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Highlights

What are the main findings?

• We extend the Dynamic Habitat Index (DHI) framework by integrating both seasonal
and inter-annual productivity dynamics into a unified six-dimensional system.

• The enhanced DHI significantly improves global species richness prediction perfor-
mance (cross-validated R2 = 0.89) using a random forest model.

What are the implications of the main findings?

• Inter-annual productivity variability emerges as the most influential predictor, high-
lighting the dominant role of environmental stability in shaping biodiversity patterns.

• The extended framework provides a scalable tool linking satellite remote sensing
with macroecological patterns, supporting biodiversity conservation under global
environmental change.

Abstract

Monitoring species richness patterns across large spatial scales is essential for addressing
the global biodiversity crisis. Dynamic Habitat Indices (DHIs), derived from satellite-based
productivity data, have proven valuable for predicting species distributions. The original
DHI framework comprises three complementary sub-indices, each corresponding to a key
ecological hypothesis linking productivity and biodiversity: annual cumulative productivity
(DHI Cum; available energy hypothesis), annual minimum productivity (DHI Min; environmen-
tal stress hypothesis), and the coefficient of variation in productivity (DHI CV; environmental
stability hypothesis). However, current DHI formulations primarily focus on intra-annual veg-
etation productivity dynamics, thereby overlooking the ecological significance of inter-annual
productivity variability. To address this limitation, we propose an extended DHI suite that in-
tegrates both seasonal (intra-annual) and long-term (inter-annual) productivity metrics. Using
a random forest regression approach, we demonstrate that incorporating this extended DHI
suite significantly improves predictions of global vertebrate species richness (cross-validated
R2 = 0.89, RMSE = 68.20) compared to using seasonal metrics alone (R2 = 0.86). Notably, inter-
annual productivity variation emerged as the most influential predictor, strongly supporting
the environmental stability hypothesis. This was followed by importance in seasonal minimum
productivity (environmental stress) and cumulative productivity (available energy). Our findings
reveal the critical, complementary roles of seasonal and inter-annual productivity dynamics in
shaping global faunal species richness patterns. This enhanced framework provides a robust
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scalable tool for assessing species richness distributions and informing conservation strategies
amid accelerating climate shifts and anthropogenic pressures.

Keywords: terrestrial ecology; biodiversity monitoring; conservation; habitat quality;
global change

1. Introduction
The world is experiencing an unprecedented decline in biodiversity, driven primarily

by habitat destruction, invasive species, and the escalating impacts of climate change—a
convergence of threats now widely recognized as the global biodiversity crisis [1,2]. This
rapid decline threatens vital ecosystem functions and Nature’s Contributions to People
(NCP), undermining critical services such as carbon sequestration, soil and water conser-
vation, and the sustainable provisioning of food and timber resources [3,4]. In response,
major international bodies, including IPBES (Intergovernmental Science-Policy Platform on
Biodiversity and Ecosystem Services) and the UN CBD (United Nations Convention on
Biological Diversity), are mobilizing collaborative efforts with national governments and
scientific agencies to implement immediate actions to curb further biodiversity loss.

Mitigating this crisis requires comprehensive monitoring of species richness and habitat
quality across broad spatial and temporal scales. However, accurately mapping global biodiversity
patterns remains a formidable challenge, constrained by pervasive spatial data gaps and the
inherent complexity of ecological systems [5,6]. These limitations continue to hinder effective con-
servation planning, despite the consensus that robust assessments of habitat conditions and species
distributions are fundamental for predicting ecological responses to environmental change [5,7].
While biodiversity conservation is inherently multidimensional, maintaining habitat quality and
preserving species richness are paramount objectives; notably, species richness is enshrined as a
core component within the GEO BON (Group on Earth Observation Biodiversity Observation
Network) EBVs (Essential Biodiversity Variables) framework for global monitoring [4].

Conventional field-based surveys, while foundational, are labor-intensive, cost-prohibitive,
and spatially restricted. Consequently, they cannot provide the consistent, broad-scale, and
long-term continuous assessments required for global biodiversity monitoring [8]. Satellite re-
mote sensing offers a transformative solution by continuously capturing critical land surface
dynamics that covary with species distribution patterns, effectively overcoming the spa-
tiotemporal limitations of traditional surveys [9–11]. Current remote sensing methodologies
for monitoring species richness broadly follow two pathways: (1) establishing direct empirical
correlations between spectral characteristics (e.g., surface reflectance, radar backscatter, or
simple vegetation indices) and field-observed species data [12–14]; and (2) deriving integra-
tive, theoretically grounded indices that encapsulate key ecological hypotheses governing
species richness patterns. Within the latter pathway, Dynamic Habitat Indices (DHIs) have
emerged as exceptionally valuable tools. By transforming time-series vegetation productivity
data into actionable, biologically meaningful metrics, DHIs bridge the gap between ecosystem
functioning and regional-to-global biodiversity assessments [15–19].

The theoretical framework of Dynamic Habitat Indices (DHIs) is built upon three fun-
damental ecological hypotheses linking vegetation productivity to species richness patterns:
(1) the available energy hypothesis [20,21], which asserts that greater annual productivity enhances
species richness by increasing overall energy availability; (2) the environmental stress hypothe-
sis [22,23], which posits that elevated minimum productivity mitigates environmental stress,
thereby supporting higher biodiversity; and (3) the environmental stability hypothesis [24], which
suggests that reduced variability in productivity promotes species richness by ensuring a stable
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resource supply. These theoretical foundations have been traditionally operationalized through
three corresponding seasonal DHI metrics: Cums (cumulative annual productivity reflecting
total energy), Mins (minimum annual productivity indicating stress tolerance thresholds), and
CVs (the coefficient of variation in productivity measuring environmental stability) [15]. The
subscript ‘s’ denotes that these indices are derived from seasonal, or intra-annual, productivity
profiles—a methodological standard we detail in the following sections.

