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Protected forest areas (PAs) are vital for biodiversity conservation, climate regulation, and carbon sequestration.
Yet their ecological resilience faces increasing threats from climate change and human disturbances. Despite
international efforts to expand PA coverage, the effectiveness of existing PAs in maintaining ecological functions
under climate stress remains uncertain. To address this, we analyzed climate-driven vegetation dynamics, tree
cover loss, and carbon dioxide (CO3) fluxes across eight globally distributed tropical and temperate PAs between
2001 and 2023. Using climate datasets, MODIS-derived Gross Primary Productivity (GPP), vegetation indices
(NDVI and EVI), tree cover loss products, and spatial carbon flux estimates, we assessed site-specific ecosystem
responses to climate variability and forest degradation. Significant warming trends occurred at four sites (Crater
Mountain, Bialowieza, Tasmania, and Wolong), but significant precipitation changes were limited, decreasing in
Crater Mountain and increasing in Wolong. GPP showed nonlinear temperature responses, peaking at 22-27 °C
and declining sharply above 28 °C, signaling emerging productivity thresholds. NDVI exhibited consistent
temperature sensitivity (Jad, R? = 0.32; Tasmania, R = 0.43) but weak precipitation relationships. Substantial
tree cover loss occurred primarily in Tasmania and Yellowstone, coinciding with significant emission increases in
Kahuzi-Biega, Crater Mountain, Yellowstone, Wolong, and Jai ®R? = 0.35-0.70; p < 0.05). Critically, despite
rising emissions, most PAs remained net carbon sinks, except Gunung Leuser, which became a net carbon source
despite minimal forest loss. Our findings indicate a critical decoupling between forest structure and carbon
balance, underscoring the urgent need for adaptive strategies to safeguard ecological resilience in protected
forests.

1. Introduction

Protected forest areas (PAs) represent critical nodes in the global
ecological network, providing essential biogeophysical functions
including biodiversity preservation, climate regulation, and carbon
storage (Adams et al., 2023). As climate instability accelerates, their role
has shifted from passive conservation sites to active agents of global
mitigation and resilience. These ecosystems store vast quantities of
aboveground biomass and continuously sequester atmospheric COy
through primary productivity (Zhao et al.,, 2022). By maintaining
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canopy cover and ecosystem function, forested PAs enhance both resil-
ience and climate mitigation. Yet, their long-assumed role as persistent
carbon sinks is increasingly challenged by global environmental pres-
sures. Despite their recognized importance, the long-term carbon miti-
gation potential of PAs under climate change remains insufficiently
quantified-limiting the development of targeted, evidence-based man-
agement strategies. This study addresses this gap by providing the first
global assessment that integrates climate variability, vegetation dy-
namics, and carbon fluxes within forested PAs.

Originally designed to safeguard ecosystems from direct
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anthropogenic pressures, PAs aim to protect biodiversity from threats
such as overexploitation, land-use change, pollution, and urban expan-
sion-all of which continue to degrade habitats and intensify climate
stressors (Mansourian et al., 2009). Despite major policy commit-
ments—such as Aichi Target 11 to protect 17% of land and 10% of oceans
by 2020-biodiversity loss persists, raising concerns about the effec-
tiveness of existing conservation strategies. The Kunming-Montreal
Global Biodiversity Framework (GBF) now aims to expand global PA
coverage to 30% by 2030 (Arneth et al., 2023). However, expanding
spatial coverage alone is unlikely to suffice without ensuring that these
areas are ecologically functional and climate responsive. In particular,
the capacity of PAs to deliver sustained carbon sequestration services
remains poorly resolved.

Climate change has emerged as a dominant driver of ecological
transformation in PAs, fundamentally altering temperature and precip-
itation regimes, which in turn influence forest productivity, species
composition, disturbance frequency, and ecosystem functioning
(Anderegg et al., 2020). Vegetation dynamics, as indicators of ecosystem
function, can be assessed using Gross Primary Productivity (GPP) and
satellite-derived proxies such as NDVI and EVI. These indices track
photosynthetic activity, canopy greenness, and biomass accumulation
(Wei et al., 2017; Gerard et al., 2020), and are essential for detecting
ecological responses to climate stress.

However, growing evidence suggests that even protected ecosystems
are not immune to large-scale ecological transitions. For example, up to
48% of Canada’s terrestrial PAs may undergo biome-type shifts by the
end of the century under elevated CO, and associated climatic changes
(Lemieux and Scott, 2005). Such impacts vary by region-high-latitude
ecosystems are especially sensitive to warming, while tropical and
subtropical PAs face compounded pressures from both climate change
and land-use transformation (Lee and Jetz, 2008). Notably, some pro-
tected forests buffer microclimatic extremes, especially in the tropics
and boreal regions,reducing land surface temperatures by up to 20%
relative to unprotected areas (Xu et al., 2022). These findings suggest
that PAs may function as climate buffers, but it remains unclear whether
this buffering capacity can persist under intensifying anomalies. Our
framework uniquely combines structural indicators such as tree cover
loss, with functional indicators, including NDVI, EVI, and GPP, to
determine whether degradation in protected areas is primarily struc-
tural, functional, or both, an approach that has not previously been
applied at the global scale.

