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Abstract
Accurate simulation of crop evapotranspiration (ET) is critical for water management and for understanding 
the impacts of climate variability and change. Yet evidence on model skill in simulating ET remains limited, 
and the sources of error remain poorly understood. Daily simulations from 17 wheat crop models were 
evaluated against field observations from two sites in semi-arid and Mediterranean environments under 
water-limited and irrigated conditions. Absolute ET errors were larger under irrigation, but this contrast 
was substantially attenuated after normalization by observed ET. The larger absolute errors under irrigation 
were mainly associated with a greater lack-of-correlation component rather than stronger systematic bias, 
indicating greater day-to-day mismatch between simulations and observations. Differences among ET- 
demand approaches also tended to be more evident under irrigation, with Priestley–Taylor-based models 
tending to produce larger errors, although the broad method classes also differed in other model 
components. Mixed-effects attribution showed that the conditional associations between ET error and 
climatic factors differed between the two water-supply datasets. Under irrigation, ET simulation error was 
associated with vapour pressure deficit (VPD), wind speed, radiation, and the component of maximum 
temperature not linearly explained by VPD, whereas under water-limited conditions meteorological 
attribution was weaker and observed soil–water status provided additional information. Root-zone soil 
moisture provided greater model support than shallow or deep soil moisture and modified the association 
between VPD and ET error. These findings identify atmospheric-demand representation and root-zone water 
availability as priorities for improving the evaluation and development of crop ET simulations.

Keywords: crop models, evapotranspiration, irrigated and water-limited conditions, soil moisture, error decomposition, 
vapour pressure deficit

1. Introduction
Evapotranspiration (ET) is a central flux in the soil–plant– 
atmosphere continuum, governing surface energy partitioning 
while also linking the terrestrial water, carbon, and nutrient 
cycles (Fisher et al. 2017, Piao et al. 2020, Lian et al. 2021) 
to climatic conditions (Seneviratne et al. 2010). At the global 
scale, ET returns more than 60% of land precipitation to the 
atmosphere (Oki and Kanae 2006) and consumes about half 
of net radiation at the land surface, underscoring its funda
mental role in Earth system functioning (Katul et al. 2012, 
Yang et al. 2023). In agroecosystems, ET is the dominant con
sumptive water flux, with large implications for the soil water 
balance (McMillan 2020, Zaerpour et al. 2025), drought mon
itoring (Lu et al. 2025), irrigation scheduling (Wang et al. 
2021), and, ultimately, crop production (Yang et al. 2021). 
Accurate quantification of ET is essential for improving agri
cultural water use and safeguarding regional water security 
and ecosystem integrity (Jha et al. 2019, Wanniarachchi and 
Sarukkalige 2022). The influence of ET on regional water 

balance is particularly important in semi-arid and 
Mediterranean climate zones, where crop water use is tightly 
constrained by the interaction between limited soil water 
availability and high atmospheric evaporative demand 
(Geerts and Raes 2009, Webber et al. 2025). In these rainfall- 
deficit environments, field hydrological processes are further 
modified by management, as cropping systems often alternate 
between severe soil water stress under water-limited condi
tions and well-watered conditions (Wu et al. 2021). As climate 
warming intensifies vapour pressure deficit (VPD), heat ex
tremes, and within-season soil water depletion, pressure to ex
pand irrigation in these regions is likely to increase (Trnka 
et al. 2014, Milly and Dunne 2016). Accurate estimation of 
ET in these cropping systems is a prerequisite for sustainable 
water management and climate-resilient agriculture.

To date, most assessments of simulated ET in cropping sys
tem models have considered performance metrics such as 
root mean square error (RMSE) and mean bias, which often 
produce inconsistent ranks of ET simulation methods across 
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sites and water-supply conditions (Gupta et al. 2026). 
Absolute metrics may also partly reflect the magnitude of ob
served ET, whereas mean bias alone does not diagnose mis
match in day-to-day dynamics. Previous studies (Lian et al. 
2018, Webber et al. 2025) have indicated that daily ET simu
lations commonly exhibit systematic bias, while absolute er
rors often increase sharply with rising atmospheric 
evaporative demand, suggesting that ET simulation error can 
be influenced by multiple environmental factors. However, 
the main sources of error remain unclear. Simulation errors 
may arise from model structural limitations, daily climatic 
variability, or compensating errors whereby models offset 
weak sensitivity to atmospheric water demand (Chen et al. 
2025), such as VPD, by overestimating crop sensitivity to 
soil water stress. Without separating systematic bias, mis
match in response magnitude, and lack of correlation, it is dif
ficult to identify the physical basis of model failure under 
contrasting hydrological conditions (Webber et al. 2025). In 
turn, understanding the sources of model error is key to im
proving simulation of ET.

ET simulation error can vary strongly with environmental 
conditions (Qiu et al. 2025). Models that perform well under 
non-water-limited conditions often show substantial under
estimation when soil water becomes limiting and atmospheric 
demand is high, such as under dry or windy conditions 
(Kang et al. 2009, Kimball et al. 2023, Su and Singh 2023). 
A recent global meta-analysis (Ding et al. 2025) further 
showed that incorporating soil moisture (SM) information 
can markedly improve the accuracy of crop ET estimation, 
suggesting that ET error is associated not only with meteoro
logical forcing (Wu et al. 2021) but also with the nonlinear 
interplay between water-supply status and atmospheric de
mand. However, in the sensitivity analysis performed by 
Webber et al. (2025), atmospheric demand-related processes 
explained much more variation in daily ET simulations than 
did assumptions about root growth or soil water availability. 
Many simplified approaches neglect key processes, including 
heterogeneous root water uptake, nonlinear stomatal regula
tion and physiological lags during rewetting, and may there
fore underestimate water-stress effects (Bruckler et al. 2004, 
Garrigues et al. 2015, Liu et al. 2020b).

Despite the strong influence of irrigation and soil moisture 
on ET dynamics, few studies (Ding et al. 2025, Webber et al. 
2025) have explicitly examined how environmental associa
tions with daily ET simulation error differ between water- 
limited and irrigated regimes. As a result, it remains unclear 
whether water-supply regime alters only absolute error mag
nitude, whether apparent differences persist after normaliza
tion, or whether it also changes error structure, ET-method 
dependence, and climatic associations. Under water-limited 
conditions, ET is typically constrained by progressive soil 
water depletion and plant hydraulic stress (Liu et al. 2020b, 
Vereecken et al. 2022). Under irrigation, by contrast, the par
tial relaxation of water limitation on crop water status can 
amplify model sensitivity to atmospheric demand, including 
aerodynamic forcing, as well as to the parameterization of can
opy structure (Cui et al. 2021, Zhao et al. 2025).

Against this background, the present study aimed to disen
tangle the sources and environmental associations of daily 

wheat ET simulation error, defined as the deviation of simu
lated ET from observed ET, in semi-arid and Mediterranean 
environments. Using simulations output from 17 wheat crop 
models, daily ET simulation error was quantified, and its error 
structure was characterized. We then examined whether error 
magnitude and structure varied among ET-demand ap
proaches, developmental stages, and water-supply regimes. 
Mixed-effects models were used to assess the conditional asso
ciations of meteorological factors with daily ET error. Finally, 
focusing on water-limited conditions, we evaluated whether 
observed soil moisture and its interaction with atmospheric 
VPD provided additional information about daily ET simula
tion error.

