GCB Bioenergy W ILEY

3@ NAHERE The US Department of Energy Bioenergy Research Centers—

Accelerating the Pathway to Advanced Biofuel and Bioproducts Clobal Changs B

BIOPRODUCTS FOR A SUSTAINABLE BIOECONOMY

| RESEARCH ARTICLE CEIEZD

Impacts of Pasture Conversion to Sugarcane on Water
Fluxes and Water Use Efficiency in the Southeastern US

Sneha Bandyopadhyay!-2 | Elena Blanc-Betes?34 | Cole Walton3 | Tess Rutsteinl-2 | Carl J. Bernacchi236 |
Evan H. DeLucia>**¢(© | Elizabeth H. Boughton’ ©© | Amartya Saha’® | Wendy H. Yang***¢{© | Caitlin E. Moore®* © |
Nuria Gomez-Casanovas!-%1°

ITexas A&M AgriLife Research Center at Vernon, Vernon, Texas, USA | 2DOE Center for Advanced Bioenergy and Bioproducts Innovation, University
of Illinois Urbana-Champaign, Urbana, Illinois, USA | 3Institute for Sustainability, Energy and Environment, University of Illinois Urbana-Champaign,
Urbana, Illinois, USA | “Carl R. Woese Institute for Genomic Biology, University of Illinois Urbana-Champaign, Urbana, Illinois, USA | >Department
of Plant and Soil Sciences, Texas Tech University, Lubbock, Texas, USA | Department of Plant Biology, University of Illinois Urbana-Champaign,
Urbana, Illinois, USA | “Archbold Biological Station, Venus, Florida, USA | 8Centre for Water and Spatial Science, The University of Western Australia,
Crawley, Western Australia, Australia | °School of Agriculture & Environment, The University of Western Australia, Crawley, Western Australia,
Australia | "Rangeland, Wildlife & Fisheries Management Department, College Station, Texas, USA

Correspondence: Nuria Gomez-Casanovas (nuri.gomez-casanovas@ag.tamu.edu)
Received: 3 June 2026 | Revised: 16 July 2026 | Accepted: 21 July 2026

Keywords: bioenergy | evapotranspiration | land use conversion | soil evaporation | stomatal conductance | stomatal sensitivity | transpiration |
transpiration estimation algorithm (TEA)

ABSTRACT

The expansion of sugarcane (cane), a high-yielding perennial crop, will likely reshape the bioenergy landscape in the Southeastern
US. However, its ecohydrological implications, particularly following conversion from grazed pastures, a dominant land use in
the region, remain highly uncertain. We investigated the impact of cane expansion on evapotranspiration (ET) and its partition-
ing, and the mechanisms influencing both ET components and water use efficiency (WUE) across multiple scales and growth
cycles in subtropical Florida. We combined eddy covariance, biometric measurements, and process-based stomatal conductance
(g,) models. ET was 1.7% lower in cane than in improved pasture (IMP) but exceeded that in semi-native pasture (SN) by 21%.
Transpiration (T) followed a similar pattern, consistent with lower g_in cane relative to IMP. Cane had more conservative water
use and greater sensitivity of g_to vapor pressure deficit (VPD) compared to IMP pasture, suggesting cane may be more tolerant
of increasing atmospheric water demand. In contrast, SN showed lower g_and weaker stomatal sensitivity to VPD compared to
cane, resulting in lower T. In cane, stomatal regulation and T varied across growth cycles, with stomata becoming less water
conservative as stands matured, highlighting the importance of incorporating stand age-dependent stomatal regulation into hy-
drological models. Evaporation (E) was higher in cane than pastures (19%-26%), partially offsetting WUE gains. Cane exhibited
higher intrinsic WUE (GPP/g_; Gross Primary Productivity), ecosystem WUE (GPP/ET), and harvest WUE (harvest/ET) than
both pasture types. Large-scale pasture-to-cane conversion could produce widely contrasting hydrological outcomes. The net
regional impact will depend on the proportion of each pasture type converted and on cane’s high g_sensitivity to VPD, which
triggers tight stomatal regulation and conservative water use, both of which will become increasingly consequential under in-
tensifying atmospheric water demand.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,
provided the original work is properly cited.
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1 | Introduction

Bioenergy is a critical climate change mitigation strategy
towards advancing energy independence and greenhouse
gas (GHG) emission reduction (Fuss et al. 2014). However,
agriculture is already a major consumer of freshwater, and
the expansion of biofuel crop production may further inten-
sify this demand, with uncertain consequences for regional
water availability (El-Araby 2024; Chukalla et al. 2025). The
Southeastern United States (SE US) is projected to supply
nearly one-third of national 36-billion-gallon biofuel target
(USDA 2021), with sugarcane (Saccharum officinarum) emerg-
ing as a promising feedstock (Gomez-Casanovas et al. 2024;
Blanc-Betes et al. 2025). Its role in a sustainable bioecon-
omy, however, depends on its ecohydrological performance,
which remains poorly characterized in the context of land-use
changes. A mechanistic understanding of evapotranspiration
(ET) partitioning and drivers of water use efficiency (WUE)
is therefore essential for predicting the hydrological conse-
quences of sugarcane expansion in the SE US.

Meeting the national 36-billion-gallon biofuel target requires
large-scale land-use conversion (Hudiburg et al. 2016). In the
SE US, pasturelands account for roughly 34% of subtropical and
tropical US agricultural land and represent a primary candi-
date for sugarcane expansion in the region (Dixon et al. 2014;
Farmland Information Center 2022).

Evidence from other bioenergy crops suggests that the conversion
from grasslands to bioenergy crops can strongly affect water fluxes
and WUE (Eichelmann et al. 2016; Anapalli et al. 2019; Carvalho
et al. 2024), though outcomes are highly context dependent.
Yimam et al. (2017) found that replacing grasslands with switch-
grass in the southern Great Plains increased annual ET by 2%—
17%, reducing overall landscape-scale water availability, whereas
Abraha et al. (2015) showed that converting Conservation Reserve
Program grasslands to perennial switchgrass or mixed-prairie de-
creased ET, with precipitation driving the differences. While these
findings are not directly transferable to sugarcane given its distinct
canopy structure and water use characteristics, they underscore
that the hydrological consequences of grassland-to-bioenergy con-
version are unlikely to be uniform. Characterizing the specific hy-
drological impacts of pasture-to-sugarcane conversion therefore
requires field-based ET measurements coupled with robust parti-
tioning and WUE estimation frameworks.

Two interacting sources of uncertainty complicate the character-
ization of ET shifts following pasture-to-sugarcane conversion.
First, how canopy structure, stomatal regulation, and rooting
depth, and therefore ET and its components, change as sugarcane
matures across ratoon cycles (i.e., regrowth following each har-
vest, without replanting) remains poorly constrained (Basnayake
et al. 2015; Celis et al. 2023). Reductions in ET from plant to ra-
toon (regrowth following harvest) cane have been observed and
attributed to less vigorous regrowth and a corresponding decline
in transpiration (T) as the crop matures (Cabral et al. 2012; Singta
et al. 2018). However, increased ET in first ratoon compared to
plant cane (Santos et al. 2019) and no change across ratoon cycles
(Bispo et al. 2022) have also been reported. Second, even where ET
differences between land uses are observed, the underlying mech-
anisms cannot be resolved from ET alone. The higher biomass

and vegetation cover in sugarcane systems may promote greater
T through enhanced canopy radiation interception and leaf-level
water loss, whereas the sparser and shorter canopies, and greater
soil moisture exposure of pasture systems tend to favor E over T
(Hu et al. 2009; Dong et al. 2024). In addition, croplands often ex-
hibit tighter stomatal regulation and greater sensitivity of g .to VPD
than grasslands, reflecting stronger coupling between C assimila-
tion and water loss (Chen et al. 2023). In pastures, by contrast, a
larger fraction of ET may arise from soil E (Basnayake et al. 2015;
Eichelmann et al. 2016). While these contradictory findings likely
reflect the context dependency of ET responses to climate, soil, and
management, they also expose a key limitation of ET as a metric.

ET integrates both T and E and therefore it cannot resolve the
distinct physiological and physical processes governing water use
(Anderson et al. 2015; Alavi et al. 2024; Rotenberg et al. 2025).
Partitioning ET into its constituent components is therefore critical
to resolve how structural and physiological differences between
land uses govern the conversion-driven shifts in water use, how
these mechanisms evolve as the crop matures across ratoon cycles,
and ultimately to evaluate the sustained hydrological and WUE
consequences of pasture-to-sugarcane expansion.

