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Abstract

The balance between gross primary productivity (GPP) and ecosystem respiration (ER)
defines an ecosystem’s carbon sink-source status. Under global warming, hydrothermal
conditions critically shape carbon fluxes, yet their differential impacts on GPP and ER
remain insufficiently understood, especially across biomes. Elucidating these differences is
essential for reducing uncertainties in terrestrial carbon cycle projections under ongoing
climate change. Here, based on flux observations from global terrestrial sites with a
focus on forest ecosystems, we selected mean annual temperature (MAT), latent heat flux
(LH), vapor pressure deficit (VPD), soil water content (SWC), and annual precipitation
as representative indicators of hydrothermal conditions, and employed mixed-effects
models to examine how these key environmental drivers influence GPP and ER. After
analyzing the fixed effects, LH and MAT promoted GPP more strongly than ER (slope = 0.5
> 0.253, slope = 0.595 > 0.392, respectively), whereas VPD suppressed GPP more than ER
(slope = —0.658 < —0.499), yet accounted for a greater proportion of variance in ER than
in GPP (R? = 0.14 > 0.07). Although SWC had a significant (p < 0.001) positive effect on
GPP, the effect size was minimal, and its impact on ER was insignificant. R? decomposition
showed that marginal R? values were similar for the GPP and ER models (0.43 and 0.44),
whereas the GPP model exhibited a substantially higher conditional R? (0.82 vs. 0.63),
indicating that MAT exerted a stronger influence on GPP than on ER across ecosystem
types. The combined analysis of fixed and random effects indicated that MAT affected GPP
more variably than ER across ecosystem types, with the strongest responses in mixed forests
and savannas, intermediate responses in evergreen needleleaf forests, and the weakest
responses in evergreen broadleaf forests. Overall, this study advances our understanding
of how environmental factors differently influence GPP and ER, and incorporating these
differences can improve predictions of forest carbon fluxes and climate-carbon feedbacks.

Keywords: gross primary productivity; ecosystem respiration; forest ecosystems;

hydrothermal conditions; mixed effects model; R? decomposition

1. Introduction

Although gross primary productivity (GPP) and ecosystem respiration (ER) are both
key components of the carbon balance within ecosystems, they reflect distinct physiological
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processes [1-3]. GPP represents the total carbon fixed by photosynthesis, serving as the
primary pathway for carbon entering ecosystems, whereas ER quantifies carbon released
to the atmosphere through autotrophic (plants) and heterotrophic (microbes and animals)
respiration [3,4]. Together, these two processes determine the net ecosystem exchange
(NEE) of carbon between ecosystems and the atmosphere [4,5]. The balance between GPP
and ER determines whether an ecosystem acts as a carbon sink or source, and is regulated
by environmental drivers such as temperature, water, and nutrients [6-9].

In terrestrial ecosystems, temperature and water availability are generally considered
the two primary environmental factors driving variations in GPP and ER [10,11]. Warming
can enhance GPP by accelerating enzymatic reactions in photosynthesis [12,13], while
simultaneously increasing ER through both enhanced plant respiration (Rp) and elevated
microbial activity [10,14,15]. Owing to the differential temperature sensitivities of GPP
and ER, the net impact of warming on ecosystem carbon balance remains uncertain and
debated. Some remote sensing studies indicated that warming enhanced regional and
even global greening, thereby increasing vegetation productivity [7,16,17]. In contrast,
other research showed that ER responded more sensitively to warming, potentially tipping
the balance such that respiration exceeded carbon uptake [18,19]. Meanwhile, shifts in
water availability under warming weave additional intricacy into the way hydrothermal
conditions shape ecosystem carbon fluxes [20,21]. Zeng et al. (2022) reported that the
sensitivity of vegetation productivity to precipitation declined between 2001 and 2018 [22],
whereas Zhang et al. (2025) observed a reversal from 2001 to 2021, with sensitivity initially
decreasing and then increasing, with both studies highlighting the pivotal role of VPD
in modulating this response [23]. In contrast, the sensitivity of ER to precipitation varies
markedly among different biomes, and within the same biome, GPP and ER also exhibit
distinct sensitivities to precipitation [24,25]. Zhang et al. (2024) further revealed that water
limitation constrains the positive feedback of ER to warming [26]. An experimental study
in semi-arid grasslands indicated that drought suppressed GPP more than ER, potentially
transforming carbon sinks into carbon sources during stress periods [27]. Nevertheless, the
contrasting roles of hydrothermal conditions in regulating GPP and ER, especially across
biomes, have yet to be clearly elucidated.

