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Abstract 
Context  Advances in remote sensing and cloud-
based computing have led to an increase in publicly 
accessible datasets characterizing the spatial extent 
of forested ecosystems. These datasets are used 
in ecological and environmental research, natural 
resource management, and policymaking. However, 
the number of available datasets and the often-subtle 

differences among them pose challenges for users 
seeking appropriate data for their specific objectives.
Objectives  We evaluate 27 data products derived 
from 12 publicly available datasets that quantify the 
distribution of “forests” in terms of tree cover and/or 
forest land use across the conterminous United States 
(CONUS), with temporal coverage ranging from 5 
to 30 years. We ask: How, why, and where do these 
datasets differ in their estimates of forest extent and 
change over time?
Methods  Using information aggregation, data visu-
alization, and statistical tests, we compare and discuss 
area estimates and trends over time at the CONUS 
and state levels. To support dataset selection and 
interpretation, we developed an open-access map 
comparison tool.
Results  Estimates of the total area of forest ecosystems 
in CONUS differ by over 2,000,000  km2, and correla-
tions among estimates vary in direction and statistical 
significance. State trend estimates are mixed and sensi-
tive to differences in dataset definitions. Datasets with 
the same spatial resolution can vary in their suitability 
for a study area given other characteristics. Our results 
highlight the importance of dataset selection, under-
standing dataset characteristics, and visually comparing 
datasets in a study area prior to use.
Conclusions  Our findings underscore the need for 
careful selection and transparent reporting in analyses 
of cover, use, and other dimensions and attributes of for-
ested ecosystems. Our comparison shopper’s guide and 
decision-support tool support users towards those ends.
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Introduction

Forested ecosystems are a critical part of the Earth’s 
biosphere. They sustain human lives in myriad ways, 
from mitigating climate change, to conserving bio-
diversity, to provisioning clean air, water, food, fuel, 
and fiber (FAO 2024). To ensure that forests and the 
benefits they provide are protected, policy makers and 
resource managers need reliable estimates of how and 
where forest extent and other attributes are changing 
(Keenan et  al. 2015; Sexton et  al. 2016). Estimates 
of changes in forest extent directly inform policies 
regarding forest carbon stocks and fluxes (e.g., Har-
ris et al. 2021; Pötzschner et al. 2022) and programs 
designed to mitigate climate change through avoided 
deforestation (Teo et al. 2023). Managing future tim-
ber supplies similarly requires reliable estimates of 
changes in forest extent through time (Bousfield et al. 
2023). International programs aimed at reducing for-
est loss and degradation rely on national forest area 
estimates, and these estimates affect the funding for 
which countries are eligible (Chazdon et  al. 2016). 
Forest maps are essential for estimating the location 
and magnitude of forest fragmentation (Morreale 
et  al. 2024), with concomitant effects on ecosystem 
health and functioning (Watson et al. 2018), and are 
often the only tool available to assess the impact of 
policies aimed at reducing undesirable forest changes 
over large scales (e.g., Ramirez-Reyes et  al. 2018). 
The primary data challenge faced by those in need 
of accurate information on forest area and change is 
not one of data scarcity; rather, modern consumers of 
forest area information are often faced with an abun-
dance of forest maps and datasets to choose from, 
each with their own assumptions and idiosyncrasies. 
Here we compare data products derived from twelve 
different forest and tree datasets and attempt to help 
end-users, including data analysts and policy-makers, 
understand their relative strengths and weaknesses 
and emphasize key points of differentiation that can 
help with data selection.

Historically, estimates of the extent of forested 
ecosystems were derived from field sampling and/or 
interpretation of aerial photographs (Moessner 1953). 

Today, most estimates of forest extent are derived 
from satellite remote sensing, which has been used 
since the early 1970s to map land cover and land-
cover change (e.g., Loveland 2012; Gómez et  al. 
2016; Hemati et  al. 2021; Fassnacht et  al. 2024). A 
primary advantage of using satellite imagery for for-
est monitoring is its availability over large areas with 
regular revisit cycles on the order of days to weeks, 
thus providing large amounts of data over space and 
time. Comparisons of remote sensing-based forest 
maps show that spatial resolution (Wickham and Riit-
ters 2019), class definitions (Congalton et  al. 2014; 
Sexton et al. 2016; Estoque et al. 2018), and classifi-
cation errors (Dong et al. 2012; Congalton et al. 2014; 
Estoque et  al. 2018) all contribute to differences in 
resulting maps. Such methodological characteristics 
are important considerations in any project utilizing 
forest maps, in addition to the fundamental concep-
tual question that must underpin any study of forests 
and forest change—what constitutes “forest”?

“Forest” as a descriptive label can refer to a loca-
tion’s land use or land cover (Coulston et  al. 2014; 
Woodall et  al. 2016). Land cover describes directly 
observable landscape characteristics, i.e., forest cover 
is the area of land that exceeds a defined threshold of 
tree canopy cover (Nedd et al. 2021). In contrast, land 
use describes what humans use the land for, i.e., its 
management intent. While an area classified as forest 
based on tree cover is frequently also classified as for-
est land use, this is not always the case. For exam-
ple, a recent clear-cut would not be classified as for-
est based on tree cover (instead it may be classified as 
barren, grass, or shrub) while this same area would be 
classified as forest land use, because its management 
intent is to remain forested as it regrows. Additionally, 
neither forest cover nor use encompass all tree cover. 
Trees outside forests—such as those in urban or agri-
cultural areas—may provide the same benefits as 
trees in forested ecosystems (Arroyo-Rodríguez et al. 
2020; Global Forest Review 2023; Liu et  al. 2023) 
but are often classified as the broader land cover or 
use in which they live (e.g., developed, residential, 
agriculture). Whether the ecological concept of “for-
est” is interpreted as a land use or a land cover (or 
something else) can have significant consequences, 
as it forms the foundation which guides policy and 
management (Chazdon et  al. 2016). Multiple stud-
ies (e.g., Coulston et  al. 2014; Chazdon et  al. 2016; 
Woodall et  al. 2016) have asserted that the different 
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uses and values of forest ecosystems require different 
definitions, including distinctions based on land cover 
and land use. Nonetheless, land use and cover are fre-
quently conflated (e.g., Watson et  al. 2018; Winkler 
et al. 2021; Estoque et al. 2022), likely owing to the 
different methods needed to assess each and the diffi-
culty of integrating consistent land-use data into clas-
sifications over large, heterogeneous areas (Tulbure 
et al. 2022).