Beyond canopy and stomatal effects, sugarcane has the potential
to develop deep root systems capable of accessing subsurface mois-
ture unavailable to shallow-rooted pasture grasses, sustaining T
across a wider range of soil moisture conditions (Inman-Bamber
etal. 2012). Together, these traits suggest that pasture-to-sugarcane
conversion will shift ET partitioning toward greater T, although
the extent to which these structural and physiological differences
translate into higher ecosystem-level ET and WUE remains uncer-
tain, as responses are modulated by VPD, soil moisture availabil-
ity, and crop management (Inman-Bamber et al. 2012).

Here, we investigated how the conversion of pasture to sugarcane
in subtropical Florida (FL) affects water fluxes and WUE over
three growth cycles. Compared to pasture, we hypothesize that
sugarcane will exhibit higher T and ET, driven primarily by struc-
tural traits such as a denser canopy and deeper root system that in-
crease leaf area, total stomatal surface, and access to soil water. We
expect these structural advantages to override the influence of sto-
matal sensitivity to VPD on canopy-scale water fluxes (Ellsworth
and White Jr. 2024; Lunn et al. 2024; Takaragawa et al. 2025). We
further predict that progressive increases in canopy development
and rooting depth as the crop matures lead to an intensification of
these effects across ratoon cycles. Finally, we hypothesize higher
ecosystem-scale WUE in cane than in pasture, as croplands tend
to have a tighter regulation of g, which strengthens the coupling
between C assimilation and ET in cane. By identifying key eco-
logical and physiological mechanisms influencing ET and WUE
following conversion, this study provides actionable insights into
the ecohydrological sustainability of sugarcane production.

2 | Methodology
2.1 | Site Description
The study was conducted from 2019 to 2022 at Archbold

Biological Station's Buck Island Ranch (BIR), a 4290-ha com-
mercial cow—calf ranch that operates as an ecological field
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station (Lake Placid, Florida; 27°09’N, 81°11’W) and is a site
in the USDA's Long-Term Agroecosystem Research (LTAR)
network. The area has a typical, humid, subtropical climate
with distinct seasons: a wet season (mid-May through mid-
October) and a dry season (late-October through early-May).
The area receives mean annual precipitation of 1300 mm, with
ca. two-thirds of total annual precipitation falling from June to
September (1980-2017). The area has a mean high summer air
temperature of ca. 33°C (July-August) and mean minimum win-
ter temperature of ca. 11°C (December-January) (1980-2017)
(Thornton et al. 2016; DayMet database).

The experimental design consisted of three plots: one semi-
native (SN; 16 ha), one improved (IMP; 16 ha) pasture and one
IMP pasture that was converted to sugarcane (cane, hereafter;
34ha) at the beginning of 2019. Details of experimental design,
land use history and agronomic management were thoroughly
described in Gomez-Casanovas et al. (2024). The IMP pasture
and cane fields are adjacent to each other, and the SN pasture is
less than 1 mile away from both sites. Therefore, all sites experi-
enced the same subtropical climate, with minimal differences in
precipitation, irradiance, and air temperature (data not shown).
All sites are dominated by Immokalee sand, a soil series within
the Spodosol order.

Briefly, both the SN and IMP pastures were established in
1950 and composed of C4 grasses. The SN pasture was domi-
nated by native grasses such as purple bluestem (Andropogon
glomeratus var. glaucopsis), redtop panicum (Coleataenia lon-
gifolia), carpetgrasses (Axonopus spp.), and creeping bluestem
(Schizachyrium stoloniferum) (Boughton et al. 2022; Gomez-
Casanovas et al. 2024) with patches of non-native bahiagrass
(Paspalum notatum; Gomez-Casanovas et al. 2018), lacked
drainage ditches and had never been fertilized. In contrast, the
IMP pasture was dominated by Argentine bahiagrass (Paspalum
notatum Flugge; Chamberlain et al. 2017). Both pasture types
have historically been grazed by cattle (Bos taurus L.). Across
the study period, SN pasture had a low to moderate grazing in-
tensity, with a mean stocking rate of 0.17 animal unit (AU) ha—!
(i.e., 0.17 cow-calf pairs ha™'; 0.19 AUha! in 2019; 0.15AUha!
in 2020; 0.05AUha! in 2021; and 0.3 AUha™! in 2022), com-
pared to IMP pasture, which had a heavy grazing intensity with
a mean stocking rate of 0.67 AUha™! (i.e., 0.67 cow-calf pairs
ha™!) (0.89 AUha™! in 2019; 0.65AUha! in 2020; 0.63AUha™!
in 2021; and 0.52AUha! in 2022). Historically, IMP pastures
were extensively ditched, fertilized with nitrogen (ca. 26kgha™!
every 2years) and limed (ca. 229kgha~! every Syears; Swain
et al. 2013). Previous to 1986, these pastures were also fertilized
with phosphorus. These amendments were discontinued for the
duration of this study. Both pastures were managed under tra-
ditional regional practices including prescribed fire (Boughton
et al. 2022). Soils under both pasture types are dominated by
Immokalee sand, a soil series within the Spodosol order.

The cane plot was established in 2019 on previously managed
IMP pasture. Prior to conversion, the site was grazed by cattle
at an average intensity of 1.1 AUhalyear™! and regularly fer-
tilized (nitrogen, ca. 26kgha=" every 2years) and limed (ca.
229kgha! every Syears; Swain et al. 2013). Previous to 1986,
the pasture was also fertilized with phosphorus. Before cane es-
tablishment, bahiagrass was terminated with herbicide and the

field was tilled immediately afterward. During our study, cane
was fertilized with solid N-P-K fertilizer and managed with her-
bicide applications for weed control (Table S1). The cane field
was seepage-irrigated through drainage ditches. Prior to har-
vest, standard regional practices were followed to burn leaves
and tops of the stalks, and biomass was harvested by cutting
stalks approximately 10 cm above the soil surface. Soils beneath
the sugarcane are dominated by Immokalee sand, a soil series
within the Spodosol order, and have a similar bulk density and
organic matter to IMP pastures before land conversion.

In our study, we followed standard definitions in cane liter-
ature and defined plant cane (PC) as cane crop from planting
until first harvest (here, from 2/6/2019 to 2/16/2020), first ra-
toon cane (FRC) as cane crop from first to second harvest (here,
from 2/17/2020 to 2/8/2021), and second ratoon cane (SRC) as
cane crop from second to third harvest (here, from 2/9/2021 to
4/6/2022).

2.2 | Eddy Covariance Data Analysis

Eddy covariance towers were established at the center of each
plot to measure fluxes from February 2019 to April 2022. Flux
measurements, tower equipment, auxiliary instrumentation
were thoroughly described in Gomez-Casanovas et al. (2024).
Briefly, half-hourly raw flux data were collected at 10Hz. This
high-frequency data was processed with EddyPro 7.0.9 (LI-COR
Biosciences, US) following Gomez-Casanovas et al. (2020). A
double-rotation scheme was used to align the coordinate system
to the main wind direction, and crosswind correction of sonic
temperature was implemented by the firmware (R. M. Young
Company Inc., USA). Lagged covariances between vertical wind
velocity and each flux scalar were computed and applied to ac-
count for lag times between the sonic anemometer and the flux
sensors. Humidity and spectral corrections for high-pass and
low-pass filtering were implemented. Spikes in raw flux data
were eliminated, and the quality of each half-hour average was
determined following the 1-9 method (Foken et al. 2004) and
low-quality data such as nighttime periods with no turbulent
mixing were eliminated (flags >7). A Hsieh cross-wind-inte-
grated flux footprint model was used to identify periods when
the fluxes corresponded to areas outside the plot's edges (Hsieh
et al. 2000).

Visualization and QA/QC of data were performed using
PyFluxPro 3.4.23 (Isaac et al. 2017). Missing half-hour soil-
meteorological parameters and latent heat (LE) data were gap
filled using the eddy covariance and flux gap filling online tool
(Reichstein et al. 2005). Fluxes were filtered for low friction ve-
locity (u*) and gap-filled using the marginal distribution sam-
pling approach. Physically plausible thresholds based on visual
inspection of half-hour data series as well as standard QA/QC
of half-hourly flux data were applied to remove spurious obser-
vations (Zeri et al. 2013; D. Baldocchi 2014; Isaac et al. 2017,
Gomez-Casanovas et al. 2020). Briefly, LE were discarded if
they were <—100 or >700 Wm™?; sensible heat flux (H) was dis-
carded if it was <—150 or >400 W m~2. Meteorological variables
including vapor pressure deficit (VPD), relative humidity (RH),
air temperature (T, ), air pressure (p,), soil temperature (T, ;)

were discarded if they were not within 0-50hPa, 0%-110%,
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—10°C to 60°C, 80-110kPa, and —10°C to 60°C, respectively
(Nicholls et al. 2024).

