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Abstract. Terrestrial ecosystems play a central role in regulating the global carbon cycle through exchanges of carbon between

land and atmosphere. While ecosystem carbon exchange magnitude has been widely studied, no systematic comparison has ex-

amined whether the temporal asymmetry of typical and statistically extreme fluctuations in Net Ecosystem Productivity (NEP)

differs across biomes. Here, we quantify the temporal asymmetry of daily NEP trajectories using eddy-covariance observa-

tions from 13 FLUXNET sites spanning seven biomes. Specifically, we compare the temporal asymmetry of the top 1 % most5

extreme NEP fluctuations with that of the full fluctuation distribution to investigate regime-dependent behavior in ecosystem

carbon exchange. We find a consistent regime-dependent reversal in temporal asymmetry across all sites and biomes. Extreme

NEP fluctuations exhibit positive asymmetry, characterized by a more gradual afternoon decline than morning rise, whereas the

full distribution of fluctuations exhibits negative asymmetry, characterized by a steeper afternoon decline than morning rise.

Positive asymmetry associated with extreme fluctuations increases with mean air temperature, while negative asymmetry as-10

sociated with the full fluctuation distribution is most strongly related to vapor pressure deficit. These contrasting relationships

indicate a shift in dominant physiological controls, from temperature-regulated photosynthetic capacity during extreme car-

bon uptake events to VPD-driven stomatal limitation under typical conditions. The consistent reversal in asymmetry observed

across diverse ecosystems suggests that diurnal NEP asymmetry is a robust emergent property of ecosystem carbon exchange.

Our findings reveal distinct regimes associated with typical and extreme NEP fluctuations and highlight the importance of15

accounting for regime-dependent ecosystem responses when interpreting and modeling terrestrial carbon dynamics.

1 Introduction

Every year about 14 % of the carbon (C) in the atmosphere is exchanged with the terrestrial biosphere (Lian et al., 2023).

This exchange, referred to as Net Ecosystem Productivity (NEP), represents the difference between the C absorbed through

photosynthesis (GPP) and the C released through ecosystem (plant and soil) respiration (RECO) and disturbances (DIS) such20

as fires (Fig. 1a), and is a key indicator of the strength of the ecosystem to act as a C sink, hence to stabilize the Earth’s climate

(Reichstein et al., 2005; Keenan and Williams, 2018). A fundamental mode of NEP variability is the diurnal cycle (Teng
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et al., 2024), generally characterized by a switching from respiration driven fluxes at night (negative NEP) to photosynthesis

driven fluxes during the day (positive NEP), with a midday NEP peak whose amplitude varies across ecosystems, climates, and

hydrometeorological conditions (Baldocchi, 2008). Critically, the shape of the daily NEP trajectory—how rapidly NEP rises25

towards its peak and how rapidly it declines afterward—reflects ecosystem functioning, ecosystem carbon exchange dynamics,

and underlying ecophysiological controls that cannot be captured by aggregated totals alone (Dietze et al., 2011; Braswell

et al., 2005; Wehr et al., 2016). NEP integrates the spatio-temporal dynamics of a myriad of plant and soil microbial species

that nonlinearly interact with each other and with multiple abiotic environmental drivers (rainfall, wind, solar radiation, etc.)

(Lasslop et al., 2010; Huang et al., 2021; Reitz et al., 2021). This complexity enriches the temporal dynamics of NEP with30

information about ecosystem functioning, yet it makes it particularly difficult to interpret and predict (Schimel et al., 2019).

Interestingly, the NEP trajectories around the daily peaks are often temporally asymmetric (Li et al., 2005; Xiao et al., 2021;

Räsänen et al., 2017), where the asymmetry has been related to the variability of GPP and RECO and the environmental drivers

controlling them (Iio et al., 2004; Koyama and Takemoto, 2014; Räsänen et al., 2017). GPP and RECO respond differently to

environmental drivers with different sensitivities and on different timescales throughout the day (Lasslop et al., 2010; Braswell35

et al., 2005; Wehr et al., 2016). Their temporal asymmetry of NEP thus provides an integrated measure that combines the

effects of multiple co-varying environmental drivers (radiation, temperature, vapor pressure deficit etc.) on GPP and RECO,

capturing how an ecosystem responds to these drivers and relaxes after peak forcing. The extent and direction of asymmetry

is thus informative of what dominates the NEP cycle at different times of the day, under different environmental conditions,

as well as during typical days vs. days of extremely high carbon uptake, providing insights into possible regime-dependent40

shifts in ecosystem functioning. For example, shifts between GPP- or RECO-controlled NEP have been observed in diurnal

cycles across seasons (Räsänen et al., 2017) or in inter-annual variability across vegetation types (Yuan et al., 2009), with

evidence that the coupling between photosynthesis and respiration itself can shift during extreme events (Ping et al., 2023).

Yet, to our knowledge no systematic cross-ecosystem analysis has formally quantified how ecosystem function expresses itself

in the temporal structure of daily NEP trajectories across biomes across different climates, ecological conditions, and regimes45

(typical vs. extreme NEP values), and why different asymmetries are observed (e.g., trajectory leading to the peak is steeper

than the trajectory leading away from the peak, or viceversa).

Fundamentally, this temporal asymmetry of NEP represents an important emergent property of ecosystem carbon exchange.

