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1 Introduction

Human activity is pushing more species toward global extinction than at any other point in history

(Díaz et al. (2019)).1 This profound loss of biodiversity is likely to impact the quality of life for

billions of people and is expected to significantly affect the structure and performance of the global

economy (Pereira et al. (2024), WEF (2020)).2 These consequences have drawn the attention of

governments worldwide, which have committed increasing capital to conservation.3

Despite this substantial financing, the ultimate economic impact of conservation policy is am-

biguous. Protecting land and species can restrict the supply of land, enhance local amenities, and

reshape local economies. These forces can work in opposite directions; some generate benefits

through improved environmental and amenity value, while others impose costs by constraining

land use or restricting nature-intensive industries. Understanding which of these channels domi-

nates is critical for policymakers. For example, rising prices in conserved areas could be misread

as evidence of successful investment satisfying local demand, when instead it reflects tighter sup-

ply or speculation. Furthermore, even if policymakers observe a positive average effect, impacts

are likely to differ across regions depending on economic structure, land availability, and demand

for nature.

The central challenge in studying these issues arises from the endogeneity of conservation

policies. Thus, the effects are difficult to disentangle without an exogenous shock. We address

this challenge by leveraging the Biden administration’s 30×30 initiative to causally identify the

impact of conservation efforts. On January 27, 2021, seven days into his administration, President

Biden signed Executive Order 14008, the most ambitious land conservation program in United

States history, aiming to conserve 30 percent of land and water by 2030. We focus our analysis

1Extinction rates are now estimated to be 10 to 100 times higher than the historical average over the past 10 million
years (Marques et al. (2019)) and nearly a quarter of all animal and plant species are at risk, with wildlife populations
having declined by 69% since 1970 (Fund (2020)).

2For example, Jones et al. (2018) estimate that one third of land is under intense human pressure, and Johnson
et al. (2021) estimate that the continued decline in biodiversity and ecosystem services could reduce global GDP by
approximately 2.3% per year by 2030. Specific examples of biodiversity loss causing physical and economic costs
include Frank and Sudarshan (2024) and Frank (2024).

3Currently, around $204 billion is allocated to biodiversity finance (Bromley (2024)).
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on housing markets, since house prices embed both the amenity value of nearby conservation,

and the costs of reductions in land availability and lost economic activity. In addition, housing is

particularly susceptible to speculation. Extrapolation of past price increases or disagreement about

fundamentals may lead investors to bid up properties or land in exposed areas, amplifying price

movements beyond fundamentals (Gao et al. (2020), Nathanson and Zwick (2018), DeFusco et al.

(2022)).4

We use granular ecological data to construct a systematic measure of biodiversity regulatory

risk across the entire continental U.S. housing market. Our key measure is protection-weighted

range-size rarity (PWRSR), which captures both the rarity of species and, importantly for our

analysis, the degree to which habitat still lacks protection. Aggregated to the county level for our

analysis, PWRSR captures areas where future interventions, such as land conservation, investment

into nature, or restrictions on resource extraction, are most likely.

We implement a difference-in-differences approach using both a discrete and continuous mea-

sure of exposure. Anticipated regulation leads to a significant increase in house prices. In our

preferred specification, counties in the top tercile of exposure experience a 2.3% increase in house

prices compared to counties in the bottom tercile, while a one standard deviation increase in expo-

sure is associated with a 0.6% increase. The dynamics show no significant pre-trends. Following

the signing of the order, house prices in treated counties steadily diverge from those in untreated

counties, reaching a 3.7% difference by the end of the sample.

The positive and significant effect on house prices is robust to alternative definitions of treat-

ment, varying control sets, and fixed effects specifications, as well as controls for climate exposure.

One potential concern is that our measure is correlated with the impact of COVID-19. We address

this issue in several ways. First, we include controls to address potential COVID related effects.

These include the total park area in a county, the prevalence of working from home, net county mi-

gration, and monthly COVID infections, which have been shown to capture the effect of COVID-

4Markets may not even fully incorporate conservation risk at the local level due to frictions such as high transaction
costs, illiquidity, and limits to arbitrage, making it difficult for buyers and sellers to fully price risk (Case and Shiller
(1988), Piazzesi and Schneider (2016)).
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19 on house prices (Yap et al. (2022), Gupta et al. (2022), Gustafson et al. (2023)). Second, our

largest price increase occurs after 2021 and continues through 2024. Previous research �nds that

the greatest effects of COVID-19 occurred in 2020, and the main effects on house prices had dis-

sipated by the second quarter of that year (Gupta et al., 2022). Further, we �nd that the dynamics

of the work from home measure and the dynamics for existing park area are signi�cantly different

from our measure, with their largest impacts occurring before our shock. Including an interaction

term between our measure and work from home or park area is also statistically insigni�cant. We

also proxy for existing nature by using a measure of all biodiversity and �nd that our effect is only

driven by the unprotected component exposed to regulatory risk. Third, we �nd no effect of bio-

diversity regulatory risk on rents, whereas COVID had a large effect on rents (Gupta et al., 2022).

Fourth, we �nd a reversal upon the election of President Trump which further suggests a biodi-

versity regulatory risk effect and not an effect stemming from COVID-19. Finally, we perform a

robustness check for omitted variable bias as suggested by Oster (2019) and �nd that our estimates

are extremely robust.

While on average biodiversity regulatory risk leads to rising prices, we �nd considerable het-

erogeneity exists across counties. The increase in house prices is smaller in counties heavily reliant

on nature-intensive industries, consistent with concerns about stranded assets and local economic

costs.

We also explore what channel drives the increase in prices, supply or demand. There is a sta-

tistically signi�cant effect in land constrained areas indicating a supply channel. However, effects

are strongest in land-abundant areas, where conservation is less likely to bind supply but where

demand for nature is high. Consistent with a strong demand effect, we document a post-2021 in-

crease in attention to investments in surrounding natural infrastructure, particularly in connection

with the 30� 30 initiative. Using a direct measure of demand, we also �nd that park visitation in-

creased signi�cantly after 2021, suggesting a signi�cant role of demand in driving price responses.

Although supply constraints and demand for nature amenities help explain rising house prices,

the magnitude of our estimated effects and the uncertainty of our policy shock suggest an additional
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mechanism: speculation. Gao et al. (2020), Nathanson and Zwick (2018) and DeFusco et al.

(2022) show how speculation can amplify housing market �uctuations. Nathanson and Zwick

(2018) emphasize that speculation tends to occur in areas with lots of available land, as investors

buy undeveloped parcels, which are cheaper and easier to hold than homes. Gao et al. (2020)

uses Home Mortgage Disclosure Act (HMDA) data to identify speculative activity, arguing that

purchasing a non-owner-occupied home is more likely to be driven by speculative motives.

Speculation appears to play a key role in amplifying housing price responses to biodiversity

regulatory risk. We �nd an increase in investment borrowing and a larger increase in land values

compared to property values. Using HMDA loan-level data, disaggregated by loan purpose, we

�nd that while both the number and value of loans increase for all loan types, effects are strongest

for investment loans, consistent with speculative buying. For a one standard deviation increase in

exposure in Quartile 4, primary residential loan applications increase by 1.1%, while investment

loans increase by 4.6%. Using land and property values from Davis et al. (2021), we �nd that

conservation effects are much stronger for land values than for property values. For a given increase

in exposure, land values rise 1.5 times as much as property values.

The role of speculation is particularly salient given the volatile policy environment. Climate

policy has been characterized by high uncertainty and repeated enactments and reversals over

the past two decades (Bolton and Kacperczyk (2021), Ilhan et al. (2021), Seltzer et al. (2022),

Barnett (2024), Basaglia et al. (2025), Delis et al. (2019), Noailly et al. (2022)), and there is a high

likelihood that biodiversity policy will follow a similar trajectory. Indeed, we provide evidence

that the 2024 election of President Trump reverses both the policy direction and our estimated

effects. Taken together, our evidence on speculation and policy reversals suggests a high likelihood

of successive speculative booms and busts in housing markets exposed to biodiversity regulatory

risk.

Our �ndings make four contributions to the literature. First, we provide the �rst systematic

study of biodiversity-related regulatory risk in housing markets. While prior work shows that

climate risk is priced in housing markets (Bernstein et al. (2019), Seltzer et al. (2022), Ilhan
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et al. (2021), Bolton and Kacperczyk (2021), Hsu et al. (2023), Goldsmith-Pinkham et al. (2023),

Acharya et al. (2022), Baldauf et al. (2020)), very little work has examined biodiversity, despite

its importance as a distinct environmental risk. Second, we address the endogeneity of conserva-

tion policy by exploiting an exogenous policy shock. This allows us to causally identify the effect

of anticipated conservation. Third, we provide evidence for which channels biodiversity regula-

tory risk impacts house prices, showing that the price increase has signi�cant heterogeneity and

a strong demand component, distinguishing our study from recent work (Bahrami et al. (2024),

Frank et al. (2025), Cornaggia et al. (2025)). These channels highlight important policy trade-offs.

Conservation can increase welfare by preserving biodiversity and satisfying demand for natural

amenities, but it also risks depressing values in nature-intensive economies and raising housing

costs. Fourth, we highlight the role of speculation in amplifying policy shocks. We show that

extrapolative demand and anticipation of conservation not only raise house prices but also amplify

increases beyond fundamentals. Together, these contributions establish biodiversity as a distinct,

�nancially material risk in housing, clarify the channels through which conservation affects asset

prices, and underscore how speculation can magnify policy shocks, with implications for housing

affordability and economic growth.

2 Literature Review

There is a nascent literature on biodiversity in �nance, which examines the measurement of biodiversity-

related risk, its effects on stock returns, and the �nancing of biodiversity projects (Giglio et al.

(2023), Garel et al. (2024), Flammer et al. (2025), Karolyi and Tobin-de la Puente (2023)). No

work yet exists that evaluates biodiversity regulatory risk on housing as an asset class. Pena et al.

(2024) also use NatureServe data merged with �rm locations to assess the impact of biodiversity

regulatory risk on �rm outcomes.

Other papers have investigated the impact of restrictions from already implemented land con-

servation on land values. Frank et al. (2025) show that the Fish & Wildlife Service takes into
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account local housing market areas before determining critical habitat for species under the En-

dangered Species Act (ESA). They �nd little evidence that land supply is being constrained due to

ESA actions. Grupp et al. (2023) do not �nd any effect of land protection on vegetation and night-

lights. Cornaggia et al. (2025) use property level data to show that county level species richness

is correlated with higher sales prices. Bahrami et al. (2024) implements a regression discontinuity

near areas that select into being protected and �nds a large discount in prices for those in protected

areas. Our study is complementary to their work in several ways. First, while prior work focuses

on the effects of land restrictions within protected areas, we examine a broader range of con-

servation impacts on housing markets. Government actions extend beyond land use restrictions,

including investment into nature and restrictions on industrial activity. We show that this natural

investment as well as potential economic damage are capitalized in house prices. Second, while

regression discontinuity provides valuable evidence on localized land-use restrictions and offers

sharp identi�cation of those effects, our difference-in-differences is designed to capture aggregate

market responses, including general economic and amenity effects that boundary comparisons may

not detect. The different focus helps explain why our �ndings differ from those of Bahrami et al.

(2024). Third, we focus on currently unprotected areas that have a high likelihood of receiving

some form of regulatory action. This is signi�cantly different from previous papers, which study

already implemented protection policies. Fourth, we overcome endogeneity issues by focusing on

the most ambitious land conservation plan envisioned in the history of the United States. Finally,

we provide novel evidence that biodiversity conservation can ful�ll demand for nature but has

trade-offs.

We also relate to climate �nance papers that evaluate the impact of climate-related risks on

house prices. For example, a series of articles evaluate the risk of �oods from rising sea levels

and their impacts on house prices (Baldauf et al. (2020), Bernstein et al. (2019)). Other articles in

economics and �nance have investigated a myriad of environmental factors affecting house prices,

such as air quality (Smith and Huang (1995), Chay and Greenstone (2005), Bayer et al. (2009)),

heat waves (Addoum et al. (2024)), lead remediation (Billings and Schnepel (2017)), hazardous
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waste remediation (Greenstone and Gallagher (2008)), toxic plant openings and closings (Carroll

(2003)), carcinogenic risk (van Binsbergen et al. (2024)), and general climate change (Giglio et al.

(2021)). We contribute to this literature by showing that other risks related to ESG, in this case,

the impact of government efforts to protect biodiversity, affect house prices.

We also contribute to the literature on housing speculation. Previous work has shown the im-

portance of non-occupant home buyers and speculation in the housing market (Gao et al. (2020),

Bayer et al. (2020), Mian and Su� (2022), DeFusco et al. (2022), Nathanson and Zwick (2018)).

We complement this work by documenting that regulatory risk, and in particular biodiversity re-

lated regulatory risk can fuel speculative buying in housing markets.

3 Institutional Details

Modern federal interest in species protection can be traced back to the environmental movement

of the 1960s. A growing concern for biodiversity and environmental protection led to the estab-

lishment of the Land and Water Conservation Fund in 1964, which began to purchase land for

conservation. A series of Endangered Species Acts were also passed in the 1960s. These acts

established the �rst list of endangered and threatened species and directed government agencies to

consider their impact on the environment (Kline (2022)). Finally, in 1970, the Nixon Administra-

tion established the Environmental Protection Agency, creating a centralized organization in charge

of biodiversity, uniting several disparate efforts at environmental preservation that were underway

at the time (Kline (2022)). While the federal government's conservation efforts have waxed and

waned with different administrations, there has been a constant undercurrent of activity.

This activity has manifested itself more recently in the 30� 30 initiative. In 2019, at the 74th

United Nations General Assembly, Costa Rica led a group of countries in forming a coalition for

nature policy, calling itself the High Ambition Coalition for Nature and People (for Nature and

People (2022)). This coalition proposed an initiative to preserve 30% of Earth's land and marine

areas for conservation by 2030. This initiative was adopted by 196 countries and formally incorpo-
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rated into the Kunming-Montreal Global Biodiversity Framework at the 2022 COP15 conference.