Today, forest extent is typically mapped across a 
grid of pixels using satellite remote sensing based on 
the presence of trees (and sometimes other vegeta-
tion) within each pixel, often with threshold require-
ments of percent tree coverage and/or canopy height 
(Table  1). Consistency of definitions across datasets 
and associated classification errors are consistently 
identified as two primary sources of disagreement 
among maps representing forest extent (Congal-
ton et  al. 2014; Sexton et  al. 2016; Estoque et  al. 
2018; Chen et al. 2020). Because forest land cover is 
defined based on the presence of trees, forest-cover 
maps are sensitive to disturbance-driven changes in 
land cover, such as tree harvest or wildfire. Further-
more, the spatial resolution (pixel size) of the remote 
sensing data impacts the minimum size that a clus-
ter of trees must be to be classified as forest, which 
directly affects assessments of forest connectivity and 
fragmentation (Hernando et  al. 2017; Wickham and 
Riitters 2019; Morreale et  al. 2024). The size and 
proximity of trees interact with spatial resolution to 
influence assessment of the presence or fragmentation 
of forests, resulting in greater uncertainty of forest 
extent in semi-arid and boreal ecosystems where trees 
are smaller and/or sparser (Sexton et al. 2016). Land 
cover definitions of forest also typically do not dis-
tinguish between monoculture plantations and native 
forests (Chazdon et  al. 2016; Van Holt et  al. 2016), 
although they are compositionally and ecologically 
distinct (Hall et  al. 2012; Wang et  al. 2022), which 
may limit utility for analysis requiring this distinction.

Forests defined in terms of land use can be simi-
larly based on the presence of a certain density and/
or size of trees, but it also can include areas without 
trees if they will be regenerated (Chazdon et al. 2016; 
Table 1). One of the challenges with mapping forest 
land use is understanding management intent, as “for-
ests” from a use perspective cannot always be directly 
observed and management intent is sometimes 
unknown or unknowable (Woodall et al. 2016). Like 

forest cover, definitions of forest land use frequently 
include a minimum area requirement (see Table  1), 
which constrains the minimum size of a “forest”. 
However, forest-cover and forest-use datasets have 
different relationships to space and time. Forest-use 
data aims to assess intended use within a longer, 
often multi-year, time frame compared to forest 
cover, which assesses current conditions at a snapshot 
in time (Coulston et  al. 2014; Winkler et  al. 2021). 
Forest-use data is often more limited in spatial detail 
compared to forest-cover data (Coulston et al. 2014; 
Winkler et  al. 2021) and is typically available less 
frequently (i.e., coarser temporal resolution) because 
it involves more labor intensive data collection meth-
ods, often including field-based measurements. For-
est-use data, including national forest inventories, col-
lected through field measurements often include other 
variables such as tree species and size, and it may be 
possible to distinguish tree plantations from natural 
forests. While most traditional forest-use datasets rely 
on field measurements, advances of remote sensing 
data in recent decades has made remote sensing-based 
forest-use data available, such as the USDA’s Land-
scape Change Monitoring System (LCMS; Housman 
et al. 2023b). Such data utilizes time-series data and 
algorithms to identify “fluctuating state” changes that 
estimate forest use from land-cover change cycles, 
and distinguish these areas from persistent loss of tree 
cover (see Pasquarella et al. 2022).

Despite sharing a common ontology, use- and 
cover-based forest datasets frequently disagree on 
whether forests are expanding or declining. In the 
eastern US, studies have found that forest use and 
cover are not strongly correlated (Coulston et  al. 
2014; Woodall et al. 2016). Regional studies in the 
U.S. have documented loss of forest cover (Drum-
mond and Loveland 2010; Olofsson et  al. 2016; 
Woodall et al. 2016), increases in forest cover and 
use (Coulston et al. 2014), and forest-cover trends 
that change over time, with periods of loss and 
gain in the same study period (Adams et al. 2019). 
National research has documented increases in for-
est use (Sleeter et al. 2018; Nelson et al. 2020) and 
decreases in forest cover at a national scale (Sleeter 
et al. 2018; Homer et al. 2020; Nelson et al. 2020). 
Moreover, an international analysis by Holmgren 
(2015) found that countries containing half the 
world’s forests—including Russia, China, India, 
Canada, Australia, and the United States—show 
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strong disagreements in forest use versus cover. 
Most commonly, forest use is found to increase 
or remain stable while forest cover decreases, due 
in large part to forestry practices which alter land 
cover but not land use (Holmgren 2015; Woodall 
et al. 2016; Curtis et al. 2018), as well as farmland 
abandonment in naturally forested areas (Sleeter 
et  al. 2018). Conflicting results inevitably lead to 
uncertainty about whether current forest manage-
ment and other land-use policies are effective and 
what policies should be implemented in the future.

Which dataset is best depends on the question 
the data is intended to answer, and users need to 
understand the assumptions and characteristics 
behind forest datasets in order to match the data-
set to their question, as well as statistical methods 
required to correct biases in map-based estimates. 
While other studies have considered small num-
bers of forest or land cover datasets (e.g., Congal-
ton et al. 2014; Coulston et al. 2014; Woodall et al. 
2016; Estoque et al. 2018; Chen et al. 2020) or the 
connection between forest definitions and data-
sets (e.g., Zalles et al. 2024; Chazdon et al. 2016), 
here we provide the first analysis of a large suite 
of open access forest datasets with the goal of aid-
ing dataset selection. In this study, we compile and 
compare existing forest datasets within the conter-
minous United States (CONUS) to quantify their 
variation and provide a foundation for discussion 
of their characteristics and differences in an applied 
context. We examine 27 data products derived from 
twelve different datasets (nine remote sensing-
based datasets and three inventory-based datasets; 
Table 2) to answer the following questions:

1.	 How, why, and where do commonly used datasets 
vary in their estimates of forest area?

2.	 How, why, and where do commonly used datasets 
vary in their estimates of forest area change over 
time?

3.	 What tools and guidance can be offered to users 
of forest maps to help them identify appropriate 
datasets for specific applications?

Methods

We focus on open access datasets that are readily 
available on the Google Earth Engine platform, either 
in the main Earth Engine Data Catalog (https://​devel​
opers.​google.​com/​earth-​engine/​datas​ets) or via the 
Earth Engine Community Catalog (Roy et  al. 2023; 
https://​gee-​commu​nity-​catal​og.​org/). Table  3 records 
the classes used in each data product and the relation 
of each data product to its parent dataset. The data 
configurations described in Table 3 are better under-
stood with Table 1, which describes their definition(s) 
of forest use/cover or tree cover.