It reflects the coupled energy, water, and carbon exchanges that underlie land-atmosphere interactions under non-equilibrium

conditions that are ultimately driven by solar radiation (i.e., the primary driver of photosynthesis) (Kleidon, 2010, 2016).50

Capturing this emergent property, especially if there is a shift between typical and extreme conditions, remains a significant

challenge because terrestrial biosphere models and machine learning approaches are biased towards typical conditions and

mean seasonal cycles, often struggling to accurately estimate short-term temporal anomalies and extreme values (Keenan

et al., 2012; Jung et al., 2020). If asymmetry systematically differs during large fluctuations, models developed using typical

conditions may not appropriately capture the non-linear interactions that govern extreme carbon exchange (Lemoine, 2021).55

This further motivates us to investigate temporal NEP asymmetry as an emergent ecosystem property that could shed light on

regime-shifts between typical and extreme NEP values.
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Analyses of ecosystem carbon exchanges with the atmosphere are complicated by the fact that NEP varies across a range of

timescales (Stoy et al., 2005; Baldocchi, 2008). Here we focus on the diurnal scale, where subdaily asymmetry can plausibly

arise from the interaction between fast-changing environmental drivers and ecosystem physiological responses. These fluctua-60

tions may originate not only from the variability in hydrometeorological drivers (radiation, temperature, wind speed) but also

from the response of the ecosystem to these drivers (Stoy et al., 2005; Baldocchi, 2008; Stoy et al., 2009; Vargas et al., 2010).

Traditional ecological approaches have advanced our understanding of land–atmosphere carbon dynamics, but they often over-

look the regime-dependent variability (Rastetter et al., 2023). In particular, statistical extremes in NEP trajectories, which may

carry disproportionate weight in determining ecosystem–climate feedbacks, remain underexplored. Recent work has in fact65

shown the importance of (low and high) GPP extremes in the C balance and its response to changes in environmental condi-

tions (e.g., warming) (Li et al., 2022). However, methods that can capture regime-dependent shifts in ecosystem functioning

are needed.

Quantifying temporal asymmetry requires approaches that explicitly characterize the directional evolution of fluctuations

rather than their magnitude alone. Statistical physics provides one such framework through novel statistical physics approaches70

developed within the context of small—often biological—thermodynamic systems, which have been proving useful for analyz-

ing environmental variability and its impact on system fluctuations (Toussaint and Schneider, 1998; Jørgensen and Svirezhev,

2004; Cochran et al., 2016; Fang et al., 2019; Yin et al., 2024). In particular, the theories for non-equilibrium fluctuations

(Evans and Searles, 2002; Evans et al., 2008; Andrieux et al., 2007), describe characteristic asymmetries related to the de-

gree of irreversibility or of entropy production, such as the fluctuation theorem (Evans and Searles, 2002), which quantifies75

the statistical asymmetry between forward and backward trajectories in non-equilibrium systems (Talkner and Hänggi, 2020;

Rondoni, 2021). Within the context of NEP variability these approaches provide effective measures, rooted in the concept of

non-equilibrium thermodynamics, to quantify the temporal asymmetry in NEP time-series and investigate how environmental

drivers shape these temporal patterns.

Here, we investigate whether diurnal NEP trajectories exhibit a systematic regime-dependent temporal asymmetry across80

global biomes, whether this asymmetry differs between typical and statistically extreme NEP fluctuations, and which en-

vironmental drivers dominate the observed asymmetry in each regime. Guided by the hypothesis that NEP asymmetry and

its environmental drivers are regime-dependent, we quantify the temporal asymmetry in NEP trajectories around their daily

peak using eddy-covariance time-series from 13 sites spanning seven biomes within the FLUXNET network. In analogy with

statistical physics, we refer to any deviation from the long-term mean NEP as a “fluctuation”, with no reference to either deter-85

ministic or stochastic components. Fluctuations thus include daily cycles and seasonality. Our analysis explicitly distinguishes

between the top 1 % statistical extremes (defined as values exceeding the 99th quantile of NEP, without reference to climatic

extremes) and full distribution of fluctuations. We then conclude by discussing the universality of the asymmetry across sites,

its regime-dependent drivers, and its implications for ecosystem carbon dynamics and modeling.
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Figure 1. Diagram illustrating the estimation of time-asymmetry in NEP time-series. (a) Schematic of an ecosystem showing the three components of NEP:

gross primary production (GPP, carbon uptake via photosynthesis), ecosystem respiration (RECO, carbon release by plants and soil microbes), and

disturbances (DIS, e.g., fires), measured by an eddy-covariance tower. (b) Sample half-hourly NEP time-series over one day, showing a large fluctuation (red)

that exceeds the NEP threshold and a smaller fluctuation (black) that does not. The dashed lines indicate the NEP threshold and long-term average NEP. The

window of width 2τ , centered on the peak timestamp tp, is indicated. (c) Fluctuation path extracted from the large fluctuation in (b), showing the rising limb

(blue, tp − τ to tp) and falling limb (orange, tp to tp + τ ), with time zero at the peak. (d) Folded fluctuation path showing the rising and falling limbs

overlaid about the peak, with the asymmetry coefficient At computed as the difference between the falling and rising limbs at each time step t. (e)

Asymmetry coefficient profile At over time, where positive values indicate a more gradual afternoon decline than morning rise and negative values indicate a

steeper afternoon decline than morning rise.

90

2 Data and methods

2.1 Data and site selection

We considered NEP time-series from 13 different sites, representing various biomes. The characteristics of each site are pro-

vided in Table S1 of the supplementary information. These sites are part of FLUXNET, a global network of eddy-covariance

sites adhering to the same data processing pipeline and data quality control protocols (Pastorello et al., 2020, 2021). Among95

the hundreds of sites that are part of FLUXNET2015, we selected sites that met a set of criteria as of June 6th, 2024. First, we

excluded wetlands, snow and ice covered sites, and water bodies due to intricate NEP dynamics controlled by water levels or
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ice, and cropland, urban and built-up lands due to human-induced disturbances. The remaining ecosystems include: shrubland,

grassland, savanna, and three forest types (deciduous broadleaf forest; evergreen broadleaf forest; evergreen needleleaf forest).