The United States joined this commitment on January 27, 2021, when President Biden signed Ex-

ecutive Order 14008, in which Section 216 committed America to preserving 30% of U.S. land

and water by 2030, dubbed the America the Beautiful Initiative (Register (2021)).5

Following the signing of this initiative, two major legislative actions were taken that included

provisions for biodiversity protection, which we use to validate our measure of biodiversity reg-

ulatory risk. The �rst piece of legislation passed November 15th 2021, was the Infrastructure

Investment and Jobs Act, also known as the Bipartisan Infrastructure Law (BIL). While primarily

an omnibus bill funding a wide range of infrastructure projects, one major category it supported

was “Restoration and Resilience" projects (DeFazio, Peter A. (2021)). These projects focused on

restoring ecosystems, protecting biodiversity, and increasing recreational value. For example, one

project in Kittitas County:

“has three primary goals: 1) improve access to high quality �shing on BLM lands; 2)

restore currently-degraded riparian gallery habitat including invasive species removal

and native tree and shrub plantings; and 3) develop off-channel pool areas in the rivers

5 year �oodplain."

Around $3.2 billion was allocated to 1,445 different Restoration and Resilience projects around

the nation and included as part of the America the Beautiful Initiative. The second major piece of

legislation was the In�ation Reduction Act (IRA). Another omnibus bill, the IRA included several

sections directed speci�cally toward conservation and resilience, namely Title II, Subtitle B, and

5There were 6 areas of improvement listed as part of the America the Beautiful Initiative - (1) creating more parks
and safe outdoor opportunities in nature-deprived communities; (2) supporting Tribally led conservation and restora-
tion priorities; (3) expanding collaborative conservation of �sh and wildlife habitats and corridors; (4) increasing
access for outdoor recreation; (5) incentivizing and rewarding the voluntary conservation efforts of �shers, ranch-
ers, farmers, and forest owners; (6) creating jobs by investing in restoration and resilience projects and initiatives,
including the Civilian Climate Corps. More details can be found at:https://www.doi.gov/pressreleases/
biden-harris-administration-outlines-america-beautiful-initiative . Furthermore, the order com-
mitted "The Secretary of the Interior, in consultation with the Secretary of Agriculture, the Secretary of Commerce,
the Chair of the Council on Environmental Quality, and the heads of other relevant agencies, shall submit a report
to the Task Force within 90 days of the date of this order recommending steps that the United States should take,
working with State, local, Tribal, and territorial governments, agricultural and forest landowners, �shermen, and other
key stakeholders, to achieve the goal of conserving at least 30 percent of our lands and waters by 2030."
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Title V, Part 2. Approximately $2.6 billion and 814 projects were allocated directly to conservation

projects and included as part of the America the Beautiful Initiative.

As discussed in the introduction, with the 2024 election of President Trump, the political land-

scape of conservation has shifted again. On his �rst day in of�ce, President Trump rescinded the

executive order signed by President Biden that aimed to conserve 30 percent of U.S. land and

marine ecosystems. Additionally, while the IRA and BIL remain embedded in legislation, fund-

ing was severely restricted. This policy change introduces a new regulatory shock. Although our

outcome variable, house prices, moves slowly, we provide suggestive evidence that the effect in

treated counties has begun to reverse in the wake of this action. However, as biodiversity continues

to decline, regulatory responses will persist mechanically, most notably through the Endangered

Species Act (ESA), which will continue to expand as more species are listed. In this context,

our results remain relevant for understanding long-term regulatory risk and for informing broader

global conservation efforts, such as the Kunming Declaration on Biodiversity, initiatives that are

likely to intensify in the future.

4 Data

In this section, we summarize the main data. Table 1 reports summary statistics for our main

sample, while Table IA.1 provides variable de�nitions. Standard datasets are detailed in Table

IA.2.

4.1 Biodiversity Measure

Because our central question concerns the con�ict between the expected effects of conservation

and house prices, prior measures of exposure to biodiversity risk, such as 10-K �lings or aggregate

media mentions, are inadequate for our purposes. Biodiversity is directly tied to ecosystems and the

land they occupy, while housing is also a geographically dependent outcome. Therefore, a proper

measure of risk must incorporate the geospatial component of biodiversity. It is also important that
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our measure excludes already conserved areas, as areas that are already conserved are no longer

at risk and would not adequately provide a measure of exposure. This distinction separates our

research question from previous studies, which focus on how housing prices respond when building

is constrained within already protected areas. Taken together, these considerations motivate our

use of a measure that is both geographically varied and characterized by uncertainty, but a high

probability of future conservation. In this subsection, we describe the data and how our approach

captures geographical exposure to biodiversity regulatory risk.

4.2 NatureServe

We use data on predicted habitat ranges of endangered species from NatureServe, a nonpro�t orga-

nization that provides high-quality data on species and ecosystems. Through its expertise in species

distribution, conservation status assessments, and ecosystem analysis, NatureServe addresses crit-

ical data gaps that government agencies alone often cannot �ll.

Our paper leverages biodiversity importance measures developed by NatureServe, as outlined

in Hamilton et al. (2022). A key innovation of this work is its reliance on machine learning to over-

come limitations in previous biodiversity mapping. This study applies Habitat Suitability Models

(HSMs) to create high-resolution biodiversity assessments across the contiguous United States, fo-

cusing speci�cally on imperiled species. Their approach begins by using species occurrence data,

supplemented with records from natural history collections, citizen science platforms, and regula-

tory databases. Based on this occurrence data, habitat suitability models were constructed using

a random forest machine learning algorithm, trained on high-resolution environmental predictor

variables such as topography, climate, soil, hydrology, and land cover. The output was a binary

classi�cation of suitable versus unsuitable habitat, which was then standardized to 990-meter grid

resolution for spatial aggregation.

From these modeled habitat areas (Ai), conservation priority is measured using Range-Size

Rarity (RSR). RSR is de�ned as:

RSRi =
1
Ai
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whereAi is the total habitat extent of speciesi. Therefore, species with smaller potential habitat

areas are given greater weight in the measure. This improves upon simple species richness, as

species with high RSR scores are more vulnerable to single shocks and offer fewer opportunities for

conservation intervention. Furthermore, RSR is a commonly used metric in conservation planning

(Guerin and Lowe (2015), Jenkins et al. (2015)). However, some species may already be fully

protected and therefore do not require additional regulatory action. Therefore, RSR alone may

not provide an accurate measure of regulatory risk, overestimating the probability of conservation

efforts in areas with signi�cant protection already. RSR is augmented with the current amount of

protection to create a more accurate measure.

Protection-Weighted Range-Size Rarity (PWRSR) adjusts RSR to account for the extent to

which a species' modeled habitat overlaps with protected areas, de�ned as GAP-1 or GAP-2 des-

ignated areas. Thus, for a particular species, PWRSR is de�ned as:

PWRSRi = RSRi � (1� Pi)

wherePi is the fraction of the species' habitat that falls within protected areas. PWRSR provides a

more accurate measure of conservation priority.

Finally, PWRSR values were summed across all speciesi within each 990-m grid cell, creating

a continuous measure of biodiversity importance:

PWRSRg =
I

å
i= 1

PWRSRi

Some policymakers may prefer a binary classi�cation—indicating whether or not an area should be

preserved, rather than a continuous measure, for ease of interpretation and use. Therefore, a �nal

metric called Areas of Unprotected Biodiversity (AUBI) is constructed. The AUBI variable takes a

value of 1 if the PWRSR of a grid cell exceeds 0.0005. These areas represent concentrations of rare

but unprotected species, highlighting locations where regulators may wish to focus biodiversity

protection efforts. We graph our PWRSR measures as well as AUBI in Figure IA.1.
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While PWRSR and AUBI are �ne-grained measures at the 990 m grid level, this granular-

ity is most useful for ecological studies, species conservation planning, and habitat assessments,

contexts where small differences in habitat availability and protection status are signi�cant. Yet

this level of detail, while valuable to biologists and conservation planners, may not be meaningful

for regulatory risk assessment. Unlike �ood risk maps, where localized exposure matters directly

to landowners and infrastructure projects, biodiversity regulation is typically implemented at a

broader administrative level, such as counties or regions. Furthermore, these regulations and in-

vestments affect housing at a more aggregate level as well. Amenity and economic effects are

dispersed across geographical regions and do not necessarily fall directly along grid level distinc-

tions. To address this concern, we aggregate both the PWRSR and AUBI measures to the county

level for our main analysis. We calculate the area-weighted mean for each measure. LettingAg

denote the total area of grid cellg within countyC, we de�ne county-level PWRSR and AUBI as:

PWRSRC =
å g2C PWRSRg � Ag

å g2C Ag

AUBIC =
å g2C AUBIg � Ag

å g2C Ag

Our analysis uses both the continuous PWRSR and AUBI measures, as well as a binary treat-

ment indicator de�ned as being in the top tercile of either AUBI or PWRSR. Figure 1 displays our

county-level PWRSR and AUBI measures. In Section 5.1, we show that this measure accurately

captures future government action to protect biodiversity. This measure enables future research

in �nance to capture biodiversity risk that is missed by previous non-spatial or proxy-based ap-

proaches.

4.3 Controls

A potential concern is that areas with high conservation risk may also be exposed to other cli-

matic or geographic risks that could confound our measure. To control for this possibility, we
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again rely on data from NatureServe. We utilize two geographical datasets from NatureServe: the

Climate Change Exposure Score and the Habitat Climate Change Vulnerability Index (HCCVI).

The Climate Change Exposure Score measures the degree of stress imposed by climate change

on ecosystem processes by examining shifts in temperature and precipitation patterns. It integrates

baseline conditions, historical variability, and future projections to assess deviations from historical

norms. This metric is derived from two components: Climate Departure, which forecasts changes

in temperature and precipitation from mid-20th century averages to future scenarios, and Climate

Sensitivity, which evaluates alterations in modeled habitat suitability over time. Appendix Figure

IA.2 presents the geographic distribution of climate change exposure.

The Habitat Climate Change Vulnerability Index (HCCVI) score quanti�es the vulnerability

of various habitats within a 7-square-mile hexagonal grid. Higher HCCVI scores indicate lower

vulnerability whereas lower scores suggest higher vulnerability. We aggregate both measures to

the county level using the same area-weighted approach applied to PWRSR and AUBI. Appendix

Figure IA.3 presents the geographic distribution of the measure.

An additional concern is that our conservation exposure measure could be correlated with areas

that experienced housing price increases during the COVID-19 pandemic. We address this in

several ways. First, We include several controls to account for potential COVID-related in�uences

on housing prices. All regressions include the total park area within a county as a control variable.

This accounts for the increased value of existing natural investments, which have been shown to

increase housing prices during the COVID-19 pandemic (Yap et al. (2022)). Second, we construct

a work-from-home measure following Dingel and Neiman (2020). We include this control for the

prevalence of remote work in all of our regressions. Work from home has also been shown to

capture the impact of COVID-19 on house prices (Gupta et al. (2022), Mondragon and Wieland

(2022)). Furthermore, while currently existing nature investments drove house price increases

during the pandemic, in a later section we show that our effects originate in nature-deprived areas

that anticipate future investments into environmental projects.
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4.4 Balance Panel

We also test whether our measure of biodiversity exposure is plausibly exogenous and broadly

uncorrelated with other county level characteristics. We regress our exposure measures on a set

of control variables: HCCVI, Climate Change Exposure (both near- and mid-century), prevalence

of remote work, one month lagged log of employment, total park area, percent urban area, log

of land area, log of water area, and log of local GDP. We also include in one speci�cation, state

�xed effects. Results are presented in Table 2. In the �rst two columns, the only highly signi�cant

regression variables areLn(Land Area) as well asTotal Park Area Percent(%), which we include

in our regressions, and later use to demonstrate the channel of the effect. Moreover, the R2 values

from these regressions are low, approximately 8%. This suggests that little of the variation is

explained by county-level characteristics, supporting the assumption that our exposure measure is

as-good-as-random.6

5 Results

5.1 Validation of AUBI Measure and Government Conservation Projects

In this section, we show that our biodiversity measure serves as a valid proxy for regulatory risk.

We compile data on conservation projects initiated after our policy shock, including their geo-

graphic centers, funding levels, and project classi�cations.

Appendix Table IA.3 reports summary statistics for these projects. The �rst column presents

aggregate program statistics. A total of 2,112 projects were launched under the IRA and BIL,

with approximately $6 billion in funding. We de�ne conservation projects as those categorized

under “Resilience and Ecosystem Restoration,” “America the Beautiful Challenge Grants,” or with

“Conservation” in the program name within the classi�cation. These conservation projects account

for roughly 33% of the total number of projects and about 20% of the total funding.

6Another potential concern about random assignment is that households may have anticipated future conservation
actions and selectively relocated to counties with high values of AUBI or PWRSR. However, the NatureServe data
underlying our measure were only made publicly available in 2020, mitigating this concern.
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We examine the proportion of project centroids that fall within AUBI-designated areas. In the

column labeled “< 2km,” we expand the boundary of each AUBI grid cell by 1 km in all direc-

tions. We then calculate both the number and proportion of project centroids that fall within an

AUBI area. The �rst two rows show that 18.7% of projects and 20% of funding fall within AUBI-

designated grids. We repeat this analysis in the next two columns, expanding the grid boundaries

by 4 km and 9 km, respectively. With a 5 km buffer, we �nd that 37% of all projects and 41% of

total funding fall within AUBI grids. Expanding the buffer to 10 km, we observe that 46.6% of all

projects and 50.2% of funding fall within AUBI grids. These results provide strong non-parametric

evidence that our ex ante AUBI measure predicts ex post regulatory action on conservation projects

on a county level. However, while many projects do fall directly within our ABUI grids, a signif-

icant portion fall outside and are only near the boundaries. This further motivates our use of a

county-level measure, as conservation projects may not fall directly within AUBI areas but are

often initiated nearby.

