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Abstract. The terrestrial water and carbon cycles are strongly coupled through both vegetation canopy extent (structural)

dynamics and canopy-intensive, physiological water-use dynamics. Although landscape vegetation productivity is directly

proportional to both canopy extent and water use efficiency by definition, they are negatively correlated with each other at

monthly scale, and their roles in connecting carbon uptake with water variables are in opposition. This study separates the roles

of structural and physiological dynamics in driving a functional biogeographical pattern. We show that the relationship between5

Gross Primary Production (GPP) and Evaporative Fraction (EF, the normalized ratio of evaporation to available energy) more

strongly links local temporal behavior with spatial biogeographical patterns than do rain-use efficiency relationships. This

GPP–EF relationship has opposite correlation at daily (n= 325,374) and monthly timescales (n= 11,776): daily dynamics

evolve toward a monthly “attractor” curve, while monthly correlations are positive and align with an across-site, across-biome,

biogeographical relationship. Similarly, vegetation canopy extent and EF show the same timescale-dependent pattern: canopy10

extent increases with daily drying (negative correlation), then co-evolves positively with EF at monthly scales. The relationship

between EF and physiological, canopy-averaged water-use efficiency is negatively-correlated at all scales. At monthly and

longer timescales, structural canopy dynamics dominate water–carbon coupling over physiological water-use responses.

These results imply that modeling water–carbon feedbacks at timescales beyond daily requires accurate representation of

both (a) dynamic canopy extent and (b) canopy-averaged water-use efficiency, or risk conflating opposite-sign correlations with15

changes in productivity. Specifically, vegetation growth, mortality, and responsive canopy phenology (structural processes)

dominate water–carbon coupling over physiological water-use efficiency at timescales beyond daily.

1 Introduction

Terrestrial carbon uptake by plants is the most variable component of interannual carbon cycle dynamics globally, taking up

one-third of anthropogenic emissions annually (Lai et al., 2024; Prentice et al., 2024; Friedlingstein et al., 2026). This variabil-20

ity is the primary source of uncertainty in predictions of atmospheric carbon (James T. Randerson et al., 2025; Friedlingstein

et al., 2026). However, because primary productivity cannot be directly measured at scale, estimates of carbon cycle dynamics

and feedbacks rely on proxy-based methods and accounting approaches (Ruehr et al., 2023; James T. Randerson et al., 2025;

Friedlingstein et al., 2026).
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Because the terrestrial water and carbon cycles are tightly coupled, changes in one drive changes in the other (Novick et al.,25

2018; Piao et al., 2020; Humphrey et al., 2021; Yang et al., 2023). This coupling means that information about water availability

can help constrain carbon cycle predictions, and vice versa (Seneviratne et al., 2010; Short Gianotti et al., 2019; Short Gianotti

and Entekhabi, 2024), which has led to frequent use of the global water cycle as an explanatory variable for retrospective

and predictive carbon cycle estimates (Poulter et al., 2014; Ahlström et al., 2015; Stocker et al., 2018; Trugman et al., 2018;

Humphrey et al., 2021; Feldman et al., 2024; Green, 2024; Green et al., 2024), and vice versa (Eagleson, 1978b; Swann et al.,30

2012; Zhu et al., 2017; Kooperman et al., 2018; Lemordant et al., 2018; Zeng et al., 2018; Piao et al., 2020; Giardina et al.,

2023; Yang et al., 2023; Green et al., 2024; Cordak et al., 2025). Disentangling these mechanisms across space and time is

essential for constraining carbon cycle predictions and understanding climate feedbacks.

1.1 Functional Water–Productivity Relationships

Historically, the study of spatial productivity–water relationships has centered on rain-use efficiency (RUE = precipitation/net35

primary production), reflecting water’s recognized role as a landscape-scale control on plant growth (Walter, 1939; Sala et al.,

1988; Lauenroth and Sala, 1992; Knapp et al., 2017). However, RUE relationships show high site-to-site variability and poor

convergence across biomes (Figure 1a), likely because plants respond mechanistically to soil moisture and vapor pressure

deficit rather than precipitation itself (Wang et al., 2026). Recently, water-use efficiency metrics based on evapotranspiration

(ET) have shown stronger convergence (Biederman et al., 2016), and in particular, the relationship between GPP and evapora-40

tive fraction (EF = latent heat flux / available energy) has been shown to be more consistent across sites and climates (Short Gi-

anotti and Entekhabi, 2024). We use EF here because it (1) is mechanistically closer to plant responses, (2) normalizes for

surface energy budget effects across latitude and climate gradients, and (3) shows convergent relationships across biomes

at monthly timescales. A detailed review of RUE and water-use efficiency literature is provided in Supplementary Material

Section 1.45

1.2 Approach

Here, we investigate whether water–carbon coupling is driven by structural processes (canopy extent) or by physiological

processes (canopy-averaged water-use efficiency). Specifically, we test the hypothesis that canopy fractional cover (fv) is the

primary mechanism linking water availability to productivity at subseasonal-to-seasonal timescales.

This hypothesis rests on two observations. First, leaf area responds consistently to water availability across bioclimates, in-50

dependent of plant functional type (Li et al., 2022). If landscape-scale productivity–water relationships are biome-independent,

then structural mechanisms must dominate over trait-specific physiological mechanisms. Second, physiological responses

(stomatal conductance, photosynthetic regulation) operate at sub-daily timescales (Schymanski et al., 2013; Franks et al., 2017),

whereas structural changes (growth, leaf turnover, drought response) occur over days-to-weeks. Thus, at monthly timescales,

physiological processes should be regularly in quasi-equilibrium with water variables, while structural dynamics continue to55

adjust.
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We show that structural and physiological dynamics operate in tension across timescales: both amplify GPP increases after

rain at daily scales, but at monthly scales they pull the GPP–EF relationship in opposite directions. Structural processes domi-

nate the long-term spatial and temporal water–carbon coupling, suggesting that daily-scale correlations cannot be extrapolated

to longer timescales without accounting for this timescale-dependent reversal.60

2 Materials and Methods

2.1 Conceptual Framework

To test the hypothesis that canopy fractional cover drives water–carbon coupling, we use a mathematical framework that

explicitly separates landscape-scale carbon fluxes into their structural (extensive) and physiological (intensive) components.