Second, we excluded sites that do not have at least 3 years of data of Net Ecosystem Exchange (NEE), Soil Water Content,100

Shortwave Radiation, Gross Primary Production, and Ecosystem Respiration. Third, we only considered sites with continuous

soil temperature and soil water content (at least at a depth of 10 cm) data that were gap-filled only with high confidence (MDS

quality flag ≤ 1). Fourth, we excluded sites with Mean Annual Temperature (MAT) below 5°C to avoid complications from

freeze-thaw events. Finally, for NEP, we used the NEE_VUT_REF product directly, which is the reference Net Ecosystem

Exchange estimate produced by the ONEFlux pipeline after friction velocity filtering, gap-filling, and model-efficiency-based105

selection (Pastorello et al., 2020). No additional quality-control filtering of NEE was applied in this study.

For each site, we extracted half-hourly Net Ecosystem Exchange (NEE), which was converted to NEP (NEP = -NEE), along

with meteorological variables including air temperature (T), incoming shortwave radiation (SW), vapor pressure deficit (VPD),

and precipitation (P) from FLUXNET gap-filled products (suffix _F). We also downloaded ecosystem respiration (RECO) and

gross primary production (GPP) from both daytime and nighttime partitioning methods, as well as soil water content (SWC),110

which was restricted to records with quality flag ≤ 1 (measured or high-quality gap-filled values), along with the ISO timestamp

marking the end of each averaging period. Table S2 of the Supplementary Information provides the corresponding FLUXNET

variable names and descriptions.

The half-hourly eddy covariance data used for our analysis are processed through a rigorous and standardized quality assur-

ance and quality control (QA/QC) pipeline across all FLUXNET sites (Pastorello et al., 2020). This processing includes spike115

detection, friction velocity (u∗) filtering to remove data from periods with low turbulence, Marginal Distribution Sampling

(MDS) gap-filling, and random uncertainty estimation following the approach of Hollinger and Richardson (2005).

For time-series expressing a net flux of a system property, here NEP, there are multiple possible measures of asymmetry. One

could compare the positive and negative tails of the NEP probability distribution to evaluate the skewness of the distribution

as a measure of asymmetry, reflecting the tendency of observing more NEP fluctuations in one specific direction (Talkner and120

Hänggi, 2020). However, this approach—related to the fluctuation theorem (Evans and Searles, 2002)—focuses on the tails

of the distribution, neglecting temporal information about the evolution and dynamics of NEP fluctuations, and is not readily

generalizable to the entire distribution. Here, we adopted a different approach—directly related to irreversibility in statistical

physics (Paneni et al., 2006, 2008; Porporato et al., 2011)—that is based on quantifying the asymmetry in each fluctuation

as the temporal asymmetry between its rising and falling limbs. When computed for multiple fluctuations, this asymmetry125

reflects both the effects of the external force driving the system away from equilibrium and its nonlinear response and tendency

to return to equilibrium—the core origin of irreversibility (Caruso et al., 2020; Marconi et al., 2008). This approach based

on asymmetry applies directly to net fluxes, i.e., NEP, rather than its partitioned components (GPP and RECO), which could

introduce biases based on the chosen partitioning method (Lasslop et al., 2010; Reichstein et al., 2005).

We began by identifying “large" fluctuations, defined as those fluctuations that exceed a threshold (Fig. 1(b)). The threshold130

was calculated based on a reference NEP value, such as its mean. In this case, the threshold is expressed as

NEPthreshold = µ+ cσ, (1)
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where µ is the mean of the values of NEP for a chosen time period, σ is the standard deviation of NEP, and c is a coefficient

that can be adjusted to move the threshold closer or farther from the mean. For each site, the coefficient ‘c’ was chosen so that

the same percentage of fluctuations crosses the threshold. For each of the fluctuations crossing the threshold, we first identified135

their peak, NEPmax, and their respective peak time, tp (Fig. 1). After identifying the peak values, we identified the fluctuation

paths, namely the path represented by the rising and falling limbs of the fluctuations (Paneni et al., 2008). These can be found

based on a meaningfully chosen time window of width 2τ about the peak, [tp − τ ; tp + τ ]. Considering the daily dynamics of

NEP, largely influenced by photosynthetic activity, we selected τ = 6 hours. Thus, for each peak whose absolute value exceeds

the chosen threshold, the fluctuation path is the set of values that NEP takes on within a time interval of width 2τ (12 hrs)140

centered around the peak (Fig. 1). For comparison between sites, we then normalized each fluctuation path by their peak NEP

value,

NEPFP
t =NEPt/NEPmax, (2)

where t is a time variable within the fluctuation path with origin at the time of peak tp (−τ ≤ t≤ τ ).

Figure 2. Sample time-series of NEP for four selected sites, presented with half-hourly data frequency and their corresponding probability density functions

(PDFs).

145

Nevertheless, because eddy covariance measurements can be noisy, a potential concern while identifying fluctuation paths is

that the timestamp of a peak of an individual fluctuation may be due to random measurement error, instead of a true maximum.

The asymmetric metric used here is calculated by averaging all fluctuation paths at each site (Eq. (3)). Therefore, the random

errors in individual peak timestamps would be distributed around both positive and negative deviations and tend to cancel out

when averaged, thus producing a reliable estimate of the mean asymmetry. This approach of taking the average is consistent150

with how the same metric was originally applied in statistical physics (Paneni et al., 2006, 2008) as well, where ensemble

averaging is the standard means of extracting meaningful asymmetry signals from noisy trajectories.