Total uncertainty in fluxes was estimated by error propagation
accounting for both random measurement error and gap-filling
uncertainty (Richardson and Hollinger 2007). Because eddy co-
variance measurements are difficult to replicate spatially and
integrate continuous fluxes over large heterogeneous source
areas, this study was consistent with most eddy covariance-
based studies that used uncertainty propagation rather than
site replication for statistical inference. Uncertainty estimates
in water fluxes have been previously used to test differences
between land uses and ratoon age (Aubinet et al. 2012; D. D.
Baldocchi 2020; Xu et al. 2022; Gomez-Casanovas et al. 2024).
In this study, overlapping uncertainty bounds between two
land uses were interpreted as indicating similar flux magni-
tudes, while non-overlapping uncertainty bounds were inter-
preted as indicating meaningful differences between them.

Ecosystem total water use (evapotranspiration; ET) was calcu-
lated from the eddy covariance-derived LE following the energy
balance approach:

ET = LE

T rXop, @

where y = latent heat of vaporization, p,, = water density.

2.3 | Evapotranspiration Partitioning

The Transpiration Estimation Algorithm (TEA) was used to
partition ecosystem ET into T and E using the eddy covariance
data and auxiliary measurements (Nelson et al. 2018; Nelson
et al. 2020). The TEA exploits the coupling between C uptake
(i.e., gross primary productivity; GPP) and plant water use to
train a random forest (RF) model to predict T (i.e., T=GPP/
WUE) and E as the residual (i.e., E=ET — T) at each timestamp
(i.e., every half-hour interval).

Briefly, the algorithm first identified periods when T is expected
to dominate ET (i.e., T/ET ~ 1) using multiple data filters includ-
ing periods when half-hourly GPP >0.05umol C m~2 30min~?;
daily GPP >0.5g C m~2day}, air temperature (T, )>5°C; in-
coming radiation (R ) >0W m~2; and a conservative surface wet-
ness index (CSWI) < —0.5 (Nelson et al. 2018).

The CSWI was conceptualized as a shallow bucket model, sim-
ulating surface water balance relative to the most recent precip-
itation event and reflecting how close surface soil moisture is to
field capacity (higher surface wetness is assumed to have higher
E) (Nelson et al. 2018):

Sy =8, +P, —ET, )

where P,=precipitation at time ¢, S,, S, , =surface water stor-
age for each half-hourly time-stamp ¢ and {1, and ET,=ET at
time ¢.

The CSWI was then calculated as follows:

CSWI = max (S;, min (P,, Sy )) ©)

where S, defined as maximum allowable surface water stor-
age, was set to 5mm based on model calibration conducted by
Nelson et al. (2018).

Periods with CSWI > —0.5mm were excluded from model train-
ing, as higher values indicate wetter surface conditions associ-
ated with elevated E contribution to total ET. Following the data
filtering, a quantile RF Regressor machine learning approach
(Meinshausen and Ridgeway 2006) was trained to learn the re-
lationship between the environmental factors controlling the
plant-driven ecosystem WUE at a half-hour time scale (hh-
eWUE=GPP/ET). During filtered periods (CSWI < —0.5), the
model assumes that E was negligible relative to T (T/ETx 1),
such that ET~T and hh-eWUE approximated plant-driven
WUE rather than a mixed soil-plant signal. The RF model was
trained using a set of input features including both meteorologi-
cal variables, T, , relative humidity (RH), VPD, wind speed (),
potential radiation (Rg_pot), and ground heat flux (G), as well as
GPP. By analyzing these inputs, the RF identified patterns that
explained variations in plant-driven hh-eWUE following Nelson
et al. (2018).

The quantile RF ensemble approach uses multiple decision
trees (n=100) to be able to capture the complex, nonlinear rela-
tionships between the controlling factors and plant-driven hh-
eWUE. In our study, each tree trained on a random bootstrap
sample of this filtered data and used a random subset of fea-
tures at each split, allowing the model to robustly predict plant-
driven hh-eWUE across the full half-hourly timeseries (Nelson
et al. 2018; Nelson et al. 2020). This allowed the model to “learn”
how varying environmental conditions influenced plant-driven
hh-eWUE. Once trained, the RF was then able to predict hh-
eWUE for all half hourly data using the behavior learned from
the periods when plants were driving WUE. This predicted hh-
eWUE was then used to estimate plant-driven T across the en-
tire dataset as follows:

T= GPP/ hh - eWUEpredicted (4)

Rather than producing a single mean prediction, the quantile
RF estimates the conditional distribution of plant-driven hh-
eWUE for each half-hourly observation. In this equation, final
partitioned fluxes were extracted from the 75th percentile of
the RF predicted hh-eWUE distribution, following the sen-
sitivity analyses reported by Nelson et al. (2018) and Nelson
et al. (2020). The 75th percentile was selected to reduce the in-
fluence of incidental background evaporation on the estimated
plant-driven relationship. Although the model assumes that E
is negligible when CSWI < —0.5, some residual soil or surface E
may still occur during these periods. Using the upper percentile
of the predicted hh-eWUE distribution therefore assigns greater
weight on conditions which mostly represent T-dominated water
loss and limits the extent to which residual background E in-
flates the estimated T flux (Table S3). With nighttime T set to
zero, E for each half hour was estimated as follows:

Erpa = ET = Trgy )

All data processing and partitioning steps followed the publicly
available reference source code described in Nelson et al. (2020).
The Model hyperparameters were selected based on the sensitiv-
ity analysis done in Knauer et al. (2018).
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2.4 | Stomatal and Aerodynamic Conductance

Stomatal conductance (g,) was estimated at canopy scale with
the inverted Penman-Monteith equation using the aerodynamic
conductance (g,) and surface conductance within the R package
“bigleaf” model framework (Monteith 1965) using the function
surface.conductance following Knauer et al. (2018) and Knauer
et al. (2022):

YLETga 6
A(R, - G) +pC,VPDg, — LE1(A +7) ©

8 =

where A (PaK™) was the slope of saturated vapor pressure, (R, — G,
W m~2) was available energy (difference between net radiation and
ground heat flux), p (kgm~3) was air density, C, (kg 'K wasair
heat capacity, y (PaK 1) was psychrometric constant, VPD (Pa) was
vapor pressure deficit, LE, (Wm~2) was latent heat flux derived
from transpiration, and g, (ms™) was aerodynamic conductance.

We used the Monteith-Unsworth model to estimate g, (Monteith
and Unsworth 1990, 2013) within the R package “bigleaf”
model framework using the function aerodynamic.conductance
following Knauer et al. (2018) and Knauer et al. (2022):

- u _2
L1'=(F+6.2u* ) )

where u (ms™') was wind speed at reference height, u* was fric-
tion velocity (ms1).

Uncertainty in both g, and g, was expressed as the standard
error, calculated as the standard deviation divided by the square
root of the sample size.

At the ecosystem scale, surface conductance includes both
stomatal and soil conductance. Physiologically significant
interpretations of g can be unreliable because the relation-
ship between surface conductance and atmospheric variables,
often attributed to stomatal regulation, may in fact be driven
by soil conductance and soil-atmosphere coupling, even in
the absence of plants (Vargas Zeppetello et al. 2023). This can
lead to misattributing variability to stomatal behavior and ig-
noring the influence of atmospheric conditions on soil con-
ductance. To ensure that g_is physiologically meaningful, we
restricted the analysis to periods when g closely represented
canopy conductance (g,). This condition is met when vegeta-
tion is photosynthetically active and neither soil nor canopy
surfaces are wet, thereby minimizing contributions from non-
stomatal E.

For this purpose, LE was derived specifically from T partitioned
by the TEA framework, excluding soil E as this framework fo-
cused only on plant-controlled fluxes, avoiding soil contribu-
tions (Kelliher et al. 1995; Nelson et al. 2020). Calculations were
further limited to daytime conditions (Fpard> 10pumolm—2s71),
when vegetation was photosynthetically active, ensuring
stomatal-driven T (Baldocchi et al. 2001; Novick et al. 2016).
Additional filtering accounted for periods with low g, that were
excluded to remove conditions of inadequate atmospheric mix-
ing (Baldocchi and Meyers 1998; Baldocchi et al. 2002; Knauer
et al. 2018), and timestamps with zero VPD were also excluded

(Oren et al. 1999; Medlyn et al. 2011) to retain periods when T
was actively driven by VPD.