2.1.1 Landscape versus Canopy-Scale Fluxes65

Carbon assimilation by plants (GPP) can be expressed in two ways: as landscape-level GPP (GPPl), the total carbon uptake

per land area including bare soil, or canopy-level GPP (GPPc), the carbon uptake per vegetated area. This distinction matters

because intensive properties like photosynthetic rate per leaf do not scale linearly to extensive properties like total landscape

productivity, particularly when the intensive variable and the extent both respond dynamically to other drivers. Similarly, the

total above-ground biomass and the total leaf area over a pixel, plot, or region integrate over plants or plant area, and so are70

proportional to (a) the changing size of the canopy, (b) the canopy-averaged quantities, and (c) their dynamic co-variation.

Using these definitions, landscape and canopy-level GPP are related as:

GPP l = fvGPP c (1)

where fv is vegetation cover fraction (0 = bare soil, 1 = fully vegetated). We use this simple two-state model because it allows

us to isolate the extensive (fv) and intensive (GPPc) components of productivity.75

Note that GPPc reflects average canopy photosynthetic rate; GPPl depends on both this rate and canopy extent. Unless

otherwise noted, GPP refers to GPPl throughout.

2.1.2 Water-Use Efficiency

Following this framework, we define canopy water-use efficiency (all processes occur over vegetated fraction fv):

ωc =
GPPc

Tc
(2)80

where Tc is the transpired water per unit canopy area and ωc is the canopy carbon assimilation divided by the canopy transpira-

tion. Note that this is the same at the landscape scale, ωl = (fvGPP c)/(fvTc) = ωc when calculated using only transpiration,

but differs from common uses of “landscape WUE” or “ecosystem WUE” (often defined as GPP l/ET l = fvGPP c/ETl,

including bare soil evaporation to comprise landscape evapotranspiration, ET l).
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Combining Equations 1 and 2, we can write85

GPP l = fv ·ωc ·ET l ·ϕ where ϕ=
Tc

ETl
(3)

The T/ET ratio commonly cited in the literature is related to ϕ as follows:

“T/ET ratio” =
Tl

ETl
=

fvTc

ETl
= fvϕ (4)

This makes explicit that the “T” in T/ET includes both intensive (leaf-level) transpiration and extensive (vegetation amount)

effects. Note that ϕ is rarely measured directly, but is an intensive variable, as a ratio of two other intensive variables. A detailed90

discussion is provided in Supplementary Material Section 2.

Because ϕ and ωc are rarely measured directly, we calculate their product (ωcϕ) as:

ωcϕ=GPPl/(fv ·ETl) [units: gC / gH2O] (5)

Throughout the manuscript, we refer to ωcϕ dynamics as “physiological” or “intensive” processes, in contrast to “structural”

or “extensive” (fv) processes.95

2.2 Data Sources

2.2.1 Eddy Covariance Data

The primary data in this study come from measurements made at flux towers using eddy covariance methods (Baldocchi

et al., 2001; Novick et al., 2018; Pastorello et al., 2020; Chu et al., 2023), specifically from the FLUXNET network and the

AmeriFlux network (BASE and FLUXNET SUBSET datasets) (Boden et al., 2013; Pastorello et al., 2020; Chu et al., 2023).100

Specifics on individual variables (EF and GPP) are discussed in Supplemental Text S3. Details for each tower site are presented

in Supplemental Table 1. Citations for each site’s data are in Supplemental Section 9.

2.2.2 MODIS Vegetation Data

We derive vegetation cover fraction fv from MODIS/Terra Leaf Area Index (Myneni et al., 2021, LAI; version MCD15A3H;

4-day resolution, 500 m pixels) using the methods of Xiao et al. (2016) and landcover-specific clumping indices from He et al.105

(2012). When first differences of fv are necessary, we use the slope between two neighboring 4-day fv values.

2.2.3 Interstorm Drydowns

We flag days with less than 0.254mm (“trace”) precipitation as interstorm “dry” days. After any day with greater than trace pre-

cipitation, we label the following consecutive days without rain a drydown. For some analyses we look only at daily dynamics

within drydowns (explicitly stated).110

4

https://doi.org/10.5194/egusphere-2026-3250
Preprint. Discussion started: 30 July 2026
c© Author(s) 2026. CC BY 4.0 License.



Variable Name Units Notes

fv Fractional Vegeta-

tion Cover

−

LE Latent Heat Flux Wm−2 LE = λETl, for latent heat of vapor-

ization λ

H Sensible Heat Flux Wm−2 Turbulent available energy A=H +

LE

EF Evaporative Frac-

tion

− Ratio of landscape/averaged latent heat

flux to landscape averaged available en-

ergy EF = LE
A

Tc Transpiration kgH2O m−2 s−1 Transpired water flux through the

canopy area fraction fv

GPPc Canopy Gross Pri-

mary Productivity

gC m−2 day−1 Carbon uptake rate per canopy area

GPPl Landscape Gross

Primary Productiv-

ity

gC m−2 day−1 Carbon uptake rate averaged over an en-

tire (partially/vegetated) landscape

ωc Canopy-Averaged

Water-Use Effi-

ciency

gC g−1
H2O

Ratio of canopy/averaged carbon up-

take to canopy-averaged transpired wa-

ter

ϕ Transpiration In-

tensity Ratio

− Ratio of (intensive) canopy/averaged

transpiration rate to landscape-averaged

evapotranspiration rate
Table 1. Variables and abbreviations used in this study.