2. Materials and methods
2.1 Experimental data and simulation data

Observational data were derived from field experiments con
ducted at two wheat-growing sites: Bushland, TX, USA and 
Avignon, France. The Bushland site, located in the semi-arid 
southern High Plains of the United States, provided paired 
water-supply treatments across three winter wheat growing 
seasons, including full irrigation and water-limited treatments 
(Evett et al. 1994, Howell et al. 1995). The Avignon site con
tributed four predominantly water-limited durum wheat sea
sons, one of which received limited supplemental irrigation 
but remained classified as water-limited. For all analyses, 
treatments were assigned to either a fully irrigated or water- 
limited regime; the latter denotes rainfed or otherwise non- 
fully irrigated treatments and was not treated as a separate 
deficit-irrigation category. Available observations for each 
season included daily meteorological variables, soil profile 
properties, crop management information, phenological ob
servations, repeated measurements of leaf area index (LAI), 
aboveground biomass and grain yield, as well as soil profile 
water content. At Bushland, daily ET was measured using 
weighing lysimeters, whereas at Avignon, daily ET was de
rived from an eddy-covariance system after rigorous quality 
control (Evett et al. 2016). Because quality-control filtering re
moved a substantial number of observational days from the 
eddy-covariance record, the Avignon dataset contained dis
continuous but high-confidence daily ET observations 
(Bruckler et al. 2004, Garrigues et al. 2015), while the 
Bushland dataset provided nearly continuous daily records. 
Soil water content was determined using neutron probes. 
Depending on the season, the maximum observation depth 
reached approximately 190–230 cm at Bushland and 150– 
190 cm at Avignon. A full description of the experimental da
tasets was provided by Webber et al (2025).

The simulation protocol was described in detail by Webber 
et al. (2025), with the main aspects summarized here. The 
simulations were conducted as part of the AgMIP wheat 
model team activity (Rosenzweig et al. 2013). This ensemble 
comprised 17 distinct crop model structures contributed by 
13 modelling groups (Webber et al. 2025). All participating 
models followed the intercomparison protocol and were 
calibrated using the full set of crop-growth observations 
available for each experiment, including phenology, LAI, 
biomass, and yield. Simulations were initialized on the 
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date for which initial soil–water conditions were provided, 
typically shortly before sowing, and were run until model- 
specific physiological maturity. In this study, daily ET out
puts from these calibrated simulations were compared 
with the corresponding observed ET records, forming the ba
sis for all subsequent error analyses.

Records with missing observed ET were excluded. To avoid 
unstable performance estimates from sparsely observed ex
periments, experimental trials with fewer than 30 valid 
ET-observation days were removed before analysis. All subse
quent error metrics were calculated from matched daily simu
lated and observed ET records after this filtering.

To examine structural differences in ET simulation schemes, 
the 17 model outputs were classified into three groups accord
ing to their representation of atmospheric evaporative demand: 
reference crop evapotranspiration (ETo), Priestley–Taylor po
tential evapotranspiration (PET-PT), and other potential evapo
transpiration methods (PET-other). The ETo group primarily 
used the FAO-56 Penman–Monteith formulation (Allen et al. 
1998) combined with a crop coefficient. PET-other comprised 
the remaining potential-ET approaches not based on 
Priestley–Taylor. The classification was used to test whether 
ET simulation errors were associated with broad differences 
in evaporative-demand formulation rather than with individual 
model identities. The crop models and their ET-demand classi
fications are summarized in Supplementary Table S1.

As the participating crop models differed in their represen
tation and terminology of crop development, we applied a 
common three-stage phenological classification to enable con
sistent comparisons across models. The classification distin
guished early vegetative growth, full canopy cover, and 
canopy senescence using LAI-based criteria established during 
data preparation. Early vegetative growth represented the pre- 
anthesis period with LAI < 0.5 m2 m−2, when soil evaporation 
could still contribute substantially to total ET. Full canopy cov
er comprised days with LAI ≥ 0.5 m2 m−2 before the onset of 
canopy decline, when transpiration was expected to dominate 
ET. Canopy senescence represented the period after maximum 
LAI had been reached and post-anthesis canopy decline had 
begun. The common phenological stage classification was 
identical across models within each trial and date, thereby 
providing a consistent phenological reference for the stage- 
specific analyses. Because the classification was derived 
from the ensemble median rather than from each model’s 
own simulated LAI, the stage label was identical across models 
within each trial and date. Stage-specific comparisons among 
ET-demand classes are therefore not confounded by between- 
model differences in simulated LAI. To assess whether differ
ences between the common and model-specific stage assign
ments affected the results, we repeated the stage-specific 
mean squared error (MSE) comparisons using only model 
days for which the two classifications agreed 
(Supplementary Fig. S1; Supplementary Table S7).

2.2 Simulated ET error metrics and statistical 
analyses

Daily simulated ET error was quantified as ETdiff,

ETdiff = ETsim − ETobs (1) 

where ETsim indicates simulated ET and ETobs indicates ob
served ET, both at the daily time step. Daily squared error 
was calculated as (ETsim − ETobs)2 and MSE was calculated 
within each model × experimental trial × water-supply regime 
unit to compare model performance among groups.

To distinguish absolute error magnitude from relative 
model performance, we calculated RMSE and scale- 
normalized error metrics for the same model × experimental 
trial × water-supply-regime units used in the MSE 
analysis. The principal normalized metric was RMSE divided 
by mean observed ET (NRMSE), while normalization by the 
standard deviation and range of observed ET, together 
with relative bias, was used to assess sensitivity to the 
choice of scaling method. Undefined ratios were treated 
as missing (Supplementary Fig. S4; Supplementary 
Table S6).

To further diagnose the structure of ET simulation error, we 
decomposed MSE following Gauch et al. (2003) into squared 
bias (SB), non-unity slope (NU), and lack of correlation (LC). 
For a given paired simulated (Xi) and observed (Yi) daily ET 
values, MSE can be divided as:

MSE = SB + NU + LC (2) 

where:

SB = (X̅ − Y̅)2 (3) 

NU = (1 − b)2 ×
􏽐N

i=1 (Xi − X̅)2

N
(4) 

LC = (1 − r2) ×
􏽐N

i=1 (Yi − Y̅)2

N
(5) 

Here, X̅ and Y̅ are the means of simulated and observed ET, b is 
the slope of the least-squares regression of observed ET on si
mulated ET, and r2 is the squared correlation coefficient be
tween simulated and observed ET. In this framework, SB 
quantifies the systematic component associated with persist
ent over- or underestimation, NU represents deviation from 
a unity slope and therefore mismatch in response magnitude, 
and LC reflects the remaining error associated with imperfect 
correlation between simulations and observations. This de
composition was selected because it provides distinct additive 
components with direct interpretations of prediction–error 
structure.

The decomposition was applied to compare error structure 
across water-supply regimes, sites, developmental stages, 
and ET-method classes. Group differences in MSE and in the 
relative contributions of SB, NU, and LC were evaluated using 
non-parametric tests because the distributions were 
non-Gaussian (Hollander et al. 2013). Overall contrasts were 
tested using Kruskal–Wallis or Wilcoxon rank-sum tests, de
pending on the number of groups, and pairwise Wilcoxon 
rank-sum test P values were adjusted within each comparison 
family using the Benjamini–Hochberg false discovery rate pro
cedure. The same aggregation unit and corresponding rank- 
based comparison were used for the normalized error metrics 
to maintain comparability with the original MSE analysis 
(Supplementary Table S6).
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2.3 Assessing climatic sources of simulated ET 
error

To attribute daily simulated ET error to meteorological factors, 
a set of daily climatic predictors was assembled for each obser
vation record, including maximum air temperature (Tmax), di
urnal temperature range (DTR), wind speed, shortwave 
radiation, precipitation, and VPD. Saturation vapour pressure 
(es) was calculated using the following formulation (Allen 
et al. 1998), which is a core formulation for FAO-56 method:

es(T) = 0.6108 × exp
17.27 T

T + 237.3

􏼒 􏼓

(6) 

with es(Tmax) and es(Tmin) averaged to obtain es,mean. T repre
sents the temperature. VPD was computed as follows:

VPD = max(es,mean − ea, 0) (7) 

Because VPD is strongly coupled with air temperature, its col
linearity with mean temperature (Tmean) and maximum tem
perature (Tmax) was examined. The actual vapour pressure 
was obtained from measured vapour-pressure information 
where available or estimated from measured relative humidity 
at the daily maximum and minimum temperatures.