To evaluate the resilience of PAs to these pressures, it is critical to
monitor functional ecosystem responses over time. Tracking GPP, NDVI,
and EVI across PAs enables the detection of changes in productivity and
canopy condition under shifting climatic regimes. Datasets such as those
from the Climate Research Unit (CRU) offer high-resolution, long-term
records of temperature and precipitation (Harris et al., 2020), allowing
for robust linkages between climatic anomalies and vegetation dy-
namics. However, inconsistencies in temporal coverage between climate
and remote sensing datasets can introduce bias—for instance, when
long-term climate data are compared with satellite metrics available
only since 2001. To ensure analytical consistency and avoid misinter-
pretation, this study restricts all climate and vegetation analyses to a
shared observational window from 2001 to 2023.

Beyond climate change, anthropogenic disturbance remains a
pervasive threat to PA integrity. The degree to which PAs succeed in
preventing deforestation and fragmentation is highly variable. In some
regions, such as Spain, strict reserves have effectively limited land-cover
expansion (Rodriguez-Rodriguez and Martinez-Vega, 2018). In contrast,
only 26 of 48 national parks in East Africa maintained or gained forest
cover (Pfeifer et al., 2012), underscoring disparities in enforcement and
external pressure (Gizachew et al., 2018). Such threats often originate in
surrounding landscapes but can quickly permeate protected boundaries,
especially in poorly monitored areas.

The expansion of remote sensing technologies has revolutionized our
ability to monitor these dynamics. The Hansen Global Forest Change
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dataset provides annual, high-resolution data on forest loss and
regrowth globally (Hansen et al., 2013). It has proven effective in
detecting even small-scale disturbances, such as slash-and-burn agri-
culture in Madagascar’s Masoala National Park. However, its ability to
detect subtle forms of degradation-such as selective logging-remains
limited (Burivalova et al., 2015). When integrated with vegetation
indices like NDVI and EVI, forest loss data offer a powerful means to
assess whether structural and functional degradation occur concurrently
or independently. Yet, care must be taken when using non-independent
datasets, such as when forest loss data are also used to estimate carbon
emissions.

Given the central role of forests in global carbon cycling, quantifying
carbon fluxes within PAs is now a critical priority. Globally, PAs contain
~26% of all mapped terrestrial woody carbon stocks, amounting to
~61.43 Gt of aboveground carbon (Duncanson et al., 2023). While
many PAs still function as net carbon sinks, this role is increasingly
precarious. In regions of Brazil and Indonesia, severe forest degradation
has already turned some PAs into net emitters (Collins and Mitchard,
2017). Moreover, carbon balance is not uniform even in intact forests, as
it is shaped by factors such as climate variability, species composition,
disturbance history, and edge effects (Liu et al., 2012). By directly
linking climate anomalies, vegetation dynamics, and carbon flux
models, this study provides an early-warning framework to detect when
and why protected areas may shift from sinks to sources, thereby of-
fering new insights for climate-smart conservation.

Understanding how and why these shifts occur is essential for tar-
geted, climate-resilient conservation. Detecting tipping points—where
forests transition from sinks to sources-requires the integration of long-
term climate data with vegetation productivity indices. This is particu-
larly important in PAs that maintain canopy structure but may be un-
dergoing functional decline. By combining GPP, NDVI, EVI, and carbon
flux models, researchers can gain a clearer understanding of the drivers
of carbon balance change, supporting more adaptive PA management.

Given the diversity of biomes, legal protections, and management
regimes across global PAs, conservation outcomes are far from uniform.
The IUCN classifies PAs into categories ranging from strict nature re-
serves (Category I) to multiple-use landscapes (Category VI), each with
distinct mandates (Supplementary Fig. 1). However, higher protection
status does not guarantee reduced forest loss or emissions, as defores-
tation has been documented even within Category I reserves (Collins and
Mitchard, 2017). Functional indicators—such as GPP, NDVI, and EVI-
—offer more nuanced and performance-based assessments of conserva-
tion effectiveness than protection status alone.

Despite the growing availability of remote sensing data, few studies
have systematically evaluated the coupled effects of recent (post-2000)
climate trends, vegetation dynamics, and carbon flux processes in
globally distributed PAs. To bridge these critical knowledge gaps, this
study investigates the extent to which climate trends influence forest
productivity and carbon flux across global PAs by: (a) quantifying site-
specific temperature and precipitation trends since 2001 and their in-
fluence on vegetation metrics (GPP, NDVI, EVI); (b) identifying the
spatial patterns and drivers of tree cover loss within PAs; and (c)
assessing whether PAs are retaining their net carbon sink function under
observed climate and structural pressures. This integrated framework
emphasizes data coherence, scale-appropriate analysis, and careful
treatment of dataset dependencies—offering robust insights for climate-
smart PA management.