We complement this non-parametric evidence with regression analyses. We construct four

outcome variables to assess a county's realization of biodiversity-related regulatory risk under the

IRA and BIL. The �rst outcome variable,Has Pro ject(%), is a binary variable equal to 1 if a

county receives at least one project and 0 otherwise. The second, #o f Pro jects, is a count of

the total number of projects received by each county. Not all planned projects ultimately receive

funding, so we construct two additional measures to capture this distinction. The third outcome

variable,Has Funding, is a binary indicator equal to 1 if a county receives a project that eventually

receives funding, and 0 otherwise. The fourth,Amount Fundedis a continuous variable that

represents the total amount of funding allocated to projects within each county.

We regress these outcome variables on four different measures of biodiversity exposure. Specif-

ically, we construct binary indicators equal to 1 if a county is in the top tercile of AUBI or PWRSR

exposure, and 0 if it is in the bottom tercile, excluding the middle tercile from the analysis. We

also use normalized continuous versions of AUBI and PWRSR exposure using the full sample of

16



counties. Speci�cally, we estimate the following regression speci�cation:

Yi = a + b1Exposurei + e (1)

WhereYi is one of the four outcome variables for countyi and Exposurei is one of our four

biodiversity exposure measures. Results are presented in Panel A of Table 3.

We �nd that all of our measures of biodiversity exposure are signi�cant at the one percent level.

Counties in the top tercile of AUBI exposure are 1.3 times more likely to receive a project compared

to those in the bottom tercile. A similar pattern holds for PWRSR exposure, where counties in the

top tercile are also 1.3 times more likely to receive a project. In the continuous speci�cation,

a one standard deviation increase in AUBI (PWRSR) exposure is associated with a 3.89 (5.17)

percentage point increase in the probability of receiving a project. The second column assesses the

intensity of regulatory intervention using the total number of projects received per county. Again,

all biodiversity exposure measures are signi�cant at the 1% level. Counties in the top tercile of

AUBI and PWRSR exposure receive, on average, 1.8 times more projects than those in the bottom

tercile. The third column examines whether announced projects receive funding; here, we do not

�nd a statistically signi�cant relationship with biodiversity exposure. However, the fourth column

shows that, conditional on receiving funding, biodiversity exposure signi�cantly predicts higher

funding amounts. Counties in the top tercile of AUBI exposure receive over $1.9 million more in

funding than those in the bottom tercile. Counties in the top tercile of PWRSR exposure receive

$2.4 million more. A one standard deviation increase in AUBI (PWRSR) exposure is associated

with an additional $1.2 million ($1.4 million) in funding.

Taken together, this evidence shows that our ex-ante measure of biodiversity regulatory risk is

capturing what we intend. AUBI-designated areas serve as a reliable proxy for regulatory risk. Our

analysis shows that these areas are signi�cantly more likely to receive conservation projects and

funding under major federal initiatives, con�rming that biodiversity regulatory risk translates into

tangible government intervention.

17



We further validate our biodiversity exposure measure using conservation easements initiated

after January 2021. A conservation easement is an agreement between a property holder and a land

trust or public entity over the rights to use certain parts of the land. For example, instead of buying

a forest outright, a land trust can contract with the forest owners to purchase only the extraction

rights and set them aside in order to conserve the area. We use data from the National Conserva-

tion Easement Database, which includes the geographic boundaries of easements and their stated

purposes, such as scenic preservation or wetland protection. We construct four outcome variables

to test whether biodiversity exposure predicts regulatory intervention through conservation ease-

ments. The �rst is a binary variable equal to 1 if any part of a county intersects with a conservation

easement. The second is a count variable representing the number of unique conservation ease-

ments intersecting the county. The third is a binary variable indicating whether a county intersects

with an easement speci�cally classi�ed as conservation-oriented, de�ned by purposes such as en-

vironmental, recreational, or scenic. Finally, the fourth variable counts only conservation-type

easements, those with environmental, recreational, or scenic purposes, that intersect a county. We

regress each of these four outcomes on the same four biodiversity exposure measures used in prior

analyses. The �rst two are binary indicators equal to 1 if a county is in the top tercile of AUBI or

PWRSR exposure. The remaining two use the full sample and the normalized continuous versions

of AUBI and PWRSR. Results are reported in Panel B of Table 3.

In the �rst column, we present how the probability of receiving a conservation easement differs

between top tercile and bottom tercile counties. All measures of biodiversity exposure are statisti-

cally signi�cant at the 1% level. Counties in the top tercile of AUBI exposure are 10.6 percentage

points more likely to receive an easement, while those in the top tercile of PWRSR exposure are

10.35 percentage points more likely. A one standard deviation increase in AUBI (PWRSR) ex-

posure is associated with a 0.66 (0.17) percentage point increase in the likelihood of receiving an

easement. The second column presents our results on the intensity of regulatory intervention using

the count of easements received per county. Again, we �nd that all of our measures of biodiversity

exposure are signi�cant at the 1% level. Counties in the top tercile of AUBI and PWRSR exposure
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receive on average, 1.3 times more easements relative to the mean than counties in the bottom

tercile. When focusing speci�cally on conservation projects, the effects become even more pro-

nounced. Counties in the top tercile of AUBI exposure experience a 4.3 percentage point increase

in the likelihood of receiving a conservation easement, while those in the top tercile of PWRSR

exposure see a 4.9 percentage point increase. These effects represent nearly a doubling of the

baseline probability of receiving a conservation easement. In the �nal column, we measure the

intensity of conservation easements and �nd that the number of conservation easements per county

increases by 0.098 for AUBI-treated counties and 0.111 for PWRSR-treated counties. These �nd-

ings con�rm that our ex ante biodiversity regulatory risk measures are strongly associated with

actual government action, validating their use as an instrument for the probability of conservation

interventions and further supporting our broader analysis of how biodiversity-related regulatory

risk affects housing markets.

5.2 AUBI and House Prices

In this section, we begin by estimating the average effect of conservation efforts on housing mar-

kets. Speci�cally, we examine whether counties with higher exposure to the probability of con-

servation efforts as proxied by unprotected biodiversity, measured using our AUBI (Areas of Un-

protected Biodiversity Importance) score, see differential price effects following the signing of

Executive Order 14008, which launched the30 by 30conservation initiative. We estimate the

effect using a difference-in-differences design. We designate as our post event the signing of Ex-

ecutive Order 14008 by President Biden in January 2021, which heightened risk about government

led response to biodiversity. Our outcome variable,Y, is the natural logarithm of county-level

home prices, measured using Zillow's Home Value Index (ZHVI). On the right-hand side of the

equation, we include a treatment indicator based on NatureServe data, equal to 1 for counties in the

top tercile of AUBI or PWRSR exposure and 0 for those in the bottom tercile; counties in the mid-

dle tercile are excluded from the analysis. We interact the treatment indicator with a post-period

dummy variable equal to 1 for dates after January 2021.
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We implement the above design using the following speci�cation:

ln(price) it = b0 + b1(Treat� Post) it + b0
2Xit + a i + dt + gst + eit (2)

Here, ln(price) it denotes the natural logarithm of the Zillow Home Value Index for countyi in

montht. The variable(Treat� Post) it represents the interaction between the treatment indicator

and the post-period dummy. We include county �xed effects (a i) to account for time-invariant

differences across counties, month �xed effects (dt) to capture national housing market trends,

and state� year-month �xed effects (gst) to absorb state-level time-varying shocks. Our vector of

controls (Xit ) includes: (i) one month lagged log of employment in countyi in montht, (ii) total

park area in countyi � post, (iii) work-from-home suitability in countyi � post, (iv) two measures

of climate change exposure in countyi from NatureServe� post, and (v) habitat climate change

vulnerability from NatureServe in countyi � post.

Results are presented in Table 4. Columns (1) and (2) report raw estimates without �xed effects

or controls. Columns (3) and (4) add county and month �xed effects. Columns (5) and (6) include

the full set of control variables and state� year-month �xed effects. Our coef�cient of interest is

b1. Across all columns,b1 is positive and statistically signi�cant. In our preferred speci�cation

(column 6), we estimate that moving from the bottom tercile to the top tercile of AUBI exposure

leads to a 2.3 percent increase in house prices after the shock. Given a median county home value

of $167,000, this effect corresponds to an increase of approximately $3,841. These �ndings show

that conservation efforts are positively capitalized into house prices.

Table 5 measures the same effect as Table 4, that conservation efforts positively impact house

prices. Rather than using a binary treatment de�nition, we employ continuous measures of biodi-

versity regulatory risk. This approach allows us to retain the full sample of counties in the analysis.

Speci�cally, we use the PWRSR and AUBI scores as continuous treatment variables. We addition-

ally estimate speci�cations using the natural logarithm of the exposure variables. Table 5 reports

results using the continuous measure. Columns (1) and (2) show raw estimates without �xed ef-
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fects or control variables. Columns (3) and (4) introduce county and month �xed effects. Columns

(5) and (6) add the full set of controls and state� year-month �xed effects. Columns (7) and (8)

include the full set of controls and �xed effects but use the natural logarithm of the AUBI and

PWRSR scores in place of their raw values. Across both AUBI and PWRSR speci�cations, the in-

teraction coef�cient remains positive and statistically signi�cant in seven of the eight regressions.

In our preferred speci�cation (column 6), a one standard deviation increase in exposure (0.13) is

associated with a 0.6% increase in house prices. Given a median county home value of $164,950,

this corresponds to a $990 increase in home value. These results demonstrate that the estimated

effect is robust across different measures of biodiversity exposure.

Panels A and B of Figure 2 present our dynamic difference-in-differences analysis, which tests

the parallel trends assumption and illustrates how the effect of biodiversity regulatory risk on house

prices evolves over time. We implement a dynamic version of equation 2. Each coef�cientb1t

captures the differential change in house prices between treated and untreated counties in month

t. We estimate two speci�cations: one using our AUBI measure and another using our PWRSR

measure.

In Panels A and B of Figure 2, there are no signi�cant differences in house price trends between

treated and untreated counties prior to January 2021. This supports the parallel trends assumption.

Following the policy announcement, however, we observe a steady and statistically signi�cant

increase in house prices for treated counties relative to control counties. The effect builds grad-

ually over time and levels off toward the end of the sample period, consistent with delayed price

responses in housing markets, which are known to exhibit search frictions and slow-moving ad-

justments (Case and Shiller (1988), Piazzesi and Schneider (2016)). These �ndings also con�rm

that the realization of projects is not driving our main effect. The earliest project was announced in

November 20227, at which point our effect had reached 113% of its �nal value. By the end of the

sample period, the estimated coef�cient onb1t reaches 0.037. This implies that, by the end of the

sample period, a county moving from the bottom to the top tercile of biodiversity exposure would

7see https://landtrustalliance.org/resources/learn/explore/america-the-beautiful
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experience a 3.7% increase in house values, corresponding to approximately $6,104 based on the

median home value.

We also conduct the analysis at the MSA level. Speci�cally, we re-estimate Equation 2 using

the MSA-level Zillow Home Value Index. Results are reported in Table IA.4. We also estimate the

dynamic difference-in-differences speci�cation in Equation 2 using MSA-level data. Results are

presented in Figure IA.4. Across both the static and dynamic speci�cations, results are consistent

with those from the county level analysis, suggesting that our �ndings are not driven by the level of

geographic aggregation. By the end of the sample, house prices in treated MSAs are approximately

4% higher than those in control MSAs.

Figures 2 and IA.4 jointly provide strong visual and statistical evidence that biodiversity-related

regulatory risk is capitalized into housing markets, with effects that persist and grow over time.

The slow buildup and consistent pattern across geographic levels reinforce the interpretation of the

effect as a forward-looking market response to policy risk, rather than a result of short-run shocks

or local idiosyncrasies.

5.2.1 COVID-19 and Robustness

The timing of our shock overlaps with the COVID-19 pandemic, raising the concern that counties

heavily affected by COVID may be correlated with high biodiversity exposure. In this case, the

observed effects could re�ect COVID-related housing demand shifts rather than regulatory risk.

To address this possibility, we incorporate several controls that capture channels through which

COVID may have affected local housing markets. First, the prevalence of working from home

(WFH) has been shown to capture the effect of COVID-19 on house prices (Gupta et al. (2022)),

so we include the county-level WFH measure from Dingel and Neiman (2020).8 Second, access to

natural amenities may have become more valuable during the pandemic (Yap et al. (2022)), so we

construct a county-level measure of total park area. Third, as Gustafson et al. (2023) emphasize,

8Other measures of WFH or COVID-19 dynamics are constructed at a national or state level and would be absorbed
by our �xed effects. Furthermore, Kmetz et al. (2023) show that most WFH measures, including ours from Dingel and
Neiman (2020), are highly correlated, alleviating concerns about the choice of a particular measure.
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pandemic-induced migration also shaped local housing dynamics, so we incorporate lagged yearly

migration data, as well as lagged yearly migration data interacted with post, from the Statistics of

Income through 2022. Finally, we add lagged monthly county-level COVID-19 infections from

the Center for Disease Control. As reported in Table 6, while the inclusion of these controls has

a slight diminishing effect on our magnitudes, mostly due to the exclusion of later years of our

sample because of data availability, we �nd no effect on the signi�cance of our results.

Beyond static controls, we compare dynamics directly. In Figure 3 we directly compare the

dynamics of biodiversity exposure with those of other COVID-related housing demand measures.