Tmax showed the stronger association with VPD and was 
therefore used to derive a VPD-independent temperature 
term. Within each water-supply regime, Tmax was regressed 
against VPD and the residuals were retained:

Tmax = α0 + α1VPD + ε (8) 

In the linear regression equation, α0 is the intercept while α1 is 
the regression slope, representing the average change in Tmax 

associated with a one-unit increase in VPD. The residual term, 
ε, hereafter denoted as Tmax,resid, represents the component of 
Tmax not linearly explained by VPD. It was used to test whether 
a VPD-independent heat signal improved attribution of simu
lated ET errors while reducing collinearity in the mixed-effects 
models.

All climatic attribution analyses were conducted separately 
for water-limited and irrigated subsets. Linear mixed-effects 
models were fitted with daily simulated ET error as the re
sponse variable, climatic factors as fixed effects, and experi
mental repetition (denoted as trial in Equations 9 and 10) as 
a random intercept to account for repeated daily observa
tions within the same experiment. Candidate fixed effects in
cluded VPD, residual maximum temperature (Tmax_resid), 
wind speed, DTR, shortwave radiation, and precipitation 
together with ET-demand approach class and develop
mental stage as categorical covariates. Models were fitted 
by maximum likelihood when comparing alternative 
fixed-effects structures. Model identity was not included as 
an additional random intercept because model structures 
were largely nested within ET-demand approach class, so 
that between-model heterogeneity could not be separated 
cleanly from the fixed ET-demand class effect in the avail
able dataset. Trial was therefore retained as the sole random 
intercept to account for repeated daily observations within 
experiments.

To evaluate whether the VPD-independent heat term 
(Tmax,resid) improved model fit beyond VPD alone, two can
didate structures were compared within each water-supply 

regime: a VPD-only model and a model including both 
VPD and Tmax,resid (Equations 9 and 10). Model comparison 
used the Akaike information criterion (AIC), Bayesian infor
mation criterion (BIC), and marginal and conditional ex
plained variance. Marginal R2 represents the variance 
explained by the fixed effects alone, whereas conditional 
R2 represents the variance explained by both fixed and ran
dom effects. After selecting the preferred model structure 
within each water-supply regime, drop-one analyses were 
conducted by removing each climatic predictor individually 
while retaining all other terms in the model. Joint removal 
of multiple predictors was not considered. For each predict
or, ΔAIC was calculated as AICreduced − AICfull, where the re
duced model excluded the focal predictor and the full 
model retained all terms. Larger positive ΔAIC values there
fore indicate a greater loss of model support following re
moval of that predictor. Because each predictor was 
evaluated conditional on the remaining covariates, these val
ues represent conditional contributions to model fit and 
should not be interpreted as causal effects.

Fixed-effect coefficients and 95% confidence intervals were 
examined to quantify the direction and magnitude of each me
teorological association with ETdiff conditional on the other 
covariates.

ETdiff ∼ α0 + VPD + . . . + (1∣ trial) (9) 

ETdiff ∼ α0 + VPD + Tmax,resid + · · · + (1∣ trial) (10) 

To interpret categorical effects, estimated marginal means 
were computed for phenological stage and ET-method class 
within the selected mixed-effects models. Marginal response 
curves were generated by varying one focal predictor across 
its observed range while holding the remaining predictors 
at representative values, thereby visualizing the partial re
sponse of ETdiff to individual climatic factors. Climatic asso
ciations with daily error magnitude were additionally 
examined using log-transformed squared error (logSE, defined 
as log((ETdiff)2)). This formulation was used to assess whether 
the effects of these factors on ETdiff were consistent with those 
on error magnitude. The same predictors and mixed-effects 
modelling framework were applied as in the main analysis.

Because the main models used daily records without an ex
plicit residual correlation structure, temporal dependence was 
assessed by summarizing short-lag residual autocorrelation 
within repeated-observation groups and by refitting the se
lected models to non-overlapping 3-day aggregated records. 
This sensitivity analysis was used to evaluate the directional 
robustness of fixed-effect estimates rather than to establish in
dependence of the daily residuals (Supplementary Fig. S3; 
Supplementary Table S9).

2.4 Assessing soil moisture impact on ET 
simulation error

Because soil–water availability mediates the translation of at
mospheric demand into ET error, additional analyses quanti
fied the role of observed SM in explaining ETdiff. A dataset 
linking ET observations to SM measurements was constructed 
because daily ET observations and SM measurements were not 
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always recorded on the same dates. The analysis was restricted 
to water-limited experiments, in which soil–water availability 
was expected to exert the strongest constraint on ET, while 
matched intervals containing recorded wetting events were 
excluded. In the absence of recorded precipitation, SM was as
sumed to remain sufficiently stable over the short matching 
interval for the matched measurement to represent the ET ob
servation date.

Matching rules were adapted to site-specific data availabil
ity, using a 5-day matching window at both sites. At 
Avignon, where soil–moisture observations were relatively 
frequent, ET observation days were used as anchors. For 
each ET observation, the nearest preceding soil–moisture 
measurement within a 5-day backward window was selected. 
At Bushland, where soil–moisture observations were less fre
quent, soil–moisture measurement days were used as anchors 
to maximize sample retention. For each soil–moisture observa
tion, the earliest subsequent ET observation within a 5-day for
ward window was selected. At both sites, matched pairs were 
retained only when no wetting event was recorded within the 
corresponding search window, based on the available daily 
precipitation and irrigation records. This procedure reduced 
the likelihood of assigning soil–moisture conditions that had 
been altered by recent rainfall or irrigation. The final matched 
dataset linked each retained ET observation day, together with 
the corresponding simulated ET values from each ET-demand 
approach, to a common antecedent soil–moisture state. 
Site-specific windows, gap distributions, SM-date reuse, and 
date- versus method-level sample sizes are reported in 
Supplementary Table S8.

Based on this dataset, correlation coefficients were calcu
lated between daily simulated ET error (ETdiff) and SM meas
ured at each available depth, and then separately between 
absolute simulated ET error (|ETdiff |) and soil moisture, within 
each ET-demand approach class. To facilitate analysis and at
tribution, measurement depths were aggregated into three 
functional layers representing distinct hydrological controls: 
shallow soil moisture, root-zone soil moisture, and deep soil 
moisture. The shallow layer captured near-surface wetness 
(defined as the mean volumetric soil water content across 
10–30 cm depth), the root-zone layer represented soil mois
ture conditions in the main rooting domain (calculated as 
the mean volumetric soil water content across 50–90 cm 
depth), and the deep layer represented deeper subsurface stor
age as the mean volumetric soil water content below 1 m. 
Baseline models without soil–water terms were compared 
with models including each SM layer as an additive predictor. 
Improvement in fit was quantified as the reduction in AIC rela
tive to the corresponding baseline model.

Finally, to test whether atmospheric demand and subsurface 
water supply jointly shaped ET errors under water-limited 
conditions, interactions between VPD and soil moisture were 
evaluated using mixed-effects models. Separate candidate 
models were constructed for shallow and root-zone soil mois
ture. The added value of each interaction was assessed by 
comparing AIC with the corresponding additive model, and 
the interaction coefficient was used to determine whether 
the association between atmospheric demand and ETdiff 

changed with soil–water availability. Predicted ETdiff 

surfaces across the observed VPD–soil–moisture space was 
generated from the selected interaction model. To evaluate 
sensitivity to reuse of the same SM measurement across mul
tiple matched records, the SM analyses were repeated after 
aggregation to the SM-date level and, separately, after retain
ing one ET date per SM date; the selection rule, sample-size 
changes, and resulting model comparisons are documented 
in Supplementary Fig. S2 and Supplementary Table S8. All 
analyses were performed in R version 4.3.3. Data handling 
and visualization used tidyverse packages, including dplyr, 
tidyr, and ggplot2; mixed-effects models used lme4 and 
lmerTest; and model evaluation and output extraction used 
performance and broom.mixed.

