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Abstract

While investors increasingly view firm impacts on nature as financially material, quan-
tifying corporate biodiversity footprints remains challenging due to the complex nature
of biodiversity. We introduce an ecologically grounded, data-driven method for estimating
firm-level biodiversity footprints. We showcase our method by applying a spatial difference-
in-difference design to a data set combining 30m-resolution forest biodiversity data, water
pollution data by U.S. facilities, and hydrological model results. We find that toxic water re-
leases have an adverse effect on the downstream forest ecosystem, reducing the tree density
and its species diversity. A standard deviation increase in toxic effluent is associated with
a 7.5% decline in tree population in the immediate downstream area, with aggregate water
pollution leading to a total loss of 18 million trees over the seven-year sample period. A
facility’s biodiversity footprint is driven more by its siting in heavily forested areas than by
variations in effluent volume.
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1 Introduction

Throughout the 21st century, vertebrates have been driven to extinction at rates up to 100 times
larger than their historic levels and in 2019, the Intergovernmental Science-Policy Platform
on Biodiversity and Ecosystem Services’ (IPBES) Global Assessment revealed that at least one
million animal and plant species (roughly a ninth of all known species) are at risk of extinction
(IPBES, 2019; Ceballos et al., 2015). Concerns about the impact of biological degradation on
investment are growing, with 48% of companies in a 2025 survey of a large asset owner indicating
that they believe these losses are financially material (Gjerde et al., 2025). This has intensified
investor scrutiny of portfolio firms’ ecological impact, exemplified by the recent launch of the
Taskforce on Nature-related Financial Disclosures (TNFD), whose participating organizations
cover $22.4 trillion in assets under management. Simultaneously, firms increasingly fund
biodiversity conservation efforts, through means such as blended finance and biodiversity
finance (Flammer et al., 2024, 2025).

Central to these developments is the recognition that companies are susceptible to both phys-
ical and transition risks stemming from biodiversity loss. Physical risk arises from a company’s
reliance on nature within its supply chains and the vulnerabilities stemming from ecosystem
degradation. Transition risk, by contrast, results from shifts in regulation, consumer prefer-
ences, or investor sentiment regarding biodiversity that may adversely affect the firm. Despite
increasing investor demand for clarity, characterizing these risks remains difficult, primarily
due to biodiversity’s multifaceted nature and a lack of standardized data or measurements
(Gjerde et al., 2025). In this data-constrained landscape, researchers have proposed various
proxies for transition risk, each with its own strengths and weaknesses. Garel et al. (2024) and
Coqueret et al. (2025) rely on the “Corporate Biodiversity Footprint” from the Iceberg DataLab,
based on proprietary process-based models that couple firm pollution to a specific ecological
index (“Mean Species Abundance,” MSA). In contrast, Akbari et al. (2025) introduce the “Cor-
porate Biodiversity Exposure” metric, which calculates the number of protected areas within a
30km buffer of a company’s production sites, while Giglio et al. (2025) employ textual analysis
of 10-K filings to quantify references to biodiversity in corporate disclosures.

Building on the existing suite of metrics, we present an ecologically grounded metric of
a firm’s biodiversity impact that aligns with the established indicators used by ecologists to
directly characterize biodiversity such as species richness, species evenness, or the Shannon-
Wiener diversity index (Shannon, 1948; Pielou, 1966). By integrating 30m-resolution forest
biodiversity data with toxic effluent records and hydrological models, we analyze the spa-
tially heterogeneous effects of industrial discharge on downstream environments. Our spatial
difference-in-differences method accounts for forest location-specific and polluting facility-
specific factors that drive biodiversity losses by using pixels immediately upstream of the
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facilities as the control group, and by including a rich set of fixed effects and covariates.

We motivate our focus on water pollution and tree biodiversity by briefly surveying the
relevant ecological literature. Contrary to the literature’s strong focus on carbon and air pollu-
tion, we highlight that water pollution has an acute impact on organisms at local scales. Unlike
air pollution, which diffuses rapidly across space, chemical stressors introduced via industrial
effluent remain localized within the specific hydrological networks that facilities discharge into.
These pollutants exert significant chronic pressure on vegetation through toxicological stress
(affecting both the trees directly and their symbiotic microbial communities) and the general
degradation of the abiotic environment. We also note that while tree diversity does not encom-
pass the full spectrum of local biodiversity, it serves as a vital proxy for one. As “ecosystem
engineers” and the dominant primary producers in forested systems, their health dictates the
viability of the broader habitat. Ecological research demonstrates that the diversity of higher
trophic levels, particularly herbaceous insects, is fundamentally constrained by the diversity of
the plant community (Bernays and Chapman, 1994; Tilman et al., 1997; O’Brien et al., 2017).
Hence, changes in the plant community will reverberate throughout the broader ecosystem.

Our empirical analysis reveals that surface water pollution leads to significant deteriora-
tion in the balance between tree species population, as measured by an ecological index of
“species evenness” which captures the relative abundance of different species of trees. The
results also suggest that toxic effluent significantly reduce the number of trees per area at the
polluting facilities’ immediate downstream, with a standard deviation increase in pollution
being associated with 7.5% drop in population per area. To the best of our knowledge, this is
the first reduced-form study to evaluate the impact of water pollution on observed biodiversity
outcomes.

Additional results point to important nuances on the role of pollution and, in general, the
complexity of ecosystem responses to firm activity. Importantly, we find that the reductions
in tree population are not coupled with a loss in the embodied carbon of the forest–a result
explained by increases in average tree size. The biodiversity effects of pollution are also spatially
heterogeneous, with most of the population impact being focused on the first two kilometers
downstream of the facility, versus the species evenness effect extending further downstream.
We also find that the effect of water pollution depends on the chemical nature of the pollutants:
the biodiversity impact is driven by non-nitrogenous pollutants.

We use the reduced-form coefficient estimates to compute a data-driven measure of plant-
level biodiversity footprint. We find that industrial water pollution throughout our 7-year
sample period has resulted in a loss of 18 million trees. The plant-level biodiversity footprint
is strongly driven by the placement of plants in heavily forested areas, and to a lesser extent
by variations in the volume of toxic effluent. The biodiversity impact is dominated by the
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manufacturing sector, notably by facilities producing paper, chemicals, wood products, food,
and petroleum and coal products.