We use our continuous AUBI measure allowing us to include the full sample, and standardize each

measure for direct comparison of coef�cients, as well as including the full set of controls. We

estimate dynamic treatment effects for range size rarity, work from home, and total park area. In

all panels, we use a continuous measure of biodiversity exposure to alleviate concerns that our

measure of COVID has a different cut off than our binary measure. In the �rst panel of �gure 3

we compare the dynamic effects of range size rarity to the effect of protection weighted range size

rarity. If there was a general shift in the the value of nature in 2020 due to COVID-19, then a

more general value that captures all species should provide a larger and stronger effect. However,

if the effect is driven instead by regulatory policy then only the unprotected portion of biodiversity

should have an effect. Our �gure demonstrates that the second hypothesis is correct. Range size

rarity has almost no effect on house prices either before or after COVID-19, however the unpro-

tected and regulatory exposed parts of nature have a much stronger and signi�cant impact on house

prices. In Panel B we compare the dynamic effect of work from home to our biodiversity expo-

sure. The �gure shows that house price effects linked to biodiversity sharply increase beginning in

2021 and persist through 2024, while the work from home dynamics remain essentially �at, in line

with research suggesting that COVID's impact on housing markets peaked in 2020 and had largely

dissipated by the second quarter of 2020 (Gupta et al. (2022)). The triple interaction addresses po-

tential nonlinearities in how COVID might differentially affect high versus low exposure counties.

We run several other tests with work from, for example, we also show the same dynamics at the
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MSA level in �gure IA.8 again showing no effect of COVID-19. Finally in panel C, we compare

the dynamics of total park area in a county to the effects from total park area in a county as a

further control against potential nature effects. Given that our effect does not follow trends similar

to COVID effects, and that we construct controls that take account of possible correlation between

our measure and COVID's effect implies that our previous regressions are distinct from COVID's

effect.

Two additional pieces of evidence reinforce the distinction between COVID and biodiversity

regulatory risk. First, COVID has been shown to signi�cantly affect rent prices (Gupta et al.

(2022)), yet we �nd no effect of biodiversity exposure on rents, consistent with a mechanism

distinct from pandemic-driven shifts.9. Second, we document a reversal in housing price effects

around the 2024 election of President Trump, when biodiversity policy expectations weakened.10

Unless COVID shocks also shifted at that precise moment, this reversal provides independent

con�rmation that our results re�ect policy-driven biodiversity risk rather than pandemic dynamics.

Combined, our additional controls, dynamics, and independent con�rmation tests using rents and

the election of President Trump show that our effect is signi�cantly distinct from any impact of

COVID-19.

Another potential concern is that counties with high biodiversity exposure may also face ele-

vated climate-related risks. Given that the election of President Biden was accompanied by height-

ened expectations of climate regulation, our results could partially re�ect climate risk being priced

into housing markets. As mentioned in the data section, we address the potential confounding

effect of climate risk using a similar strategy. We include three controls for climate risk. First,

we include NatureServe's Climate Exposure Score, measured for both near-term and mid-to-late-

century projections. This score assesses the stress imposed by climate change and its projected

impacts on ecosystems. The metric is based on two measures of climate vulnerability: Climate

Departure and Climate Sensitivity. Climate Departure measures predicted climate change using

9Results for the effect on rents are reported in table IA.5
10Results for the effect of the election of President Trump are shown in �gure 8. We discuss these results in more

detail later in the paper.
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multivariate approaches for 6 common temperature and precipitation variables between mid-20th-

century averages and future 21st-century estimates. Climate Sensitivity measures the change in

modeled suitability between the mid-20th century and future time periods based on Random For-

est models constructed for the historic range of an ecosystem. For further details, see Comer et al.

(2019). We then also include a further control for habitat climate change vulnerability. This metric

combines climate exposure with the current climate resilience of an area to create a vulnerability

score. Climate resilience is based on four primary indicators suitable for measuring relative sen-

sitivity; landscape condition, invasive species, �re regime departure, and forest insect and disease

risk. For further details, see Comer et al. (2019). These measures are plotted in Figure IA.2 and

Figure IA.3. Including these controls has no meaningful effect on the signi�cance or magnitude of

our estimated coef�cients, suggesting that climate risk is distinct from our measures of biodiversity

exposure.

As a further test against potential bias from unobserved confounders, we implement the ro-

bustness analysis proposed by Oster (2019). The key intuition behind the test is that if including

controls raises ourR2 by a large amount, but the coef�cient remains stable there is less residual

variance for unobservables to explain away our treatment effect and we can be con�dent in the

magnitude and direction of our effect. The test from Oster (2019) formalizes this notion and re-

turns a parameter,d, that describes how much stronger the effect from unobservables would have

to be relative to observables to drive our treatment effect to zero. For example, ad of 1 means

that the unobserved controls would need to be just as important as observed controls to explain

away the treatment effect. The test requires one input,Rmax, which describes how much further

including all controls would raise ourR2 by. Oster (2019) recommends setting theR2 value to be

30% larger than the fully saturated model. At this level, we �nd ad of 10.28. Thus, the effect

from the unobserved component of COVID, parks, etc. would have to be 10 times as strong as

the components we control for in order to drive our effect to 0. Figure IA.10 shows how ourd

looks for a range ofRmax estimates. In order for the unobserved component to be as important

as our observed component,d = 1, including all unobserved variables would need to raise ourR2
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by nearly six times, an implausibly large amount. Therefore, we are reasonably con�dent that our

effect is not driven by omitted variable bias, including effects from COVID.

We also test whether the observed price effects are driven by the realization of conservation

efforts or by expectations about future implementation. To evaluate these hypotheses, we use

Zillow's Observed Rent Index (ZORI). By comparing rents, which adjust to clear the market in the

short run, to house prices, which include a long-run component, we can test for whether our result

is driven primarily by long-run expectations or short-run cash �ow �uctuations. We implement

the speci�cation from Equation 2, substituting the outcome variable with the natural logarithm of

Zillow's Observed Rent Index. Results are reported in Table IA.5. Results show that there is no

effect on rent prices. As rent has less coverage, we also run a regression using our main house

price variable but for the restricted sample. We continue to �nd a positive and signi�cant effect

on house prices in the restricted sample. These �ndings suggest that the effects of biodiversity

regulatory risk on housing prices operate through long-term expectations rather than immediate

changes. They also reinforce the interpretation that the price impact of biodiversity regulatory risk

is driven by forward-looking expectations, rather than short-term realizations of regulatory action.

We conduct several further robustness checks to assess the sensitivity of our results. First, we

show that our result is not sensitive to our choice of treatment. Figure IA.6 presents coef�cient

estimates from our main regression speci�cation (Equation 2), varying the threshold used to de-

�ne treatment status based on percentiles of county-level biodiversity exposure. In Panel A, we

vary the treatment de�nition using the AUBI measure, comparing counties in the topx% of AUBI

exposure to those in the bottom 1� x%, wherex ranges from the 50th to 99th percentile. Panel B

repeats this analysis using the PWRSR measure. Each point on the plot represents the estimated

treatment effect for a givenx, with 95% con�dence intervals shown. All regressions include the

full set of controls as well as county and state� year-month �xed effects. Standard errors are clus-

tered at the county level. Across both panels, the estimated treatment effects remain statistically

signi�cant and positive across a wide range of thresholds. This pattern suggests that our primary

results are not driven by an arbitrary cutoff, but instead re�ect a relationship between biodiver-
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sity exposure and housing market outcomes. We conduct a similar exercise using the full sample.

Figure IA.7 illustrates this robustness check, where we test alternative treatment thresholds while

maintaining the full sample across speci�cations. For each threshold from the 50th to the 99th

percentile, counties above the cutoff are classi�ed as treated and those below as untreated, but the

regression includes the full sample in all cases. As before, all regressions include the full set of

controls, county and state� year-month �xed effects, and standard errors clustered at the county

level. Panel A uses AUBI, and Panel B uses PWRSR. Each point re�ects the estimated treatment

effect on the log of house prices with 95% con�dence intervals. Across both panels, the estimated

effect size remains signi�cant and positive across a wide range of cutoffs for treatment. These �nd-

ings further support the claim that biodiversity exposure is systematically associated with housing

market responses and that our results are not driven by arbitrary percentile cutoffs. Next, we turn

to exploring heterogeneity within our sample.

5.3 House Prices and County's Reliance on Nature-Intensive Industries

In this section, we investigate whether the effect of biodiversity regulatory risk on house prices

varies across counties with differing economic reliance on nature-based industries. Motivated by

the �ndings that the companies most vulnerable to biodiversity-related regulation are those directly

dependent on local ecological conditions (Pena et al. (2024)), we examine whether these economic

exposures dampen the capitalization of regulatory risk into housing values. As discussed in the

introduction, we hypothesize that potential government action that restricts land use in areas vital

to industrial activity such as mining or oil extraction can lead to stranded assets and worse regional

economic conditions, eventually depressing house prices.

In order to test this hypothesis, we construct a county-level measure of economic dependence

on nature using data from the Quarterly Census of Employment and Wages (QCEW). The QCEW

provides the total amount of wages earned in speci�c North American Industry Classi�cation Sys-

tem (NAICS) industries within each county in each quarter. We take the total amount of wages

earned in industries with two-digit NAICS codes equal to or less than 33. This includes indus-
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tries such as agriculture, �shing, forestry, mining and oil and gas extraction, manufacturing, and

other similar industries. We then take that sum and divide it by the total amount of wages in a

county during the pre-period from 2017 to 2020. This measure captures the economic importance

of nature-intensive activity prior to the shock. We plot the geographic distribution of our measure

in Figure 4.

We then implement a triple difference-in-differences. We use as an outcome the natural log of

the ZHVI. We use both our PWRSR and AUBI binary exposure variables. We interact exposure

with a post-period dummy. This variable is then again interacted with a county's dependence on

nature. We use both a continuous measure of wage share and a binary indicator. The indicator is

equal to one for counties in the top tercile of wage share coming from nature-intensive industries

and equal to zero for counties in the bottom tercile.

We implement the above design using the following speci�cation:

ln(price) it = b0+ b1(Treat� Post) it + b2(Treat� Post� Economic Nature Intensity) it

+ b0
3Xit + a i + dt + gst + eit

(3)

The variable(Treat� Post� Economic Nature Intensity) it represents the triple interaction

between treatment and the county's share of economic activity coming from resource dependent

industries. Fixed effects and controls remain the same as in Equation 2.

Results are presented in Table 7. Columns (1) and (2) use our binary measure of exposure.

Columns (3) and (4) use our continuous measure of exposure. In all columns, we �nd a negative

effect of reliance on nature-intensive industries. For our preferred speci�cation (column 2) we

�nd a coef�cient of -0.024. Thus, for a county in the bottom third of wage share in nature-reliant

industries, we expect a 4.1% increase in house price. However, for counties with a similar level of

biodiversity exposure but in the top tercile, we �nd that the effect attenuates to 1.7%. These results

suggest that there is signi�cant heterogeneity within our sample. Although we would expect coun-

ties that are exposed to see an appreciation in house prices on average, counties whose economies

may be affected can see their housing wealth eroded by regulatory risk.
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Panels A and B of Figure 5 present our dynamic analysis.11 The �gure plots both difference-

in-differences and triple difference-in-differences coef�cients. This allows us to visualize both

pre-trends and the timing of the price response after the shock, as well as how the effects of nature-

intensive industries evolve over time. We implement a dynamic version of Equation 3, retaining

all variable de�nitions. We estimate four speci�cations: two using binary measures of county

exposure to nature-dependent industries and two using a continuous measure, each measure then

being interacted with our discrete versions of PWRSR or AUBI.

There are no signi�cant differences in house price trends between treated and untreated coun-

ties prior to January 2021 or in counties that have a large reliance on nature-intensive industries.

This supports the parallel trends assumption. Following the policy announcement, we observe a

steady and statistically signi�cant increase in house prices for treated counties relative to control

counties and a similar decrease in the effect for counties that are heavily reliant on nature-intensive

industries. Using Panel A, at the end of the sample period, when comparing counties in the bottom

to the top tercile of biodiversity exposure we would expect a 6.1% increase in house values; how-

ever, for counties in the top tercile of reliance on nature-intensive industries, the effect is reduced

by 3.5% resulting in an increase of only 2.4%.

6 Channels

In this section, we test several hypotheses regarding the mechanisms behind the observed average

price effect. Given that we observe an increase in housing prices, there are two possible explana-

tions. The price effect could stem from reduced supply of housing, increased demand for housing,

or a combination of both.

To disentangle the underlying mechanism, we exploit heterogeneity in land characteristics

across counties. Some areas will have a lower sensitivity to supply shocks than others, while

simultaneously having a higher sensitivity to demand shocks. To capture this variation, we use

11We implement a triple difference in difference using a continuous measure of wage share in Figure IA.11
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the land availability measure developed by Lutz and Sand (2023). This measure is constructed

by taking the proportion of area in a county left after removing wetlands, water bodies and areas

with a slope greater than 15%. Figure IA.12 presents the spatial distribution of land availability

across counties. As land availability increases, we expect a monotonic decline in supply sensitivity

and a corresponding rise in sensitivity to demand for nature. As noted in the data section, two

alternative measures of supply elasticity are also commonly used in the literature. Baum-Snow

and Han (2024) and Gyourko et al. (2008) both construct supply elasticity measures for a set of

metropolitan areas. We do not use these alternative measures because they are limited to a small

subset of urban areas. In contrast, the Lutz and Sand (2023) measure provides comprehensive

coverage for all counties in the continental United States, making it more suitable for our analysis.

Moreover, the alternative measures do not capture the opposing forces of constrained supply and

rising demand for nature investments that our empirical strategy seeks to identify.

To validate the relationship between land availability and demand, we construct bin scatter plots

showing the relationship between land availability and four nature-related measures: AUBI expo-

sure, park area, wetland area, and nature deprivation. Nature deprivation is a measure constructed

by the White House's environmental advisory body, the Council of Environmental Quality.12 Bin

scatters are shown in Figure 6. Each �gure con�rms a monotonic relationship between land avail-

ability and nature-related measures. As land availability increases, the supply channel is weakened,

while at the same time the demand channel is strengthened. One further concern is that our results

may be mechanical, that is, counties with greater land availability might be more likely to receive

projects simply because more developable land exists. We show that this is not the case. In Panel E

of Figure 6 we create another bin scatter and show that land availability has an inverse relationship

with projects. This con�rms that our main results are not mechanically driven by the availability

of land or by the realization of government investment. We also present summary statistics for

each land availability quartile in Table IA.6. The summary statistics con�rm similar patterns to

12Nature deprivation is de�ned as “communities that disproportionately lack access to the climate mitigation and
human health bene�ts of natural areas such as, but not limited to, parks, urban forests, conservation areas, open space
and water-based recreation, public gardens, tree canopy cover, beaches, waterways, and other locally accessible green
and blue spaces."
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those observed in the bin scatters. Counties in the highest land availability quartile (Q4) receive

the fewest projects and have the lowest AUBI scores and parks, while those in the lowest quartile

receive the most projects and have the highest AUBI scores and park area.