2.3 Methods

2.3.1 Non-Parametric Curves

To fit curves to data points for visualization, we use a montone copula smoother which projects all data points onto the

1:1 quantile line, and is agnostic with respect to independent/dependent variables (Short Gianotti, 2025, see Supplemental

Materials).115
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2.3.2 Dynamical System Estimation

We use regression-based dynamical systems models to show trajectories within phase spaces (Figure 4). For each 2D dynamical

system, we fit a system of first-order autonomous differential equations of the following form:

dEF

dt
= a1 + a2EF+ a3GPPl + a4EF

2 + a5GPP2
l + a6EF ·GPPl

dGPPl

dt
= b1 + b2EF+ b3GPPl + b4EF

2 + b5GPP2
l + b6EF ·GPPl

(6)

This is a generic 1st-order nonlinear (quadratic) time-invariant dynamical system, which is fit using ordinary least-squares.120

For further details see Supplemental Section 6.

2.3.3 Monthly Linear Regressions

Monthly linear regressions are estimated using monthly mean values of the variables (all days regardless of precipitation),

using only growing season months and ordinary least-squares. Any month with fewer than 25 daily observations for a specified

variable is discarded for that site, and any site with less than 6 complete months is discarded as well. Growing season is defined125

as months with ≥ 10% of the site’s maximum observed monthly GPP.

3 Results

3.1 Form of the Productivity–Water Relationship

Figure 1 compares two water–productivity relationships. Panel 1a shows the relationship between monthly precipitation and

landscape GPP during the growing season at three representative sites: US-Seg (Litvak, 2016; Cunliffe et al., 2022), AU-130

DaS (Hutley et al., 2011), and US-Ne3 (Andy Suyker, 2025; Malek-Madani et al., 2020). This is the gross productivity analog

to the rain-use efficiency (RUE) metric, which relates annual precipitation to net primary productivity (Supplemental Figure 1).

All growing season months are shown. The blue lines show local non-parametric curve fits to the GPP–precipitation observa-

tions, which are agnostic to independent/dependent variable designation, and which explain 8.9, 38.4, and 2.7% of the variance

in GPP (11.8, 44.4, 2.7% of precipitation) respectively.135

The grey line shows the equivalent curve fit for all 271 sites used in these analyses, and explains 9.2, 42.2, and 1.6% of

GPP variance in the three sites shown (8.8, 36.5, 1.9% of precipitation). Across all sites, the grey curve explains 6.4% (2.8%)

of the full variance in GPP across all monthly observations for all sites and 12.8% (11.5%) on average by site. Every one of

these metrics is worse for the NPP–precipitation except for the local curve fit for US-Ne3 which explains 8.1% of local GPP

variance. The curve-fit relating monthly tower precipitation and NPP across all sites explains less than 1% of the variance in140

either variable.

Figure 1b shows the GPP–EF relationships for the same sites between monthly landscape GPP and EF. In all cases, a roughly

monotonic, non-linear relationship exists between GPP and EF. The local curves explain 43.3, 77.7, and 47.9% of the monthly

variability in GPP (40.3, 83.3, and 65.5 for EF). The grey curve fit to all months at all sites explains 52.1 (47.0), 79.4 (80.0),
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Local Fit
All Sites Fit

Local Fit
All Sites Fit

(a)

(b)

Figure 1. Two previously proposed productivity–water relationships at three sites. (a) Plots of monthly landscape-level Gross Primary Pro-

ductivity (GPPl) versus monthly-averaged precipitation rate (ratio is rain-use efficiency) at three eddy covariance flux tower sites: Sevilleta

Grassland (US-Seg), Daly River Savanna (AU-DaS), and Mead (US-Ne3). Markers show all monthly values of GPP and precipitation during

the growing season, defined as any month with more than 10% of long-term maximum monthly GPP. Local and All-Sites (n= 271 sites)

curves are non-parameteric and impartial to independent/dependent variable designation. (b) Monthly (GPPl) versus monthly Evaporative

Fraction (EF) during the growing season for the same sites. The rain-use efficiency relationship in (a) shows highly variable relationships at

and across sites (Huxman et al., 2004a; Knapp et al., 2017), while the GPP–EF relationship investigated here shows convergence across sites

to the same monthly dynamics (Short Gianotti and Entekhabi, 2024; Short Gianotti et al., 2024). See Supplemental Figure S1 for ANPP-

preciptation relationship.
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Figure 2. General relationship between landscape Gross Primary Productivity (GPPl) and Evaporative Fraction (EF) at monthly and daily

scales. (a) The joint density of all monthly GPP and EF during the local growing season across all 271 sites. Black line shows non-parametric

fit to all monthly points. (b) Monthly GPP and EF relative to local annual peak value for all months, all towers (n= 11,776 months). y-axis

scaling is relative to the local mean GPP or EF for the month of year with highest climatological GPP, and x-coordinate is relative to that

month. Lines show averages of all monthly percentages across all years and all sites (1,445≤ n≤ 1,709 for each point). Shading shows ±
1 standard error in means (very narrow due to sample size). EF is at its local peak when GPP is at its peak; both variables co-evolve with

positive monthly correlation into and out of peak growing season. (c) Map of dGPPl/dEF estimated by linear regression for all towers

(mean 51 gC m−2 day−1), higher in wetter climates, significantly greater than 0 at 87% of sites. (d) The joint density of daily GPP and EF

across all towers. Black line shows non-parametric fit to all daily points. (e) The percent increase (decrease) in daily GPP (EF) for days

immediately following rainfall. Shading shows standard error in means across all sites and all growing season days following rain. GPP

broadly increases in the week after local rain events, and EF broadly decreases. (f) Map of median dGPPl/dEF for days 1 and 2 after all

rain events by site (mean −1.2 gC m−2 day−1), more negative in wetter climates, significantly less than 0 at 86% of sites.

and 53.3 (64.7)% of the GPP (EF) variance at the three sites, 28.9 (34.2) % of GPP (EF) across all sites, all months, and145

32.5 (27.8)% when averaged across sites, substantially higher than the precipitation-based relationship, and sufficient to detect

convergence patterns. See Supplemental Figure 2 for all individual site curves.

