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Abstract

Forest drought monitoring tools are crucial for managing tree water stress and enhancing
ecosystem resilience. The Forest Drought Response Index (ForDRI) was developed to
monitor drought conditions in forested areas across the contiguous United States (CONUS),
integrating vegetation health, climate data, groundwater, and soil moisture content. This
study evaluated ForDRI using Pearson correlations with the Bowen Ratio (BR) at 24 Ameri-
Flux sites and Spearman correlations with the Tree-Ring Growth Index (TRSGI) at 135 sites,
along with feedback from 58 stakeholders. CONUS was divided into four forest subgroups:
(1) the West/Pacific Northwest, (2) Rocky Mountains/Southwest, (3) East/Northeast, and
(4) South/Central/Southeast Forest regions. Strong positive ForDRI-TRSGI correlations
(ρ > 0.7, p < 0.05) were observed in the western regions, where drought significantly impacts
growth, while moderate alignment with BR (R = 0.35–0.65, p < 0.05) was noted. In contrast,
correlations in Eastern and Southern forests were weak to moderate (ρ = 0.4–0.6 for TRSGI
and R = 0.1–0.3 for BR). Stakeholders’ feedback indicated that ForDRI realistically maps
historical drought years and recent trends, though suggestions for improvements, including
trend maps and enhanced visualizations, were made. ForDRI is a valuable complementary
tool for monitoring forest droughts and informing management decisions.

Keywords: forest drought; forest health; climate indices and indicators; satellite-based
drought indices; tree water stress; tree-ring; Bowen Ratio

1. Introduction
Forests are a vital part of the Earth’s ecosystems and are crucial in maintaining the

delicate balance of many natural environmental processes [1,2]. Ongoing climate and
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biodiversity crises significantly impact forest ecosystems, which account for 80%–90% of
global plant biomass and contain much of the Earth’s terrestrial biodiversity [3]. Drought
is a common, recurring climate extreme that occurs globally and can have both positive
and negative impacts on forest health, depending on the spatial location and timing of
precipitation [4,5]. Forest health is defined by the conditions that meet human needs,
alongside the resilience, recurrence, persistence, and biophysical processes that result in
sustainable ecological conditions [6].

As climate change progresses, droughts are expected to become more severe, frequent,
and prolonged throughout much of the U.S. [7–11]. Drought can have a negative impact on
tree growth, resulting in leaf loss and decreased canopy cover. This, in turn, diminishes
nutrient cycling and alters the amount of sunlight that reaches the forest floor. [12–14].
Prolonged or severe drought significantly impacts forests [15,16], placing chronic stress on
trees and forest ecosystem processes. While forests have some natural resistance to drought,
the adverse effects of drought may take several years to appear and require additional
time to recover [17,18]. For instance, California faced five consecutive years of drought
from 2012 to 2016, contributing to the death of over 100 million trees. The development
of this situation made millions of additional trees more vulnerable to insect infestations
and disease outbreaks [19,20]. Similarly, New Mexico endured severe drought conditions
in the early 2000s, resulting in widespread mortality of piñon pines (Pinus edulis Engelm,
two-needle piñon), with estimates indicating a 90% loss in some areas, due to drought
stress and subsequent bark beetle infestations [21].

Water supply significantly impacts forest health and gross primary productivity [4,5,22,23].
As drought conditions intensify, trees take measures to minimize water loss. Initially, they close
their stomata to reduce short-term water loss. Over the long term, this can increase growth
allocation to their root systems and reduce above-ground biomass [13,24]. However, under
prolonged or severe drought conditions, trees may resort to extreme responses, such as shedding
leaves. Severe drought can also cause cavitation in the tree’s water transport system, leading to
rapid mortality [13]. With drought projected to become more prevalent across the U.S., more
impacts are to be expected.

Forest ecosystems vary significantly across regions and are influenced by several
factors, including tree species composition, disturbance regimes, and exposure to extreme
climate conditions, such as drought [25]. Soil water availability is crucial for the health
of these ecosystems, emphasizing the importance of understanding the hydrologic vari-
ables that impact forest sustainability. However, geographical patterns in soil moisture
availability often precede species-specific responses to drought [26].

Improved near-real-time forest drought monitoring tools are essential for effective forest
management and enhancing long-term drought resilience. A drought monitoring tool de-
veloped specifically for forests is vital for enhancing forest management practices [15,27,28].
Integrating drought monitoring indices and indicators could change static forest manage-
ment into adaptive strategies using near-real-time data to enhance resilience and mitigate
climate-related issues like wildfires and pest outbreaks [29]. The primary goal of a forest stress
indicator is to assess when trees begin to experience significant drought stress that can trigger
physiological responses by limiting water loss. This water loss can ultimately impact tree
growth and increase their vulnerability to biotic threats (e.g., pests and diseases) and abiotic
stressors (e.g., extreme temperatures and soil degradation).

Various methods have traditionally been used to monitor drought conditions in
forested areas. Most conventional techniques rely primarily on climate data, particu-
larly precipitation and temperature measurements, as well as drought indices derived
from this data. Climatic variables are increasingly available as gridded geospatial datasets
derived from observations made at weather stations. Approaches based on climatic data,
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while helpful, tend to characterize forest drought indirectly [28]. Climate-based drought
indices, such as the Keetch-Byram Drought Index (KBDI), the Palmer Drought Severity
Index (PDSI), and the Root Zone Soil Moisture (RZSM), focus on quantifying moisture
deficits. However, they do not directly measure the canopy stress response of forests
caused by drought or the mortality rates among trees in forest stands. Instead of directly
evaluating the physiological state of forests, these indicators primarily reflect the potential
impacts of climatic variables, such as rainfall and temperature anomalies. This limitation
indicates the need for more comprehensive drought monitoring tools that consider other
types of environmental information in addition to more effectively characterizing forest
drought conditions.

Remote sensing techniques are increasingly used to monitor forests, offering spatially
continuous observations at higher resolutions than traditional climate indicators that rely
on discrete station data [30,31]. However, these methods have limitations in establishing
the impact of drought on forests, as multiple factors can affect reflectance values and, con-
sequently, forest health. For example, traditional remote sensing tools like the Normalized
Difference Vegetation Index measure canopy greenness but often struggle to distinguish
drought stress from background noise in dense, multi-layered forests due to saturation
effects. Therefore, remote sensing data alone cannot identify forest drought response [28].
Additionally, forests have various tree species, each exhibiting different levels of drought
tolerance, further complicating drought monitoring in these ecosystems [24].

Hybrid indices like the Vegetation Drought Response Index (VegDRI) have been de-
veloped in the past decade to improve drought monitoring of specific ecosystems [32].
VegDRI integrates satellite-derived vegetation indices with climate and biophysical data.
However, this tool primarily focuses on seasonal drought monitoring and does not address
the long-term impacts of prolonged drought. While VegDRI is effective for monitoring
drought in croplands and grasslands, it lacks parameters specifically tailored to address
forest-specific drought responses, such as delayed tree mortality, species-specific vulnerabil-
ity, and subsurface water deficits in trees. VegDRI also does not incorporate specific remote
sensing indicators, such as soil moisture estimates and evapotranspiration data. Including
these additional datasets can provide valuable insights into forest water availability and
stress, therefore improving forest drought monitoring.

Because forest ecosystems are complex, existing tools have limitations for monitoring
drought-related forest stress. Thus, a drought monitoring tool that combines climate and
satellite data, like VegDRI, but is designed specifically for monitoring water stress in forests,
is needed. When integrated with climate and other hydrologic model-based outputs, these
datasets can enhance forest drought monitoring by developing forest-specific indicators.