Our �rst test examines whether the observed price effect is primarily driven by supply con-

straints or demand. We begin by dividing the land availability measure into quartiles. The spatial

distribution of these quartiles is shown in Panel B of Figure IA.12. Quartile 1 contains counties

with the least land availability and lowest nature deprivation, while Quartile 4 includes those with

the most land availability and highest nature deprivation. We estimate Equation 2 separately within

each quartile. Variable de�nitions remain the same as in Equation 2. We include all controls and

�xed effects except for total park area. We do not include total park area in this speci�cation, as

we show land availability already captures the amount of nature available.13

Results are reported in Table 8. Perhaps surprisingly, we �nd that our results are concentrated

in areas with higher elasticity. For the �rst and second quartiles, our estimates are borderline

signi�cant, while results for the fourth quartile are signi�cant at the 1% level. Economically, we

�nd that a one standard deviation increase in exposure in the �rst quartile leads to an increase in

house prices of 0.5%. In contrast, we �nd that a one standard deviation increase in exposure in the

fourth quartile leads to an increase of 2.1%.14 These regressions imply that while a supply channel

might be driving the effect, there also appears to be a signi�cant demand channel as well.

Figure 7 presents our dynamic analysis conducted separately within each land availability quar-

tile and using the continuous version of AUBI. In all panels of Figure 7, there are no signi�cant

13Sub-setting by land availability controls for the park area so we do not include it in the regression. Nevertheless,
we alternatively run all speci�cations with total park area as an additional control and �nd that it does not change our
coef�cients.

14As a robustness check, we re-estimate our main speci�cation using the log of the AUBI measure as the exposure
variable. Results are reported in Table IA.8. Results are qualitatively similar to our main results. We further test
robustness using an alternative measure of land availability from Lutz and Sand (2023), referred to as “buildable
land.” This measure is constructed by removing developed areas and parks as well as wetlands, water and areas with
a slope greater than 15% and dividing the remaining area by total area within counties. Results using this measure
are presented in Table IA.9 and again align with our main �ndings. Throughout this section we use a continuous
treatment. Recent critiques of continuous difference-and-differences has been raised by Callaway et al. (2024). To
alleviate this concern and as a �nal test of robustness we implement Equation 2, but instead form treatmentwithin
each land availability quartile. This speci�cation compares highly exposed counties to less exposed counties within
the same quartile. Results are reported in Table IA.10, again show that the effects are concentrated in the fourth
quartile of land availability.
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differences in house price trends before January 2021, supporting the parallel trends assumption.

Following the policy announcement, we observe a steady and statistically signi�cant increase in

house prices exclusively within the fourth quartile. As in our main speci�cation, the price effect in

the fourth quartile builds gradually and levels off toward the end of the sample period—consistent

with delayed price adjustments in housing markets that exhibit search frictions and slow-moving

responses (Case and Shiller (1988), Piazzesi and Schneider (2016)).15 By contrast, the effect in

other quartiles is much smaller. At the end of the sample period, the estimated coef�cient for the

fourth quartile reaches 0.44. This implies that, by the end of the sample period, a one standard

deviation increase in exposure corresponds to a 2.2% increase in house value, or approximately

$3,030 based on the median home value in the fourth quartile.

We also examine heterogeneity within land availability quartiles. We test our hypothesis that

counties more reliant on nature-related industries will experience a muted effect in house prices

from expected negative impacts on economic activity. Speci�cally, we implement Equation 3 but

subset our sample by land availability quartiles. Results are reported in Table IA.11. We �nd a

negative effect in both land availability quartiles one and two, but only �nd a signi�cant effect

in quartile four. This again suggests that while overall biodiversity regulatory risk has a positive

impact on prices, this effect is reduced by the potential of economic damage caused by �rm distress.

Panel E of Figure 7 displays the dynamics of our triple interaction. Results are consistent with our

main �ndings.

We next turn to exploring each of our channels in more detail. While biodiversity conserva-

tion may impose binding constraints in some areas, the absence of larger effects in more supply

inelastic regions suggests that reductions in supply alone are unlikely to explain the observed price

patterns. In less elastic areas, conservation efforts may be targeted toward already unbuildable

land, limiting their impact on housing markets. In contrast, in more elastic areas, where develop-

15We also note that these dynamics show that our results are driven by expectations and not the realization of risk.
The �rst projects and major Government action began towards the end of 2022. Looking at the dynamics for the fourth
quartile we see that the price effect is mostly incorporated by the date of the �rst project. Furthermore, the fourth
quartile received the fewest projects and had the largest price increase as well, further showing that our effects are not
driven by general government action
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ment was previously feasible, the introduction of new conservation easements or restrictions may

be more salient, but supply constraints are still unlikely to bind immediately. This motivates a

deeper exploration of the demand channel.

If the price effect also operates through the demand channel, a key condition is that the ex-

pected increase in natural investment associated with AUBI exposure is salient to homeowners. To

assess salience, we measure media attention to projects and programs under the30 by 30initiative.

We extract the number of article mentions at a monthly level from Factiva, as shown in Figure

IA.13 using the method shown in Figure IA.14. The number of articles that reference the initiative

increases sharply after the announcement of the executive order. This trend re�ects heightened

public attention to biodiversity conservation and associated government interventions, reinforcing

the plausibility of demand side responses in housing markets.16 We further test whether there could

be a signi�cant demand component using direct measures of demand. We use Google Mobility Re-

ports data which provides the percent change in visits to particular categories of locations relative

to a baseline period in 2019. We test our demand channel by focusing on changes in visits to park

locations in the post-treatment period. We re-estimate Equation 2, using the county-level yearly

average change in park visits relative to 2019 as the outcome variable. Results are presented in Ta-

ble 9. We �nd that positive signi�cant effects emerge only in the fourth quartile of land availability.

Thus, while supply restrictions could play a role, it appears that a signi�cant demand channel is

operating as well.

6.1 Is Speculation Driving the Effect?

While both a supply decrease and demand increase can explain the direction of our effect, the

magnitude of our coef�cients suggests that additional mechanisms are at play. One such mecha-

nism may be speculation, which could amplify the impact of conservation efforts. This possibility

is important because biodiversity policy is likely to be subject to the same uncertainty as climate

16Table IA.12 provides excerpts from representative articles illustrating how conservation efforts were paired with
the provision of public investments. Prior literature emphasizes that homeowners are acutely attentive to factors af-
fecting property values, consistent with the notion that “everything is capitalized” in housing markets (Fischel (2002)).
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policy. If speculation is a key driver of housing prices, then as biodiversity regulatory intensity

waxes and wanes, speculative booms and busts may become a de�ning feature of highly exposed

housing markets.

We implement three tests for speculation. Our �rst test follows the approach of Gao et al.

(2020). Utilizing loan data from HMDA, we split loans based on the occupancy type - “primary

residence”, “secondary residence”, and “investment.” Our test for speculation looks primarily at

the effect on loans labeled as “investment." We �rst test if there is an increase in lending at all.

Panels A Table 10 and Table 11 report the effect on the log of total value of loans applied for

and originated. We �nd a statistically signi�cant and positive effect only in the fourth quartile,

con�rming our hypothesis about the location of our effect. Panels B, C, and D of Table 10 then

test which type of loan is being used to purchase homes by splitting our regression by loan type.

We �nd that for loan applications, the only signi�cant coef�cient is for investment loans. We

further examine which type of loans are getting more loan originations. We �nd that both primary

residence and investment loans are signi�cant (Panels B, C, and D of Table 11). This reinforces

both our demand and speculation explanations. However, the magnitude for speculation is much

larger and more signi�cant, with a coef�cient of 0.994 compared to 0.291. For example, for a

one standard deviation increase in exposure for the fourth quartile (0.05) we would expect a 4.6%

increase in investment loans compared to only a 1.4% increase in primary residence loans. Thus,

while there seems to be an underlying increase in demand for housing by residents, this increase is

being magni�ed by speculation.

Our second test for speculation compares land values to property values. As Nathanson and

Zwick (2018) argues, speculation is easier in the land market than in the housing market. There-

fore, our next test compares our effect on land values to property values. To do so, we use annual

county-level land value and property value data compiled by Davis et al. (2021). They base their

data on reported appraisal values. We re-estimate our main speci�cation, replacing the outcome

variable with the log of land value or with the log of property values. Regression results are re-

ported in Panels A and B of Table 12. First, we note that we only �nd a signi�cant effect for
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the fourth quartile, reinforcing our result from the previous section. We then compare the coef�-

cients for the effect on property values to the effect on land values. For property values, we �nd

a coef�cient of 0.295. A one standard deviation increase in exposure leads to a 1.4% increase in

property values. For land values, which are cheaper and easier for speculators to acquire, we �nd a

coef�cient of 0.402, or for a one standard deviation in exposure, an increase of 2.0%. Comparing

the effect on property values to land values, we see that there is a greater increase in land values.

Thus, we �nd evidence that speculation could be driving our main effect.17

For our �nal test, we follow Gao et al. (2020) and examine whether building permits respond

to biodiversity regulatory risk. We use building permit data from the U.S. Census Building Per-

mit Survey and regress the log number of approved permits for buildings, housing units, and the

total value of permits on our measure of risk exposure. Because our measure captures anticipated

rather than realized regulation, any observed response would re�ect forward-looking behavior by

speculators or developers. Results are reported in Panels A, B, and C of Table 13. We �nd a pos-

itive but statistically insigni�cant effect on building permits in Quartile 4.18 While not de�nitive,

this pattern is consistent with the idea that some developers or speculators may be accelerating

construction in anticipation of future land-use restrictions. Taken together with our �ndings on

investment loan activity and higher increases in land values compared to property values, these

results suggest that speculative behavior contributes meaningfully to the observed price effects.

If this were a one time policy shock, speculative pressures on house prices would dissipate.

However, if biodiversity policy sees reversals and restarts similar to climate policy, then repeated

cycles of speculation could lead to booms and busts in highly exposed areas (Bolton and Kacper-

czyk (2021), Ilhan et al. (2021), Seltzer et al. (2022), Barnett (2024), Basaglia et al. (2025), Delis

et al. (2019) Noailly et al. (2022)). The 2024 election of President Trump illustrates this dynamic;

on his �rst day in of�ce, he rescinded Executive Order 14008, terminating the 30� 30 conserva-

17Davis et al. (2021) include two other measures of land and property values in their data. They include standardized
versions of their measures which adjust for the fact that the price of land per acre tends to fall as acreage increases, the
so-called “plattage effect”. Results for standardized land values and standardized property values are reported in Table
IA.20 and Table IA.21, respectively. For all outcomes, results are quantitatively similar to our reported main results.

18As a robustness check, we repeat the analysis using imputed permit values provided by the Census (Table IA.19).
Results remain qualitatively unchanged.
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tion initiative, while the freezing of IRA and BIL funding further weakened expectations of future

conservation investment. To test for a reversal of our previously observed effects, we extend our

dataset through March 2025 and re-estimate the dynamic difference-in-differences speci�cation

from Equation 2, this time using the month prior to the 2024 election as the reference period. Re-

sults of the dynamics are shown in Figure 8. Although the post-election window is short, we �nd

that housing price effects in treated counties have begun to reverse. This suggests that housing

markets will face recurring speculation as biodiversity policy becomes more or less important over

time.

7 Conclusion

Governments have committed to protecting biodiversity, yet the impacts of this policy are un-

known. In this paper, we estimate the impact that expected conservation efforts have on housing

markets. We create a measure of exposure to regulatory interest using data from NatureServe con-

structed using machine learning. By exploiting the Biden administration's 30� 30 initiative as an

exogenous shock to the probability that a county will receive some type of regulatory action, we

are able to overcome signi�cant endogeneity issues. Implementing a difference in differences de-

sign, we �nd that after the shock, a one standard deviation increase in exposure is associated with

a 0.6% increase in house prices. However, these effects have signi�cant heterogeneity. In areas

heavily reliant on natural resources for their economy, effects are small or even negative.

Importantly, we show that while supply restrictions may play a role, the positive average ef-

fect is driven signi�cantly by amenity demand and also by speculative dynamics, which amplify

the capitalization of regulatory risk into prices. The role of speculation suggests that biodiversity

policy may generate volatility in housing markets as regulatory intensity waxes and wanes. Taken

together, our �ndings highlight a novel dimension of environmental risk in housing markets, un-

derscore the policy trade-offs between conservation, economic growth, and housing affordability.
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Figure 1:County Level Biodiversity Regulatory Risk Exposure Measures

This �gure shows our measures of biodiversity regulatory risk that we adopted from NatureServe aggregated
to the county level. Panel A shows county level Protection-weighted Range-size Rarity (PWRSR). Panel
B shows 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 km² that is 1% unprotected,
or even multiple co-occurring species with lower individual PWRSR values. 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.

Panel A: County Level PWRSR measure

Panel B: County Level AUBI measure



Figure 2:Impact of Biodiversity Regulatory Risk on House Prices: Dynamics

This �gure tests the parallel trends assumption by plotting dynamic coef�cients from a speci�cation regressing
the log of Zillow Home Value Index on indicators for top-tercile AUBI exposure. We implement a dynamic
version of Equation 2. Panels A and B compare treated (top tercile) to control (bottom tercile) counties
across two alternative biodiversity measures without including our triple interaction. We include the full set
of controls and �xed effects for county and state� year-month. The vertical line indicates the signing of
Executive Order 14008. Coef�cients represent percent differences in home prices. Blue dots show point
estimates forPost� Exposure; vertical lines are 95% con�dence intervals. Red dots show point estimates for
Post� Exposure� Economic Nature Intensity. Standard errors are clustered at the county level. Panel A plots
dynamic treatment effects using the AUBI biodiversity measure with December 2020 as the reference period.
Panel B displays coef�cients from the PWRSR biodiversity measure speci�cation, also using December 2020
as the reference period.