2.5 | Stomatal Behavior Models

The Unified Stomatal Optimization model (USO; Medlyn
et al. 2011) and the Oren model (Oren et al. 1999) characterize
stomatal behavior to VPD from complementary perspectives.
The USO model provides a mechanistic, optimization-based
representation of how stomata balance C gain against water
loss. This model yields the parameter g, as a water-use strategy
indicator. The Oren model quantifies the empirical sensitivity
of g, to VPD through a log-linear relationship, independently
of assumptions about C assimilation. Together, these formula-
tions allow stomatal regulation to be interpreted both in terms
of underlying plant water-use economics and in terms of the
magnitude and direction of stomatal response to VPD across
land-use types.

2.5.1 | USO Model

The USO model (Medlyn et al. 2011) provides a mechanistic
representation of g as a function of VPD and atmospheric CO,
concentration. It relies on the theory that plants optimize stoma-
tal regulation to balance C gain and water loss, maintaining the
trade-off between photosynthesis and T and enhancing WUE
under varying VPD (Cowan and Farquhar 1977). The USO
model has been implemented extensively in multiple land sur-
face models (De Kauwe et al. 2015; Haverd et al. 2018; Lawrence
et al. 2019; Sabot et al. 2022), supporting its use for physio-
logically meaningful interpretation of stomatal regulation in
this study via the bigleaf R Package (function: stomatal.slope)
(Knauer et al. 2018; Knauer et al. 2022).

The USO model integrates the Ball-Berry model of g_(Collatz
et al. 1991), the Farquar photosynthesis model (Farquhar
et al. 1980; Arneth et al. 2002), and the optimal stomatal con-
trol theory of Cowan-Farquhar stomatal optimization theory
(Cowan and Farquhar 1977). Using the USO model, stomatal
responses were characterized by the parameter g;, which de-
scribes how stomata respond to VPD and net C assimilation
as follows:

&1 )An
= ®
VB.) S
where D, is vapor pressure deficit (kPa); A, is net photosynthesis
(umol CO, m™2s™), represented as GPP in the present study; C, is
atmospheric CO, concentration (umolmol™); g is stomatal con-
ductance to water vapor (molm—s™); g, is the residual conduc-
tance to water vapor when A, approaches zero (molm=2s~'), and
it was fitted with g, as residual or baseline conductance to water
vapor when net photosynthesis approached zero; and g, (kPa®>) is
the slope parameter indicating stomatal responsiveness and quan-
tifying how sensitive g_is with changes in VPD, 1.6 is a factor con-
verting from conductance to CO, to conductance to water vapor.

8 = 8o + 1.6(1 +

The parameter g, reflects the optimal stomatal behavior through
minimizing the integrated sum of (T — AA, ) over time (5,). Here,
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A is a Lagrange multiplier in the optimization framework (Katul
et al. 2010; Han et al. 2023) that represents the marginal water cost
of C gain (Cowan and Farquhar 1977; Medlyn et al. 2011) and thus
reflects stomatal water-use strategy.

Lower g, indicates higher A, prioritizing water conservation
and suggesting more conservative stomatal behavior, whereas
higher g, corresponds to lower A, prioritizing C assimilation
and suggesting less conservative stomatal strategy, particularly
under increasing VPD (Lin et al. 2015).

2.5.2 | Oren Model

Stomata typically respond to increasing VPD by partially closing,
thereby moderating T losses (Lange et al. 1971). Previous studies
have shown that this response results in a non-linear increase in
T, which reaches a plateau and may even decline under very high
VPD (Jarvis 1980; Monteith 1995; Grossiord et al. 2020). Evidence
further suggests that stomatal closure is triggered primarily by T
rather than VPD itself, indicating a feedback mechanism linked to
water loss from leaves (Mott and Parkhurst 1991).

To quantify this stomatal response to VPD, we applied the Oren
model (Oren et al. 1999), implemented via the bigleaf R pack-
age (function: stomatal.sensitivity) (Knauer et al. 2018; Knauer
et al. 2022). The Oren model describes a log-linear relationship
between g and VPD, providing a quantitative measure of how
stomata respond to VPD as follows:

g =b—mIn(VPD) ©

where g is stomatal conductance (molm=2s-1), VPD is vapor
pressure deficit (kPa), —m was the slope (i.e., -m = — éfﬁSD) and
quantifies the sensitivity of g, to VPD and b was intercept with
respect to In(VPD) and corresponds to reference stomatal con-

ductance (gpp) at VPD=1kPa.

The Oren model provides not only a quantitative measure of
stomatal sensitivity to VPD, defined as stomatal closure or
openness, but also a framework for interpreting plant water-use
strategies along the continuum from drought avoidance to toler-
ance (Oren et al. 1999).

In our study, the ratio ( —m/b[) was used as an indicator of
normalized stomatal sensitivity to VPD, and hence it provides a
relative measure of stomatal response to VPD. A higher| — m /b|
ratio indicates rapid stomatal closure and a more conservative
water-use strategy, whereas a lower | — m / b| ratio reflects lower
stomatal sensitivity, with stomata remaining open longer as
VPD increases (Oren et al. 1999).

2.6 | Estimation of WUE Metrics

WUE can be quantified as a scale-dependent metric that inte-
grates different aspects of the C and water relationship across
different levels of biological systems. In this study, we estimated
four WUE metrics spanning canopy, plant, ecosystem, and
biome scale to characterize how effectively water resources are
converted into C assimilation and biomass across the study sites.
Together, these metrics link stomatal regulation to GPP, GPP to

total ET, water consumption to harvestable productivity, and
net ecosystem C balance (NECB) to total ET, providing a multi-
scale picture of agroecosystem water budget. Total uncertainty
in WUE metrics was estimated by error propagation of the nu-
merator and the denominator.

At the canopy scale, intrinsic WUE (iWUE) was estimated as
follows (Hoover et al. 2023; Zhang et al. 2019):

GPP
G

N

iWUE = 10)
where GPP represents gross C assimilation; g represents canopy-
scale stomatal conductance.

At the plant scale, harvested WUE (hWUE) was estimated as
follows (Zeri et al. 2013):

Harvested biomass

hWUE = BT

11)

where harvested biomass represents mechanically har-
vested yield for cane and grazed or consumed biomass for
pasture, the latter obtained using the movable cage method;
data are reported in Gomez-Casanovas et al. 2024; ET is
evapotranspiration.

At the ecosystem scale, ecosystem WUE (eWUE) was estimated
as follows (Wagle, Kakani, and Huhnke 2016; Wagle, Xiao,
et al. 2016; Hoover et al. 2023):

eWUE = SPP

BT 12)

where GPP, gross primary productivity; ET, evapotranspiration.

At the biome scale, biome WUE (bWUE) was estimated as
follows:

NECB

bWUE = BT

13)

where ET is evapotranspiration; and NECB, net ecosystem C bal-
ance which represents the net exchange of C between the ecosys-
tem and the atmosphere, and integrates the net ecosystem CO,
exchange as well as all C inputs (i.e., biomass from prior land use,
cattle dung input) and outputs (harvest biomass, fire). The NECB
indicates whether the system acts as a net C source (positive
NECB) or a sink (negative NECB) (Gomez-Casanovas et al. 2024).
Because bWUE is defined as the ratio of NECB to ET, it inher-
its the sign convention of NECB. Accordingly, interpretation of
bWUE therefore requires considering both its magnitude and
sign rather than treating it as a conventional WUE metric, where
a higher negative NECB reflects greater bWUE. Specifically, pos-
itive bWUE reflects net C source per unit water use, whereas neg-
ative bWUE indicates net C sink per unit water use.