This study develops and evaluates the Forest Drought Response Index (ForDRI) to
monitor forest drought conditions across the contiguous United States (CONUS). It builds
upon a proof-of-concept ForDRI initially created by Tadesse et al. [28] to assess drought
conditions in eastern U.S. forests. The ForDRI is designed to identify drought signals
specific to forests while considering historical climate data and other ecological factors,
thereby addressing the complex nature of forest ecosystems. In this research, we enhance
previous methods and broaden the dataset by integrating additional historical data from
2003 to 2022 to develop the model, while the evaluation includes unseen data from 2023
to 2025. Our goal is to develop the ForDRI model specifically for CONUS and assess
its performance across various forested ecosystems using quantitative techniques and
expert-led qualitative assessments.
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2. Materials and Methods
2.1. Study Area: U.S. Department of Agriculture Forest Service (USFS) Forest Cover for the
Contiguous United States

The study area covers the contiguous United States. The ForDRI is specifically de-
signed for forested regions utilizing the national forest types and forest groups geospatial
dataset obtained from the USFS [33], which has a spatial resolution of 1 km. This forest
type group layer was created in 2023 using over 213,000 national forest inventory plots
measured between 2014 and 2018 by the USDA Forest Service’s Forest Inventory and Anal-
ysis (FIA) program, along with other supplementary information [33]. Figure 1 illustrates
the forest cover for the CONUS as produced by the USFS. This forest cover map was used
to distinguish forest areas from other types of land cover.

 
Figure 1. Study area: Forest cover for the contiguous United States (light green) produced by the
U.S. Forest Service [33]. The red circle indicates 24 AmeriFlux sites, while the 135 blue-black triangles
represent the tree-ring sites used to evaluate the ForDRI in this study.

The ForDRI values for each 12.5 km grid (resampled to 1 km for visualization) were
calculated exclusively for forested areas [33]. To evaluate the ForDRI, twenty-four Ameri-
Flux sites (marked with a red circle in Figure 1) across CONUS. The AmeriFlux network
comprises a community of scientists and sites that measure carbon, water, and energy
fluxes throughout the Americas, dedicated to producing and sharing high-quality eddy
covariance data from AmeriFlux [34]. Additionally, sixty-five tree-ring sites (indicated
by blue-black triangles in Figure 1) with relatively long historical records (a minimum of
seven years) were included.

2.2. Development of Improved ForDRI Models for the Contiguous United States

Based on the preliminary evaluation of the proof-of-concept ForDRI models for the
eastern U.S. [28], we developed enhanced ForDRI weekly models for the contiguous United
States by incorporating an additional five years of historical data, now covering 2003 to 2022.
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To further improve these models and refine spatial representation, we applied principal
component analysis (PCA)’s nearest neighborhood (PCA-nearest) method and integrated
local spatial context using a fixed-size spatial kernel uniformly across all datasets [35].
Using a five-by-five sliding window technique, we analyzed the data matrix by extracting
five-by-five submatrices and converting each into one-dimensional feature vectors. This
method is similar to the receptive field concept used in convolutional neural networks
(CNNs) and helps maintain localized spatial variability [36].

The enhanced PCA-nearest method leverages neighborhood-level spatial correlations,
addressing limitations in earlier proof-of-concept ForDRI models that treated individual
pixels independently. By aggregating information across five-by-five-pixel windows, the
improved ForDRI models smooth values, mitigate artifacts from individual data points,
and eliminate extreme values that are inconsistent with the surrounding area.

The ForDRI maps were produced at weekly intervals. Table 1 shows the input variables
used for developing the ForDRI weekly models. The satellite-based input variables include
USGS Earth Resources Observation and Science (EROS) Moderate Resolution Imaging Spectro-
radiometer (eMODIS) normalized difference vegetation index (NDVI) data and groundwater
storage (GWS) measurements at a depth of 1 m from NASA’s Gravity Recovery and Climate
Experiment (GRACE) satellites [28,37]. The climate component incorporated several Standard-
ized Precipitation Index (SPI) datasets for time frames of 9 months, 12 months, 24 months, and
60 months, as well as Standardized Precipitation-Evapotranspiration Index (SPEI) datasets for
12-, 24-, and 60-month periods. The other environmental input variables included NOAA’s
NOAH soil moisture estimates (NLDAS-2) for the upper soil layer (10 to 40 cm depth) from
NOAA’s North American Land Data Assimilation System (NLDAS) Drought Monitor Soil
Moisture datasets, Vapor Pressure Deficit (VPD) data from the PRISM Climate Group (Ore-
gon State University) and a 12-month Evaporative Demand Drought Index (EDDI) from the
NOAA Physical Sciences Laboratory.

Table 1. Input variables, data types, historical period length, sources, and resolution of the datasets
for the ForDRI models.

Original Variables Data Type Data Source Historical
Period Resolution

MODIS-based Normalized
Difference Vegetation Index

(NDVI)
Satellite AQUA MODIS NDVI V6 2002–2022 1 km, weekly

Groundwater Storage (GRACE) Satellite NASA GSFC Hydrological
Sciences Laboratory 2002–2022 0.125 degrees, daily

Standardized Precipitation Index
(9-,12-,24-,60-month SPI) Climate Applied Climate Information

System (ACIS) 1950–2022 Interpolated to 1 km
(IDW), weekly

Standardized Precipitation
Evapotranspiration Index
(12-, 24-, 60-month SPEI)

Climate Applied Climate Information
System (ACIS) 1950–2022 Interpolated to 1 km

(IDW), weekly

Soil Moisture Biophysical NLDAS Noah 2000–2022 0.125 degrees, monthly
Evaporative Demand Drought

Index
(12-month EDDI)

Biophysical NOAA Physical Sciences
Laboratory 1980–2022 0.125 degrees, weekly

Vapor-pressure deficit (VPD) Biophysical PRISM 1981–2022 0.05 degrees, daily

The ForDRI integrates gridded information on vegetation health, climate, evaporative
demand, groundwater, and soil moisture associated with forested areas across the CONUS
(Figure 2). To create the ForDRI models, all 12 input datasets were reformatted, reprojected,
resampled, and clipped to the areas with forest cover using the forest cover map. Except
for the SPI and SPEI datasets, which are already standardized, each input dataset was also
standardized (using the z-score method) to ensure consistency before integrating the datasets.
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For the weekly ForDRI model, the PCA-nearest neighborhood method was used to
determine the weight of each input variable at each grid cell for each week in the year,
which reflects their relative (potential) contribution to forest drought conditions, as detailed
in Tadesse et al. [28]. After determining the weight for the suite of input variables using
the PCA-nearest neighborhood method, the weekly ForDRI values for each grid cell were
calculated across the CONUS forest areas. The final ForDRI values are computed by first
multiplying the input variables by their respective weights, which are determined through
the PCA-nearest neighborhood method. Then, adding all weighted inputs together and
standardizing the values at each grid using the z-score. The ForDRI maps are created based
on these grid values in the forested areas. Figure 3 illustrates the steps from data processing
to generating the ForDRI values and maps.

 

Figure 2. The Forest Drought Response Index (ForDRI) model uses climate, hydrologic, and
vegetation-related gridded input variables.

 

Figure 3. The general flow of the methodology to combine input variables using their contribu-
tion/weight using principal component analysis (PCA)’s nearest neighborhood method to generate
ForDRI values/maps.
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After the ForDRI map is produced, the maps are classified into ten drought categories
based on the final weekly ForDRI values of each grid, as shown in Table 2.