Our high resolution data-based approach to estimating firm biodiversity impact differs from
existing metrics of biodiversity footprint in that it is entirely data-driven; the estimates do not
rely on process-based models that map pollution to a single biodiversity metric (e.g., “Mean
Species Abundance” for Garel et al., 2024; Coqueret et al., 2025).1 This reduced-form approach is
even more valuable considering the multifaceted nature of biodiversity–unlike climate pollution
(with its uniformly applicable metric of CO2 equivalent emissions), an equivalent “unit of
nature” does not exist (Wauchope et al., 2024; Gjerde et al., 2025). A comprehensive analysis
of firm biodiversity footprint thus requires estimations over multiple outcome variables–a task
greatly facilitated by gridded ecological data, which allows the researcher to calculate numerous
well-established measures of biodiversity (e.g., Shannon’s Diversity Index, see Section 2.1).

Further, the gridded ecological data, which we demonstrate in this paper, are public and
developed independently from the polluting firms. This distinguishes the approach from text
and self disclosure-based measures (e.g., Giglio et al., 2025). The metric also does not require
the realization of transition risk into actual conservation policies for its measurement, contrary
to Akbari et al. (2025), which captures firms’ exposure to ecologically protected area policies,
posterior to their imposition. Importantly, we emphasize that the data’s use case is not confined
to adverse impacts on biodiversity, but also could be extended to beneficial impacts, such as
through firm-financed biodiversity credit projects. The high-resolution gridded data can also
be used to calculate the physical risk from biodiversity loss, which is of more interest to firms
than transition risk (Gjerde et al., 2025).

More broadly, this study also adds to the broader climate and sustainable finance literature by
focusing on a relatively understudied aspect of firms’ environmental footprint: water pollution.
While most studies in this field (e.g., Hsu et al., 2023; Bolton and Kacperczyk, 2023) have been
focused on air pollution and carbon pollution, our results suggest that for biodiversity, releases
of toxic pollutants into surface water can have detrimental effects.

The paper also contributes to the limited empirical reduced-form literature on the economics
of water quality policy (Keiser and Shapiro, 2019b; Paudel and Crago, 2021). Contrary to air
quality policies, there has been limited studies that estimate the full spectrum of benefits
that water quality improvements can confer (Keiser et al., 2019). Our study fills this gap by
presenting the first reduced-form estimate of water quality’s biodiversity impact. A prior
“contingent valuation” study, which elicit stated preference from surveys, has found sizable

1The difference between our reduced-form approach and the life cycle assessment (LCA) model-based estimates
from Garel et al. (2024); Coqueret et al. (2025) resembles the difference between reduced-form estimates and
integrated assessment models in water pollution (Keiser et al., 2019) and in climate policy (Nordhaus, 1993;
Pindyck, 2019).
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non-market value of such ecological impacts of water quality (Vossler et al., 2023). Our empirical
strategy comparing upstream to downstream pixels builds on similar methods introduced by
Keiser and Shapiro (2019a) and Keiser (2019), which were focused on hedonic estimates of water
quality policy’s benefits.

Lastly, we add to the ecological literature on the impact of water pollution on neighboring
ecosystems (Hamdhani et al., 2020). Relatively few studies have directly examined how indus-
trial effluent affects terrestrial tree diversity, with most prior work instead focusing on aquatic
ecosystems. Existing studies find greater primary producer (i.e., plants, algae, and bacteria)
biomass and decreased fish biodiversity with larger effluent releases (Murdock et al., 2004;
Gücker et al., 2006; Birge et al., 1989; Gafny et al., 2000). We extend this literature by analyz-
ing the effects of industrial effluent on terrestrial forest ecosystems. Moreover, by leveraging
spatially extensive data covering the contiguous United States, our study moves beyond site-
specific case studies to assess whether localized ecological responses generalize across diverse
forest types, hydrological contexts, and industrial settings.

The remainder of the paper is structured as follows. Section 2 discusses the fundamentals of
biodiversity, its relationship with water pollution, and the recent advances in high-resolution
biodiversity data. Section 3 presents the data and empirical strategy used in assessing the effect
of pollution on forest biodiversity. Section 4 discusses the empirical results; Section 5 concludes.

2 Background

2.1 Biodiversity and water pollution

2.1.1 Biodiversity: Definition and measurement

According to the Dasgupta Review (Dasgupta, 2021), “biodiversity” encompasses the variety of
life in all its forms and at all levels including: genes (the genetic material within individuals),
species (populations capable of producing fertile offspring), and ecosystems (communities of
organisms and their abiotic environment). While this definition is broad, our analysis focuses
specifically on the diversity between species (interspecific diversity) and the diversity among
individuals of the same species (intraspecific diversity).

Interspecific diversity consists of two fundamental dimensions: species richness (the num-
ber of unique species in an area) and species evenness (the relative abundances of those species).
These dimensions can characterize biodiversity in fundamentally different ways: species rich-
ness captures changes in community membership through colonizations and extinctions and
is therefore a central focus of conservation biology. However, richness alone provides lim-
ited information about the biomass, primary production, or competitive interactions within
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an ecosystem. For example, an ecosystem may exhibit high species richness even when it is
dominated by a single species. In such cases, high richness can mask underlying ecological
degradation when the ecological community’s functions becomes disproportionately reliant on
a small subset of species.

By contrast, species evenness reflects the extent to which individual abundances are domi-
nated by a few species. Changes in evenness within groups of organisms that perform similar
ecological roles (i.e. functional groups) reflect shifts in dominance and competitive balance
among species and can occur even in the absence of local species loss. This makes evenness
particularly informative about compositional change and ecological stress. However, evenness
alone is insufficient as a singular metric of biodiversity because it is conditional on species
richness: a community composed of a single species is perfectly even by definition, yet lacks
functional redundancy and trophic complexity. Evenness therefore conveys information about
balance among existing species, but not about the breadth of ecological roles present.