Although these seasonal DHIs have proven highly valuable in conservation biology,
relying exclusively on intra-annual productivity profiles derived from a single growing
season presents a critical limitation. While intra-annual variations successfully capture
baseline phenological cycles, they inherently obscure the ecological significance of inter-
annual productivity dynamics. Long-term climatic trends, multi-year extreme events
(e.g., ENSO cycles), and gradual environmental shifts fundamentally govern species sur-
vival and reproductive success over time [25–27]. Crucially, local extinctions are frequently
driven by episodic, resource-limited periods, even if average intra-annual conditions appear
stable [28] or overall climatic suitability is improving [29]. A comprehensive meta-analysis
of 519 studies by [30] emphasizes that extreme weather events disproportionately stress
populations—a mechanism highly pertinent to the DHI frameworks of environmental
stress and stability. Furthermore, climate-induced resource bottlenecks [31] act as severe
ecological filters, demonstrating how inter-annual variability robustly structures biodiver-
sity. Supporting this, a recent study evaluating annual variations in DHIs across the United
States has demonstrated that explicitly accounting for year-to-year productivity dynamics
can explain up to 75% of the temporal variance in bird species richness [32].

Current DHI formulations, which smooth out these critical inter-annual fluctuations
by focusing on mean annual conditions, may therefore systematically underestimate habitat
vulnerability. For instance, drought-induced productivity crashes can drastically reduce
species richness [33]; capturing these events requires expanding the DHI framework to
integrate inter-annual productivity variations. Doing so not only addresses current method-
ological gaps but also provides a more ecologically comprehensive representation of the
three foundational hypotheses. We therefore hypothesize that: (1) long-term maximum
productivity will complement seasonal cumulative productivity in capturing absolute
available energy capacity; (2) inter-annual variability will critically enrich the environmental
stability hypothesis beyond mere seasonal fluctuations; and (3) decadal minimum produc-
tivity will explicitly enhance the environmental stress hypothesis by capturing the severe
impacts of extreme low-productivity events. Validating these hypotheses would align
the DHI framework more closely with real-world ecosystem functioning, where species
distributions are jointly constrained by both seasonal rhythms and inter-annual volatility.

To bridge this gap, this study tests the overarching hypothesis that incorporating inter-
annual productivity dynamics into conventional DHIs will significantly improve the prediction
of global faunal species richness patterns. We pursue three specific objectives: (1) to develop a
novel suite of long-term DHI metrics derived from multi-year satellite vegetation productivity
records; (2) to examine the global-scale spatial relationships between these long-term indices
and species richness patterns; and (3) to quantitatively assess their additive explanatory power
relative to traditional seasonal DHIs. To operationalize this, we integrated both seasonal and
long-term productivity metrics into a robust Random Forest predictive framework.

2. Materials and Methods
2.1. Satellite Gross Primary Productivity (GPP) Dataset

To calculate both seasonal and long-term DHIs at the global scale, we utilized the
eLUE-derived Gross Primary Productivity (GPP) dataset (GPPeLUE), which spans from 2001
to 2024 [34]. This dataset was generated using the ecosystem Light Use Efficiency (eLUE)
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model framework, which integrates MODIS Enhanced Vegetation Index (EVI) data and
is robustly calibrated against in situ GPP measurements from 120 FLUXNET2015 tower
sites [34–36]. Rigorous validation across these 120 sites (comprising 953 site-years) demon-
strated strong model performance (cross-validated R2 = 0.74, RMSE = 2.05 g C m−2 d−1) [36].
The GPPeLUE product features a spatial resolution of 0.05◦ and a monthly temporal resolu-
tion. It is publicly accessible via the Dryad Digital Repository (https://doi.org/10.5061/
dryad.v9s4mw74h, accessed on 14 June 2026) [34].

The systematic error characteristics and inter-product consistency of the GPPeLUE

dataset have been thoroughly evaluated in a recent study by [36]. Benchmarked against
120 global FLUXNET sites, the GPPeLUE product demonstrated robust performance across
11 distinct biomes, capturing seasonal and inter-annual productivity dynamics with mini-
mal bias. Notably, the dataset outperforms or performs comparably to other mainstream
LUE-based and machine-learning-based global GPP products (e.g., MOD17A2H and
FLUXCOM-X), thereby ensuring high reliability for deriving the macroecological Dynamic
Habitat Indices utilized in this framework.

2.2. Eddy-Covariance Flux Tower Data

To validate the satellite-derived DHIs, we followed the methodological framework
established by [16]. This involved utilizing in situ DHIs computed directly from eddy-
covariance GPP measurements within the FLUXNET2015 database (https://fluxnet.org/
data/fluxnet2015-dataset/, accessed on 14 June 2026). Half-hourly flux measurements were
aggregated into daily GPP estimates (GPPEC) following stringent quality control protocols.
Initially, we applied the dataset’s built-in quality flags. Subsequently, we implemented an
additional layer of data screening adapted from [37], requiring: (1) ≤20% gap-filled data;
(2) uncertainty in Net Ecosystem Exchange (NEE) measurements of <2 g C m−2 d−1; and
(3) a discrepancy of <2 g C m−2 d−1 between the daytime (GPP_DT_VUT_REF; [38] and
nighttime (GPP_NT_VUT_REF; [39]) flux partitioning methods.

Following this screening, our final analysis incorporated data from 43 FLUXNET tower
sites, each possessing more than three years of continuous, high-quality measurements
with minimal data gaps (Figure 1; Table S1). These sites broadly represent 10 distinct
plant functional types (PFTs): croplands (CRO, 9 sites), deciduous broadleaf forests (DBF,
8 sites), evergreen broadleaf forests (EBF, 4 sites), evergreen needleleaf forests (ENF, 9 sites),
mixed forests (MF, 3 sites), grasslands (GRA, 5 sites), open shrublands (OSH, 1 site), closed
shrublands (CSH, 1 site), savannas (SAV, 1 site), and woody savannas (WSA, 2 sites).