Panel A: AUBI Measure

Panel B: PWRSR Measure
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Figure 3:Main Results Dynamics Compared with COVID Dynamics

This �gure tests the effects of standardized measures for COVID-19 and Biodiversity exposure in a dynamic setting. We implement a dynamic
version of our main speci�cation using continuous measure of exposure but have range size rarity, work from home share, and total park area
treated as dynamic. Panel A compares all range size rarity in red to protection weighted range size rarity in blue. Panel B compares work from
home in red to protection weighted range size rarity in blue, and a triple interaction in green. Panel C compares work from home in red to
protection weighted range size rarity in blue, and a triple interaction in green. We include the full sample as well as the full set of controls and
�xed effects for county and state� year-month. The vertical line indicates the signing of Executive Order 14008. Coef�cients represent percent
differences in home prices. Vertical lines are 95% con�dence intervals. Blue dots show point estimates forPostt � Exposurein all panels. Red
dots show point estimates forPostt � Range Size Rarityin Panel A,Postt � Work From Homein Panel B, andPostt � Total Park Areain Panel
C. Green dots show point estimates for triple interactions. Standard errors are clustered at the county level.

Panel A: Range Size Rarity

Panel B: Work from Home Panel C: Total Park Area
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Figure 4:County Wage Share From Nature and Location Dependent Industries

This �gure shows our measure of wage share coming from nature and location dependent industries. Panel
A shows county level wage share from nature and location dependent industries. Panel B overlays our
measure of AUBI with wage share from nature and location dependent industries. Wage share from nature
and location dependent industries is calculated using the Quarterly Census of Employment and Wages. For
a county, we sum the total amount of wages in a county coming from industries with two digit NAICS codes
less than 33. This includes the following industries: Agriculture, Forestry, Fishing and Hunting, Mining,
Quarrying, and Oil and Gas Extraction, Utilities, Construction, and Manufacturing. We take this sum and
divide by the total wages earned in a county. We calculate a single value for each county using quarterly
data from 2017-2020.

Panel A: Wage Share From Nature and Location Dependent Industries

Panel B: Wage Share From Nature and Location Dependent Industries with AUBI Measure



Figure 5: Impact of Biodiversity Regulatory Risk on House Prices: Dynamics with Triple
Difference for Reliance on Nature Intensive Industries

This �gure tests the parallel trends assumption by plotting dynamic coef�cients from a speci�cation regressing
the log of Zillow Home Value Index on indicators for top-tercile AUBI exposure. We implement a dynamic
version of Equation 2. Panels A and B compare treated (top tercile) to control (bottom tercile) counties
across two alternative biodiversity measures including a triple interaction with either a binary indicator for
being in the top tercile of wage share in nature intensive industries. We include the full set of controls and
�xed effects for county and state� year-month. The vertical line indicates the signing of Executive Order
14008. Coef�cients represent percent differences in home prices. Blue dots show point estimates forPost�
Exposure; vertical lines are 95% con�dence intervals. Red dots show point estimates forPost� Exposure�
Economic Nature Intensity. Standard errors are clustered at the county level. Panel A shows dynamic effects
from the discrete AUBI measure with December 2020 as the reference period and includes our discrete measure
of nature intensity. Panel B shows dynamic effects from the discrete PWRSR measure with December 2020
as the reference period and includes our discrete measure of nature intensity.

Panel A: AUBI Measure, Discrete Triple Difference

Panel B: PWRSR Measure, Discrete Triple Difference
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Figure 6:Relationships Between Land Availability and Nature Metrics

This �gure shows the relationship between the Lutz and Sand (2023) measure of land availability and �ve
key indicators of nature access and biodiversity. We bin the land availability measure and plot average
values for each indicator within those bins. All panels display �tted linear trends. Panel (A) shows the
relationship between land availability and AUBI (Areas of Unprotected Biodiversity). Panel (B) shows
the relationship between land availability and the share of area covered by parks. Panel (C) examines the
relationship between land availability and wetland coverage. Panel (D) examines the relationship between
land availability and nature deprivation. Panel (E) examines the relationship between the number of projects
started under the IRA and BIL and nature deprivation

Panel A: AUBI Panel B: Area Covered by Parks

Panel C: Area Covered by Wetlands Panel D: Nature Deprivation

Panel E: Number of Projects



Figure 7: Impact of Biodiversity Regulatory Risk on House Value Within Land Availability
Quartiles: Dynamics

This �gure tests the parallel trends assumption by plotting dynamic coef�cients from a speci�cation regress-
ing the log of Zillow Home Value Index on our AUBI continuous measure of biodiversity exposure within
Lutz and Sand (2023) land availability quartiles. We implement a dynamic version of Equation 2 and Equa-
tion 3, sub-setting to each land availability quartile. We include controls for Work From Home share, park
area, climate risk (Habitat Climate Change Vulnerability Index, Climate Exposure Near Century, Climate
Exposure Mid to Late Century), one month lagged log of employment, and �xed effects for county and state
� year-month. The vertical line indicates the signing of Executive Order 14008. Coef�cients represent per-
cent differences in home prices. December 2020 is used as the reference period. Dots show point estimates;
vertical lines are 95% con�dence intervals. Standard errors are clustered at the county level. Panel A plots
dynamic treatment effects for land availability quartile 1. Panel B plots dynamic treatment effects for land
availability quartile 2. Panel C plots dynamic treatment effects for land availability quartile 3. Panel D plots
dynamic treatment effects for land availability quartile 4. Panel E plots dynamic treatment effects for land
availability quartile 4 as well as the triple interaction effect with wage share from nature intensive industries.
All standard errors are clustered at the county level.

Panel A: Land Availability Quartile 1 Panel B: Land Availability Quartile 2

Panel C: Land Availability Quartile 3 Panel D: Land Availability Quartile 4

Panel E: Land Availability Quartile 4 Triple
Difference
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Figure 8: Effect of 2024 Election and Decrease in Biodiversity Regulatory Risk on House
Prices in Fourth Land Availability Quartile

This �gure tests the effect of the President Trump's election and decrease in regulatory risk on house prices
in the fourth Land Availability quartile. We implement Equation 2 but change our reference date to be
October 2024, one month before the election of President Trump. The vertical lines signify the start of
Trump's presidency and the rescinding of executive order 14008. The coef�cient represents the percent
difference in house prices. The dots indicate point estimates, and the vertical lines indicate 95% con�dence
intervals.
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Table 1:Summary Statistics

This table presents the summary statistics for the variables used in the paper. Panels are separated by their source. The sample period
is from Jan 2017 to Dec 2024.

Level of Observation Number of Observations Mean Std Dev p5 p25 Median p75 p95

Panel A: NatureServe

Protection Weighted Range Size Rarity (PWRSR) (km2) County 3,055 2.07 4.69 0.00 0.10 0.41 1.80 9.92

Areas of Unprotected Biodiversity (AUBI) County 3,055 0.07 0.13 0.00 0.00 0.00 0.07 0.34

Climate Exposure Near Century County 2,747 0.72 0.14 0.47 0.64 0.73 0.82 0.93

Climate Exposure Mid Century County 2,747 0.58 0.17 0.30 0.46 0.58 0.71 0.86

Habitat Climate Change Vulnerability Index Near Century County 2,747 0.59 0.07 0.48 0.55 0.60 0.64 0.70

Habitat Climate Change Vulnerability Index Mid Century County 2,747 0.53 0.09 0.39 0.47 0.52 0.59 0.67

Panel B: Zillow Data

Zillow Home Value Index ('000) County� Year-Month 297,412 204.28 146.13 78.89 120.25 164.95 239.89 451.04

Zillow Observed Rent Index County� Year-Month 64,003 1,473.29 794.13 815.28 1,086.16 1,341.59 1,693.85 2,412.78

Panel C: Land Availability Data from Lutz and Sand (2023)

Land Available (%) County 3,055 0.73 0.24 0.23 0.59 0.81 0.92 0.98

Land Buildable (%) County 1,995 0.60 0.28 0.04 0.40 0.66 0.85 0.93

Area Wetlands (%) County 3,055 0.06 0.10 0.00 0.00 0.02 0.07 0.28

Panel D: TomTom & American Community Survey

Total Park Area (%) County 3,055 0.09 0.18 0.00 0.00 0.01 0.09 0.52

Work From Home County 3,055 0.33 0.03 0.29 0.31 0.32 0.34 0.39

Panel E: Census TIGER

County Land Area (km2) County 3,055 2,447 3,390 530 1,108 1,571 2,350 7,443

County Water Area (km2) County 3,055 139 547 1 7 19 57 631

Land Area Urban (%) County 3,055 0.35 0.43 0.00 0.00 0.05 0.91 1.00

Panel F: Council on Environmental Quality

Nature Deprived Score County 3,055 0.33 0.30 0.02 0.08 0.22 0.56 0.92

Panel G: Housing Mortgage Disclosure Act

Value of Loans Applied For ('000) County� Year 16,024 573,907 1,977,204 7,670 28,635 82,965 316,560 2,639,485

Value of Loans Originated ('000) County� Year 16,024 516,478 1,777,700 5,655 23,042 71,147 284,397 2,398,035

Value of Loans Applied for Investment ('000) County� Year 16,024 33,988 158,627 185 1,000 3,305 14,452 145,105

Value of Loans Applied for Primary Residence ('000) County� Year 16,024 510,659 1,757,387 6,485 25,280 70,772 274,142 2,418,000

Value of Loans Applied for Secondary Residence ('000) County� Year 16,024 29,260 120,062 145 735 2,945 13,340 120,290

Value of Loans Originated for Investment ('000) County� Year 16,024 30,217 139,613 145 865 2,995 13,022 130,055

Value of Loans Originated for Primary Residence ('000) County� Year 16,024 459,722 1,583,772 4,645 19,770 60,010 243,777 2,182,400

Value of Loans Originated for Secondary Residence ('000) County� Year 16,024 26,538 109,175 115 620 2,570 12,250 110,265

Panel H: Land Values Data From Davis et al. (2021)

Property Values Standardized ('000) County� Year 5,324 336 226 160 210 272 372 746

Land Value Appraisals ('000) County� Year 5,324 318 980 36 65 116 234 1,053

Land Value Appraisals Standardized ('000) County� Year 5,324 91 154 18 30 47 90 312

Property Values ('000) County� Year 5,324 301 205 134 185 245 337 679

Land Value Share County� Year 5,324 0.25 0.11 0.13 0.17 0.22 0.29 0.47

Panel I: Statistics of Income

Net Migration County� Year-Month 17,957 44.53 16,263.25 -5305 -309 179 1201 8484

Panel J: Centers for Disease Control

Monthly New COVID cases County� Year-Month 236,751 417 3,779 0 0 0 104 1,464

Panel K: Quarterly Census of Employment and Wages

Employment ('000) County� Year-Month 17,116 53.55 205.07 1.31 3.98 10.12 29.41 228.09

Wage Share from Nature-dependent Industries (%) County 2,987 0.34 0.16 0.10 0.21 0.32 0.45 0.63

Panel L: Census Permit Survey Data

Number of Building Permits Reported County� Year 16,782 329.58 1,082.73 0 6 42 196 1,494

Number of Units Permits Reported County� Year 16,782 520.71 1,923.75 0 6 49 244 2,349

Total Value of Permits Reported ('000) County� Year 16,782 114,557.71 405,516.43 0.00 1,160.00 10,341.53 57,767.15 520,259.14

Number of Building Permits Imputed County� Year 16,782 359.87 1,116.72 0 11 58 226 1,613

Number of Units Permits Imputed County� Year 16,782 562.49 1,976.50 0 13 67 282 2,525

Total Value of Permits Imputed ('000) County� Year 16,782 122,862.12 418,374.41 0.00 2,381.89 13,621.36 65,749.70 563,156.68

Panel M: Google Mobility Reports

Change in Park Visits Relative to 2019 (%) County� Year 3,013 13.56 40.81 -48.00 -16.68 8.48 40.76 85.26



Table 2:Biodiversity Risk Exposure and County Characteristics

This table examines the relationship between our measures of biodiversity risk and county level characteristics. The sample period is
from 2017-2021. Columns (1) and (2) include climate risk variables (Habitat Climate Change Vulnerability Index,Climate Exposure
Mid to Late Century, Climate Exposure Near Century) as well as geographic characteristics (Total Park Area, Percent Land Area
Urban, Land Area, Water Area) and economic characteristics (Employment, GDP). Columns (3) and (4) include previous character-
istics but also incorporates State �xed effects. Standard errors are clustered at the county level and reported in parenthesis.*** , ** ,
and* denote signi�cance at 1%, 5%, and 10% levels, respectively.