Table 2. Forest Drought Index (ForDRI) classification.

ForDRI Values ForDRI Categories
ForDRI ≤ −2 Exceptional Drought
−2 < ForDRI ≤ −1.5 Extreme Drought
−1.5 < ForDRI ≤ 1 Moderate drought
−1 < ForDRI ≤ −0.5 Pre-drought Stress
−0.5 < ForDRI ≤ 0.5 Normal
0.5 < ForDRI ≤ 1 Moist
1 < ForDRI ≤ 1.5 Very Moist
1.5 < ForDRI ≤ 2 Extreme Moist
ForDRI > 2 Exceptionally Moist

2.3. Evaluation of Improved ForDRI Models for the Contiguous United States

Over one thousand weekly historical maps (2003 to 2025) were produced for further
analysis using fifty-two ForDRI weekly models. After creating these historical weekly
ForDRI maps, one of the most critical and challenging tasks was evaluating the modeled
products. Evaluation is essential to ensure the accuracy of the ForDRI maps in guiding
forest management recommendations and drought response. However, several challenges
arise during this process, including the limited availability of ground-truth data in complex
forest ecosystems, the difficulty of isolating the impacts of drought from other distur-
bances such as pests and fires, and the mismatches in scale between coarse satellite inputs
(e.g., soil moisture) and localized forest conditions. Model biases may also occur due
to oversimplified assumptions about species-specific resilience or delayed effects of
drought. The sections below describe the evaluation methods and approaches employed
in this study.

The previous study by Tadesse et al. [28] validated the ForDRI model in the east-
ern United States by comparing output maps and data with the U.S. Drought Monitor
(USDM) [38], the normalized Bowen Ratio (BR), and tree-ring data. The results showed
that the ForDRI model performed exceptionally well in identifying extreme drought
events in forests. Both qualitative and quantitative analyses indicated promising results
for expanding the application of the ForDRI proof-of-concept models to other regions
of the CONUS.

This research developed the ForDRI tool for the CONUS region and evaluated its
performance using both quantitative and qualitative approaches. The quantitative approach
compared ForDRI for CONUS forest regions with the Tree-ring Standardized Growth Index
(TRSGI) and assessed the relationship between ForDRI and the BR at AmeriFlux sites. The
qualitative approach involved gathering expert feedback on ForDRI maps through case
studies, which highlight the subjective experiences of forest experts, forest managers, and
other stakeholders regarding the impact of drought on forests, collected via a series of
webinars in different forest regions of the CONUS.

2.3.1. Evaluating ForDRI with the Tree-Ring Standardized Growth Index (TRSGI)

Numerous studies have shown that tree growth is sensitive to local climate conditions.
As a result, tree-ring chronologies (tree growth ring widths) can provide valuable insights
for monitoring forest drought because tree-ring widths are reflective of annual climatic
conditions and resulting vegetation productivity [39–41]. By comparing series of ForDRI
values with tree-ring widths over the same timeframe, we can obtain information about
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drought-tree growth interactions that can be used to evaluate the model’s performance in
identifying forest drought.

According to NOAA’s International Tree-Ring Data Bank (ITRDB), the Tree-ring Stan-
dardized Growth Index (TRSGI) is calculated by standardizing raw ring-width data from a
site by fitting a curve to the data to account for natural growth trends, such as age-related
declines [42]. Each ring-width value is divided or subtracted from the corresponding curve
value, generating growth indices. This method standardizes samples with different growth
rates, eliminating irrelevant trends. For example, if a sample exhibits an exponential decline
in growth because of trunk size, a negative exponential function can be used to standardize
it. This process results in values that represent deviations from the expected growth. These
standardized indices can then be utilized to analyze environmental signals [42]. To evalu-
ate ForDRI, the TRSGI values were calculated for 135 sites with relatively long historical
records (more than 7 years) since 2003.

One of the challenges in comparing ForDRI data with the normalized TRSGI is the
difference in the frequency of records between the two datasets. TRSGI provides yearly data,
while ForDRI operates on a weekly time step. To address this discrepancy, ForDRI data
calculated weekly were integrated into growing seasonal (May to October) and yearly values.

2.3.2. Calculation of Integrated ForDRI for Evaluation: Aggregation of ForDRI Values for
TSGI Correlation Analysis

To evaluate the ForDRI alongside the TRSGI, we followed these steps: (i) classified the
ForDRI values into four levels of dryness/drought (see Table 3), (ii) counted the frequency
of each dryness level for each tree site for each year, and (iii) integrated the frequencies
using Equation (1), which is based on the Drought Severity and Coverage Index [43]. The
weights assigned using Equation (1) were determined based on the empirical knowledge
of drought experts, who stated that as the dryness level increased, a higher weight was
assigned to the corresponding drought frequency to identify the potentially significant
impacts of more severe drought events. If there are few or no minor drought events during
a growing season, the yearly ForDRI will equal or be close to 1. Conversely, increasing
the number and severity of drought events within a growing season will lead to a higher
yearly ForDRI value.

Integrated ForDRI = f1·1 + f2·2 + f3·3 + f4·4, (1)

where fi is the frequency of the ith dryness level.

Table 3. Levels of dryness based on ForDRI values.

Dryness Level ForDRI Assigned Weight

1 ForDRI ≥ 0 1
2 0 > ForDRI ≥ −1 2
3 −1 > ForDRI ≥ −2 3
4 −2 > ForDRI 4

Bivariate Spearman correlation and time series analyses were applied in the growing
season to evaluate the relationship between the normalized TRSGI and the ForDRI values.

2.3.3. Evaluating ForDRI with Normalized Bowen Ratio (BR) Data

The BR is a key metric for assessing forest drought conditions because it is sensitive to
water availability and plant stress [44]. It measures the ratio of sensible heat flux (the energy
that warms the air) to latent heat flux (the energy that drives evapotranspiration). A high
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BR indicates reduced latent heat flux due to low water availability for evapotranspiration,
signaling drought stress in forest ecosystems [45]. This measure complements other drought
indices and provides insight into how forests respond to heat and water scarcity [28].

Tadesse et al. [28] demonstrated a significant correlation between ForDRI and the
BR during extreme drought events in the eastern U.S. The same approach was used to
further investigate the relationship between the normalized BR and the ForDRI across
CONUS. In this study, the BR (β) is defined using sensible heat flux (H) and latent heat
flux (λL) as shown in Equation (2). Understanding this process allows us to assess forest-
related water deficit stress based on changes in stomatal conductance. During periods of
forest water deficit stress, characterized by high temperatures and vapor pressure deficits,
combined with low precipitation and low soil moisture content, stomatal conductance can
be significantly limited. This results in an increase in sensible heat flux and BR values.

βi =
∑ H
∑ λL

(2)

The 30 min sensible and latent heat flux datasets (no gap-filled values) were acquired
from 24 AmeriFlux sites. The processing and integration of the flux data were the same as
in the previous work by Tadesse et al. [28]. The 30 min flux data during the growing season
were first aggregated to the 7-day (weekly) scale to match the temporal resolution of the
ForDRI with a filter of both H and λL higher than 50 Wm−2 to reduce noise in the dataset.
To reduce seasonal variations and make values comparable across sites, the integrated BR
was log-transformed and normalized based on the weekly mean and standard deviations
in the growing season (Equation (3)).

Nomalized βi = −
log10βi − log10βl

σ
(3)

In Equation (3), the standard normalization function used to calculate the Z-score
was multiplied by −1 to maintain consistency with the interpretation of the ForDRI.
Negative values indicate drier conditions, while positive values indicate wet conditions.
In this equation, βl represents the weekly mean of the BR, and σ denotes the weekly
standard deviation.