2. Materials and METHODS
2.1. Study areas

This study examines eight protected forest areas (PAs) across mul-
tiple biogeographical realms, representing diverse climatic and ecolog-

ical contexts (Fig. 1, Supplementary Table 1).
Yellowstone National Park (YNL) in the United States is located in
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Fig. 1. Global distribution of the eight protected areas studied. The main panel shows the locations of the study areas across biogeographic realms: Nearctic,
Neotropical, Palearctic, Afrotropical, Indomalayan, and Australasian. Insets detail each protected area: (1) Yellowstone National Park (YNL), (2) Jat National Park
(JNP), (3) Biatowieza Forest (BF), (4) Kahuzi-Biega National Park (KBNP), (5) Wolong National Reserve (WNR), (6) Gunung Leuser National Park (GLNP), (7) Crater
Mountain Wildlife Management Area (CMWMA), and (8) Tasmanian Wilderness (TW). Green denotes protected areas, with surrounding landscapes shaded by realm,

illustrating their ecological diversity.

the Nearctic realm, dominated by Pinus contorta and Pseudotsuga men-
ziesii (Buskirk, 2016). Biatlowieza Forest (BF), spanning Poland and
Belarus, belongs to the Palearctic realm and features mixed temperate
forests with Quercus robur, Carpinus betulus, and Picea abies (Jaroszewicz
et al.,, 2019). Kahuzi-Biega National Park (KBNP) in the Democratic
Republic of the Congo is part of the Afrotropical realm, characterized by
montane and lowland rainforests with Gilbertiodendron dewevrei and
Entandrophragma excelsum (Cirezi et al., 2025). Jat National Park (JNP)
in Brazil is located in the Neotropical realm, encompassing Amazonian
rainforests dominated by Eschweilera coriacea and Lecythis lurida
(Ferreira and Prance, 1998). Wolong National Reserve (WNR) in China
and Gunung Leuser National Park (GLNP) in Sumatra, Indonesia, belong
to the Indomalayan realm, with WNR featuring montane forests domi-
nated by Abies faxoniana and Betula albosinensis (Liu et al., 2022), while
GLNP contains tropical rainforests with Dipterocarpus spp. and Shorea
spp (Susanti et al., 2021). Crater Mountain Wildlife Management Area
(CMWMA) in Papua New Guinea is part of the Oceanian realm,
comprising lowland to montane forests with Castanopsis acuminatissima
and Pandanus conoideus (Dabek and Wells, 2021). Tasmanian Wilderness
(TW) in Australia falls within the Australasian realm, featuring cool
temperate rainforests dominated by Nothofagus cunninghamii and Euca-
Lyptus delegatensis (Bowman et al., 2023). These sites collectively provide
a globally relevant framework for assessing climate-driven vegetation
dynamics and carbon flux variability in protected areas. To ensure
spatial accuracy and global consistency, protected area boundaries were
extracted from the World Database on Protected Areas (WDPA)
(UNEP-WCMC and IUCN, 2025).

2.2. Climate data

We extracted monthly gridded climate data on temperature and
precipitation from the Climatic Research Unit Time Series dataset (CRU
TS v4.08; Harris et al., 2020), which provides global coverage at a
spatial resolution of 0.5° x 0.5°. To maintain consistency with the
temporal span of remotely sensed vegetation and carbon flux datasets,
we limited our analysis to the period 2001-2023. For each protected
area, monthly temperature values were averaged to derive annual mean
temperature (MAT, °C), and monthly precipitation totals were summed
to obtain total annual precipitation (AP, mm). Annual means and their
standard errors were computed by grouping observations by site and
year. Prior to trend estimation, we assessed whether ordinary least
squares (OLS) regression was appropriate by testing for independence of
residuals. Both the Durbin-Watson and Ljung-Box tests revealed strong
positive autocorrelation in the annual series of temperature and pre-
cipitation (e.g., DW = 0.14 for MAT and DW = 0.37 for AP; Ljung-Box p
< 0.001 in both cases), indicating that the OLS assumption of inde-
pendent errors was violated. To accommodate this serial dependence,
we employed generalized least squares with autoregressive errors of
order 1 (GLSAR-AR1), implemented in Python’s ‘statsmodels’ package
(v3.11.12).

The fitted model for each site and variable had the form of following
equations Eq (1),

Ye="B0 +Brt + & (Eq 1)
&= pet—l +'1uT]t ~ ‘/V(07 62)

where y; is MAT or AP in year t, p, is the annual trend (°C yr~! or mm
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yr 1), and p is the first-order autoregressive coefficient. Parameters were
estimated by iterative feasible GLS (10 iterations) until convergence.
Residual independence in the initial OLS fit was evaluated using the
Durbin-Watson statistic (Durbin and Watson, 1950); a substantial de-
parture from the value 2 indicated positive or negative autocorrelation.
For each model we report (i) the estimated slope f; (trend per year), (ii)
its two-sided p-value, and (iii) the Durbin—-Watson statistic to document
the extent of residual autocorrelation. Pointwise 95% confidence in-
tervals around fitted values were obtained from the GLSAR prediction
intervals to illustrate uncertainty envelopes in figures. This approach
yields trend estimates whose standard errors are correctly adjusted for
temporal autocorrelation, thereby providing unbiased inference on the
magnitude and direction of climate change within each protected area.