Two objective constraints have delayed progress in this important line of research.
First, unlike GPP, ER is not easily represented by optical vegetation indices, even though
advances in remote sensing have yielded rich datasets for unraveling the spatiotemporal
dynamics and underlying drivers of vegetation productivity [7,17]. Direct retrieval of ER
from remote sensing is inherently constrained by its composite nature, as it comprises
both autotrophic and heterotrophic respiration (Ra and Rh), and the tight physiological
coupling of Ra with photosynthesis introduces substantial uncertainty [28,29]. Secondly,
there remains no consensus on which environmental variables best represent hydrothermal
conditions. Building on this, we leveraged flux data, the most precise and widely embraced
resource for capturing ecosystem—atmosphere carbon exchanges across scales from individ-
ual sites to entire regions [30,31]. Drawing on the data characteristics, we selected mean
annual temperature (MAT), latent heat flux (LH), vapor pressure deficit (VPD), soil water
content (SWC), and annual precipitation (AP) as key indicators capturing the hydrothermal
environment. Here, these variables are treated as integrative proxies summarizing the
coupled energy-water state of ecosystems, rather than as isolated or fully independent
causal drivers. In particular, LH is included to represent realized surface energy parti-
tioning and ecosystem water demand, providing complementary information that cannot
be fully captured by meteorological variables alone. Based on global eddy covariance
data from the FLUXNET2015 network, this study aims to elucidate how environmental
drivers regulate ecosystem carbon fluxes across different biomes. Specifically, this study has
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three objectives: (i) to identify the most influential environmental factors affecting GPP
and ER at the global scale; (ii) to compare the overall differential impacts of environmental
drivers on GPP and ER; and (iii) to investigate biome-specific differences in the responses
of GPP and ER to environmental drivers across ecosystem types.

2. Materials and Methods
2.1. Data Collection

We utilized the global FLUXNET2015 eddy covariance network, which represents the
most comprehensive collection of in situ ecosystem-scale carbon flux observations currently
available, to obtain daily mean carbon fluxes and meteorological data (https://fluxnet.org/
(accessed on 12 April 2025)). The FLUXNET2015 dataset integrates measurements from
212 sites worldwide, spanning all major continents and climate zones, and encompassing
a wide range of terrestrial ecosystem types. It provides standardized, quality-controlled,
gap-filled observations of CO,, water, and energy exchanges between terrestrial ecosystems
and the atmosphere, ensuring data consistency and comparability across regions [30]. In
this study, we selected gross GPP and ER estimates derived from the daytime partitioning
method to reduce autocorrelation in CO; fluxes. A data-cleaning procedure was applied
to ensure data quality and analytical robustness. Specifically, sites with more than 30%
missing data were excluded, and ecosystem types with insufficient site representation were
removed. For the retained sites, the datasets were largely complete, with only infrequent
short gaps filled via linear interpolation between adjacent valid points. The final dataset
comprised 95 globally distributed sites across 10 ecosystem types, totaling 885 site-years of
observations (Figure 1), providing a global basis for assessing ecosystem-specific and cross-
biome responses of carbon fluxes to environmental drivers. Precipitation was calculated as
annual sums, while other environmental variables (MAT, LH, VPD, and SWC) were com-
puted as annual means to represent their prevailing regulatory effects on ecosystem carbon
processes. Each site-year was treated as an independent sample to analyze the differential
impacts of environmental factors on GPP and ER. Major terms and their acronyms appear
in Tables Al and A2.
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Figure 1. Global distribution of study sites and ecosystem types, classified by International Geosphere-
Biosphere Programme ecosystem type: cropland (CRO), closed shrubland (CSH), deciduous broadleaf
forest (DBF), evergreen broadleaf forest (EBF), evergreen needleleaf forest (ENF), grassland (GRA),
mixed forest (MF), open shrubland (OSH), savanna (SAV), and woody savanna (WSA).
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2.2. Statistical Analysis

To enhance modeling accuracy, we first standardized preprocessed flux data using
z-score normalization. Generalized linear mixed-effects models were subsequently fitted,
with GPP and ER as response variables, to evaluate the influence of environmental factors,
using the “Imer’ function from the package ‘Ime4’ (version 1.1-35.1) in R version 4.5.0 [32].
Given our research objective of comparing broad-scale differences in environmental con-
trols across ecosystem types, IGBP was specified as a random intercept to account for
systematic baseline differences among major ecosystem types, rather than site-specific
idiosyncrasies. Site-level variability is partially absorbed through aggregation at the site-
year level and through the inclusion of biome-level random effects, which capture shared
ecological characteristics among sites within the same ecosystem type. Random slope
structures for selected environmental predictors were evaluated by comparing alternative
random-effect specifications using the log-likelihood ratio test (LRT) and Akaike informa-
tion criterion (AIC), where higher LRT values and lower AIC values indicated improved
model performance [32,33]. The LRT compares the goodness-of-fit of nested models to
select optimal random effects, and restricted maximum likelihood estimation (REML) is
used for parameter optimization, ensuring accurate variance estimates and model stabil-
ity [33]. The results of random-effect structure selection for the GPP and ER models are
summarized in Tables A3 and A4, respectively.

