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Abstract

We explore the effects of physical and regulatory risks related to biodiversity loss on
asset values. We first develop a news-based measure of aggregate biodiversity risk and
analyze how it varies over time. We also construct and publicly release several firm- and
industry-level measures of exposure to biodiversity risk, based on (i) textual analyses
of firms’ 10-K statements, (ii) the holdings of biodiversity-related funds, (iii) firms’
responses to a questionnaire fielded by the Carbon Disclosure Project, and (iv) a large
survey of finance professionals, regulators, and academics. Exposures to biodiversity
risk vary substantially across industries in a way that is economically sensible and
distinct from exposures to climate risk. We find evidence that biodiversity risks already
affect equity prices: returns of portfolios that are sorted on our measures of biodiversity
risk exposure covary with innovations in the aggregate biodiversity risk index. However,
our survey indicates that market participants do not perceive the current pricing of
biodiversity risks in equity markets to be adequate.
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Over the past decades, policymakers, investors, and researchers have increasingly sought to
understand and manage the complex relationships between economic activity and the health
of our planet. For example, a series of treaties have codified commitments to slow global
warming, and there have been numerous efforts from the business and finance communities
to address the various risks from climate change. On the academic side, the field of climate
finance has rapidly developed into an active area of research (see Giglio, Maggiori, Rao,
Stroebel & Weber 2021, Stroebel & Wurgler 2021, Hong et al. 2020, for recent reviews). Yet
climate change is only one facet of how the economy interacts with the natural world. In this
paper, we examine another important and distinct dimension: the economic risks associated
with biodiversity loss.

While biodiversity—commonly understood as the diversity of genes, species, and ecosys-
tems—has long underpinned human survival and well-being, recent decades have seen sharp
declines driven by human activity. The 2019 Global Assessment of the Intergovernmental
Science-Policy Platform on Biodiversity and Ecosystem Services (IPBES 2019), for instance,
documented that current species extinction rates are 10 to 100 times higher than the histor-
ical average of the past 10 million years.

Such biodiversity loss can have large negative consequences for the economy. A key
reason is that biodiversity plays a fundamental role in the provision of ecosystem services,
an important (though often ignored) factor of production alongside other factors like capital
and labor (see, e.g., Daily et al. 1997, 2000, Heal 2000, Dasgupta et al. 2013, Giglio et al.
2024).1 These ecosystem services include provisioning services such as food, fuel, and timber,
as well as regulating services such as pollination, the provision of clean air and water, and
pest control. The effect on aggregate economic output from a loss of such ecosystem services
is generally difficult to compensate for by increasing capital or labor (Dietz & Neumayer
2007, Ekins et al. 2003). As a result, early estimates of the annual economic value provided
by ecosystem services are in the tens of trillions of dollars (Costanza et al. 1997).

The negative effects of biodiversity loss on economic activity are likely heterogeneous
across sectors and firms (Giglio et al. 2026). For example, some industries may be more
exposed to the physical biodiversity risks due to their dependence on ecosystem services in
the production process. Similarly, firms located near ecosystems at risk of collapse are more

1While it is true that in some instances—such as those involving invasive species—more diverse ecosys-
tems may be less stable, a large literature in ecology has documented positive “biodiversity-stability” and
“biodiversity-productivity” relationships that highlight that declines in biodiversity generally weaken an
ecosystem’s ability to provide ecosystem services (see reviews of this literature in Hooper et al. 2005, Giglio
et al. 2024). This literature also highlights that not all species loss is equally damaging to the provision
of ecosystem services: losing a species that is unique in its ability to perform its role in its ecosystem—
sometimes called a “keystone species”—is more damaging than losing a different species that competes with
other species to perform a given function.
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exposed to the physical risks from further biodiversity declines.2 In addition to the physical
risks from biodiversity loss, transition risks from regulatory responses to biodiversity loss—
such as those resulting from policy commitments made at the recent COP15 conference in
Montreal—can also have substantial effects on economic activity and asset values, especially
for industries that directly interact with and impact the natural environment.

The goal of this paper is to quantify how biodiversity risks vary in the cross-section of
firms and industries, and to study whether asset values have begun to reflect these risks. To
motivate our analysis, we first conduct a survey of the perceptions of biodiversity risks among
668 finance academics, professionals, public sector regulators, and policy economists from
around the world. The survey shows broad and substantial concerns about the economic
effects from biodiversity loss over relatively near-term horizons. Around 70% of respondents
perceive physical and transition biodiversity risks to have at least moderate financial mate-
riality for firms in the United States, with private sector respondents reporting the highest
perceived financial materiality of these risks.

We next move to quantify the aggregate amount of biodiversity risk over time. A key
issue with measuring risks such as those related to biodiversity loss is that they often unfold
slowly over long horizons, making it hard to quantify risk and risk exposures using standard
statistical tools. To overcome these challenges, we follow the approach developed in Engle
et al. (2020) and build a biodiversity risk index using news about such risks extracted from
newspaper coverage of topics associated with biodiversity loss.

Specifically, we construct a biodiversity news index by analyzing articles in the New York
Times (NYT). We first develop a biodiversity dictionary containing a list of relevant terms
such as “ecosystem” and “deforestation” that is used to identify articles in the NYT that
cover biodiversity risks. We classify the sentiment of these articles using the Bidirectional
Encoder Representations from Transformers, or BERT, a standard model from the natural
language processing literature. The article-level sentiment is aggregated to compute a daily
“NYT-Biodiversity News Index.” We validate the index by showing that it spikes around
important events regarding biodiversity risk (e.g., during ecological disasters or around new
regulations to limit biodiversity loss). This high-frequency measure allows us to quantify the
immediate impacts of changes in expectations about—or increased attention to—damages
and regulations related to biodiversity loss, even if they might only materialize in the future.

To assess whether this aggregate biodiversity risk is reflected in asset prices, we start from
the observation that the impacts of biodiversity risk realizations are heterogeneous across

2There are also non-pecuniary benefits associated to biodiversity, for example if some individuals put an
intrinsic value on the existence of species. In this paper, we focus on the part of the value that comes from
the contribution to economic production.
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�rms and industries. For example, diverse ecosystems are key to the production of food and

nature-based materials such as timber (Duarte et al. 2009, Liang et al. 2016, Paul et al. 2020,

Porto et al. 2020, Ste�an-Dewenter et al. 2007), making those industries particularly exposed

to physical biodiversity risks. In addition, many medicines, including antibiotics and cancer

drugs, are derived from natural compounds found in plants, animals, and microorganisms,

so the pharmaceutical industry is also exposed to this risk. Similarly, utility �rms with

large footprints in environmentally sensitive areas�including �rms operating wind and solar

farms�may be disproportionately a�ected by biodiversity transition risks.

However, while it is intuitive to expect biodiversity risk exposures to be heterogeneous

across �rms, the absence of standardized disclosure frameworks for physical and transition

biodiversity risks makes it hard to quantify these exposures. We thus propose and compare

several new ways to measure �rms' biodiversity risk exposures; we publicly release these

measures of exposure to biodiversity risk atwww.biodiversityrisk.org .

Our �rst set of measures of biodiversity risk exposures, available at the �rm level, is based

on textual analysis of �rms' 10-K statements to identify discussions of biodiversity-related

risks. The second measure is created at the industry level from our survey of academics and

professionals. The survey asked respondents to select the industries most negatively a�ected

by biodiversity loss, distinguishing explicitly between physical and transition risks. Our third

measure of biodiversity risk exposures is based on the holdings of �ve biodiversity-related

funds. It is calculated by comparing the weight of an industry in the market portfolio to its

weight in the biodiversity funds' portfolios, based on the assumption that industries that are

underweighted relative to the market are negatively exposed to biodiversity risks. The last

measure is derived from �rms' responses to the CDP Climate Change Questionnaire, where

�rms disclose whether their activities impact biodiversity-sensitive areas. All these measures

are meaningfully correlated in the cross-section: industries ranked high on biodiversity risk

exposure on one measure generally also rank high on the other measures. The sectors with

the highest average biodiversity risk exposures include Energy, Utilities, Real Estate, Food,

and Pharmaceuticals, while �rms in the Communication Services, Software, and Technology

sectors have minimal direct exposures to biodiversity risks.

We then use our measures of news about aggregate biodiversity risk as well as our �rm-

and industry-level risk exposures to explore the extent to which biodiversity risks are cur-

rently incorporated into equity prices. To do so, we form equity portfolios of industries sorted

by their biodiversity risk exposures. The portfolios hold long positions in industries with

low biodiversity risk exposures and short positions in industries withhigh biodiversity risk

exposures. If biodiversity risk is priced, the return of these biodiversity-risk-sorted portfolios

should covary with the aggregate biodiversity news index, e�ectively behaving like a hedge
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portfolio for biodiversity risk. We �nd that the correlations between the returns of our bio-

diversity hedge portfolios and AR(1) innovations in the biodiversity risk index are positive,

with magnitudes as large as 0.2. These correlations are comparable to those obtained by

climate hedge portfolios when evaluated against aggregate climate news (see Engle et al.

2020, Alekseev et al. 2024), and, more generally, to the hedging performance of portfolios

built to hedge other macro risks such as consumption or GDP (see Giglio & Xiu 2021).

To explore if our measures of biodiversity risk exposure are simply recasting information

from other �rm characteristics, we compare the hedge performance of our measures with

that of hedge portfolios constructed using other �rm characteristics�speci�cally, the 212

characteristics in the �factor zoo� of Chen & Zimmermann (2022). We �nd that our biodi-

versity hedge portfolios perform signi�cantly better than this universe of characteristics in

hedging aggregate biodiversity risk. Overall, the evidence suggests that biodiversity risk has

been at least partly priced in the cross-section of U.S. equities over the last decade.

We conclude by reviewing evidence from our survey on market participants' perceptions

of whether biodiversity risks areadequatelypriced in �nancial markets. About half of the

respondents believe that these risks are not su�ciently priced across stock, commodity,

sovereign debt, and real estate markets, while 14% - 19% of respondents believe that they are

correctly priced. Only a handful of respondents believe that biodiversity risks are overpriced

in these asset markets (while about 35% of respondents had no opinion).

Throughout the paper, we explore the relationship between biodiversity risks and climate

risks. The two risks are conceptually distinct, as biodiversity risk focuses on the threats to

the variety of life on Earth and its consequences, while climate risk relates to the potential

negative consequences of a change in the climate. As discussed in Giglio et al. (2024), the

e�ects on aggregate output of these two types of risk realizations can be quite di�erent,

though they are obviously related. Despite this conceptual distinction, the two risks are

interconnected through a "twin-crises multiplier" whereby climate change can exacerbate

biodiversity loss, and biodiversity loss can drive climate change, for example through the

destruction of carbon sinks (Giglio, Kuchler, Stroebel & Wang 2025). Given the recent

academic and policy interest in climate change and its economic implications, it is important

to distinguish the two types of risk not only qualitatively, but also quantitatively. We do so in

several ways. First, we show that the aggregate biodiversity news index behaves di�erently

from analogously constructed climate news index; second, we document that climate risk

exposures and biodiversity risk exposures are only weakly related in the cross-section of

industries; and �nally, we show that portfolios built for hedging biodiversity risk do not

perform well at hedging climate risk.
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Related Literature Our work contributes to a growing literature that studies the inter-

action between �nancial markets, asset prices, and the health of our planet. Much recent

research has studied the physical and transition risks relating to climate change (e.g., Alek-

seev et al. 2024, Engle et al. 2020, Giglio, Maggiori, Stroebel, Tan, Utkus & Xu 2025, Pástor

et al. 2021, Sautner et al. 2023b, Bolton & Kacperczyk 2021b, 2020, 2023, 2021a, Ilhan et al.

2023, Grippa et al. 2019, Bolton & Kacperczyk 2022, Pástor et al. 2022, Choi et al. 2020,

Giglio, Maggiori, Rao, Stroebel & Weber 2021, Bernstein et al. 2019, Baldauf et al. 2020,

de Boyrie & Pavlova 2020, van Benthem et al. 2022, Acharya et al. 2023, 2025).