The weekly ForDRI models were quantitatively evaluated using 1040 historical weekly
ForDRI maps from 2003 to 2022. In addition, 104 ForDRI weekly maps for 2023–2024 were
added for qualitative assessment in recent years’ case studies. Because of potential regional
differences in the impact of drought on forests across the CONUS, forest regions were
categorized into four groups (Figure 4) based on their geographic locations: (i) the West and
Pacific Northwest Forest regions, (ii) the Rocky Mountain and Southwest Forest regions,
(iii) the East and Northeast Forest regions, and (iv) the South, Central, and Southeast
Forest regions.

Spearman and Pearson correlation methods were used for quantitative analysis. Be-
cause ForDRI and tree-ring data are assumed to have a monotonic relationship and do
not follow a normal distribution, Spearman’s correlation method was used, which is more
appropriate for measurements from ordinal scales. In contrast, Pearson’s correlation was
used to compare the ForDRI and BR, which are expected to have a linear relationship. The
key findings from the correlation analyses are presented in Section 3 (Results section) for
each forest group.

Additionally, the summary of the ForDRI-TRSGI Spearman’s correlation (ρ) and
ForDRI-BR Pearson’s correlation (R) are provided in Tables S1 and S2, respectively, as
supplementary data to show detailed results. Table S1 presents Spearman’s correlation
between the ForDRI and the TRSGI at 135 tree-ring sites across CONUS. For each tree-ring
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site, the supplementary table (Table S1) shows the state location, site ID, site name, tree
species name, common name of the tree, and Spearman’s correlation values, with p-values
less than 0.05 included. Similarly, Table S2 presents the Pearson correlation between ForDRI
and the BR using twenty-four AmeriFlux sites across CONUS. For each site, Table S2
provides: the state, site ID, site name, species name of the tree, common name of the tree,
and the Spearman correlation (R) values, with p-values of less than 0.05.

 

Figure 4. Four forest groups clustered for the CONUS based on their geographic locations to evaluate
the ForDRI: (i) the West and Pacific Northwest Forest regions, (ii) the Rocky Mountain and Southwest
Forest regions, (iii) the East and Northeast Forest regions, and (iv) the South, Central, and Southeast
Forest regions. The AmeriFlux sites in red circles and tree-ring sites in blue-black triangles are
also shown.

The qualitative analysis component of this study used expert feedback collected from
forest experts, forest managers, and other stakeholders (e.g., climatologists) through a
series of webinars for different forest regions of the CONUS. In collaboration with the U.S.
Forest Service and colleagues from the USDA Climate Hubs, the UNL ForDRI research
team conducted four evaluation webinars in 2024, covering several U.S. Forest regions.
These webinars took place in the following forest regions on the specified dates: the West
and Pacific Northwest Forest regions on 18 September 2024; the Rocky Mountain Forest
region on 24 July 2024; the East and Northeast Forest regions on 5 June 2024; and the South,
Central, and Southeast Forest regions on 25 March 2024.

The evaluation webinars provided valuable information about how stakeholders
understand, use, and interpret the accuracy of the ForDRI maps and how they would
like to see the maps improved. This method enhanced understanding of regional forest
management challenges by incorporating stakeholder insights and expert knowledge,
making the study more relevant to different forest regions. The details are described in the
following section. The quantitative and qualitative ForDRI model results for each forest
region group are also discussed below.
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3. Results
3.1. Evaluation of ForDRI for the West and Pacific Northwest Forest Regions
3.1.1. Evaluation of ForDRI Using Tree-Ring and Bowen Ratio for the West and Pacific
Northwest Forest Regions

ForDRI-TRSGI Correlation: Forty-two tree-ring sites were analyzed for this forest
region group (Figure 4). ForDRI showed a high Spearman correlation (ρ) with TRSGI
(tree-ring) in the West and Pacific Northwest Forest regions, notably California and Idaho.
For example, in California, strong positive correlations dominate at sites like CA678 (Jeffrey
Pine (Pinus jeffreyi Balf ), ρ = 0.90, p < 0.05) and CA660 (blue oak (Quercus douglasii Hook.
& Arn), ρ = 0.87, p < 0.05), reflecting acute drought sensitivity in shallow-rooted species
under the state’s Mediterranean climate, particularly during summer dry spells. However,
negative correlations at CA665 (blue oak, ρ = −0.85, p < 0.05) and CA726 (giant sequoia
(Sequoiadendron giganteum (Lindl.) J. Buchholz), ρ = −0.66, p < 0.05) suggest buffering that
may have resulted from fog or deep soil moisture in certain ecosystems. This may also
be due to poor data quality or heavy rainfall, which can saturate the ground with water.
Such a condition hinders root growth and ultimately reduces the tree’s growth, resulting in
narrower tree rings similar to those produced during drought.

In the rest of the Pacific Northwest, the ForDRI-TRSGI generally shows moder-
ate to strong positive correlations, though with slightly more variability, potentially
due to maritime influences. Oregon, Idaho, and Montana exhibit consistently strong
correlations [ρ = 0.72–0.91, p < 0.05], primarily in high-elevation coniferous sites where
drought stress is a primary constraint on growth. For example, Oregon’s semi-arid juniper
stands (e.g., OR093, ρ = 0.86, p < 0.05) and Idaho/Montana’s high-elevation conifers (e.g.,
ID015, ponderosa pine (Pinus ponderosa ex C. Lawson), ρ = 0.68, p < 0.05; MT117, subalpine
fir (Abies lasiocarpa (Hook.) Nutt), ρ = 0.71, p < 0.05) show robust correlations, underscoring
ForDRI’s utility in moisture-limited systems. Utah’s UT544 (Douglas-fir (Pseudotsuga men-
ziesii (Mirb.) Franco), ρ = 0.53, p < 0.05) highlights moderate accuracy in transitional arid
zones, suggesting reduced sensitivity compared to drier regions.

Figure 5a illustrates the time series of the ForDRI and TRSGI values to demon-
strate the ForDRI-tree ring relationship from 2003 to 2009 for the Frederick Butte Up-
date site (western juniper forest in Oregon, OR093: ρ = 0.86, p < 0.05), showing strong
Spearman’s correlation.

ForDRI-BR Correlation: Five AmeriFlux sites were used for the ForDRI-BR correlation
(R) in the West and Pacific Northwest Forest regions. This forest region group showed
strong seasonal Pearson’s correlations between ForDRI and BR, peaking in mid-to-late
summer (Weeks 20–35), potentially driven by seasonal aridity and moisture stress. For
example, California’s US-Ton (Tonzi Ranch) shows peak correlations (R = 0.73, p < 0.05) in
Week 29 (i.e., 15 to 22 July), reflecting its Mediterranean climate where summer droughts
sharply reduce latent heat flux. Similarly, Oregon’s US-Me2 (Metolius mature ponderosa
pine forest) showed a consistent relationship in mid-to late summer, peaking in September
(Week 39, R = 0.61, p < 0.05), as deep-rooted pines access subsurface water during prolonged
dry spells. Conversely, a negative ForDRI-BR correlation was observed at Washington’s
Wind River, US-Wrc (Weeks 25 and 28, R = −0.72, p < 0.05), revealing ForDRI’s inability to
resolve BR signals in snow-dominated systems. These discrepancies emphasize the need for
region-specific seasonal adjustments in ForDRI’s model. This indicates regional limitations,
as microclimate variability decouples BR from drought indices, including ForDRI.
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Figure 5. Comparison of the historical records of ForDRI-TRSGI (ForDRI and Tree Ring Standardized
Growth Index) and ForDRI-BR (ForDRI and Bowen Ratio): (a) Time series of ForDRI and TRSGI for
Frederick Butte Update site (OR093) and FORDRI-TRSGI Spearman’s Correlation (ρ), (b) Pearson’s
correlation between ForDRI and the BR at US-Me2-AmeriFlux site (Green Ridge, Oregon), and
(c) Time series of the BR and ForDRI at the US-Me2 site.