While most datasets analyzed are categorical (i.e., 
“forest” or “tree” is a map label defined a priori), 
we consider two that are continuous: National Land 
Cover Dataset Tree Canopy Cover (NLCD TCC) and 
Dynamic World (Table  2). While both these data-
sets allow for the user to define their own thresholds 
to map “tree cover”, they are created differently and 
what the user is refining when using either is differ-
ent. NLCD TCC uses a continuous model to identify 
the percent of a pixel that is covered by tree canopy, 
while Dynamic World models the probability that a 
pixel is a particular land cover. In other words, using 
a 60% threshold with NLCD TCC means that there is 
60% canopy coverage, while the same threshold with 
Dynamic World means there is a 60% probability the 
pixel is tree cover (see Table 1).

In addition to remote sensing datasets, we also 
include state-level summaries from three forest inven-
tory-based estimates for the United States in our com-
parisons. These include the US Department of Agri-
culture (USDA) Forest Inventory and Analysis (FIA) 
forest census (Bechtold and Patterson 2005), the US 
Environmental Protection Agency (EPA) Greenhouse 
Gas Inventory estimates of forest area (Walters et al. 
2023), and the USDA National Resources Inven-
tory (NRI). FIA is the foundational forest inventory 
in the US and includes >355,000 0.04 ha field plots 
distributed in a statistically robust sample design 
with one plot for every 2428 ha (6000 acres) across 
all ownerships (Hou et al. 2021). It is also the basis 
for forest estimates in what we refer to as “EPA For-
est” (Walters et  al. 2023). While closely related, the 
datasets diverge in their definitions and uses. The 
FIA-derived data we refer to as “EPA” is used for 
international reporting through the EPA-led Green-
house Gas Inventory (U.S. Environmental Protection 

https://developers.google.com/earth-engine/datasets
https://developers.google.com/earth-engine/datasets
https://gee-community-catalog.org/
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Table 3   Summary of dataset configurations analyzed

Dataset Derived product Definition (class number)

Dynamic World DW Trees (annual) The most common (mode) land cover label 
is trees (1) averaged over the calendar year 
(January-December)

DW Trees (growing season) The most common (mode) land cover label is 
trees (1) averaged over the Northern Hemi-
sphere growing season (May–September)

DW Trees (10% prob.) Land cover class is trees (1) with an average 
probability >10%

DW Trees (25% prob.) Land cover class is trees (1) with an average 
probability >25%

DW Trees (50% prob.) Land cover class is trees (1) with an average 
probability >50%

EPA Greenhouse Gas Inventory EPA Forest Land use class is forest, including forest land 
remaining forest and lands converted to forest

ESA WorldCover ESA WorldCover Trees ESA WorldCover land cover class is trees (10)
ESRI ESRI Trees (2020) Land cover class is trees (3)

ESRI Trees (annual)
Forest Inventory Analysis (FIA) FIA Forest Land use class is forest

FIA Timberland Land use class is timberland
Hansen Global Forest Cover Hansen Global Forest Cover Hansen Global Forest Cover Treecover2000 

product for year 2000, visualized as a 
percentage. Years 2001–2021 calculated by 
subtracting respective lossyear data from 
Treecover2000

Land Change Monitoring, Assessment, and 
Projection (LCMAP)

LCMAP Trees Primary land cover is trees (4)
LCMAP Trees, Woody wetlands Primary land cover is trees (4) or primary land 

cover is wetlands (6) and secondary land cover 
is trees (4)

Land Change Monitoring System (LCMS) LCMS Forest Land use class is forest (3)
LCMS Trees Land cover class is trees (1)
LCMS Trees, Shrubs Land cover classes are trees (1) and shrubs (3)
LCMS Trees, Shrubs, Barren Land cover classes are trees (1), shrubs (3), and 

barren (5)
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Agency 2023), and includes canopy height criteria in 
its definition of forest (Table 1). On the other hand, 
FIA employs the domestic reporting definition of 
forest, which does not include a canopy height cri-
teria (Table 1) and contains attributes that allow for 
many applications beyond greenhouse gas reporting 
(Tinkham et al. 2018).

We use all data available, except for the 1992 
National Land Cover Dataset (NLCD), which is not 
comparable with later years (Jin et  al. 2019). FIA 
is unique among the datasets analyzed because it 
is the only dataset for which all states do not share 
the same years of available data. While we use all 
available FIA data from the annual inventory, due to 
varying years of plot remeasurement across states, 

CONUS-level trend analysis is only possible from 
2011 through 2019 (see Table S1).

For remote sensing-based datasets, we used 
Google Earth Engine to pre-process raster layers and 
calculate pixel-based estimates of total forest area 
by state. All datasets were first converted to binary 
masks where “non-forest” = 0 and “forest” = 1 using 
one or more categorical remappings to capture poten-
tial variability in class definitions. We then apply a 
reducer to get the total count of “forest” pixels per 
year within each state using the US Census 2018 
TIGER States dataset to define state boundaries. We 
reproject all datasets to a common projection (US 
Albers, EPSG:5070) while retaining native resolution 
for consistency across pixel area calculations.

Table 3   (continued)

Dataset Derived product Definition (class number)

MODIS Land Cover MODIS 1 (IGBP) Land cover Type1 is evergreen needleleaf forest 
(1), evergreen broadleaf forest (2), deciduous 
needleleaf forest (3), deciduous broadleaf for-
est (4), or mixed forest (5)

MODIS 2 (UMD) Land cover Type2 is evergreen needleleaf forest 
(1), evergreen broadleaf forest (2), deciduous 
needleleaf forest (3), deciduous broadleaf for-
est (4), or mixed forest (5)

MODIS 3 (LAI) Land cover Type3 is evergreen broadleaf forest 
(5), deciduous broadleaf forest (6), evergreen 
needleleaf forest (7), or deciduous needleleaf 
forest (8)

MODIS 4 (BGC) Land cover Type4 is evergreen needleleaf 
vegetation (1), evergreen broadleaf vegetation 
(2), deciduous needleleaf vegetation (3), or 
deciduous broadleaf vegetation (4)

MODIS 5 (PFT) Land cover Type5 is evergreen needleleaf trees 
(1), evergreen broadleaf trees (2), deciduous 
needleleaf trees (3), or deciduous broadleaf 
trees (4)

National Land Cover Dataset (NLCD) Land 
Cover

NLCD Forest Land cover classes are deciduous forest (41), 
evergreen forest (42), and mixed forest (43)

NLCD Forest, Woody wetlands Product classes are deciduous forest (41), 
evergreen forest (42), mixed forest (43), and 
woody wetlands (90)

NLCD Tree Canopy Cover NLCD TCC (10%) Percent tree cover pixels with a value >10%
NLCD TCC (20%) Percent tree cover pixels with a value >20%
NLCD TCC (60%) Percent tree cover pixels with a value >60%
NLCD TCC (80%) Percent tree cover pixels with a value >80%
NLCD Percent TCC​ Percent tree cover pixels of any value

National Resources Inventory (NRI) NRI Forest (non-federal) Land use class is forest (dataset excludes feder-
ally owned land)
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For FIA data, we used the R package rFIA 
(Stanke et  al. 2020) to estimate the annual area of 
forested land and timberlands at the state-level. The 
rFIA package provides access to the latest inven-
tory data and facilitates estimation of forest attrib-
utes using multiple estimation methods, including 
FIA protocols which employ >5  years of pooled 
FIA data to estimate forest area (Pugh et  al. 2018; 
Hou et  al. 2021). Here, we make annual estimates 
using the fractional sample of forest plots measured 
within that year.