Much less work has been done to understand the e�ect of biodiversity risks on the econ-

omy and on asset prices. The key challenge is measuring its dynamics and �rms' evolving

exposures. To our knowledge, this paper is among the �rst to quantify aggregate biodiversity

risk and �rms' and industries' exposures. By addressing this research gap, we respond to the

call for more research in Karolyi & Tobin-de la Puente (2022), and provide publicly available

data sources to spur follow-up work on biodiversity risks atwww.biodiversityrisk.org .

In the last two years, several other time series measures of biodiversity risk have emerged.

Incident-based measures, such as Xiong (2023), track the frequency of reported biodiversity

incidents occurring within that country using RepRisk data, while news-based indices, such

as Ma et al. (2024), capture sentiment in media coverage. These e�orts provide complemen-

tary measures to our NYT-Biodiversity News Index. Estimates of cross-sectional exposure

to biodiversity risk have also improved over time. Garel et al. (2024) and Coqueret et al.

(2025) use the Corporate Biodiversity Footprint (CBF) from Iceberg Data Lab to assess

�rms' biodiversity impact, and thus their transition risk exposures. Garel et al. (2025)

construct �rm-level nature dependence measures using the ENCORE database. Other pa-

pers rely on ESG subindicators related to nature and biodiversity (Xin et al. 2023, Xiong

2023, Na�a & Czupy 2024, Hoepner et al. 2023). Becker et al. (2025) use MSCI Geo-

graphic Segment Exposure to Fragile Ecosystems, which assesses �rms' operational presence

in biodiversity-sensitive areas. Our measures are built from �nancial and disclosure data,

and they are publicly available, replicable, and link directly to �nancial outcomes. Each,

however, has limitations: 10-K measures depend on disclosure quality, surveys are updated

infrequently, holdings data cover only limited periods, and CDP relies on voluntary reporting.

Cross-geography measures of physical and transition risk exposure have also been explored

(e.g., Bouyé et al. 2024, Huang et al. 2024). For example, Giglio et al. (2024) construct

ecologically-founded country-level measures of ecosystem fragility, while Chen et al. (2023)

build a dataset mapping the geographic locations of all National Nature Reserves in China.

Other researchers that examine how biodiversity risk is priced in equity markets include

Garel et al. (2024), who �nd a biodiversity premium emerging following the Kunming Dec-
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laration (see Xiong 2023, Kalhoro & Kyaw 2024, for related results). Further evidence is

provided by Coqueret et al. (2025), who highlight a biodiversity risk premium in expected

returns in U.S. sectors most exposed to biodiversity risks; consistent with the �nding by

Na�a & Czupy (2024) that biodiversity-screened portfolios yielded lower risk-adjusted re-

turns compared to randomly selected portfolios in the U.S. from 2013 to 2023.3

1 Biodiversity Risks: Perception and Measurement

The economic and �nancial risks associated with biodiversity loss can be broadly divided

into physical risks from the actual loss of biodiversity and transition risks from responses by

regulators and consumers to reduce biodiversity loss (see OECD 2019, IFC 2019).

Physical risks encompass the �nancial and economic e�ects of the loss of biodiversity and

the associated ecosystem services. For example, �rms relying on speci�c natural resources,

such as timber, may face scarcity or quality issues due to deforestation or habitat loss.

This can lead to increased raw material costs and deteriorating supply chains. Similarly,

biodiversity loss can negatively a�ect the R&D process in the pharma and biotech sectors.

In addition to such direct e�ects, biodiversity loss can raise the likelihood of the emergence

of various diseases and increase vulnerability to damages from climate change, for instance

by reducing carbon sequestration capacity (Giglio, Kuchler, Stroebel & Wang 2025).

Besides the physical risks associated with biodiversity loss, �rms may also be a�ected by

risks from an increased focus of regulators and consumers on the preservation of biodiversity.

For example, policies aimed at protecting biodiversity, such as land-use regulations and

sustainable forestry requirements, may result in changes to asset values across a range of

industries. Biodiversity transition risks also come from changing consumer preferences, such

as shifts away from palm oil by consumers concerned about its e�ect on deforestation. In

addition, legal and reputational biodiversity risks a�ect �rms by increasing the cost of causing

ecological disasters such as oil spills.

3Several studies explore the pricing of biodiversity risks in �xed income markets. Giglio et al. (2024) �nd
that news about biodiversity loss increases credit default swap spreads more for countries with more depleted
ecosystems. Similarly, Agarwala et al. (2022) show that downgrades of sovereign bonds are associated with
growing nature-based risks. Examining infrastructure �rms, Hoepner et al. (2023) show that �rms with
better biodiversity risk management enjoy more favorable �nancing conditions, re�ected in lower CDS slopes.
Cherief et al. (2022) highlight that corporate bond spreads for �rms in biodiversity-intensive sectors widen
following acute biodiversity events in Australia and Brazil. In municipal bonds, Rizzi (2022) �nd that losses
in wetland areas are associated with increased yields and borrowing costs due to heightened downside risk and
extreme weather uncertainty. Finally, Chen et al. (2023) �nd that the �Green Shield Action,� a regulatory
initiative to enforce biodiversity preservation in China, signi�cantly increased bond yields for municipalities
with national nature reserves. In the real estate market, Rizzi (2022) �nds that home prices decrease when
upstream wetlands are lost and increase when wetlands are gained, highlighting the impact of biodiversity
loss and restoration on property values.
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In this section, we aim to better understand the importance and evolution of biodiversity

risks from an aggregate perspective. We �rst discuss �ndings from a survey of academics,

�nancial professionals, and regulators about the relative importance of various biodiversity

risks over di�erent time horizons. We then describe a new measure of aggregate biodiversity

risk over time, and highlight that the time-series movement of biodiversity risk is distinct

from that of climate risk, which has been studied extensively in the academic literature.

1.1 Perceptions of the Importance of Biodiversity Risks

To measure perceptions of the importance of biodiversity risks, we surveyed �nance re-

searchers, professionals, and public sector employees in Q1 2023. To reach academics, we

collected email addresses of about 4,500 faculty at the top 100 �nance departments.4 To

reach practitioners, we contacted about 7,000 NYU Stern and Yale SOM graduates working

in �nance. To reach those involved in policy, we invited about 3,000 researchers or policy-

makers working in the �nance-related groups of about 35 relevant public sector institutions

to participate in our survey (see Appendix A.4 for the full list of these institutions)5.

In total, we received 668 complete responses for an overall response rate of about 4.5%.6

48% of responses were from academic researchers, 34% from �nancial professionals, and 18%

from �nancial regulators or public-sector employees. Our respondents' locations tilt toward

North America (62%) and Europe (23%), with respondents from Asia and the Rest of the

World making up 9% and 5% respectively. Appendix Table A.1 contains summary statistics

and cross-tabulations of the demographic information reported by the survey respondents.

Appendix A.1 shows the �ow of the survey. The �rst question asked respondents about

how worried they were about ecosystem and species diversity loss. About 70% of respondents

expressed substantial personal concern about each type of biodiversity loss.

To assess perceptions of the �nancial and economic implications of biodiversity risks, we

asked survey participants to rate the �nancial materiality of physical and transition risks

for U.S. �rms and to indicate the expected time horizon of these risks. Table 1 presents

the responses for di�erent groups of respondents. Table 1 reports responses across di�erent

groups. Overall, both types of biodiversity risks are widely perceived as material�especially

by private-sector respondents and those located in Africa, South America, and Australia.

4We used the ranking maintained at ASU based on the total number of articles published in the Journal
of Finance, Journal of Financial Economics, and Review of Financial Studies from 2010 through 2023.

5While our survey respondents include a broad range of market participants, a recent survey by Gjerde
et al. (2025) focuses speci�cally on global �rms, gathering their views on nature risk exposure, management
practices, and investor interest.

6This response rate is comparable to that in other surveys used by �nance researchers, such as 7.5% in
Stroebel & Wurgler (2021) and 2.5-4% in Giglio, Maggiori, Stroebel & Utkus (2021)
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About 70% of respondents rated both physical and transition risks as at least moderately �-

nancially material. Roughly 20% believe these risks are already materializing, with transition

risks generally expected to emerge earlier than physical risks.

Appendix Table A.2 shows several responses to an open-ended question asking if there

were any particular ways in which biodiversity risks are important in participants' profes-

sional lives. Respondents mentioned both physical risks (�I co-run an investment fund in

farmland and timberland, which are directly a�ected by these risks�) and transition risks

(�Regulatory risk related to biodiversity are a chief driver of long-term uncertainty in the

energy markets in which I work�). Many survey participants discussed mechanisms through

which biodiversity loss a�ects the economy, for example through the exposures of speci�c in-

dustries (as in the examples above), or at the aggregate level (as in the following responses:

�Biodiversity risks are a serious threat to �nancial stability and the resilience of �nancial

companies�; �Loss of biodiversity and area for animals to move closer to cities, causing a

great chance for diseases to spread to humans, which may cause another pandemic�).

1.2 Measuring Aggregate Biodiversity Risk

Table 1 suggests a substantial degree of concern about biodiversity risks across respondents

with a wide range of backgrounds. In this section, we construct a new index that allows us

to measure attention and concern related to biodiversity risks over time.

While biodiversity loss can have large economic costs, it is a slow-moving process, with

many of the most severe outcomes materializing over decades (see Magurran 2021). This

makes it di�cult to quantify biodiversity risks or to measure assets' exposures to them. To

address this challenge, we build on the insights of Engle et al. (2020), who argue that when

dealing with long-term risks such as climate change or biodiversity loss, exposures can be

studied through higher-frequency measures ofnews about or attention to future damages

(see also Ardia et al. 2023, Stecula & Merkley 2019, Alekseev et al. 2024). Based on this

idea, we construct an index of biodiversitynewsas reported in theNew York Times (NYT).

The NYT Biodiversity News Index. The �rst step to building our measure of biodiver-

sity news is to identify news articles that cover biodiversity. To do so, we build a Biodiversity

Dictionary that contains 100 words common in discussions related to biodiversity loss (see

Appendix Table A.3). These words were selected based on their cosine similarity to the term

�biodiversity� in Google's word2vecimplementation.7 Using this dictionary, we identify a

sentence as biodiversity-related if it contains at least one of these terms, excluding instances

7We use the pre-trained vectors trained on part of Google News dataset (about 100 billion words). The
model contains 300-dimensional vectors for 3 million words and phrases.
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Table 1: Biodiversity Risk Perceptions

Role Location Biodiversity Concern

Pooled
Academic
Institution

Private
Sector

Public
Sector

North
America

Europe Asia ROW
Very
High

High Low
No

Concern

Physical Risk Importance (%)
Not at all important 8 9 9 5 9 6 9 6 1 3 9 100
Slightly important 24 26 23 20 26 20 26 14 6 27 91 0
Moderately important 35 37 28 40 34 36 38 26 19 69 0 0
Very important 34 28 40 35 31 38 28 54 73 0 0 0

Transition Risk Importance (%)
Not at all important 7 7 6 11 8 6 7 9 1 1 9 100
Slightly important 20 22 19 18 22 19 19 11 8 17 91 0
Moderately important 42 46 34 46 40 50 36 40 26 82 0 0
Very important 30 25 41 25 30 25 38 40 66 0 0 0

Physical Risk Materialization (%)
Already today 23 18 29 24 24 18 19 29 32 15 12 13
1 to 5 years 10 8 10 14 9 9 5 23 11 9 8 7
5 to 30 years 46 51 43 41 45 52 43 43 45 57 36 7
More than 30 years 17 18 14 19 17 17 22 3 10 17 35 30
Never 5 6 4 1 4 4 10 3 1 2 9 43

Transition Risk Materialization (%)
Already today 20 16 27 17 23 14 16 23 27 14 15 10
1 to 5 years 26 28 25 24 25 29 22 34 33 23 15 7
5 to 30 years 41 44 34 47 40 44 43 34 33 54 41 13
More than 30 years 8 7 10 7 9 7 9 3 4 7 20 27
Never 5 5 4 6 3 7 10 6 2 2 9 43

Note: For the �rst two blocks, participants were asked: �Biodiversity risks for investors and �rms are often divided into (i) physical risks coming
from actual changes in biodiversity (e.g., reduced pollinators, freshwater scarcity) and (ii) transition risks coming from changes in the regulatory
environment to combat biodiversity loss (e.g., the Clean Water Act). Please rate the �nancial materiality of these risks for corporations in the
United States. 1- Physical Risk; 2- Transition Risk�. For the last two blocks, participants were asked: �Over what time horizon, if any, do you
expect these biodiversity risks to materialize?�, where biodiversity risk is either the physical risk or transition risk. The percentage breakdowns
in the table are to be read in columns within blocks. Biodiversity concern is de�ned as the maximum of a respondent's ratings for physical and
transition biodiversity risk importance.
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of unrelated combinations such as �software ecosystem� (see Appendix A.4 for details) and

excluding the word �climate change� to allow us to capture biodiversity news separate from

climate news.8 We identify articles containing at least two `biodiversity-related sentences' as

covering biodiversity.