3.1.1 Monthly Scales: Positive Correlation

Figure 2 shows the temporal and spatio-temporal relationships between GPP and EF at different timescales. Monthly GPP

and EF values for all towers are jointly distributed with a positive, non-linear correlation structure, both within and across150

sites (c.f. Huxman et al., 2004a; Biederman et al., 2016; Knapp et al., 2017). Figure 2a shows the joint distribution of these
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two variables for all monthly growing-season observations (n=11,776 monthly observations) at all 271 tower sites. The rela-

tionship is convex, with dGPPl/dEF> 0 in general across all monthly data. The dark line shows a representative curve for

the monthly observations using the same method as Figure 1, with 99% confidence intervals (shaded region) calculated from

10,000 bootstrap resamplings. The narrow intervals reflect the large sample size and strong signal.155

Figure 2c maps the monthly dGPPl/dEF for each site, calculated as the Sen-slope of a local linear fit to all growing season

months. Slopes are mostly positive (87%), as are the mean (51 gC m−2 day−1) and the median (31 gC m−2 day−1) across sites,

with wetter, more vegetated biomes showing higher slopes.

3.1.2 Daily Scales: Negative Correlation

To investigate the dynamics of GPP and EF, we show how they evolve during interstorm drydowns. Figure 2d again shows160

the joint GPP–EF density, but now at daily scale for all growing season days across all sites (n = 325,374). These show a

very similar convex relationship with higher values of GPP when and where EF is high. The dark blue non-parametric curve

is calculated as in Figure 2a, but using all daily data, leading to even narrower confidence intervals in the median. Although

the curve-fitting is indifferent to dependent/independent variable designation, the medians across the bootstrapped curves are

taken across GPP values (y-axis) in both Figure 2a and d.165

Still at daily scale, Figure 2e shows the typical changes in GPP and EF for the first seven days after rain events. Using all

growing season drydowns from all tower sites, we calculate the day-to-day changes in GPP and EF. The percentage changes

are calculated as the mean of 100×X(t)/X(1) for each of GPP and EF for each day. Daily GPP and EF show opposite-

sign dynamics after rain. On average across sites GPP increases in the days after rain (Fig. 2e, green line), and EF decreases

(blue line). This is the mechanics of the negative correlation between GPP and EF at daily timescale, opposite of the posi-170

tive monthly relationships at most sites (2c), and opposite of the positive spatial biogeographic relationship using long-term

means (Short Gianotti and Entekhabi, 2024).

EF decreases during drydowns as soil water is depleted by drainage and evapotranspiration, and available energy shifts from

latent heat toward sensible heat (McColl et al., 2017; Feldman et al., 2019). In contrast, GPP increases after rain due to increased

photosynthetically active radiation (PAR) from cloud clearance, stomatal opening in response to higher leaf water potential,175

and active photosynthetic up-regulation (Feldman et al., 2021a; Holtzman et al., 2024). Although bare soil evaporation and

transpiration can increase after rain (Zhao et al., 2022), by normalizing by available energy, EF isolates water depletion signals

and remains monotonic more so than ET.

Although the full joint GPP–EF distributions across time and sites are quite similar at daily and monthly scales (Fig. 2ad),

their dynamic relationships are quite different (Fig. 2be and 2cf). While EF generally decreases in the days after rain, GPP180

increases (Fig. 2e), leading to negative dGPPl/dEF at daily scale (Figure 2f; mean, median for first two days after rain: −1.22,

−1.23 gC m−2 day−1; for first five days: −0.49, −0.54 gC m−2 day−1). The positively-correlated relationship in Figure 2a is

composed of positive monthly correlations at nearly all sites (Figure 2c). The similar-appearing joint density in Figure 2b is

instead composed of thousands of co-evolutions of GPP and EF after rain with predominantly negative day-to-day correlations.
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Daily
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Local Fit
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Local Fit
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Figure 3. Structural and physiological contributions to landscape water–carbon dynamics. (a) Monthly relationships between landscape

vegetation cover fraction (fv) and EF for the same sites as in Fig. 1. fv is positively correlated with EF (and GPPl, not shown) at each site

and across all sites for all months (grey all-sites fit), and convex like the GPP–EF relationship in Figure 1b. (b) Monthly relationships between

physiological water-use component (ωcϕ) and EF for the same sites as in Fig. 1. ωcϕ is exactly canopy-averaged water-use efficiency when

soil evaporation (per area of bare soil) and transpiration rates (per canopy area) are equal at monthly scale. The intensive physiological

term is negatively-correlated with EF (and GPPl, not shown) at each site and across all sites for all months (grey All-Sites fit). (c) Map

of dfv/dEF at monthly timescale as in Fig. 2c, predominantly greater than 0. (d) Map of dωc/dEF at monthly timescale as in Fig. 2c,

assuming ϕ= 1, predominantly less than 0. (d) Map of dfv/dEF at daily timescale as in Fig. 2f, predominantly less than 0—the opposite

sign of the fv–EF relationship at monthly timescale (c), as is the case for the GPP–EF relationship. (f) Map of dωc/dEF at daily timescale as

in Fig. 2f, assuming ϕ= 1 (see Supplemental Materials for discussion), predominantly less than 0. Unlike GPP and fv , ωc is nearly always

negatively-correlated with EF across sites and timescales.

This sign reversal leads to a separation of timescales and indicates that daily trajectories represent movement toward the slow185

curve (grey line in Figure 1a, blue line in Figure 2a) that bridges monthly dynamics and spatial water–carbon states.

3.2 Structural and Physiological Components of Canopy Dynamics

Using Equation 3 (GPPl = fvωcϕETl) we decompose the GPP–EF dynamics into structural (fv–EF) and physiological (ωcϕ–

EF) components. Figure 3(a) shows monthly fv–EF relationships at the same sites as in Figure 1. At all three sites and globally
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(grey line) fv and EF are positively-correlated and convex, the same pattern as GPP–EF (Figure 1b). This suggests that struc-190

tural dynamics drive the overall GPP—EF relationship.