Maximum likelihood estimation (MLE) was employed to select fixed effects, refining
parameter estimates through the maximization of the likelihood function [34]. Fixed
effects were chosen based on model fit, statistical significance (p < 0.05), and research
objectives. Collinearity among predictors was assessed using the variance inflation factor
(VIF) < 5 [35], and model assumptions were evaluated using the ‘check_normality’ function
from the ‘performance’ package in R version 4.5.0 and residual plots [36]. The model
evaluation results are shown in Figure 2. Finally, two final models were developed to
describe the environmental responses of GPP and ER:

GPPjjx = agpp + BcppiMATjx + Bopp2APjjk + BoppsVPDjjk + BoppalHijk + BoppsSWCij + agppiMAT; +ecpp, i~ (1)

ER;jx = agr + Peri M AT jjx + BEr2 APijk + BER3V PDiji + BEraLH jk + BERsSWCij + apr iMAT; + €ER ijk 2)

where i, j, and k index vegetation type, site, and year, respectively. GPP;j and ER;j denote
the annual GPP and ER for the k-th year at the j-th site within the i-th vegetation type.
acpp and agg are the fixed intercepts. $1—f5 represent the fixed effect slopes of MAT, AP,
VPD, LH, and SWC, respectively. «; represents the random slope of MAT for each biome,
allowing the temperature sensitivity of GPP and ER to vary among biomes. ¢ is the
residual error term, assumed to be normally distributed with mean zero and constant
variance. This model structure enables the estimation of both overall environmental effects
and biome-specific deviations in temperature responses through partial pooling.

To quantify the individual effects of fixed factors on the GPP and ER models, a boot-
strap resampling approach was employed, with 1000 iterations used to derive coefficient
estimates and their 95% confidence intervals [37]. All independent variables were stan-
dardized to enhance convergence efficiency and improve interpretability. All analyses were
conducted using the R package ‘Ime4” (version 1.1-35.1) [32]. We employed the “glmm.hp’
function from the R package ‘glmm.hp’ (version 1.0.0) to decompose the R? of the GPP and
ER models, quantifying the differences between Marginal R? attributable to fixed effects
and Conditional R? attributable to both fixed and random effects, and assessing the relative
contributions of individual fixed effect factors to the variability in GPP and ER [38]. In our
models, temperature was included as both a fixed effect and a random effect to explore its
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differential impacts on GPP and ER (Figure 2). In addition, we also used multiple linear
regression models for both GPP and ER as a supplement to verify the robustness.
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Figure 2. Normality and collinearity tests for the GPP and ER models: (A) Kernel density plot of
residuals from the GPP model, (B) Variance inflation factor values for predictor variables in the GPP
model, (C) Kernel density plot of residuals from the ER model, and (D) Variance inflation factor
values for predictor variables in the ER model.

3. Results
3.1. Temperature Influence on GPP and ER in Different Ecosystems

We found that ER was generally more stable than GPP across ecosystems, exhibiting
relatively minor variability in ER and considerably larger differences in GPP (Figure 3A,B).
By extracting the random effects of the GPP and ER models, we found that MAT had a
consistently significant positive effect on ER across different ecosystems. However, this
positive effect varied among ecosystems, being the strongest in SAV and the weakest in
WSA. The positive effect of MAT on the three forest types (MF, EBF, and ENF) was largely
consistent. Across all ecosystems, the variability in MAT’s positive effect on CSH was the
greatest (Figure 3B). MAT also exhibited a significant positive effect on GPP across different
ecosystems, though the variation in its influence on GPP among ecosystems was greater
compared to its effect on ER, with the strongest positive effect observed in SAV and ME, the
weakest in EBF, and no significant positive effect detected in CSH (Figure 3D). Additionally,
a qualitative summary of the hydrothermal effects on GPP and ER is provided in Table A5.
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Figure 3. Random intercepts and random slopes for ER and GPP models: (A) random intercept
of the ER model, (B) random slope of the ER model, (C) random intercept of the GPP model, and
(D) random slope of the GPP model. In each panel, the point represents the estimated random effect
(intercept or slope) for a given ecosystem type, and the horizontal line denotes the 95% confidence
interval (CI) around that estimate. When the horizontal line does not cross the zero line, the random
effect is statistically significant (p < 0.05), indicating meaningful variation across ecosystem types in
the baseline level (intercept) or the sensitivity (slope) to the environmental driver. Conversely, when
the horizontal line crosses or includes the zero line, the random effect is not statistically significant.

3.2. Differential Effects of Hydrothermal Conditions on GPP and ER

Controlling for biome variation, MAT consistently enhanced both GPP and ER
(p < 0.05), yet its effect was more pronounced on GPP (slope = 0.595) than on ER
(slope = 0.392) (Figure 4A). VPD had a highly significant inhibitory effect on both GPP
and ER (p < 0.001), but its suppression of GPP (slope = -0.658) was notably stronger than
that of ER (slope = -0.499) (Figure 4B). Notably, VPD accounted for nearly twice as much
variation in ER (R? = 0.14) as in GPP (R? = 0.07) (Figure 4B). Similarly, LH promoted both
processes, yet its positive effect was more substantial on GPP (slope = 0.50) than on ER
(slope = 0.253), and it explained more variance in GPP (Figure 4C). Finally, SWC exerted a
significant positive effect on GPP but showed no detectable influence on ER (Figure 4D).
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Figure 4. Effects of individual hydrothermal factors with statistically significant influences (p < 0.05)
on GPP and ER after controlling for the effects of other factors: (A) mean annual temperature (MAT),
(B) vapor pressure deficit (VPD), (C) latent heat (LH), and (D) soil water content (SWC).