2.3. Vegetation data

To assess vegetation response to climate variability, we used Gross
Primary Production (GPP; gC m~2 d™!) data from the MODIS PML V2
Gridded Evapotranspiration 8-day composite, accessed via Google Earth
Engine (GEE) (PML_V2 0.1.8). The dataset provides 500 m resolution
GPP estimates from 2000 to 2023 and has been validated across 95 eddy
covariance sites globally (Zhang et al., 2019). GPP was selected for its
capacity to quantify photosynthetic carbon uptake at the ecosystem
scale and its sensitivity to climatic variation. However, data are avail-
able from 2000, we defined the analysis period as 2001-2023 to ensure
temporal consistency with the satellite and climate datasets.

We also analyzed the Normalized Difference Vegetation Index
(NDVI) and Enhanced Vegetation Index (EVI), proxies for vegetation
greenness and health essential for evaluating forest vitality and
ecosystem responses (Kureel et al., 2022). NDVI and EVI were obtained
from Landsat 5 (2001-2013) and Landsat 8 (2014-2023) via the Landsat
Collection 2 Tier 1 Level 2 annual composite (30-m resolution; Crawford
et al., 2023). NDVI was chosen for its robustness in quantifying vege-
tation cover and density, while EVI provides improved sensitivity in
dense canopies and reduces atmospheric interference, making it
well-suited for forest assessment. Annual mean NDVI and EVI were
extracted in GEE to enable consistent site-level comparison. These
indices were analyzed to detect vegetation trends and infer ecosystem
stability and productivity shifts.

2.4. Forest cover change data

Forest loss was assessed using the Hansen Global Forest Change
dataset (Hansen et al., 2013), offering 30-m resolution annual tree cover
loss based on Landsat. This enables precise monitoring of forest degra-
dation within protected areas. The dataset includes seven layers per 10°
x 10° tile, each at 1 arc-second (~30 m) resolution. The treecover2000
layer gives baseline canopy cover (percent of vegetation >5 m) for the
year 2000. Lossyear records stand-replacement disturbances as values
from 1 to 23 (2001-2023) or 0 (no loss).

We extracted treecover2000 and lossyear for each site to assess spatial
and temporal forest change. Analysis was conducted in GEE using asset
ID: UMD/hansen/global _forest_change 2023 v1_11, allowing standard-
ized assessment across protected areas.

2.5. Carbon dioxide (CO2) flux data

We quantified CO, fluxes using the Global Forest Carbon Flux dataset
(Harris et al., 2021), which provides annual spatial estimates of forest
emissions and removals (2001-2023), based on satellite biomass data
and ecological modeling in line with IPCC guidelines.

Net flux was calculated as the difference between emissions (from
forest loss) and removals (from regrowth), with negative values indi-
cating sinks and positive values sources. Removals account for COy
sequestration during regrowth, adjusted for forest type, ecozone, and
age structure. Emissions include losses from all carbon pools.
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Disturbance years and forest loss activity were derived from the Hansen
dataset (Hansen et al., 2013); thus, loss and flux data are not fully in-
dependent and were interpreted accordingly (see Discussion). Fluxes
were calculated at 0.00025° x 0.00025° and aggregated to each pro-
tected area using GEE. To standardize comparisons, values were
normalized by area and reported as ktCOe/km?/year. Normalized
fluxes were used in all analyses and supplementary assessments.

2.6. Statistical analyses

Temporal climate trends for 2001-2023 were quantified using linear
regression applied to annual mean temperature (MAT) and total annual
precipitation (AP) for each protected area. These analyses were imple-
mented in R (v4.4.1) using the Im‘ function, with slope coefficients, R?
values, and p-values reported to assess the direction, strength, and sig-
nificance of observed trends. All subsequent analyses were conducted
also in R to ensure consistency and reproducibility. Relationships be-
tween Gross Primary Production (GPP) and climate variables were
modeled using both linear and non-linear approaches, with model se-
lection guided by Akaike Information Criterion (AIC) and Bayesian In-
formation Criterion (BIC) to identify the best-fitting models (Table 1).

This dual modeling approach allows robust detection of both linear
and non-linear responses of ecosystem productivity to climatic drivers.
Forest cover loss patterns were analyzed using the raster package,
enabling spatial quantification of annual tree cover loss for each pro-
tected area. To visualize and interpret carbon dioxide flux dynamics, we
generated histograms of CO; fluxes and tree cover loss pixels
(2001-2023 relative to the 2000 baseline) using ggplot2. This approach
ensures reproducible, site-specific assessments of structural and func-
tional ecosystem changes over time.