In contrast, the physiological component (ωcϕ) is negatively-correlated with EF at monthly scales (Figure 3b). Treating

ϕ≈ 1 (i.e., assuming bare soil and canopy evaporation rates per area are similar), ωc decreases with increasing EF. This reveals

competing mechanisms: structural dynamics (fv) and physiological dynamics (ωc) pull the GPP–EF relationship in opposite

directions. However, the positive fv–EF relationship dominates, and monthly GPP–EF dynamics follow canopy extent rather195

than water-use efficiency. Increases in GPP due to high water-use efficiency are negligible relative to structural dynamics.

3.2.1 Spatial Patterns

The fv–EF slopes at monthly-scales are largest in humid, more-vegetated landscapes and smallest in arid regions (Figure 3c).

The physiological slopes (Figure 3d) are opposite in sign, with the most negative values in arid regions. The daily physiological

dynamics reinforce the monthly dynamics (Figure 3f), following textbook patterns from laboratory studies (Lambers and200

Oliveira, 2019a). The daily fv–EF relationships are weak (mean dfv/dEF =−0.03 for the first two days after rain, a 3%

increase in fv per day if EF were to decrease from 1 to 0), as might be expected from slow changes in canopy structure.

3.2.2 Resolving the Dynamics of the Two Timescales

The maximum-likelihood fit for Equation 6 for all daily data gives the following parameterized system:

d

dt


 EF

GPPl


=B

[
1 EF GPPl EF2 GPP2

l EF ·GPPl

]′
(7)205

where B=

10−4 ×


 87.99 [−] 713.4 [−] 42.382

[
m2·day

gC

]
−3891 [−] −6.557

[
m4·day2

g2C

]
229.2

[
m2·day

gC

]

297.8
[

gC
m2·day

]
1429

[
gC

m2·day

]
−207.6 [−] 2779

[
gC

m2·day

]
−36.21

[
m2·day

gC

]
407.4 [−]




Because Eq. 7 is fit only within drydowns, the system is shocked by rain events (largely towards higher EF), and then210

evolves, initially with increasing GPP, fv , and ωcϕ, and decreasing EF (Figs. 2f, 3ef). As the land surface, plants, and soils dry,

EF decreases (leftward in phase space) while GPP increases, then both decline together toward the central “attractor” curve.

This central curve represents the monthly-scale relationship (compare to Figure 2a) and the long-term biogeographical pattern

(Figure 1b). These trajectories align with site-specifically estimated e-folding timescales in Short Gianotti et al. (2024), on the

order of 3 days towards the attractor curve and 40 days along it for each site. Over weeks, GPP and fv transition to positive215

correlations with EF as vegetation responds to sustained water limitation. This two-timescale evolution is shown in Figure 4a

as vector flows in the GPPl–EF phase space.

The dynamical system relationship is fit to gridded mean values of GPP, EF, dGPP/dt, and dEF/dt to avoid underfitting

less-sampled portions of the space and bioclimates with fewer flux towers. In the same spirit, the slow, attractor curve is fit
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Figure 4. Dynamics of carbon uptake (tower GPP), landscape vegetation-cover fraction (satellite retrieved fv), and residual water-use terms

(calculated from tower and satellite data) versus EF. (a) Daily GPP–EF dynamics for all flux towers after rainfall (as in Figure 2e), system

flow from Eq. 7. Curve and shading show the empirical mean daily growing-season GPP–EF relationship with equal weighting across the

GPP–EF space and bootstrapped standard error, including rain days. (b) GPP–EF regressions for the first day after rain (day 2 minus day

1); each red line is a fit for a single tower site. Inset histogram shows the across-sites distribution of dGPP/dEF slopes for the first 1, 4,

7, and 10 days post rain. Curve and shading as in 4a. (c) Linear regression fits for monthly-averaged GPP–EF values within the growing

season, depicting slower sub-seasonal dynamics. Histogram shows across-site distribution of regression slopes. Curve and shading as in 4a.

(d-f) Same as 4a-c, but with fv–EF relationships. Flow dynamics from equivalent to Eq. 7, but fit using fv and EF. (g-i) Same as 4a-c, but

with ωc–EF relationships, assuming equivalent bare soil and canopy evaporation rates. When ϕ= 1, this is the canopy water-use efficiency,

ωc. Flow dynamics from equivalent to Eq. 7, but fit using ωc and EF. Left column ordinate (GPP) is the product of the two following column

ordinates (fv ·ωcϕ) and ETl (see Supplemental Figure 3 for ETl–EF dynamics).
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with weighting inversely proportional to the number of points per grid box, and then calculated as a binned mean across y-220

axis values. This process is then boot-strapped 10,000 times to create a 95% confidence interval which accounts for both the

distribution of the data and for the potential effects of the gridding process. This curve is recreated in Figure 4b and c.

Wetter locations traverse paths nearer to the upper-right part of the phase space, while drier, less vegetated locations traverse

more of the space in the lower left, but this can change with shifts in water supply (arid green-ups or forest droughts). Only

after terrestrial systems approach the central curve of the global GPP–EF joint distribution (Figure 2ab) does GPP begin to225

decrease until further rain shocks the system, or other biophysical drivers lead to senescence and/or the end of the growing

season (low GPP).

Figure 4b shows the typical relationships between GPP and EF immediately after rain events. Each red line is a linear fit

to day 1–2 observations for a single site’s drydowns (as in Figure 2f). Nearly all slopes are negative (median distribution in

blue inset). As drydowns progress (green for day 4, orange for day 7, red for day 10), slopes gradually shift toward zero230

and then positive. This reflects the transition from photosynthetic up-regulation immediately post-rain to water-stress-driven

down-regulation by day 10. At landscape-level, this transition period indicates that water stress develops gradually, not instan-

taneously.

At longer timescales still, the relationships between GPP and EF show predominantly positive correlations. Figure 4c shows

linear regressions by site for each monthly-averaged value of GPP and EF (as in Figure 2c). These linear versions of the235

example curves in Figure 1b. At most sites, EF is higher in months when GPP is high, and vice versa. The inset histogram

shows that typical slopes are positive, and with magnitudes a factor of 10 larger than for daily-scale relationships. Traversing

the central curve on phenological timescales leads to large changes in GPPl as would be intuitive from green-up and senescence

processes.