Figure 1. Geographic locations, land cover types, and the distribution of the 43 FLUXNET sites
in Whittaker’s bioclimatic zones. The land cover types are from MCD12C1 (v061) global MODIS/
Terra + Aqua Land Cover Type Yearly L3 Global 0.05Deg CMG product [40].

https://doi.org/10.3390/rs18132085

https://doi.org/10.5061/dryad.v9s4mw74h
https://doi.org/10.5061/dryad.v9s4mw74h
https://fluxnet.org/data/fluxnet2015-dataset/
https://fluxnet.org/data/fluxnet2015-dataset/
https://doi.org/10.3390/rs18132085


Remote Sens. 2026, 18, 2085 5 of 27

2.3. IUCN Red List Species Richness Data

To evaluate the relationships between satellite-derived DHIs and global biodiversity
patterns, we utilized species richness data from the International Union for Conservation
of Nature (IUCN) (https://www.iucnredlist.org/resources/other-spatial-downloads, ac-
cessed on 14 June 2026). This comprehensive dataset integrates distribution records for
four major terrestrial vertebrate classes: amphibians [41], birds, mammals, and reptiles [42],
provided at a 30 km × 30 km grid resolution. The range maps encompass all species
with known distributions, irrespective of their current IUCN conservation status. Notably,
these range maps were generated through the spatial interpolation of occurrence records
contributed by researchers worldwide, rather than relying on predictive climatic model-
ing. While these data represent the most complete spatial information currently available
for terrestrial vertebrates, we acknowledge certain limitations: (1) taxonomic coverage is
primarily restricted to well-documented vertebrate groups, and (2) marine ecosystems are
inherently underrepresented in this dataset.

To address spatial autocorrelation—where neighboring grids often lack independence
within DHI or species richness strata [17]—we aggregated 30 km grids into 210 km grids
using a mean aggregation method following [16]. After excluding regions with missing
data, we analyzed 1806 aggregated grids globally, ensuring a minimum of 100 grids per
each of the 6 biogeographic realm (ranging from 125 to 747).

2.4. Biogeographic Realm

We used biogeographic realm classification to evaluate the performance of DHI-based
models across distinct global ecological regions (Figure 2). Our analysis encompassed
six major realms: Australia (AA), Afrotropic (AT), Indo-Malay (IM), Nearctic (NA),
Neotropic (NT), and Palearctic (PA). The Antarctic and Oceanian realms were excluded due
to spatial data limitations. Realm boundaries were delineated using the WWF Terrestrial
Ecoregions dataset ([43]; https://www.worldwildlife.org/biomes, accessed on 14 June
2026), facilitating a robust regional assessment of model predictability across contrasting
biogeographic contexts.

Figure 2. Spatial distribution of the six biogeographic realms evaluated in this study. PA: Palearctic;
IM: Indo-Malay; AA: Australia; AT: Afrotropic; NA: Nearctic; NT: Neotropic. Realm boundaries
were derived from the WWF Terrestrial Ecoregions dataset (https://www.worldwildlife.org/biomes,
accessed on 14 June 2026).
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2.5. Calculation of the Seasonal DHIs Metrics

We derived three seasonal DHI metrics from both the satellite-derived (GPPeLUE) and
in situ (GPPEC) productivity datasets: (1) Cumulative Annual Productivity (Cums), repre-
senting total annual photosynthetic activity; (2) Minimum Annual Productivity (Mins), indi-
cating critical resource availability during limiting periods; and (3) Intra-annual Variability
(CVs), quantifying seasonal fluctuations in productivity. These indices were calculated
as follows:

Cums =
n

∑
t=1

pt (1)

Mins = min(p t) (2)

CVs =
σt

µt
(3)

where pt denotes the monthly GPP value from either source, and t represents the monthly
timestep (1–12). To mitigate the influence of short-term temporal anomalies on the seasonal
DHI metrics, we derived a mean decadal phenology curve for each pixel by averaging the
productivity across all ten years for each corresponding month. This composite phenology
curve, termed the mean seasonal profile, was subsequently utilized to calculate the three
seasonal DHIs. Utilizing this composited approach ensures robust baseline intra-annual
profiles and enables direct, standardized comparisons with the long-term DHIs evaluated
over the same decadal period.

2.6. Calculation of the Long-Term DHIs

To capture inter-annual productivity dynamics, we extended the traditional DHI
framework by developing three decadal-scale metrics: (1) Maximum Annual Productivity
(Maxlt), representing peak decadal carrying capacity; (2) Minimum Annual Productivity
(Minlt), indicating absolute stress tolerance thresholds over the long term; and (3) Inter-
annual Variability (CVlt), reflecting broader ecosystem stability (Figure 3). These long-term
indices were calculated as follows:

Maxlt = max(pt) (4)

Minlt = min(pt) (5)

CVlt =
σt

µt
(6)

where pt represents the annual total GPP (summed from monthly data for each year)
derived from either GPPeLUE or GPPEC, and t corresponds to the specific year within the
10-year decadal period (t = 1 . . . 10). By computing the annual GPP time series for each
pixel, we effectively captured critical year-to-year fluctuations. Figure 3 illustrates the
conceptual definitions of these long-term DHIs alongside representative GPP time series
for distinct biomes (forest, cropland, and grassland).

To derive robust long-term productivity indicators (Maxlt, Minlt, and CVlt), we imple-
mented a rolling-window approach covering the entire study period (2001–2024). Specif-
ically, we calculated the DHIs for each consecutive 10-year window (e.g., 2001–2010,
2002–2011, . . ., 2015–2024). The final indices used for subsequent modeling were de-
fined as the arithmetic mean of the values derived from all overlapping windows. This
procedure minimizes the impact of inter-annual climatic volatility and ensures that our
metrics accurately reflect the persistent environmental constraints and carrying capacity of
the ecosystem, rather than transient short-term productivity fluctuations.
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Figure 3. Conceptual calculation of the three long-term DHIs utilizing the annual total productivity
(py) time series. The decadal maximum DHI (Maxlt) extracts the peak productivity value within
the 10-year period; the decadal minimum DHI (Minlt) identifies the lowest productivity value; and
the decadal coefficient of variation DHI (CVlt) quantifies inter-annual variability using the standard
deviation (σ) and the mean (µ) across all years.

It is theoretically important to note that the long-term DHIs and the traditional seasonal
DHIs are intentionally calculated in distinct mathematical spaces to achieve ecological
information complementarity. The seasonal DHIs are derived from the decadal average of
monthly mean GPP, a smoothing process necessary to isolate the predictable, climatological
baseline of intra-annual phenology by filtering out inter-annual noise. Conversely, the
long-term DHIs are computed directly from the un-smoothed decadal time series of annual
total GPP. This un-smoothed mathematical space is strictly required to preserve and extract
the genuine inter-annual volatility and resource extremes (e.g., decadal peak carrying
capacity and minimum stress thresholds) that would otherwise be masked by multi-year
averaging. By decoupling these mathematical spaces, our extended framework effectively
separates the stable habitat baseline from unpredictable environmental boundaries without
confounding the two signals.