To account for variability in proportion of for-
ested area by state, all forest area estimates were 
normalized by state land area from the 2010 US 
Census (US Census Bureau 2010), except the NRI, 
which excludes federally owned land from forest 
area estimates. To calculate normalized NRI forest 
estimates, we used the Protected Areas Database 
of the United States (U.S. Geological Survey Gap 
Analysis Project 2022) to calculate the area of lands 
owned in fee by the US federal government and 
subtracted this area from each state’s total land area.

Tabular outputs from remote sensing data pro-
cessing and other tabular data were combined 
and analyzed in R (version 4.2.1). Simple linear 
regressions and Pearson’s correlation coefficients 
were calculated using all available data between 
2000–2019 to maximize temporal overlap across 
datasets. We included datasets that have at least 
four annual estimates over this period. Some data-
sets do not have full coverage over this period (see 
Table  2). Statistical tests were considered signifi-
cant at 95% confidence.

Links to datasets used are in Table  S2. Code for 
the Earth Engine portion of analysis (i.e., summariz-
ing remote sensing datasets) is available at https://​
github.​com/​valpa​sq/​ee-​fores​ts/​tree/​main. Code for 
the statistical tests and figures in this manuscript is 
available at https://​github.​com/​hf-​thomp​son-​lab/​for-
est-​compa​rison.

Results

Large discrepancies in forest extent at the CONUS 
scale

Estimates of forest extent, as well as the direction, 
magnitude, significance, and agreement of trends in 

forest extent vary substantially at the CONUS and 
state scales. There is a 32.9% difference between 
the highest and lowest estimate of “forest” in 2020 
(Fig.  1). Most estimates place the total tree- or for-
est-covered CONUS area between 2,000,000  km2 
and 3,000,000 km2 (Fig. 1), a range that is more than 
twice the size of California. The EPA’s estimate, 
which is used for international reporting, lands in the 
middle, at approximately 2,500,000 km2 (Fig. 1). The 
EPA Forest estimates are primarily derived from plots 
measured in the field by the FIA program, and have a 
unique definition wherein forests that are completely 
surrounded by development are not classified as for-
est but rather as “settlements” (Table  1), possibly 
contributing to the lower EPA Forest estimates com-
pared to FIA Forest (Fig. 1).

Despite consistent 500-m resolution, type clas-
sifications provided by MODIS Land-Cover Type 
(MCD12Q1) Version 6.1 data differed by approxi-
mately 2,000,000 km2, more than four times the size 
of the state of California, due to algorithmic differ-
ences as well as differences in definitions of “forest” 
(Fig. 1; Table 1). MODIS 4 (BGC) definition of for-
est has the lowest canopy height criteria and includes 
shrubs in addition to trees (Table  1), which helps 
explain why it has the largest CONUS forest esti-
mates out of all data analyzed (Fig.  1). Conversely, 
MODIS 1–3 have the lowest CONUS forest estimates 
(Fig.  1). MODIS 1–3 share the same canopy height 
criteria as MODIS 5 (PFT), but require >60% tree 
cover for classification as forest, the highest coverage 
threshold of all data analyzed (Table 1).

Estimates from LCMS Forest are greater than 
NLCD Forest estimates by more than 1,000,000 km2 
(Fig. 1), even though both datasets are generated from 
30-m Landsat data. NLCD requires 20% tree cover 
for classification as forest, double the 10% cover-
age threshold used by most datasets analyzed here, 
including LCMS (Table  1). LCMS includes areas 
not currently meeting that threshold but that are 
“likely” to contain 10% tree cover in the future (i.e., 
it includes clearcuts and conceives of forest as a land 
use) whereas NLCD does not (Table 1). Another cru-
cial distinction relates to the inclusion or separation 
of woody wetlands: NLCD has a class for “forest” 
and a class for “woody wetlands”, while LCMS sim-
ply includes woody wetlands in its definition of forest. 
Indeed, in comparing NLCD Forest and LCMS For-
est in 2019, there are major differences in Florida, the 

https://github.com/valpasq/ee-forests/tree/main
https://github.com/valpasq/ee-forests/tree/main
https://github.com/hf-thompson-lab/forest-comparison
https://github.com/hf-thompson-lab/forest-comparison
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Mississippi River delta, and the Great Lakes region, 
all of which contain substantial woody wetlands (see 
the Forest Dataset Explorer at https://​valer​iepas​quare​
lla.​users.​earth​engine.​app/​view/​forest-​datas​et-​explo​
rer). These definitional differences in the threshold 
of canopy coverage, whether “forest” means a land 
use or a land cover, and the inclusion or exclusion of 
woody wetlands from notions of “forest” may interact 
to produce such disparate estimates.

Variation in interannual change estimates

Due to the large range in area estimates among data 
products, interannual variability within each is dif-
ficult to discern in Fig.  1. When comparing change 
from previous measurement within each product, dif-
ferences in the magnitude of change and interannual 
variability become apparent (Fig. 2). EPA Forest data 
stands out for its relatively consistent low magnitude 
change (but note that the loss of 4700  km2 between 
2001 and 2002 appears to be an outlier in this data-
set; Fig.  2). In contrast, mode aggregations from 
Dynamic World have a high long-term magnitude of 
change and high interannual variability: the loss of 
~91,000 km2 from 2017 to 2018 is followed by a gain 
of ~64,000 km2 from 2018 to 2019 (Fig. 2).

Some years show significant discrepancies in 
direction of change across data products. For exam-
ple, FIA Forest shows a loss of ~57,000  km2 of for-
est from 2012–2013. Over this same year, MODIS 
1, MODIS 2, and MODIS 3 reported a gain of 
~43,000  km2 (Fig. 2). From 2018 to 2019, FIA For-
est reported a loss of ~70,000  km2, while Dynamic 
World Trees reported a gain of ~64,000 km2 (Fig. 2). 
Such conflicts over the same time period reinforce the 
importance of choosing data with the definitions and 
methods most appropriate for a given project. There is 
no single explanation for these discrepancies—these 
datasets have different definitions (Table  1), spatial 
resolutions (500  m versus 10  m), and methods, as 

FIA is an inventory-based land-use dataset, MODIS 
produces annual remotely sensed land-cover clas-
sifications using decision trees, and Dynamic World 
produces near-real-time remotely sensed land-cover 
classifications using a fully convolutional network. 
Any number of characteristics can contribute to map 
differences.

