rm's network.

Column (3) analyzes abatement activities, de ned by the EPA TRI as source reduction
or pollution-prevention actions that eliminate or reduce the use of chemicals or the creation
of chemical waste. These activities include raw material substitution, reformulation or
redesign of technology, and process modi cations. The coe cient on Post PWRSR is
small and statistically insigni cant, suggesting that rms do notincrease on-site abatement
in response to heightened biodiversity risk. Finally, Column (4) studies post-production
activities, de ned as the share of total generated waste that is diverted into recycling,
treatment, or energy recovery rather than released. Consistent with the abatement results,
we ndno evidence that exposed facilities expand end-of-production mitigation strategies.
Taken together, the evidence suggests that rms facing biodiversity conservation risk
primarily reduce pollution by scaling back production rather than by adopting additional

internal pollution-control measures.

D. Counties and Facilities

We next examine whether biodiversity policy exposure in uences rms' decisions about
the geographic footprint of their operations. Speci cally, we test whether the number of
facilities contracts in counties with high exposure to unprotected endangered biodiversity
following the policy announcement.

To do so, we use EPA TRI facility data merged to county boundaries and construct

an annual panel of facility counts by county for the entire contiguous United States. Im-
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portantly, we include all counties, not only those with TRI activity, so that our analysis
captures both the entry and exit margins of facility presence across space. The dependent
variable is the number of active facilities in county 2 and year C For each county, we cal-
culate the average share of land area overlapping with Areas of Unprotected Biodiversity
Importance (AUBI). We then classify counties into "High AUBI" categories based on their
percentile in this distribution (e.g., top 10%, top 5%, top 3.33%, top 2.5%).

We then estimate a Poisson regression of the form:

Countac= ol 1'Postc HighAUBI 01 1 gd 2¢

where , are county xed e ects, pgcare state-by-year xed e ects, and 1 captures
whether facility presence contracts more sharply in high-AUBI counties following the
policy announcement.

Table 8 presents the results across di erent thresholds of high exposure. We nd no
signi cant e ect for counties in the top 10% of AUBI exposure, but stronger evidence of
contraction at more stringent thresholds. The coe cients indicate counties in the top 5%
experience a statistically signi cant 3.1% decline in facility presence, counties in the top
3.33% exhibit a 4.1% decline, and counties in the top 2.5% exhibit a 5.1% declin€’’ These
results suggest that rms are more likely to exit, or avoid entry into, counties with the

highest concentration of unprotected, endangered biodiversity once policy risk increases.

27Although the 2.5% cuto may appear restrictive, it is important to note that nearly 30% of counties have
zero facilities across all years. Moreover, the top 2.5% of counties account for roughly 3.1% of total facilities,
the top 3.33% for about 4%, the top 5% for about 7%, and the top 10% for about 14%. Given the sunk costs
of xed investments, we would not expect meaningful relocation e ects except in counties with the very
highest levels of unprotected, endangered biodiversity exposure.
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VIl. Real E ects

In the prior section, we showed that rms both decrease toxic releases and, in aggregate,
reduce facility presence in high-exposure counties. In this section, we examine whether
these adjustments in rms' environmental footprint translate into measurable ecological
bene ts. We draw on satellite imagery from NASAs MODIS program and the USGS's
Breeding Bird Survey (BBS)28 Although we would ideally measure changes in endangered
species abundance directly, such data are unavailable at su cient spatial and temporal

resolution. Instead, we use vegetation and avian data as proxies of biodiversity.

A. Vegetation Indices

We rst consider vegetation as captured by NASA, which provides global coverage at a
250m 250m resolution. Vegetation is a core component of biodiversity, and increases in
vegetation health are indicative of improved habitat suitability.

Tofocus onthe real e ects of facilities with double materiality, those that are both highly
polluting and located in areas of high exposure to unprotected endangered biodiversity,
we de ne two categorical variables. High Polluters are facilities in the top tercile of toxic
releases by weighted averaged across chemicals during the three years prior to Executive
Order 14008, while High PWRSR are facilities in the top tercile of exposure to unprotected
endangered biodiversity.

We estimate regressions of the form:

283ee the Data and Background section for further details.
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+ .c= ol 1'Postc HighPWRSR.°I ,'Postc HighPolluter .°

I stPostc HighPWRSR. HighPolluter .°T .1 gd .= (5)

where + .c measures vegetation health in the vicinity of facility : attime G . are
facility xed e ects, and pcare state-by-month xed e ects. The coe cient 1 captures
the post-policy change in vegetation around facilities with high PWRSR exposure, -
captures the post-policy change for facilities classi ed as high polluters, and 3 captures
the additional e ect for facilities that are both high PWRSR and high polluters.