As such, the ecological literature has long recognized the importance of considering both
richness and evenness in characterizing biodiversity. Several indexes synthesize these two
dimensions into a single measure, but we focus on the two most widely used metrics: the
Shannon–Wiener Diversity Index 𝐻 and Simpson’s Diversity Index 𝐷 (Shannon, 1948; Simpson,
1949). These are calculated as follows:

Shannon-Wiener Diversity Index: 𝐻 = −
𝑆∑
𝑖=1

𝑝𝑖 log(𝑝𝑖) (1)

Simpson’s Diversity Index: 𝐷 = 1 −
∑𝑆

𝑖=1 𝑛𝑖(𝑛𝑖 − 1)
𝑁(𝑁 − 1) (2)

where 𝑆 denotes species richness (the total number of unique species), 𝑛𝑖 represents the number
of individuals belonging to species 𝑖, and 𝑁 =

∑
𝑛𝑖 is the total number of individuals across

all species. The term 𝑝𝑖 =
𝑛𝑖

𝑁 represents the relative size of abundance (i.e., population) of
species 𝑖 within the community. for what Although both indexes combine information on
richness and evenness, they differ fundamentally in how they weight species abundances
(species population). The Shannon–Wiener index places relatively greater weight on rare
species, making it sensitive to the gain or loss of rare species. By contrast, Simpson’s index places
greater weight on common species and is therefore more responsive to shifts in dominance
among the most abundant species.2

2Although the two indices are frequently highly correlated in empirical applications, divergence between
them can nonetheless provide diagnostic insight into patterns of community restructuring. An increase in Shan-
non–Wiener diversity without a corresponding increase in Simpson’s diversity indicates that gains in biodiversity
are primarily driven by the colonization or proliferation of rare species. Conversely, a decline in Simpson’s diversity
accompanied by relatively smaller changes in the Shannon–Wiener index indicates increasing dominance by one
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Lastly, the Shannon-Wiener index can be normalized to yield Pielou’s Evenness Index
(Pielou, 1966):

Pielou’s Evenness Index 𝐽 =
𝐻

log(𝑆) (3)

Pielou’s index isolates the evenness component of diversity by removing the influence of
species richness, allowing changes in relative abundances to be examined directly. Unlike Shan-
non–Wiener and Simpson’s indices, which jointly reflect richness and evenness, Pielou’s index
provides a complementary measure of compositional balance that is particularly informative
when species richness remains stable.

By employing this suite of complementary metrics (species richness, Shannon–Wiener diver-
sity, Simpson’s diversity, and Pielou’s evenness) we ensure that our analysis captures multiple
relevant dimensions of biodiversity. Evaluating these outcomes in tandem allows us to better
characterize the mechanisms underpinning the structural evolution of the community, reveal-
ing whether ecological shifts are occurring through changes in species occupancy or through
shifts in competitive dominance that alter the community’s internal balance.

2.1.2 Importance of forest biodiversity

This study focuses on the diversity of trees in forested ecosystems. While tree diversity is admit-
tedly distinct from total biodiversity, it serves as a foundational proxy for the health of forested
ecosystems broadly. As the dominant primary producers and structural engineers of the forest,
trees exert strong bottom-up control over the broader community. This relationship is formal-
ized in the classical ecological literature on the habitat heterogeneity hypothesis, which posits
that structurally complex vegetation provides a wider array of niches (ranging from canopy
nesting sites to specific leaf-litter compositions), thereby supporting a more diverse community
of invertebrates, birds, and mammals (MacArthur and MacArthur, 1961; MacArthur, 1972; Baz-
zaz, 1975; Tews et al., 2004). Moreover, because many herbivorous insects exhibit high host-plant
specificity, the diversity of insect communities is frequently constrained by plant community
diversity (Strong et al., 1984; Bernays and Chapman, 1994; Siemann et al., 1998; O’Brien et al.,
2017). Since these invertebrates often form the basis of the food web, a collapse or simplification
of tree diversity can create a bottleneck that limits diversity among other organisms. Thus,
while tree biodiversity metrics do not capture every dimension of biodiversity, they represent
the necessary structural precondition for a diverse forest ecosystem.

Additionally, tree diversity governs the stability of forest ecosystem services–the economic
benefits conferred by forests (Heal, 2000). In low-diversity systems, particularly monocultures,
the ecosystem lacks functional redundancy; the loss of a dominant species can lead to a collapse

or a few common species, consistent with growing competitive imbalance.
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in ecosystem functioning (Solan et al., 2004; Bunker et al., 2005). Monocultures may maximize
the production of a specific timber product, but they carry risk regarding disease, pests, and
climate stress. Higher diversity mitigates these risks through “compensatory growth,” ensuring
that the aggregate biomass and service provision remain stable even if individual species
decline. Additionally, mixed-species forests have been shown to sequester carbon more reliably
and support broader biodiversity among other organisms (e.g., birds and soil microorganisms)
than their monoculture counterparts (Gamfeldt et al., 2013; Jucker et al., 2014; Liang et al., 2016).

2.1.3 Surface water pollution and forest biodiversity

Industrial effluent introduces a suite of chemical stressors such as heavy metals, water-soluble
organic compounds, and inorganic effluent constituents such as salts and acids into the hy-
drological systems that support forest ecosystems. Unlike agricultural runoff, which primarily
affects forests through nutrient enrichment in nitrogen or phosphorus, industrial effluent in-
fluences forest biodiversity largely through toxicological stress and degradation of the abiotic
environment.

At the individual tree level, these pollutants impose severe physiological strain on trees
through multiple pathways. One major pathway is the inhibition of photosynthesis. Heavy
metals such as cadmium and copper can induce chlorosis (leaf yellowing) which impairs a
plant’s ability to capture solar energy and hence its ability to accumulate biomass (Marschner,
2011; John et al., 2009; Ghori et al., 2019). Additionally, exposure to organic industrial pollutants
can elevate the production of reactive oxygen species, leading to oxidative damage of cellular
membranes and proteins and forcing plants to divert metabolic resources from growth toward
detoxification and repair processes (Schutzendubel and Polle, 2002). A second pathway operates
through disruption of water uptake. Elevated concentrations of industrial salts and metals
can damage fine root hairs and alter soil osmotic potential, impairing a tree’s capacity to
absorb water (Barceló and Poschenrieder, 1990; Munns and Tester, 2008). A third pathway is
“crown dieback.” Chronic exposure to industrial contaminants has been associated with the
progressive mortality of distal twigs (a tree’s outermost branch sections), branches, and fine
roots, particularly in forests exposed to sustained metal deposition (Gawel et al., 1996).