The second column of Figure 4 shows the same analyses, but for the relationships between satellite-estimated fv and tower240

EF. Figure 4d shows the daily dynamic flows, largely towards the central fv–EF curve, estimated as in Figure 4a using all daily

observations (weighted for equal phase-space sampling). As in Figure 4a, the mean curve is positively-sloped and convex, with

lower EF and fv values after long dry spells.

As in Figure 4b, Figure 4e shows the daily relationship at each site immediately after rain, but for the structural fv–EF

component of the GPP–EF relationship. The inset histogram shows that the fv–EF slopes are more often negative than positive245

for the first days after rain (small increases in canopy extent); however, as drydowns progress and water stress increases,

dfv/dEF becomes positive (day 7–10). This dynamics overturning is evidence of moisture pulses triggering visible canopy

greening and sustained drying leading to visible canopy loss. The post-rain GPP–EF signals are more frequently significantly

positive than fv–EF in the first 1–2 days, which suggests that not all of the GPP increases in the first days of drydowns are

caused by extensive increases in canopy structure and above-ground biomass. Some of these increases are also driven by250

increases in canopy-averaged photosynthesis through changes in absorbed light and/or increased average canopy conductance

for carbon dioxide. Still, because the daily-scale fv–EF slopes and the daily GPP–EF slopes share the same sign on average

(Figures 4ad, 4be), increasing towards the central curve as EF decreases, some of the GPP increases coincide with structural

canopy expansion.
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Figure 4f shows the site-specific relationships between monthly fv and EF. Like the GPP–EF relationships in Figure 4c,255

the majority of monthly correlations are positive, implying that all of GPPl, fv , and EF increase and decrease together in the

growing season at nearly all sites at monthly scales. Again, the slopes are roughly an order of magnitude larger than their daily

counterparts, pointing towards the larger role of slow canopy-extent processes in controlling water–carbon feedbacks relative

to fast processes.

The third column of Figure 4 shows ωc versus EF, where ωc is calculated at daily scale as GPPl/(fvETl), again assuming260

ϕ= 1 (Eq. 2). Because the product ωcϕ is not a commonly-used variable, we recommend interpreting these results through

two lenses: (1) as the canopy water-use efficiency directly, i.e., assuming static ϕ or that ϕ is largely irrelevant to water–

carbon coupling, and (2) as the convolution of coupled leaf-level WUE mechanisms (stomatal conductance dynamics and

stress responses) with the daily changes in how bare soil evaporation and leaf transpiration differ. (1) requires an assumption

which is strictly false, particularly in geographies with intermediate vegetation cover, but which we believe to be largely265

immaterial for qualitative interpretation.

Unlike fv , the mean curve is negatively-sloped. ωcϕ decreases at high EF (wet conditions) and increases at low EF (dry

conditions). This pattern aligns with well-established leaf-level observations: plants become more water-use-efficient under

water stress (Lambers and Oliveira, 2019b; Grossiord et al., 2020). Importantly, this means that at daily scales, both fv and

ωcϕ increase immediately after rain, both contributing to GPP increases. But beyond weekly scales (Figure 4i), the negative270

ωcϕ–EF correlation remains, pulling the GPP–EF relationship downward, which the structural fv dominance overcomes.

This opposing sign between ωcϕ GPP dynamics is the key evidence for canopy structure’s dominant role in GPP–EF cou-

pling. Across all sites, GPP and fv are positively correlated (median linear ρ(GPPl,fv) = 0.601 at daily scales, 0.380 at

monthly scales across sites), while GPP and ωcϕ are only correlated for the first days after rain (median ρ(GPPl,ωcϕ) = 0.578

at daily scales, −0.18 at monthly scales). This apparent contradiction—that GPP decreases with the water-use efficiency term275

it’s mathematically defined to be proportional to—arises because of fv’s negative covariance with ωcϕ. At monthly scales,

wetter conditions have higher vegetation cover and lower canopy WUE, with the structural effect dominating the physiological

effect on GPP.

Unlike the daily-scale dynamics in Figures 4be, the daily dynamics between EF and ωc run roughly tangent to the mean

curve—still with negative slopes. This implies that the intensive water-use changes lead to higher GPP as the land surface dries280

and EF goes down, as might be expected from a plant water conservation perspective. This amplifies the short term extensive

greening seen between rain events in Figure 4e. Together, both Figures 4eh combine to drive increases in landscape GPP after

rain events. Both could be thought of as positive feedbacks after rain: more vegetation is available to photosynthesize, and on

average the vegetation becomes more efficient from a canopy-intensive water–carbon perspective. Notably, the negative slopes

(driving GPP increases immediately after rain) become more negative as drydowns progress, with the mean slope magnitude285

increasing by roughly an order of magnitude over the first 10 days without rain (Figure 4h inset).

On monthly timescales (Figure 4i) the intensive properties also show a broadly negative correlation with EF. Unlike GPP

and fv , where longer dry periods without rain decrease extensive green vegetation cover and landscape GPP (Figures 4be), the

intensive water-use properties act to increase GPP, or rather mitigate the GPP decreases. The intensive dynamics are a negative
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(stabilizing) feedback on monthly scales, as opposed to extensive canopy dynamics which are aligned with GPP dynamics.290

The differences in slope magnitude, again roughly an order of magnitude between 1-day and 1-month timescales, are critical in

the context of the time-varying optimization of intensive stomatal- and canopy-conductance models across biogeography and

climatology (Holtzman et al., 2024).

The median linear correlation across sites between monthly GPP and monthly fv is 0.69. The median linear correlation

across sites between monthly GPP and monthly ωcϕ is −0.28.295

4 Discussion

The GPP–EF relationship shows stronger spatial convergence (roughly 30% of variance explained across all sites) than the

commonly-used rain-use efficiency relationship (less than 1% of variance). This convergence is practically significant because:

(1) EF is mechanistically relevant to plant responses (plants respond to and feed back on water availability), (2) EF is now

widely measured at eddy covariance towers and estimable from standard weather station data (Rigden and Salvucci, 2015;300

McColl and Rigden, 2020), and (3) the convergent relationship suggests underlying ecological principles that could constrain

models globally.