2.7. Principal Component Analysis (PCA)

We applied principal component analysis (PCA) to the six DHI metrics (Cums, Mins,
CVs, Maxlt, Minlt, CVlt) to evaluate their multivariate structure and isolate information
redundancy. Prior to PCA, all indices were standardized using z-score normalization
(µ = 0, σ = 1). The PCA was implemented in R (v4.3.1) via the stats package [44], utilizing
10,000 globally distributed, randomly sampled pixels to assess the relative orthogonal
contribution of each metric and guide subsequent modeling.

2.8. Random Forest Regression Prediction Model and Cross-Validation

To effectively capture the nonlinear relationships between the six DHI metrics and
species richness, we constructed a Random Forest (RF) regression model. The RF algorithm
generates an ensemble of decision trees utilizing bootstrap sampling, aggregating their
predictions to minimize overfitting and enhance generalizability [45]. At each node split, a
random subset of standardized predictors is evaluated to maintain model diversity. Model
hyperparameters (specifically ntree and mtry) were optimized using the random Forest
package in R (v4.3.1).
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The relative contribution of each variable was quantified via permutation importance,
defined as the percentage increase in the out-of-bag mean squared error (%IncMSE) when
a given predictor’s values are randomly permuted:

%IncMSE =
MSEperm − MSEorig

MSEorig
(7)

Higher %IncMSE values signify a greater contribution of the predictor to the model’s
overall accuracy.

Model predictive performance was rigorously evaluated through 10-fold cross-
validation utilizing three standard statistical metrics: the coefficient of determination
(R2), root mean squared error (RMSE), and mean absolute error (MAE), mathematically
expressed as:

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2 (8)

where yi is the observed species richness, ŷi is the model-predicted value, y is the mean of
the observed values, and n is the total sample size. Lower RMSE and MAE values, coupled
with higher R2 values, indicate superior prediction accuracy.

To address potential concerns regarding multicollinearity among predictors
(e.g., the high spatial correlation between Cums and Maxlt), we conducted a robustness
check using Recursive Feature Elimination (RFE) and LASSO regression. These methods
employ penalty mechanisms to identify the most stable predictors, ensuring that the vari-
able importance rankings are not biased by shared variance. The results are detailed in
Supplementary Table S3.

This RF framework enabled robust, spatially explicit predictions of global species
richness while providing quantitative insights into the relative explanatory power of sea-
sonal versus long-term productivity dynamics. All data preprocessing, statistical modeling,
and spatial visualization were executed within the R statistical computing environment
(version 4.3.1) [46].

3. Results
3.1. Validation of Six DHIs Metrics Using FLUXNET and Global Biogeographic Patterns

To establish confidence in the satellite-derived (GPPeLUE) seasonal and long-term DHI
metrics prior to their global-scale application, we first validated their accuracy against
in situ measurements across the 43 selected FLUXNET sites. Strong positive correlations
were observed across all metrics, yielding Pearson’s R values of 0.76 (Cums), 0.91 (Mins),
0.77 (CVs), 0.76 (Maxlt), 0.68 (Minlt), and 0.69 (CVlt) (Figure 4). Five of the six indices
demonstrated close adherence to the 1:1 agreement line (Figure 4a–e). However, the
satellite-derived CVlt systematically underestimated inter-annual variability relative to the
eddy-covariance tower measurements (Figure 4f).

Figure 5 reveals the global biogeographic patterns of the six satellite-derived DHI
metrics, highlighting how each metric and its corresponding productivity-species rich-
ness hypothesis vary across biomes and climatic regions. The cumulative productivity
indices (Cums and Maxlt) show remarkably similar spatial distributions, both exhibiting
peak values in tropical regions—consistent with high productivity expectations—while
maintaining substantial values in the temperate and boreal forests of Eurasia (Figure 5a,b).
In contrast, the minimum productivity indices (Mins and Minlt) demonstrate maxima in the
tropics but diverge significantly in their latitudinal gradients. Specifically, Mins displays a
sharper decline with increasing latitude compared to Minlt, which maintains relatively high
values extending into temperate regions (Figure 5c,d). Most notably, the variability indices
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exhibit opposing spatial patterns: CVs peaks in temperate zones while showing minimal
values in the tropics, reflecting strong seasonal cycles. Conversely, CVlt reaches maximum
values in dryland regions and minimums in humid or cold areas, effectively capturing
distinct patterns of inter-annual variability (Figure 5e,f). These global patterns collectively
demonstrate how the comprehensive DHI suite captures complementary dimensions of
vegetation dynamics across diverse biomes and climatic regimes.

Figure 4. Scatterplots comparing the six DHIs derived from satellite GPPeLUE against those derived
from in situ eddy-covariance flux tower GPP across 43 FLUXNET sites. (a) Cums; (b) Mins; (c) CVs;
(d) Maxlt; (e) Minlt; (f) CVlt. Pearson’s correlation coefficient (R), p-value, and root mean squared
error (RMSE) are labeled on each subplot for reference.

3.2. Dimensionality Analysis of the Six DHIs Metrics

The six satellite-derived DHI metrics exhibited significant intercorrelations, revealing
substantial information redundancy within the dataset (Figure 6). Productivity-related in-
dices showed particularly strong positive associations, with Pearson correlation coefficients
reaching R = 0.95 between Cums and Maxlt, R = 0.94 between Maxlt and Minlt, and R = 0.87
between Cums and Minlt (all p < 0.001). Pairs of corresponding seasonal and long-term
indices demonstrated consistently high correlations (e.g., R = 0.95 for Cums vs. Maxlt and
R = 0.65 for Mins vs. Minlt, both p < 0.001). A notable exception occurred with the vari-
ability indices, which exhibited a significant negative correlation (R = −0.33, p < 0.001)
between CVs and CVlt. These correlation patterns suggest that while most productivity-
driven DHI metrics capture overlapping aspects of vegetation dynamics, the seasonal and
inter-annual variability indices represent fundamentally distinct ecological dimensions of
plant behavior.

https://doi.org/10.3390/rs18132085
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Figure 5. Spatial patterns of the seasonal and long-term satellite DHI metrics. Maps display the
(a) seasonal cumulative DHI (Cums), (b) decadal maximum DHI (Maxlt), (c) seasonal minimum
DHI (Mins), (d) decadal minimum DHI (Minlt), (e) seasonal coefficient of variation DHI (CVs), and
(f) decadal coefficient of variation DHI (CVlt). White areas indicate regions with no data, such as
urban centers and inland water bodies.