After having identified and juxtaposed all fluctuations paths, one can observe, statistically, the temporal symmetry/asym-

metry (Fig. 1(c)). To quantify the latter, we used an asymmetry coefficient computed from the difference between falling and

rising limbs of the fluctuations. Specifically, for each fluctuation path (or directly for the average fluctuation path) we folded the155
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fluctuation path about its peak and computed for each t between 0 and τ the difference between the two limbs of the fluctuation

(Fig. 1(d)),

At =NEPFP
t −NEPFP

−t (3)

where NEPFP
t is the falling limb after the peak and NEPFP

−t is the rising limb before the peak. Mainly, we focused on the

average of At, At, over all fluctuation paths (Paneni et al., 2008),160

At =
1

N

N∑

i=1

Ai
t, (4)

where we added a superscript i to indicate that it is a sum over all fluctuation paths. This measure of time asymmetry in fluctu-

ations is a direct estimation of thermodynamic irreversibility (Paneni et al., 2008; Porporato et al., 2011), which originates as

a statistical difference between forward and backward trajectories. For each fluctuation path, we also analyzed the peak asym-

metry value, Amax (i.e., max(At)), which can be positive or negative, depending on the sign of asymmetry. The distribution of165

peak asymmetry values Amax over all fluctuation paths at each site is also explored to investigate the contribution of individual

fluctuation paths to the average asymmetry (e.g., a near zero asymmetry can be obtained by nearly symmetric paths or by paths

with contrasting asymmetries that average out).

To investigate how the asymmetry varies between large fluctuations and typical daily fluctuations, we first quantified the

asymmetry of large fluctuations, defined as the top 1 % fluctuations, namely the coefficient c was selected such that only 1 %170

of the fluctuations cross it. Because extreme events are identified based on this statistical threshold, we assessed whether gap-

filled values influence their detection by evaluating the NEE_VUT_REF quality control flag for all identified peak timestamps.

Across all sites, 87.6 % (2,252 of 2,571) of extreme event peaks correspond to directly measured half-hourly periods (QC

= 0), while 12.4 % (319 events) are gap-filled (QC > 0). These gap-filled extremes are distributed across all 13 sites, with

no individual site contributing more than 16 % of the total (Table S5). Because the MDS gap-filling algorithm reconstructs175

missing values from meteorologically similar periods with moderate flux magnitudes (Pastorello et al., 2020), gap-filled values

that happen to exceed the extreme threshold represent conservative estimates rather than artifacts, and would therefore attenuate

rather than amplify the patterns reported here.

We then compared the asymmetry of the top 1 % fluctuations (extremes) with the one of all daily fluctuations, selected by

setting c= 0 (threshold becomes equal to the long-term average NEP). To assess the impact of the choice of threshold, we180

repeated the analysis using the top 2% (98th quantile) and top 5% (95th quantile) of NEP fluctuations. The results are shown

in Figure S6 of the Supplementary Information. A comprehensive overview of the notation used here and of the steps for

calculating the asymmetry are provided in Table S3 and Table S4 in the Supplementary Information.

2.2 Relationship between asymmetry and environmental drivers

To investigate the drivers of temporal asymmetry of NEP, we examined the relationship between the maximum asymme-185

try (Amax) and site-averaged environmental conditions including three year and matching averages of Air Temperature (T),
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Shortwave Radiation (SW), Soil Moisture (SM), Precipitation (P), Vapor Pressure Deficit (VPD), and the ratio of Mean Annual

Temperature to Mean Annual Precipitation (MAT: MAP) for 13 sites spanning 7 biomes (Table S1).

We use the full-record averages (i.e., averaged over the 3 year study period at each site) of environmental drivers as proxies

for the potential long-term climatological baselines that shape an ecosystem’s structure and physiological capacity over time.190

Long-term climate regimes influence an ecosystem’s maximum photosynthetic thresholds (Duffy et al., 2021; Chaves et al.,

2016), canopy architecture (e.g., maximum LAI) (Migliavacca et al., 2021), and physiological strategies (Chaves et al., 2016;

Migliavacca et al., 2021). To consider event-level environmental conditions (i.e., environmental variables averaged only over

the periods when the selected fluctuations occur), we also use matching averages of all drivers (e.g., average of temperature

during selected fluctuations). Matching averages were comparable to the full-record averages in terms of the dominant drivers195

and correlation strengths (Tables S6 and S7).

For each driver, we considered seven candidate functions widely used in environmental sciences including linear, quadratic,

power, exponential, logarithmic, sigmoid, and Hill equations, and selected the best fitting model using multiple objective

criteria. Model performance was assessed using the coefficient of determination (R2), R2 adjusted, root mean square error

(RMSE), Pearson correlation, p-value and information criteria including Akaike Information Criterion (AIC), Corrected Akaike200

Information Criteria (AICc), and Bayesian Information Criteria (BIC). BIC was used as the primary selection metric because it

poses the strongest penalty for additional parameters, while AIC, adjusted R2, and RMSE served as secondary criteria. Tables

S6 and S7 in the Supplementary Information summarize the best fit relationships and the values of all the statistical metrics for

all variables for large top 1 % fluctuations and all fluctuations respectively.

3 Results and discussion205

Figure 2 illustrates an example of NEP time-series for four selected sites, each with three years of continuous data, along with

their corresponding probability density functions (PDFs). The NEP values exhibit continuous variability, typically around ≈ 0,

representing the net absorption (NEP> 0) and release (NEP< 0) of CO2 by ecosystems, driven by photosynthesis and respi-

ration, respectively. The magnitude of NEP peaks varies depending on the biome, with deciduous broadleaf forests showing

higher positive and negative peaks driven by higher photosynthetic and respiration rates (i.e., due to their larger canopy and210

biomass). Additionally, across all the sites analyzed, the positive tails of the PDFs tend to decay more slowly than do the neg-

ative tails, suggesting a common trend of more positive than negative fluctuations consistent with net carbon sink behavior (Li

et al., 2022). Although the PDFs describe the distributions of the NEP values, they contain no information about the temporal

ordering of values within a fluctuation—two ecosystems with PDFs that are identical may demonstrate opposite asymmetries

of how NEP increases toward and decreases from its peak. Therefore, the analyses here focuses on the temporal asymmetry215

of the NEP values, which captures directional information about ecosystem carbon dynamics that cannot be revealed by the

distributional characteristics of the NEP values.
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3.1 NEP variability and asymmetry across statistically extreme top 1 % fluctuations