3. Results
3.1 Determination of ET simulation errors

Our comparison of absolute ET error showed that RMSE was 
significantly higher under irrigated than under water-limited 
conditions (Fig. 1A, P < .001). This contrast was reflected in 
both a higher median RMSE and a broader distribution under 
irrigation. However, Avignon contributed only water-limited 
experiments, whereas Bushland contributed both water- 
limited and fully irrigated experiments; the pooled contrast 
therefore describes the available datasets and should not be in
terpreted as an isolated causal effect of irrigation.

After normalization by mean observed ET, the contrast be
tween water-supply regimes was substantially attenuated 
(Fig. 1B). NRMSE remained slightly higher under irrigation, 
but the difference did not reach the conventional .05 signifi
cance level (P = .073). Relative bias also did not differ clearly 
between regimes (P = .327), and alternative normalizations by 
the standard deviation and range of observed ET did not indi
cate consistently poorer relative model performance under ir
rigation (Supplementary Fig. S4; Supplementary Table S6). 
Thus, irrigation was associated with larger absolute ET errors, 
but the available evidence did not demonstrate uniformly 
poorer relative performance.

Decomposition of total MSE further showed that the domin
ant source of ET error was similar in type across regimes, but 
differed in magnitude (Fig. 1C). Under both water-limited and 
irrigated conditions, lack of correlation (LC) was the largest 
component, accounting for 64.1% and 74.5% of total MSE, re
spectively. By contrast, SB contributed 24.8% under water- 
limited conditions and 17.0% under irrigation, while the NU 
slope component contributed 11.1% and 8.5%, respectively. 
These results indicate that absolute ET error arose primarily 
from imperfect correspondence with the observed day-to-day 
temporal pattern rather than from persistent mean bias. 
Given the attenuation of the regime contrast after normaliza
tion, however, the larger absolute error and LC contribution 
under irrigation should not be interpreted as evidence of uni
formly poorer relative model performance.

3.2 Model structural and phenological sources of 
error

Across the full dataset, daily ET simulation error differed 
among the broad ET-demand approach classes implemented 
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in the crop models (Kruskal–Wallis, P = .03; Fig. 2A). This 
overall contrast was driven primarily by greater MSE under 
PET-PT than under ETo (P = .03), whereas ETo and 
PET-other (P = .54) and PET-PT and PET-other (P = .15) had 
similar errors. Thus, although the three classes showed broad
ly overlapping error distributions, PET-PT tended to have 
higher absolute ET error than ETo in the pooled analysis. 
Because models within each class also differed in other struc
tural components and calibration choices, these contrasts can
not be attributed exclusively to the ET-demand formulation.

The error dependence of the ET-demand simulation ap
proach varied across wheat growth stages. During the early 
vegetative stage, differences in MSE among ET-demand ap
proaches had already emerged (Fig. 2B), with PET-other show
ing the highest median error and PET-PT the lowest. The 
difference in MSE among ET-demand approaches increased 
during full canopy cover (Kruskal–Wallis, P = .04; Fig. 2C), 

with PET-PT showing the highest median MSE. By contrast, 
during senescence, differences among ET-demand approaches 
were no longer evident (Kruskal–Wallis, P = .24; Fig. 2D), and 
all classes showed wider error dispersion and several extreme 
values.

Restricting the analysis to model-days for which the com
mon and model-specific stage assignments agreed broadly re
tained these stage-dependent patterns (Supplementary Fig. S1; 
Supplementary Table S7). The early-stage ordering remained 
PET-PT < ETo < PET-other, while the full-cover ordering ETo 
< PET-other < PET-PT was also retained, although the overall 
full-cover contrast was weaker but still significant at 0.1 level 
in the aligned subset. Differences during senescence remained 
weak (P = .16), and the relative ordering of PET-PT and 
PET-other was less stable. Thus, the broad stage-specific pat
terns were retained, but method separation during full cover 
and especially senescence was sensitive to stage alignment.

Figure 1 Water-supply dependence of absolute and normalized ET simulation error and its structural decomposition. (A) Distribution of RMSE 
under water-limited and irrigated conditions. (B) RMSE normalized by mean observed ET (NRMSE_mean) under each water-supply regime. 
Avignon contributed only water-limited experiments, whereas Bushland contributed both water-limited and irrigated experiments. The pooled 
comparison therefore describes the available datasets and should not be interpreted as an experimentally isolated effect of irrigation. (C) 
Percentage contributions of SB, NU, and LC to total MSE under each water-supply regime. In the boxplots, the centre line denotes the median, 
boxes indicate the interquartile range, whiskers extend to 1.5 × IQR, and points represent model-by-trial units.
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As shown in the previous section, absolute ET error was 
higher under irrigation in the datasets available here, al
though the contrast was attenuated after normalization. 
Further examination assessed whether errors associated with 
the different ET-demand approaches varied between water- 
supply regimes (Fig. 3). Under water-limited conditions, daily 
ET simulation error was similar among ET-demand ap
proaches (Kruskal–Wallis, P = .341; Fig. 3A), and none of the 
pairwise comparisons was significant (P = .31, .20, and .84). 
Under fully irrigated conditions, PET-PT tended to have higher 
MSE than ETo and PET-other, but the overall test did not reach 
the conventional .05 significance level (Kruskal–Wallis, P = 
.078; Fig. 3B). The PET-PT versus PET-other contrast reached 
significance (P = .041), whereas the PET-PT versus ETo con
trast was marginal (P = .058), and ETo and PET-other re
mained similar (P = .75). Notably, the median errors of 
PET-PT and ETo were relatively similar, but ETo showed great
er within-group variability, including a subset of simulations 
with errors close to zero, which increased overlap between 
the two distributions.

3.3 Climatic determinants of simulated ET error
To assess how climatic factors were associated with daily ET 
simulation error, we first compared two mixed-effects models 
within each water-supply regime: a VPD-only model and 
an extended model that added Tmax,resid, the component of 
maximum temperature not linearly explained by VPD. 
Because VPD was strongly coupled with air temperature and 
showed a tighter association with Tmax than with Tmean 

(Supplementary Table S2), this comparison was used to assess 
whether daytime maximum temperature provided additional 
information beyond VPD and to establish the baseline model 
for subsequent analyses (Fig. 4A, B).

The extended model improved fit within both water-supply 
regimes. Under water-limited conditions, adding Tmax,resid re
duced AIC from 6833.6 to 6764.7 and BIC from 6903.4 to 
6840.3, while marginal and conditional R2 increased from 
0.16 to 0.18 and from 0.26 to 0.30, respectively. Under irri
gated conditions, AIC declined from 6740.0 to 6545.2 and 
BIC from 6808.1 to 6619.0, while marginal and conditional 
R2 increased from 0.40 to 0.45 and from 0.41 to 0.47, 

Figure 2 Method dependence of ET simulation error across both sites and all crop development stages. Boxplots show the distribution of MSE of 
daily ET simulations for the three ET-demand simulation approaches (ETo, PET-other, and PET-PT). (A) all observations pooled across sites, 
water-supply regimes, and development stages. (B–D), Results stratified by crop development stage: (B), early vegetative stage; (C), full-cover 
stage; (D), senescence stage. Numbers above brackets indicate pairwise Wilcoxon rank-sum test P values adjusted within each developmental 
stage using the Benjamini–Hochberg false discovery rate procedure; inset text reports the unadjusted overall Kruskal–Wallis test. Boxes 
represent the interquartile range, centre lines indicate medians, whiskers extend to 1.5 × the interquartile range, and points denote outliers.
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respectively. Because the regime-specific models were fitted to 
different observations, the absolute magnitudes of these 
information-criterion changes were not used to compare the 
strength of the temperature association between regimes. 
The extended model was retained as the baseline model within 
each regime.