News about biodiversity loss can either be positive or negative; for example, an article

can report that biodiversity loss is progressing faster or slower than previously anticipated.

To separately identify such news stories, we adopt the Bidirectional Encoder Representations

from Transformers (BERT) model to classify each of the selected biodiversity sentences to

determine whether it expresses a positive or negative sentiment (Devlin et al. 2018). Sen-

tences with positive sentiment get assigned a score of �+1�, negative sentences get assigned

a score of �-1�, and neutral sentences get assigned a score of �0�. For example, the following

sentence gets classi�ed as having a positive sentiment:�Populations soon rebounded, improv-

ing water quality and bringing more whales, sharks, rays, seals, dolphins and other animals

closer to the beach than they've been since the middle of the last century.�In contrast, a

negative sentiment is assigned to�Environmental problems remain, including over�shing and

the erosion and deforestation left from earlier eras.�Appendix Table A.7 presents further

examples of biodiversity related sentences alongside their BERT sentiment classi�cations.

We assign an article to have positive (negative) sentiment if the average sentence sentiment

score for all biodiversity sentences in the article is positive (negative). About 8.4% of articles

get classi�ed as positive, 72.0% as neutral, and 19.6% as negative.

To measure the overall sentiment of biodiversity news on a given day, we construct the

NYT-Biodiversity News Index as the number of negative biodiversity articles minus the

number of positive biodiversity articles on that day. Therefore, higher values of the NYT-

Biodiversity News Index correspond to more negative news about biodiversity risks. Since

news related to biodiversity risk is relatively infrequent, we generally aggregate this daily

measure of biodiversity news to the monthly levels by averaging daily values over the month.

Figure 1 plots the monthly NYT-Biodiversity News Index and adds labels to events

relevant to biodiversity loss. The index spikes around salient biodiversity-related events,

such as changes to the Endangered Species Act (ESA) in 2019 and the release of biodiversity-

8We test the robustness of the index by constructing three additional indices: one using all 100 terms
from the Biodiversity Dictionary, one using terms from the Biodiversity Dictionary excluding those in the
Climate Dictionary (Appendix Table A.4), and one excluding terms in the Climate Change Dictionary
(Appendix Table A.5). Terms in red are the common terms that are related to both biodiversity and
climate/climate change. Appendix Table A.6 presents the monthly correlations across these indices. The
index using all terms is highly correlated with climate risk measures due to its inclusion of the commonly-
covered term `climate change', whereas the indices excluding climate-related terms show lower correlations
with climate risk. This �nding highlights the importance of removing words related to climate change from
the biodiversity dictionary. The high correlation among the three indices that implement such a removal
indicates the robustness to the exact keywords that are excluded.
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Figure 1: NYT-Biodiversity News Index

Note: Monthly NYT-Biodiversity News Index from 2010 to 2023, annotated with biodiversity-relevant news
announcements. ESA: Endangered Species Act. Higher values correspond to more negative news.

related reports. There are also events with positive news about biodiversity risks, leading

to a negative biodiversity news index; these include articles on the thriving of previously-

threatened coyotes, foxes, and sea turtles. We have explored other ways of constructing

our biodiversity news index, for example by measuring an article's sentiment as the average

sentiment of all biodiversity-related sentences in that article, and by measuring the per-

period overall biodiversity sentiment as the average sentiment of all biodiversity-related

articles. Our key results are similar using these alternative approaches to constructing the

aggregate biodiversity news index.

Text-based measures of biodiversity risk have several limitations. First, any keyword

selection might lead researchers to omit relevant terms or include unrelated contexts, in-

troducing noise. We assess the robustness of our methodology by constructing alternative

NYT-based indices with di�erent keyword sets and �nd high correlations across the di�erent

indicies (Appendix Table A.6). Second, machine learning models are prone to misclassi�-

cation. To evaluate accuracy of our approach, we manually classi�ed the sentiment of 100

randomly chosen biodiversity-related sentences from the NYT. The `confusion matrix,' re-

ported in Panel A of Appendix Table A.9, shows an average precision (the probability that a

human classi�er agrees with a classi�cation made by the machine) of 81.42% and recall (the

probability that the machine classi�er agrees with the classi�cation made by the human clas-

si�er) of 73.83%. We report misclassi�cation examples in Appendix Table A.10. Appendix
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Table A.11 shows the 100 sentences for which we compared the machine classi�cation to

the human classi�cation, which can provide a sense of the ambiguities involved in the clas-

si�cation. Reassuringly, while there are several examples in which human classi�cation and

machine classi�cation disagree in whether a sentence is negative or neutral (or positive or

neutral), there are no examples where a sentence with a negative classi�cation by one party

is assigned a positive classi�cation by the other party.

1.3 Biodiversity Risk vs. Climate Risk

As discussed above, climate and biodiversity risk are related but distinct concepts. In this

section, we explore the relationship between the two risks quantitatively, by comparing our

biodiversity risk series with a corresponding climate risk series.

To do this, we �rst build a new climate news series, the NYT-Climate News Index, by ap-

plying the methodology described in Section 1.2, identifying climate-related sentences with

the terms �climate change� and �global warming.� As alternatives to our own climate news

series, we also consider four of Faccini et al. (2023)'s climate news indices: international

climate summits, global warming, natural disasters, and the climate policy index. These

indices are designed to capture news about the respective topics, which correspond to dif-

ferent aspects of climate risk. These measures, which cover news about both physical and

transition climate risks, are available at a daily frequency between January 2000 and June

2023. We aggregate them to the monthly frequency by taking the average of the daily series.

Table 2: Correlation Across Measures of Aggregate Risk

(1) (2) (3) (4) (5) (6)

Biodiversity Risk Measures
(1) NYT-Biodiversity News 1:00

Climate Risk Measures
(2) NYT-Climate News 0:43 1:00
(3) Faccini et al (2023): International Summit � 0:11 � 0:14 1:00
(4) Faccini et al (2023): Global Warming 0:10 0:51 0:21 1:00
(5) Faccini et al (2023): Natural Disaster 0:21 0:64 � 0:06 0:41 1:00
(6) Faccini et al (2023): Climate Policy 0:20 0:50 0:11 0:76 0:41 1:00

Note: Pairwise monthly correlation across biodiversity and climate risk measures. NYT-Biodiversity News
and NYT-Climate News use data from January 2010 to December 2023, while Faccini et al (2023) indices
span from January 2010 to June 2023.

Table 2 shows the pairwise correlation across these various news indices using monthly data

from 2010 to 2023. The �rst column is the NYT-Biodiversity News Index, the next column is

the NYT-Climate News Index and the last four columns are the Faccini et al. (2023) indices.

The correlation between the biodiversity news index and the �ve climate news indices ranges
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between -0.11 and 0.43. These results suggest that while climate risk and biodiversity news

are related to some extent, they are not the same.

Figure 2 illustrates the di�erences between the biodiversity and climate news series. The

solid black line and black annotations correspond to the NYT-Biodiversity News Index and

related biodiversity risk events, while the dotted grey line and grey annotations correspond

to the NYT-Climate News Index. Note that both series are generated with the same method

and based on the same data: articles published in the New York Times; they di�er only in

the keywords used to select the articles.

Figure 2: NYT-Biodiversity News vs NYT-Climate News

Note: Monthly NYT-Climate News Index from 2010 to 2023, overlaid against the NYT-Biodiversity News
Index and annotated with relevant news announcements. Higher values correspond to more negative news.

Months with negative biodiversity-related news do not necessarily correspond to months with

negative climate news. For example, in August 2019, the Trump administration announced

that it would change the way the Endangered Species Act was applied, making it easier to

remove a species from the endangered list and weakening protections for threatened species.

This led to substantial negative newspaper coverage of biodiversity-related topics, and thus a

sharp increase in the NYT-Biodiversity News Index, while the NYT-Climate News Index re-

mained relatively stable. Similar events include the 2010 Gulf Coast oil spill, which increased

risks to various ecosystems. Conversely, climate-related events, such as the withdrawal from

the Paris Agreement and discussion on carbon tax did not result in spikes in the biodiversity

news index. Finally, some natural disasters were followed by both negative climate and neg-
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ative biodiversity news: for example, the 2023 Hawaii Wild�res were connected to climate

change but also caused habitat and species loss. Similarly, the release of the Global Biodi-

versity Outlook report, highlighting climate change as a driver of biodiversity loss, resulted

in spikes in both climate change and biodiversity news.

2 Measuring Biodiversity Risk Exposures

Beyond quantifying aggregate biodiversity risk, we are also interested in exploring how bio-

diversity risk exposures vary across di�erent �rms and industries. For instance, the World

Economic Forum (2022) states that the three sectors most reliant on natural capital are

construction, agriculture, and food & beverages. Based on this assessment, �rms in those

sectors would be most substantially exposed to physical biodiversity risks. Similarly, sectors

with substantial land use, such as the energy sector, might be particularly impacted by bio-

diversity transition risks. To improve our understanding of the e�ects of biodiversity risk on

the economy, we need a systematic way to quantify these cross-sectional risk exposures.

A number of data vendors provide measures of �rms' physical and transitionclimate risk

exposures, though there are substantial questions about the quality of these measures (see,

for example, Billio et al. 2021). Similar data for �rms' biodiversity risk exposures are not

broadly available and standardized disclosure frameworks for biodiversity risk are still under

development (Taskforce on Nature-related Financial Disclosures 2024).9

In this section, we therefore propose and compare several new ways to measure �rms'

biodiversity risk exposures, using di�erent data sources: (i) �rms' 10-K statements; (ii)

the opinions elicited in our survey of �nancial professionals, academics, and regulators; (iii)

the portfolio holdings of funds focused on biodiversity; and (iv) �rms' responses to the CDP

Climate Change Questionnaire, which recently added a module focused on biodiversity risks.

The �rst measure is available at the �rm level, the others only at the industry level. We

publicly release our measures of biodiversity risk exposure atwww.biodiversityrisk.org .

In additional analyses in the Appendix, we report results from an attempt to distinguish

between transition risk and physical risk by exploiting recent large language models (GPT-

4.0) to parse the text of the NYT as well as that of the 10-K statements.

9Some data providers have begun to o�er tools for biodiversity impact assessments, as summarized by
Finance for Biodiversity Foundation. Examples include the Biodiversity Footprint for Financial Institu-
tions (BFFI), the Biodiversity Impact Analytics powered by the Global Biodiversity Score (BIA-GBS), the
Corporate Biodiversity Footprint (CBF), the Global Biodiversity Score for Financial Institutions (GBSFI),
and the Global Impact Database (GID), the Exploring Natural Capital Opportunities, Risks and Exposure
(ENCORE) database, and the Integrated Biodiversity Assessment Tool (IBAT).
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2.1 Measures of Biodiversity Risk Exposure of Firms and Industries

10K-Biodiversity-Count Score. Our �rst �rm-level measure of biodiversity risk expo-

sure is based on textual analysis of �rms' 10-K statements.10 We identify biodiversity-related

sentences in 10-K statements using regular expression searches for the same biodiversity dic-

tionary used to construct the NYT-Biodiversity News Index, again excluding sentences with

unrelated terms. If a 10-K statement contains at least two sentences related to biodiversity,

we assign a 10K-Biodiversity-Count Score of �1� to this company in that year; if there is no

mention of biodiversity-related terms, we assign a score of �0�. We �nd that about 4.2% of all

10-K statements mention biodiversity between 2015 to 2023. The following are two examples

of biodiversity-related sentences from 10-K statements, the �rst referencing transition risk

exposures, and the second referencing physical risk exposures.