Principal component analysis (PCA) of the six DHI metrics across 10,000 randomly
selected global sample pixels revealed that 94.8% of the total variance was explained by
the first principal component (PC1), which primarily captured gradients in available energy
(Figure 7a). PC2 represented a combination of environmental stability and environmental
stress factors, accounting for additional ecological variation. The three-dimensional PCA
space demonstrated a clear separation among plant functional types (PFTs). For exam-
ple, evergreen broadleaf forests (EBF) clustered in the high-productivity, low-variability
quadrant—indicating stable, energy-rich environments—while open shrublands (OSH)
occupied the opposite extreme of the low-productivity, high-variability space (Figure 7c).
This ordination effectively captured the fundamental trade-offs between productivity and
environmental variability that characterize global vegetation patterns.

https://doi.org/10.3390/rs18132085
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Figure 6. Correlation matrix plot depicting the pairwise relationships among the six GPPeLUE-
derived DHI metrics. Diagonal elements display the histogram of each variable to illustrate its
data distribution. The lower triangular matrix contains scatter plots (black dots) with red local
regression (LOESS) curves to visualize trends between variable pairs. The upper triangular matrix
presents Pearson’s correlation coefficient (R) values, which quantify the linear associations between
the variables. Red asterisks denote the level of statistical significance: *** p < 0.001 (highly significant).

3.3. Predicting Global Species Richness Using DHIs Metrics and Random Forest Regression

The random forest (RF) regression model exhibited substantial predictive power
for global species richness when utilizing the DHI metrics (Figures 8 and 9). Models
incorporating either seasonal or long-term metrics alone explained 86% and 80% of the
variance (cross-validated R2, or R2

cv) in species richness across all four combined taxa,
respectively (Figure 8c,e). However, the integrated model combining both seasonal
and long-term metrics achieved superior performance, explaining 89% of the variance
(R2

cv = 0.89) with robust error metrics (RMSEcv = 68.20, MAEcv = 45.62) (Figure 8a).
To quantify the relative contribution of each predictor, we utilized the Percentage

Increase in Mean Squared Error (%IncMSE). This metric measures the decline in model
predictive accuracy (as defined by MSE) when the values of a specific variable are randomly
permuted; consequently, a higher %IncMSE value indicates that the variable is essential for
maintaining the model’s predictive performance, reflecting its greater ecological importance
in structuring global species richness patterns. Variable importance analysis revealed CVlt

as the most influential predictor, followed by Mins, Cums, Maxlt, CVs, and Minlt (Figure 8b).
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This hierarchical importance highlights the particular significance of inter-annual variability
and seasonal minimum productivity in explaining global species richness patterns.

Figure 7. Principal component analysis (PCA) of the six DHI metrics, calculated using 10,000 randomly
selected global data points, where each point represents a 0.05◦ × 0.05◦ pixel. (a) PC1 vs. PC2;
(b) PC1 vs. PC3; (c) three-dimensional (PC1, PC2, PC3) coordinates.

The random forest model demonstrated consistently strong predictive performance
across individual taxonomic groups when incorporating the full suite of six DHI metrics.
The comprehensive model explained 86% of the variance for amphibians, 85% for both birds
and mammals, and 88% for reptiles (Figure 9). For each individual taxon, this integrated
six-metric model consistently outperformed alternative configurations that relied solely on
seasonal or long-term data (Figures S5–S8). Notably, inter-annual variability (CVlt) emerged
as the dominant predictor for birds, mammals, and reptiles, although it showed relatively
reduced importance for amphibians. The relative contributions of the remaining metrics
exhibited distinct taxon-specific patterns: Mins was particularly influential for amphibians,
whereas Cums demonstrated greater importance for endothermic species (Figure 9). These
results reinforce the conclusion that different temporal dimensions of productivity exert
distinct controls on vertebrate diversity patterns across diverse evolutionary lineages.
As illustrated in Figure 9, these patterns highlight significant regional variations in DHI
responses; for more detailed comparative assessments across specific biomes and taxonomic
groups, please refer to Supplementary Figures S5–S8.
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Figure 8. Performance evaluation and variable importance of the random forest regression models
for predicting overall global species richness (all taxa combined). Scatterplots depict the model
performance using (a) all six DHI metrics, (c) the three seasonal DHIs only, and (e) the three long-term
DHIs only. Bar charts (b,d,f) display the corresponding relative variable importance for each model
configuration. Subscripts “Cal” and “CV” denote statistical measures derived from the calibration
(light green) and cross-validation (light orange) datasets, respectively.

Figure 10 demonstrates that across nearly all vertebrate taxa and biogeographic realms,
species richness predictions achieved maximum accuracy when utilizing the comprehen-
sive six-metric model (R2

cv ranging from 0.60 to 0.89). Generally, models utilizing only
seasonal metrics outperformed those relying solely on long-term metrics in explaining
species richness patterns. A notable exception occurred in the Afrotropical (AT) realm,
where long-term metrics provided superior predictive power compared to seasonal indices,
suggesting the presence of unique ecological drivers of biodiversity in this region. These
results highlight how the relative importance of seasonal versus inter-annual productivity
dynamics varies geographically, while simultaneously confirming that integrating both
temporal dimensions consistently yields optimal predictions across diverse ecosystems.
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Figure 9. Performance evaluation and variable importance of the comprehensive six-metric random
forest models for individual taxonomic groups. Scatterplots display the predictive performance for
(a) amphibians, (c) birds, (e) mammals, and (g) reptiles. Corresponding bar charts (b,d,f,h) illustrate
the relative variable importance of the six DHI metrics for each respective taxon.
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Figure 10. Random forest model performance (cross-validated R2, or R2
cv) for predicting the species

richness of individual taxa (a–d) and all taxa combined (e) across six biogeographic realms. Text
colors indicate the predictor sets used: all six DHIs (black), the three seasonal DHIs only (red), and
the three long-term DHIs only (blue).