Table 9 presents the results. We are most interested in the triple interaction in Column
(3), which shows that facilities facing double materiality are the ones for which mean-
ingful ecological e ects emerge. The coe cient on the triple interaction is positive and
statistically signi cant, indicating that vegetation health improves in the vicinity of these
facilities following the policy announcement. Column (1) shows that, taken on its own,
high PWRSR exposure does not predict any systematic change in vegetation. Column (2)
suggests that facilities classi ed as high polluters are associated with improvements in
vegetation health, but this e ectis absorbed once we account for joint exposure to biodiver-
sity risk. In Column (3), the triple interaction dominates, highlighting that the observed
ecological bene ts are concentrated precisely where facilities are both environmentally in-
tensive and located near vulnerable, unprotected ecosystems. These ndings reinforce our
argument that policy is most consequential when rms overlap with conservation-priority

biodiversity and simultaneously exert substantial local environmental pressure.
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B. Avian Responses

To complement our vegetation analysis, we examine whether biodiversity policy is asso-
ciated with changes in local bird populations. We draw on the North American Breeding
Bird Survey (BBS). The BBS provides the primary source of large scale, long term in-
formation on breeding season bird populations across the continent, supplying annual
indices of abundance and species richness for more than 700 species.

We spatially link manufacturing facilities to the nearest BBS route whose starting point
lies within a 50 kilometer radius. Consistent with our vegetation analysis, we focus on
facilities subject to double materiality risk those that are both highly polluting and located
near unprotected areas of endangered biodiversity. We de ne High PWRSR routes as those
in the top tercile of pre 2021 average PWRSR exposure, and we de ne High Polluter as a
continuous measure indicating how many top-tercile, high-polluting facilities fall within
a 50km of the starting route. 2°

We estimate regressions of the form:

.AC ol 1'Postc HighPWRSRL1 ,'Postc HighPolluter

| a'Postc HighPWRSR, HighPolluter 21 Al gd ac (6)

where . ods either Abundance (the total number of birds recorded on a route) or Richness
(the number of unique species observed), a denotes state route xed e ects, and ¢
are state by year xed e ects. The coe cient 1 captures post policy changes in bird
populations surrounding routes exposed to high biodiversity risk, 2 measures changes

around routes heavily in uenced by high polluting facilities, and 3 identi es whether

2%We run robustness regarding the quantile and present the results in Table IA.E.2.
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ecological responses are ampli ed or attenuated in locations characterized by both high
PWRSR exposure and high pollution intensity.

Table 10 presents the results for avian abundance and species richness. Across all
columns, we estimate both Poisson and OLS speci cations and nd that the results are
highly consistent across forms: the sign and relative magnitude of each interaction term
are similar regardless of whether outcomes are modeled in levels or logs. This robustness
provides con dence that the underlying ecological patterns are not driven by distribu-
tional assumptions.

We do not detect statistically signi cant changes in overall bird abundance following
the policy announcement. While the coe cients in Columns (1) (3) are directionally
positive for the triple interaction, they are imprecisely estimated. This muted response
may re ect greater measurement error in abundance counts, which depend on total in-
dividual detections and are more sensitive to observer conditions, weather, and species
detectability. Nonetheless, the signs are encouraging and point in the expected direction:
abundance tends to increase most in routes facing both high biodiversity exposure and
high pollution intensity.

In contrast, the results for species richness in Columns (4) (6) show a clear and statis-
tically signi cant ecological response. The triple interaction between Post, High PWRSR,
and the High Polluter Count is positive and signi cant across all speci cations, indicat-
ing that the number of unique bird species increases most substantially in areas where
highly polluting facilities are located near unprotected biodiverse ecosystems. Moreover,
the magnitude of the triple-interaction coe cient rises with the number of high-polluting
facilities mapped to a route, implying that the strongest ecological gains occur precisely

where both environmental pressure and biodiversity exposure are greatest.
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The signs on the lower-order terms are fully consistent with our conceptual framework.
Routes that are heavily polluted but not located in biodiversity-sensitive areas tend to
experience declines in richness after 2021, suggesting ecological degradation in locations

lacking conservation priority.

VIIl. President Trump's Re-Election

In Figure 6, we replicate our event-study analysis around November 5, 2024, the date of
President Trump's re-election. President Trump has consistently expressed opposition to
federal environmental regulation, and, as noted earlier, rescinded Executive Order 14008
on his rst day in o ce in January 2025. If our AUBI- and PWRSR-based measures
genuinely capture exposure to conservation-oriented policy, we should observe a reversal
of the valuation e ects documented around the 2021 "30 by 30" announcement.