Mortality resulting from these stressors is rarely uniform. Instead, it disproportionately
affects individuals with less stored energy and species with limited physiological tolerance,
effectively pruning forest stands of less resilient taxa. Because TRI-listed substances (such
as lead, mercury, and chromium) exhibit heterogeneous toxicity across plant species, chronic
exposure acts as a physiological filter. Over time, this selective pressure reduces species richness
as sensitive, often rare, taxa are eliminated while more tolerant species persist.

Beyond their direct effects on trees, industrial pollutants also exert substantial indirect
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impacts through soil microbial communities. Forest biodiversity depends critically on below-
ground symbiotic relationships, particularly those involving mycorrhizal fungi (Van Der Heĳ-
den et al., 1998). Industrial contaminants can alter soil pH and salinity or directly kill mycor-
rhizal fungi, disrupting nutrient acquisition and further compounding stress on forest vegeta-
tion (Giller et al., 1998; Schutzendubel and Polle, 2002).

2.2 Biodiversity data: A brief survey and application to biodiversity finance

As alluded to earlier, remarkable progress has been made in the availability of ecological data
capturing biodiversity at fine spatial scales (Burgess et al., 2024). The biodiversity data sets
differ in their generation process, temporal coverage, and the specific aspects of biodiversity
covered.

The four panels of Table 1 correspond to the broad categories into which such biodiversity
data fall. The first type, exemplified by the Biodiversity Intactness Index (BII, Newbold et al.,
2016), provide model-based predictions of local biodiversity at fine spatial resolution. Such
models are fitted on ecological data (e.g., abundance of specific taxon) from numerous peer-
reviewed studies, with anthropogenic sources of biodiversity pressure (e.g., land-use change)
as predictor variables. The models are then extrapolated to the entire globe.

To the extent that they are cross-sectional in nature, the first type of data sets are very useful in
capturing between-firm variation in biodiversity impact. Nevertheless, this precise nature of the
data limits their use for reduced-form estimations of firm impact, absent plausibly exogenous
cross-sectional variations in firm activity. More importantly, considerable attention to the
assumptions implicit in the data is in order. For example, both BII and Mean Species Abundance
(MSA) data are based on models that take only abundance, not richness, as the outcome
variable. The two models also do not distinguish species based on their conservation status,
weighing critically endangered and non-threatened species equally. Using such data to capture
biodiversity may not be appropriate when the firm activity is expected to disproportionately
affect vulnerable species, or primarily affect species richness and evenness, while not altering
the population size.

The second type of data (panel B, Table 1) obtain gridded estimates of biodiversity by directly
relying on ecological surveys. For example, eBird Status and Trends data sets rely on citizen
science submissions of bird observations to estimate species-specific trends in population and
in their range (Fink et al., 2020, 2023). They overcome well-known challenges in using citizen-
science data (Johnston et al., 2023) by focusing on research-grade observations and by explicitly
taking into account observer efforts in modeling species abundance–resulting in 3km to 27km
grid-level estimates of bird species’ population and their trends. Similarly, TreeMap (Riley
et al., 2022) provides 30m pixel-level estimate of tree species composition and other forest
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Table 1. Examples of high-resolution biodiversity data

Name Spatial Coverage
and resolution

Original data source
for biodiversity

Temporal cov-
erage and Res-
olution

Measures abun-
dance/richness?

Weigh species ac-
cording to conserva-
tion status?

Reference

A. Model-based/predicted global biodiversity products

Biodiversity Intact-
ness Index (BII)

Global, 1km Global site-level sur-
veys

2015, cross-
sectional

Yes/No No Scholes and Biggs
(2005); Newbold et
al. (2016)

Mean Species Abun-
dance (MSA)

Global, 300m Global site-level sur-
veys

2015, cross-
sectional

Yes/No No Schipper et al. (2020)

Species threat abate-
ment and restora-
tion (STAR)

Global, 5km IUCN Red List range 2015, cross-
sectional

Yes/Yes, indirectly† Yes Mair et al. (2021)

B. Ecological survey-based gridded biodiversity products

eBird Trends Global, 27km Citizen science (eBird
research quality ob-
servations)

2012-2021
trend, 2013-
2022 trend

Yes/Yes* Yes** Fink et al. (2023)

eBird Status Global, 3km Citizen science (eBird
research quality ob-
servations)

2021-, annual Yes/Yes* Yes** Fink et al. (2020)

TreeMap (used in
this paper)

Continental U.S.,
30m

U.S. Forest Service’s
Forest Inventory and
Analysis surveys

2016, 2020,
2022, annual

Yes/Yes Yes** Riley et al. (2022)

C. Ecological surveys at fixed sites

Continued on next page

9



Table 1 – continued from previous page

Name Spatial Coverage
and resolution

Original data source
for biodiversity

Temporal cov-
erage and Res-
olution

Measures abun-
dance/richness?

Weigh species ac-
cording to conserva-
tion status?

Reference

North American
Breeding Bird Sur-
vey

North America,
∼ 5,000 routes

Bird identification by
trained volunteers
along vehicle routes

1966-, annual Yes/Yes* Yes** Sauer et al. (2017)

ORSANCO Fish
Population

Ohio River, 18
sites

Fish population and
biotic conditions sur-
veys

1957-, annual Yes/Yes* Yes** Ohio River Valley Wa-
ter Sanitation Commis-
sion (ORSANCO)

D. Raw species occurrence data/expert range estimates

IUCN Red List
Range

Global, Polygons Expert consensus Range map
updated upon
regular review

Yes/Yes, indirectly† Yes IUCN (2024)

Global Biodiversity
Information Facility
(GBIF)

Global, Points
(cleaning and
bias correction
required)

Numerous reports of
species occurrence
(peer-reviewed &
citizen science)

Reports added
upon registra-
tion

No/Yes* Yes** GBIF (2025)

Note: Table presents a survey of biodiversity data that can be used to assess firm impact on local biodiversity. The table is not exhaustive, and we
exclude products with spatial resolution insufficient for local biodiversity impact analysis (coarser than 0.25◦, approximately 27km at equator, or
products only available at the country level). † = Does not provide abundance or richness metrics, but provide species-specific data (which can
be aggregated to calculate richness), and capture abundance by species-specific risk of extinction. *=Provides species-specific abundance, can be
aggregated to obtain species richness and other biodiversity metrics (e.g., Shannon’s Diversity). **=Provides species-specific data, can be weighted
with rarity. IUCN = International Union for Conservation of Nature, ORSANCO = Ohio River Valley Water Sanitation Commission.
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characteristics (e.g., biomass per area) using decades-long ecological surveys from the United
States Forest Service.