In addition, future regulation of, or litigation concerning, the use of timberlands,

the protection of endangered species, the promotion of forest biodiversity, and

the response to and prevention of wild�res, as well as litigation, campaigns, or

other measures advanced by environmental activist groups, could also reduce the

availability of the raw materials required for our operations. [Enviva Partners

LP, 2017 10-K �ling]

If this infrastructure were to become damaged due to natural or other disasters

such as the oil spill that resulted from the Deepwater Horizon incident in 2010,

then it is possible that environmental damages to the area and ecosystem could

result. If these environmental damages occurred, they could have a material

adverse e�ect on the Company's business, results of operation, and �nancial

condition. [Omega Protein, 2015 10-K �ling]

10K-Biodiversity-Negative Score. The 10K-Biodiversity-Count Score combines men-

tions of biodiversity as both a risk and an opportunity for �rms. To separate such mentions,

we construct a second measure of biodiversity risk exposure, the 10K-Biodiversity-Negative

Score, based on sentiment analysis of the 10-K sentences mentioning biodiversity-related

terms. Speci�cally, we use the BERT model to classify each biodiversity-related sentence

into positive, neutral, and negative sentiments. The two previous 10-K excerpts are assessed

10A 10-K statement is a comprehensive report �led annually by publicly listed companies with the U.S.
Securities and Exchange Commission (SEC). It provides a detailed overview of a company's performance,
including both structured �nancial metrics and unstructured textual information, such as management's
discussion and analysis, business overview, and risk factors. We collect �rms' 10K statements from 2001 to
2023 through the SEC's EDGAR database.
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to have a negative sentiment by BERT; the following are two examples of a biodiversity-

related 10-K mention that received a positive sentiment classi�cation from BERT (Appendix

Table A.8 presents further examples).

We believe that the growth of hemp could signi�cantly reduce deforestation by

providing the same products that trees are able to supply. [Celexus Inc, 2019

10-K �ling]

The Company follows Sustainable Forestry Initiative (`SFI') Standards that pro-

mote sustainable forest management in North America through the use of core

principles, objectives, performance measures and indicators to protect water qual-

ity, biodiversity, wildlife habitat, species at risk, and forests which have excep-

tional conservation value. [Deltic Timber Corp, 2017 10-K �ling]

About 5.4% of biodiversity-related sentences are classi�ed as positive, 19.4% as negative,

and the remaining as neutral. For each �rm-year, we count the number of positive and

negative sentences and compute the �rm 10K-Biodiversity-Negative Score as the number

of negative biodiversity sentences minus the number of positive sentences (�rms that do

not mention biodiversity-related topics in their 10-K statement and �rms that only include

neutral sentences are assigned a score of 0). Between 2015 and 2023, among 10-K statements

mentioning biodiversity-related issues, 27.6% do so in a predominantly negative way and 5.6%

in a predominantly positive way.

10K-Biodiversity-Regulation Score. When �rms mention biodiversity in their 10-K

statements, some explicitly express their concerns about the biodiversity risks stemming

from stricter regulations. To directly measure these regulation-related biodiversity risks faced

by �rms, we construct a third 10-K-based measure that selects biodiversity risk sentences

that also contain at least one of the following terms: �law(s),� �regulation,� �Act,� �ESA,�

�discharge,� or �restriction.� Appendix Table A.8 shows several examples of such sentences.

We assign a 10K-Biodiversity-Regulation Score of �1� if the 10-K statement of a company

contains at least two biodiversity risk sentences and at least one of them is a biodiversity

regulation risk sentence. Between 2015 and 2023, about 3.2% of all 10-K reports (and 75.5%

of all 10-K reports discussing biodiversity) discuss biodiversity-related regulation risks.

Just as we did for the NYT classi�cation, we validate the machine classi�cation of the

10-K statements. To do this, we manually classify 100 randomly chosen biodiversity-related

sentences from the 10-K �lings, and assess sentiment classi�cation (10K-Negative Score)

and policy relevance (10K-Regulation Score). The confusion matrices in Panels B and C of
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Appendix Table A.9 show an average precision of 83.61% and recall of 78.6%, with misclas-

si�cation examples in Appendix Table A.10. As before, there are no examples where one

classi�er assigns it a label of negative sentiment and the other a positive sentiment.

Survey-Based Measures of Biodiversity Risk Exposures. We construct another

measure of biodiversity risk exposures�this time at the industry level�based on responses

received in our survey of �nance academics, professionals, and regulators. The survey asked

participants to select the industries that they believe to be most negatively a�ected by (i)

physical risks arising from biodiversity loss, and (ii) biodiversity-related transition risks (see

Appendix Figure A.4). We provided 15 possible industry options to choose from, created by

combining several of the 24 4-digit GICS industries.11 We quantify an industry's physical

and transition biodiversity risk exposure as the share of survey respondents who select each

industry as being particularly a�ected by the risk.

Holding-Based Measure of Biodiversity Risk Exposures. In response to growing

concerns about the economic e�ects of biodiversity loss, some asset managers have introduced

investment vehicles designed to help investors mitigate biodiversity risks in their portfolios.

Our next approach to measuring biodiversity risk exposures builds on information about

the holdings of these funds. To construct the Holding-based Biodiversity score, we explore

�ve biodiversity-related funds: HSBC World ESG Biodiversity Screened Equity ETF, AXA

IM ACT Biodiversity Equity ETF, Ossiam Food for Biodiversity ETF, Xtrackers World

Biodiversity Focus SRI UCITS ETF, and Xtrackers USA Biodiversity Focus SRI UCITS

ETF. These biodiversity ETFs were designed to hold companies that are acting positively for

biodiversity by reducing or limiting the negative impact of human activities on biodiversity.

We obtain data on these funds' portfolio holdings from Bloomberg and focus on North

American common stocks. We obtain prices from CRSP and GICS industry codes12 from

Compustat by merging the stocks on their CUSIP identi�ers. We de�ne the holding-based

biodiversity score of fundf for industry I as:

HoldingScoreI
t;f =

wI;t;M � wI;t;f

wI;t;M
; (1)

11Speci�cally, Automobiles & Components (GICS code 2510), Consumer Durables & Apparel (GICS code
2520), and Household & Personal Products (GICS code 3030) are pooled into �Auto, Durables and House-
hold Products�. Consumer Services (GICS code 2530), Retailing (GICS code 2550), and Food & Staples
Retailing (GICS code 3010) are pooled into �Consumer Services and Retailing�. Banks (GICS code 4010)
and Diversi�ed Financials (GICS code 4020) are pooled into �Banks and Diversi�ed Financials�. Software
& Services (GICS code 4510), Technology Hardware & Equipment (GICS code 4520), Semiconductors &
Semiconductor Equipment (GICS code 4530), Telecommunication Services (GICS code 5010), and Media &
Entertainment (GICS code 5020) are pooled into �IT and Communication Services.�

12We used the GICS 2023 classi�cation and did not adjust for any GICS changes.

18



where wI;t;M is the weight of industry I in the market portfolio at time t and wI;t;f is the

weight of industry I in the fund's portfolio (i.e., based on the industry's market capitaliza-

tion). 13 When a fund underweights an industry relative to the market, the score will be

positive: we interpret this as the industry being negatively exposed to biodiversity risk in

the sense that it should perform relatively poorly upon the realization of negative biodi-

versity news. We compute this score for each fund and then average across funds to get

the industry-level holding-based score (the average pairwise correlation ofHoldingScoreI
t;f

across the funds is 0.31). Since these ETFs were set up relatively recently, we only use data

from December 2023.

CDP-Based Measure of Biodiversity Risk Exposures. Our �nal measure of biodi-

versity risk exposure uses responses obtained from the CDP Climate Change Questionnaire.

Questions related to biodiversity risk exposures have been included since 2022, and are shown

in Appendix Figure A.7. To quantify a �rm's exposure to biodiversity risks, we assign a score

of �1� if the �rm has activities in or near biodiversity-sensitive areas and the activity could

negatively a�ect biodiversity; otherwise, we assign a score of �0�. We focus on the responses

of U.S. �rms. A total of 633 �rms participated in the biodiversity module, with 4.9% of

these �rms having activities with negative impact located in or near biodiversity-sensitive

areas. We aggregate the �rm-level exposure measures to the industry level by calculating

the value-weighted average of the �rm-level scores.

2.2 Biodiversity Risk Exposures Over Time

While we can only construct the survey-, holdings-, and CDP-based measures of biodiversity

risk exposures at one point in time, the availability of historical 10-K statements allows us

to construct a time series of �rms' self-reported exposures to biodiversity risks.

Figure 3 shows our three 10K-based biodiversity risk exposure measures between 2001

and 2023, averaged across all �rms in each period. Across all �rms, self-reported biodiversity

risk exposures have generally been growing over time, from about 1% of �rms mentioning

biodiversity-related terms in the early 2000s, to a peak of almost 5% of �rms in 2023.

This increase is largely driven by a corresponding increase in the number of mentions of

biodiversity regulation risks. Consistent with this, the sentiment with which �rms discuss

biodiversity-related issues has declined over time.

13This measure does not di�erentiate between neutral and negatively exposed �rms, as the biodiversity-
focused funds we study are long-only. As a result, industries excluded from biodiversity funds�whether
neutral or harmful�all receive the same weight wI;t;f = 0 , and the same HoldingScore of 1.
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Figure 3: Proportion of Biodiversity-Related Mentions in 10-K Over Time

Note: This �gure shows the share of �rms with non-zero biodiversity-related mentions in their 10-K state-
ments from 2001 to 2023. The solid line indicates �rms mentioning biodiversity (10K-Biodiversity-Count
Score); the dotted line shows negative biodiversity sentiment (10K-Biodiversity-Negative Score); and the
dashed line captures mentions to biodiversity-related regulation (10K-Biodiversity-Regulation Score). Shares
are calculated by dividing the number of �rms with non-zero scores by the total number of �rms �ling a
10-K each year.

2.3 Biodiversity Risk Exposures Across Firms and Industries

In this section, we compare biodiversity risk exposures across �rms and industries. First,

we examine the extent to which �rm characteristics drive biodiversity risk exposure. To do

this, we proxy for �rm-level biodiversity exposure using the average of the three 10K-based

measures and regress that measure on �rm size (log assets) and market-to-book ratio:

Biodiversity Exposurei;t = � + � Size
i Sizei;t + � MB

i MB i;t + � t + 
 g + � i;t : (2)

Table 3 shows the regression results. Biodiversity exposure is negatively associated with the

market-to-book ratio, suggesting that growth �rms face lower exposure than value �rms.

Larger �rms also exhibit greater biodiversity risk. However, these characteristics explain

only 1% of the variation in �rm-level biodiversity risk exposures. Including industry �xed

e�ects increases the R-squared by 11 percentage points. When including industry and year

�xed e�ects, the relationship between size and biodiversity exposure disappears.

Comparison Across Di�erent Measures. Next, we compare the biodiversity risk ex-

posures of di�erent industries across our various measures. For this analysis, we aggregate

the 10K-based �rm-level exposure measures to the industry level by calculating the value-
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Table 3: Firms Characteristics and Biodiversity Exposure

Biodiversity Exposure

(1) (2) (3)

Log Assets 0.005*** 0.001 -0.001
(4.66) (1.32) (-1.13)

Market to Book -0.002*** -0.000** -0.001**
(-5.73) (-2.23) (-2.21)

Year FE No No Yes
Industry FE No Yes Yes
N 49,184 49,184 49,184
R-squared 0.01 0.12 0.13

Note: This table reports regressions of biodiversity exposure on �rm characteristics. Biodiversity Exposure is
the average of 10K-Biodiversity-Count, 10K-Biodiversity-Negative, and 10K-Biodiversity-Regulation Scores.
Regressions are estimated at the �rm-year level. Standard errors are clustered at the �rm level.T-statistics
are in parentheses. Signi�cance levels:��� p < 0:01; �� p < 0:05; � p < 0:1.

weighted average of the �rm-level scores. Table 4 reports the cross-industry correlations of

biodiversity exposures according to the di�erent measures. We use 10-K statements from

2015 to 2023 to do the cross-sectional comparison. The table highlights that our industry-

level measures of biodiversity risk exposures are substantially correlated: industries that are

assessed to have high biodiversity risk exposures on one measure also have high exposures

using the other measures.