The random forest model’s prediction of global species richness closely corresponds
to established IUCN Red List patterns while revealing enhanced spatial granularity
(Figure 11). The model accurately identifies tropical zones—including the Amazon Basin,
Central Africa, and Southeast Asia—as biodiversity hotspots harboring maximum rich-
ness values, contrasting sharply with the species-poor high-latitude regions. Notably, the
predicted temporal variability in richness (Figure 11, right panels) exhibits a proportional
positive relationship with absolute richness, where tropical hotspots display substantial
temporal fluctuations (SD = 22.5–30) compared to the stable but depauperate polar regions
(SD = 0–7.5). This pattern likely reflects the greater ecological complexity and dynamic
nature of tropical ecosystems, where higher species turnover and heightened sensitivity
to inter-annual climate variations may drive increased temporal variability in richness
estimates. The model’s capacity to simultaneously capture spatial gradients and temporal
dynamics highlights its robust utility for identifying conservation priorities across varying
biogeographic contexts.
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Figure 11. Spatial distribution of predicted global species richness (SR) for amphibians, birds,
mammals, and reptiles, modeled using the random forest algorithm based on the six DHI metrics.
Left panels display the mean predicted species richness derived across 15 annual time-series inputs,
while right panels show the standard deviation (SD) of these predictions. SR is defined as the number
of species occurring per grid cell. The SD represents the inter-annual variability in predicted richness
across the evaluated temporal scenarios.
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Furthermore, the spatial distribution of the Standard Deviation (SD) of predicted rich-
ness (Figure 11, right panel) reveals distinct geographic patterns of inter-annual fluctuation.
Notably, the highest SD values are heavily concentrated within global biodiversity hotspots,
particularly across the Amazon Basin, the Congo Basin, and Southeast Asia. This indicates
substantial year-to-year variability in the predicted species richness across these equatorial
regions compared to higher latitudes.

4. Discussion
4.1. Bridging Satellite Remote Sensing and Biodiversity Conservation Using Extended Dynamic
Habitat Indices (DHIs)

In this study, we developed an extended Dynamic Habitat Indices (DHIs) framework
by formally integrating seasonal (Cums, Mins, CVs) and long-term (Maxlt, Minlt, CVlt)
productivity metrics. This integration significantly improves the prediction of global faunal
species richness patterns. By explaining 89% of the variance in cumulative vertebrate
species richness, the integrated model demonstrates the framework’s robustness in trans-
forming raw satellite observations into ecologically meaningful indices for macroscopic
conservation planning [16–18].

The satellite-derived DHIs leverage consistent, long-term MODIS observations and
the robust GPPeLUE productivity model. This combination provides a high-resolution
mapping capability that is essential for identifying ecological transition zones and tracking
conservation outcomes over decadal scales. Furthermore, the mathematical simplicity of
the DHI framework ensures its inherent scalability—from local ecosystem assessments
to global-scale applications [47,48]. This functional scalability makes the enhanced DHI
suite particularly valuable for optimizing protected area networks and evaluating global
progress toward international biodiversity targets.

Our random forest modeling reveals that the relationships between DHIs and species
richness exhibit contextual, nonlinear thresholds [17,49]. Notably, inter-annual productiv-
ity variability (CVlt) emerged as the most influential predictor across most taxa, strongly
underscoring environmental stability as a dominant mechanism shaping macroecological bio-
diversity patterns. The model not only successfully identifies established richness hotspots
but also detects biodiversity-sensitive zones by mapping patterns of temporal vulnerability.
This dual capacity—capturing both spatial richness gradients and temporal vulnerability
trends—provides an unprecedented tool for anticipating conservation priorities in rapidly
changing environments. Consequently, this study advances DHIs beyond simple pro-
ductivity proxies, establishing them as robust indicators of habitat quality and broader
ecosystem resilience.

While we acknowledge the high spatial multicollinearity among certain productivity
indices (e.g., the strong correlation between Cums and Maxlt), retaining these collinear
metrics is theoretically imperative for the completeness of the extended DHI framework.
Statistical co-variation across macroecological scales does not equate to ecological redun-
dancy; rather, these metrics parameterize fundamentally distinct environmental constraints
acting on species life-history strategies. Specifically, Cums quantifies the baseline intra-
annual energy flux required to sustain regular seasonal reproduction and population
maintenance. In contrast, Maxlt captures the decadal peak of available energy, explic-
itly defining the absolute upper ceiling of ecosystem carrying capacity over a long-term
period. Similarly, while seasonal minimums (Mins) reflect regular low-productivity peri-
ods, the decadal minimum (Minlt) establishes the ultimate multi-year survival bottleneck,
dictating species persistence during extreme, episodic resource scarcity. Removing these
long-term extremes based solely on statistical collinearity would sacrifice critical ecological
mechanisms—namely, the absolute resource ceilings and the most severe environmen-
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tal filters structuring global biodiversity. Furthermore, as confirmed by our Recursive
Feature Elimination (RFE) and LASSO regression analyses (Table S2), the Random Forest
framework is inherently robust to this shared variance. This allows the model to leverage
these distinct ecological nuances without compromising stability, thereby preserving the
structural dominance of inter-annual variability (CVlt) as the primary constraint on global
vertebrate richness.

While the traditional seasonal DHIs already provide a strong baseline for predicting
global species richness, the integration of long-term metrics elevates the model beyond
mere statistical refinement. Although the absolute increase in R2 (e.g., R2 improving
from 0.86 to 0.89) might seem numerically incremental, it effectively reduces the unex-
plained variance by approximately 21%. More importantly, the primary value of this
six-dimensional framework lies in mechanistic discovery rather than purely maximizing
predictive power. By maintaining a highly parsimonious model structure (only six predic-
tors), the framework explicitly revealed that inter-annual environmental stability (CVlt)
supersedes seasonal baseline productivity as the dominant macroecological constraint.
This theoretical recalibration—highlighting stability-mediated persistence over average
resource availability—provides profound ecological significance that strongly justifies the
inclusion of long-term temporal dynamics.

4.2. Incorporating Inter-Annual Variability Enhances the Predictability of Global Species
Richness Patterns

The three long-term indices (Maxlt, Minlt, CVlt) extend the traditional DHI framework
by capturing critical inter-annual productivity dynamics. Maxlt enhances the available energy
hypothesis by identifying the decadal peak carrying capacity, thereby complementing
Cums. Similarly, Minlt strengthens the environmental stress hypothesis by establishing multi-
year minimum productivity thresholds. Most significantly, CVlt quantifies inter-annual
variability as a core component of environmental stability [25], revealing critical habitat
fluctuations that remain undetected in purely seasonal data. Collectively, these long-term
indices add essential temporal depth to biodiversity assessments, particularly in ecosystems
strongly structured by climate variability and disturbance regimes [50,51].