When the top 1 % of NEP fluctuations (extremes) are considered (c = 99 % quantile), the daily average fluctuations exhibit

positive asymmetry, with the falling limb of the fluctuations decaying more slowly than the rising limb, indicating that af-220

ternoons remain more productive—or at least equally productive—as mornings, resulting in positive asymmetry of NEP. As

shown in Figure 3(a), fluctuations asymmetry in the top 1 % fluctuations is evident across all sites, irrespective of their spe-

cific biomes, The same analysis shown separately for all 13 sites is presented as Figure S2 in the Supplementary Information.

Compared to Figure 3(c), the patterns in Figure 3(a) show greater similarity across various biomes, indicating a potential con-

vergent response of ecosystem carbon dynamics under extreme flux conditions. This convergence of NEP trajectories implies225

that despite biome-specific differences under average conditions, large deviations in NEP tend to follow a common post-peak

behavior, potentially reflecting shared physiological constraints.

Figure 3. Mean fluctuation paths and asymmetry coefficients for the top 1 % extreme fluctuations and all fluctuations across the 13 study sites. Panels (a) and

(b) show top 1 %; panels (c) and (d) show all fluctuations.
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A pattern of positive asymmetry is observed for extremes at all sites. As shown in Figure 3(b), the statistical difference

between the falling limb and rising limb is captured in the asymmetry coefficient. Initially, at t= 0, the asymmetry is zero.230

However, with increasing t, the asymmetry coefficient gradually increases, ultimately reaches a final plateau (up to At ≈ 0.5).

The analysis carried out on all 13 sites separately, see Figure S4 of the Supplementary Information, confirms this overall trend.

The trend results from NEP decaying very quickly after reaching its peak (approximately as fast as it reached the peak, hence

low asymmetry), and then decaying slowly (slower than the rising limb) far from the peak. This slower relaxation results in

higher asymmetries at longer times, as curiously—but hardly accidentally—observed also in purely physical systems (Giberti235

et al., 2007; Iacobello et al., 2023). The highest asymmetry coefficient value is observed for the open shrubland (US-SRC)

site (Figure 3). This elevated asymmetry may arise from enhanced afternoon respiration during warm winter days when soil

temperatures increase sufficiently, particularly in sites with exposed soils. Similar asymmetry is observed when analyzing the

top 2 % and 5 %, although with a lower magnitude (Figure S6 in Supplementary Information), suggesting a potential change

in asymmetry as more typical fluctuations are included.240

This ubiquitous behavior in large fluctuations that results in positive asymmetry reflects the interaction between the envi-

ronmental drivers that promote high photosynthetic uptake (i.e., primarily solar radiation) and the respiratory and regulatory

processes (e.g., plant and microbial respiration, declining radiation, and incipient stomatal limitation) that gradually reduce

NEP after the peak. For these top 1 % fluctuations, whereby high NEP values are driven by high GPP values, we expect the

strength of positive asymmetry to be closely linked to main drivers of the rate of photosynthesis (e.g., air temperature) and how245

they influence photosynthesis throughout the day, leading to faster morning rise and a slower, more gradual post-peak decline

in the afternoon, increasing asymmetry (Iio et al., 2004; Koyama and Takemoto, 2014). For example, lower temperatures limit

both photosynthesis and respiration, resulting in relatively balanced rise and fall patterns and lower positive asymmetry, as

observed in sites NL-Loo, US-Oho, and ES-Lju. As air temperature increases across sites, GPP increases and dominates over

RECO, leading to high NEP peaks associated with larger positive asymmetry (see sites AU-Gin, US-SRC, and CN-Din).250

3.2 NEP variability and asymmetry across all fluctuations

When all fluctuations are considered (c = 0), asymmetry shifts markedly to negative values across all sites (Figure3(c,d)), with

the falling limb being steeper than the rising limb, indicating that NEP is skewed toward the morning, when photosynthetic

uptake dominates. While the interaction between environmental drivers and ecosystem response can be unique to each site due

to factors such as climate, vegetation type, location, and topography, interestingly a similar pattern of negative asymmetry is255

observed across sites with values as low as -0.7 (Figure3(d)). This analysis is repeated for each site separately, see Figure S3 and

Figure S5 in Supplementary Information. NEP increases gradually in the morning, driven by photosynthesis. Towards midday,

GPP decreases rapidly, while respiration remains more steady, causing steep afternoon NEP declines and negative asymmetry

(Novick et al., 2016; Grossiord et al., 2020). This pattern is suggestive of a photosynthesis-driven decline combined with

continued respiration.260

While asymmetry is negative across sites, the level of asymmetry varies by biome and site-specific aspects of the biomes,

with the asymmetry coefficients generally found between –0.10 and –0.70. The Savanna ecosystem (AU-DaS) has the highest
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negative asymmetry coefficient, while the evergreen forest ecosystems (MY-PSO, CN-Qia) and the grassland site (AU-Rig)

have moderate to smaller negative asymmetry coefficients. These spatial differences observed in asymmetry further suggest

a possible relation to site-level variation in evaporative demand. Ecosystems such as savannas with low soil moisture which265

experience higher afternoon VPD and stronger stomatal limitation, exhibit more negative asymmetry, whereas ecosystems

with lower VPD exposure such as evergreen forests and grasslands show weaker asymmetry (Zhang et al., 2023; Chaves et al.,

2016).