3.3. The Difference in the Effects of Temperature on GPP and ER

In this study, MAT was incorporated as both a fixed and a random effect. To disentan-
gle its overarching influence on GPP and ER and highlight their contrasts, we extracted the
aggregated MAT effects on both processes for direct comparison. The results revealed that,
with the exception of EBF and CRO, MAT exerted a stronger influence on GPP than on ER
across ecosystems. Moreover, while its effects on ER showed relatively minor variation
among ecosystems, the variability in its effects on GPP was considerably larger (Figure 5).
MAT had the greatest effect on GPP in MF and SAV, which was approximately twice its
effect on their ER, while its effect on GPP in EBF and on ER in WSA was the smallest
(Figure 5). Interestingly, it was not the coldest ecosystems whose carbon fluxes were most
sensitive to MAT; instead, fluxes in cooler and temperate ecosystems exhibited the strongest
responses (Figure 5). Overall, the effect of MAT on carbon flux exhibited a parabolic pat-
tern, first increasing and then decreasing with MAT, and this nonlinear trend was more
pronounced for GPP than for ER (Figure 5).

3.4. R? Decomposition in GPP and ER Models

Overall, the fixed effects in the GPP and ER models accounted for nearly equivalent
portions of variance, with marginal R? values of 0.43 and 0.44, respectively (Figure 6),
indicating comparable explanatory power of the selected environmental predictors for
both carbon fluxes. In contrast, the conditional R? values differed markedly, with 0.82
for the GPP model and 0.63 for the ER model, reflecting differences in the amount of
structured variability captured when both fixed effects and the random-effect structure
were considered (Figure 6). This discrepancy suggests that while hydrothermal predictors
provide a comparable baseline for both fluxes, GPP is subject to much stronger ecosystem-
level modulation. Specifically, the gap between conditional R? and marginal R? for GPP
(0.39) is nearly double that for ER (0.19), reflecting a higher sensitivity of photosynthetic
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processes to site-specific biotic factors, such as canopy structure, leaf functional traits,
and successional stages, which are captured within the IGBP random effect structure. In
contrast, the lower conditional R? for ER suggests that ecosystem respiration may be more
universally constrained by the immediate hydrothermal state, with less dependency on
unobserved site-level heterogeneity compared to GPP. Therefore, the explanatory power
of our mixed-effects framework underscores that carbon uptake is an integrated product
of environmental forcing and complex biological “legacy effects,” whereas carbon release
aligns more closely with direct environmental variability. Regarding the fixed effects of
the two models, the influence of individual hydrothermal factors differed substantially
between carbon flux processes. LH accounted for a larger proportion of the explained
variance in GPP (49.5%) than in ER (37.2%), VPD contributed more strongly to ER (31.6%)
than to GPP (16.3%), and MAT exhibited nearly equal explanatory power for both GPP and
ER (Figure 6).

GPP model .

Forest ER model -

Jilliiihnl

Grass

EBF

OSH MF DBF ENF CSH GRA SAV WSA CRO

Figure 5. Differential effects of mean annual temperature (MAT) on GPP and ER. Note: slopes
represent the influence of MAT as both a fixed and random effect.

3.5. Multiple Linear Regression Model

We explored an alternative model formulation, i.e., multiple linear regression models
for both GPP and ER. The results are summarized in Tables 1 and 2. The multiple linear
regression model for GPP achieved an R? of 0.738 (Table 1), which is close to the marginal
RZ (0.82) of the mixed-effects model reported in Figure 6 of the manuscript. Similarly, the
ER regression model yielded an R? of 0.624 (Table 2), comparable to the marginal R? (0.63)
of the corresponding mixed-effects model. These results provide independent support for
the robustness and reliability of the mixed-effects modeling framework used in our study.
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Figure 6. Decomposition of R? for the GPP and ER models. The left y-axis represents the marginal
R? of the ER and GPP models, and the right y-axis represents their conditional R2. Different colored
segments within each bar, along with the numbers inside them, indicate the proportion of each
environmental factor (fixed effect) contributing to the marginal R?. The yellow triangles in the figure
and the yellow numbers on the right y-axis represent the conditional R? values of the two models.
Table 1. Summary of the multiple linear regression model for GPP.
. . Std. . . Std.
Predictor Estimate t Value p Value  Predictor Estimate t Value p Value
Error Error
IGBP
Intercept —0.1047  0.0227 —4.62 <0.001 (CSH) —0.0664  0.0304 —2.18 0.029
modMAT 05951 00420 1418 <0001 Bl 01003 0013 7.9 <0.001
mod.VPD —0.6735  0.0422 —15.97 <0.001 %}(3;11;15 0.1702 0.0192 8.89 <0.001
modSWC 01214 00285 427 0001 pen 00750 0018 544 <0.001
modLH 04732 00297 1592 <0001 O 00404 00143 282 0.005
mod. AP —0.0597  0.0345 -1.73 0.084 %1(\;/[112;1)) 0.0870 0.0188 4.64 <0.001
IGBP
(OSH) —0.0567  0.0194 —-292 0.004
IGBP
(SAV) 0.0244 0.0216 1.13 0.260
IGBP
(WSA) 0.0163 0.0204 0.80 0.424
Model performance: Multiple R%=0.738, Adjusted R? =0.734, Residual standard error = 0.092, F-statistic = 175,
p<0.001.
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Table 2. Summary of the multiple linear regression model for ER.