Unlike model-based predictions, such survey-based gridded products provide a more direct
measurement of biodiversity. This is because their species-level data can be used to compute
well-known metrics of species biodiversity, such as the Shannon-Wiener Index, Simpson’s Index,
and Gini coefficients, and can also be used to assess heterogeneous impacts of firm activity
across different species. Nevertheless, they are often limited in their temporal resolution (e.g.,
generated every 2-4 years for TreeMap) and in their taxa coverage. Such data sets are hence
useful when variations in the measured taxon’s biodiversity sufficiently capture the effect of
firm activity in question.

In a similar vein, the third type of data (panel C) provide spatially constrained yet temporally
extensive snapshots of local biodiversity, with many data sets spanning several decades. A
careful empirical strategy that compares within-site, intertemporal variation in exposure to
firm activities (e.g., firm pollution) to that of outcomes observed in the fixed sites could reveal
the biodiversity impact of firm behavior.

Lastly, raw data on species presence and expert-based species-specific range estimates (panel
D) provide essential data on presence of different species across the globe. Carefully combined
with data sets on the biotic and abiotic conditions of the reported locations, the species presence
data can be used to construct species distribution models (SDMs) which capture the suitability
of locations to individual species (Araújo et al., 2019). However, species presence data require
considerable data cleaning (Zizka et al., 2019), and the data by definition do not include non-
presence; the absence of records cannot be interpreted as true absence of the species. The
number of observations per se also cannot be treated as an unbiased estimate of abundance, as
evidenced in the “data voids” in the tropics (Meyer et al., 2015).

This paper showcases how the second type of biodiversity data (panel B) can be used as
outcome variable to assess the impact of toxic water pollution on local forest biodiversity. We
leave the application of other forms of ecological data in Table 1 to future studies.

3 Data and Empirical Strategy

3.1 Data

3.1.1 Gridded forest biodiversity data

Forest biodiversity data were derived from TreeMap 2016 (Riley et al., 2021) and TreeMap 2022
(Houtman et al., 2025), which apply the imputation methods of Riley et al. (2022) to generate a
30-m resolution dataset for the United States. Using a random forest algorithm, TreeMap 2016
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and 2022 impute US Forest Service Forest Inventory and Analysis (FIA, Bechtold and Patterson,
2005) plots to 30m grid cells based on environmental similarity. Consequently, each pixel is
assigned a specific FIA plot, inheriting detailed tree-level attributes (e.g., species, abundance,
diameter, height, vital status) and plot-level topographic variables (e.g., slope, aspect, elevation).

We use tree-level species data to compute different indexes of biodiversity, such as richness,
the Shannon-Wiener Diversity Index, and Pielou’s Evenness Index (Section 2.2). We also refer
to other variables obtained from FIA plot data, such as aboveground biomass density and trees
per acre.

3.1.2 Toxic releases inventory and ecotoxicity

We obtain data on facility-level toxic pollutant releases from the U.S. Environmental Protection
Agency’s (EPA) Toxic Release Inventory (TRI). Contrary to prior studies which focused on
human health outcomes (Xu and Kim, 2022; Hsu et al., 2023) and hence focused on air pollution
(or took the sum of all different forms of emission), we follow the ecological literature (Section
2.1) to focus on surfacewater releases. In accordance with forest biodiversity data, we compute
for each plant and chemical the total mass of pollutants released into streamwater over the
period of 2017 to 2022. While we focus on all 274 chemicals emitted over this period, in order
to make the hydrological model runs more tractable (see below), we limit our sample to 1,037
facilities whose emissions cover at least 90% of emissions for all chemicals.3

In aggregating the annual TRI facility-chemical releases to the facility-year level, we note that
different chemicals can have vastly different effects on the freshwater ecosystem. In particular,
biologically active, water-soluble nitrogen emitted in forms of nitrate compounds, ammonia,
and nitric acid can cause eutrophication, all the while having a fertilizing effect on neighbor-
ing plants if released in moderation (Odum et al., 1979; Camargo and Alonso, 2006). Further,
non-nitrogenous molecules possess different toxicity, with some elements (e.g., mercury) hav-
ing orders of magnitude larger effect per mass on aquatic organisms and plants than more
commonly found components (e.g., zinc).

We thus separate nitrogenous chemicals from non-nitrogenous chemicals, and weight the
latter using the ecotoxicological characteristic factor (CF) for individual chemicals, obtained
from EPA’s Tool for the Reduction and Assessment of Chemical and Other Environmental
Impacts (TRACI v2.1, Bare, 2011). The CF, which is outcome-and emission medium-specific,
captures the impact of a unit mass emission of individual chemicals to a specific medium.
We use CF estimates for “freshwater” medium and “ecotoxicity” outcome. For nitrogenous

3To be more precise, we start by choosing top 10% facilities for each chemicals. As many facilities have zero
emissions for many chemicals, this leads to covering 100% of emissions for 190 chemicals. 72 chemicals have
between 90% to 100% of their emissions covered. For the remaining 12 chemicals, we include additional facilities
until we reach the 90% mark.
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emissions (from nitrate, ammonia, and nitric acid), we use molecular weight of the compounds
to obtain the emissions that belong to nitrogen molecules4.

3.1.3 Hydrological model data

For each of the 1,037 TRI facilities releasing toxic water pollutants, we identify the upstream
and downstream pixels by using the EPA’s National Hydrography Dataset Plus (NHDPlus,
U.S. Environmental Protection Agency and U.S. Geological Survey, 2012). NHDPlus divides
the rivers of the U.S. into short “flowlines” and categorizes them into different hierarchies (i.e.,
either belonging to the main river or its tributary).

We linked facilities to the stream network by following the NHDPlus digital elevation model
from the facility coordinate (obtained from TRI) to the nearest downslope flowline (“initial
flowline”). We then retrieve from NHDPlus the flowlines 150 km upstream and downstream of
the initial flowline. NHDPlus contains additional data on the hydrologic characteristics (e.g.,
stream order, length, area, velocity) of the flowlines. The flowlines were spatially unioned into
facility-level network geometries and buffered by 500 m. We defined the treatment group as
pixels located within the downstream buffer and the control group as pixels located within the
upstream buffer.