Continuous PWRSR Exposure Continuous AUBI Exposure Continuous PWRSR Exposure Continuous AUBI Exposure

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

Habitat Climate Change Vulnerability Index -1.563 0.054 5.060 0.153

(4.662) (0.115) (4.914) (0.113)

Climate Exposure Mid to Late Century 2.711 0.092 -0.514 -0.038

(2.554) (0.063) (2.706) (0.063)

Climate Exposure Near Century 0.042 -0.031 -1.623 -0.044

(1.158) (0.033) (1.112) (0.029)

Work From Home -4.556 -0.149* 2.483 0.062

(3.407) (0.087) (3.381) (0.076)

Log(Employment) 0.286 0.029*** -0.008 0.009

(0.387) (0.008) (0.284) (0.006)

Total Park Area Percent 6.241*** 0.151*** 3.275*** 0.072***

(0.914) (0.022) (0.834) (0.019)

Percent Urban Land Area -0.840*** -0.020*** -0.208 -0.003

(0.224) (0.006) (0.177) (0.005)

Log(Land Area) -0.381*** -0.010*** -0.895*** -0.016***

(0.142) (0.003) (0.228) (0.004)

Log(Water Area) 0.069 -0.003* 0.021 -0.002

(0.077) (0.002) (0.061) (0.002)

Log(GDP) 0.255 -0.015* 0.223 -0.003

(0.414) (0.008) (0.277) (0.006)

State FE: X X

R2 0.086 0.083 0.416 0.444

Adj R2 0.083 0.079 0.403 0.432

Within R2 .086 .082 .039 .028

Obs 2,673 2,673 2,672 2,672
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Table 3:Biodiversity Regulatory Risk and Government Projects and Easments

This table examines the relationship between unprotected biodiversity and government conservation projects
started by the IRA and BIL as well as Easements started after 2021. We use county level values of biodi-
versity risk. The �rst two rows regress our outcome variables on a binary variable equal to 1 if a county's
biodiversity risk exposure is in the top tercile and equal to 0 if it is in the bottom tercile. The next two rows
use a continuous measure of exposure for all counties. Each column represents a different outcome. In panel
A we investigate projects started under the IRA and BIL. “Has project" is a binary variable on whether a grid
has a project centroid within its geography, in this table we report the percent value. “# of projects" is a con-
tinuous measure of the number of project centroids within grid. “Has Funding" is a binary variable equal to 1
if a project has been allocated a funding amount and 0 otherwise. “Amount Funded" is a continuous measure
of the amount allocated to a project. If a project is not funded, its amount is replaced as 0. In panel B we
investigate the relationship between regulatory risk and easements. An easement is considered conservation
if its purpose is labeled as environmental, recreation, or scenic. “Has project" is a binary variable equal to
1 if a county has an intersecting geometry with an easement. “# of projects" is a discrete measure of the
number of easement geometries that intersect a county. “Has conservation project" is a binary variable equal
to 1 if a county has an intersecting geometry with a conservation easement. “# of conservation" projects is a
discrete measure of the number of conservation easement geometries that intersect a county. Standard errors
are clustered at the county level and are reported in parentheses.*** , ** , and* denote signi�cance at 1%,
5%, and 10% levels, respectively.

Panel A: Government Projects
Has Project (%) # of Projects Has Funding (%) Amount Funded

Mean of Outcome Variable 24.17 0.697 10.24 1,680,508.99

Top Tercile Areas of Unprotected Biodiversity Importance 7.588*** 0.435*** 1.302 1,923,217.06*
(0.159) (0.011) (0.113) (75,863.63)

Top Tercile Protected Weighted Range Size Rarity 8.101*** 0.469*** 1.910 2,409,059.03**
(0.159) (0.011) (0.113) (75,839.40)

Areas of Unprotected Biodiversity Importance 3.894*** 0.227*** 1.770* 1,226,295.29***
(0.076) (0.005) (0.054) (284,759.86)

Protection Weighted Range Size Rarity 5.173*** 0.299*** 3.151*** 1,415,654.87**
(0.810) (0.072) (0.788) (696,922.54)

Panel B: Easements
Has Easement (%) # of Easement Has Conservation Easement # of Conservation Easement

Mean of Outcome Variable 17.809 1.023 4.715 0.093

Top Tercile Areas of Unprotected Biodiversity Importance 10.611*** 0.356* 4.289*** 0.098***
(1.552) (0.210) (0.910) (0.026)

Top Tercile Protected Weighted Range Size Rarity 10.351*** 0.390* 4.889*** 0.111***
(1.551) (0.212) (0.922) (0.026)

Areas of Unprotected Biodiversity Importance 5.084*** 0.201** 1.615*** 0.033***
(0.826) (0.080) (0.449) (0.012)

Protection Weighted Range Size Rarity 3.667*** 0.196** 0.599** 0.021*
(0.794) (0.088) (0.306) (0.013)
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Table 4:Impact of Biodiversity Regulatory Risk on House Value

This table examines the relationship between home value in counties that are in the top tercile of exposure to biodiversity regulatory risk to the home
value in counties that are in the bottom tercile of exposure to biodiversity regulatory risk (Equation 2). The sample period is from 2017 to 2024.
The outcome variable is the log of Zillow Home Value Index. Columns (1),(3),(5) use Protection Weighted range-size rarity as our measure of risk.
Columns (2), (4), (6) use our Area of Unprotected Biodiversity Importance to measure biodiversity regulatory risk. We create a binary measure equal
to 1 if a county is in the top tercile of exposure and equal to 0 if a county is in the bottom tercile of exposure. Columns (1) and (2) focus solely on
the difference-in-differences estimates. Columns (3) and (4) incorporate controls for Work From Home and Total Park Area, our climate exposure
measures, as well as county and year-month �xed effects. Columns (5) and (6) present the full model, which includes all explanatory variables as
well as county, month, and state� year-month �xed effects. Standard errors are clustered at the county level and reported in parentheses.*** , ** , and
* denote signi�cance at 1%, 5%, and 10%, respectively.

(1) (2) (3) (4) (5) (6)
Top Tercile Protected Weighted Range Size Rarity� Post 0.061*** 0.050*** 0.020***

(0.006) (0.005) (0.007)
Top Tercile Areas of Unprotected Biodiversity Importance� Post 0.061*** 0.045*** 0.023***

(0.005) (0.004) (0.005)
Top Tercile Protected Weighted Range Size Rarity 0.257***

(0.022)
Top Tercile Areas of Unprotected Biodiversity Importance 0.177***

(0.022)
Post 0.289*** 0.292***

(0.004) (0.004)
Post� Work From Home -0.450*** -0.374*** -0.248*** -0.247***

(0.072) (0.060) (0.064) (0.060)
Post� Total Park Area (%) 0.088*** 0.065*** 0.064*** 0.043***

(0.015) (0.015) (0.011) (0.011)
Post� Climate Exposure Near Century -0.347*** -0.357*** -0.030 -0.039

(0.059) (0.054) (0.053) (0.048)
Post� Climate Exposure Mid to Late Century 0.070*** 0.094*** 0.057** 0.051**

(0.024) (0.023) (0.023) (0.020)
Post� Habitat Climate Change Vulnerability Index 0.358*** 0.344*** -0.108 -0.065

(0.094) (0.092) (0.096) (0.085)
Log(Employment) 0.208*** 0.210*** 0.125*** 0.122***

(0.021) (0.019) (0.018) (0.015)
Adj R-squared 0.160 0.128 0.986 0.986 0.992 0.992
Obs 170,584 194,660 170,584 194,660 170,584 194,660
County FE X X X X
Month FE X X X X
State X Year-Month FE X X
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Table 5:Impact of Biodiversity Regulatory Risk on House Value Using Continuous Measures

This table examines the relationship between counties' exposure to biodiversity regulatory risk and home value (Equation 2). The sample period is
from 2017 to 2024. The outcome variable is the log of Zillow Home Value Index. Columns (1), (3), and (5) use Protection Weighted range-size rarity
as our measure of risk. Columns (2), (4), and (6) use our Area of Unprotected Biodiversity Importance to measure biodiversity regulatory risk. We
use a continuous measure of biodiversity regulatory risk in all columns. Columns (1) and (2) focus solely on the difference-in-differences estimates.
Columns (3) and (4) incorporate controls for Work From Home and Total Park Area, our climate exposure measures, as well as county and month
�xed effects. Columns (5) and (6) present the full model, which includes all explanatory variables as well as county, month, and state� year-month
�xed effects. Columns (7) and (8) present the full model, but using the log of our continuous measure for our measure of exposure to biodiversity
regulatory risk. Standard errors are clustered at the county level and reported in parentheses.*** , ** , and* denote signi�cance at 1%, 5%, and 10%,
respectively.

Log(Zillow Home Value Index)

(1) (2) (3) (4) (5) (6) (7) (8)
Protection Weighted Range Size Rarity� Post 32.736*** 18.313*** 4.237

(6.146) (4.618) (3.351)
Areas of Unprotected Biodiversity Importance� Post 0.186*** 0.127*** 0.047***

(0.016) (0.014) (0.012)
Log(Protection Weighted Range Size Rarity)� Post 0.005***

(0.001)
Log(Areas of Unprotected Biodiversity Importance)� Post 0.003*

(0.001)
Protection Weighted Range Size Rarity 236.737***

(27.711)
Areas of Unprotected Biodiversity Importance 0.756***

(0.094)
Post 0.310*** 0.304***

(0.003) (0.003)
Post� Work From Home -0.336*** -0.336*** -0.209*** -0.215*** -0.244*** -0.108*

(0.057) (0.057) (0.051) (0.051) (0.051) (0.061)
Post� Total Park Area (%) 0.109*** 0.103*** 0.056*** 0.054*** 0.047*** 0.054***

(0.013) (0.013) (0.010) (0.010) (0.010) (0.012)
Post� Climate Exposure Near Century -0.336*** -0.324*** -0.070 -0.066 -0.082* -0.105

(0.051) (0.051) (0.045) (0.044) (0.045) (0.067)
Post� Climate Exposure Mid to Late Century 0.077*** 0.066*** 0.036** 0.035* 0.038** 0.057**

(0.020) (0.021) (0.018) (0.018) (0.018) (0.026)
Post� Habitat Climate Change Vulnerability Index 0.335*** 0.321*** 0.002 -0.003 0.026 0.000

(0.080) (0.080) (0.074) (0.074) (0.075) (0.113)
Log(Employment) 0.225*** 0.217*** 0.122*** 0.121*** 0.124*** 0.119***

(0.019) (0.018) (0.015) (0.015) (0.014) (0.018)
Adj R2 0.143 0.132 0.985 0.985 0.991 0.991 0.991 0.992
Obs 253,707 253,707 253,707 253,707 253,707 253,707 251,660 148,877
County FE X X X X X X
Month FE X X X X X X
State X Year-Month FE X X X X
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Table 6:Impact of Biodiversity Regulatory Risk on House Value with Additional Controls for COVID-19

This table examines the relationship between counties' exposure to biodiversity regulatory risk and home value (Equation 2) with additional controls
for effects from COVID-19. We include lagged per capita yearly net migration from the statistics of income as well as lagged monthly COVID
infections from the CDC. The sample period is from 2017 to 2022. The outcome variable is the log of Zillow Home Value Index. Columns (1) and
(2) use our binary measure of exposure while Columns (3) and (4) use our continuous measures. All columns include county, month, and state ×
year-month �xed effects. Standard errors are clustered at the county level and reported in parentheses. ***, **, and * denote signi�cance at 1%, 5%,
and 10%, respectively.

Log(Zillow Home Value Index)

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

Top Tercile Protection Weighted Range Size Rarity� Post 0.011**
(0.005)

Top Tercile Areas of Unprotected Biodiversity Importance� Post 0.014***
(0.004)

Protection Weighted Range Size Rarity� Post 2.181
(2.794)

Areas of Unprotected Biodiversity Importance� Post 0.037***
(0.011)

Log(Monthly COVID Infections) -0.001** -0.001* -0.001** -0.001
(0.001) (0.001) (0.001) (0.001)

Net Migration Per Capita -0.038*** -0.037*** -0.038*** -0.038***
(0.009) (0.009) (0.009) (0.009)

Post� Net Migration Per Capita 0.313*** 0.308*** 0.318*** 0.312***
(0.028) (0.027) (0.028) (0.027)

Post� Work From Home -0.217*** -0.229*** -0.211*** -0.236***
(0.052) (0.051) (0.052) (0.050)

Post� Total Park Area (%) 0.047*** 0.030*** 0.048*** 0.030***
(0.010) (0.009) (0.010) (0.009)

Post� Climate Exposure Near Century -0.010 -0.019 -0.012 -0.019
(0.045) (0.041) (0.045) (0.041)

Post� Climate Exposure Mid–Late Century 0.045** 0.042** 0.045** 0.037**
(0.020) (0.017) (0.019) (0.017)

Post� HCCVI -0.117 -0.085 -0.118 -0.080
(0.081) (0.073) (0.080) (0.072)

Log(Employment) 0.076*** 0.072*** 0.077*** 0.073***
(0.014) (0.013) (0.014) (0.013)

Adj R2 0.994 0.994 0.994 0.994
Obs 141,821 162,104 141,821 162,104
County FE X X X X
Month FE X X X X
State X Year-Month FE X X X X
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Table 7:Impact of Biodiversity Regulatory Risk on House Value and Nature Intensive Industries

This table examines the relationship between home value in counties that are in the top tercile of exposure to biodiversity regulatory risk to the
home value in counties that are in the bottom tercile of exposure to biodiversity regulatory risk as well as the proportion of wages in nature intensive
industries. (Equation 3). The sample period is from 2017 to 2024. The outcome variable is the log of Zillow Home Value Index. Columns (1),(3)
use Protection Weighted range-size rarity as our measure of risk. Columns (2),(4) use our Area of Unprotected Biodiversity Importance to measure
biodiversity regulatory risk. We create a binary measure equal to 1 if a county is in the top tercile of exposure and equal to 0 if a county is in the
bottom tercile of exposure. Columns (1) and (2) use a binary measure of dependence on nature. Columns (3) and (4) use our continuous measure.
Columns include all controls as well as county, month, and state� year-month �xed effects. Standard errors are clustered at the county level and
reported in parentheses.*** , ** , and* denote signi�cance at 1%, 5%, and 10%, respectively.