Based on the baseline model, we quantified the conditional 
contribution of individual meteorological predictors using a 
drop-one analysis within each water-supply regime (Fig. 5). 
Under irrigated conditions, the largest deterioration in model 
fit occurred when Tmax,resid was removed (ΔAIC = 194.8), 
followed by wind speed (ΔAIC = 172.5), radiation (ΔAIC = 
95.1), and VPD (ΔAIC = 71.7). Precipitation made a compara
tively smaller contribution (ΔAIC = 18.6), whereas DTR 
provided little additional information. Under water-limited 
conditions, removing wind speed caused the largest deterior
ation (ΔAIC = 120.5), followed by radiation (ΔAIC = 101.6) 
and Tmax,resid (ΔAIC = 69.0). Precipitation contributed com
paratively little (ΔAIC = 8.7), while VPD and DTR added little 
conditional support after accounting for the other covariates.

The drop-one analysis therefore indicated that the condi
tional structure of signed ET error differed between the two 
water-supply datasets. These ΔAIC values describe changes 
in model support conditional on the fitted covariate structure 
and should not be interpreted as causal contributions or as dir
ectly comparable measures of predictor importance across the 
regime-specific datasets.

The fixed-effect coefficients of the selected attribution mod
el were then examined to quantify the direction and 

magnitude of each estimated association with daily ET error, 
conditional on the other climatic covariates and accounting 
for trial-specific random intercepts (Table 1). The coefficient 
patterns differed between water-supply regimes, indicating 
that the fitted associations between ET error and climatic fac
tors varied between the water-limited and fully irrigated 
datasets.

Under fully irrigated conditions, ETdiff was strongly associ
ated with both the VPD and VPD-independent temperature 
component. Tmax,resid showed a positive association with 
ETdiff, whereas VPD and wind speed were both negatively as
sociated with ETdiff, with narrow confidence intervals and 
strong statistical support. Shortwave radiation also exhibited 
a negative relationship, while precipitation was positively as
sociated with ETdiff. By contrast, DTR showed no evident inde
pendent effect once the other predictors were included.

Under water-limited conditions, wind speed and radiation 
remained negatively associated with ETdiff, and Tmax,resid re
tained a positive association. The VPD coefficient was weak 
and its confidence interval included zero (estimate = −0.098, 
P = .109). Precipitation remained positively associated with 
ETdiff but still weak, whereas DTR again contributed little in
dependent signal. The small conditional contribution of VPD 
in this model does not imply that VPD was physiologically un
important; rather, it indicates that VPD added little informa
tion after the other correlated climatic and categorical 
predictors had been included.

The climatic effects were also examined using the simpler 
VPD-only model, which further indicated how inclusion of 

Figure 3 Water-supply dependence of the ET-demand approach effects on daily ET simulation error. Boxplots show the distribution of MSE 
among the three ET formulations (ETo, PET-other, and PET-PT) under (A) water-limited or (B) fully irrigated conditions. Boxes indicate the 
interquartile range, centre lines denote medians, whiskers extend to 1.5 times the interquartile range, and points represent outliers. P values 
from Kruskal–Wallis tests are shown within each panel, and brackets indicate pairwise post hoc comparisons between ET formulations.
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Tmax,resid altered the coefficient patterns (Supplementary 
Table S3). In the simpler model, VPD showed a stronger nega
tive association with ETdiff under both water-supply regimes. 
After inclusion of Tmax,resid, this negative VPD association 
was attenuated and, under water-limited conditions, became 
weak and non-significant. By contrast, Tmax,resid emerged as 
a positive predictor in the extended model, indicating that 
part of the signal initially assigned to VPD was shared with 
the component of daytime maximum temperature not linearly 
explained by VPD. The coefficients for wind speed, radiation, 
and precipitation were broadly stable across the two model 
structures.

Apart from the climatic terms, the models also revealed sys
tematic shifts associated with ET-demand approach and crop 
growth stage. Relative to the PET-other group, both ETo and 
PET-PT were associated with more negative ETdiff, with the 
stronger negative offset observed for PET-PT. These method- 
related differences were more pronounced under irrigation 
but should be interpreted as associations with groups of mod
els rather than effects attributable solely to the ET-demand 

equation. Relative to full cover, early vegetative conditions 
were associated with more positive ETdiff under irrigation, 
with weaker evidence under water-limited conditions. 
Senescence showed contrasting associations between both 
water supply regimes, with more positive ETdiff under water- 
limited conditions and more negative ETdiff under irrigation.

Residual diagnostics showed positive short-lag temporal auto
correlation in the daily mixed-effects models (Supplementary 
Fig. S3A; Supplementary Table S9), with median lag-1 autocor
relation of 0.512 under water-limited conditions and 0.354 
under irrigation. After aggregation into non-overlapping 
three-observation bins, 19 of 20 non-intercept fixed-effect di
rections were retained (Supplementary Fig. S3B). The only 
reversal was the weak water-limited VPD coefficient, which 
was not statistically distinct from zero in either analysis. 
Most climatic, method, and stage associations were therefore 
directionally stable, although inference based on individual 
daily-scale P values should be interpreted cautiously.

A complementary analysis using log-transformed squared 
error (logSE) revealed partly different coefficient patterns 

Figure 4 Comparison of mixed-effects attribution models for daily ET error under water-limited and irrigated conditions. (A) Model comparison 
based on AIC and BIC for two mixed-effects structures fitted separately under water-limited and irrigated conditions: the VPD-only model and an 
extended model including Tmax,resid, defined as the component of maximum temperature not linearly explained by VPD. Smaller AIC and BIC 
indicate stronger model support within each regime-specific dataset. (B) Marginal and conditional R2 for the same models. Marginal R2 

represents variance explained by the fixed effects alone, whereas conditional R2 represents variance explained by both fixed and random effects. 
Inclusion of Tmax,resid improved model support within both regimes; because the models were fitted to different data subsets, the magnitudes of 
the information-criterion changes were not compared across regimes.
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from the signed-error model (Supplementary Table S4). Under 
both water-supply regimes, higher VPD, wind speed, radi
ation, and precipitation were generally associated with larger 
error magnitude, whereas the VPD-independent temperature 
component showed a weak negative association under water- 

limited conditions and a stronger negative association 
under full irrigation. These contrasts indicate that some cli
matic factors were primarily associated with the direction of 
daily simulated ET error, whereas others more consistently 
amplified its overall magnitude. PET-PT also tended to be 
associated with larger error magnitude than the reference 
ET method, while phenological stage effects were more evi
dent under irrigation than under water-limited conditions.

3.4 Influence of soil moisture content on ET 
simulation error

To examine whether soil–water status helped explain ET simu
lation errors under water-limited conditions, the relationship 
between observed soil moisture and ETdiff was analysed across 
the available measurement depths. The final matched dataset 
comprised 99 date-level ET–SM pairs, corresponding to 297 
method-level records because each pair was represented for 
the three ET-demand approach classes (Supplementary 
Table S8). Soil moisture was generally positively correlated 
with signed ETdiff and negatively correlated with absolute 
ETdiff (Fig. 6). Thus, drier conditions tended to be associated 
with more negative and larger-magnitude ET errors, whereas 
wetter conditions were associated with errors closer to zero 
or more positive values. This pattern was strongest across 
both shallow and root-zone layers, with weaker correlations 
at greater depths, although PET-PT remained significantly re
lated to deep soil moisture up to 150 cm. In contrast, the abso
lute daily simulated ET (Fig. 6b) error was negatively 
correlated with soil moisture across nearly all depths and 
methods, indicating that ET simulations were less accurate 

Figure 5 Conditional contributions of meteorological predictors to 
daily ET error under irrigated and water-limited conditions. 
Contributions were quantified using a drop-one procedure applied to 
the selected mixed-effects attribution model within each 
water-supply regime. For each predictor, the model was refitted 
after removing that term, and the deterioration in model fit was 
expressed as ΔAIC relative to the full model. Larger ΔAIC values 
indicate greater conditional contribution to model support within 
the same fitted model, but do not establish causal importance. Panel 
A shows irrigated conditions, and panel B shows water-limited 
conditions.