An example of Pearson’s correlation (R) results between the ForDRI and BR is provided
in Figure 5b for the US-Me2 site. The y-axis in Figure 5b represents Pearson’s correlation,
while the x-axis shows the weeks within the growing season. This ForDRI correlation with
the BR was relatively high, reaching correlation values of 0.58 (p-value < 0.05). Figure 5c
presents a time series of the BR and ForDRI from 2003 to 2022 for the US-Me2 site in Green
Ridge within the eastern Cascade Mountains of Oregon. The rose-colored bars represent
the growing season. The correlation graphs indicate that ForDRI and BR values generally
followed a similar temporal pattern, especially during the growing season; however, notable
differences were observed in some periods.

Generally, ForDRI’s incorporation of key variables, including soil moisture values,
enhanced its accuracy in the West and Pacific Northwest Forest regions. The strong summer
correlations underscore ForDRI’s utility in tracking evaporative stress in arid forests. How-
ever, micro-climate (e.g., coastal fog) in Washington and rapid wet-season transitions in
Oregon slightly dampen late-fall correlations, as intermittent moisture complicates ForDRI-
BR linkages. These patterns indicate the need to calibrate ForDRI for topographically
complex areas and snow-dominated systems.

3.1.2. Qualitative Evaluation of the Webinar Participants for the West and Pacific
Northwest Forest Regions

The qualitative ForDRI evaluation for the West and Pacific Northwest Forest regions
covered seven states: Washington, Oregon, California, Idaho, Utah, Montana, and Nevada
(Figure 6). For the case studies, weekly ForDRI maps for September 2023–September 2024
and the drought years 2022 and 2015 were included. These ForDRI maps were evaluated
using the expert knowledge of the eleven participants during a webinar for this region.
Participants noted that the drought depicted on ForDRI during 2023–2024 contributed
to increased tree mortality, insect outbreaks, and more intense wildfires. Specifically,
75% of participants observed heightened wildfire activity, while 25% reported intense
burns. The ForDRI patterns in the 2023–2024 maps were rated moderately accurate by
67% of participants, though a few discrepancies were highlighted, such as overestimated
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drought conditions in western Washington. According to the participants, the 2022 maps
effectively depicted the impacts of forest drought in Montana and eastern Oregon, which
included issues like insect infestations and tree mortality. However, participants also noted
overestimating drought conditions in some local areas during the summer, and ForDRI’s
delayed response in capturing drought recovery. For the 2015 case study, participants
found that ForDRI accurately depicted severe drought conditions in Idaho and Montana.
However, they identified an overestimation of drought intensity (i.e., more severe) in
California’s Sierra Nevada region. The participants noted that the ForDRI did not account
for the impact of snowpack drought in Washington’s Cascades.

 

Figure 6. West and Pacific Northwest Forest regions Evaluation: examples of case study maps of
Forest Drought Response Index (ForDRI) for (a) 29 July 2024, and (b) 28 March 2022. The red ovals
on the maps indicate the specific drought signals considered during the evaluation.

Webinar discussions yielded detailed suggestions for improving ForDRI’s accuracy
and expanding its utility for this region. Participants proposed developing seasonal stress
maps, trend comparisons across years, and location-specific time-series maps to better cap-
ture the critical dynamics of the growing season. They suggested incorporating additional
datasets, such as SNOTEL for snow data, wildfire records, aerial surveys, and information
on drought-related tree mortality and insect outbreaks. Emphasis was placed on the need
for real-time data access and the integration of long-term drought patterns into analyses.
Participants raised questions about the applicability of ForDRI maps in winter, when tree
biological activity is minimal, and recommended developing pre-growing season ForDRI
maps for wildfire management. They also highlighted the importance of including snow
cover, elevation, and post-fire impacts. Additional suggestions included considering the
connection between drought stress, defoliation, and insect activity, emphasizing the need
to update ForDRI with new data inputs related to these areas as they become available.

3.2. Evaluation of ForDRI for the Rocky Mountain and Southwest Forest Regions
3.2.1. Evaluation of ForDRI Using Tree-Ring and Bowen Ratio for the Rocky Mountain and
Southwest Forest Regions

ForDRI-TRSGI Correlation: A total of sixty-seven tree-ring sites were used for the
Rocky Mountain and Southwest Forest regions. Many sites exhibit strong positive cor-
relations between ForDRI and TRSGI in the drier interior regions. For example, Col-
orado’s CO588 (ponderosa pine, ρ = 0.87, p < 0.05) and New Mexico’s NM587 (Douglas-fir,
ρ = 0.80, p < 0.05) illustrate the close relationship between ForDRI and tree-ring growth in
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high-elevation coniferous forests. This shows ForDRI’s accuracy in capturing intra-annual
forest drought stress in Rocky Mountain ecosystems. Moderate ForDRI-TRSGI correla-
tion was also observed at Colorado’s CO656 (Bristlecone pine (Pinus longaeva D.K. Bailey),
ρ = 0.58, p < 0.05), shown in Figure 7a. In addition, Arizona’s AZ593 (Douglas-fir, ρ = 0.76,
p < 0.05) and AZ590 (Douglas-fir, ρ = 0.74, p < 0.05) further validate ForDRI’s reliability in
semi-arid uplands.

 
Figure 7. Evaluation of the historical records of ForDRI-TRSGI and ForDRI-BR: (a) Time series of
ForDRI and FORDRI-TRSGI Spearman’s Correlation for the Summitville site in Colorado (CO656),
(b) Pearson’s correlation between ForDRI and the Bowen Ratio at US-NR1-AmeriFlux site (Niwot
Ridge Forest, Colorado), and (c) Time series of the Bowen Ratio and ForDRI for the US-NR1 site.

Limitations arise in hydrologically complex areas such as Arizona’s AZ598 (ponderosa
pine, ρ = −0.18, p < 0.05) and Wyoming’s WY051 (lodgepole pine (Pinus contorta Douglas ex
Loudon), ρ = −0.42, p < 0.05), which exhibit weak or negative correlations. These discrepancies
may be linked to site-specific factors, such as local snowpack influences, groundwater avail-
ability, or varying levels of drought stress from year to year. These variations suggest that,
although ForDRI generally performs well across the Rockies and Southwest, it could benefit
from regional calibration. This would also account for lag effects and the need to incorporate
snowpack dynamics, improving accuracy in snow-dependent ecosystems.

ForDRI-BR Correlation: For the Rocky Mountain and Southwest Forest regions, five
AmeriFlux sites were used for the ForDRI-BR correlation. This forest region group showed
mixed signals. For example, Colorado’s Niwot Ridge Forest (US-NR1) showed mid-summer
significance, peaking in mid-July (Week 28, R = 0.58, p < 0.05), which may be tied to intermittent
drought stress in subalpine forests located just below the Continental Divide near Nederland,
CO. In addition, Arizona’s Santa Rita Mesquite (US-SRM: Week 41, R = 0.57, p < 0.05) and
New Mexico’s Valles Caldera Mixed Conifer (US-VCM: Week 20, R = 0.55, p < 0.05) show
moderate correlation with ForDRI. Wyoming’s US-Rws (Reynolds Creek, Week 36, R = 0.59,
p < 0.05) highlights snowmelt-driven moisture replenishment, which moderately aligns BR
with ForDRI. In contrast, the negative linkage at the Glacier Lakes Ecosystem Experiments
Site (GLEES), Wyoming (US-GLE), peaks in July (Week 30: R = −0.50, p < 0.05), likely due to
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snowmelt reducing evapotranspiration during drought. Additionally, the GLEES watershed
features complex mountainous terrain, ranging from an elevation of 3200 to 3500 m. These
results highlight the region’s complexity, suggesting that elevation gradients and precipitation
timing may be necessary to enhance the ForDRI models.