Panel (a) of Figure 4 shows the biodiversity risk exposures of di�erent industries. To con-

struct this �gure, we �rst rank each industry from least exposed (rank = 1) to most exposed

(rank = 24) on each of our measures, and then average the ranks across our measures.14

The sectors with the highest average biodiversity risk exposures are Energy, Utilities, Real

Estate, Food, Beverage & Tobacco, and Pharmaceutical, Biotechnology & Life Sciences.

This ranking aligns with economic intuition, as these highly ranked sectors are all directly

dependent on natural resources.15 On the other hand, �rms in the Communication Services,

14Appendix Figures A.6 show the industry-level exposure measures separately for each of our measures.
Appendix Table A.12 reports the industry rankings for each measure. The industries are sorted by their
average ranking across the seven measures, excluding the �Survey: Average� score. Industries at the top are
most exposed to biodiversity risk, while those at the bottom have the lowest exposure to biodiversity risk.

15This pattern is consistent with Nature Action 100's sectoral impact assessments (Finance for Biodi-
versity Foundation 2023), which use footprinting tools to identify industries with the greatest biodiversity
impact. Their rankings place Food, Beverage & Tobacco, Materials, Energy, Capital Goods, Retailing, Util-
ities, and Pharmaceuticals in the top 7 riskiest industries. The high exposure of Energy and Utilities in
particular re�ects well-documented biodiversity risks from fossil fuel extraction and infrastructure projects.
The Deepwater Horizon oil spill, for example, caused lasting ecological damage, while hydropower projects
like Brazil's Belo Monte Dam have disrupted aquatic habitats. Pharmaceuticals rely on biodiversity for drug
discovery, as seen in the near-extinction of the Paci�c Yew tree, which threatened the supply of paclitaxel
(Taxol), a key cancer drug. In the Food, Beverage & Tobacco sector, pollinator declines have already reduced
yields for crops like co�ee, cocoa, and almonds, highlighting the sector's dependence on ecosystem stability.
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Table 4: Industry-level Correlations of Biodiversity Scores

(1) (2) (3) (4) (5) (6) (7) (8) (9)

10k-based Scores
(1) 10k: Negative 1:00
(2) 10k: Count 0:70 1:00
(3) 10k: Regulation 0:80 0:96 1:00

Survey-based Scores
(4) Survey: Transit. 0:53 0:42 0:42 1:00
(5) Survey: Physical 0:26 0:20 0:18 0:82 1:00
(6) Survey: Average 0:41 0:32 0:31 0:95 0:96 1:00

Holding-based Scores
(7) Holding 0:39 0:03 0:22 0:27 0:08 0:18 1:00

CDP-based Scores
(8) CDP-based 0:89 0:87 0:91 0:58 0:30 0:46 0:29 1:00

Climate Exposure Scores
(9) Quantity-based 0:05 0:01 0:05 � 0:15 0:16 0:01 � 0:01 � 0:10 1:00

Note: Industry-level Pearson correlations of 10K-based, Survey-based, Holding-based, CDP-based Biodiver-
sity Scores, and Quantity-based Climate Exposure Score. The 10K-based Biodiversity Scores are averaged
from 2015 to 2023. Survey-based Scores are from Q1 2023. Holding-based Score is from Q4 2023. CDP-based
Score uses data from 2023. The Quantity-based Climate Exposure Score is estimated with data from 2010
to 2019 inclusive, and is taken from Alekseev et al. (2024).

Software, and Technology sectors��rms which have minimal direct interaction with natural

ecosystems�appear the least exposed to biodiversity risks.

Panel (b) of Figure 4 separately shows physical and transition risk exposures across

industries as elicited in our survey.16 Our survey participants perceive distinct heterogeneities

among industries in terms of their biodiversity risk exposures: industries that are perceived

to be exposed to physical biodiversity risks are not necessarily the same as industries that

are perceived to be exposed to transition biodiversity risks, though the two measures are

substantially correlated. For example, our respondents perceive the �Food, Beverage &

Tobacco� sector to be most exposed to physical biodiversity risks, and the �Energy� sector

most exposed to transition biodiversity risks.

To better understand the observed variation in biodiversity risk exposures across indus-

tries, we next consider the top industries in terms of average risk exposures and discuss the

ways in which biodiversity risks a�ect those industries. To help with these interpretations,

Appendix Figure A.8 provides word clouds with the terms that are most frequently men-

tioned in biodiversity-related sentences extracted from 10-K statements for each industry,

These examples illustrate the strong link between industry activities and biodiversity risk exposure that are
consistent with our more systematic assessments of industry-level exposures.

16Appendix Table A.13 shows the correlations of average industry rankings across di�erent groups of
survey respondents. The rankings are similar across subgroups, with the correlation ranging from 0.82 to
0.99. For example, the pairwise correlations between industry rankings reported by academics, private-sector
employees, and public-sector employees are above 0.95.
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Figure 4: Industry-Level Biodiversity Risk Exposure

(a) Aggregate Score

(b) Survey-Based Scores

Note: Panel (a) shows the average industry exposure ranking based on the simple average of all biodiversity
risk measures. The 10K-based Biodiversity Scores are averaged from 2015 to 2023. Survey-based Scores
are from Q1 2023. Holding-based Score is from Q4 2023. CDP-based Score uses data from 2023. Panel
(b) presents physical and transition risk exposures measured by survey responses. The blue bars represent
survey-based physical risk, while the red bars indicate survey-based transition risk. Industries are sorted by
the average of these two survey-based measures.
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with term sizes proportional to their frequency.17 Appendix Figure A.9 shows the biodiver-

sity risk exposure disaggregated to 6-digit GICS industry codes. Appendix A.4.4 provides

further discussion on how biodiversity risks impact industries with high exposure, including

materials and real estate sectors.

Energy Sector. Our survey respondents assessed �rms in the energy sector to have the

highest biodiversity transition risk due to the potential impact of energy �rms' operations

on biodiversity. For instance, oil spills and habitat destruction during drilling activities can

lead to the loss of species and ecosystems, and entail substantial reputational and legal risks.

The industry also faces regulatory risks, as governments introduce stricter environmental

regulations and guidelines to prevent further biodiversity loss. Examples of �rms in the

energy sector describing such biodiversity risk exposures in their 10-K statements include:

If one of our LNG terminals or pipelines may adversely a�ect a protected species

or its habitat, we may be required to develop and follow a plan to avoid those

impacts. [Cheniere Energy Inc, 2024 10-K �ling]

A critical habitat designation could result in further material restrictions on

federal land use or on private land use and could delay or prohibit land access or

development. [Earthstone Energy Inc, 2019 10-K �ling]

Utilities. Firms in the utilities sector are a�ected by both physical and transition biodi-

versity risks. Physical risks matter, for example, when the degradation of watersheds a�ects

water quality and availability, which in turn impacts water utilities. On the transition risk

side, regulations and laws on species and habitat protection may limit utility �rms' oper-

ations. In addition, regulations on waste discharges, such as the Clean Water Act, elevate

utility �rms' costs, especially those in water utilities.

Interestingly, �rms producing renewable electricity�often viewed as bene�ciaries of the

climate transition�have among the most negative biodiversity risk exposures within the

utilities sector (Appendix Figure A.9). This re�ects the land-intensive nature of constructing

wind and solar power facilities, which makes them subject to stringent land-use regulations

aimed at protecting biodiversity. Additional regulations a�ect speci�c renewable sources:

hydropower development is constrained by rules protecting �sh populations, while wind

projects face restrictions related to the unintentional killing of migratory birds.

17To plot the word cloud, we extract biodiversity sentences using the same Biodiversity Dictionary for
companies within each sector and aggregate these sentences into a �Biodiversity Vocabulary�, which amounts
to the list of unique terms and the associated frequency with which each term appears.
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Our ability to meet the existing and future water demands of our customers

depends on an adequate supply of water. Drought, governmental restrictions,

overuse of sources of water, the protection of threatened species or habitats or

other factors may limit the availability of ground and surface water. [American

Water Works Company Inc, 2015 10-K �ling]

The Company is also subject to laws regarding the protection of wildlife, includ-

ing migratory birds, eagles, threatened and endangered species. Federal and state

environmental laws have historically become more stringent over time, although

this trend could change in the future. [Clearway Energy Inc, 2022 10-K �ling]

Real Estate. The real estate industry is exposed to various biodiversity risks. For example,

developments in areas with high biodiversity might face restrictions or require mitigation

measures to minimize habitat destruction, adding costs and delays to projects.

The sale or development of properties may also be restricted due to environmental

concerns, the protection of endangered species, or the protection of wetlands. [St

Joe Co, 2002 10-K �ling ]

Food, Beverage, and Tobacco. The food industry faces signi�cant physical biodiversity

risks due to its dependence on biodiversity for essential raw materials.

Physical risks include the increasing frequency of extreme weather events and

natural disasters and e�ects on water availability and quality and biodiversity

loss. These impacts increase risks to the global food production and distribution

system and to the safety and resilience of the communities where we live, work and

source our ingredients, and could further decrease food security for communities

around the world. [Mondelez International Inc, 2022 10-K �ling]

Climate change, agricultural and other factors, such as wild�res, disease, pests,

extreme weather conditions, water scarcity, biodiversity loss and competing land

use, impact the quality and quantity of grapes available to us for the production

of wine from year to year. Our vineyards and properties, as well as other sources

from which we purchase grapes, are a�ected by these factors. [Vintage Wine

Estates, 2023 10-K �ling]
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Pharma and Biotech. The Pharmaceuticals, Biotechnology & Life Sciences sector is

exposed to substantial physical biodiversity risks. For example, in the last 40 years, about

60% of all new chemical entities in the �eld of antibacterials were based on or derived

from natural products (Newman & Cragg 2020). Biotechnology companies establish natural

product libraries of microorganisms retrieved from soil, plant, and marine sources for drug

discovery. Biodiversity loss therefore reduces potential pharmaceutical development options.

Other potential physical impacts due to climate change include reduced access

to high-quality water in certain regions and the loss of biodiversity, which could

impact future product development. These risks could disrupt our operations and

its supply chain, which may result in increased costs. [Iovance Biotherapeutics

Inc, 2022 10-K �ling]

We focus on the use of biodiversity as a means of natural product drug discov-

ery, while also using traditional chemical discovery and development techniques.

[Cubist Pharmaceuticals Inc, 2000 10-K]

2.4 Climate Risk Exposures vs. Biodiversity Risk Exposures

Just as aggregate biodiversity news is distinct from aggregate climate news (see Section

1.3), �rm- and industry-level exposures to biodiversity risk are distinct from climate risk

exposures. The bottom row of Table 4 shows that our measures of biodiversity risk exposure

at the industry level are essentially unrelated with the �quantity-based climate exposure�

measure developed in Alekseev et al. (2024). This measure identi�es industries that investors

buy and sell in response to changes in their beliefs about climate change, and Alekseev et al.

(2024) show that long-short portfolios based on this exposure characteristic have the ability

to hedge news about climate risks. Figure 5 shows a corresponding scatter plot, where

biodiversity risk exposure is measured by the average ranking across our seven biodiversity

risk measures, excluding the �Survey: Average� score. A higher ranking indicates higher risk.