Predictor Estimate Std. t Value p Value  Predictor Estimate Std. t Value p Value
Error Error
IGBP
Intercept  0.1586 0.0190 8.37 <0.001 (CSH) —0.0354  0.0254 -1.39 0.165
mod.MAT 0.3947 0.0351 11.25 <0.001 %SEE) 0.0489 0.0115 425 <0.001
mod.VPD —0.5136  0.0353 —14.56 <0.001 %](5;1]3315 0.1255 0.0160 7.84 <0.001
mod.SWC —0.0077  0.0238 —0.33 0.745 %IEIEII\BII;) 0.0262 0.0115 2.28 0.023
mod.LH  0.2449 0.0249 9.85 <0.001 %(G;gi) 0.0686 0.0120 5.73 <0.001
mod.AP  0.0208 0.0288 0.72 0.472 %ﬁil; 0.0561 0.0157 3.58 <0.001
IGBP
(OSH) —0.0285  0.0162 —1.76 0.079
IGBP
(SAV) 0.0462 0.0181 2.55 0.011
IGBP
(WSA) 0.0091 0.0171 0.53 0.595

Model performance, Multiple R2=0.624, Adjusted R? =0.618, Residual standard error = 0.077, F-statistic = 103.2,

p <0.001.

Furthermore, we conducted hierarchical partitioning of R? for the multiple linear

regression models. The resulting contributions of individual predictors were highly consis-

tent with those reported in Figure 4 of the manuscript. For example, the Individual R? of
LH in the GPP regression model was 0.237 (Table 3), compared to 0.21 in Figure 4, while
for ER the corresponding values were 0.174 (Table 4) and 0.16, respectively. These close

agreements indicate that the key drivers and their relative importance are stable across

different modeling approaches.

Table 3. Hierarchical partitioning of explained variance (R?) for the GPP model.

. . Average .. Contribution
2 2
Predictor Unique R Shared R Individual R (%)
mod.MAT 0.0606 0.0181 0.0787 10.66
mod.VPD 0.0768 0.0221 0.0989 13.40
mod.SWC 0.0055 0.0262 0.0317 4.30
mod.LH 0.0763 0.1610 0.2373 32.15
mod.AP 0.0009 0.1155 0.1164 15.77
IGBP 0.0562 0.1188 0.1750 23.71
Table 4. Hierarchical partitioning of explained variance (R2) for the ER model.
Average Contribution
. . 2 g .« . 2
Predictor Unique R shared R? Individual R (%)
mod.MAT 0.0547 0.0146 0.0693 11.10
mod.VPD 0.0916 0.0047 0.0963 15.43
mod.SWC 0.0000 0.0220 0.0220 3.53
mod.LH 0.0419 0.1321 0.1740 27.88
mod.AP 0.0002 0.1094 0.1096 17.56
IGBP 0.0576 0.0953 0.1529 24.50
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4. Discussion
4.1. Differential Contributions of Fixed Effects to GPP and ER Models

After accounting for vegetation type, the GPP and ER models showed comparable
marginal R? values (Figure 6), which may reflect the carbon balance strategies that vascular
plants have developed throughout their long evolutionary history in response to envi-
ronmental changes [39-41], indicating that the four key hydrothermal factors explained
both fluxes to a similar degree. As complementary processes, GPP and ER are not only
jointly regulated by environmental drivers but are also tightly coupled, exhibiting broad
covariation across ecosystems [25,42].

Further comparison revealed that GPP and ER differed in their response magnitude
and sensitivity to the same hydrothermal factors (Figure 4). This divergence may arise from
differences in the physiological, biochemical, and ecological processes underlying carbon
uptake and release. Photosynthesis is more directly regulated by light availability and tem-
perature, influencing key physiological and biochemical processes such as carbon fixation
and electron transport [12,43], whereas ER, due to the heterogeneity of its components, is
more strongly influenced by soil moisture conditions and temperature-driven regulation of
microbial activity, especially with regard to soil respiration (Rs) [44—46]. Furthermore, as a
major component of ER, Rp is intrinsically linked to photosynthetic activity [47].

Specifically, LH explained more variation in GPP than in ER, and GPP exhibited a
stronger response (Figures 4C and 6), a pattern that likely reflects the fact that LH directly
mirrors ecosystem evapotranspiration and plant stomatal conductance, which in turn
regulate CO; uptake [48,49]. The response involves a coordinated interaction between
plant transpiration and photosynthesis [50]. In contrast to GPP, ER is more complex
and is regulated by multiple factors, including temperature [51,52], soil moisture [51,53],
nutrient availability [54], and microbial activity [55]. This multi-factor regulation tends to
attenuate the responsiveness of ER to any single environmental driver. Moreover, changes
in LH influence soil moisture and root respiration with a temporal lag, requiring time to
accumulate before significantly affecting microbial activity and Rp rates [56,57].

In contrast to LH, VPD accounted for almost twice the variation in ER compared to
GPP, yet its negative impact on GPP was markedly stronger than on ER (Figures 4C and 6).
This pattern may stem from differences in the sensitivity of ER and GPP to water stress.
Higher VPD generally indicates more severe water limitation [58,59], and the photolysis of
water in photosystem II (PSII) is essential for sustaining photosynthesis [60]. Under water
deficit, photosynthesis is inhibited, leading to reduced GPP [61]. Moreover, under high
VPD conditions, the dry atmosphere drives rapid stomatal closure to minimize water loss,
which directly restricts CO, uptake by leaves [62]. Simultaneously, many plants, especially
woody species, possess well-developed root systems that enable them to access deeper
soil water reserves [63,64], which under elevated VPD conditions can partially alleviate
water limitations and thereby diminish the explanatory power of VPD for GPP. Studies
have revealed an asymmetric parabolic relationship between VPD and GPP, whereby GPP
increases or remains stable at low VPD, declines at moderate VPD, and the negative effect
attenuates at extremely high VPD [65,66].