Table 1 Fixed-effect estimates of the mixed-effects attribution model for daily simulated ET error (ETdiff) under water-limited and fully irrigated 
conditions.

Water supply Variable type Term Estimate 95% CI low 95% CI high Significance

Water-limited Intercept 0.82 0.40 1.24 <.05
Meteorological factors VPD −0.098 −0.22 0.02 .1086

Tmax_resid 0.048 0.04 0.06 <.05
Wind speed −0.14 −0.17 −0.12 <.05
DTR −0.0009 −0.01 0.01 \
Radiation −0.050 −0.06 −0.04 <.05
Precipitation 0.022 0.01 0.04 <.05

ET method ETo −0.11 −0.20 −0.02 <.1
PET-PT −0.16 −0.25 −0.07 <.05

Phenological stages Early. veg 0.091 −0.01 0.19 <.1
Senescence 0.34 0.20 0.49 <.05

Full irrigation Intercept 1.90 1.49 2.32 <.05
Meteorological factors VPD −0.56 −0.69 −0.44 <.05

Tmax_resid 0.098 0.08 0.11 <.05
Wind speed −0.22 −0.25 −0.19 <.05
DTR 0.0040 −0.01 0.02 \
Radiation −0.059 −0.07 −0.05 <.05
Precipitation 0.029 0.02 0.04 <.05

ET method ETo −0.23 −0.34 −0.11 <.05
PET-PT −0.45 −0.57 −0.34 <.05

Phenological stages Early.veg 0.17 0.05 0.29 <.05
Senescence −0.53 −0.71 −0.36 <.05
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under drier soil conditions and more stable under wetter soil 
conditions. These negative correlations were strongest for 
PET-PT and were most pronounced in the root-zone layers, 
suggesting that plant-available water, rather than surface wet
ness alone, may be an associated factor with ET model per
formance. These results therefore indicate that soil moisture 
was associated with both the direction and magnitude of ET 
simulation error, with root-zone moisture emerging as the 
most important index. Soil water was then grouped by depth 
into shallow (10–30 cm), root-zone (50–90 cm), and deep 
(over 1 m) layers in subsequent analyses because these layers 
represent different hydrological and physiological controls on 
ET.

Further analyses examined whether the daily simulated ET 
errors were directly associated with the daily soil–moisture 
simulation error. Across most soil layers and ET-demand ap
proaches, correlations between ET and SM simulation errors 
were very weak and statistically non-significant 
(Supplementary Table S5). Only the PET-other approach 
showed significant relationships in the shallow and root-zone 

layers, but these associations were modest and changed sign 
across depths. Overall, these results suggest that daily simu
lated ET errors may not be simply a direct propagation of co
incident SM simulation errors. The subsequent analyses 
therefore focused on observed soil moisture as a hydrological 
state variable affecting daily simulated ET error, rather than 
on SM simulation error itself.

To quantify the contribution of SM to daily simulated ET er
rors, the selected climatic factors model was compared for a 
water-limited environment from our previous analysis— 
namely, the model shown in Equation 10—as the baseline 
model. The baseline model was then compared with corre
sponding models that additionally included SM terms at differ
ent depths and SM effects were evaluated among the three 
ET-demand approaches (Fig. 7A, B).

Overall, adding observed SM improved model fit relative to 
the climatic-only baseline, but the magnitude of improvement 
differed by depth. Among the single-factor SM models, root- 
zone SM provided the largest improvement, reducing AIC 
the most compared with the baseline model, whereas shallow 
SM produced a smaller improvement and deep SM added com
paratively little support (Fig. 7A). These comparisons indi
cate that daily ET error was more closely associated with 
water availability in the principal rooting zone than with 
surface wetness or deeper subsurface storage alone.

The inset of Fig. 7A shows the drop-one analysis for the over
all model and further supports a larger conditional contribu
tion from root-zone SM. The F-values ranked as root-zone 
SM > shallow SM > deep SM, indicating that omission of root- 
zone SM caused the largest reduction in explanatory power 
among the tested layers. The association between observed 
SM and ETdiff also differed among ET-demand approaches 
(Fig. 7A, B). The root-zone SM × ET-demand approach term 
produced the largest improvement in model fit, followed by 
the shallow SM interaction, whereas the deep-SM interaction 
added little support. Method-specific comparisons showed 
that adding shallow and root-zone SM produced the largest 
AIC reductions for PET-PT, more moderate reductions for 
ETo, and smaller improvements for PET-other. These patterns 
indicate that observed SM was associated with daily simulated 
ET error to different degrees across ET-demand approach 
classes. Because the classes also differ in canopy, soil–water 
balance, and stress parameterization, these contrasts describe 
differences among broad model groups and do not isolate the 
representation of soil water itself.

VPD interactions with soil–water status were further inves
tigated by comparing the baseline model with models includ
ing the main effect of SM and the VPD × SM interaction 
(Fig. 8A, B). Adding root-zone SM improved model fit relative 
to the baseline (AIC: 741.77–719.61), and inclusion of the VPD 
× root-zone SM interaction further reduced AIC to 708.67. In 
contrast, the VPD × shallow SM interaction produced almost 
no additional gain beyond the shallow-SM main-effect model 
(AIC: 730.30–729.93).

The negative interaction indicates that the association be
tween VPD and daily simulated ET error depended on root- 
zone soil moisture. Under drier root-zone conditions, increas
ing VPD was associated with a stronger positive shift in ETdiff, 
whereas this association was weaker under wetter root-zone 

Figure 6 Correlations between soil moisture at different depths and 
daily simulated ET error (ETdiff) across ET methods. (A) Pearson 
correlation coefficients between SM and daily simulated ET error for 
different ET methods and soil depths. Positive values indicate that 
wetter soils are associated with more positive ET errors. (B) Pearson 
correlation coefficients between SM and the absolute ET simulation 
error. Negative values indicate that wetter soils are associated with 
smaller ET error magnitude. Asterisks denote statistical significance: 
P < 0.05 (*), P < 0.01 (**), and P < 0.001 (***).
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conditions. The response surface consequently showed the 
most positive predicted ET errors under the combination of 
high VPD and low root-zone soil moisture, while predicted er
rors were less positive or more negative under wetter root- 
zone conditions at comparable VPD (Fig. 8B).

Sensitivity analyses addressed reuse of the same soil– 
moisture measurement for multiple ET dates (Supplementary 

Fig. S2; Supplementary Table S8). Aggregating records by 
soil–moisture measurement date reduced the dataset from 
297 method-level records to 177 soil–moisture-date-by- 
method units, while retaining one ET date for each soil–moisture 
date yielded 59 independent date-level pairs, represented 
by 177 method-level records. Under both restrictions, several 
simple correlations moved towards zero. Nevertheless, root-zone 

Figure 7 Overall and method-specific contributions of soil moisture to ET model performance. (A) Model comparison based on ΔAIC for models 
including SM at different depths and SM × method interaction terms. ΔAIC values are shown relative to the best-performing model, such that 
lower values indicate better model performance. The inset shows F-values from drop-one tests on the overall mixed-effects model, obtained by 
removing each SM layer term in turn while retaining the remaining predictors. Larger F-values indicate a greater loss of explanatory power when 
that SM term is omitted, and thus a greater independent contribution of that SM layer to explaining ET simulation error. (B) Method-specific 
heatmap of model improvement, expressed as (AICbaseline − AICSM), for each combination of ET-demand approach and SM layer. Positive values 
indicate that including SM reduced AIC and improved model fit. Soil moisture layers were grouped into shallow, root-zone, and deep layers to 
distinguish near-surface wetness, plant-available water in the rooting zone, and deeper subsurface water storage, respectively.
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soil moisture remained positively associated with ETdiff and 
the VPD × root-zone soil–moisture interaction remained nega
tive. The soil–moisture results were therefore directionally 
consistent but only partially robust in magnitude.