(1) (2) (3) (4)
Top Tercile Protected Weighted Range Size Rarity� Post 0.029*** 0.031***

(0.011) (0.011)
Top Tercile Areas of Unprotected Biodiversity Importance� Post 0.041*** 0.043***

(0.008) (0.009)
Top Tercile Protected Weighted Range Size Rarity� Post� Top Tercile Wage Share from Nature-dependent Industries -0.016

(0.010)
Top Tercile Areas of Unprotected Biodiversity Importance� Post� Top Tercile Wage Share from Nature-dependent Industries -0.024***

(0.009)
Top Tercile Protected Weighted Range Size Rarity� Post� Wage Share from Nature-dependent Industries -0.037

(0.025)
Top Tercile Areas of Unprotected Biodiversity Importance� Post� Wage Share from Nature-dependent Industries -0.061***

(0.022)
Post� Top Tercile Wage Share from Nature-dependent Industries 0.005 0.010

(0.008) (0.007)
Post� Wage Share from Nature-dependent Industries -0.005 0.010

(0.020) (0.017)
Post� Work From Home -0.305*** -0.285*** -0.295*** -0.280***

(0.083) (0.081) (0.066) (0.064)
Post� Total Park Area (%) 0.060*** 0.042*** 0.059*** 0.038***

(0.014) (0.012) (0.011) (0.011)
Post� Climate Exposure Near Century -0.113 -0.096 -0.033 -0.042

(0.076) (0.067) (0.054) (0.048)
Post� Climate Exposure Mid to Late Century 0.082*** 0.060** 0.056** 0.048**

(0.032) (0.028) (0.023) (0.020)
Post� Habitat Climate Change Vulnerability Index -0.035 -0.009 -0.098 -0.051

(0.141) (0.131) (0.098) (0.087)
Log(Employment) 0.117*** 0.113*** 0.128*** 0.129***

(0.023) (0.019) (0.019) (0.016)
Adj. R-squared 0.991 0.991 0.992 0.992
Obs 111,187 127,144 166,361 190,205
County FEs X X X X
State� Year-Month FEs X X X X
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Table 8:Impact of Biodiversity Regulatory Risk on House Value Within Land Availability Quartiles

This table examines the relationship between our continuous measure of biodiversity regulatory risk using Areas of Un-
protected Biodiversity and the log of Zillow Home Price Index within quartiles de�ned by Lutz and Sand (2023) land
availability measure (Equation 2). The sample period is from 2017 to 2024. We split counties into four quartiles based on
their amount of land available, constructed by taking the area in counties after removing wetlands, water areas, and very
high slope land and dividing by total area. Quartile 1 includes counties with the least land available for building, while
Quartile 4 includes those with the most. Standard errors are clustered at the county level and are reported in parentheses.
*** , ** , and* denote signi�cance at 1%, 5%, and 10%, respectively.

Log(Zillow Home Price Index)

(1) (2) (3) (4)
Land Availability

Quartile 1
Land Availability

Quartile 2
Land Availability

Quartile 3
Land Availability

Quartile 4

Post� Areas of Unprotected Biodiversity Importance 0.036� 0.037� 0.012 0.371���

(0.020) (0.019) (0.028) (0.078)

Log(Employment) 0.085��� 0.092��� 0.105��� 0.124���

(0.015) (0.025) (0.031) (0.036)

Post� Work From Home -0.329��� -0.274��� -0.323��� -0.161
(0.113) (0.106) (0.099) (0.104)

Post� Climate Exposure Near Century -0.148�� -0.361��� -0.015 0.245��

(0.065) (0.133) (0.121) (0.117)

Post� Climate Exposure Mid to Late Century 0.020 0.117��� 0.064 0.103�

(0.029) (0.043) (0.045) (0.058)

Post� Habitat Climate Change Vulnerability Index 0.188� 0.311 -0.189 -0.414��

(0.100) (0.261) (0.224) (0.205)

Adj. R-squared 0.995 0.990 0.987 0.987
Obs. 52,384 65,172 67,194 68,111
County FEs X X X X
State� Year-Month FEs X X X X
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Table 9:Impact of Biodiversity Regulatory Risk on Park Visits Within Land Availability Quartiles

This table examines the relationship between our continuous measure of biodiversity regulatory risk using Areas of Unprotected
Biodiversity and park visits from Google Mobility data within quartiles de�ned by Lutz and Sand (2023) land availability measure
(Equation 2). Google Mobility data are created with aggregated, anonymized sets of data from users who have turned on the Location
History setting. The sample period is from 2020 to 2022. Mobility reports are at the county� year level and the change is referenced
to a baseline in 2019. Parks categories is de�ned as "places like local parks, national parks, public beaches, marinas, dog parks, plazas,
and public gardens." We split counties into four quartiles based on their amount of land available, constructed by taking the area in
counties after removing wetlands, water areas, and very high slope land and dividing by total area. Quartile 1 includes counties with
the least land available for building, while Quartile 4 includes those with the most. Standard errors are clustered at the county level
and are reported in parentheses.*** , ** , and* denote signi�cance at 1%, 5%, and 10%, respectively.

Yearly Average Change in Park Visits (%)

(1) (2) (3) (4)
Land Availability

Quartile 1
Land Availability

Quartile 2
Land Availability

Quartile 3
Land Availability

Quartile 4
Post� Areas of Unprotected Biodiversity Importance 5.724 10.856 -8.608 36.070��

(6.364) (7.129) (7.228) (15.380)

Log(Employment) -17.967 -2.401 28.575 -15.078
(26.849) (26.475) (24.480) (30.292)

Post� Work From Home -98.945��� -13.433 -29.343 -36.068
(24.663) (20.594) (28.296) (34.879)

Post� Climate Exposure Near Century -24.960 -63.727 -13.925 -63.643
(21.171) (45.025) (49.253) (69.208)

Post� Climate Exposure Mid to Late Century 24.997��� -14.113 3.887 -24.586
(8.685) (9.493) (10.158) (20.566)

Post� Habitat Climate Change Vulnerability Index 25.108 152.014 40.208 231.217
(28.953) (96.243) (91.064) (145.845)

Adj. R-squared 0.944 0.953 0.951 0.949
Obs. 851 672 648 369
County FEs X X X X
State� Year FEs X X X X
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Table 10:Impact of Biodiversity Regulatory Risk on Loan Applications Within Land Avail-
ability Quartiles

This table examines the relationship between our continuous measure of biodiversity regulatory
risk using Areas of Unprotected Biodiversity and the sum of HMDA mortgages applied for in a
county overall and by purpose within quartiles de�ned by Lutz and Sand (2023) land availability
measure (Equation 2). HMDA loans are at the county� year level. Investment loans are loans
in which occupancy type is reported as investment. Primary residence loans are loans in which
occupancy type is reported as “primary residence.” Secondary residence loans are loans in which
occupancy type is reported as “secondary residence.” The sample period is from 2017 to 2023.
We split counties into four quartiles based on their amount of land available, constructed by taking
the area in counties after removing wetlands, water areas, and very high slope land and dividing
by total area. Quartile 1 has the least land available for building while Quartile 4 has the most land
available for building. All regressions are run using our full set of controls and county as well
as state� year �xed effects. Standard errors are clustered at the county level and are reported in
parentheses.*** , ** , and* denote signi�cance at 1%, 5%, and 10%, respectively.

Land Availability
Quartile 1

Land Availability
Quartile 2

Land Availability
Quartile 3

Land Availability
Quartile 4

Panel A: All Loans, Log(Loan Amount Applied For)
Post� Areas of Unprotected Biodiversity Importance 0.022 -0.063 0.046 0.288��

(0.051) (0.040) (0.055) (0.131)

Obs. 3,264 3,891 3,738 3,277

Panel B: Investment Loans, Log(Loan Amount Applied For)
Post� Areas of Unprotected Biodiversity Importance 0.083 0.315�� 0.220 0.929��

(0.145) (0.136) (0.154) (0.407)

Obs. 3,264 3,891 3,738 3,277

Panel C: Primary Residence Loans, Log(Loan Amount Applied For)
Post� Areas of Unprotected Biodiversity Importance 0.008 -0.101�� 0.012 0.218

(0.048) (0.040) (0.059) (0.141)

Obs. 3,264 3,891 3,738 3,277

Panel D: Secondary Residence Loans, Log(Loan Amount Applied For)
Post� Areas of Unprotected Biodiversity Importance -0.091 -0.037 -0.059 -0.028

(0.104) (0.136) (0.246) (0.454)

Obs. 3,264 3,891 3,738 3,277

For All Panels
Controls X X X X
County FEs X X X X
State� Year FEs X X X X
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Table 11:Impact of Biodiversity Regulatory Risk on Loan Origination Within Land Avail-
ability Quartiles

This table examines the relationship between our continuous measure of biodiversity regulatory
risk using Areas of Unprotected Biodiversity and the sum of HMDA mortgages originated in a
county overall and by purpose within quartiles de�ned by Lutz and Sand (2023) land availability
measure (Equation 2). HMDA loans are at the county� year level. Investment loans are loans
in which occupancy type is reported as investment. Primary residence loans are loans in which
occupancy type is reported as “primary residence.” Secondary residence loans are loans in which
occupancy type is reported as “secondary residence.” The sample period is from 2017 to 2023.
We split counties into four quartiles based on their amount of land available, constructed by taking
the area in counties after removing wetlands, water areas, and very high slope land and dividing
by total area. Quartile 1 has the least land available for building while Quartile 4 has the most land
available for building. All regressions are run using our full set of controls and county as well
as state� year �xed effects. Standard errors are clustered at the county level and are reported in
parentheses.*** , ** , and* denote signi�cance at 1%, 5%, and 10%, respectively.

Land Availability
Quartile 1

Land Availability
Quartile 2

Land Availability
Quartile 3

Land Availability
Quartile 4

Panel A: All Loans, Log(Loan Amount Originated)
Post� Areas of Unprotected Biodiversity Importance 0.021 -0.063 0.040 0.370���

(0.055) (0.042) (0.059) (0.142)

Obs. 3,264 3,891 3,738 3,277

Panel B: Investment Loans, Log(Loan Amount Originated)
Post� Areas of Unprotected Biodiversity Importance 0.124 0.416��� 0.218 0.994��

(0.151) (0.151) (0.167) (0.422)

Obs. 3,264 3,891 3,738 3,277

Panel C: Primary Residence Loans, Log(Loan Amount Originated)
Post� Areas of Unprotected Biodiversity Importance -0.000 -0.105�� 0.007 0.291�

(0.055) (0.043) (0.064) (0.170)

Obs. 3,264 3,891 3,738 3,277

Panel D: Secondary Residence Loans, Log(Loan Amount Originated)
Post� Areas of Unprotected Biodiversity Importance -0.092 0.050 0.055 -0.318

(0.113) (0.147) (0.263) (0.495)

Obs. 3,264 3,891 3,738 3,277

For All Panels
Controls X X X X
County FEs X X X X
State� Year FEs X X X X
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Table 12:Impact of Biodiversity Regulatory Risk on Land and Property Values Within Land
Availability Quartiles

This table examines the relationship between our continuous measure of biodiversity regulatory
risk using Areas of Unprotected Biodiversity and land and property value measures from Davis
et al. (2021) within quartiles de�ned by Lutz and Sand (2023) land availability measure (Equation
2). Land and property value measures from Davis et al. (2021) are derived using Uniform Resi-
dential Appraisal Report submissions to the Government Sponsored Enterprises (GSEs), Fannie
Mae and Freddie Mac and then subtracting an estimate of depreciated replacement cost of the
housing structure. The sample period is from 2017 to 2022. Land and property values are at the
county� year level. We split counties into four quartiles based on their amount of land available,
constructed by taking the area in counties after removing wetlands, water areas, and very high
slope land and dividing by total area. Quartile 1 includes counties with the least land available for
building, while Quartile 4 includes those with the most. The �rst four columns Standard errors
are clustered at the county level and are reported in parentheses.*** , ** , and* denote signi�cance
at 1%, 5%, and 10%, respectively.

Land Availability
Quartile 1

Land Availability
Quartile 2

Land Availability
Quartile 3

Land Availability
Quartile 4

Panel A: Log(Land Value Per Acre)
Post� Areas of Unprotected Biodiversity Importance 0.014 0.025 0.035 0.462���

(0.061) (0.048) (0.072) (0.152)

Obs. 1,596 1,566 1,548 942

Panel B: Log(Property Value Per Acre)
Post� Areas of Unprotected Biodiversity Importance -0.021 0.022 0.013 0.295���

(0.035) (0.026) (0.037) (0.084)

Obs. 1,596 1,566 1,548 942

For All Panels
Controls X X X X
County FEs X X X X
State� Year FEs X X X X
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Table 13: Impact of Biodiversity Regulatory Risk on Building Permits Within Land Avail-
ability Quartiles

This table examines the relationship between our continuous measure of biodiversity regulatory
risk using Areas of Unprotected Biodiversity and building permit data from the Census build-
ing permits survey within quartiles de�ned by Lutz and Sand (2023) land availability measure
(Equation 2). The sample period is from 2017 to 2024. We use three measures from the building
permits survey as outcomes. We split counties into four quartiles based on their amount of land
available, constructed by taking the area in counties after removing wetlands, water areas, and
very high slope land and dividing by total area. Quartile 1 has the least land available for building
while Quartile 4 has the most land available for building. Standard errors are clustered at the
county level and are reported in parentheses.*** , ** , and* denote signi�cance at 1%, 5%, and
10%, respectively.

Land Availability
Quartile 1

Land Availability
Quartile 2

Land Availability
Quartile 3

Land Availability
Quartile 4

Panel A: Building Permits - Log(Buildings)
Post� Areas of Unprotected Biodiversity Importance 0.213 -0.293 -0.144 0.138

(0.231) (0.238) (0.267) (0.665)

Obs. 3,392 3,956 4,219 4,143

Panel B: Building Permits - Log(Units)
Post� Areas of Unprotected Biodiversity Importance 0.171 -0.233 -0.313 0.301

(0.248) (0.254) (0.285) (0.652)

Obs. 3,392 3,956 4,219 4,143

Panel C: Building Permits - Log(Value)
Post� Areas of Unprotected Biodiversity Importance 0.134 -0.372 -0.309 0.238

(0.255) (0.248) (0.265) (0.678)

Obs. 3,392 3,956 4,219 4,143

For All Panels
Controls X X X X
County FEs X X X X
State� Year FEs X X X X
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Figure IA.1:Measures of Endangered Biodiversity

This �gure shows the primary measures of biodiversity regulatory 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 km² 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 regulatory risk.

Panel A: Protected Weighted range-size rarity (PWRSR)

Panel B: range-size rarity (PSR)

Panel C: Areas of Unprotected Biodiversity Importance (AUBIs)
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