In contrast, the components of ER differ in their sensitivity to water and are closely
linked to both the atmospheric dryness reflected by VPD and soil water limitation. Gener-
ally, Rp is more responsive to high VPD [67], whereas Rs is more strongly influenced by
SWC [68]. As a result, although the inhibitory effect of VPD on total ER is less pronounced
than on GPP, VPD nonetheless accounts for a larger fraction of ER variability, reflecting its
cumulative influence across the individual respiratory components.
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4.2. Differential Temperature on GPP and ER Across Biomes

The conditional R? of the GPP model was 0.82, substantially higher than that of the
ER model, which was 0.63 (Figure 6). This suggests that, when MAT was treated as a
random effect nested within ecosystem types, the model captured a larger proportion of the
variability in GPP, whereas a considerable fraction of ER variability remained unexplained.
As the direct product of photosynthesis, GPP is primarily driven by temperature and the
availability of water and light [12,69,70], and is further modulated by vegetation type and
physiological characteristics [71,72], resulting in relatively high predictability. For instance,
a study evaluating satellite-based models with GPP data from 119 eddy covariance sites
across the Northern Hemisphere showed that GPP estimates are strongly influenced by
temperature, solar radiation, and precipitation, and that model performance varies across
vegetation types [73].

Compared with GPP, the response of ER to temperature varies little among different
ecosystem types, which may result from the convergence in ER temperature sensitivity [74].
Niu et al. (2021) further showed that climate warming leads to a more uniform apparent
temperature sensitivity of ER, indicating that the temperature sensitivity of ER across
ecosystems is becoming increasingly consistent [75]. Furthermore, Rs constitutes a ma-
jor fraction of ER [76-78], and its temperature sensitivity varies little among different
ecosystems, being primarily regulated by soil organic carbon and soil moisture [79,80].
Given the stability of soil organic carbon pools, the limited plasticity of Rs to tempera-
ture changes contributes to a convergence in overall ER temperature sensitivity across
ecosystems [81-83].

Among ecosystem types, temperature exerted the strongest influence on GPP in
MF and SAV, a moderate influence in ENF, and the weakest in EBF (Figure 5). This
pattern may be related to the degree of matching between the optimum temperature for
photosynthesis and prevailing environmental conditions across ecosystems [84]. In regions
with moderate temperatures, warming brings leaf temperatures closer to the photosynthetic
optimum, enhancing carbon assimilation and photosynthesis [85-87]. In contrast, in cold
high-latitude forests, rising temperatures may still fall well below the optimal range,
leading to only modest enhancements in photosynthesis [88,89]. In low-latitude tropical
rainforests, where ambient temperatures are already close to or exceed the optimum,
further warming may lead to declines in enzymatic activity, increased water stress, and
heat-induced photoinhibition, thereby dampening the positive effect of temperature on
GPP [90-92].

Furthermore, the synergistic effects of hydrothermal conditions are also a significant
factor. In regions with moderate temperatures and minimal water limitations, increasing
temperatures can substantially enhance GPP [93-95]. In contrast, in high-latitude cold
regions, although summer hydrothermal conditions may be favorable, the prolonged winter
still imposes strong constraints on vegetation productivity, thereby partially limiting the
effect of temperature on GPP [96,97]. Overall, GPP in MF and SAV responds most strongly
to temperature, likely because temperature changes bring them closer to the photosynthetic
optimum under favorable hydrothermal conditions, whereas high-latitude forests exhibit
weaker responses due to thermal deviation and hydrothermal constraints. For EBF, due
to its unique habitat, temperature is not a limiting factor for GPP, and thus variations in
temperature have the least effect on GPP [98-100].

4.3. Uncertainties and Limitations of the Study

Despite the broad climatic gradients covered by FLUXNET2015, the absolute number
of available eddy covariance sites remains small relative to the immense spatial, climatic,
and ecological heterogeneity of terrestrial ecosystems. This inherent limitation constrains
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the extent to which site-based statistical relationships can be confidently extrapolated
beyond the observational domain of the network. In particular, regions, biomes, and
climate regimes with sparse or no flux tower coverage may exhibit ecosystem responses to
hydrothermal drivers that differ from those captured by the existing observations. Con-
sequently, while our results reveal robust large-scale patterns across sampled ecosystems,
caution is warranted when extending these findings to underrepresented regions or un-
sampled environmental conditions.