3.3 Linking asymmetry to environmental drivers and physiological mechanisms

To help interpret these patterns in asymmetry, it is useful to analyze the correlation of the maximum in asymmetry coefficients270

to environmental drivers (see Figures S7 to S17 in the Supplementary Information), an analysis that can further support the

regime-dependent nature of asymmetry across sites.

For the top 1 % fluctuations, Amax shows a strong relationship with mean air temperature, best described by a Hill function.

The Hill’s equation yielded the lowest BIC value of –61.79, the highest adjusted R2 of 0.5089, and RMSE = 0.0762. We

find that the peak in asymmetry, Amax, follows an increasing trend with the average air temperature of the sites during the275

studied period (Figure 4(a)). The curve rises sharply to a maximum of ≈ 0.45 between 10◦C–22◦C, before plateauing at the

sites with higher temperatures. This pattern reflects the physiological basis of statistical extremes, where higher temperatures

amplify photosynthesis (GPP), resulting in increased asymmetry produced from larger differences between the rising and

falling limbs. As sites continue to experience increases in mean temperature and it becomes high enough for GPP to approach

its physiological limit, the differential response between GPP and RECO saturates, causing asymmetry to plateau around280

0.45 (Duffy et al., 2021; Yang et al., 2021). In contrast, sites with lower temperatures display lower Amax, where the rising

and falling limbs show lower positive asymmetry. Compared to mean air temperature, other environmental variables showed

only secondary associations with asymmetry. Shortwave radiation has a positive correlation with asymmetry (r = 0.53 for

3-year average and r = 0.41 for daily average, Table S6 and Fig. S7 in SI), reflecting its role in steep morning NEP rises.

VPD also exerts a modest positive correlation in this regime (r ≈ 0.44–0.49, p=0.09–0.13, Table S6 and Fig. S10 in SI),285

reinforcing positive asymmetry when coupled with high radiation, while soil moisture and precipitation show weak to very

weak correlations (Figs. S8–S9 in SI). The 3-year T:P ratio exhibits a weak positive correlation (r ≈ 0.30, p=0.31, Table S6

and Fig. S11 in SI), suggesting that ecosystems with stronger forcing relative to precipitation tend to sustain higher positive

asymmetry in extreme fluctuations.
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Figure 4. Relationship between Amax and (a) 3-year average temperature for the top 1 % fluctuations (c= 99% quantile) and (b) matching average VPD for

all fluctuations. The red curves represent the best-fit model for each scenario: a hill function for temperature (panel a) and a quadratic function for VPD (panel

b). Statistical metrics for each fit are reported in the legend boxes, including R2, adjusted R2, RMSE, AIC, AICc, BIC, Pearson correlation, and p-value.

290

For all fluctuations, asymmetry shows the strongest negative correlation with mean VPD (r =−0.59 across scales; Figure

4(b) and Figure S17). A quadratic fit best captures this relationship (with the lowest BIC of −50.98, the highest adjusted R2

of 0.5136, and RMSE = 0.1047), demonstrating the non-linear variation in asymmetry with increasing evaporative demand.

At low to intermediate VPD (4–12 hPa), asymmetry is moderately negative (Amax ≈−0.2 to −0.4), implying that the morning

rise and afternoon decline are comparatively well balanced. As mean VPD increases across sites (generally driven by high295

values in the afternoon), stomata close in order to conserve water, causing a rapid drop in photosynthesis while respiration

continues, resulting in a steep NEP decline (Novick et al., 2016). This leads to a strong negative asymmetry at high VPD

(e.g., Amax <−0.6 for VPD > 18 hPa). In addition to VPD, temperature also shows a negative correlation (r =−0.34 for

daily average and r =−0.38 for 3-year average, p=0.20-0.25, Table S7 and Fig. S12 in SI). Soil moisture shows a positive

correlation across sites (r ≈ 0.32 across both daily and 3-year scales, p=0.28–0.29, Table S7 and Fig. S14 in SI), reflecting300

differences in the levels of water availability that influence stomatal opening, while shortwave radiation correlates negatively

with asymmetry (Fig. S13 in SI) and precipitation exhibits weak or negligible effects (Table S7 in SI). The T:P ratio also shows

a weak negative correlation in this regime (r =−0.2, Table S7 and Fig. S16 in SI).

3.4 Regime-dependent asymmetry

A central finding of this study is the regime-dependent flip in the sign of asymmetry, contrasting typical daily fluctuations with305

statistically extreme events (see Figures 3a-3d), and marking a shift in the dominant controls of ecosystem carbon dynamics. As

evident in Figure 5, for extremes (c = 99 % quantile), the peak asymmetry is positive, whereby NEP rises rapidly in the morning

as photosynthesis increases, reaching a midday peak, and then declines more gradually in the afternoon. For all fluctuations

(c=0), the peak asymmetry is negative, whereby NEP rises gradually in the morning and then declines rapidly in the afternoon,
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reflecting stronger attenuation of photosynthesis in the afternoon, producing a steeper falling limb. These differing responses310

between extremes and typical daily peaks are due to differences in the timing of how photosynthesis and respiration respond

to daily changes in the environmental drivers. This systematic flip across all 13 sites, regardless of biome type, can also be

observed from the behavior of the average asymmetry coefficient (not just the maximum) illustrated in Figure S6.

Figure 5. Comparison of peak values Amax for all fluctuations (left) and the top 1 % extremes fluctuations (right) across sites. Red lines indicate the mean

values. P-values from Welch’s t-test are reported beneath each panel.