Figure 1 demonstrates the usage of NHDPlus data to identify treatment and control pixels,
for a TRI facility in Cordova, Illinois. The grey dot represents the facility in question, with the
neighboring grey line representing the initial flowline. The pixels that are within the buffer
of the red (downstream) flowlines are assigned “treatment,” while those in the blue buffer
(upstream) are “control” pixels.

Note that the above mentioned method assumes that the TRI facility coordinates are good
approximations of the outfall of the effluent (i.e., the exact points at which the effluent is released
into the streams). While individually verifying the point of release is challenging due to the
inconsistent availability of precise outfall coordinates in the EPA’s National Pollutant Discharge
Elimination System (NPDES), a verifying exercise of a subset of facilities suggest that the spatial
offsets between the facility coordinates and their outfall were minimal.

3.2 Empirical strategy

We combine data sets on toxic surfacewater releases, forest biodiversity, and hydrological
model results to construct a repeated-observation data set of total water pollution, the exposure

4In practice, nitrate (NO−
3 ), ammonia (NH3), and nitric acid (HNO3) can be emitted in combination with other

molecules–nitrate, for example, in the form of sodium nitrate (NaNO3). EPA mandates the plants to report the
share of emission that belongs to nitrate only in such cases (EPA, 2000). This allows us to reverse engineer the
moles of NO−

3 , NH3, and HNO3 from their releases data, using their molecular weight (62.01g/mol, 17.03g/mol,
and 63.01g/mol). This represents the moles of nitrogen molecule released.
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Figure 1. Forest biodiversity and streamflow around a polluting facility in Cordova, IL
Notes: Figure illustrates the processes underlying the combination of hydrological model data, water pollution
data, and forest biodiversity data. The dot in grey, and flowline adjacent to it, represent a chemical manufacturing
facility in Cordova, Illinois, and the closest NHDPlus (U.S. Environmental Protection Agency and U.S. Geological
Survey, 2012) flowline downslope from the facility, respectively. 30m forested pixels from TreeMap (Riley et al.,
2021) shown in green, with darker colors representing higher species diversity (calculated from equation (1)). Red
and blue flowlines represent downstream and upstream flowlines, with their 500m buffers shown. The pixels
within the 500m buffer of the donwstream lines are assigned “treatment” status, while those in the buffer of
upstream lines are “control” pixels. Assignment is limited to pixels within 10km radius of the facility (shown in
circle).

to such pollution, and shifts in forest biodiversity. We employ spatial difference-in-difference
methods in the spirit of Keiser and Shapiro (2019a) and Keiser (2019) and assign upstream
and downstream TreeMap pixels as “control” and “treatment” units, where the intensity of
treatment is defined by the degree of water pollution. We capture the full spatial heterogeneity
in pollutant’s effects by dividing different pixels into distance bins.
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Our reduced-form equation of interest is:

Δ𝑌𝑘 𝑓 =

∑
𝑘≠0

𝛽𝑘 log(WaterPollution 𝑓 )1[Bin𝑖 𝑓 = 𝑘] + 𝑋′
𝑘 𝑓𝜆𝑘 𝑓 + 𝛼 𝑓 + 𝛿𝑘 + 𝜀𝑖 𝑓 (4)

where Δ𝑌𝑘 𝑓 is the change in biodiversity outcome, between 2022 and 2016, for pixels in distance
bin 𝑘 for TRI facility 𝑓 . WaterPollution 𝑓 is the amount of (either nitrogenous or non-nitrogenous)
surfacewater emission for facility 𝑓 , between 2017 and 2022. The reference distance bin, denoted
as 𝑘 = 0, is the bin 0 to 1km upstream of the facility. We include pixels up to 10km upstream,
𝑘 = −1,−2, . . . ,−9, and up to 10km downstream, 𝑘 = 1, . . . , 10. The 𝛽𝑘 estimates for 𝑘 > 0
hence capture the marginal effect of water pollution on the changes in biodiversity outcome
in pixels 𝑘 kilometers downstream from the facility, relative to those immediately upstream
of the facility. 𝛽𝑘 for 𝑘 < 0 in turn captures the effect on upstream pixels, akin to pre-trend
terms in event-study methods. The difference-in-differences nature of model (4) controls for
facility-bin-specific characteristics that define their baseline levels of biodiversity.

We employ a rich set of fixed effects and covariates to account for various confounders.
The facility fixed effect 𝛼 𝑓 capture facility-specific shocks between 2016 and 2022, while bin
fixed effects 𝛿𝑘 control the fixed effect of being downstream or upstream from a facility (e.g.,
improvements in biodiversity outcomes from increased water flow).

While 𝛼 𝑓 and 𝛿𝑘 account for facility-specific and bin-specific shocks, there is still a chance that
the WaterPollution 𝑓 variable captures the industrial activity occurring at facility 𝑓 , and that such
activities have spatially heterogeneous effects on biodiversity across bins 𝑘. We thus compute
NonWaterPollution 𝑓 , defined as the difference between 2017-2022 total toxic chemical releases
and surfacewater pollution. We then include the interaction term NonWaterPollution 𝑓 1[Bin𝑖 𝑓 =

𝑘], 𝑘 ≠ 0 in the vector of covariates 𝑋𝑘 𝑓 . The interaction term controls for the spatially hetero-
geneous effect of fluctuations in plant activity on local biodiversity.

The error term 𝜀𝑖 𝑓 is two-way clustered at the facility and state level to allow for arbitrary
within-facility and within-state spatial correlation in residuals, while we test the robustness of
our results to Conley standard errors. We weight the regression by the number of forested
pixels in each distance bin, to make sure that the regression results are reflecting the entire
population of forested pixels in the sample.

We focus on variations in multiple outcomes Δ𝑌𝑘 𝑓 , all obtained from TreeMap, in order to
capture the different aspects of forest biodiversity. In particular, we use distance bin-averaged
tree per acre, tree stocking (normalized density of trees), aboveground biomass per acre, tree
diameter–all of which capture the overall health of the forest ecosystem at different distance bins.
We also use tree-level data to compute the different species biodiversity indexes (Section 2.1) at
the 30m pixel level, and take the average of such indexes for each distance bin. The bin-level
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averaging reduces the noise from individual pixel-level changes in biodiversity metrics.