Industries with high biodiversity risk exposures are broadly distinct from industries with

high climate risk exposures. There are several reasons for this. First, an industry may

be highly exposed to biodiversity risk because its operations are dependent on particular

ecosystems or species that are not necessarily a�ected by climate change. Second, from

a regulatory perspective, some industries might have a more signi�cant direct impact on

ecosystems and habitats rather than contributing to climate change. As a result, they

would be more a�ected by biodiversity regulation than climate regulation. For example,

as described above, biodiversity regulation provides challenges for renewable energy �rms,

while climate regulation provides many opportunities.
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Figure 5: Industry Ranking by Biodiversity Risk and Climate Risk

Note: Scatterplot of industry biodiversity risk ranking and climate risk ranking. The biodiversity risk
exposure is measured by the average ranking across the seven biodiversity risks, excluding the �Survey:
Average� score, and the climate risk exposure is measured by climate quantity betas estimated based on
pooled data from 2010 to 2019 inclusive, and is taken from Alekseev et al. (2024).

3 The Pricing of Biodiversity Risk

A recent body of research in economics and �nance has documented that starting around

2010, various measures of �rm-level exposures to climate risk have been priced in asset

markets (e.g., Bolton & Kacperczyk 2023, Engle et al. 2020, Alekseev et al. 2024, Acharya

et al. 2022). In this section, we explore whether biodiversity risk�a category of risk that

has also attracted the attention of market participants in recent years�appears to a�ect

prices in equity markets. To do this, we combine our quantitative measures of aggregate

news about biodiversity risk with our industry-level measures of biodiversity risk exposures.

Empirical Approach. We begin by forming portfolios of industries sorted by their bio-

diversity risk exposures18. If biodiversity risk is priced�and if our measures of exposure to

this risk are correct�we would expect the price of these portfolios to move with the arrival

18We obtain stock-level data from CRSP and Compustat, focusing on North American common stocks
(share codes 10 and 11; exchange codes 1, 2, and 3). We exclude stocks priced below $5 and the bottom 20%
by market cap at each date. GICS industry codes are merged from Compustat using CUSIP identi�ers.
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of (aggregate) news about or attention to biodiversity risks. For example, when negative

biodiversity news arrives (or when attention to this type of risk increases), the valuations

of highly exposed industries should drop, while the valuations of less exposed industries

should drop by less (or even increase). Put di�erently, if biodiversity risks are priced, we

should expect the return to a biodiversity risk-sorted portfolio to covary with the aggregate

biodiversity risk news series: it should behave like ahedge portfolio.19

To implement our test, we measure innovations in biodiversity news,BiodiversityNews t ,

by averaging the daily values of our aggregate NYT-Biodiversity News Index within each

month and computing values ofBiodiversityNews t as residuals from a monthly AR(1)

model. We then construct portfolios that go long �rms with low biodiversity risk exposures�

i.e., �rms that are not a�ected or might even bene�t from realizations of biodiversity risks�

and short �rms with high biodiversity risk exposures, those �rms negatively a�ected by

biodiversity risk realizations.20 We construct eight such portfolios using the three 10K-based

biodiversity scores, the three survey-based scores, the fund holding-based score, and the

CDP-based score. We construct all portfolios using exposure measures at the industry level,

aggregating the �rm-level 10K-based scores to the industry level by taking the value-weighted

average of the �rm-level values.

To determine the portfolio weight of each industry, we take two approaches. In our main

rankings-based approach, the portfolio's position in each industry is the industry's biodiver-

sity score percentile in the industry distribution, minus 50. For example, the portfolios take a

long position of 50 in the industry with the lowest biodiversity score and short a position of -

50 in the industry with the highest biodiversity score.21 We show that our �ndings are robust

to a second approach that holds positions in each industry as the cross-sectionally demeaned

biodiversity scores in that year, taking long positions for industries with below-average scores

(and risk exposures), and short positions for industries with above-average scores. In each

period, we compute excess returns of each portfolio by subtracting the risk-free rate from

the value-weighted industry returns.

Figure 6 reports monthly correlations between the various portfolios' excess returns and

innovations of the NYT-Biodiversity News index using data from 2010 to 2023.22 We include

19Note that researchers sometimes refer to the presence of risk premia when asking whether a risk is
�priced.� That language refers to the compensation for risk required by investors, which has as a necessary
(but not su�cient) condition that prices of exposed �rms move with risk realizations. We focus on the latter
pattern because estimating risk premia would require a much longer time series.

20Since all exposure measures were designed such that higher values are associated with higher biodiversity
risk exposures, the portfolios would go long industries with low scores and short industries with high scores.

21When ranking the industries, equal observations are assigned the same rank, calculated as 1 plus the
number of values lower than those equal observations.

22The 10-K�based portfolios are rebalanced annually using the prior year's �ling to avoid look-ahead
bias. In contrast, the survey-, holdings-, and CDP-based biodiversity scores are constructed at a single
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Figure 6: Biodiversity Hedge Performance of Various Portfolios

Note: Dot plot of monthly return correlations for various biodiversity hedge portfolios with AR(1) inno-
vations of NYT-Biodiversity News index using data from 2010 to 2023.

individual rank-based portfolios for our various industry exposure measures, as well as a

portfolio that averages across the industry ranks in the di�erent exposure measures before

forming portfolios, a portfolio averaging the three time-varying 10-K-based industry ranks.

We also include a portfolio that uses the average values of the alternative approach to creating

industry weights described in the previous paragraph. We focus on the period after 2010,

since we do not expect markets to price biodiversity risk before that time (see the discussion

in Alekseev et al. 2024, Acharya et al. 2022). All correlations are positive, with magnitudes

from around 0.07 to 0.22. The left column in Table 5 reports these correlations together

with bootstrapped standard errors. It highlights that, despite substantial noise in both stock

prices and our measures of biodiversity risk and risk exposures, most of these correlations

are statistically signi�cant. The largest correlation is achieved by the portfolio sorted on the

average across our various biodiversity risk exposure rankings. Quantitatively, the observed

correlations are comparable to those obtained by climate hedging portfolios when evaluated

against aggregate climate news (Engle et al. 2020, Alekseev et al. 2024), and to the hedging

performance of portfolios built to hedge other macro risks such as consumption or GDP (see

Giglio & Xiu 2021).

point in time, and the portfolio weights derived from these scores remain �xed throughout the analysis.
Correlations between the biodiversity hedge portfolios and biodiversity innovations are estimated over the
full sample period from 2010 to 2023 using these �xed portfolio weights. Since the weights do not re�ect
contemporaneous risk exposure, these correlations are weaker than those of the 10-K�based portfolios.
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Table 5: Biodiversity and Climate Hedge Performance of Various Portfolios

Hedge Target

NYT-Biodiversity News NYT-Climate News

Average: Rank-based Portfolio 0.22��� 0.03
(0.08) (0.10)

10K: Regulation 0.18�� 0.09
(0.08) (0.08)

10K: Count 0.18�� 0.13�

(0.07) (0.07)

Average: Value-based Portfolio 0.17�� 0.06
(0.08) (0.09)

10K: Negative 0.17�� 0.09
(0.07) (0.08)

Holding 0.16�� 0.04
(0.07) (0.09)

CDP 0.15� 0.08
(0.08) (0.09)

Survey: Transition 0.11 -0.02
(0.07) (0.09)

Survey: Average 0.10 -0.03
(0.07) (0.09)

Survey: Physical 0.07 -0.02
(0.07) (0.08)

Average 0.15��� 0.05
(0.05) (0.06)

Note: Monthly correlations for various biodiversity hedge portfolios' returns with biodiversity
and climate news series AR(1) innovations using data from 2010 to 2023. Each row represents
a hedge portfolio, whereas each column corresponds to a hedge target. The last row shows the
simple average of correlations with hedge targets for all portfolios. All news series are coded such
that high numbers indicate negative news. Therefore, positive correlation coe�cients indicate
successful hedges. Signi�cance levels:��� p < 0:01; �� p < 0:05; � p < 0:1. P-values are calculated
using a bootstrap of 1,000 iterations. Bootstrapped standard errors are in parentheses.

A natural question is whether our measures of biodiversity risk exposure are simply recasting

information from other �rm characteristics beyond size and value, which we already explored

above. To study this, we investigate whether using other characteristics would yield similarly

good hedging portfolios for aggregate biodiversity news as the ones based on our measures

of biodiversity risk exposure.

In comparing our measures of exposures with other characteristics, one important consid-

eration is that, in general, we do not have a clear prior on whether the various characteristics

should be associated with a high or low exposure to biodiversity risk. For example, we do

not know ex-ante if a portfolio that goes long value companies and short growth companies

(HML) should covary positively or negatively with biodiversity risk. Building a hedging

portfolio using alternative characteristics therefore requires estimating the sign of the rela-

tionship between the biodiversity news and the characteristic�the biodiversity beta�using
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a mimicking portfolio approach (as in Engle et al. 2020, Alekseev et al. 2024). The mimick-

ing portfolio approach uses historical data to combine a set of assets into a portfolio that is

maximally correlated with a given biodiversity shock. To obtain the mimicking portfolios,

we estimate the following regression:

BiodiversityNews t = wRt + � c;t ; (3)

where BiodiversityNews t denotes the (mean zero) biodiversity hedge target in montht,

w is a vector ofN portfolio weights, and Rt is a vector of demeaned excess returns. The

portfolio weights are estimated each month using a �ve-year rolling window.23 When the

vector Rt contains one characteristic-sorted return only (e.g., HML), the weightw represents

the relation between that characteristic and the biodiversity beta. For example, if we build

a hedging portfolio using HML and estimatew > 0, then we expect value stocks to hedge

biodiversity risk going forward; if w < 0, we expect growth stocks to hedge this risk.

Panel (a) of Figure 7 shows a histogram of the out-of-sample correlations of mimicking

portfolios built using the 212 characteristics obtained from Chen & Zimmermann (2022)

individually. The red bar represents the �Average: Rank-based Portfolio�. Of course, there

is a large amount of sampling variation, so among the many mimicking portfolios, some

correlate more and some less with biodiversity news; but none performs as well as our

economically-motivated measure.24

Panel (b) of Figure 7 shows the monthly out-of-sample return correlations for the port-

folios built using the average biodiversity risk measure, and four mimicking portfolios built

with the Fama-French Three Factors (Market, SMB, and HML), the Fama-French Five Fac-

tors (Market, SMB, HML, RMW, and CMA), and with all 212 characteristics and all 24

industries, each selected by LASSO to avoid over-�tting25. The portfolio built on the aver-

age biodiversity exposure measure has by far the highest correlation with innovations in the

NYT-Biodiversity News Index.26

23Appendix Figure A.10 presents the portfolio weights of mimicking portfolios, constructed using Fama-
French factors and 24 industry returns, estimated with OLS on the full sample. The results show almost no
signi�cant factor loadings.

24In Appendix A.4.3 we statistically compare the hedging performance of our biodiversity exposure mea-
sures, which are motivated a priori, with that of the 212 stock characteristics. The test explicitly takes into
account the multiple testing problem associated with the 212 characteristics, which are not economically
motivated�i.e., the fact that among the �characteristics zoo�, we would expect some to be correlated with
biodiversity risk well just by chance. To adjust for multiple testing, we use the method of Benjamini &
Hochberg (1995). We �nd that the decent hedging performance of some of the 212 characteristics is indeed
due to chance: none of them is signi�cant after adjusting for the multiple testing problem.

25When the Lasso model fails to produce a prediction, for example, due to over-penalization or insu�cient
data, we impute the predicted value as zero, consistent with the model's behavior when it selects no features.

26Appendix Figure A.11 shows the hedge performance of a mimicking portfolio that includes Fama-French
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Figure 7: Hedging Biodiversity Risk Using the Factor Zoo

(a) Correlation Distribution

(b) Hedging Performance

Note: Panel (a) shows the histogram of the out-of-sample correlations for mimicking portfolios with AR(1)
innovations of the NYT-Biodiversity News Index using data from 2010 to 2023. The grey bars represent
mimicking portfolios built using each of the 212 characteristics. The red bar is the �Average: Rank-based
Portfolio�. Panel (b) shows the dot plot of monthly out-of-sample return correlations for various hedge
portfolios with AR(1) innovations of the NYT-Biodiversity News Index using data from 2010 to 2023. Each
dot represents one correlation coe�cient. The portfolios with blue labels are built based on the average of all
biodiversity risk measures, using ranking-based and value-based approaches. The portfolios with red labels
are the mimicking portfolios constructed with 24 industries, 212 characteristics, Fama-French Five Factors,
and Fama-French Three Factors, and estimated each month using a �ve-year rolling window.