From an ecosystem perspective, the findings show that during large NEP fluctuations, asymmetry is controlled by tempera-315

ture: higher temperatures enhance photosynthetic capacity, producing an accelerated morning GPP rise followed by a slower

afternoon decline, leading to positive asymmetry (Duffy et al., 2021; Yang et al., 2021) (Fig. 4(a)). By contrast, the asymmetry

of the average diurnal cycle (i.e., all fluctuations) is primarily controlled by VPD, as high evaporative demand triggers rapid

stomatal closure and a steep afternoon GPP decline while RECO remains more steady, contributing to negative asymmetry

(Chaves et al., 2016) (Fig. 4(b)).320

This universal flip highlights the fact that ecosystems can operate under two fundamentally different dynamical regimes

based on the amplitude of NEP fluctuations, one in which NEP is governed primarily by changes in GPP (linked to tempera-

ture) and another in which RECO plays a larger role, although GPP decline (dominated by VPD-driven stomatal closure) — still

modulates the NEP decline. Similar switching between GPP- or RECO-controlled NEP has also been observed in diurnal cy-

cles across seasons (Räsänen et al., 2017) or in inter-annual variability across vegetation types (Yuan et al., 2009). Although our325

analysis quantifies asymmetry for the integrated NEP flux rather than for GPP and RECO individually, the regime-dependent

patterns observed here are consistent with well-documented physiological mechanisms: VPD-driven afternoon stomatal closure

that reduces GPP under typical conditions (Novick et al., 2016; Grossiord et al., 2020), and temperature-regulated photosyn-

thetic capacity that sustains GPP under near-optimal conditions (Duffy et al., 2021; Yang et al., 2021).
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The positive asymmetry observed under extreme NEP fluctuations has a direct physiological basis rooted in the same envi-330

ronmental factors that produce these extremes. Reaching the top 1% of NEP values requires that GPP substantially exceeds

RECO throughout the day, which in turn simultaneously requires near optimal environmental conditions for carbon uptake

(Chaves et al., 2016; Li et al., 2022). Under such conditions, afternoon stomatal limitation is reduced because VPD is less

likely to reach levels that trigger strong stomatal closure (Grossiord et al., 2020), allowing GPP to remain elevated later into the

day and producing a more gradual decline after the daily peak. On typical days, by contrast, the full distribution of fluctuations335

includes many cases when afternoon evaporative demand is higher and photosynthesis is more strongly constrained, leading to

a steeper post-peak decline. Therefore, the top 1% of NEP values is not an arbitrary cut-off based solely on statistics; rather,

it represents conditions characterized by near-optimal carbon assimilation, in contrast to the broader range of conditions in

the full distribution, which include varying degrees of physiological limitation in the afternoon. Furthermore, the asymmetry

measure provides an objective quantification of both the magnitude and consistency of this regime across different biomes and340

is complementary to other site-based ecophysiological measures.

For top 1 % fluctuations, Amax distributions are predominantly positive across all sites, indicating that the observed positive

asymmetry reflects a consistent directional difference between the rising and falling limbs rather than arising from cancellation

artifacts (Fig. 5). For all fluctuations, Amax distributions are predominantly negative across most sites, although a small number

of sites exhibit broader distributions spanning both signs. This indicates site-level variability in the strength of afternoon NEP345

suppression, rather than systematic cancellation effects.

3.5 Outliers and biome-specific deviations

For the top 1 % fluctuations, the AU-DaS site (Savanna) emerges as an outlier, exhibiting lower asymmetry (Amax = 0.273)

despite having high mean air temperature (∼ 27◦C), and falling below the fitted curve (Fig. 4(a)). The combination of ex-

tremely high 3-year average shortwave radiation (∼ 235 Wm−2), high VPD (∼ 15 hPa), very low soil moisture (∼ 5 mm),350

and a low MAT:MAP ratio (∼ 300) likely contributes to strong water limitation, restricting stomatal activity and limiting large

GPP peaks. This results in a lower-than-expected Amax despite warm temperatures that would otherwise favor high afternoon

GPP (Wankmüller et al., 2024; Grossiord et al., 2020; Quan et al., 2013).

For all fluctuations, the US-SRC site (Open Shrubland) stands out as a high-VPD outlier. Despite higher VPD (∼ 18 hPa),

US-SRC shows weaker negative asymmetry (Amax ∼−0.35) (Fig. 4(b)), likely buffered by warm temperatures (∼ 20◦C),355

very high shortwave radiation, and moderate soil moisture, resulting in more sustained afternoon assimilation. In the T:P

ratio relationships (Fig. S16 in the SI), US-SRC again deviates from expectation, along with AU-DaS (Savanna). Specifically,

US-SRC shows weaker asymmetry (∼−0.35) despite a relatively high T:P ratio (∼ 600), while AU-DaS displays very strong

negative asymmetry (∼−0.71) despite a lower T:P ratio (∼ 300), reflecting the overriding influence of extremely high radiation

at this site.360

While our analysis provides new insights into ecosystem carbon exchange, it has some inherent limitations related to the

FLUXNET2015 dataset. The NEE_VUT_REF product used in our study is a continuous time series, generated through combin-

ing and standardizing measured and gap filled hourly values of NEE using the ONEFlux pipeline (Pastorello et al., 2020, 2021).
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The MDS gap-filling method generates values for missing data based on meteorologically similar periods that are similar to

when the measurement was taken. Therefore, values for missing data will generally reflect “typical” or “average” magnitude365

of fluxes over a few extreme fluxes. If any of these values exceed the top 1 % threshold, they would most likely reduce instead

of increase what may appear to be a positive bias due to net uptake. As shown in section 2.1, only 12.4 % of our identified

extreme peaks use data that is replaced by gap-filling. This confirms that the positive asymmetry that we observe during top

1 % extreme conditions is fundamentally caused by measured physical responses and not by artifact associated with gap-filling.

Although FLUXNET applies consistent quality control across all sites (Pastorello et al., 2020), the modeled estimates of NEE,370

GPP, and RECO rely on assumptions that may introduce uncertainty, particularly during rare extreme events (Pastorello et al.,

2021; Vekuri et al., 2023; Jung et al., 2024).