Although seasonal indices alone explain substantial variance in species distributions,
incorporating long-term dynamics provides complementary ecological information that sig-
nificantly boosts overall model performance. While recent applications have demonstrated
that calculating traditional DHIs on an annual basis can effectively capture temporal vari-
ance in bird species richness at regional scales [32], our framework extends this temporal
perspective to a global scale. By integrating decadal extremes and inter-annual variability
alongside seasonal metrics, the six-dimensional DHI suite captures long-term resource
bottlenecks and climate fluctuations within a unified model, providing a robust alternative
to analyzing discrete annual slices or incorporating additional climatic covariates. Within
this integrated framework, our machine learning analysis reveals a nuanced hierarchy
among the foundational ecological hypotheses: while available energy (Cums) and environ-
mental stress (Mins) exhibit strong bivariate correlations with species richness, environmental
stability (CVlt) emerges as the single most influential predictor. This seemingly counter-
intuitive finding—where inter-annual variability surpasses mean productivity metrics in
predictive importance—highlights how long-term fluctuations disproportionately dictate
habitat quality and species persistence [25,27]. Ecologically, while seasonal metrics (such
as Cums and Mins) establish the baseline carrying capacity and regular stress thresholds,
CVlt captures the long-term resource volatility and the frequency of unpredictable environ-
mental bottlenecks (e.g., severe multi-year droughts or climate extremes). The underlying
mechanism is that species persistence is ultimately constrained by these episodic, severe
resource fluctuations. Even in environments with high average productivity, high inter-
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annual volatility leads to stability-mediated local extinctions, acting as a supreme ecological
filter that prevents species from maintaining viable populations over time. This paradox
likely arises because CVlt effectively captures stability-mediated extinction risks driven
by species’ nonlinear responses to resource volatility and its interactive effects with other
productivity dimensions [52]. It is noteworthy that while inter-annual variability (CVlt)
exhibits a relatively weak bivariate linear correlation with species richness, it emerges as
the most influential predictor within the Random Forest framework. This highlights the
limitation of assuming simple linear relationships in macroecology. CVlt predominantly
acts as a non-linear, conditional environmental filter; for instance, high inter-annual volatil-
ity strongly penalizes biodiversity even in regions with high mean productivity (Cums).
The machine learning framework successfully captures these complex multidimensional
interactions and threshold effects, demonstrating that long-term habitat stability dictates
species persistence in ways that traditional bivariate linear correlations fundamentally fail
to detect. Consequently, this finding fundamentally recalibrates our understanding of the
mechanisms linking primary productivity to global richness patterns.

Furthermore, the integration of inter-annual dynamics capitalizes on rapidly expand-
ing satellite Earth observation capabilities across increasingly fine spatial resolutions [53].
This enhanced temporal dimension facilitates the investigation of extreme climate legacy
effects [54], decadal greening trends, and cascading hydrological impacts on ecosystem
functioning. Given that climate extremes drive the majority of inter-annual GPP variability
and are projected to increase in frequency, metrics like CVlt will become increasingly vital
for continuously monitoring habitat stability. Ultimately, satellite remote sensing provides
an unparalleled capacity to capture these dynamic biodiversity constraints across multiple
temporal scales, serving as a powerful, synoptic complement to traditional ground-based
field observations.

4.3. Limitations and Future Perspectives

While satellite-derived DHIs provide highly scalable predictions of species richness,
their absolute accuracy fundamentally depends on the quality of in situ biodiversity data
used for calibration [55,56]. Current analyses often rely on IUCN Red List distribution
maps [57,58], which tend to overestimate actual species occurrences due to habitat-based
range extrapolations [18,59]. This limitation often necessitates spatial aggregation to coarser
resolutions to ensure statistical reliability. Future efforts must prioritize integrating direct
occurrence records from global and regional biodiversity databases, although this will
require addressing persistent gaps in data quality, sampling bias, and spatiotemporal
consistency [60,61]. Furthermore, our current analytical framework is taxonomically re-
stricted to terrestrial vertebrates. The lack of validation against plant and invertebrate
taxa—which constitute the vast majority of global biodiversity and possess fundamentally
different life-history strategies, dispersal capacities, and physiological tolerances—limits
the generalizability of our findings to other biological groups. For instance, the relative
importance of inter-annual environmental stability (CVlt) versus mean energy availability
(Maxlt) may vary significantly for organisms capable of extended dormancy or diapause.
Expanding the DHI framework to include high-resolution global distribution data for flora
and invertebrate fauna remains a critical frontier for future macroecological research to
achieve a truly holistic understanding of global biodiversity dynamics.

An inherent methodological challenge in macroecological modeling is the temporal
mismatch between species richness snapshots and multi-year environmental observations.
Our analytical framework implicitly operates under the ‘temporal quasi-equilibrium’ hy-
pothesis. Large-scale species richness gradients are primarily governed by evolutionary
history and long-term climatic constraints; thus, they exhibit robust temporal stability and
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remain relatively insensitive to short-term, inter-annual population fluctuations [62,63].
Consequently, a single-year species richness snapshot (e.g., 2004) effectively integrates
these historical legacies and reflects the contemporary spatial distribution of biodiversity.
To match this stable biological pattern, we utilized a multi-year baseline (e.g., 2001–2010) to
derive our long-term DHIs. This approach aligns with the core principles of the Species-
Energy Theory [21], as it captures the stable ‘climatological productivity regime’—the
long-term average and inter-annual variability of habitat carrying capacity—while filtering
out the stochastic noise of transient annual anomalies [64]. Future multi-decadal biodiver-
sity monitoring initiatives will be crucial to transition from spatial pattern matching to true
spatiotemporal dynamic tracking.

Furthermore, the assessment of multi-decadal habitat dynamics—which is critical for
understanding long-term population-level processes—remains challenging with current
satellite datasets. Although existing Earth observation records span over 50 years, high-
resolution continuous observations capturing century-scale ecological processes remain
inadequate. However, emerging initiatives aimed at harmonizing the Landsat archive into
consistent global products [53], coupled with planned next-generation missions (e.g., Land-
sat Next) [65,66] and commitments from international space agencies, promise to bridge
this gap. These advancements will soon enable robust analyses of habitat-biodiversity
relationships across true generational timescales.