Overall, we �nd that the returns of portfolios sorted on various measures of biodiversity

risk exposure covary positively with realizations of biodiversity news. These correlations are

generally statistically signi�cant and larger than correlations achievable using alternative

characteristics. These �ndings suggest that our measures of both risk and exposure are

reasonable, and that biodiversity risks are already re�ected in equity valuations.

factors in addition to our biodiversity-risk-sorted portfolios. When needing to estimate the loading on these
biodiversity-risk-sorted portfolios (and the Fama-French factors), the out-of-sample hedging performance
declines signi�cantly. Table 3 indicates that larger �rms and those with higher market-to-book ratios face
greater biodiversity risk, though this relationship was quite weak. Based on this prior, we also construct
portfolios long in small, low market-to-book �rms and short in their counterparts. Their near-zero or negative
correlations with biodiversity risk (Appendix Figure A.11) suggest that biodiversity risk is not simply a proxy
for size or value.
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Hedging Biodiversity Risk vs. Climate Risk. To further explore the similarities and

di�erences between climate and biodiversity risk, we also compute the monthly correlations

between the returns of the biodiversity risk hedge portfolios and climate risk realizations.

Speci�cally, column 2 of Table 5 reports the correlations between the various biodiversity

hedge portfolio returns and innovations in the NYT-Climate News index introduced in Sec-

tion 1. While our various biodiversity hedge portfolios perform well in terms of hedging

biodiversity risk, they have, on average, close-to-zero correlations with realizations of news

about climate risk. This is consistent with our �nding of distinct realizations of aggregate

climate and biodiversity risks, and the fact that climate and biodiversity risk exposures are

not strongly correlated at the industry level.

3.1 Robustness and Additional Analyses.

We conduct a number of additional analyses to con�rm the robustness of our baseline results

and to extend them further.

While our baseline hedge portfolios are constructed using biodiversity risk exposures

aggregated at the GICS 4-digit industry level, the underlying risk exposures based on 10-K,

CDP, and biodiversity ETF holdings are, in principle, available at the �rm level. To examine

the impact of hedge asset granularity on our results, Appendix Figure A.12 presents the

hedging performance of portfolios constructed with 72 GICS 6-digit industries and 175 GICS

8-digit industries. These portfolios are based on the average rankings across the 10-K, CDP,

and holding-based measures. While the hedge portfolios continue to perform reasonably

well with more �nely disaggregated assets, their performance diminishes somewhat as more

assets are included, highlighting the tradeo� between the noise in exposure estimation and

the ability to capture true di�erences in exposures within industries.

We also assess the hedging performance of our procedure under alternative dictionaries

used to �lter the textual data for constructing the aggregate biodiversity news series, as

described in footnote 8. The results, shown in Appendix Figure A.13, highlight that the

hedging ability of our portfolios remains similar when the dictionary is changed, though

they weaken somewhat when climate change words are included (because the news series

will then be more informative about climate events and less about biodiversity events).

In an extension to our baseline results, we show in Appendix Figure A.14 that in the

period 2000-2009, the hedging ability of the various portfolios is substantially weaker, and,

in many cases, nonexistent. This �nding is in line with the observation in other work that

�nancial markets paid little attention to climate and nature-related risks prior to 2010 (see

the discussions in Acharya et al. 2022, Alekseev et al. 2024). As a result, we would not have
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expected news realizations to lead to price movements of exposed �rms.

We also explore, in Appendix A.3, whether using the recent advances in large language

modeling can help us make progress in distinguishing physical and transition biodiversity risk.

As discussed above, this distinction is quite subtle and hard to detect using textual data:

for example, when policymakers act to reduce physical risks, they often create transition

risk. The Appendix uses LLM to try and disentangle the two types of risk both for the

aggregate news series and the �rm-level exposures. The results, while encouraging, are

somewhat mixed, suggesting that these tools need to be further re�ned before being able to

consistently distinguish physical and transition risks.

3.2 Survey Evidence on the Adequacy of Biodiversity Risk Pricing

While the prior section suggests that biodiversity risks are at least somewhat re�ected in

equity prices, it is less clear whether the current pricing is adequate to re�ect the underlying

risks. Answering this question is challenging, and requires taking a quantitative view on the

nature of the risks and the ways they would a�ect the cash �ows of di�erent �rms.

To provide some initial insights into this important question, we asked the respondents

to our survey whether they believed that prices across a range of asset classes appropriately

re�ected biodiversity risks. Table 6 highlights that about half of all survey respondents

believed that asset markets underpriced biodiversity risks across equity markets, commod-

ity markets, sovereign debt markets, and real estate markets (in addition, about 35% of

respondents had no particular views on the pricing of these risks, while fewer than 5% of

respondents believed that these risks were overpriced). These responses are consistent across

respondents from di�erent institutions and locations. We also �nd that people who are wor-

ried about biodiversity are more likely to believe that asset markets have not yet priced

biodiversity risks appropriately, while people with no concern think it is overpriced.

4 Conclusion

Ecosystem services play a fundamental role in the economy and risks stemming from bio-

diversity loss can a�ect �rms through many channels. Yet, those risks can be di�cult to

quantify and study systematically. The goal of this paper is to introduce measures of aggre-

gate biodiversity risk as well as measures of �rms' and industries' exposures to these risks; to

connect and validate these two; to study the pricing of biodiversity risks in �nancial markets;

and to publicly release our biodiversity exposure measures atwww.biodiversityrisk.org

to facilitate more research on this important topic.
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Table 6: Current pricing of biodiversity risks in asset markets

Role Location Biodiversity Concern

Pooled
Academic
Institution

Private
Sector

Public
Sector

North
America

Europe Asia ROW
Very
High

High Low
No

Concern

Stock Market (%)
Not enough 48 43 53 61 45 53 60 69 71 53 30 6
Correct 17 23 11 15 18 17 13 23 11 26 33 23
Too much 3 3 5 3 5 1 2 0 2 2 8 29
No opinion 32 31 32 21 33 28 25 9 16 19 29 42

Commodity Market (%)
Not enough 43 39 46 55 39 47 57 63 65 45 24 3
Correct 19 25 14 17 20 21 15 20 13 29 39 23
Too much 3 2 5 5 5 1 0 6 1 2 8 29
No opinion 35 35 35 22 36 30 28 11 20 24 29 45

Sovereign Debt Market (%)
Not enough 43 39 44 58 41 48 50 60 65 45 29 3
Correct 14 20 10 8 16 13 12 9 6 23 33 19
Too much 2 2 2 4 2 1 2 6 0 2 3 26
No opinion 41 39 44 30 41 38 37 26 29 30 35 52

Real Estate Market(%)
Not enough 46 42 48 61 45 51 53 54 66 51 32 3
Correct 16 22 12 9 17 15 13 20 10 23 32 29
Too much 2 1 3 3 2 2 0 3 0 1 5 26
No opinion 37 35 38 27 37 32 33 23 24 25 32 42

Note: Participants were asked: �To what extent do you think that physical or transition biodiversity risks are currently priced in the
following asset markets?�, where asset markets are either stock markets, real estate markets, commodity markets, or sovereign debt
markets.
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Given the complexity of biodiversity risk, our paper integrates multiple sources of infor-

mation�including textual data, cross-sectional pricing information, and survey evidence�and

develops methods to combine them into quantitative series that can be analyzed jointly. We

view this work as a starting point for quantitative analyses of biodiversity risk. Following

the research agenda described in Giglio et al. (2026), many extensions and re�nements could

be pursued, including the development of more advanced methods to measure biodiversity

risks using additional data sources, such as earnings calls; spatial measures of biodiversity

risk at the country and county level; an integrated study of the pricing of biodiversity risk

across asset classes; and a more sophisticated distinction between the e�ects and pricing of

transition and physical risks.

References

Acharya, V. V., Berner, R., Engle, R., Jung, H., Stroebel, J., Zeng, X. & Zhao, Y. (2023),

`Climate stress testing',Annual Review of Financial Economics15(1), 291�326.

Acharya, V. V., Giglio, S., Pastore, S., Stroebel, J., Tan, Z. & Yong, T. (2025), Climate

transition risks and the energy sector, Technical report, CESifo.

Acharya, V. V., Johnson, T., Sundaresan, S. & Tomunen, T. (2022), Is physical climate

risk priced? evidence from regional variation in exposure to heat stress, Technical report,

National Bureau of Economic Research.

Agarwala, M., Burke, M., Klusak, P., Kraemer, M. & Volz, U. (2022), `Nature loss and

sovereign credit ratings'.

Alekseev, G., Giglio, S., Maingi, Q., Selgrad, J. & Stroebel, J. (2024), A quantity-based

approach to constructing climate risk hedge portfolios, Technical report, National Bureau

of Economic Research.

Ardia, D., Bluteau, K., Boudt, K. & Inghelbrecht, K. (2023), `Climate change concerns and

the performance of green vs. brown stocks',Management Science69(12), 7607�7632.

Baldauf, M., Garlappi, L. & Yannelis, C. (2020), `Does climate change a�ect real estate

prices? only if you believe in it',The Review of Financial Studies33(3), 1256�1295.

URL: https://doi.org/10.1093/rfs/hhz073

Becker, A., Di Girolamo, F. E. & Rho, C. (2025), `Loan pricing and biodiversity exposure:

Nature-related spillovers to the �nancial sector',Research in International Business and

Finance 75, 102724.

36



Benjamini, Y. & Hochberg, Y. (1995), `Controlling the false discovery rate: a practical and

powerful approach to multiple testing', Journal of the Royal statistical society: series B

(Methodological)57(1), 289�300.

Bernstein, A., Gustafson, M. T. & Lewis, R. (2019), `Disaster on the horizon: the price e�ect

of sea level rise',Journal of Financial Economics134(2), 253�272.

URL: https://www.sciencedirect.com/science/article/pii/S0304405X19300807

Billio, M., Costola, M., Hristova, I., Latino, C. & Pelizzon, L. (2021), `Inside the esg rat-

ings:(dis) agreement and performance',Corporate Social Responsibility and Environmental

Management28(5), 1426�1445.

Bolton, P. & Kacperczyk, M. (2020), `Carbon premium around the world'.

Bolton, P. & Kacperczyk, M. (2021a), `Carbon disclosure and the cost of capital',Available

at SSRN 3755613.

Bolton, P. & Kacperczyk, M. (2021b), `Do investors care about carbon risk?',Journal of

�nancial economics 142(2), 517�549.

Bolton, P. & Kacperczyk, M. (2022), `Firm commitments'.

URL: https://papers.ssrn.com/abstract=3840813

Bolton, P. & Kacperczyk, M. (2023), `Global pricing of carbon-transition risk',The Journal

of Finance 78(6), 3677�3754.

Bouyé, E., Deguest, R., Jurczenko, E. & Teiletche, J. (2024), `Biodiversity and climate:

friends or foes?',Available at SSRN 4778320.

Bybee, J. L. (2023), `The ghost in the machine: generating beliefs with large language

models',arXiv preprint arXiv:2305.02823 .

Chen, A. Y. & Zimmermann, T. (2022), `Open source cross-sectional asset pricing',Critical

Finance Review27(2), 207�264.

Chen, F., Cong, M. C. L. W. & Ponticelli, H. G. J. (2023), `Pricing the priceless: The

�nancing cost of biodiversity conservation'.

Chen, Y., Kelly, B. T. & Xiu, D. (2022), `Expected returns and large language models',

Available at SSRN 4416687.

Cherief, A., Sekine, T. & Stagnol, L. (2022), `The market e�ect of acute biodiversity risk:

the case of corporate bonds',Available at SSRN 4288552.