Structural Dynamics Dominate

Our results show that at timescales beyond daily, structural dynamics dominate water–carbon coupling. This suggests that

models relying primarily on stomatal conductance or photosynthetic capacity to represent water–carbon feedbacks could misdi-305

agnose the sign and magnitude of productivity responses to drought or increased water availability. Specifically, a water-stress-

driven increase in water-use efficiency could be masked or reversed by concurrent decreases in fv . Models must represent

dynamic canopy extent (LAI, fv) coupled to water availability, not just physiological processes. This emphasis on structural

dynamics over physiology echoes earlier theories (Lauenroth and Sala, 1992; Paruelo et al., 1999), which identified vegetation

extent and growth rate as primary mechanisms in precipitation–productivity relationships.310

It is intuitive that the GPP–EF relationship follows a structural (fv–EF) relationship: wet conditions favor more vegetation,

which increases productivity. Less intuitive is that canopy-averaged water-use efficiency (ωcϕ) is negatively correlated with EF

at all timescales. This negative correlation seems contradictory: GPP is defined to include ωcϕ (Equation 3), yet GPP and ωcϕ

become negatively-correlated at monthly scales.

Physiological controls on water-use efficiency (stomatal conductance, photosynthetic regulation) operate at sub-daily timescales315

(minutes-to-hours), reaching quasi-equilibrium with local water availability within a day. At monthly timescales, these rapid

physiological adjustments are averaged out, and their long-term values are emergent properties set by structural changes and

phenological state. This timescale separation means that empirical water-use efficiency relationships calibrated from monthly

or seasonal data may not extrapolate to novel conditions (e.g., elevated CO2) without accounting for potential shifts in the

canopy structural variables (fv , LAI) that set the context in which physiology operates. This could bias future carbon cycle320

projections.

Water–Productivity Relationships are Timescale-Dependent
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Many studies of productivity–water relationships highlight the need for multiple timescales to lead to the results they

find (Lauenroth and Sala, 1992; Paruelo et al., 1999; Biederman et al., 2016). At sub-daily scales, physiological responses

(stomatal conductance adjustments) reach quasi-equilibrium within hours. At daily-to-weekly scales, both physiological and325

structural processes operate, but structural responses are slower. At monthly-to-seasonal scales, only structural processes

(growth, senescence, recruitment) produce observable changes in canopy extent, making them the dominant driver of landscape-

scale productivity changes. At interannual-to-decadal scales, shifts in species composition and trait adaptation may become im-

portant again. This hierarchical structure implies that models calibrated at one timescale (e.g., leaf-chamber studies at hourly

resolution) may not predict dynamics at another timescale (e.g., seasonal productivity). Conversely, empirical relationships330

like ours, which capture dynamics across multiple timescales (daily to monthly), may be more robust to extrapolation across

conditions because they implicitly encode the time-varying importance of different mechanisms.

This also connects to phenological theory. A measurable amount of canopy expansion and leaf growth occurs in the first days

after rain, and, conversely, less drought stress-induced leaf loss, branch turnover, and senescence occurs when it has just rained.

This drives the tacit understanding that seasonal phenological evolution is comprised of—not distinct from—growth responses335

to resource availability at instantaneous timescales (Noy-Meir, 1973; Eagleson, 1978b; Feldman et al., 2018, 2021a, b; Wheeler

and Dietze, 2023; Reich et al., 2025).

4.1 Limitations and Explanatory Variables

A key assumption in our analysis is that ϕ (the transpiration intensity ratio, Tc/ETl) is approximately constant at 1. This

assumption is poorly validated because direct measurements of ϕ are rare. However, at monthly timescales, ϕ likely becomes340

less variable as different evaporation pathways (bare soil, canopy interception, plant transpiration) average and converge to

small values. Future work using sap flux measurements, isotopic partitioning, or empirical relationships could help validate

this assumption and reveal whether ϕ varies systematically with climate or vegetation type (Rothfuss et al., 2010; Stoy et al.,

2019).

We treat all vegetation globally with a single fv–EF–GPP framework, ignoring differences in plant functional type, distur-345

bance regime, population-level diversity. This is a deliberate simplification, justified by the convergence of the GPP–EF rela-

tionship across biomes (Figure 1b). However, this convergence could mask important differences in the mechanisms underlying

structural and physiological responses across biomes. For instance, in deciduous versus evergreen systems, structural processes

are radically different, even if their differences are small relative to the overall pattern (Short Gianotti and Entekhabi, 2024).

Whether these mechanistic differences produce different coefficients in Equation 3, or whether the overall fv–EF–GPP rela-350

tionship is truly invariant across PFTs, remains unknown. Addressing this would require detailed partitioning of LAI changes

into growth, senescence, and damage components, which current satellite data cannot provide. This represents an important

frontier for multi-scale models combining remote sensing with ground-based phenology monitoring (e.g., PhenoCam, NEON).

We use vegetation cover fraction (fv) as a proxy for canopy structural extent, but it has limitations. While a two-state subgrid

model of bare soil and averaged-vegetation is a common, but simple, landscape-modeling approach, the two are never fully355

separable. Soils wet and dry beneath the canopy, and canopy interception and subsequent evaporation are major unconstrained
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confounding variables (Miralles et al., 2010). The satellite-retrieved vegetation indices from which we estimate fv are also

imperfect (Zeng et al., 2023), tending to saturate in high vegetation contexts. To some degree using fv rather than LAI itself

helps with this issue, as it compresses the upper end of the range in still-interpretable ways. It is possible that looking at

extensive vegetation properties might be better suited to a multi-scale approach, with higher spatial resolution extensive data360

which can then be aggregated to the tower scale. More nuanced future modeling studies could instead consider something

closer to extensive landscape stomatal or chlorophyll counts or areas, or some more fine-grained relationship between the two.