2.7 | Statistical Analysis

To improve model interpretability and reduce the collin-
earity among environmental parameters influencing T and
ET, we calculated a variance inflation factor (VIF) using the
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variance_inflation_factor function from statsmodels.stats li-
brary (version 0.14.6) in Python (version 3.12.3). Predictors
with VIF>10 were considered highly collinear and were ex-
cluded stepwise, prioritizing retention of ecologically interpre-
table variables influencing T and ET (Hou et al. 2020; Dertli
et al. 2024). Based on these diagnostics and ecological rele-
vance, a common set of environmental parameters (i.e., VPD,
soil water content; SWC, photosynthetic active radiation; PAR,
ambient CO, concentration, u*) was selected for inclusion
at all sites. We then fitted forward stepwise linear regression
using LinearRegression function from sklearn.linear_model li-
brary (version 1.7.0) in Python (version 3.12.3). Starting with
an intercept-only model (i.e., y = f,; where y is the dependent
variable and g, is the intercept), drivers were added one at a
time; followed by refitting the model and computing Akaike
Information Criterion (AIC). The combinations of parameters
yielding reduction in AIC were retained and this process was
repeated until no additional predictor lowered AIC, thereby
balancing improved fit against increased model complexity.
The calculation of AIC was as follows:

AIC = nln(%) +2k

14
where n=sample size, k =number of independent parameters of
the model, RSS =sum of squared residual.

For the final selected model at each site, we evaluated model
performance using coefficient of determination (R?), root mean
squared error (RMSE). Lastly, we calculated standardized re-
gression coefficients to calculate relative importance (%) for
each driver as follows:
std
J
std
77|

Relative Importance (%) = X 100

1s)

where the standardized regression coefficient for predictor j.

std
p J

To characterize the g -VPD relationship, the half-hourly g val-
ues were binned by VPD (bin width=0.2kPa) and 95% confi-
dence intervals (CI) within each bin for each land use and study
period were calculated following methods described in Novick
et al. (2016) (Figure S4).

To estimate uncertainty in seasonal sums from the modelled T
and E, we used a block-bootstrap approach that considers both
the time-series structure and model variance. Each site and
growing season were divided into fixed length blocks to pre-
serve temporal dependence. These blocks were repeatedly resa-
mpled (n=1000), and small random noise based on the model's
standard error was added to each time step. For each resam-
pled series, values were summed to produce a possible seasonal
sum. For each bootstrap iteration, resampled block values were
summed to produce a seasonal total; the spread of these totals
across all iterations was then used to quantify uncertainty for
each site and growing season. These uncertainties represent
the 95% CI from the block bootstrap Montecarlo simulations.
This bootstrapped uncertainty was also performed from the
SciPy library (version 1.16.1) in Python (version 3.12.3) (Wang
et al. 2015; Jian et al. 2022).

Standard errors for the fitted stomatal model parameters m, b, and
g, were estimated based on the variance covariance matrix of the
fitted model using the bigleaf R package (R version: 4.4.2. bigleaf
version 0.8.2). The standard error was calculated as the square root
of the diagonal elements (i.e., variance of the mean of the specific
estimated variable) of the covariance matrix. For the | — m / b| pa-
rameter the standard error was estimated by error propagation
based on uncertainty from both m and b parameters.

For USO, AIC and RMSE were used to assess the model fit.
Specifically, AIC accounted for model complexity while quan-
tifying goodness of fit, whereas RMSE provided a direct mea-
sure of predictive error, making both metrics more informative
for assessing nonlinear, multi parameter formulations. On the
other hand, R? was used to quantify the proportion of variance
in g explained by modeled stomatal response to VPD. All these
analyses were conducted in R (version 4.4.2) using the bigleaf
package (version 0.8.2).

3 | Results

3.1 | Meteorological Conditions
RH, PAR, and T, were similar across study years, whereas pre-
cipitation and VPD varied among years (Figure 1 and Figure S1).
Total precipitation increased over time, from 1158 mm (January
2019-February 2020) to 1234mm (March 2020-February 2021)
and 1509 mm (March 2021-April 2022) (Figure S1). In contrast,

VPD ranged from 680 to 717 Pa across years, declining from 691
to 680 Pa before increasing to 717 Pa (Figure 1).

3.2 | Evapotranspiration and Its Partitioning

Overall, ET was slightly lower in cane than improved pasture
(IMP) by 1.7%, and consistently higher than in semi-native pas-
ture (SN) by 21% (Figure 2). Although these ET differences be-
tween cane and IMP were small, differences varied markedly
across growth cycles. Immediately after conversion, ET in plant
cane (2/6/2019 to 2/16/2020; PC) was 13% lower than in IMP.
With increasing stand age, ET in first and second ratoon cane
exceeded that of IMP (FRC, 2/17/2020 to 2/8/2021; and SRC,
2/9/2021 to 4/6/2022, respectively) by 6% and 4%, respectively.

Across land uses, T followed a similar pattern, averaging 8%
lower in cane than in IMP and 19% higher than in SN on average
across growth cycles (Table 1, Figure S2). Annual T ranged from
397 to 603mm H,0 m~year™ in cane, from 435 to 616 in IMP,
and from 373 to 491 in SN. Across all land uses, T was the dom-
inant component of ET (Figure S2), contributing up to 72%-77%
of total water use (Table 1).

Compared to ET and T, E showed contrasting patterns across
land uses. On average, E was higher in cane than in both IMP
(19%) and SN (26%), and differences varied across growth
cycles (Table 1 and Figure S2). Shortly after conversion, E
in PC was lower than in both IMP (14%) and SN (3%). As the
cane stand matured, however, E increased substantially. In
FRC, cane E exceeded IMP by 49% and SN by 70%, while in
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FIGURE1 | Seasonal variation in (A) vapor pressure deficit (VPD) and (B) photosynthetically active radiation (PAR), and (C) relative humidity

(RH) in 2019, 2020, 2021, and 2022.

SRC it exceeded the reference ecosystems by 27% and 20%,
respectively.

Variations in ET and T were explained by a combination of envi-
ronmental drivers, with VPD and PAR as the dominating factors
across all land uses and minimal contributions from ambient
CO, concentration, friction velocity (u*), and soil water content
(SWC) (Table 2). While both VPD and PAR explained most vari-
ation in ET and T in cane and IMP, PAR was the primary driver
in SN.

3.3 | Stomatal Conductance and Sensitivity

Over the course of the study, g, in cane was consistently lower
than in IMP but higher than in SN (Figure 3A), while g, in
cane was consistently higher than in both pastures (Figure S3).
Following conversion, g, in PC was 35% lower than in IMP
but 47% higher than in SN, mirroring the land use differences

observed for ET and T (Figure 3B). Differences in g, between
cane and IMP decreased with ratoon age.

Overall g;, which reflects stomatal behavior in balancing C
gain and T, was 31% lower in cane than in IMP and 22% lower
than in SN (Figure 4). These differences varied systematically
across growth cycles (Figure 4A). Following conversion, g, in
PC was 74% and 64% lower than in IMP and SN, respectively;
in FRC differences narrowed to 30% and 35%, whereas in SRC
g, exceeded both IMP and SN by 9% and 25%, respectively
(Figure 4B).

Overall, the | — m/b| ratio, which reflects stomatal sensitivity
to VPD relative to reference conductance, was higher in cane
than in both pastures (Figure 5). Differences between land uses
varied across growth cycles (Figure 5). On average, the ratio was
59% higher in cane than in IMP and approximately 8-fold that
of SN (Figure 5A). Following conversion from IMP, the| — m / b|
ratio in PC was 56% higher than in IMP while FRC showed
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FIGURE2 | Cumulative evapotranspiration (ET) for sugarcane (cane), improved pasture (IMP), and semi-native pasture (SN) in 2019, 2020, 2021,
and 2022. Plant cane (PC) was defined as sugarcane crop from planting until first harvest (here, from 2/6/2019 to 2/16/2020), first ratoon cane (FRC)
as cane crop from first to second harvest (here, from 2/17/2020 to 2/8/2021), and second ratoon cane (SRC) as cane crop from second to third harvest

(here, from 2/9/2021 to 4/6/2022).