37



Choi, D., Gao, Z. & Jiang, W. (2020), `Attention to Global Warming', The Review of Fi-

nancial Studies33(3), 1112�1145.

URL: https://doi.org/10.1093/rfs/hhz086

Coqueret, G., Giroux, T. & Zerbib, O. D. (2025), `The biodiversity premium',Ecological

Economics228, 108435.

Costanza, R., d'Arge, R., De Groot, R., Farber, S., Grasso, M., Hannon, B., Limburg, K.,

Naeem, S., O'neill, R. V., Paruelo, J. et al. (1997), `The value of the world's ecosystem

services and natural capital',nature 387(6630), 253�260.

Daily, G. C., Söderqvist, T., Aniyar, S., Arrow, K., Dasgupta, P., Ehrlich, P. R., Folke, C.,

Jansson, A., Jansson, B.-O., Kautsky, N. et al. (2000), `The value of nature and the nature

of value', Science289(5478), 395�396.

Daily, G. C. et al. (1997), `Introduction: what are ecosystem services',Nature's services:

Societal dependence on natural ecosystems1(1).

Dasgupta, P., Kinzig, A. P. & Perrings, C. (2013), `The value of biodiversity',Encyclopedia

of Biodiversity: Second Edition [Levin, S.(ed.)]. Academic Press, Elsevier, Massachusetts,

USA p. 5504.

de Boyrie, M. E. & Pavlova, I. (2020), `Analysing the link between environmental perfor-

mance and sovereign credit risk',Applied Economics52(54), 5949�5966.

URL: https://doi.org/10.1080/00036846.2020.1781772

Devlin, J., Chang, M.-W., Lee, K. & Toutanova, K. (2018), `Bert: Pre-training of deep

bidirectional transformers for language understanding',arXiv preprint arXiv:1810.04805.

Dietz, S. & Neumayer, E. (2007), `Weak and strong sustainability in the seea: Concepts and

measurement',Ecological economics61(4), 617�626.

Duarte, C. M., Holmer, M., Olsen, Y., Soto, D., Marbà, N., Guiu, J., Black, K. & Karakassis,

I. (2009), `Will the oceans help feed humanity?',BioScience59(11), 967�976.

Ekins, P., Simon, S., Deutsch, L., Folke, C. & De Groot, R. (2003), `A framework for the

practical application of the concepts of critical natural capital and strong sustainability',

Ecological economics44(2-3), 165�185.

Engle, R. F., Giglio, S., Kelly, B., Lee, H. & Stroebel, J. (2020), `Hedging climate change

news', The Review of Financial Studies33(3), 1184�1216.

38



Faccini, R., Matin, R. & Skiadopoulos, G. (2023), `Dissecting climate risks: Are they re�ected

in stock prices?',Journal of Banking & Finance155, 106948.

Finance for Biodiversity Foundation (2023), Top 10 biodiversity-impact ranking of company

industries, Technical report.

Garel, A., Romec, A., Sautner, Z. & Wagner, A. F. (2024), `Do investors care about biodi-

versity?', Review of Finance28(4), 1151�1186.

Garel, A., Romec, A., Sautner, Z. & Wagner, A. F. (2025), `Firm-level nature dependence',

European Corporate Governance Institute�Finance Working Paper Forthcoming.

Giglio, S., Kuchler, T., Stroebel, J. & Wang, O. (2024), The economics of biodiversity loss,

Technical report, National Bureau of Economic Research.

Giglio, S., Kuchler, T., Stroebel, J. & Wang, O. (2025), `Nature loss and climate change:

The twin-crises multiplier', AEA Papers and Proceedings115, 409�14.

URL: https://www.aeaweb.org/articles?id=10.1257/pandp.20251074

Giglio, S., Kuchler, T., Stroebel, J. & Wang, O. (2026), `Nature and biodiversity loss: A

research agenda for �nancial economics',Journal of Finance: Insights and Perspectives.

Giglio, S., Liao, Y. & Xiu, D. (2021), `Thousands of alpha tests',The Review of Financial

Studies34(7), 3456�3496.

Giglio, S., Maggiori, M., Rao, K., Stroebel, J. & Weber, A. (2021), `Climate change and

long-run discount rates: Evidence from real estate',The Review of Financial Studies

34(8), 3527�3571.

Giglio, S., Maggiori, M., Stroebel, J., Tan, Z., Utkus, S. & Xu, X. (2025), `Four facts about

esg beliefs and investor portfolios',Journal of Financial Economics164, 103984.

Giglio, S., Maggiori, M., Stroebel, J. & Utkus, S. (2021), `Five facts about beliefs and

portfolios', American Economic Review111(5), 1481�1522.

Giglio, S. & Xiu, D. (2021), `Asset pricing with omitted factors',Journal of Political Economy

129(7), 1947�1990.

Gjerde, S., Sautner, Z., Wagner, A. F. & Wegerich, A. (2025), `Corporate nature risk per-

ceptions', Available at SSRN.

39



Grippa, P., Schmittmann, J. & Suntheim, F. (2019), `Climate change and �nancial risk',

Finance & Development56(004).

URL: https://www.imf.org/en/Publications/fandd/issues/2019/12/climate-change-

central-Banks-and-�nancial-risk-grippa

Heal, G. M. (2000), `Nature and the marketplace: capturing the value of ecosystem services'.

Hoepner, A. G., Klausmann, J., Leippold, M. & Rillaerts, J. (2023), `Beyond climate: the

impact of biodiversity, water, and pollution on the cds term structure'.

Hong, H., Karolyi, G. A. & Scheinkman, J. A. (2020), `Climate �nance',The Review of

Financial Studies33(3), 1011�1023.

URL: https://doi.org/10.1093/rfs/hhz146

Hooper, D. U., Chapin III, F. S., Ewel, J. J., Hector, A., Inchausti, P., Lavorel, S., Lawton,

J. H., Lodge, D. M., Loreau, M., Naeem, S. et al. (2005), `E�ects of biodiversity on

ecosystem functioning: a consensus of current knowledge',Ecological monographs75(1), 3�

35.

Huang, Y., Créti, A., Jiang, B. & Sanin, M. E. (2024), `Biodiversity risk, �rm performance,

and market mispricing', Firm Performance, and Market Mispricing (February 1, 2024).

IFC (2019), `Biodiversity business risks'.

Ilhan, E., Krueger, P., Sautner, Z. & Starks, L. T. (2023), `Climate risk disclosure and

institutional investors', The Review of Financial Studies36(7), 2617�2650.

IPBES (2019), Summary for policymakers of the global assessment report on biodiversity

and ecosystem services, Technical report, Intergovernmental Science-Policy Platform on

Biodiversity and Ecosystem Services, Bonn, Germany.

Kalhoro, M. R. & Kyaw, K. (2024), `Manage biodiversity risk exposure?',Finance Research

Letters 61, 104989.

Karolyi, G. A. & Tobin-de la Puente, J. (2022), `Biodiversity �nance a call for research into

�nancing nature', Financial Management.

Li, K., Mai, F., Shen, R., Yang, C. & Zhang, T. (2023), `Dissecting corporate culture using

generative ai�insights from analyst reports',Available at SSRN 4558295.

40



Liang, J., Crowther, T. W., Picard, N., Wiser, S., Zhou, M., Alberti, G., Schulze, E.-D.,

McGuire, A. D., Bozzato, F., Pretzsch, H. et al. (2016), `Positive biodiversity-productivity

relationship predominant in global forests',Science354(6309), aaf8957.

Ma, F., Wu, H. & Zeng, Q. (2024), `Biodiversity and stock returns',International Review of

Financial Analysis p. 103386.

Magurran, A. E. (2021), `Measuring biological diversity',Current Biology 31(19), R1174�

R1177.

Na�a, H. & Czupy, G. (2024), `Biodiversity risk premium', Available at SSRN 4751958.

Newman, D. J. & Cragg, G. M. (2020), `Natural products as sources of new drugs over the

nearly four decades from 01/1981 to 09/2019',Journal of natural products83(3), 770�803.

OECD (2019), Biodiversity: Finance and the Economic and Business Case for Action.

URL: https://www.oecd-ilibrary.org/content/publication/a3147942-en

Pástor, L., Stambaugh, R. F. & Taylor, L. A. (2021), `Sustainable investing in equilibrium',

Journal of Financial Economics142(2), 550�571.

URL: https://www.sciencedirect.com/science/article/pii/S0304405X20303512

Pástor, L., Stambaugh, R. F. & Taylor, L. A. (2022), `Dissecting green returns',Journal of

Financial Economics146(2), 403�424.

Paul, C., Hanley, N., Meyer, S. T., Fürst, C., Weisser, W. W. & Knoke, T. (2020), `On

the functional relationship between biodiversity and economic value',Science Advances

6(5), eaax7712.

Porto, R. G., de Almeida, R. F., Cruz-Neto, O., Tabarelli, M., Viana, B. F., Peres, C. A. &

Lopes, A. V. (2020), `Pollination ecosystem services: A comprehensive review of economic

values, research funding and policy actions',Food Security12(6), 1425�1442.

Rizzi, C. (2022), `Nature as a defense from disasters: Natural capital and municipal bond

yields', Available at SSRN 4038371.

Sautner, Z., Van Lent, L., Vilkov, G. & Zhang, R. (2023a), `Firm-level climate change

exposure',The Journal of Finance78(3), 1449�1498.

Sautner, Z., Van Lent, L., Vilkov, G. & Zhang, R. (2023b), `Pricing climate change exposure',

Management Science.

41



Stecula, D. A. & Merkley, E. (2019), `Framing climate change: economics, ideology, and un-

certainty in american news media content from 1988 to 2014',Frontiers in Communication

4, 6.

Ste�an-Dewenter, I., Kessler, M., Barkmann, J., Bos, M. M., Buchori, D., Erasmi, S., Faust,

H., Gerold, G., Glenk, K., Gradstein, S. R. et al. (2007), `Tradeo�s between income, bio-

diversity, and ecosystem functioning during tropical rainforest conversion and agroforestry

intensi�cation', Proceedings of the National Academy of Sciences104(12), 4973�4978.

Stroebel, J. & Wurgler, J. (2021), `What do you think about climate �nance?',Journal of

Financial Economics142(2), 487�498.

Taskforce on Nature-related Financial Disclosures (2024), `Taskforce on nature-related �-

nancial disclosures (tnfd) recommendations'.

van Benthem, A. A., Crooks, E., Giglio, S., Schwob, E. & Stroebel, J. (2022), `The e�ect of

climate risks on the interactions between �nancial markets and energy companies',Nature

Energy 7(8), 690�697.

World Economic Forum (2022), `Nature risk rising: why the crisis engul�ng nature matters

for business and the economy'.

Xin, W., Grant, L., Groom, B. & Zhang, C. (2023), `Biodiversity confusion: the impact of

esg biodiversity ratings on asset prices',Available at SSRN 4540722.

Xiong, W. W. (2023), `The world market price of biodiversity risk', Available at SSRN

5043322.

42



A.1 Screenshots of Survey Flow

Figure A.1: Survey Introduction
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Figure A.2: General Information
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Figure A.3: Importance of Biodiversity Risk
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Figure A.4: Importance of Biodiversity Risk (Industry Exposure)
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Figure A.5: Pricing of Biodiversity Risks
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A.2 Appendix Figures and Tables

Figure A.6: Industry Rankings with Biodiversity Measures

(a) 10K-Biodiversity-Count Score

(b) 10K-Biodiversity-Negative Score
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Figure A.6: Industry Rankings with Biodiversity Measures (Cont.)

(c) 10K-Biodiversity-Regulation Score

(d) Holding-based Score
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Figure A.6: Industry Rankings with Biodiversity Measures (Cont.)

(e) CDP-based Score

Note: Panels (a), (b), and (c) display industry rankings based on the 10-K Biodiversity Count Score, 10-
K Biodiversity Negative Score, and 10-K Biodiversity Regulation Score, averaged from 2010 to 2023 and
weighted by �rm market capitalization. Panel (d) presents the Holding-based Score using data from Q4
2023. Panel (e) shows the CDP-based Score using data from 2023.
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