Figure 7 presents an example of the ForDRI-TSG and ForDRI-BR relationships in the
Rocky Mountain and Southwest Forest Regions. Figure 7a shows the time series of the
ForDRI and TRSGI values to demonstrate the ForDRI-tree ring relationship from 2003 to
2009 for the Summitville, Colorado (CO656) location. As shown in Figure 7a, Spearman’s
correlation between ForDRI and tree-ring with a record of CO656 is 0.58 (p <0.05). Figure 7b
displays the correlation between ForDRI and BR at the Colorado Niwot Ridge Forest (US-
NR1) AmeriFlux site. This correlation with the BR yielded relatively low values, reaching
the highest value of 0.58 (p < 0.05). Figure 7c shows a time series of the BR at Niwot Ridge
Forest and ForDRI from 2003 to 2022. Even though some data were missing, the time-
series graph shows a relatively good pattern between ForDRI and the BR across most of
the study period.

3.2.2. Qualitative Evaluation of the Webinar Participants for the Rocky Mountain and
Southwest Forest Regions

The qualitative evaluation of the ForDRI tool in the Rocky Mountain Forest region
focused on eight states (Figure 8), with an emphasis on Colorado and Wyoming, and
included case studies for the period from September 2023 to July 2024, as well as the 2022
drought year. For 2023–2024, 58% of the regional experts participating in the webinar
did not observe drought impacts on forests, and 70% noted no major wildfire events
during that period for the region. However, 25% reported delays and reductions in plant
growth in their local area. During the 2022 drought, participants observed changes in
vegetation after fires, sapling mortality, and occasional tree mortality, while 22% noted
more frequent or intense wildfires. Overall, ForDRI maps for 2023–2024 were deemed very
to moderately accurate by 88% of participants, though some noted discrepancies, such as
severe drought conditions in areas like the Wind River Range. Similarly, the 2022 maps
were found to represent drought conditions well, but they underrepresented the impacts of
spring forest drought.

 

Figure 8. Rocky Mountain and Southwest Forest Region Evaluation: examples of case study maps of
Forest Drought Response Index (ForDRI) for (a) 29 April 2024 and (b) 25 April 2022. The red ovals on
the maps show the specific drought signals to be considered during the evaluation.
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Participants suggested improving ForDRI for forest management in this region by
incorporating additional data inputs, such as snowmelt, elevation, slope, and aspect. They
recommended trend maps and an Application Programming Interface (API) for localized
analysis, as well as tools for drawing custom polygons to retrieve region-specific time
series. ForDRI could support applications such as wildfire management, reforestation
planning, and agricultural guidance, addressing questions like the downstream impacts
of forest drought on water availability. Validation resources, such as burn severity trends,
field plots, aerial surveys, and seedling survival data, were proposed. Participants also
highlighted the need for county- or state-level maps and user-defined areas for focused
analysis. Other ideas included integrating U.S. Forest Service reforestation and health
surveys and offering real-time data for dynamic forest management applications. Breakout
discussions emphasized refining the utility of ForDRI maps, particularly for stakeholders
such as fire analysts and forest managers.

3.3. Evaluation of ForDRI for the East and Northeast Forest Regions
3.3.1. Evaluation of ForDRI Using Tree-Ring and Bowen Ratio for the East and Northeast
Forest Regions

ForDRI-TRSGI Correlation: Spearman’s correlation between ForDRI values and tree-
ring width demonstrated encouraging results across the East and Northeast Forest regions.
Due to data limitations, only four tree-ring sites were used for the ForDRI-TRSGI correla-
tion in this region. For example, Missouri’s MO084 (post oak (Quercus stellata Wangenh),
ρ = 0.58, p < 0.05) and West Virginia’s WV006 (eastern hemlock (Tsuga canadensis (L.)
Carrière), ρ = 0.60, p < 0.05) show moderate correlations, indicating ForDRI’s utility dur-
ing acute droughts in upland forests. However, weak or negative correlations domi-
nate elsewhere. For example, West Virginia’s WV009 (pitch pine (Pinus rigida Mill),
ρ = −0.07, p = 0.005) reflects growth decoupling from drought in cooler, mesic forests
where temperature, not moisture, drives growth cycles. Lacking sufficient tree ring data
sites for most Northeastern states (e.g., Maine and New York) limits the ability to draw
broader conclusions.

Figure 9a presents a time-series graph that evaluates the ForDRI using Spearman’s
ForDRI-BR correlation, plotting the time-series data of ForDRI and TRSGI from 2003 to
2012 for the West Virginia Pipestem Resort State Park site (WV006). This graph (Figure 9a)
shows a moderate Spearman’s correlation of 0.60 between ForDRI and TRSGI. However,
the lack of sufficient tree-ring data from other states limits broader regional generalizations,
indicating a need for expanded monitoring in eastern deciduous forests and an alternative
validation method.

ForDRI-BR Correlation: Nine AmeriFlux sites were used for the ForDRI-BR correlation
in the East and Northeast Forest regions. ForDRI shows moderate to strong correlations
(R = 0.4–0.9) in deciduous and mixed forests, with peak accuracy in late summer. For
example, the Missouri Ozark Site (US-MOz) shows moderate average correlation between
ForDRI and BR (R ≈ 0.34, p < 0.05), with peak correlations in Weeks 31–33 (R = 0.85–0.86,
p < 0.05) during late-summer drought stress in oak-hickory forests. These peaks align
with heightened evapotranspiration suppression under seasonal moisture deficits, which
ForDRI captured effectively. However, negative correlations in late fall (Week 50: R = −0.52,
p < 0.05) suggest limitations in modeling during the cold season.

In contrast, the Howland Forest site (US-Ho2) in Maine exhibited a weak average
correlation between ForDRI and BR (R ≈−0.01, p < 0.05), with significant seasonal extremes.
The strongest positive correlation occurs in Week 51 (R = 0.57, p < 0.05) during late fall,
likely reflecting residual drought stress before winter dormancy. In contrast, the sharpest
negative correlation at US-Ho2 is observed in Week 4 (R = −0.93, p < 0.05), likely due to
snowpack insulating soils and masking actual moisture conditions.
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Similarly, the Morgan Monroe site (US-MMS) exhibits moderate average correlation
between ForDRI and BR (R ≈ 0.28, p < 0.05), with a strong peak in mid-July (Week 28,
R = 0.73, p < 0.05), reflecting drought-driven evapotranspiration suppression in temperate
hardwood forests.

 
Figure 9. Comparison of the historical records of ForDRI-TRSGI and ForDRI-BR: (a) Time series
of ForDRI and TRSGI with FORDRI-TRSGI Spearman’s Correlation for Pipestem Resort State Park
site in West Virginia (WV006), (b) Pearson’s correlation between ForDRI and the Bowen Ratio at
US-MMS-AmeriFlux site (Morgan Monroe State Forest, Indiana), and (c) Time series of the Bowen
Ratio and ForDRI for the US-MMS site.