4. Discussion
4.1 Regime-dependent meteorological 

attribution
The meteorological attribution of ET simulation errors dif
fered between the two water-supply subsets. Under fully irri
gated conditions, ET error was more clearly organized by 
atmospheric demand and aerodynamic forcing, with condi
tional contributions from wind speed, VPD, radiation, and 
the component of maximum temperature not linearly ex
plained by VPD (Nouri et al. 2022). This result indicates that 
with adequate soil water, model–observation mismatches 

become more directly associated with meteorological forcing 
(Kimball et al. 2023).

Our finding also helps explain why method separation be
came more evident under irrigation. Penman– 
Monteith-based methods explicitly represent aerodynamic ex
change and humidity effects (Pereira et al. 2015), whereas 
Priestley–Taylor relies on a fixed empirical coefficient and 
lacks direct sensitivity to wind speed and VPD (Su and Singh 
2023). Such structural differences are likely to be amplified 
on hot, dry, and windy days, when evaporative demand is 
large and ET becomes increasingly controlled by turbulent ex
change and advection (Chen et al. 2020, Su and Singh 2023). 
Under full or near-full water supply, these atmospheric con
trols can be expressed without strong soil water limitation, po
tentially exposing differences among formulations in their 
representation of aerodynamic forcing. As crop growth pro
gresses, increasing roughness and a larger transpiration frac
tion may further strengthen these controls, making ET 
estimates more sensitive to how formulations represent 
atmosphere-surface coupling (Ding et al. 2025). By contrast, 
under water-limited conditions, the conditional explanatory 
role of meteorological drivers was weaker and more selective, 
indicating that atmospheric forcing alone was insufficient to 
account for ET errors. This pattern is consistent with stronger 
buffering by soil and plant water limitations (Kimball et al. 
2023), but it may also reflect limitations in how current ET for
mulations and crop models represent the soil–plant–atmos
phere continuum (Zhao et al. 2022). In many models, the 
linkage between VPD and soil water stress is represented 
through empirical and often separable multiplicative stress 
functions, rather than through an explicit plant hydraulic 
pathway. As a result, models may generate compensating er
rors, for example, by underestimating ET sensitivity to atmos
pheric dryness while over-amplifying sensitivity to soil water 
deficit (Liu et al. 2020b). However, ET-demand classes were 
not isolated structural treatments: the models also differed in 
canopy development, soil–water balance, stress parameteriza
tion, and calibration. The observed contrasts therefore cannot 
be attributed exclusively to the ET-demand equation, and 
equifinality or compensating calibration effects may also con
tribute (Wallach et al. 2024). The stage-alignment sensitivity 
analysis broadly retained the method ordering during early 
vegetative growth and full canopy cover, but support for meth
od separation during full canopy cover was weaker and the or
dering during senescence was less stable. The stage-specific 
results should therefore be interpreted as broad developmen
tal patterns rather than precise or universal rankings.

This also implies that the apparent role of temperature can
not be interpreted straightforwardly, because heat and atmos
pheric dryness co-vary strongly (Lesk et al. 2022); we 
therefore next separated heat from VPD to test whether tem
perature exerts an independent influence on ET error.

The dominance of the lack-of-correlation component pro
vides an additional diagnosis of model performance. Lack of 
correlation accounted for approximately two-thirds to three- 
quarters of total MSE, indicating that the principal limitation 
was not only persistent mean bias but also an inability to re
produce the timing and relative day-to-day changes of ob
served ET. This temporal mismatch could arise from 

Figure 8 Interactive effects of VPD and soil moisture on ET 
simulation error in the water-limited no-rain subset. (A) Model 
comparison based on AIC for the baseline model, models including 
root-zone or shallow SM as main effects, and models including 
interaction terms between VPD and SM. The model with the VPD × 
root-zone SM interaction had the lowest AIC, indicating the 
strongest support among the tested formulations. (B) Predicted 
response surface of ET simulation error as a function of VPD and 
root-zone soil moisture, derived from the interaction model. Higher 
values indicate more positive predicted ET errors, whereas lower 
values indicate more negative errors.
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differences in simulated canopy development, soil–water de
pletion and rewetting, or the timing of responses to radiation, 
wind, temperature, and atmospheric dryness; observation un
certainty may also contribute. The decomposition itself cannot 
distinguish among these mechanisms, and the climatic, stage, 
and soil–moisture analyses should therefore be interpreted as 
identifying conditions associated with the temporal mismatch 
rather than uniquely attributing its cause (Sándor et al. 2023).

4.2 Separating residual maximum-temperature 
variability from atmospheric dryness

As temperature and VPD are tightly coupled, the apparent role 
of high temperature in ET error cannot be interpreted directly 
from raw temperature metrics alone (Kingston et al. 2009, 
Grossiord et al. 2020). By isolating the component of max
imum temperature not linearly explained by VPD, the results 
showed that residual maximum-temperature variability pro
vided additional conditional information in both water-supply 
subsets. Under irrigated conditions, residual maximum- 
temperature variability retained clear explanatory ability, in
dicating that ET error responded not only to vapour demand 
but also to thermal forcing not captured by VPD alone. By con
trast, under water-limited conditions, the component of max
imum temperature not linearly explained by VPD became 
weaker and less stable, suggesting that water limitation con
strained the extent to which additional heat could be trans
lated into evaporative response (Villegas et al. 2015, Ding 
et al. 2025). It is noted that Tmax,resid should not be interpreted 
as a direct measure of physiological heat stress: it removes 
only the linear component shared with VPD and may retain 
variation associated with radiation, boundary-layer develop
ment, nonlinear temperature–humidity relationships, or other 
unmeasured conditions.

However, the residual maximum–temperature association 
should not be interpreted categorically as evidence of an iso
lated heat effect, or as evidence that heat is unimportant in 
water-limited systems (Liu et al. 2020b). Under severe atmos
pheric demand, actual ET can still increase during dry and hot 
episodes, particularly where vegetation can access deeper water 
(Mankin et al. 2019) or where flash–drought conditions (Zhao 
et al. 2022) intensify evaporative demand faster than surface 
water constraints suppress it. The observed attribution pattern 
may therefore reflect both genuine hydrological constraints 
and limitations in the way models represent the interaction be
tween atmospheric demand and declining soil water. In other 
words, some models may dampen heat-driven ET responses 
too early (Liu et al. 2020b) by exaggerating the sensitivity of 
evaporation and transpiration to declining soil water.

This interpretation has broader methodological implica
tions. Studies that attribute ET variability or ET model error 
to temperature without separating it from VPD may conflate 
distinct but strongly coupled signals (Kingston et al. 2009), 
while models that treat atmospheric and soil water deficits 
as largely independent may misrepresent how heat is actually 
transmitted into surface fluxes (Novick et al. 2016). A more 
realistic interpretation is that independent heat effects become 
detectable mainly where water availability allows atmospher
ic forcing to be expressed (Yuan et al. 2025), but may also re- 
emerge in water-limited systems when deeper water access (Ju 

et al. 2026) sustains transpiration during hot dry spells 
(Webber et al. 2016). This motivates examining soil moisture, 
and particularly its vertical distribution, as an informative 
state variable (Garrigues et al. 2015) for explaining why simi
lar atmospheric conditions can be associated with different ET 
errors. Residuals from the daily mixed-effects models showed 
positive short-lag temporal autocorrelation, particularly 
under water-limited conditions, but aggregation into non- 
overlapping three-observation bins broadly retained the direc
tion of the fixed-effect estimates. The attribution results 
should therefore be interpreted primarily as directional and 
conditional associations rather than as precise daily-scale 
effects.