Mixed trend results at CONUS and state scales

We conducted linear trend analysis from 2000–2019 
for data products with at least four annual estimates 
within this period (see Methods). Of the 18 data 
products included in the trend analysis (see Fig.  3), 
two have significant increases, ten have significant 
decreases, and six have no significant change from 
2000–2019 at the CONUS scale (Fig. 1; Fig. 4 inset 
map). The two data products with significant increas-
ing trends in forest are LCMS Forest (land use) and 
LCMS Trees, Shrubs, and Barren (land covers). The 
similarity in estimates and trends among these two 
derived products is perhaps because the three com-
bined land covers encapsulated in the latter are all 
part of forest successional patterns following distur-
bances, such as fire or tree harvesting (i.e., forest use 
encompasses these land covers). LCMS is the only 
land cover dataset that shows no significant decreases 
from 2000–2019 for all derived products analyzed 
(Fig.  1). In contrast, both NLCD and both LCMAP 
configurations report significant decreases over this 
period (Fig. 1). Significant decreases are also found in 
the inventory-based FIA Forest, FIA Timberland, and 
EPA Forest data (Fig. 1).

These disparate trends are reflected in the correla-
tive relationships (Fig. 5). If data products differed in 
the magnitude of their area estimate but not the direc-
tion of change, we would expect their time series to 
be significantly and positively correlated. However, 
only 31% of products have significant positive cor-
relations, while 16% have significant negative corre-
lations (Fig. 5). Such mixed correlative relationships 
may be due to differences in observation methods 
(e.g., inventory versus remote sensing), definitions 
(e.g., use versus cover, coverage thresholds, forest 
type distinction), and spatial resolutions. As an exam-
ple, FIA Forest and EPA Forest are both positively 
correlated with each other, and negatively correlated 
with LCMS Forest (Fig. 5). EPA Forest estimates are 

Fig. 1   Forest or tree area over time, in square kilometers and 
as a percent of land area, for the conterminous United States. 
Symbols following product names, if present, indicate whether 
the data had a significantly increasing (+), significantly 
decreasing (-), or insignificant (~) trend from 2000–2019. 
NRI is not included in this figure because it excludes federally 
owned forests (see Figs. S1 and S2). Figure S3 is an alternate 
version of this figure with legend in order of appearance on the 
graph rather than alphabetical order

◂

https://valeriepasquarella.users.earthengine.app/view/forest-dataset-explorer
https://valeriepasquarella.users.earthengine.app/view/forest-dataset-explorer
https://valeriepasquarella.users.earthengine.app/view/forest-dataset-explorer
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Fig. 2   Estimates of A tree cover and B forest extent normal-
ized to show change from the previous measurement. “Large” 
magnitude changes (>15,000  km2) have stripes to help ori-

ent the reader to different y-axis scales. There was no change 
between 2021–2022 in ESRI Trees
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Fig. 2   (continued)
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primarily based on FIA (U.S. Environmental Protec-
tion Agency 2023), while LCMS does not use FIA 
data and instead relies on remote sensing images and 
change detection algorithms (Housman et al. 2023b).

At the state level, trend direction and significance 
vary substantially and are sensitive to differences in 
land use versus land cover and definitions of what 
constitutes a forest (Fig.  3). Most states have more 
decreasing trends than increasing or insignificant 
trends in the extent of forests or tree cover, and 16 
states have majority decreasing trends (Fig. 4). Most 
agreement among those with decreasing trends occurs 
in western and northeastern states (Fig.  4). Several 
states, primarily in the central and southern regions, 
have more increasing trends than decreasing trends, 
although agreement in these states is not as strong 
as in states with mostly decreasing trends (Fig.  4). 
Some states show many insignificant trends over 
time, notably Texas, Oklahoma, Maine, Tennessee, 
and North Carolina, which show no significant trend 
for more than half the data analyzed (Fig. 4). Arkan-
sas, Delaware, Colorado, Connecticut, West Virginia, 
and Montana have three or fewer insignificant trends 
(Fig.  4), although this does not mean that there is 
agreement in the direction of significant trends (e.g., 
Arkansas [AR] in Fig. 4).

Discussion

Our results show the degree to which forest data 
disagree and reinforce the importance of making 
informed choices when selecting data for analy-
sis. Indeed, someone wishing to understand the sta-
tus of forests in the U.S. might reasonably conclude 
that CONUS has lost 81,991  km2 of forest over the 
past 30  years (if they choose LCMAP Trees and 
Woody Wetlands; Fig.  1). Alternatively, they could 
just as reasonably conclude that CONUS has gained 
93,536 km2 (if they choose LCMS Forest; Fig. 1). In 
the following discussion, we elaborate on the charac-
teristics we highlighted in the sections above and pro-
vide some practical guidance for consideration during 
the data selection process.

While the following section provides a deep dive 
into dataset characteristics and selection, our com-
parison shopper’s guide (Fig.  6) provides a high 
level summary that can be used as a quick reference 
guide. We also developed online tools to facilitate 
data selection and exploration. The online compari-
son shopper’s guide (https://​ee-​fores​ts.​proje​cts.​earth​
engine.​app/​view/​fores​ts-​shopp​er) is an interactive 
tool to filter down dataset options based on desired 
characteristics, and the forest dataset explorer (https://​
valer​iepas​quare​lla.​users.​earth​engine.​app/​view/​forest-​
datas​et-​explo​rer) provides an interface to explore all 
of the data analyzed here.

Definitions and characteristics

Land use or land cover

As a starting point, the savvy comparison shopper 
should first ask whether they are seeking to under-
stand forest as a use or as a cover (Table 2, Fig. 6). 
Whether forests are defined as a land use or land 
cover has a strong influence on estimates of area 
and of change, especially in regions where there is 
extensive and intensive tree harvesting (Coulston 
et  al. 2014; Holmgren 2015; Woodall et  al. 2016). 
The fundamental difference between forest-use and 
forest-cover datasets is whether lands absent of trees 
can be considered forest. Therefore, forest-use data-
sets may not be appropriate for questions of forest 
health or degradation (Chazdon et al. 2016), as they 
overlook fragmentation due to harvesting and do not 
correspond to the presence or condition of trees on 
the landscape. Forest-cover datasets also overlook dif-
ferences in structure and composition in forests that 
are relevant for biodiversity and conservation (Chaz-
don et  al. 2016). On the other hand, forest-use data 
collected in the field often include additional attrib-
utes that could aid in analysis. In the US, FIA data 
contains tree presence/absence, species, and biomass 
information that makes it a commonly used dataset 
for estimating carbon stocks and is considered use-
ful for applications related to forest health (Tinkham 
et al. 2018). FIA also distinguishes timberlands from 
forests (Table  1), allowing for ecological and eco-
nomic analysis of timberlands. Trend analyses for 
FIA Forest and FIA Timberland were not identical, 
and several states showed more declining trends for 
timberlands than for forest (Fig. 3).