TABLE 1 | Evapotranspiration (ET) partitioning across the study TABLE 2 | Model performance for identifying drivers of
periods. evapotranspiration.
Cumulative Cumulative Land use AIC RMSE R2
Tm?e E (_Tm H_zl() T (_Tm H_Zlo Model fit for drivers of T variability
period Landuse m™2year™) m~2year)
Cane -300,973.2 0.034 0.66
2/6/2019 to PC 152.10+2.16 524.03+7.44
IMP -311,751.4 0.028 0.77
2/16/2020 IMP 176.45+2.39 601.99+8.16
SN 157.21+2.19  412.76+5.75 SN 395,998.8 0.022 073
Model fit for drivers of ET variability
2/17/2020 to FRC 228.55+3.13 397.11+£5.43
C —291,863.2 0.037 0.71
2/8/2021 IMP 153.08+£2.28  435.61%6.48 ane
SN 134.22+1.95 373.95+5.45 IMP ~306,060.8 0.03 0.80
N —386,927.5 0.024 0.79
2/9/2021 to SRC 202.90£2.61 603.29+7.76 S
4/6/2022 Note: Performance of the forward stepwise regression model in identifying the
IMP 160.13+2.10 616.61+8.09 key drivers of variation in evapotranspiration (ET) and transpiration (T). Model
performance was evaluated using the Akaike information criterion (AIC), root
SN 169.59+2.23 491.92+6.47 mean square error (RMSE), and coefficient of determination (R?).
Entire study Cane 194.52+2.66  508.14%+6.95
2/6/2019 to similar values to IMP. In SRC, the ratio increased again, exceed-
4/6/2022 IMP 163.22£2.26  551.41£7.61 ing IMP and SN by 158% and 340%, respectively (Figure 5B).
SN 153.67+2.13 426.21£5.91

Note: Evapotranspiration (ET) partitioning into evaporation (E; non-productive
water loss: mm H,0 m~?year) and transpiration (T; productive water use: mm
H,0 m~2year?) for sugarcane (cane), improved pasture (IMP), and semi-native
pasture (SN) across the study period and by year in 2019, 2020, 2021, and 2022.
PC was defined as sugarcane crop from planting until first harvest (here, from
2/6/2019 to 2/16/2020), FRC as cane crop from first to second harvest (here,
from 2/17/2020 to 2/8/2021), and SRC as cane crop from second to third harvest
(here, from 2/9/2021 to 4/6/2022). Overlapping uncertainty bounds between
two land uses were interpreted as indicating similar flux magnitudes, while
non-overlapping uncertainty bounds were interpreted as indicating meaningful
differences between them.

The USO model provided the best fit across land uses, as in-
dicated by the lowest AIC (more negative values) and RMSE
(Table S2). The Oren model showed a weaker fit than the USO
model, with relatively low R? (Table S2); nevertheless, the stoma-
tal sensitivity parameters (i.e., —m and | — m / b| ratio) were well-
constrained with small standard errors (Figure 5; Table S2).
Despite these relatively low R?, statistically meaningful differ-
ences in stomatal sensitivity parameters were observed across
land uses and study periods.
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FIGURE 3 | Mean stomatal conductance (g) for sugarcane (cane), improved pasture (IMP), and semi-native pasture (SN) across the study pe-
riod (A) and by year in 2019, 2020, 2021, and 2022 (B). PC was defined as sugarcane crop from planting until first harvest (here, from 2/6/2019 to
2/16/2020), FRC as cane crop from first to second harvest (here, from 2/17/2020 to 2/8/2021), and SRC as cane crop from second to third harvest
(here, from 2/9/2021 to 4/6/2022). Overlapping uncertainty bounds between two land uses were interpreted as indicating similar g, magnitudes,

while non-overlapping uncertainty bounds were interpreted as indicating meaningful differences between them.

3.4 | WUE Metrics

Overall, iWUE (GPP/g) was higher in cane than in both IMP
(50%) and SN (16%), indicating greater stomatal C assimilation
efficiency per unit water loss (Figure 6). Relative to IMP, iWUE
was consistently higher in cane across all growth cycles, with
the largest difference in PC (88%) and more moderate differ-
ences in FRC (34%) and SRC (33%) (Figure 6). Relative to SN,
iWUE was similar in FRC but higher in PC and SRC by 30% and
19%, respectively.

At the plant and ecosystem scales, hWUE (harvest/ET) and
ecosystem WUE (GPP/ET) reflect how efficiently crops con-
vert water into yield and gross productivity, respectively. In
cane, hWUE was 3-9 fold higher and eWUE 22%-51% higher
than in pastures (Figures 7 and 8), though differences varied
across years. For hWUE, cane exceeded both pastures across all
growth cycles, with the largest differences in PC (5-21 fold), fol-
lowed by FRC (3-8 fold) and SRC (2-5 fold) relative to IMP and
SN (Figures 7 and 8). Similarly, eWUE was higher in cane across
all growth cycles, with PC showing the greatest differences rela-
tive to IMP (39%) and SN (61%), followed by SRC (16% and 56%)
and FRC (12% and 38%) (Figures 7 and 8).

At the biome scale, a positive BWUE indicates that the system
acts as a net C source per unit of water used, whereas a negative
bWUE indicates a net C sink. Overall, SN pasture maintained a

negative bWUE throughout the study period, acting as a net C
sink per unit of water used, while cane showed more variable be-
havior across growth cycles. Specifically, bWUE was positive in
PC, indicating a net C source per unit water used, and decreased
progressively through FRC, approaching the values of IMP in
SRC (Figure 9).

4 | Discussion

The conversion of pasture to cane reshaped water fluxes and
WUE, though the direction and magnitude of these changes
depended strongly on the land use to be replaced (Figure 10).
ET in cane was lower than in IMP, driven by lower T. ET
was higher in cane than SN, as both T and E were greater
in cane than SN pasture. E accounted for a larger fraction of
total water loss in cane than in either pasture type, indicat-
ing greater non-productive water use. Consistent with these
patterns, cane exhibited a higher marginal water cost of C
gain (lower g ) and greater stomatal sensitivity to VPD (higher
|-m/bl) than IMP, reflecting a more conservative yet VPD-
responsive stomatal behavior in cane than IMP. Although the
Oren model showed relatively low R?, its well-constrained
parameters indicated that the derived stomatal sensitivity es-
timates were robust, supporting their use for complementary
insights into water conservation strategies across land uses
and study periods, consistent with findings elsewhere (Oren
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FIGURE 4 | Mean stomatal sensitivity index (g;) and g, for sugarcane (cane), improved pasture (IMP), and semi-native pasture (SN) across the

study period (A) and by year in 2019, 2020, 2021, and 2022 (B). G, reflects stomatal behavior in balancing C gain and T. PC was defined as sugarcane
crop from planting until first harvest (here, from 2/6/2019 to 2/16/2020), FRC as cane crop from first to second harvest (here, from 2/17/2020 to
2/8/2021), and SRC as cane crop from second to third harvest (here, from 2/9/2021 to 4/6/2022). Overlapping uncertainty bounds between two land

uses were interpreted as indicating similar g; magnitudes, while non-overlapping uncertainty bounds were interpreted as indicating meaningful

differences between them.

et al. 1999; Sabot et al. 2022). In contrast, SN exhibited higher
g, and lower |-m/bl than cane, indicating less conservative
water use and weaker stomatal sensitivity to VPD. Despite
these differences in stomatal strategy and E/T partitioning,
cane exhibited greater WUE per unit of biomass and C as-
similation than both pasture types, reflecting its higher pho-
tosynthetic capacity per unit water lost. Together our results
suggest that the hydrological consequences of cane expansion
differed markedly between the land use replaced: compared to
IMP, cane showed modest reductions in ET with WUE gains,
whereas compared to SN, cane drove substantially larger
shifts in water balance with greater WUE improvements, but
at the cost of increased non-productive water loss.

4.1 | Impact of Land Use Conversion on Water Use

Pasture-to-cane conversion can cause widely divergent ET re-
sponses, with reported decreases of 5% to increases of up to
30% (Hernandes et al. 2014; Hernandes et al. 2018; Anache
et al. 2019), yet the drivers of this variability remain poorly un-
derstood largely due to the scarcity of multi-year field measure-
ments with a mechanistic focus (Stoy et al. 2019; Feng et al. 2020;
Chang et al. 2023). Our results showed that the type of pasture
being displaced is a critical determinant of ET response to this

land conversion (Figure 10). The underlying mechanisms and
implications are discussed below.

4.1.1 | Land Uses Exhibited Distinct Stomatal
Regulation Pathways

Cane exhibited tighter stomatal regulation, stronger VPD sen-
sitivity, lower T despite higher GPP (i.e., greater WUE), and
lower g relative to IMP pasture (Figure 5 and Figure S4).
This is consistent with a more conservative, isohydric-like
water-use strategy compared to IMP, which exhibited a more
anisohydric-like strategy (Oren et al. 1999). In other plant spe-
cies, isohydric-like behavior has been associated with greater
tolerance to increasing VPD and some degree of resilience
under mild drought conditions (Chen et al. 2022; Hu, Ma, and
Wang 2023; Hu, Sun, et al. 2023; Schumann et al. 2024). Given
projected increases in VPD, our results suggest that cane is
better adapted to tolerate increasing atmospheric water de-
mand by limiting water loss and reducing the risk of hydraulic
stress compared to IMP pasture; however, under prolonged
or severe VPD increases, sustained stomatal closure may re-
strict C gain, potentially leading to reduced productivity and
increased susceptibility to C starvation (Reyes et al. 2020; Cai
et al. 2023).