Consistent with this prediction, we observe an opposite response to the 2024 elec-
tion. Long short portfolios that hold high-exposure rms and short low-exposure rms
generate positive cumulative abnormal returns following President Trump's victory. The
di erential CARs for nature-dependent rms rise immediately after the election and re-
main positive throughout the post-event window, in sharp contrast to the negative CARs
observed after the 2021 policy launch. These results indicate that investors anticipate
weaker enforcement, reduced conservation e orts, and a diminished likelihood of future
biodiversity regulation under the new administration.

To examine whether rm behavior also responds to this deregulatory signal, we extend
our dynamic toxic-release analysis through the 2024 reporting year and present the results

in Figure 7. The di erence-in-di erences estimates reveal a clear pattern: the decline in on-
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site toxic releases among high-PWRSR facilities, evident throughout 2021 2023, dissipates
in 2024. We observe similar reversion patterns for total releases. These dynamics closely
mirror the behavior of nancial markets and provide compelling evidence that rms
adjusted production and release decisions in anticipation of a less stringent regulatory
environment.

Taken together, the 2024 election results strengthen our identi cation strategy and
strengthen the interpretation of our exposure measure. Financial markets and facility
behavior both react systematically to changes in the expected regulatory regime, implying
that rms view biodiversity policy as nancially material and adjust their environmental
decisions accordingly. The fact that these e ects reverse when policy expectations shift in
the opposite direction provides an important validation: the responses we document are

tightly linked to changes in anticipated conservation policy.

IX. Conclusion

This paper provides the rst evidence on how rms adjust real environmental behavior
in response to emerging biodiversity conservation policy, and whether those adjustments
translate into observable ecological bene ts. We document that rms meaningfully alter
production and release decisions when operating near ecologically sensitive habitats.
High-exposure facilities reduce toxic releases and scale back production following the
policy announcement, while we nd little evidence of costly investments in abatement
or waste-treatment technologies. These responses are consistent with rms managing
short-run regulatory risk rather than committing to long-run technological upgrades in

an environment with limited enforcement.
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At the same time, our results reveal important within- rm spillovers. Firms strate-
gically reallocate pollution away from sensitive locations toward less exposed facilities
in their internal networks. Using high-resolution satellite vegetation data and the North
American Breeding Bird Survey, we show that vegetation health and species richness
increase signi cantly around high-exposure, high-polluting facilities after 2021. These
results strengthen the interpretation that "30 by 30" meaningfully improved ecological
conditions in conservation-priority habitats, even as it shifted environmental burdens to
less sensitive regions.

Finally, the reversal of our documented patterns following President Trump's 2024
election both in nancial markets and in facility-level toxic releases provides an impor-
tant validation of our identi cation strategy. When the incoming administration signaled
a deregulatory shift, the negative market valuations of high-exposure rms ameliorated,
and the decline in on-site releases among PWRSR-exposed facilities reverted to pre-policy
levels. This dynamic response underscores that rms and investors interpret biodiversity
regulation as nancially material, and that policy durability plays a central role in shaping

investment, production, and environmental decisions.
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Figure 1: Protected Areas

This gure shows the areas that are permanently protected for biodiversity conservation. Panel A shows the
protected areas. Protected areas are those classi ed with GAP Status 1 or 2 in the Protected Areas Database
for the United States, which are areas mandated for biodiversity conservation. The areas are colored by the
type of agency that owns the land. Panel B shows both the protected areas and the main continuous measure
of biodiversity risk, Protected Weighted Range Size Rarity (PWRSR). Note, Designation here demonstrates
territory that is not owned in the traditional sense, instead, they are lands protected by designation rather
than explicit ownership.

Panel A: Protected Areas by Ownership Type

Panel B: Protected Areas and PWRSR



Figure 2: Measures of Endangered Biodiversity

This gure shows the primary measures of biodiversity risk that we adopted from NatureServe. Panel

A shows the main continuous measure, Protection-weighted Range-size Rarity (PWRSR). Panel B shows
range-size rarity, which is the inverse of the modeled habitat area. Panel C shows the main binary measure,
which is the Areas of Unprotected Biodiversity Importance (AUBIs). For each species, PWRSR is the product
of two components: range-size rarity and the percentage of this habitat that lies outside protected areas.
AUBIs are all map pixels with a summed PWRSR of 0.0005 or greater a threshold set to identify areas with
notable conservation importance. This PWRSR value of 0.0005 corresponds to a single species with a 500
km2 range that is 25% unprotected, or a species with a smaller range of 20 km? that is 1% unprotected, or
even multiple co-occurring species with lower individual PWRSR values. Both PWRSR and AUBI metrics
are determined at a resolution level of 990 meters, providing a detailed spatial scale for biodiversity risk.

Panel A: Range Size Rarity (PSR)

Panel B: Protected Weighted Range Size Rarity (PWRSR)

Panel C: Areas of Unprotected Biodiversity Importance (AUBIS)
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