4 Results

4.1 Firm pollution and biodiversity

Figure 2 presents the spatial difference-in-differences coefficient estimates of model (4) for
different metrics of forest biodiversity. Across all subplots, the treatment variable is the log
of toxicity-weighted non-nitrogenous surface water effluent (henceforth effluent) released from
the facility.

Figure 2a plots live tree stocking, defined as the percentage of potential growing space
occupied by live trees (with 100% representing that tree density has reached its maximum
biological potential in the forested pixel), as the outcome variable. The coefficient estimates for
upstream pixels fail to find significant effects of effluent on upstream pixels, hence supporting
the empirical strategy, while the coefficient estimates for downstream pixels suggest a sharp
reduction in tree stocking up to 4 km downstream from the polluting facility, with the impact
diminishing with distance. The coefficient estimate for 1 km (−0.43) suggests that a standard
deviation increase in effluent is associated with a 1.40% drop (−0.43 × 3.26) in tree stocking
in the immediately downstream pixels. This is equivalent to 0.146 of the baseline standard
deviation (9.57%).

Figure 2b plots the number of trees per acre as the outcome variable and confirms the results
shown in Figure 2a. A single SD increase in pollution leads to 7.5% decrease (−0.023 × 3.26) in
tree population at the pixels 1 km downstream. The effects diminish and become statistically
insignificant in pixels further down from the facility. Both Figure 2a and 2b results point to
toxic water releases from TRI facilities adversely affecting the forests downstream.

Surprisingly, the results from Figure 2c suggest that such losses in tree populations are not
associated with significant changes in per-area biomass. Figure 2d suggests a mechanism behind
such results: population reductions are offset by increases in the size of remaining trees. This
could be a consequence of competitive release for light or nutrients and, in water-constrained
regions, with increased water availability from effluent. Growth on the intensive margin is no
longer observed (and even reverses) once reductions along the extensive margin disappear at 3
km, further supporting our proposed mechanism of competitive release.

While Figure 2 focuses on biodiversity metrics of the overall health of the forest ecosystem,
Figure 3 focuses on the aforementioned aspects of species biodiversity (evenness and richness,
Section 2.1). Figure 3a suggests a muted effect on species evenness (equation (3)) for imme-
diately downstream pixels, while further downstream (3−8 km) pixels experience a reduction
in evenness. A single SD increase in effluent reduces the evenness index 3−4 km downstream
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(a) Tree stocking (normalized tree density) (b) log(Tree per acre)

(c) log(Biomass per acre) (d) Average tree diameter

Figure 2. Water pollution and forest biodiversity: Forest ecosystem health
Notes: Figure presents the point estimates and 95% confidence intervals of spatial difference-in-difference coeffi-
cients (equation (4)) for different forest biodiversity metrics. The reference group is the change in the metric for
the pixel 0 to 1km upstream of the facility. (a) takes alive tree stocking, a normalized metric of tree density, as the
outcome variable. (b) and (c) use tree per acre and biomass per acre, both log-transformed, as the outcome. (d) is
the same but for average tree diameter, in inches. Estimates and standard errors multiplied by 100 for (b) and (c)
for legibility.

by 0.006 (−0.001829 × 3.26), which is 7.5% of the baseline SD of the index. Declines in even-
ness imply increasingly unequal species distributions, consistent with differential selection that
disproportionately affects non-dominant species. In contrast, species richness remains largely
unchanged across downstream distances (Figure 3b), indicating that pollution reshapes relative
abundances without reducing the total number of species present.
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(a) Average species evenness (b) Average species richness

Figure 3. Water pollution and forest biodiversity: Species diversity
Notes: Figure presents the point estimates and 95% confidence intervals of spatial difference-in-difference coeffi-
cients (equation (4)) for different forest species diversity metrics. The reference group is the change in the metric
for the pixel 0 to 1km upstream of the facility. (a) and (b) focus on the species evenness index (equation (3)) and
species richness (number of unique species in each pixel) as outcome.

Taken together, the results suggest strong spatial heterogeneity in the effect of toxic water
pollutants on forest biodiversity. The immediate vicinity of the effluent is characterized by
countervailing effects on tree population and individual tree sizes (Figure 2), potentially due
to relaxing competition or the dual role of effluent: providing essential water (especially in
water-constrained regions) while simultaneously containing harmful pollutants (Hamdhani et
al., 2020). The primarily adverse impact observed in the ensuing forest stands (3 to 8km, Figures
2d and 3a) suggests that after the first 2 kilometers, the impact of toxic pollutants overwhelm
the effect of added water. In general, the impacts converge to zero in the pixels furthest from
the facility (i.e., 10km downstream).

While Figures 2 and 3 focus on non-nitrogenous pollutants, Appendix Figures A1 and A2
explore the impact of nitrogenous pollution. Contrary to non-nitrogenous pollutants, we do
not see a significant deterioration in tree population near the facility–with the point estimates
for tree stocking, biomass, and tree diameter instead pointing to an imprecise yet positive effect
of nitrogenous emissions.

4.2 Facility-level biodiversity footprint

We now use the coefficient estimates from the spatial difference-in-difference estimates to
provide a data-driven estimate of firm biodiversity footprint. To this end, for each TRI facility
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(a) Plant emissions (b) Number of downstream trees

Figure 4. Pollution versus exposure: Drivers of facility-level biodiversity footprint
Notes: Figure assesses the drivers of TRI facility-level biodiversity footprint. The footprint, on the y axis of both
Figures 4a and 4b, is calculated as the sum of trees lost at different distance bins downstream from the facility.
Each point represents a TRI facility, with darker and larger points representing more negative biodiversity impacts.
Figure 4a places the pollution intensity (ecotoxicity-weighted emissions) on the x axis. Figure 4b shares the same
axis but uses the number of trees exposed to such pollution (number of trees downstream) in the 𝑥 axis.

emitting non-nitrogenous pollutant, we compute the number of trees at different downstream
distance-bins. We then take the coefficient estimates on the log of tree per acre (Figure 2b) in
downstream distance bins, and take the sum of the coefficients’ product with the downstream
distance bin-level tree count. The resulting facility-level estimate represents the number of trees
that have been lost from the plant’s non-nitrogenous, industrial pollution.5

The results from this calculation suggest that between 2016 and 2022, a total of 18.1 million
riparian trees have been lost to industrial pollution from TRI facilities. Such negative effect of
pollution comes against the backdrop of an overall increase in the downstream tree population,
which grew from 1,606 million to 1,616 million trees. Absent industrial pollution, the increase
in tree population would have been more than double its observed rate.