GCB Bioenergy, 2026
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FIGURE 5 | Mean stomatal sensitivity index (| — m / b|) for sugarcane (cane), improved pasture (IMP), and semi-native pasture (SN) across the

study period (A) and by year in 2019, 2020, 2021, and 2022 (B). The index reflects how rapid stomata closes and opens upon changes in VPD. PC was
defined as sugarcane crop from planting until first harvest (here, from 2/6/2019 to 2/16/2020), FRC as cane crop from first to second harvest (here,
from 2/17/2020 to 2/8/2021), and SRC as cane crop from second to third harvest (here, from 2/9/2021 to 4/6/2022). Overlapping uncertainty bounds
between two land uses were interpreted as indicating similar index magnitudes, while non-overlapping uncertainty bounds were interpreted as in-

dicating meaningful differences between them.

Unlike the isohydric-like stomatal response observed in cane,
SN pasture exhibited lower T and g_ but weak stomatal sensitiv-
ity to VPD, consistent with its inherently low baseline g (Oren
et al. 1999). Rather than reflecting differences in stomatal regu-
lation strategy alone, this pattern may indicate site-specific hy-
drological and structural constraints. For instance, unlike IMP
and cane, SN pastures lacked drainage ditches, resulting in lon-
ger inundation periods that may suppress root water uptake and
limit T independent of stomatal regulation (Gomez-Casanovas
et al. 2024).

The contrasting stomatal strategies identified across land uses
(isohydric-like in cane, anisohydric-like in IMP, and baseline
glike in SN) likely represent a key determinant of the distinct
pathways through which large-scale land use conversion may
feedback on a changing climate (Basnayake et al. 2015; Anache
et al. 2019; Baca Cabrera et al. 2021). By altering not only mean T
but also its sensitivity to future atmospheric demand, these con-
trasting strategies will also mediate how each land use responds
to projected increases in VPD.

The SN-to-cane displacement may carry further important
thermal implications (Whitehead 1998; Buckley 2019; Miralles
et al. 2025). Enhanced T and ET in cane relative to SN pasture
implies higher LE flux, which may increase evaporative cooling

capacity following conversion, particularly during the heat waves
projected to intensify under future climate scenarios (Mukherjee
and Mishra 2021; Domeisen et al. 2023; Tripathy et al. 2023).
This represents a fundamental trade-off. The greater water use
in cane relative to SN pasture carries an evaporative cooling ben-
efit, with large-scale conversion potentially moderating local and
regional heat stress, though this benefit must be weighed against
the increased water demand in what are often water-limited
landscapes.

4.1.2 | Stand Age Is an Important Driver of T
and Stomatal Regulation

As cane matured, g, increased, indicating a shift towards less
conservative stomatal regulation (Figure 4). This resulted in
stomata remaining open longer despite similar VPD across the
study years (from 680 to 717 Pa across years), sustaining higher
g, and consequently greater T as the stand aged (Figure 4;
Medlyn et al. 2011). This shift likely reflects the development of
a more extensive and deeper root system as cane matures, facil-
itating access to deeper soil water, and reducing the sensitivity
of leaf water status to high VPD and declining surface soil mois-
ture (Gomez-Casanovas et al. 2024; Blanc-Betes et al. 2025).
Consistent with observations in other crop species, by buffering
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FIGURE 6 | Intrinsic Water Use Efficiency (iWUE) for sugarcane (cane), improved pasture (IMP), and semi-native pasture (SN) across the study
period and by year in 2019, 2020, 2021, and 2022. PC defined from 2/6/2019 to 2/16/2020, FRC defined from 2/17/2020 to 2/8/2021, and SRC from
2/9/2021 to 4/6/2022. Overlapping uncertainty bounds between two land uses were interpreted as indicating similar WUE magnitudes, while non-

overlapping uncertainty bounds were interpreted as indicating meaningful differences between them.

against short-term hydric stress, deeper rooting may allow ma-
ture cane to maintain higher water use under water limited
conditions that would otherwise trigger stomatal closure (Lopes
et al. 2011; Sutherlin et al. 2019; Chumphu et al. 2019).

Beyond rooting depth, age-related physiological changes
may also contribute to enhanced T as cane matures (Table 1;
Wang et al. 2018; Plett et al. 2020; Liao et al. 2022). Foliar
nitrogen content tends to decline with canopy age in many
plant species, and lower leaf nitrogen has been associated
with weaker stomatal regulation and less conservative water
use (Querejeta et al. 2022; Hu, Ma, and Wang 2023; Hu, Sun,
et al. 2023; Khontiang et al. 2025). Age-related declines in sto-
matal regulation can persist even when nitrogen limitation is
alleviated via fertilization, potentially reinforcing the shift in
g, observed here (Tejera et al. 2022). Together, these results
suggest that accounting for the impact of stand age on T in hy-
drological models is essential to accurately predict how cane-
dominated bioenergy landscapes will affect the hydrological
cycle in the Southeastern US.

Despite these mechanistic drivers, the T response to stand age
was non-linear, declining from PC to FRC before recovering in
SRC, following changes in |-m/bl (Table 1 and Figure 5). These
patterns indicate that stomatal sensitivity to VPD was a key
driver of interannual T variability (Grantz et al. 1987; Basnayake

et al. 2015; Tippayawat et al. 2023). These results imply that pro-
jected increases in VPD under climate change could increase
T, particularly in older, less stomatal-conservative cane stands,
with potential implications for landscape-scale water balances
in the Southeastern US.

4.1.3 | Canopy Structure, Soil Exposure, and Root
Functional Traits Govern E

E was higher in cane, likely driven by a combination of fac-
tors. First, taller canopies and higher g, enhance turbulent gas
exchange, accelerating the removal of water vapor from wet
leaf surfaces, and both traits were higher in cane than in pas-
tures (Figure S3; Marin et al. 2016; Green et al. 2021; Gomez-
Casanovas et al. 2024). Second, periodic bare soil exposure
during early establishment in PC and post-harvest phases in
FRC and SRC can further enhance E relative to the contin-
uously vegetated pasture surface (Olivier and Singels 2012;
Gmach et al. 2019). Third, lower g, in pastures likely restricted
turbulent mixing near the soil surface, reducing the vapor pres-
sure gradient driving soil evaporative flux and thereby limiting
E compared to cane (Grantz 2013; Panwar et al. 2020). Fourth,
considerably higher belowground productivity in IMP and SN
may have promoted more rapid uptake of near-surface soil mois-
ture, limiting water availability for soil E in pastures relative
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FIGURE7 | Harvest Water Use Efficiency (hWWUE) for sugarcane (cane), improved pasture (IMP), and semi-native pasture (SN) across the study
period and by year in 2019, 2020, 2021, and 2022. PC defined from 2/6/2019 to 2/16/2020, FRC defined from 2/17/2020 to 2/8/2021, and SRC from
2/9/2021 to 4/6/2022. Overlapping uncertainty bounds between two land uses were interpreted as indicating similar WUE magnitudes, while non-

overlapping uncertainty bounds were interpreted as indicating meaningful differences between them.

to cane, further reducing E (Kithnhammer et al. 2023; Demir
et al. 2023; Blanc-Betes et al. 2025).

The higher E observed in cane relative to pastures represents
a source of non-productive water loss that partially offsets
the WUE gains associated with greater T and GPP. Targeted
management practices could help reduce non-productive water
losses and shift water use toward T, improving overall WUE.
These include residue management strategies such as green
cane harvesting or returning cane trash or bagasse to the
fields to maintain soil cover (Olivier and Singels 2012; Dinesh
et al. 2025), optimizing planting density and row spacing to pro-
mote rapid canopy closure (Olivier and Singels 2015; Fernandes
et al. 2017), and integrating cover crops or intercrops to min-
imize bare soil exposure (Kaur et al. 2016; Singh et al. 2021).

4.2 | Water Use Efficiency (WUE)—From Canopy
to Biome Scale

The impact of cane versus pastures on WUE varied with scale,
with T dominating ET in cane, consistent with previous studies
showing that T exerts a major control on WUE variability across
ecosystems (Sun et al. 2023; Yang et al. 2025). These findings
suggest that preserving stomatal sensitivity to VPD and efficient
stomatal regulation in cane is a critical breeding and manage-
ment target for maintaining WUE under intensifying drought
and heat stress.