Coupled Mechanisms

It would be incorrect to assume from these analyses that canopy extent “controls” EF or vice versa. Many previous studies

have theorized about the directionality of productivity–water relationships (Noy-Meir, 1973; Lieth, 1975; Eagleson, 1978a, b;365

Williams and Albertson, 2005), and the coupling across timescales suggests the answer is almost certainly both.

Even with the evidence that the convergent GPP–EF relationship is explained primarily by a convergent fv–EF relationship,

these are empirical relationships rather than mechanistic or explicitly causal. There is a general tendency for EF to decrease

after precipitation (Fig 2ef), which is mechanistically intuitive, but rarely fully modeled across all known underlying mech-

anisms (Dirmeyer et al., 2006; Ford et al., 2014; Haghighi et al., 2018). The tendency for greening over the course of days370

following rain events or rain sequences has some intuitive motivation, particularly in arid and semi-arid ecosystems, and has

been demonstrated previously across the range of aridity (Reynolds et al., 2004; Huxman et al., 2004b; Chesson et al., 2004;

Hilker et al., 2014; Feldman et al., 2018, 2021b; Lu et al., 2023; Feldman et al., 2024; Reich et al., 2025), although the co-

variance between precipitation and incoming shortwave radiation can mask the effect (Jonard et al., 2022). Still, this does not

represent any of the complex underlying interactions between individual plants with water, plant-plant interactions, acclima-375

tion, carbohydrate allocation, atmospheric moisture advection, or even the absolute magnitude of evapotranspiration itself. Our

convergent relationships suggest these mechanistic differences average out globally, but we cannot determine from this analysis

whether the same processes dominate everywhere or whether different mechanisms produce similar large-scale patterns.

There are multiple existing hypotheses about the reasons behind this type of convergent behavior (Eagleson and Tellers,

1982; Farquhar and Sharkey, 1982; Reynolds and Chen, 1996; McConnaughay and Coleman, 1999; Mäkelä et al., 2002;380

Wright et al., 2003; Caylor et al., 2004; Harte et al., 2008; Dewar, 2010; Kleidon et al., 2010; del Jesus et al., 2012; Prentice

et al., 2014; Wilcox et al., 2017; Joshi et al., 2022; Robinson, 2023; Prentice et al., 2024). One is that water-limited ecosystems

converge toward an optimal trade-off between productivity and water conservation. Another hypothesis is that simple physics

and stoichiometry of photosynthesis and transpiration produce convergent behaviors without requiring optimization. A third

hypothesis is that the convergence is an evolutionary artifact: different mechanisms at different sites happen to produce similar385

large-scale patterns in response to multiple pressures. We cannot distinguish among these hypotheses from observational data

alone. Future work combining process-based models (that encode mechanisms explicitly) with this empirical framework could

help test which hypothesis is most consistent with observations.

Implications for Modeling

These analyses also address functional uncertainty in Land Surface Models and Earth System Models. Short Gianotti et al.390

(2024) showed that many models do not recreate the GPPl–EF patterns seen here, suggesting calibration or dynamical differ-
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ences. Because canopy extent’s relationship with EF dominates the multi-day to seasonal GPPl–EF relationship, the extensive

canopy–water dynamic coupling (e.g., fv , LAI) is the most likely source of discrepancy.

5 Conclusions

This study identifies the mechanisms coupling productivity (GPP) and water availability (EF) at two timescales. Daily dynam-395

ics are characterized by negative GPP–EF correlations due to changing weather states, physiological up-regulation responses,

and non-negligible increases in canopy cover after rain. At monthly and longer timescales GPP transitions to positive cor-

relation with EF, driven by structural changes in canopy extent (fv). Structural dynamics are not only the primary driver at

monthly scales, they overcome physiological mechanisms that would otherwise lead to negative monthly and spatial GPP–EF

correlation.400

We find that:

1. Rain response: Immediately after rainfall there is a broad tendency across biogeography for GPP to increase for days,

leading to strong negative GPP–EF coupling in tower-based observations (Figure 2ef).

2. Drydown dynamics: As interstorm drydowns progress, GPP and EF evolve through their joint phase-space towards a

convergent attractor curve with evolution time-scales of weeks, and which roughly follows the joint density of all daily405

growing observations across all sites, climates, and biomes (Figure 2ad).

3. Monthly dynamics: The monthly joint distribution of GPP and EF follows the attractor with positive correlations (Figure

2a). This suggests that the monthly relationship emerges from averaging daily drydown trajectories and shocks from

precipitation, not from a distinct monthly process.

4. Structural dominance at longer timescales: Decomposing GPP into structural (fv–EF) and physiological (ωcϕ–EF)410

components reveals their influence on the GPP–EF relationship. Because landscape GPP is directly proportional to both

fv and ωcϕ by definition, if structural and physiological dynamics align, then GPP, fv , and ωcϕ will all evolve in the

same direction with EF. This is only true at daily-scales. Beyond 10 day timescales, the fv–EF relationship changes

signs, and GPP follows the fv dynamics rather than the physiological dynamics.

5. Implications for biogeography and global patterns: The convergence of the GPP–EF relationship across hundreds415

of sites and diverse biomes suggests that vegetation structural responses to water availability follow generalizable prin-

ciples. Because canopy dynamics integrates both physiology and structural biology across timescales, the emergent

GPP–EF relationship may be more robust for global projections than site-specific physiological models.

6. Dynamic canopy representation in models: Earth System Models that represent water-–carbon coupling using only

stomatal conductance or photosynthetic capacity, without allowing canopy extent to properly respond to water availabil-420

ity, will misrepresent both the sign and magnitude of productivity feedbacks at monthly and longer scales. Models should
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prioritize dynamic LAI/fv coupled to soil moisture, which is likely a higher-impact improvement than refinements to

physiological sub-models alone.

These results re-frame terrestrial water–carbon coupling as fundamentally a structural problem, how much vegetation is

there and how does it respond to water availability, rather than a purely physiological problem of how efficiently individual425

leaves use water. This perspective suggests that at seasonal-to-interannual timescales, predicting productivity changes requires

accurate representation of plant recruitment, mortality, and growth dynamics, not just photosynthetic capacity.
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are available through:
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