3. Results
3.1. Site-specific climate trends across protected areas (2001-2023)

Our analysis of annual mean temperature (MAT) and total annual
precipitation (AP) from 2001 to 2023 revealed distinct site-specific
trends across eight protected areas (PAs) (Fig. 2). Temperature trends
varied among sites. Statistically significant increasing trends were
observed at Biatowieza Forest (BF) (slope = 0.063 °C yr_l, p=0.011),
Crater Mountain Wildlife Management Area (CMWMA) (slope =
0.012 °C yr™}, p < 0.001), and Tasmanian Wilderness (TW) (slope =
0.038°C yr’l, p =0.001). Wolong National Reserve (WNR) also showed
a significant but modest warming trend (slope = 0.016 °C yr !, p =
0.026). In contrast, trends at Yellowstone National Park (YNL) (slope =
0.032 °C yr’l, p = 0.323), Kahuzi-Biega National Park (KBNP) (slope =
0.008 °C yr’l, p = 0.205), Gunung Leuser National Park (GLNP) (slope
= —0.001 °C yr’l, p = 0.907), and Jati National Park (JNP) (slope =
—0.020 °C yr !, p = 0.198) were not statistically significant despite
slight positive or negative trends in some cases.

Precipitation trends were highly variable among sites. Crater
Mountain Wildlife Management Area (CMWMA) exhibited a significant
decline in annual precipitation (slope = —1.49 mm yr™!, p = 0.004),
whereas Wolong National Reserve (WNR) showed a significant increase
(slope = 0.60 mm yr~!, p = 0.002). The remaining PAs-Yellowstone
National Park (YNL) (slope = 0.19 mm yr’l, p = 0.180), Jati National
Park (JNP) (slope = —0.93 mm yr‘l, p = 0.677), Biatowieza Forest (BF)
(slope = 0.11 mm yr’l, p = 0.685), Kahuzi-Biega National Park (KBNP)
(slope = 0.83 mm yr’l, p = 0.124), Gunung Leuser National Park
(GLNP) (slope = 0.67 mm yr’l, p = 0.133), and Tasmanian Wilderness
(TW) (slope = —0.17 mm yr’l, p = 0.725)-did not show statistically
significant changes, indicating largely stable precipitation patterns over
the analysis period.

Collectively, these results suggest that warming trends are evident at
multiple sites, with the strongest and most significant increases observed
at BF, CMWMA, TW, and WNR. In contrast, statistically significant
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Table 1

Model selection results for the relationship between Gross Primary Productivity (GPP) (gC m 2 d 1) and climate variables (temperature and precipitation) across
protected areas. Values of Akaike Information Criterion (AIC), Bayesian Information Criterion (BIC), and Residual Standard Error (RSE) are provided for linear,
gaussian, quadratic, and cubic model fits. The best fit model is indicated by the lowest AIC and BIC values for each protected area.

Variables Protected areas Model AIC BIC RSE
Temperature and GPP YNL Cubic —726,655 —726,608 0.702316
JNP Linear —2940,556 —2940,532 0.460873
BF Quadratic —418,210 —418,180 0.344065
KBNP Linear —437,300 —437,270 0.657210
WNR Gaussian —19591.5 —19559.3 0.971695
GLNP Quadratic 233,017.6 233,051.7 1.198342
CMWMA Gaussian 107,960.1 107,991.3 1.250312
™ Quadratic —1381,346 —1381,309 0.650224
Precipitation and GPP YNL Linear —437,023 —437,000 0.74933
JNP Linear —2031,089 —2031,064 0.613104
BF Linear —275,882 —275,863 0.334977
KBNP Linear —351,165 —351,142 0.739706
WNR Linear 143,843.4 143,864.9 1.233227
GLNP Linear 311,516.9 311,539.7 1.27144
CMWMA Linear 171,022.5 171,043.3 1.420019
™W Linear 808,770.7 808,795.5 1.246059
A) YNL B) JNP C) BF D) KBNP
30 Slope=0.032 30 4 Slope=-0.020 30 Slope=0.063 30 Slope=0.008
p=0.323, DW=1.52 p=0.198, DW=0.84 p=0.011, DW=1.51 p=0.205, DW=1.48
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Fig. 2. Site-specific trends in annual mean temperature (MAT) and total annual precipitation (AP) from 2001 to 2023 across eight protected areas. Each panel shows
site-level interannual variation with mean values (points) and standard error (error bars), overlaid with GLSAR regression trends (green lines) and 95 % confidence
intervals (shaded areas). Temperature plots use salmon-colored points and error bars, while precipitation plots use royal blue. Slope, p-value, and Durbin-Watson
statistic are annotated in the top-right of each panel. All data are derived from monthly aggregated values of the CRU TS 4.08 dataset.
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changes in precipitation were limited to only two regions-one
increasing (WNR) and one decreasing (CMWMA)-with most other sites
exhibiting non-significant or negligible directional trends.

3.2. Climate-vegetation relationships across protected areas

The relationships between GPP and climate variables varied across
the eight PAs (Fig. 3). The GPP exhibited a positive correlation with
mean annual temperature in multiple sites. The strongest relationships
were observed in BF (p < 0.01, R? = 0.09) and CMWMA (p < 0.001, R?
= 0.21), where GPP increased with temperature. However, in some PAs
such as TW (p < 0.001, R = 0.001) and GLNP (p < 0.01, R? = 0.05), the
relationships were relatively weak, indicating site-specific responses to
temperature variation.