Specifying fixed and random effects is a key decision in mixed-effects modeling [101].
While factors with many levels and unclear sources are often treated as random, factors
with numerous levels and clear ecological significance can also be reasonably modeled as
random. The essence of random-effects models lies in their ability to achieve a balance be-
tween general patterns and group-specific differences through partial pooling [102,103]. In
this study, ecosystem types were modeled as a random effect to capture the overall influence
of hydrothermal drivers on GPP and ER while accounting for variability across vegetation
types. Although site-level heterogeneity could be explicitly modeled by including site as
an additional random effect, doing so would substantially increase model complexity and
reduce the interpretability of large-scale environmental drivers, which was not the primary
objective of this study. This approach uses shrinkage to maintain biome-specific estimates
for well-sampled biomes near group means while drawing sparsely sampled ones toward
the overall mean, avoiding unstable inferences. It identifies environmental driver effects
but may slightly mask biome differences.

It should be noted that forest ecosystems are more heavily represented in the
FLUXNET2015 dataset than non-forest biomes, reflecting the network’s inherent distri-
bution. Although our mixed-effects framework mitigates this imbalance through partial
pooling, results for well-sampled forests are more robust. Inferences for underrepresented
biomes should therefore be interpreted with caution. Beyond biome imbalances, geographic
sampling in FLUXNET2015 is skewed toward Europe and North America, leaving tropical
and high-latitude regions underrepresented. This spatial bias may influence our findings
in sparsely sampled climate regimes. Consequently, while our study covers broad climatic
gradients, the results should be extrapolated to underrepresented regions with caution.
Expanding flux tower networks in these data-poor areas remains essential for robust global
inferences. Importantly, the mixed effects modeling framework ensures greater statistical
stability for ecosystem types with larger sample sizes by shrinking estimates from sparsely
sampled groups toward the global mean. While this property enhances overall robustness,
it does not eliminate underlying geographic or biome-level sampling biases.

In addition to this modeling choice, several other important limitations must be
acknowledged. First, our models assumed linear and additive effects of the hydrothermal
drivers on GPP and ER. This is a simplification, as the ecological responses to these drivers
are often non-linear and interactive. For example, the effect of temperature on carbon
fluxes is likely constrained by water availability (VPD or SWC), but such interactions were
not included in our final models. Indeed, when responses are aggregated across biomes,
our results suggest an apparent non-linear, parabolic pattern in the MAT effect (Figure 5),
reflecting substantial heterogeneity among ecosystem types, which a simple linear term
cannot fully capture. Second, our analysis treated each ‘site-year’ as an independent
sample to robustly analyze the differential impacts. This approach, while common, may be
susceptible to pseudo replication, as observations from the same site across consecutive
years are not truly independent. This lack of temporal independence could potentially
lead to an overestimation of statistical significance, i.e., narrower confidence intervals and
lower p-values than are strictly warranted. Future studies could employ more complex
hierarchical models that explicitly nest ‘year” within ‘site’ to better account for this data
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structure. Third, the selected hydrothermal drivers are inherently correlated. Although
we assessed collinearity using VIF, interpreting the coefficients or the R?> decomposition
as purely causal, independent contributions is challenging. The effect attributed to one
variable may be partially mediated by another correlated driver. Therefore, the reported
slope coefficients should be interpreted as the strength of association within the context of
the specific model, rather than as definitive, isolated causal effects.

5. Conclusions

This study used mixed effects models to compare the effects of key hydrothermal
drivers on GPP and ER across global biomes, with a particular focus on forest ecosys-
tems. We found that LH and MAT had stronger positive effects on GPP than on ER
(slope = 0.5 > 0.253; slope = 0.595 > 0.392), whereas VPD had a stronger negative effect on
GPP than on ER (slope = —0.658 < —0.499), yet explained more variance in ER than in GPP
(R?=0.14 > 0.07). The marginal R? of the GPP and ER models were similar (0.43 and 0.44),
but the conditional R? of GPP was substantially higher (0.82 and 0.63), indicating that MAT
has a stronger effect on GPP than on ER across different ecosystem types. By examining the
combined effects of MAT on GPP and ER, we found that the influence of temperature on
GPP varied more across different ecosystem types than on ER, with the strongest effects in
MEF and SAV, moderate effects in ENF, and the weakest effects in EBE. Overall, this study
provides deeper insight into the differences and underlying mechanisms of environmental
drivers on GPP and ER, offering critical implications for predicting the carbon balance of
forest ecosystems under changing hydrothermal regimes.
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Appendix A

Table Al. Environmental variables and carbon flux indicators used in this study.

Abbreviation Full Name Unit Description
MAT Mean annual °oC Annual mean near-surface air
temperature temperature
Surface latent heat exchange,
LH Latent heat flux Wm—2 reflecting evapotranspiration
intensity
VPD Vapor pressure deficit kPa Atmospheric moisture demand
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Table Al. Cont.