To the extent that the facility-level biodiversity footprint is a function of both pollution
intensity (total amount of toxic emissions) and exposure to such pollution (number of trees
downstream), Figure 4 assesses which of these two aspects drive the footprint estimates. The
results suggest that the biodiversity footprints are primarily driven by their placement in tree-
rich areas (Figure 4b) and less so by their industrial pollution (Figure 4a). Such importance

5As before, we limit the back-of-the-envelope calculation to up to 10km downstream from a facility. The
resulting figure will very likely be an underestimate of the total impact of industrial pollution on local biodiversity.
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Figure 5. Components of facility-level biodiversity footprint, across different industries
Notes: Figure assesses the distribution of the two components of biodiversity footprint (pollution intensity and
the number of trees downstream), across different industry sectors. Each dot represents a facility, with larger and
darker dots representing larger biodiversity footprint. The median value of “pollution intensity” and “number of
trees downstream,” across all facilities, in dashed lines. First three digits of the NAICS code in parentheses.

of proximity to population-dense areas is analogous to air pollution’s negative externality on
human health outcomes (e.g., Muller and Mendelsohn, 2009).

Aggregating the facility-level biodiversity footprint to different industries using the asso-
ciated NAICS code, we find that 40% of the tree losses (7.2 million trees) is driven by the
paper manufacturing industry. This is followed by 26%, 10%, 6%, and 6% from the chemical
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manufacturing, wood product manufacturing, food manufacturing, and petroleum and coal
products manufacturing industries. The decomposition reveals once again the importance of
facility location in driving biodiversity impact, as most wood- and paper manufacturing-related
facilities are placed in the proximity of densely forested areas.

Figure 5 further illustrates how the industries differ in the way through which they reach
such biodiversity impact. The figure plots for facilities the number of trees on the 𝑦 axis
and the emission intensity on the 𝑥 axis. The dashed lines represent the median value of
the component. Inspecting the distribution of facilities (points) along the 𝑦 axis, we find
that paper manufacturing and wood product manufacturing facilities are consistently above
the median, suggesting that they are generally larger in the number of trees downstream. In
contrast, facilities in the chemical manufacturing are almost equally distributed above and
below the median, while most petroleum and coal products manufacturing facilities are lower
in downstream tree population.

Moving onto the 𝑥 axis, we find that most paper manufacturing and wood manufacturing
facilities are also above median in their pollution intensity. Petroleum and coal products
manufacturing facilities, despite their lower number of downstream tree population, have
large pollution activities. In contrast, many facilities in chemical manufacturing and food
manufacturing are lower than median in their emission intensities.

5 Conclusion

We apply spatial difference-in-difference methods to a data set combining 30m-resolution forest
biodiversity data, surface water pollution records, and hydrological models. The results suggest
that toxic water pollution, in particular the non-nitogenous toxicants, have a significant and
negative impact on the forest ecosystem downstream–both in terms of their population size and
in their species diversity. We also provide additional results suggesting the spatial heterogeneity
of the impacts, and point to the limits of focusing on simple biomass measures to capture forest
ecosystem health.

There are several refinements to our empirical approach that we plan to pursue in future
work. First, one limitation of the current specification is that the straight-line distance from a
TRI facility (Figure 1), which we use to define distance bins, does not correspond exactly to
distance along the stream network. To address this, we plan to compute downstream distances
from the TRI facility using flowline lengths from the NHDPlus dataset. Second, we will explore
an alternative specification that constructs counterfactuals at the level of individual stream
segments using their associated drainage basins. Rather than comparing treated pixels to areas
upstream of the TRI facility (which may be geographically distant) we will instead use areas
upstream of each flowline’s drainage basin. This approach both increases the effective sample
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size by incorporating additional forested pixels and allows for more spatially granular fixed
effects. We could also significantly improve the precision of our estimates by using the facility-
streamline, instead of facility, as the unit of clustering. Finally, we plan to substantiate the role
of water in increasing tree diameter, by incorporating information on facility-level discharge
volumes (from NPDES). Combined with NHDPlus stream-level data on the annual streamflow,
this will allow us to classify streams into categories commonly used in the ecological literature:
effluent-dependent (>90% effluent during baseflow), effluent-dominated (>50% effluent), and
effluent-impacted (<50% effluent). This classification will allow us to explicitly test our proposed
mechanism of water subsidization underlying the observed increases in tree diameters near TRI
facilities.

Further, we also plan to translate our reduced-form estimates into a firm-level biodiversity
footprint, using the parent company identifiers in the TRI facility data. Aggregating impacts
across facilities operated by the same parent firm will yield a reduced form-based measure
of firm biodiversity transition risk. Through a range of sensitivity analyses, we will analyze
whether ignoring the chemical properties of the pollutants emitted, or not taking into account
the between firm-heterogeneity in the number of neighboring forested pixels, leads to significant
biases in the firm biodiversity footprint.

Lastly, we note that the methods already developed and discussed in this paper can be
readily applied to other contexts where firms’ impacts on biodiversity are of interest–such as in
biodiveristy finance projects. We leave the application of other fine-scale biodiversity gridded
data (Table 1) for future work.
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Appendix

A Additional Figures

(a) Tree stocking (normalized tree density) (b) log(Tree per acre)

(c) log(Biomass per acre) (d) Average tree diameter

Appendix Figure A1. Nitrogenous water pollution and forest biodiversity: Tree characteristics
Notes: Figure repeats Figure 2, but for nitrogenous water pollution, defined as the weighted sum of nitrate (NO−

3 ),
ammonia (NH3), and nitric acid (HNO3) releases, where the weight is the inverse of molecular mass of NO−

3 , NH3,
and HNO3.
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(a) Average species evenness (b) Average species richness

Appendix Figure A2. Water pollution and forest biodiversity: Species diversity
Notes: Figure repeats Figure 3, but for nitrogenous water pollution.
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