4.2.1 | Stomatal Regulation and Canopy Productivity
Drive Higher Canopy and Ecosystem WUE in Cane

Higher iWUE (GPP/g) in cane relative to pasture indicated
that cane fixed more C per unit of g, consistent with its more
conservative stomatal strategy (Figure 6). This finding aligns
with previous leaf-scale studies reporting higher iWUE in cane
compared to other crop types (Ellsworth and White Jr. 2024;
Lunn et al. 2024; Takaragawa et al. 2025). Rather than reflect-
ing reduced photosynthetic capacity, higher iWUE stems from
the ability of cane to maintain high GPP despite substantially
lower g. This is supported by leaf-level stomatal physiology
and anatomical traits including stomatal density, operational
stomatal apertures, and guard cell potassium fluxes that en-
able sustained C gain at reduced g (Figure 6) (Israel et al. 2022;
Heckman et al. 2024; Gomez-Casanovas et al. 2024; Ghannoum
et al. 2025).

Atthe ecosystem scale, cane showed higher htWUE (harvest/ET)
and eWUE (GPP/ET) than pastures (Figures 7 and 8), consis-
tent with greater biomass production and GPP in cane (Gomez-
Casanovas et al. 2024; Blanc-Betes et al. 2025). WUE advantages
extended beyond the comparison with pastures, as both hWUE
and eWUE in cane exceeded or were similar to values reported
for other widely cultivated C4 bioenergy crops. For instance,
in miscanthus (Miscanthus spp.), a leading cellulosic bioeth-
anol crop, eWUE typically ranges from 0.3 to 1.31gm—2mm™!
H,0 and hWUE values from 0.7 to 1.4gm~?mm~" H,O (Zeri
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FIGURE 8 | Ecosystem Water Use Efficiency (€WUE) for sugarcane (cane), improved pasture (IMP), and semi-native pasture (SN) across the
study period and by year in 2019, 2020, 2021, and 2022. PC defined from 2/6/2019 to 2/16/2020, FRC defined from 2/17/2020 to 2/8/2021, and SRC
from 2/9/2021 to 4/6/2022. Overlapping uncertainty bounds between two land uses were interpreted as indicating similar WUE magnitudes, while
non-overlapping uncertainty bounds were interpreted as indicating meaningful differences between them.
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FIGURE9 | Biome Water Use Efficiency (bWUE) for sugarcane (cane), improved pasture (IMP), and semi-native pasture (SN) across the study

period and by year in 2019, 2020, 2021, and 2022. PC defined from 2/6/2019 to 2/16/2020, FRC defined from 2/17/2020 to 2/8/2021, and SRC from
2/9/2021 to 4/6/2022. Overlapping uncertainty bounds between two land uses were interpreted as indicating similar WUE magnitudes, while non-

overlapping uncertainty bounds were interpreted as indicating meaningful differences between them.
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FIGURE10 | Partial water cycle for sugarcane and improved (IMP) and semi-native (SN) pastures. Values are means for plant cane (from 2/6/2019
to 2/16/2020), first ratoon cane (from 2/17/2020 to 2/8/2021), and second ratoon cane (from 2/9/2021 to 4/6/2022) and corresponding periods for IMP
and SN pastures. Values shown are evapotranspiration (ET), evaporation (E), and transpiration (T), alongside four WUE metrics: intrinsic WUE
(iWUE; GPP per unit of stomatal water loss), harvest WUE (hWUE; harvested biomass per unit of ET), ecosystem WUE (€WUE; GPP per unit of ET),
and biome WUE (bWUE; NECB per unit of ET, positive when the ecosystem acts as a C source and negative when it acts as a C sink).

et al. 2013; Maleski et al. 2019), values comparable to those ob-
served in cane in the present study.

4.2.2 | Net Carbon Losses Rather Than Water Flux
Govern Biome-Scale WUE Following Pasture Conversion

At the biome scale, net C losses following pasture conversion
governed differences in water use and C retention between land
uses, with cane showing lower efficiency in net C storage per
unit water used than both pasture types. These results suggest
that management strategies and breeding targeting enhanced C
sequestration capacity can improve the C sink strength per unit
water used, supporting more sustainable bioenergy production
systems in the SE US.

In summary, large-scale conversion of IMP or SN pastures
to cane produces widely contrasting hydrological outcomes.
Relative to IMP pasture, cane exhibited a more conservative
water-use strategy (i.e., lower gl), consistent with rapid stomatal
closure as VPD increased (i.e., higher |—m/bl) to limit water loss.
Such stomatal regulation in cane may confer some tolerance to
increasing atmospheric water demand, although severe or pro-
longed conditions could ultimately constrain T and C assimila-
tion. As stands matured, however, stomata in cane became less
conservative (i.e., higher g,), yet more sensitive to VPD fluctua-
tions (i.e., higher |-m/bl), underscoring the vulnerability of older
cane stands to changes in VPD and the importance of incorpo-
rating stand age-dependent stomatal regulation into hydrologi-
cal models for accurate predictions of cane expansion impacts.
Across all WUE metrics, from the canopy to the ecosystem and

harvest-scale, cane delivered greater WUE than both pasture
types. Nevertheless, higher E in cane relative to pastures repre-
sented a source of non-productive water loss partially offsetting
these WUE gains. Minimizing E through targeted management
practices such as residue management, while improving net
C storage, will be essential to reconcile the trade-off between
water expenditure and carbon retention in cane-based bioen-
ergy systems. Overall, these findings highlight that the hydro-
logical consequences of cane expansion across the Southeastern
US will depend strongly on the type of pasture converted. The
isohydric-like stomatal behavior in cane, whereby high g_ sen-
sitivity to VPD triggers tight stomatal regulation and results in
conservative water use, is likely to play a key role as a determi-
nant of regional water balances under intensifying atmospheric
water demand.
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Supporting Information

Additional supporting information can be found online in the Supporting
Information section. Table S1: Agronomic management for the sugar-
cane field (Gomez-Casanovas et al. 2024). Table S2: Stomatal model
performance parameters estimated for Unified Stomatal Optimization
(USO) and Oren models for sugarcane (cane), improved pasture (IMP),
and semi-native pasture (SN) over the study periods. For the USO model,
Akaike information criterion (AIC) and root mean square error (RMSE)
are shown, and for the Oren model, the coefficient of determination (R?)
is shown. Table S3: Sensitivity of the TEA model to changes in predic-
tion percentile (Q55, Q65, Q75, Q85, and Q95), CSWI limit (0, —0.25,
—0.5, —0.75, and —1 mm), number of trees (80, 85, 90, 95, and 100), and
random seed (11, 22, 33, 44, and 55) used during model training. Figure
S1: Seasonal variation in (A) air temperature and (B) daily precipitation
in 2019, 2020, 2021, and 2022. Figure S2: Evapotranspiration partition-
ing to evaporation (non-productive water loss) and transpiration (pro-
ductive water use) using Transpiration Estimation Algorithm (TEA) for
(A) sugarcane (Cane), (B) improved pasture (IMP), and (C) semi-native
pasture (SN) across the study period. From 2/6/2019 to 2/16/2020 was
defined as cane crop from planting until first harvest (i.e., plant cane;
PC), from 2/17/2020 to 2/8/2021 as cane crop from first to second har-
vest (i.e., first ratoon cane; FRC), and from 2/9/2021 to 4/6/2022 as
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cane crop from second to third harvest (i.e., second ratoon cane; SRC).
Figure S3: Average of aerodynamic conductance (g,) (A) and g, for sug-
arcane (Cane), improved pasture (IMP), and semi-native pasture (SN)
(B) in 2019, 2020, 2021, and 2022. PC was defined as sugarcane crop
from planting until first harvest (here, from 2/6/2019 to 2/16/2020),
FRC as cane crop from first to second harvest (here, from 2/17/2020
to 2/8/2021), and SRC as cane crop from second to third harvest (here,
from 2/9/2021 to 4/6/2022). Figure S4: Relationship between stoma-
tal conductance (g) and vapor pressure deficit (VPD) across three land
uses. Each circle represents average g, within discrete VPD bins, with
each bin spanning 0.2kPa across the study period. The shaded ribbons
represent the 95% confidence interval. Across land uses, g varied with
average VPD range during the study period following the VPD-response
framework recommended by Novick et al. (2016).
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