Figure 9b illustrates the correlation between ForDRI and BR at the US-MMS AmeriFlux
site, revealing a moderate average correlation between ForDRI and BR (R ≈ 0.28, p < 0.1),
with a strong peak in mid-July (Week 28, R = 0.73, p < 0.05), reflecting drought-driven
evapotranspiration (ET) suppression in temperate hardwood forests. Additionally, Figure 9c
presents a time series analysis of BR and ForDRI from 2003 to 2022 for US-MMS in Indiana,
highlighting the relatively similar temporal patterns observed in ForDRI and BR.

3.3.2. Qualitative Evaluation of the Webinar Participants for the East and Northeast
Forest Regions

The evaluation webinar for the East and Northeast Forest regions (Figure 10) included
18 participants who provided feedback on ForDRI maps. For the 2023–2024 case study
year, most participants (78%) reported that they did not observe any impact of drought
on forests. However, a small portion of participants (3%) noted an increase in invasive or
non-native plant species and instances of trees dying during this period. A forest health
expert participating in the discussion commented that the long-term effects of drought on
hardwood trees in this region will not be fully understood until the leaves emerge next
spring. The impacts of drought, including tree decline or mortality, are often widespread
and challenging for surveyors to measure accurately. In the case study focused on the 2016
drought, many participants reported that they did not observe or recall any effects of the
drought on forests.
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Overall, the 2024 ForDRI maps have been reasonably representative of the drought
conditions. These ForDRI maps also indicate green and moist conditions in the Northeast
region during the 2023–2024 period. However, for instance, the upper valley of New
Hampshire experienced dry soil conditions in May 2024, as measured by soil moisture
at a 1 m depth, which was not reflected on the maps. Participants observed that ForDRI
maps are helpful for fieldwork in forested areas by offering insights into site and moisture
conditions, as well as expectations regarding whether the site is wetter or drier than usual
for the landscape. Additionally, drought-related decisions within the forestry community
could benefit from ForDRI data, particularly in determining the timing for prescribed
burning (go/no-go decisions) based on current drought conditions. In contrast, for the 2016
drought case study, only 20% of respondents recalled observing tree deaths. Tree mortality
due to drought in northeastern US forests is likely rare because temperate deciduous tree
species have a strong capacity for carbon storage [46].

 

Figure 10. East and Northeast Forest Regions Evaluation: examples of case study maps of Forest
Drought Response Index (ForDRI) for (a) 8 January 2024 and (b) 15 August 2016. The red ovals on
the maps show the specific drought signals to be considered during the evaluation.

3.4. Evaluation of ForDRI for the South, Central, and Southeast Forest Regions
3.4.1. Evaluation of ForDRI Using Tree-Ring and Bowen Ratio for the South, Central, and
Southeast Forest Regions

ForDRI-TRSGI Correlation: Twenty-two tree ring study sites were utilized for the
ForDRI-TRSGI correlation in this region. The ForDRI-TRSGI data showed a strong Spear-
man’s correlation in these regions where tree-ring (TRSGI) data aligns closely with ForDRI’s
drought signals in the South and Central Forest regions, particularly in Oklahoma and
Texas. For example, Oklahoma’s shortleaf pine (OK038, ρ = 0.92, p < 0.05) and Texas’s
post oak (TX051, ρ = 0.85, p < 0.05) showed high correlation between ForDRI and growth
suppression. In addition, Mississippi’s MS003 (baldcypress (Taxodium distichum (L.) Rich.),
ρ = 0.47, p < 0.05) shows moderate correlations and may be suitable for upland monitor-
ing. However, floodplain ecosystems like South Carolina’s baldcypress (SC007, ρ = 0.06,
p < 0.05) and Arkansas’s AR078 (shortleaf pine, ρ = 0.21, p < 0.05) exhibit minimal cor-
relations likely due to groundwater buffering, where persistent soil moisture decouples
growth from drought. This contrast highlights ForDRI’s strengths in arid systems but
weaknesses in hydrologically dynamic regions. Moreover, the limited availability of data,
particularly short overlap periods in tree-ring records for southeastern states like Florida,
reduces the reliability of ForDRI-TRSGI correlations in these areas. This suggests that the
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ForDRI could be a complementary tool, requiring integration with local hydrological data to
enhance interpretation.

ForDRI-BR Correlation: Five AmeriFlux sites were used for the ForDRI-BR correlation
in the South, Central, and Southeast Forest regions. Due to contrasting drivers, these forest
regions displayed highly variable correlations (R = 0.60–0.99). For example, the NC-Loblolly
Plantation in North Carolina (US-NC2) sites showed relatively strong early-summer (May
to June) correlations (R = 0.68, p < 0.05), reflecting natural drought cycles in unirrigated
forests. Similarly, Florida’s subtropical forests (US-SP1) exhibit moderate correlations
(R = 0.67, p < 0.05) as high humidity buffers ET loss, reducing ForDRI’s sensitivity to forest
drought (Figure 11b). In addition, hurricane volatility and humidity-driven buffering could
underscore the region’s challenges for consistent drought monitoring.

 
Figure 11. Comparison of the historical records of ForDRI-TRSGI and ForDRI-BR: (a) Time series
of ForDRI and TRSGI with FORDRI-TRSGI Spearman’s Correlation for Camp Tom Hale site in
Oklahoma (OK036), (b) Pearson’s correlation between ForDRI and the Bowen Ratio at US-SP1-
AmeriFlux site (Austin Cary Site, Florida), and (c) Time series of the Bowen Ratio and ForDRI for the
US-SP1 site.

Figure 11a presents a time-series graph analyzing the ForDRI in relation to tree-
ring data at the Camp Tom Hale site in Oklahoma (OK036) from 2003 to 2013 using
Spearman’s correlation, which yields a correlation coefficient of 0.84. Figure 11b depicts
Spearman’s correlation between the BR at the US-SP1-AmeriFlux site (Slashpine-Austin
Cary, Gainesville, FL, USA) and the ForDRI, showing a correlation of 0.67 (p < 0.05) in early
September (during the growing season). Figure 11c provides a time-series comparison
of the BR and ForDRI from 2003 to 2022 at the US-SP1 AmeriFlux site, highlighting their
relatively similar temporal patterns.

3.4.2. Qualitative Evaluation of the Webinar Participants for the South, Central, and
Southeast Forest Regions

Forest conditions during the 2023–2024 and 2016 drought years were assessed across
19 states, including Florida, Georgia, Kentucky, Missouri, and North Carolina (Figure 12).
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Twelve participants provided feedback, reporting that in the 2023–2024 drought, 58%
observed significant tree mortality and insect outbreaks, while 17% noted delays in plant
growth and occurrences of tree blowdowns that align with the forest drought conditions
depicted by the ForDRI maps. In addition, wildfires were a significant focus, with half of
the participants in 2023–2024 reporting that wildfires burned more intensely than expected,
33% noting increased wildfire frequency, and 17% indicating adverse effects of smoke on
wildlife and people.

 

Figure 12. South, Central, and Southeast Forest Regions Evaluation: examples of case study maps of
Forest Drought Response Index (ForDRI) for (a) 1 January 2024 and (b) 28 November 2016. The red
ovals on the maps show the specific drought signals to be considered during the evaluation.

For the 2016 drought, 64% observed tree mortality, and 45% reported insect outbreaks,
with additional impacts such as vegetation composition changes post-fire and increased
erosion. Similarly, in the 2016 drought year, 67% of participants observed intensified wild-
fires and related smoke impacts. A participant noted that fires in the southern Appalachian
region were particularly significant during 2016. Heavy smoke extended far south into
central Georgia, enveloping the Atlanta-Athens area for many days in November 2016.
Overall, participants rated the accuracy of the 2023–2024 ForDRI maps positively, with 67%
stating they reflected conditions very accurately, compared to 50% for 2016 maps.