All fitted curves were constrained to observed climate ranges to
avoid unsupported extrapolation. In YNL, for instance, GPP-temper-
ature fits were restricted to the MAT range of —4 to 2.5 °C, aligning with
empirical conditions. Similarly, modeled declines in GPP beyond
27-28 °C were not interpreted as site-level tipping points, but rather as
theoretical upper bounds in warmer forests.

In contrast, the influence of annual precipitation on GPP was weak
across most PAs, with marginal relationships observed in JNP (p < 0.01,
R? = 0.006) and BF (p < 0.001, R? = 0.07). Notably, a negative corre-
lation was detected at KBNP (p < 0.001, R? = 0.38), suggesting that
increased precipitation may impose limitations on productivity in this
ecosystem. The response in other sites, such as TW (p < 0.01, R? =
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0.006), remained weak. These findings summarized that the tempera-
ture was a dominant predictor in temperate PAs, while precipitation
effects were weaker, sometimes suppressive, indicating that moisture
availability alone is not a sufficient predictor of productivity.

3.3. Vegetation indices and climate variability

The relationships between vegetation indices (NDVI and EVI) and
climate variables were similarly heterogeneous across the eight PAs
(Fig. 4). NDVI strongly increased with increasing temperature in several
sites, including JNP (p < 0.001, R? = 0.32), BF (p < 0.001, R? = 0.28),
KBNP (p < 0.001, R? = 0.22), GLNP (p < 0.001, R = 0.18), and TW (p <
0.001, R? = 0.43). In contrast, EVI generally showed marginal or no
correlation with mean temperature in WNR. However, at several
sites-GLNP, KBNP, and TW-EVI exhibited comparable or stronger cor-
relations than NDVI, with narrower confidence intervals.

This divergence highlights functional differences in how NDVI and
EVI capture canopy responses in structurally complex forests. In
montane sites with persistent cloud cover (e.g., WNR), EVI's insensi-
tivity may reflect spectral noise or saturation.

The NDVI and EVI showed a strong positive correlation with pre-
cipitation in GLNP (NDVI: p < 0.01, R> = 0.17; EVL: p < 0.05, R = 0.18),
whereas the vegetation indices decreased with increasing precipitation
in CMWMA (NDVI: p < 0.01, R%=0.19; EVI:p < 0.01, R? =0.18). These
site-specific patterns reaffirm the non-universal nature of clima-
te-vegetation coupling. Precipitation-driven greening was more evident
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in equatorial rainforests (GLNP), whereas moisture stress may suppress
vegetation indices in Oceania (CMWMA).

3.4. Spatial and temporal patterns of tree cover loss

All PAs experienced tree cover loss between 2001 and 2023, though
rates varied considerably by site and year (Fig. 5). TW and YNL
exhibited the highest loss rates, peaking at 1.3% in 2016. KBNP showed
a gradual increase, reaching 0.52% in 2023. Conversely, WNR and JNP
had minimal tree loss, with peaks of 0.1% and 0.12%, respectively. BF
experienced episodic loss spikes (2.3% in 2016), while GLNP, CMWMA,
and KBNP exhibited moderate but persistent degradation.

Regionally, temperate PAs lost significantly more canopy (0.30% +
0.04) than tropical PAs (0.10 % + 0.01; p < 0.001). Spatially, defores-
tation was often edge-focused or corridor-aligned (Fig. 6). In GLNP and
KBNP, loss clustered along linear features, consistent with selective
encroachment. In TW and YNL, core-area degradation suggests diffuse
pressure, potentially from fire, pests, or windthrow.

The tree loss frequency also varied by initial canopy class. In YNL,
loss was highest in areas with 80-85% initial cover, while BF peaked at
75-80%. GLNP exhibited a bimodal loss profile at 80% and 95% cover,
indicating both mid-dense and dense canopies were vulnerable. These
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Fig. 5. Temporal variation in tree covers loss area (%) across eight protected
areas (PAs) from 2001 to 2023. The main plot shows annual tree cover loss area
(%) for each PAs, with different line styles and colors distinguishing the sites.
The inset presents the mean tree cover loss area by region, with error bars
indicating the standard error (+SE).
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patterns indicate that forest structure, not just area, modulates sensi-
tivity to disturbance.

3.5. Carbon emissions and net CO; flux trends across protected areas

Annual CO, emission trends from 2001 to 2023 revealed consider-
able site-level variation across the ten protected areas (PAs) (Fig. 7a—j).
Statistically significant increases in annual emissions were observed in
KBNP (R? = 0.70, p < 0.001), CMWMA (R? = 0.59), YNL (R? = 0.50),

WNR (R? = 0.37), and JNP (R? = 0.35). Other sites-including TW, BF,
and GLNP-showed weak or nonsignificant trends. Tropical PAs as a
group exhibited a mild but significant rise (R? = 0.05, p < 0.05).
Despite rising emissions, most PAs retained net sink status over the
study period. The strongest sinks were TW (—694.9 tonCOge/km?/year),
JNP (—204.8), and WNR (—132.4). CMWMA (—50.4) and KBNP (-13.7)
also remained negative, though marginal. Notably, GLNP was the only
protected area to function as a net carbon source (+197.9 tonCO.e/
km?/year). This occurred despite a non-significant trend in emissions
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emissions; negative values indicate carbon sinks.

from structural tree loss (Fig. 7f), indicating that factors other than
canopy loss are the primary drivers of its net carbon balance.