Fig. 3   Linear trend results of percent forest or tree area over 
time (2000–2019) by state. Numbers in lower left corners indi-
cate number of observations

◂

https://ee-forests.projects.earthengine.app/view/forests-shopper
https://ee-forests.projects.earthengine.app/view/forests-shopper
https://valeriepasquarella.users.earthengine.app/view/forest-dataset-explorer
https://valeriepasquarella.users.earthengine.app/view/forest-dataset-explorer
https://valeriepasquarella.users.earthengine.app/view/forest-dataset-explorer
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When deciding between land-use and land-cover 
definitions of forest, a data user can consider whether 
they are concerned with the landscape as it materi-
ally exists or its potential (e.g., the difference between 
existing forest biomass versus potential to seques-
ter carbon over time). This distinction is especially 
important in locations where trees are harvested and 
there may be significant areas without trees that are 
still in forested use (Fig. 7A). If a user has decided on 
a land-cover dataset, the next question is what land-
cover classes are available and how these relate to the 
application of the data and the land covers in the study 
area. Differences in forest estimates or trends can 
diverge dramatically among datasets simply through 
the inclusion or exclusion of entire ecosystems. This 
can be particularly important in places with substan-
tial shrublands or woody wetlands, which may be 
classified as forest or another category (Fig. 7B, D). 
Because trees are smaller and sparser in arid ecosys-
tems (e.g., pinyon juniper forests), canopy height and 
coverage thresholds can be influential in determining 
whether such areas are mapped as “forest”. Woody 
wetlands can be mapped separately from forests (e.g., 
as in NLCD) or included in the definition of forest. 
Forests mapped with and without woody wetlands 
affected trends results in some states (Fig. 3) and has 
been found to influence assessments of change over 
time in other studies (Coulston et  al. 2014). Under-
standing the land covers present in the study area 
and how these relate to the classes and definitions in 
potential datasets is key to ensuring a selected data-
set adequately represents the desired “forest” areas. 
Whether a particular application requires informa-
tion on forest types can also limit options (Tables 1, 
2, Fig. 6).

An important part of the definitions of forest-
cover and forest-use datasets is the threshold at 
which something becomes “forest”. Both forest-
cover and forest-use datasets employ thresholds 
that may not capture policy-relevant forest changes 
(Sexton et  al. 2016; Zalles et  al. 2024). For exam-
ple, if a dataset defines land as forested if there is 
10% tree coverage (the most common threshold 
used in the datasets analyzed here, see Table 1) over 
a certain size area (whether a 30 m pixel or a 0.4 ha 
plot), a loss from 90% tree cover to 20% tree cover 
in said area would not be captured in a categorical 
map of forest extent, although such a change would 
have implications for government policies related 

to forest loss or conservation. In contrast to cat-
egorical maps where “forest” or “tree” is defined 
and mapped for you, continuous datasets (Table 2, 
Fig.  6) provide more flexibility because the user 
can choose their own canopy coverage threshold 
by which to determine what counts as “tree” or 
“forest”. While a continuous dataset can allow for 
deeper exploration of tree or forest cover above and 
below the tree cover thresholds defined a priori in 
categorical maps, in both cases the extent of tree or 
forest cover does not provide any information about 
forest characteristics that may be relevant to forest 
conservation.

Both forest-cover and forest-use datasets that 
aggregate monoculture plantations and native for-
ests will obscure the diminished benefits of planta-
tions (Van Holt et al. 2016), and may overestimate 
wildlife habitat, biodiversity, value for Indigenous 
peoples, or other dimensions of forests that depend 
on species composition and structure (Chazdon 
et  al. 2016). While forest-cover and forest-use 
datasets may not contain information on species, 
structure, biodiversity, and health that are impor-
tant for many forest-related questions and policy, 
other datasets can be used to fill in these gaps. In 
some cases, a land cover dataset can be combined 
with additional associated products, as with NLCD 
land cover and NLCD percent canopy cover, which 
together help estimate canopy density and struc-
ture (Sohl et al. 2025b). For data users comfortable 
with remote sensing imagery, a wide array of veg-
etation indices exist to measure vegetation attrib-
utes, dynamics, and stress (see Zeng et  al. 2022). 
Finally, it is possible to combine species or biomass 
data collected at inventory plots with wall-to-wall 
remote sensing data through imputation (Ohmann 
and Gregory 2002; Duveneck et al. 2015), resulting 
in continuous maps of forest composition and struc-
ture that can be integrated with or used instead of 
forest extent maps.. While it may not be feasible for 
a typical forest data user to make their own imputed 
maps, species or biomass maps made by others may 
already exist that can be readily used. Additionally, 
advances in remote sensing are making direct map-
ping of structure, species, and biomass more possi-
ble, such as the Global Ecosystem Dynamics Inves-
tigation LiDAR mission on the International Space 
Station (Dubayah et al. 2020). There have even been 
efforts to map forest management (i.e., use) globally 
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in recognition of its substantial impact on forests 
(Lesiv et al. 2022).

Temporal resolution and depth

Another key consideration for a forest data user is 
temporal resolution (frequency of observations) and 
depth (duration of the time series). The time period of 
analysis also constrains data options: only LCMAP, 
LCMS, and NRI provide data prior to 1990 (Table 2, 
Fig. 6, Fig. S1). The temporal depth of these datasets 
has led to their use in broad scale studies quantify-
ing multidecadal land cover trends and variation in 
land cover changes over time (e.g., Auch et al. 2022; 
Bigelow et al. 2022; Dwomoh and Auch 2024). EPA 
Forest began in 1990 and provides a forest land-use 

time series of nearly 25  years (Fig.  1). Analyses 
focused on the most recent two decades have more 
options, as many widely used datasets including 
annualized FIA, NLCD, Hansen, and MODIS became 
available in the 2000s (Table 2, Fig. 6). These data-
sets also have multiple decades of data and are simi-
larly used for trend analysis of land-cover change and 
of vegetation specifically (e.g., Hansen et  al. 2013; 
Homer et al. 2020; Nelson et al. 2020). Despite using 
input sensors with different temporal revisits, most 
datasets summarize forest conditions over an entire 
year. Applications in which near-real-time data is 
valuable may be best-suited by datasets like Dynamic 
World, which is generated for individual Sentinel-2 
images, while applications that require calibration 

Fig. 4   Map summarizing the significant and insignificant 
trends in forest or tree area from 2000–2019. Pie charts show 
the number of increasing (green), decreasing (brown), and 

insignificant (white) trends in each state (main map) and for 
CONUS (inset) among the 18 data products analyzed for trends
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with field samples may require use of inventory data-
sets, despite longer revisit times (Table 2, Fig. 6).