4 Implications

Our findings of the regime-dependent asymmetry—positive temporal asymmetry under top 1 % extremes (linked to temper-

ature) and negative asymmetry for typical fluctuations (linked to VPD)—suggest that temporal asymmetry is an emergent375

property resulting from the nonlinear interactions between ecosystem processes (e.g., processes involving plants, soil microor-

ganisms, abiotic drivers, etc.) under non-equilibrium conditions (Marconi et al., 2008; Evans et al., 2008; Caruso et al., 2020;

Amadori et al., 2022; Iannella and Rondoni, 2023) (see Figure 6). Application of a statistical physics measure of asymmetry

to NEP time-series provided a first systematic quantification of time-asymmetry, with important insights into the dynamics of

land-atmosphere C exchanges. This finding has implications for both fundamental understanding and practical modeling of380

land-atmosphere carbon exchanges.

Figure 6. Conceptual schematic of the regime-dependent transition in diurnal NEP temporal asymmetry as a function of the NEP quantile threshold

(QNEP ). Negative asymmetry under typical conditions (c= 0) is associated with VPD-driven afternoon GPP suppression, while positive asymmetry under

extreme fluctuations (top 1 %; c= 99th quantile) occurs when near-optimal afternoon conditions sustain GPP. The dominant control shifts from VPD under

typical conditions to temperature under extremes. The black curve represents a conceptual transition between asymmetry regimes.
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While a complete characterization of ecosystem non-equilibrium dynamics, à la De Groot and Mazur (De Groot and Mazur,

2013), remains beyond reach, the use of a statistical physics measure allowed an investigation of emergent asymmetric behav-

iors. In fact, nonequilibrium systems often display convergent behaviors, at least statistically, despite significant spatiotemporal385

variability (i.e., in NEP). Furthermore, the time-asymmetry quantified here could also be interpreted as a quantification of the

average daily hysteresis in the NEP-time space Niu et al. (2011). In particular, the integral of the asymmetry coefficient with

respect to τ quantifies the inner area of the average hysteresis loop. The same approach, however, could be used to quantify

the hysteresis with respect to environmental drivers Gharari and Razavi (2018). In fact, our measure of time-asymmetry has

been more broadly related to system’s nonlinear response to external forcing (here environmental forcings driving the C cycle)390

(Paneni et al., 2008; Caruso et al., 2020) and, thus, could be connected to mathematical biosphere models (Fisher et al., 2014),

generally formulated as systems of ODEs, for which a nonlinear response function could be formulated explicitly. While for

the asymmetry computed here empirical NEP trajectories are sufficient, in future contributions we will explore this connection

between biosphere models and nonlinear response to better elucidate how the asymmetry (and hysteresis) originates from the

intrinsic ecosystem’s response to environmental drivers and/or the time variability of these same drivers.395

An important, practical implication of these findings relates to the development as well as evaluation of predictive models

for NEP. Terrestrial biosphere models and machine learning techniques are common approaches to predict NEP based on

environmental drivers. These models aim to capture multiple nonlinear interactions in an ecosystem, resulting in very detailed,

high dimensional models. These are typically calibrated using long-term time-series data dominated by typical conditions.

However, if nonlinear interactions during large fluctuations manifest into peculiar ecosystem behavior (positive asymmetry),400

suggesting further complexity, it would be informative to calibrate model parameters by appropriately considering these large

fluctuations. Incorporating asymmetry and explicitly accounting for regime-dependent dynamics can improve calibration and

prediction, particularly for the tails of the NEP distribution that matter most under disturbance or climate extremes. Hence,

while simpler models could be suitable for predicting NEP under regular conditions (in line with evidence that ecosystem

dynamics is often captured by few key dimensions (Migliavacca et al., 2021)), more complex nonlinear models able to capture405

extremes may be needed for a complete representation of ecosystem dynamics, including large fluctuations.

Importantly, positive asymmetry typically associated to stronger environmental forcings emerges only during large fluctua-

tions. This emphasizes the importance of studying large fluctuations to better capture nonlinear ecosystem dynamics, critical

for understanding ecosystem response to disturbances or extreme events (Lemoine, 2021). This stresses the importance of long-

term ecosystem monitoring to capture and harness the information contained in these fluctuations (Turner and Seidl, 2023).410

From a management perspective, recognizing the role of asymmetry and extremes can help develop strategies for sustaining

ecosystem stability and carbon balance under intensifying variability (Weiskopf et al., 2020).

Finally, while here we focused on ecosystems in their stationary state, in future work we will investigate the effects of

human and climate disturbances. These include land-use changes, such as deforestation and urbanization, as well as heat waves,

fires, and droughts, all of which can profoundly alter soil and vegetation status and their interactions, resulting in significant415

changes in NEP dynamics. Thermodynamic quantities (e.g., entropy production) have recently been used to evaluate ecosystem

conditions, for example to quantify the sustainability of agroecosystems using the entropy production as a proxy (Artuzo et al.,
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2021). Similarly, the use of temporal asymmetry (in physical systems related to irreversibility and entropy production) in NEP

time-series as a measure of the impact of ecosystem disturbances on ecosystem C dynamics, resilience, and recovery, deserves

further investigation.420

5 Conclusions

Despite the large spatio-temporal variability observed in NEP time-series, complex systems often exhibit emergent behaviors

captured by simple statistical measures. Here, we demonstrated that temporal asymmetry is a key emergent property of ecosys-

tem carbon dynamics that is descriptive of NEP regimes (positive asymmetry for extreme NEP peaks and negative asymmetry

for all daily peaks) and their dominant drivers (temperature for positive asymmetry and VPD for negative asymmetry). Consid-425

erations of these regimes and their NEP asymmetric behavior adds to our understanding of ecosystem dynamics and provides

important insights for advancing process-based and data-driven models.
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