These results challenge the assumption that structural loss is the
dominant driver of emissions. The correlation between canopy loss and
CO, emissions (R? = 0.75-0.99) must be interpreted cautiously, given
shared data dependencies between the Hansen and Harris datasets.
Functional degradation in structurally intact systems, such as GLNP,
highlights the limits of using forest cover as a proxy for carbon stability.

4. Discussion
4.1. Long-term climate trends and implications for protected areas

Protected forest areas (PAs) are critical carbon reservoirs mediating
biosphere-atmosphere exchanges and substantially contributing to
terrestrial carbon sequestration (Duncanson et al., 2023). However,
their functional stability faces increasing threats from climate-driven
stressors and anthropogenic encroachments (Mansourian et al., 2009;
Anderegg et al., 2020). This study identified significant heterogeneity in
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climate trends, vegetation responses, and CO5 fluxes across eight glob-
ally distributed PAs, highlighting the complexity of managing these
ecosystems under climate change.

Significant long-term warming occurred in most PAs (e.g., CMWMA,
BF, TW, WNR), aligning with broader regional warming signals (Higgins
et al., 2023). The absence of warming in GLNP, JNP, YNL, and KBNP
reflects local variability, likely driven by microclimatic buffering from
topography, canopy structure, and elevation (Pepin et al., 2015; John-
son and Yeakley, 2019; Rita et al., 2021). These localized effects may
help preserve climate-sensitive species. Nonetheless, persistent warming
elsewhere risks vegetation stability, potentially triggering compositional
shifts, wildfires, and pest outbreaks (Cunningham et al., 2024; Jones
et al.,, 2024; Warlo and Kautz, 2024), threatening long-term carbon
sequestration (Zhou et al., 2018).

Precipitation trends were more variable, with significant drying in
CMWMA and increases in WNR, while others showed no clear change.
However, precipitation variability alone did not consistently predict
carbon flux patterns, as seen in contrasting responses in KBNP and YNL.
This reflects complex ecohydrological interactions influenced by vege-
tation type, soil, rooting depth, and terrain (Anderson-Teixeira et al.,
2011; Reyes et al., 2017; Desai et al., 2022). Thus, predicting vegetation
responses requires integrating multiple climate variables and ecohy-
drological feedback, including soil moisture, vapor pressure deficit, and
phenology.

These findings indicate substantial limitations in using climate
trends alone to predict ecosystem productivity and carbon dynamics,
highlighting the need for site-specific approaches to conservation
planning. Future research should prioritize developing integrated
climate-vegetation models incorporating local ecohydrological feedback
mechanisms.

4.2. Vegetation dynamics and tree cover loss

Vegetation responses were highly site-specific, with temperature
generally influencing NDVI and EVI more than precipitation. The
divergence between NDVI and EVI at sites like WNR suggests each index
captures different aspects of canopy dynamics, such as spectral sensi-
tivity, phenology, or cloud cover effects (Karkauskaite et al., 2017;
Ghebrezgabher et al., 2020). These spectral differences highlight the
importance of using multiple vegetation indices for robust assessments
under changing climates.

Tree cover loss further complicated vegetation-climate relation-
ships. Substantial deforestation in TW and YNL appears linked to com-
bined climatic and anthropogenic stressors (Clark et al., 2017; Mackey
et al., 2017), while minimal loss in JNP and WNR may reflect effective
protection or ecological resilience. However, localized losses along
edges and corridors emphasize the influence of surrounding land-use,
pointing to the need for buffer-zone management.

Global datasets often fail to capture subtle degradation (e.g., selec-
tive logging, understory loss), revealing gaps in current monitoring
systems (Burivalova et al., 2015). Future improvements should include
higher-resolution data and field validation to better detect fine-scale
degradation.

4.3. Carbon dioxides sink potential and forest resilience in terms of
vegetation cover

The spatiotemporal patterns of net CO; flux across PAs reflect com-
plex interactions among climate variability, forest structure, and
ecological resilience. Most PAs (TW, JNP, WNR, CMWMA) remained
carbon sinks despite climatic and structural stress. For example, TW
showed strong uptake despite canopy loss, suggesting mature forests and
microclimatic buffering may mitigate disturbances (Prior et al., 2022).
JNP and WNR, with minimal tree loss and stable climates, maintained
sequestration, indicating intact canopies and sustained productivity
(Kafy et al., 2023).
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In contrast, the anomalous behavior of GLNP, which acted as a net
carbon source despite stable forest cover, merits special attention. This
decoupling of structural integrity from functional carbon sequestration
points towards functional degradation, where the forest’s metabolic
processes are impaired. Potential underlying mechanisms include
increased ecosystem respiration from soils and vegetation or decreased
gross primary productivity due to climatic stressors (Zhang et al., 2025).
Indeed, the broader region encompassing GLNP has been subject to
documented periods of anomalous heat and drought over the past
decade (Ramdani et al., 2024). Such conditions are known to reduce
photosynthetic capacity and increase tree mortality, even without
leading to immediate large-scale canopy loss. While a full attribution
study is beyond the scope of this paper, our findings lead us to hy-
pothesize that the net source status of GLNP is an early warning sign of
climate-induced ecosystem stress. A formal factor analysis, correlating
carbon flux with specific climatic variables (e.g., temperature, precipi-
tation, soil moisture) as you suggested, represents a critical next step to
test this hypothesis and pinpoint the exact causal mechanisms. Simi-
larly, the shift at KBNP from a sink to near neutrality after 2014 further
underscores the vulnerability of these ecosystems to the combined
pressures of climate variability and incremental forest loss.