There is often a tradeoff between temporal resolu-
tion and classification detail. For example, NLCD has 
four development classes and three forest classes but 
has historically only been available every 2–3 years. 
NRI, which has the most detailed classification 
scheme of any dataset analyzed here, is only avail-
able every five years. In contrast, LCMAP and LCMS 
have relatively simple classification schemes (e.g., 
one development and one tree class) but provide data 
every year over almost 30  years. The particulars of 
the analysis can help inform whether it is better to 

compromise on temporal precision or classification 
detail. This long standing tradeoff is also being miti-
gated by the maturation of technology and data pro-
duction. For example, in late 2024 the US Geological 
Survey merged NLCD and LCMAP to create a new 
dataset that combines the thematic detail of NLCD 
with the annual temporal resolution of LCMAP (Sohl 
et al. 2025b).

Spatial resolution and scale

The spatial resolution of a dataset has a signifi-
cant influence on estimates of spatially-dependent 

Fig. 5   Correlation matrix of forest and tree cover data for the 
conterminous United States from 2000–2019. Only statistically 
significant correlations are shown. Insignificant correlations 

are empty white squares. NRI is not shown here because of 
insufficient data to calculate significance
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characteristics such as forest fragmentation (Wick-
ham and Riitters 2019; Morreale et  al. 2024) and 
connectivity (Hernando et al. 2017). For forest-cover 
datasets where forest is classified based on percent of 
a pixel covered by tree canopy, spatial resolution is 
a critical consideration and should be considered in 
the context of study area location and scale of analy-
sis, as a spatial resolution too coarse can obscure real 
world patterns (Fig. 7C) and a resolution too fine can 
be computationally infeasible. Wang and Mountrakis 
(2023) assessed the accuracy of many datasets ana-
lyzed here and concluded that LCMAP and NLCD 
performed the best at CONUS scale, but that there 
were regional variations in accuracy for every dataset. 
Datasets that perform well in a certain location at a 
large scale may not be the best choice in a subregion 
or at a smaller scale. For example, LCMAP appears 
unable to detect trees along an urban river in Massa-
chusetts (Fig. 7C).

In this analysis, most remote sensing datasets 
come from the Landsat family of satellites and are at 
30 m resolution, which is considered moderate reso-
lution (Table 2, Fig. 6). While spatial resolution is an 
important consideration, our results show that spatial 

resolution alone is not enough to explain variation in 
forest area or trend estimates (Fig.  1). For example, 
among 500  m MODIS data products, MODIS 1–3 
estimate the lowest forest area of datasets analyzed 
while MODIS 4 estimates the highest area (Fig.  1). 
Similarly, among 30  m data, Hansen estimates less 
than half the forest area that LCMS estimates in 2020 
(Fig. 1). While choosing an appropriate spatial reso-
lution is important, even among datasets that share 
spatial resolutions, differences in definitions, classi-
fication, and change detection algorithms can lead to 
disparate results (Chen et al. 2020).

Forest-use datasets based on inventory assessments 
are typically at a coarser spatial resolution than forest 
datasets created with remote sensing. Publicly avail-
able FIA data is “fuzzed” and the precise location 
of individual field plots is not available without spe-
cial permission, which complicates a user’s ability to 
integrate with remote sensing data, especially at finer 
spatial resolutions where fuzzing could impact analy-
ses (Tinkham et  al. 2018). Analyzing FIA data also 
has a significant learning curve (Tinkham et al. 2018). 
NRI and EPA, the other inventory-based forest-use 
datasets, are not available below the county or state 

Fig. 6   Comparison shopper’s guide summarizes character-
istics commonly considered prior to choosing a dataset for an 
analysis. *FIA plot remeasurement does not occur annually. 
However, statistical methods can be used to create annualized 

data such as with the rFIA package. **FIA began prior to 2000 
but used a different measurement protocol and may not be 
comparable to data collected 2000 or later. ***NLCD has data 
for 1992 but it is not comparable with later years
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level, respectively, which limits their utility to large 
scale analyses. LCMS Forest, the only remote sensing 
forest-use data in this analysis, may be an alternative 
for questions of forest land use at sub-county scales if 
using FIA data is not feasible.

Area and height requirements

Thresholds for the area of forest and the height 
of vegetation are common components of 

forest classifications (Table  1). Awareness of how 
such requirements include and exclude certain seg-
ments of forests is helpful when using forest datasets. 
Area requirements are a feature of forest-use datasets 
created through forest inventories (Chazdon et  al. 
2016). All three inventory-based datasets analyzed 
here—EPA, FIA, and NRI—require a minimum area 
of 0.4 ha and width of 100 or 120 ft to be considered 
“forest” (Table  1). Such requirements may exclude 
trees in urbanized landscapes, narrow strips of trees 

Fig. 7   Examples of data 
products in different 
landscapes and scales. A 
A rural forestry-dominated 
area, with three examples 
showing 30 m forest cover 
(top, middle) and forest use 
(bottom). B A riparian area 
with woody wetlands and 
three examples showing 
30 m forest cover (top, mid-
dle) and forest use (bottom). 
C An urban riparian area 
with small clusters of trees 
and examples showing two 
30 m land cover data with 
diverging maps and a 10 m 
land cover map. D An arid 
landscape showing land 
cover data with different 
canopy height requirements 
(15 m—top, 5 m—middle, 
1 m—bottom). Images are 
taken from the Earth Engine 
app and may not be from 
the same year as the data 
products; however, Google 
Earth historical imagery 
and NAIP 2023 imagery 
were used to confirm that 
no land change occurred 
that would impact these 
examples
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in riparian or agricultural areas, and remnant trees 
(Chazdon et  al. 2016), all of which are important 
for conserving biodiversity (Arroyo-Rodríguez et  al. 
2020).