Although our enhanced framework incorporates inter-annual variability, it does not
currently explicitly isolate the impacts of severe climate extremes or discrete disturbance
events, which are increasingly recognized as critical drivers of habitat degradation under
climate change [67,68]. Because these episodic events can induce lasting ecological legacy
effects [69,70] and are projected to intensify globally [71], integrating specific disturbance
regimes into future DHI frameworks is imperative for maintaining predictive accuracy
under rapidly shifting global change scenarios [72].

Importantly, the structural resilience of this extended DHI framework is empirically
robust against episodic climate cycles. To validate this, we conducted a comprehensive
sensitivity analysis across varying temporal baselines—including an initial baseline decade
(2001–2010), an ENSO-inclusive decade (2011–2020), and extended 15-year (2001–2015) and
20-year (2001–2020) continuous windows. This analysis demonstrated remarkable model
stability. Across all tested periods, the overall predictive accuracy remained invariant
(R2 ≈ 0.81), and CVlt consistently maintained its position as the paramount environmental
predictor (Supplementary Figure S10). This confirms that our framework intrinsically
captures the macroecological consequences of inter-annual climatic volatility without
overfitting to a specific observational baseline.

Finally, the reliability of DHIs is inherently constrained by uncertainties in the un-
derlying satellite-derived GPP products, stemming from sensor artifacts and algorithmic
assumptions [73]. These uncertainties are particularly acute for inter-annual variability
metrics (e.g., CVlt), as current global GPP products often exhibit poor consensus when
quantifying year-to-year productivity fluctuations [74,75].

The elevated Standard Deviation (SD) of predicted richness observed in tropical
hotspots (e.g., the Amazon, Congo Basin, and Southeast Asia; Figure 11) warrants careful
interpretation, as it likely reflects a synergistic combination of genuine ecological dynamics
and inherent model uncertainty. Ecologically, these hyper-diverse regions are frequently
subjected to severe inter-annual climatic oscillations, such as the El Niño-Southern Oscilla-
tion (ENSO), which trigger substantial temporal pulses and deficits in primary productivity.
Consequently, the high SD captures the real, transient fluctuations in the environmental
carrying capacity that govern local resource availability. However, from a statistical and
modeling standpoint, this high SD also encapsulates predictive uncertainty. Mathemat-
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ically, areas with a higher absolute baseline of species inherently tend to exhibit larger
absolute variance. Furthermore, in these structurally complex and species-saturated equa-
torial ecosystems, the macroecological relationship between primary productivity and
species richness becomes highly non-linear and occasionally decoupled. In such saturated
environments, the Random Forest model experiences greater extrapolation uncertainty.
Recognizing this dual driver—genuine climatic volatility intertwined with modeling un-
certainty at high-diversity extremes—is critical for properly interpreting these predictive
variance maps in the context of conservation prioritization.

Finally, a post hoc spatial diagnostic reveals that our satellite-derived DHIs success-
fully absorb a substantial proportion of the spatial variance governed by environmental
gradients. Specifically, the exceptionally high baseline spatial autocorrelation of raw global
species richness (Global Moran’s I = 0.9736) was reduced by 35.6% in our model predictions
(Residual Global Moran’s I = 0.6266). This remaining residual structure largely reflects
intrinsic historical processes (e.g., dispersal limitations, evolutionary history, and biogeo-
graphic barriers) rather than contemporary environmental overfitting. Crucially, a Local
Moran’s I (LISA) analysis confirms that this remaining autocorrelation is not driven by
systematic prediction bias in data-sparse biomes. Globally, 80.8% of the prediction residu-
als exhibit no significant spatial clustering (p > 0.05; Figure S9). In extreme environments
specifically highlighted as data-sparse, such as high-latitude regions (>50◦), only 1.5% of
the grids show significant residual autocorrelation. Instead, the localized clustering is
predominantly concentrated in hyper-diverse tropical rainforests (e.g., the Amazon and
Southeast Asia). This localized pattern corroborates our previous observation regarding
predictive uncertainty in structurally complex ecosystems, further indicating that residual
clustering stems from saturation effects in species-rich environments rather than a failure in
broad-scale environmental extrapolation. Future macroecological modeling efforts should
consider integrating explicit spatial error models to further disentangle these deep-time
evolutionary legacies from contemporary environmental constraints.

To overcome these limitations, we propose three key research priorities for advancing
biodiversity monitoring: (1) integrating multi-source satellite archives with emerging
high-resolution sensors to construct long-term, fine-scale habitat datasets; (2) developing
composite indices that explicitly quantify ecosystem disturbances for seamless integration
into the DHI framework; and (3) advancing GPP modeling through next-generation Earth
observation missions to improve the precision of primary productivity estimates, with a
specific focus on reconciling inter-annual variability metrics.

5. Conclusions
This study successfully extended the traditional Dynamic Habitat Indices (DHI)

framework by formally integrating both seasonal and long-term productivity varia-
tions, establishing a comprehensive six-dimensional index system to better predict global
species richness. Our results demonstrate that incorporating long-term DHIs—specifically
decadal maximum productivity, decadal minimum productivity, and inter-annual
variability—significantly improves overall predictive performance. Notably, the integrated
random forest model achieved a cross-validated R2

cv of 0.89 for cumulative species richness
across four major terrestrial vertebrate taxa. Within this enhanced framework, inter-annual
productivity variability (CVlt) emerged as the single most influential predictor, fundamen-
tally underscoring the critical role of environmental stability in shaping macroecological
biodiversity patterns. Furthermore, this study highlights the synergistic, complementary
roles of intra-annual and inter-annual productivity dynamics: while seasonal DHIs re-
flect immediate baseline habitat conditions, long-term DHIs capture broader ecological
trends, extreme resource limitations, and temporal volatility. Ultimately, this extended

https://doi.org/10.3390/rs18132085

https://doi.org/10.3390/rs18132085


Remote Sens. 2026, 18, 2085 22 of 27

DHI framework provides a robust, scalable approach for understanding and predicting
species richness patterns across the globe, effectively bridging satellite remote sensing with
macroecological research to address the escalating biodiversity crisis.
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