Discussions during the breakout session emphasized regional ForDRI drought pat-
terns and their ecological impacts. For example, participants linked the 2023 drought
in southwest Mississippi and Louisiana to Ips beetle outbreaks and significant wildfires,
notably the Tiger Island fire, the largest in the state’s history [47]. Historical trends from
the 2016 ForDRI maps highlighted the role of drought in delayed leaf drop and its effects
on wildfire severity in the Southern Appalachian region. Participants suggested enhancing
ForDRI maps with Sentinel-2 data, trend visualization, and integration of forest mortal-
ity metrics. Key recommendations included analyzing seasonal indicators like early leaf
senescence, distinguishing drought from excessive moisture impacts, and refining hotspot
analysis to identify key drought-affected regions. Further, integrating forest inventory data,
such as FIA, to evaluate drought tolerance among tree species was highlighted as critical to
improve ForDRI. This shows the significance of refining the ForDRI model and improving
its potential for ForDRI to inform stakeholders and enhance forest management practices.
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3.5. Summary of Evaluation of the ForDRI Models and Products Through Regional Webinars

Fifty-eight participants attended the four webinars to evaluate the ForDRI qualitatively.
Overall, when participants reviewed and discussed the case study drought years of ForDRI
maps, the majority responded that the maps were very to moderately accurate in reflecting
the drought (or non-drought) conditions they remembered and experienced in their local
forest region. Participants also discussed specific forest drought impacts they observed and
experienced in their area. Participants also identified various forest-related applications
for the ForDRI tool and product requirements for specific decision-making activities. For
example, the participants indicated that ForDRI maps are helpful for forest management
decisions, such as determining tree planting timelines in the spring, identifying fire danger,
making decisions about wildfire management and prescribed burns, and determining
the appropriate times for seed collection. In addition, ForDRI maps can help determine
recommendations and share forest health conditions with agricultural producers, other
land managers, and individuals conducting fieldwork or with interests in forested areas.

Participants expressed specific regional concerns regarding the current ForDRI model
and its effectiveness in characterizing forest-related droughts. These insights can be valu-
able for improving and tailoring the index across the CONUS in future work. A significant
concern was the lack of elevation and snow cover data in the ForDRI model, especially
for mountainous regions in the western United States. Drought affects higher elevations
differently, and runoff from snowpacks is a crucial water source that helps mitigate some
of the drought’s effects. For instance, during the case study years of 2023–2024 in western
Washington and the Wind River Range, the ForDRI model slightly overestimated drought
conditions and showed delays in drought recovery.

4. Discussion
The ForDRI is specifically designed to improve upon existing drought monitoring

tools for forests. While traditional climate indices like the PDSI and KBDI quantify moisture
deficits, they do not assess forest health [27]. Remote sensing methods, such as the NDVI,
offer spatial data but often struggle to distinguish drought stress in dense forests [40].
Hybrid tools, such as VegDRI, integrate satellite data and climate information for seasonal
vegetation monitoring [32], but they primarily focus on agriculture and lack forest-specific
parameters. In contrast, ForDRI combines 12 environmental variables, including vegetation
health, climate, and soil moisture, into a comprehensive index tailored for forests [28].
Offering weekly updates at a 1 km resolution, ForDRI provides a targeted approach to
monitor forest drought more effectively than existing drought monitoring tools.

To evaluate ForDRI’s performance across the CONUS, quantitative comparisons of
ForDRI with tree-ring width (TRSGI) and Bowen Ratio (BR) measurements were conducted.
Additionally, qualitative feedback was gathered during regional webinars, where experts
shared insights on ForDRI’s accuracy and potential applications. This combined approach
provided a well-rounded evaluation of ForDRI across various U.S. Forest regions.

Generally, ForDRI showed significant regional variability in accuracy, validated
through correlations with BR and tree-ring data. Strong positive correlations (Spearman-ρ >
0.7, p < 0.05) were found in the Western, Rocky Mountain, Southwest, and Pacific Northwest
states, highlighting the tool’s effectiveness in monitoring forest drought. These regions
benefit from clear drought signals driven by seasonal aridity and monsoon variability,
where soil moisture deficits amplify sensible heat fluxes (BR) and suppress tree growth.
In contrast, ForDRI’s performance declines in humid and human-altered landscapes
(e.g., urbanization), such as those in southern and eastern states, suggesting that other
factors may also influence forest drought conditions.
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Feedback from 58 webinar participants, including representatives from the U.S. For-
est Service, indicated that ForDRI maps were generally accurate and helpful; however,
several improvements were suggested. These included adding trend maps, enhancing
visualizations, and integrating additional datasets, such as snow cover and elevation. Ad-
ditionally, participants identified potential applications of ForDRI for guiding prescribed
burns, tracking moisture conditions, and monitoring seasonal trends. They recommended
incorporating features such as dynamic zooming and regional datasets to improve usabil-
ity and emphasized the importance of nuanced modeling for canopy microclimates and
species composition.

Future research directions: The ForDRI is designed to monitor drought conditions
across U.S. forests, which is essential for managing and preserving forest ecosystems across
the CONUS. However, several gaps and areas need improvement in the ForDRI tool to
improve monitoring and the successful implementation of drought management strategies.
In future studies, the following gaps and improvements are recommended to be addressed:

• Data availability and accessibility: Inconsistent ground truth data collection and the
lack of long-term forest-related datasets hinder the ForDRI model’s ability to track
changes over time effectively. Building partnerships with local forest experts for data
sharing and collaborative research could help identify available and accessible data to
develop new and improved ForDRI models;

• Leveraging Advances in Machine Learning: Using machine learning (ML) to combine
multiple datasets (e.g., integrating remote sensing and climate data) can enhance the
precision of forest drought stress monitoring and support forest managers in making
informed decisions. We plan to consider adding more hydrologic and environmental
datasets using various ML methods to improve the ForDRI models;

• Incorporating Ecosystem-Specific Metrics: Developing tailored indices for different
forest types (e.g., tropical vs. boreal; evergreen vs. deciduous) and integrating envi-
ronmental information such as elevation and improved soil moisture measurements
(or data). Including snow and temperature extremes data in ForDRI models would
provide a more specific and tailored indicator for different regions and seasons.

5. Conclusions
The ForDRI tool integrates hydrological, climatic, and vegetation-related indices into a

comprehensive forest drought index. ForDRI is a robust tool for monitoring forest drought
in moisture-limited western forests. Thus, ForDRI’s utility is best in arid and semi-arid
zones, where drought remains the dominant driver of tree growth. It can also be effective in
eastern, humid forest environments during periods of extended extreme drought, including
hotter droughts. However, ForDRI requires complementary data (e.g., local hydrology,
species traits) to improve accuracy in regions with complex microclimates, non-climatic
stressors, or cold and wet ecosystems. In addition, while stakeholders view ForDRI as a
valuable tool for monitoring forest drought, they recommend further refinement to enhance
its accuracy and effectiveness in forest management.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/f16071187/s1, Table S1: Spearman’s correlation between Forest
Drought Response Index (ForDRI) and Tree-Ring Growth Index (TRSGI) at 135 tree-ring sites for
CONUS; and Table S2: Pearson’s correlation between ForDRI and Bowen Ratio at twenty-four
AmeriFlux sites for CONUS.
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