Height requirements are present in both inven-
tory-based and remote sensing-based forest datasets 
(Table  1). Such requirements may exclude certain 
tree species or early successional forest. ESRI has 
the tallest canopy height threshold at 15  m, which 
includes only mature canopy trees in the US, while 

MODIS-derived classifications have the lowest 
canopy height threshold at 1–2 m and may include 
shrubs (Table  1). Differences in canopy height 
requirements can produce substantially different 
“forest” maps in locations where vegetation height 
is shorter or more variable, such as in regenerat-
ing forest, chaparral and/or arid landscapes (e.g., 
Fig.  7D). Most datasets analyzed have a canopy 
height requirement of 4–5 m (Table 1), which in the 
US includes young canopy trees and smaller tree 

Fig. 7   (continued)
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species, but not very early successional forest. Such 
height requirements may help distinguish forest 
from shrub in certain landscapes but may also lead 
to underestimating reforesting or afforested areas 
(Chazdon et al. 2016).

Change over time estimations and algorithms

How forest datasets estimate change in forest area 
over time is related to their definitions, scales, and 
change detection methods. The role of time is treated 
differently when estimating forest use than for for-
est cover, as forest use datasets are less affected by 
short term land cover changes and aim to represent 
management intent over successional time frames 
(Coulston et  al. 2014; Winkler et  al. 2021). In this 
analysis, forest land-use and forest land-cover data 
have similar proportions estimating no significant 
change or a significant decrease (2 of 4 for land-use 
data and 6 of 13 for land-cover data; Fig.  1). How-
ever, only one of thirteen forest land-cover data prod-
ucts suggests a significant increase compared to one 
of four land-use data products (Fig.  1). Addition-
ally, the EPA Forest land-use data, while showing 
a statistically significant decrease in forest area, has 
an extremely low magnitude of change (Fig.  2) and 
appears “stable” in the context of other data (Fig. 1). 
In addition to differences in definitions of forest 
as use versus cover, the scale of analysis influences 
detection of change over time, which presents a chal-
lenge given that analyses are typically conducted at a 
single scale and change occurs over multiple spatial 
and temporal scales (Coulston et al. 2014).

With multiple decades of remote sensing data 
available to provide reference data and the develop-
ment of robust algorithms, many datasets consider 
change over time directly in the data creation process 
in order to make data more accurate (e.g., less sus-
ceptible to spurious changes) and more comparable 
to itself over time. For example, NLCD produces its 
data in suites of harmonized datasets that are directly 
comparable over time (Jin et al. 2019). LCMAP uses 
the Continuous Change Detection and Classification 
(CCDC) algorithm to produce its annual land cover 
maps (US Geological Survey 2022), while LCMS 
uses CCDC and the LandTrendr algorithm to do so 
(Housman et  al. 2023b). Pasquarella et  al. (2022) 
describe the key characteristics of and differences 
between these algorithms that can help users of these 

datasets gain a deeper understanding. More broadly, 
when estimating change in forest area over time from 
classified maps, users should seek out information on 
the comparability of the data over time and any rec-
ommended steps to account for bias or inaccuracy in 
area estimations. While in some cases dates may be 
directly comparable, in other instances the metadata 
may provide bias correction constants that can be 
applied to account for inaccuracies in the map clas-
sifications (Olofsson et al. 2016).

Standard practice in change detection is to use 
probability-based samples of reference data rather 
than directly comparing maps (Olofsson et al. 2014). 
Such methods require significantly more time, and 
therefore money, to complete and are subject to errors 
in interpreter bias and discrepancies in spatial and 
temporal resolution of the map and reference data 
(Olofsson et  al. 2014; Zalles et  al. 2024). With the 
increasing abundance of moderate and high resolu-
tion satellite imagery, such methods can also lead to 
a loss of precision in estimating forest changes com-
pared to using the satellite imagery directly (Zalles 
et al. 2024). Furthermore, working directly with field 
inventories, such as FIA, comes with its own chal-
lenges in terms of noise and quality of resulting area 
estimates. These challenges lead many users of for-
est data, apart from professional researchers, to sim-
ply use the datasets as they are. This reality, plus the 
fact that many forest datasets are interdependent, lead 
us to compare the data directly in “map space”—the 
actual outcome that is produced as a result of each’s 
many characteristics.

The interdependence of forest datasets often 
relates to training data or creating composite data 
from the best available existing source. For exam-
ple, the Dynamic World and ESRI datasets share the 
same training data but use different neural networks 
for classification (Venter et  al. 2022). Both LCMAP 
and LCMS use NLCD in creating their training data 
(Zhou et al. 2020; Housman et al. 2023b). EPA For-
est is a compilation of multiple datasets analyzed here 
including FIA, NLCD, and NRI (Sohl et al. 2025b). 
All datasets come with a technical report, and we 
have provided links to those for the datasets used in 
this analysis (Table 1). While content is often largely 
technical, we encourage data users to read what they 
can and ask questions about dependencies and other 
major methodological characteristics prior to begin-
ning analysis.
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Decision support

In this paper, we have directly compared the estimates 
(Figs. 1, 2, S1, S2), trends (Figs. 3, 4), and relation-
ships (Fig. 5) within and among numerous forest data, 
in some cases including multiple products derived 
from the same dataset. We provide context that can 
help explain the observed differences and inform suit-
ability for particular uses, including dataset defini-
tions (Table  1) and characteristics (Table  2, Fig.  6). 
To further support data users in the data selection 
process, we provide online tools that allow users to 
interactively explore forest maps and view extent esti-
mates by state.

Our tools (https://​valer​iepas​quare​lla.​users.​earth​
engine.​app/​view/​forest-​datas​et-​explo​rer; https://​ee-​
fores​ts.​proje​cts.​earth​engine.​app/​view/​fores​ts-​shopp​
er) allows users to explore and compare all data ana-
lyzed in this paper. We provide tools with and without 
filters so the user can narrow down the data options 
based on their specific application, including: study 
region, time period, spatial resolution and other char-
acteristics included in Fig.  6. Together, these tools 
provide the capability to explore as many or as few 
data products as the user desires. We also make our 
Earth Engine and other processing code available 
for extension and application to other regions and/or 
domains (https://​github.​com/​valpa​sq/​ee-​fores​ts/​tree/​
main; https://​github.​com/​hf-​thomp​son-​lab/​ee-​fores​ts-​
shopp​er).

Conclusions

Our results show how important data selection can 
be, and the many ways forest data diverge in their 
estimates. For many projects, there is no perfect data, 
but considering data definitions (Table 1) and charac-
teristics (Table 2, Fig. 6) along with the purpose and 
needs of the analysis can help identify a defensible 
choice, and interactive tools can be used to see and 
compare different options in a study area before mak-
ing a decision. We hope that these tools and the ideas 
presented in this paper help forest data users become 
more critical and discerning about the forest data they 
use for particular projects and questions.
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