Abbreviation Full Name Unit Description
. Volumetric soil moisture in the root
SWC Soil water content m3m—3
zone
AP Annual precipitation mm yr~! Total annual precipitation
Gross primar . .
GPP primaty gCm2yr! Total carbon fixed by photosynthesis
productivity
Total ecosystem carbon loss via
ER Ecosystem respiration gCm2yr! autotrophic and heterotrophic
respiration
. Respiration produced by soil
Heterotrophic P P Y
Rh o / microorganisms during the
respiration o .
decomposition of organic matter
. . Respiration generated by plants
Ra Autotrophic respiration . . L
p p / through their metabolic activities
- Total respiration of plants, generall
Rp Plant respiration / : P prants, geneta’lly
equivalent to autotrophic respiration
Total respiration from the soil,
Rs Soil respiration / typically including heterotrophic
respiration and root respiration
Table A2. Ecosystem types of study sites based on the IGBP classification.
Abbreviation Ecosystem Type IGBP-Based Definition
Lands covered with temporary crops followed by harvest
CRO Croplands and a bare soil p?rlod (e.g., single and mu'lgple cropping
systems). Perennial woody crops are classified as forest or
shrubland types.
Lands with woody vegetation less than 2 m tall and shrub
CSH Closed shrublands canopy cover >60%; shrub foliage may be evergreen or
deciduous.
Lands dominated by woody vegetation (>60% cover, height
DBF Deciduous broadleaf forests >2 m), consisting of broadleaf tree communities with
distinct leaf-on and leaf-off periods.
Lands dominated by woody vegetation (>60% cover, height
EBF Evergreen broadleaf forests >2 m), where trees and shrubs remain green year-round
and the canopy is never without foliage.
Lands dominated by woody vegetation (>60% cover, height
ENF Evergreen needleleaf forests >2 m), consisting of needleleaf tree communities that
remain green year-round.
GRA Grasslands Lands dominated by herbaceous Ve%etatlon, with tree and
shrub cover <10%.
Lands dominated by trees (>60% cover, height >2 m),
MF Mixed forests consisting of mosaics of different forest types, with no
single type exceeding 60% of the landscape.
Lands with woody vegetation less than 2 m tall and shrub
OSH Open shrublands canopy cover between 10-60%; shrub foliage may be
evergreen or deciduous.
Lands with herbaceous understory systems and forest
SAV Savannas canopy cover between 10-30%, with woody vegetation
exceeding 2 m in height.
Lands with herbaceous understory systems and forest
WSA Woody savannas canopy cover between 30-60%, with woody vegetation

exceeding 2 m in height.
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Table A3. Model comparison for random effects structure in the GPP mixed-effects models.
Model Random-Effect Npar AIC BIC Log-Likelihood Status
Structure
GPPmod1 (mod.temp | IGBP) 5 —1055.98 —1032.05 532.99 Va;:g d(fl‘f“
GPPmod?2 (mod.vpd | IGBP) 5 —961.34 —937.41 485.67 Valid
GPPmod3 (mod.swc | IGBP) 5 —955.12 —931.19 482.56 Valid
(mod.temp + _ B Singular fit
GPPmod4 mod.vpd [ IGBP) 8 1481.14 1442.86 748.57 (unreliable)
(mod.swc + _ B Singular fit
GPPmod5 modvpd | IGBP) 8 968.50 930.21 49225 (anesliable)
(mod.swc + _ _ Singular fit
GPPmodé6 mod.temp | IGBP) 8 1191.29 1153.01 603.65 (unreliable)
(mod.vpd + Singular fit
GPPmod7 mod.temp + 12 —1486.21 —1428.78 755.11 (um‘? liable)
mod.swc | IGBP) elable
Table A4. Model comparison for random effects structure in the ER mixed-effects models.
Model Random-Effect Npar AIC BIC Log-Likelihood Status
Structure
ERmod1 (mod.temp | IGBP) 5 —1581.89 —1558.0 795.94 V‘i‘: d(z;’“
ERmod2 (mod.vpd | IGBP) 5 —1563.96 —1540.0 786.98 Valid
ERmod3 (mod.swc | IGBP) 5 —1522.54 —1498.6 766.27 Valid
(mod.temp + _ B Singular fit
ERmod4 mod.vpd | IGBP) 8 1900.28 1862.0 958.14 (unreliable)
(mod.swc + _ _ Singular fit
ERmod5 mod.vpd | IGBP) 8 1568.29 1530.0 792.15 (unreliable)
(mod.swc + _ B Singular fit
ERmod6 mod temp | IGBP) 8 1653.61 1615.3 834.81 (unecliable)
(mod.vpd + Sineular fit
ERmod7 mod.temp + 12 —1912.24 —1854.8 968.12 (éﬁfe‘iizl‘;lé)
mod.swc | IGBP)
Table A5. Qualitative summary of hydrothermal effects on GPP and ER.
Hydrothermal Factor Effect on GPP Effect on ER Overall Interpretation
Warming enhances both, but
MAT T ** T respiration responds more
strongly
Increased atmospheric dryness
VPD R Rt P suppresses photosynthesis but
stimulates respiration
Higher evapotranspiration
LH ™ e associated with enhanced
ecosystem activity
Improved soil moisture promotes
3% ns
Swe T i both carbon uptake and release
Note: Hydrothermal influences on GPP and ER were summarized based on the regression slopes between each
hydrothermal variable and GPP or ER (Figure 4). Arrows indicate the direction of the association, with “1”
representing a positive slope and “|” representing a negative slope. The magnitude of the slopes is categorized for
visualization purposes as follows: absolute slope values less than or equal to 0.3 are denoted by a single arrow (1
or |), absolute slope values greater than 0.3 and less than or equal to 0.5 by double arrows (171 or 1), and absolute
slope values greater than 0.5 by triple arrows (111 or JJ.l). Asterisks indicate statistical significance levels: ***
extremely significant (p < 0.001), ** very significant (p < 0.01), and ™ non-significant (p > 0.05).
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