4.3 Soil moisture as an informative state variable 
in water-limited ET error

The weaker and less consistent meteorological attribution under 
water-limited conditions indicates that precipitation and atmos
pheric variables alone do not adequately characterize the water 
controls on ET error (Jung et al. 2010, Brutsaert 2017). 
Precipitation reflects forcing, but not the actual soil water 
available to sustain evaporation and transpiration (Jia et al. 
2021). By explicitly introducing observed soil moisture, the re
sults showed that ET errors in water-limited systems are more 
closely associated with hydrological state beyond rainfall 
alone, and that this association depended on soil depth. In 
the original analysis, root-zone moisture provided a stronger 
and more consistent explanation of ET error than deep soil 
moisture and generally more information than shallow-layer 
moisture, indicating that plant-accessible water was particu
larly relevant to model performance (Maxwell and Condon 
2016, Condon et al. 2020, Kimball et al. 2023). However, 
stricter matching sensitivities attenuated several simple corre
lations, so root-zone moisture should be interpreted as an in
formative hydrological state variable rather than the sole 
control on ET error.

This depth dependence is physically plausible and diagnos
tically important. Shallow soil moisture responds rapidly to in
dividual rainfall events and can capture short-lived pulses of 
surface evaporation, but its predictive value is also limited 
by how models represent near-surface hydraulic processes 
(Garrigues et al. 2015). In dryland and semi-arid systems, er
rors in simulating shallow evaporation may arise not only be
cause these pulses are transient but also because soil structure 
and near-surface hydraulic conductivity are poorly repre
sented (Ritchie et al. 2009, Fatichi et al. 2020), leading to 
biased partitioning between evaporation losses and downward 
water redistribution. Previous study (Saadi et al. 2022) 
showed that improving the representation of water transport 
through shrinkage cracks can improve simulated soil moisture 
in clay soils, illustrating how near-surface processes can affect 
the hydrological state available to ET calculations. Root-zone 
soil moisture, by contrast, integrates longer-term water avail
ability and is more directly linked to stomatal regulation 
(Bonan et al. 2014, Zhao et al. 2022), plant water status, and 
transpiration capacity. It therefore provides a plausible ex
planation for why similar atmospheric conditions can be asso
ciated with different ET errors under water-limited 
management.
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More fundamentally, soil water should not be viewed as just 
another factor added to meteorological attribution. It is a state 
variable that mediates whether and how atmospheric demand 
can be realized at the surface, and this mediation is physically 
transmitted through the soil–plant–atmosphere continuum 
(Jung et al. 2010, Liu et al. 2020a, Humphrey et al. 2021). 
Observed soil–water status should also be distinguished from 
simulated soil–moisture error: correlations between ET error 
and coincident soil–moisture simulation error were generally 
weak, whereas observed root-zone moisture added informa
tion to the ET-error model. Where crop models omit explicit 
plant and soil hydraulics and instead rely on empirical stress 
scalars, they risk producing compensating errors that over
state soil water limitation while suppressing ET sensitivity to 
VPD and heat (Liu et al. 2020b). This may be especially prob
lematic during hot, dry periods, when access to deeper soil 
water or groundwater can sustain transpiration and allow ET 
to increase despite surface drying. Although stricter treatment 
of repeated soil–moisture dates attenuated several bivariate 
correlations, the positive root-zone main effect and negative 
VPD × root-zone soil–moisture interaction were retained. 
Taken together, the results are consistent with water status fil
tering the association between atmospheric forcing and ET er
ror, while showing that the direction of the root-zone 
supply-demand interaction was more stable than the magni
tude of the simple correlations. Accurate representation of 
root-zone and deeper water status is therefore likely to be in
formative for diagnosing ET model error, but the present ana
lysis does not establish a single underlying physiological 
mechanism.

4.4 Limitations
We also acknowledge several limitations of this study. First, 
the analysis was based on only two experimental sites, which 
limits the extent to which the identified patterns can be gen
eralized across global wheat cropping systems. Site, water- 
supply regime, wheat type, and ET measurement method 
were not fully crossed: Avignon contributed water-limited 
wheat observations, whereas Bushland contributed winter- 
wheat observations under both water-limited and fully irri
gated conditions. The pooled regime comparison should 
therefore be interpreted as a descriptive contrast between 
the available datasets rather than as an experimentally iso
lated effect of irrigation. Second, ET observations differed 
in continuity, measurement approach and likely measure
ment uncertainty between sites. In particular, ET measure
ments at the Texas site were derived from weighing 
lysimeters and were therefore expected to have relatively 
small observational error, whereas ET observations at 
Avignon were themselves subject to greater uncertainty as
sociated with the measurement method. As a result, part of 
the apparent model–data mismatch, especially at Avignon, 
may reflect not only model error but also uncertainty in the 
observational reference. In addition, the soil–moisture 
matching procedure necessarily reduced sample size and re
lied on short-window assumptions in no-rain periods. Third, 
the analysis focused on broad ET-method classes rather than 
on full model structural disentanglement, so some error pat
terns may also reflect differences in canopy, soil and stress 

parameterizations beyond ET formulation itself. Moreover, 
the soil–moisture matching procedure reduced the effective 
sample size and relied on a common 5-day matching window 
during intervals without recorded precipitation or irrigation. 
The SM-date aggregation and one-ET-per-SM-date sensitiv
ities retained the principal root-zone and interaction direc
tions but weakened several correlations. Finally, the 
available observations did not allow a full diagnosis of deep
er root-water uptake, plant hydraulic regulation, aero
dynamic resistance, canopy temperature dynamics, or the 
partitioning of ET into soil evaporation and transpiration. 
Future work should therefore expand this framework 
to broader multi-site datasets, use harmonized ET and 
soil–moisture observations, and test ET formulations 
and soil–plant hydraulic processes more directly. Even 
with these limitations, our study provides clear evidence 
that ET simulation error cannot be interpreted independent
ly of hydrological regime, and that root-zone water was an 
informative state variable for understanding ET error in 
wheat system simulation.

5. Conclusion
Using a multi-model ensemble of wheat crop models grouped 
by ET-demand approach, changes in daily simulated ET error 
were investigated across water-limited and irrigated condi
tions. Absolute ET errors were larger under irrigated condi
tions, but the contrast was substantially attenuated after 
normalization by observed ET; larger absolute errors under ir
rigation arose primarily from an increased lack-of-correlation 
component rather than stronger systematic bias, pointing to 
greater day-to-day mismatch between simulations and obser
vations. Differences among ET-demand approaches and cli
matic factors tended to be more clearly expressed under 
irrigation, whereas under water-limited conditions, ET error 
was less well explained by meteorological forcing alone and 
more strongly linked to soil water status. Nevertheless, be
cause site, wheat type, measurement system, and water-supply 
regime were not fully crossed, these findings should not be ex
trapolated as evidence that all models perform uniformly 
worse under irrigation. Additional site-level evaluations 
across a broader range of environments and management con
ditions are needed to assess the generality of these patterns. 
Our finding implies that improving ET simulation in crop mod
els will require not only better aerodynamic and energy– 
balance formulations for irrigated systems, but also a more 
realistic representation of root-zone water availability and 
its coupling with plant responses in water-limited systems. 
Recent progress in land-surface modelling (Li et al. 2021, 
Yao et al. 2022, Umair et al. 2026) further suggests that in
corporating plant hydraulic traits and hydraulics-based stoma
tal regulation can improve the representation of water-stress 
effects on ET, offering a promising pathway for future refine
ment of ET processes in crop models.

Supplementary material
Supplementary material is available at in silico Plants online.
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