Overall, these patterns expose the inadequacy of canopy cover alone
as a proxy for carbon stability. Supplementary Table 2 confirms this,
highlighting that ecosystem fluxes depend on physiological processes
(photosynthesis, respiration), phenological timing, and edaphic factors
(e.g., soil moisture, nutrients), all dynamically shaped by climate. Future
research should focus on physiological and phenological indicators,
integrating field data, remote sensing, and ecosystem modeling to detect
early degradation and ecological tipping points.

5. Implication on global protected areas conservation

This study stresses the need to restructure PA management frame-
works to address the multi-dimensional challenges of climate change
and forest degradation. Traditional approaches focusing on static
boundaries and structural integrity (Wolf et al., 2021) are insufficient.
The decoupling between structure and carbon dynamics at GLNP shows
that functional indicators-like sequestration, productivity, and resil-
ience—must be integrated into monitoring and planning.

Given the site-level heterogeneity in trends and fluxes, global con-
servation cannot rely on uniform strategies. Instead, region-specific in-
terventions are needed. For instance, PAs like GLNP and JNP-facing
warming but low structural loss—may benefit from assisted species
migration, canopy thinning, or monitoring physiological stress.
Conversely, drought-prone PAs (TW, CMWMA) may require reforesta-
tion with drought-tolerant species, soil moisture conservation, and
ground-cover diversification (Groves et al., 2012).

Robust sequestration in JNP and WNR affirms the value of strict legal
protection. Yet the carbon instability in KBNP despite moderate loss
shows that protection alone is insufficient-functional monitoring must
accompany structural assessments. Conservation frameworks should
evolve to include real-time monitoring of vegetation indices, stress
markers, and flux variability.

Important methodological limitations persist, especially the de-
pendency between datasets used for forest loss and carbon flux estima-
tion (Hansen et al., 2013; Harris et al., 2021). Future work should
improve data independence via ground-based flux validation,
high-resolution sensing, and phenological tracking. Standardized pro-
tocols using flux towers and carbon inventories could greatly enhance
monitoring accuracy.

Successfully implementing adaptive, multi-objective conservation
requires strong collaboration across policymakers, scientists, local
communities, and interdisciplinary teams (Reside et al., 2018).
Co-developed solutions-such as community-based restoration, adaptive
zoning, and integrated buffer management-ensure ecological effective-
ness and social sustainability. These approaches align conservation with
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local socio-economic realities, enhancing resilience and long-term
effectiveness.

In conclusion, the climate-driven changes observed in protected
forests demand a shift toward adaptive, function-based conservation
grounded in empirical monitoring and cross-disciplinary collaboration,
ensuring continued delivery of climate mitigation and biodiversity
services.

6. Conclusion

This study advances understanding of how climate-driven variability
and forest dynamics influence vegetation productivity and carbon di-
oxide (COy) fluxes across globally distributed protected areas (PAs). By
integrating climate data, vegetation indices (NDVI, EVI), gross primary
productivity (GPP), and carbon flux analyses, we revealed distinct, site-
specific ecological responses to recent climatic trends and disturbances.
Our findings clearly demonstrate that forest carbon stability depends not
only on structural attributes (e.g., canopy cover) but also critically on
ecosystem functionality, physiological responses, and climatic thresh-
olds. Most PAs maintained effective carbon sequestration despite expe-
riencing climate stress and moderate canopy loss. However, notable
exceptions, including Gunung Leuser National Park (GLNP) and Kahuzi-
Biega National Park (KBNP), showed that carbon sink capacities could
rapidly degrade under compound climatic and structural pressures.
These outcomes highlight important limitations of current conservation
strategies focused solely on structural preservation. Future research
should address methodological uncertainties—especially those associ-
ated with remote sensing indices and the dependencies between data-
sets-through enhanced ground-based validation and refined modeling
techniques. Moreover, incorporating physiological, phenological, and
soil moisture variables into monitoring frameworks could substantially
improve our ability to predict ecological thresholds and resilience under
climate change. In summary, our findings advocate shifting towards
adaptive conservation approaches that explicitly incorporate functional
ecological indicators. This integrated perspective will help ensure that
protected areas continue serving effectively as biodiversity reservoirs
and global carbon sinks amidst accelerating environmental changes.
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